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Abstract: In order to detect the rolling bearing fault in advance and avoid the loss caused by unscheduled
maintenance of civil aero—engine, a fault early warning method is proposed in the present work. Feature engineering
is applied to bearing vibration signals, and its time and frequency domain features are extracted. The gradient boost-
ing decision tree (GBDT) algorithm is adopted to quantify the feature importance. On the basis of feature correlation
analysis, the kernel principal component analysis (KPCA) method is used to achieve feature fusion and principal
component extraction. Combining with GBDT algorithm again, the fault early warning model is established. The
cross—validation method is used to evaluate the generalization ability of the proposed model. The results show that the
generalization performance of the KPCA+GBDT model is significant. The F| score of the model is as high as 0.991,
and the area under the receiver operating characteristic (ROC) curve, area under curve is 0.998, which means this
model can be used to support the health management and maintenance decision—making work of civil aero—engine.
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R A% £ W5 53 BT (Kernel principal component analy-
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component analysis, PCA ) 516 (19 ek, 3l o 51 AR
P RS BRI K R R 4 2 ) B0 e S 2 i 4 AT B
FRAERIARE 0 AR R AL Ay I T 26 AR IR
o7 2 SR B S Al R P — O B TN TR RE R Y
W, A TH A 2 W 2% (Convolutional neural network,
CNN) . K - % # ic 72 (Long-short term memory,
LSTM ) ffi 25 %) 465 45 1 25 [0 24 235 /) R =5 11 At A B oy
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IR, R FH Ao 22 1) 6% figk p [ R o 2 96 2 04 R ik R
W ST AR Z R LABE B3 T SR B (Gradient
boosting decision tree, GBDT) iy fX 3% 1) 4 il % ) &
ES RN IFE IR A e A ST A R K R
WO ORE B AR A L B — 22 o A% 3 0 B i A
[FERN EDO B R : L B2 LA S o P N - ¢ 2
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e
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B B — 8 38 R (G IE A R 4 Ab P Y
Bl bR VR, B8 DD 4R B4 45 b B O 5%
FRAE , Hee T HLAS 4 2] BRI 1 B, 3 B RRAE AT DL
D b ) B 3 A TR AR SO 1 VR A IR A, DA v A A
X A LKA 7 s e
(1) B SRR 42 B

I 3l 4 AIE 2 A o il R R B 15 5 0 S ARAE L A
A i N SRR AR RD G A A B SOREAE PR . A = 2N
BF 3R AR 2 B O R Y B DU G i A R PR
B o Al AR B R A R B R sy, sy e s, ) (2 =
1,2, .., T), T 248 B A o 99 i B Re i 42 45 < 11
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Table 1 Dimensional time domain features

Feature Definition and representation
1 T
Mean x, = T 2 S,
t=1
T
Variance x, = Z (s, = xﬂ)2

1
Root mean square Yo = |7 z s
t=1
1
. 474
Kurtosis Curt :[? Z (s, = x,) 1/,
t=1
1< 39,3
Skewness xgk=[?2(‘5,‘_x) /=
t=1

Maximum value X, = max (s,)

Minimum value % = min(s,)

Range Cpp = s ™ X

1 T
Absolute mean Xabs = T 2‘ 31‘
t=1
1 &
. 2
Root mean square amplitude x, = (? 2 3,| )
e
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AE R ATT A=, PRI R T 2R A ] I ol 1, 75 2 4 B
{14 JC dik 2 IR 3 4 AR AL A - W AE D T e, KRR IR T
g, o B BE PR oy o U BE DR F oy M LT g, TR
T xg o #5012 40 IF BURF AR A 31 530 07 3 4 3¢ 2
B .

