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Fault electrostatic recognition for bearings via SVM
optimizedby Bayesian optimization
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Abstract: Aiming at the problem of easy interference of electrostatic signal and low fault recognition rate when the new
electrostatic monitoring technology is applied to rolling bearing fault diagnosis, a method of electrostatic signal
recognition of rolling bearing fault based on the combination of Bayesian optimization SVM is proposed. First of all,
through the electrostatic simulation test platform constructed, the electrostatic signals of different wear states high
speed are collected, and the feature sets of different working conditions are selected according to the time-domain
feature parameters; and then the hyper-parameters of the minimum error of SVM are selected using Bayesian
optimization to achieve the effect of completing the diagnostic model training, and the diagnostic accuracy of the models
is evaluated with the results of the confusion matrix after training. The research results show that this method has
certain recognition ability for bearings with different fault characteristics under electrostatic monitoring, and the
Bayesian optimization algorithm can effectively improve the recognition efficiency, and its average recognition accuracy
can reach 98. 82%.
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Fig. 1 Principle of static electricity monitoring

A X VR Sl 7R S 8 DX 3 AT TR P A A O A e
A S e 1Ay SO THI RN LT B Q (T R AR R G /s I HL

o« 16

FAF e R UCD BN R GRS R 0. Shifr s
P m i Q(T) S KR UCT)451h Q(S) . UCS),
TAHEWREM LR
R-S-Q(S)
Ues) = ﬁ D
He R HERCEE;S N T W25 B AR C
LA, YE, B (5 5 WA R o] 553500 .

_rdQ
U =R = 2)

B KR E R SR E B MR GHB EE S UCT)
P FEL A% B SN T AR el B Q (1) W) — B S 85U IE Lk, R
SR A2 ) 1 HL HL R 7 X R B Tl R ) B R A UL Y
S
1.2 SVM ##!

SVM ZARIE G 2% B i @ L% 22 J B k. SVM
R R SRR M S m Z LR 2 R AR,
M S ) R AT o e S BN R AR K AT, 2
SVM G BBERINF .

F) = sign(ay.x, "z +0) (3

MREAREEEFEAREKMNT v, (w'e, +0) =1,
Al SVM 2 5558 A B L AT LS e B A% 1 RV AR T —
TEREAS B R B BRI, 78 SVM 43 J8ad A2 v 3 i
— AN A0 (D) FR  [RIEE 380 T 4850 C ke PR IEA il
JE ARSI REAR /MBI G s,

yo(w z, +b)+& =1 (D

1 , :
min (- || w I2+CDled (5)

AP CHENHFHE IHEARBRSEKE,

EEXTAE R M43 28 5% R BB E &, R A DT At e
SR 3] Vo A =S 1) AT 2 2 A BE L A DK £ SVM B R 5E
FARkk SVM BEAL, iR Mercer £5 1, H AR LR M 4% R
s B AT B I PRBBEAE M R B

SVM FE 3 2 T i 8 80 1 — Fh i o B3 T ek 5
PR PR i R

SVM LB T .

1) X A7 B T Wk R AR SR IR LA B R AE 40 5k BP0
PEAT AR AL B0 — b AL B, DL B R [E) R AE 22 a) 49 60
AT

2) M ERRRAE 25 (8] X6 T 8 M AN 1T 43 (9 5088 3 33 51 A%
BRI B BT e S ) A R AE 23 1) bl R S 4 s A A
LR ] 4y

3) FARE A M L X R SVM B AZ O B, 7EAE
fiEZS 8] o, SVML 9 B A 2 32 3] — 4~ 88 5 1 L £ 75 A [5) 25 51
AR A 2 0] 14 ) B s KAk o BE 05 7 200 455 AN TR) 28 01) 1 B AR
A3 TT 4 R AL (937 Ak BB 7, A A AR B R N B 11 4y 2%
BN AE



Zx-F KT BO AL SVM 4 KM 69 3 845 5 32 5] 7 ok

18

Bl 78 ST ) S8 SR A K A BE R T T SR 1Y)
FEA 5 0 0 5 B T T OB T T R RO S
5=

5) IR B H o AR A S A B B2 &I 2R
19 SVM A RE r, THR00 R A B i A0 8 ST 187 109 B B, AR B
AR A 3] 8 S THT 174 8 190 4 ke S B LI ), DT S 426
1.3 M HEr L st SVM

1E SVM I Zhid R v BEXE AN 1 SVM R i 28308 7
ANTF] SVM BERL 1 % R K0 5 510 7 R sR B IR S 8, X
BB RN RIS 3 2 > SVM Y 4 2888 1, T 2R ILA
& B SR AT ) B . DU A SR AR — R A 3 N A
I SRS 3 T R S 2 Tl T A Y 45 3
o MR RIS R A2 o B D 0T O AR B 1 A
DA TR SVM S5 4, Hoh it B T .

f(x) ~GPLlm(x) k(x,a’)] (6)
Kb:m () = E(F ) IERBRERREA £ B
P

ka2 =E{[f@)—m@] [f&D)—m&D]} N

HC P A A A R T A R 1 SO TN S ] s B s R A
I S B R 7 28R R D L 2 (B RN 5 22 ok 7 H AR SR 4R
BRI EE T by B b R A AL E 45 & 61
K 372038 I UF 75 #F — 2D 48 d BB PR Al i vEAfR B . K 47X
ZE X7 % U SRR R TR AR w8 v SN R B AL AT Bk ik X
I3 H K AR B ST B T B — A Y T A 2 AR
WA B K —1 TR GRS SR B, m] DL 7 4y
) A B A7 455 B I 5 AT A, 2 8 455 2 19 32 Ak BB
KRG 8 K —1 DU U E SR 2T K D TEW
MR NSRRI 43 o BRI 4 LIRS BAAH [R] , &
K Wk S KRBT 45 3 0 3, 38 3 020 B 7Y 52 22

DU S A SR L A s R AN R

1) WA BIAE T P F C FIAZ pR B2 o1 v 1R 8 K RV
WBEPLHESE n, BTG RS A AR JE A K 37232 B IEAS
2 SR A AT B A ok R B AR R £ RN, FRE
T 3 B4 G SR 4 A B S 1) H A bR B KN 4 — A
= W id 2 (Gaussian Process)fCERAE AL, IE L H #5850 £
PR 53 A1 K B0 R 1) 2R B 5 B FG s o A0 I A AE SR B
MES M

2) 38 2o DU 307 00 £ 580 vk v i R A ORI B, DU 229 L Y
HOH0E — AR AL 2, s XA SRR PR T 4 AU
BEAY ) S5 B 43 A o B AE 4R B Bch T RE B F H 5 6 B (E 1l 2
EICONEISE L ERNEP=IN I CIOR

DK o, M) INABIE A M, 3 o 3 i 28
A TR, LIRS FEXT H A A 240 1 1
PGB

4 1t 5 L IR 1 3% AR A i A A 5 0k 1 45 TR bR

T o B IR AR UBOR B3 1 UCR . 2 157 LR 500k L OF i i A
VARV N

2 HEDHETEE
BT DU AR B SVMBER R B 1L An ] 2 B

AT RE

A

%%fﬁl%&bﬁi

PRI S LS S H AR
My AR SR

DIt E}%ﬁ

Yy

SVM Z¥ 34k

R IEF| A LA

SVMARAABE R
B2 BT DU ik SVM R 2 Wi s

Fig.2 SVM fault diagnosis model based on Bayesian optimization
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