Table 2 Nondimensional time domain features

Feature Definition and representation

Crest factor X = X SV
Impulse factor Xy = X ax] X abs
i . _ 3
Skewness factor Xp = gl

. _ 4
Kurtosis factor Xy = X e

Clearance factor Xy = XX,

Waveform factor X = X, s/;ﬂh.\-
(2)  BUBCRR AE 4 HR

R 7 X UE S AT G AT A 3 T LR PR
{# B 725 4 (Fast Fourier transform, FFT) B it 5 5 54
o 2R, SAL AA FET 3% b 200 6 B A2 AL i e
I3 A1 R HIORE DR S AN () B = e 2 il Pk
i L AZ e 5, FRT 35 A A J IR S, fos s /) (0 =
1,2, ., N) &, X B3R 3 06 H R {prypas s pu}(n =

2, ..,N),%%%ﬁé@%;lbﬂ%ﬁ@%:Eib%ﬁﬁ%fﬂ_,ﬂﬂ
DT fysg o 997 BT S IR 2 frp S A 22
v BABUREFIE 01507 04 3 R

Table 3 Frequency domain features

Feature Definition and representation

N N
=( XS Xp,
n=1 n=1

Center of gravity frequency

N N
Mean square frequency Suse = ( anzp" ) 2 P
nel nel
Root mean square frequency Srwse = /Suse
N N
Variance of frequency 2 (f, - frr Pl 2 P
n=l
Standard deviation of frequency Jrve =\ fvr

2.2 KPCAFERMEAE
FRAE TR BT A5 4 v i 4 1E 25 5 1 B0 AR A 22 1] Y
LRVEAIE N T BRARERAE A B AT, B v R A (X 23 i

) AT iy ] 2 a0 B AT B A L X AR R M AR
VI VR A RRAE 1R AT TR B, KPCA Jy v & — Bl B 4
1B, B X PCA Jr ik i e, 51 AR o B3R 4k
MR G, 5 D G R A B S 2 R 4 2 ] B, AR AR R AN T
O3 I i Sy e AR A T 4y B S R PCA i i AT ek
Kk, DR, KPCA J5 ik RE 5 A A5 Ok BA 5L 1 B R 11E
JERE A U IR R AE v 28 S i AR X R BRI R
mr.

BB A7 TE M A FEAR I B0l 46 (%), 250 o 2} (0 =
1,2, .., M), x, € R* HFEARLE R ]y N, X i 4t 2 8] 44
%}:‘Lﬁﬂmﬁﬁt,{i,ﬁ\%ﬁ

—zgo(xi):o (1)

@ 2 R AT 2R 5 IE 25 0] ) B e, AR 2 RS ) F
R I 2 P IR SR R K, IR 5 D 28 L B € TR

! iq) (2)
7 2250 5 C YRR AEAE A FURRAE 0] 5 v 395 2
Cv = Av (3)

AR B
viveF), T A ¥ ik m &
o(x,), e, @(x)(i=1,2,.., M)1

TEAE A (A = 0), LA KT N 5 R AE ] 1
M R v HOSEOH fE
73 [A] o SR R AR

A5
o (x,)Cv = Ao (x,)v (4)
XA ) i v EAT LR R R
v=2a[qo(xi) (5)
i
1 M M
72“ 2 (x)p(x )][‘P(xj)q"(xi)]z
(6)
Aza o (x)0(x,)]
I A 2 1) 2 1 4 5 4 23 Ja] Y ) 28 e e 5 5 i
1% bR BN FR S TR S I, A E AT 4 2 R) AE 7 oR B0 R

k(x, ;) = @ (2:) (%), WFK 12 bR KO B bR, UL Y
AT MR ok B L 22 TSR R R i T AR T R A pR R
S AR SO I i A i A% R, R ik O

2

k(%) = exp (<y )% = 5,]|) (7)

A 2 By F T 4 A 1 22 R RO A T 1L
B G E LM x M 4ERFE K, s R ¥R
R R K BRI
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Co(x)0(x) - @(x)0(x,) o h s S yer 6
K=| L= &
e)e(x) o e(x)e(x) 24 EEMEEE
Ch(xnx) o h(xnx,) (8) BLAE 2 ) 10 A J2 i i 2 ) 0 25 KO0 | 4
: : TR AR SE B i TR 0 S
k(. %)) k(x,,%,) J1ad s, D& T AR IR A 0 R A P BT 2 i — MR
TSR 47 2 (6) T T 46 A BT EL A7 103 i P 772 5 B 2 4 )
Ke = Mhee (9)  ATBLG 5 HUM I A T A4 KR X A

MR 32 20 AT T+ A% S B 00 R (8 5 AR AE 1)
HE SR W P Oy 22 SR BE A 03 — Ak R AE 1) B ot (k =
1,2, o M), WIREZS x (505 kDR ME 0N

h, =vip(x) = iaikK(xi,x) (10)

BN = A, > L2 A, AR R R (R, TR R
SHTTIAR I E TN

imﬁ)\i >0.9
23 BHERARER (GBDT)HEEY
T FE H2 T+ P 56 4% ( Gradient boosting decision tree,
GBDT) j& —Fh 8 il 2% 2 Sk, wil ad 25kt K
AT — A 54 2 B AE L — 0 A S A T 4 IR
550 bR B 5% 2= LAk B aE T U ZRaE T L ok 2 59
R A AW IR A I S B Y k22, HLAK
SRR
(DE G-I A
fo(x) = argminZL(y,-,c)
¢ N & Fe /N T 431 a5 R B U
()RR m = 1,2, -, M
SEAREA G = 1,2, -, N, PR AR W52 A
___[aL<yuf<x»>}
) of (x,)
S () o 355 5 2 1 TR Ly, 9 RS
¥ 15 20 5% 22 (8 1F b BT RE AR B, B0
(o )oi = 1,2, e, NAE Sl T RRARE 9 U1 255 8 , 73 %
B AR £, (), FEXT R B i s XA R, L) =
1,2, <o, J J R AR ¢ i 755 A 550, 6 i X,
J= 12, LR REAE, A

(11)

(12)

(13)

Yjn = argmin Z L(yifo -1 (x)+ ) (14)
SRR S B A
S = fo )+ Xyulee Ry (1)

()3 B ) 4

A B — R BT R AR 2 2] BT, A T, AR A
Z A PERE AT VEA
(1) IRVBHEFE

DAk 7l B 12 W AT 55 S 401, AN O OG0 T A A
A Z /W2 W E R, BIURS HE SR P(Precision) , 67 %
KL ELOE Y M R AE A rp o A A AR T A, B A R R
(Recall) , R VA i P4 RE % 52 0 00 288 75 SR R 19 50 780 1 g
A

DN s ST TSR 17 R 2 2 N R e 3 |
525 AT A, 43R - BOE ] (True positive,,
TP) AR IE ] (False positive, FP) & i 4l (False nega-
tive, FN) . B 1 {5 ( True negative, TN) , LA I 4 F 41 &
o 0T A St AR L TR VB REL R A3 4 T o

Table 4 Confusion matrix

Predict
Truth
Positive Negative
Positive TP FN
Negative FP TN
TE SCRFHESR P AL MR Ry
TP
P= (17)
TP + FP
TP
R = (18)
TP + FN

EKE%%T,%%%H%FIQ}&(F, score) , Zi %
JEXTAE HE 2 P 5 H 1% R B B B, B A A 1 0
- EE 12

P (19)
P+ R
(2) ROCHZ I AUC

182 43 < 2 WA HBE 55y B 0 5 B 2 06 0 K 2
HCR T BB R & A N TR R ] BR
SR T B B R o BOVE D 1R RE R AL 0TI g
X AT 55 5 5K R AN [a] 190 /0 ) 4 o, 52 103 A e
P (Receiver operating characteristic, ROC) iy £ 2 M\
XA AR AL A RE A ) TR . H A2
H 1F & (True positive rate, TPR) , T2 R IE R
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(False positive rate, FPR) , 73 3 i€ XN
TP

TPR = (20)
TP + FN
FP
FPR = (21)
FP + TN

221 ROC 1 £, 75 #42 IR — 5 A0 K E AT, 0 B IX
L0, 14T 45 L 30 3 5 B BB AR TPR S
FPRAH , #5432 &% ROC il £k B4 O3 — 43 26 4% ROC
i A AT, DU AT I8 5 A 2 AL BE AL, O H ROC it
2 F T A2 (Area under curve, AUC) AT EH TR -

3 #R5iFie

T KPCA 5 GBDT i il 7K il i 12 W i 72 3 22
AE LT 5 R 56 B IR sl 5 5 R 4 AR IE TR
ESRRAE R G RO A A R 4y R R T A
HENT BRI PEAS I B LR . ST T SR O AR 0 AR
VR T I B 25 K s HLE T T A Sl R A9 3R B8
B, H S T R 2 iR .

BB R R S AN R I SR o R
SR 2 3 3R Y 1-0-1 32 # 07  H S0 IR BR
VR i XU 7R I 51 45 4, R 1 445 R 18 i VR BR O
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o R AMLE D e e B LA T R g e 4
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SRy 36 E T i S Tl R R R TUE 7 s 0 A RS0 L il
ok A5 L 50 R AR AL AR DL A Bl R O PR B TS Y
S FE R Sh R AT A R R s AL A
TR B R AR R B A T L AR R A
Ao SR 2 AL %S R 17300/min, {3 FH BG4l 2% 55 54 T
A, R K SR AR Bl 7R IR 2 {8 D 3% 42 2 8090 R
R4 HORAE TR S 6kHz, i 160 45 45 K 1 4 s o

6 2k PR A A AR AR 1320 20, P £ 5 A B
B | DA B o TR BRI 3 R B A, S T 4R T2
BTN g 5 B M X RE A S I AT 78, g ol e e A 5K
BEE 3 Fh A ] RS 1 BB (4 %5 o0 No.1,2,3) , 38928
HCREREAS  AMINIE B 2 A7 RS 23t 10Fh T .

KI5 HEHL T — 2o B ACRIEMAEA R T AW
TBLR b AR ) B R I

U -2 W) B =) 5 NP7 N i TR o D2 S
WR B 55 Lok A B S MR IEE TR
B, LR 317 A2 B4R 3 R 1 4 47 78 B AR K T 5 i i A
KT IRDF ST REHEA 2k R 3 2000 o s B
3, B B R G AT N B B SR R A

K FH GBDT 553k, FH i 482 B Ji 1 R AE |, 2 57
25 5 B T A A SRS [ R AE R, AT R
s R & 6 (a) Fr s o P oo A A Ry I 4 R AIE , D0
A bR R 7R TG i Y94 AIE HE L B 38 ) T GBDT A5 7 1y
I A PR SRR R SR m S A R R A
FEAA — b b B, 0 AN [] R AR 09 15 53 25 00 B DL 4
PRRRAE A 15 20 22 S B H A L R A
rhgl S SR B T B I AR AE R RS AR Ny 3 AT O [ AR

[ Train |

Train
[ | )
Acquire Feature Spli :
e ) . : it Build a fault Model
- vibration signal > engineeringand ——] dagiset diagnosis model evalﬁafion
via test bench feature fusion —
Test
L=

Fig.1 Flow chart of bearing fault diagnosis

1 Fan ball

bearing 2 Fan roller

: 3-1 HPC
bearing

ball bearing

bearing

4 HPT roller
bearing

5 LPT roller
bearing

Fig.2 Civil aviation engine rotor support scheme
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Fig. 3 Rolling parts of No.3-1 ball bearing

FE R BTk, B T RRAE T RRAE R A sbE . b
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BT 2E Sy, 7 25w, Y IR AR ) 8 B B HIORR B2 119 B 4k 5 3
TR ., BRI (H v, 7 MR (E v, BE 05 IR L AR 2
1 P Bl A8 o KN s O £ R £ AR T
FET 3% v 05007 00 00 0 3w, WL DR o UK T
PR F e, o M 25 o, S T 7 7 0 1A 5 7 2 3
B o T R 4 B R I b o R 3D s O B xRS
i 5 {5 5 0 AR B AN KRR JE

A 3 JE I R AE 4 BI85 28 6 B T, T SR A S [R] R
1] P9 A DG 2R B8O B, A O 2R BRI AN () R AIE 22 ] 4R 1 AH
O B 11 JC Sk 40 B i (E BRI 1, 0 B OE AH O M
SR (B2 3T - 1, 6 B 67 R DG 1 ki, LT R Ak = T
& 6(b) BT 7R « 5 40 FEAE Z [ A4 — A G PE, R T
FEAR R AE TUAY , 75 2R FH KPCA B3 S IR A R

ZoRAE TR S AR R BUOHE 4 4 SRR AR 1320 4%
FEAFEAE 214>, 2 T WA 48 R AL i e T 128 1) 2 4%
PRIEL P Y R 2 80 y=0.054, I A= iR BE K, B I R A%
JE B 04k 32 H Jacobi 3% AR 11 B A% B R A A K
X I P R AIE ] A 1] R AR S R R AR A R T HE
G, 2 A TT S REAE Y SR B Tk R AR TS 15 1
90% F 1t 5T Bk A, 2T RIS By E T, 1T GBDT
TR e A 36 B BT R R AR R R 2 B 3 JC Var 1R
Var_2, a] 15 =4 nf AL 25 S an & 7 i

Ree 4 ] Ak 45 SR R B R ) KPCA 7 4R L 39T
Jei AT T B0 26 30t RO 1) B SR L R AR Ji] X

53 BERER U W ABATS A7 A /INER 43 H S, 43 B Lt IR AT
il A T A A 2 o AR BT 380, SRR e e S & e, 3R
SR K 2 T 0T Y o

76 FRAE il KPCA SE36 AT R el & 5 0T
PEBEJG , PR IR 456 GBDT 43245 25 4 1 f 7R g i il 2 AL
R, SR FH 5 3158 S 3 52 B0 AL DA 45 R an 8
RS PR, B8 Rl o m BEARA B

KPCA+GBDT J5 X T AN [A] 2 AL A ) ROST ik i
1) A 7 I B X AT R A A2 W RO AT /N A R AR
12 Wi A7 7E (0] 8, FOOKS fE 32 7] 3K 0.995, 4 [l % 1] i
0.987, F, 43 B 0] ik 0.991, — J7 10 K 3iE 1 B 390 4% F T
T2 B A RO A B R B T KPCA 98 K A9 I 4k MR 1
filL A FINEET), I E AL A 2 S B R B T
R AT P RT3 45 1

Table 5 KPCA + GBDT generalization performance

evaluation

Working condition Precision P Recall R F, score
Normal operation 0.997 1.000 0.998
No.I outer race fault 1.000 0.978 0.989
No.l inner race fault 1.000 0.967 0.983
No.1 rolling parts fault 0.992 0.983 0.987
No.2 outer race fault 1.000 0.980 0.990
No.2 inner race fault 1.000 0.983 0.991
No.2 rolling parts fault 1.000 0.991 0.995
No.3 outer race fault 0.964 1.000 0.982
No.3 inner race fault 1.000 0.988 0.994
No.3 rolling parts fault 0.995 1.000 0.997
Avg 0.995 0.987 0.991

B A SC P il R B4 B EE 5 T R SRR (GBDT) 5 1%
5 H A E 0 4y 25 48 - 32 48 1915 (Logistic regression,,
LR), ¢ ﬁﬂl(Support vector machines, SVM) #47
TZARPEREXT L, 22 ] T R KPCA FRRAE fil 5 J7 V5 Wiy
JE B ROC HI 2R, IF 31506 B2 B9 ROC #T 26T  BRL, 45281

Speed

| sensor

regulator |:| Data acquisition equipment D— =
[ J . Computer
Acceleration
Speed transducer Ll T

[] /( Rotor shaft | |

f

| 7/

Test | \\
\ Coupling Bearing Balance L
Electric Removable plate Balance
1 1 )
moter bearing seat plate Eeoiggg

Fig. 4 Schematic diagram of vibration signal test platform
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Fig.5 Time and frequency domain signals of the tested bearing

Wz 6 FE 9 Frs . XF Lo Br 45 ST 50, R >R F KP-
CA HEATHRAF @l & /1, GBDT & vz ke E T4
W3 H R, AR B0 3K 0.980, XF I (9 AUC {8 4 0.997,

HHEEF A o 22 B B B O B XA 2R T AR R
52 7 R R B LG BE T 5 R KPCA J7 6 )5 ,SVC,
LR,GBDT 732K 4% (14 F, 73 8053 5l 42 T+ 2 0.979,0.822,
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