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A new fault diagnosis method for multistage gearbox based on GAPSO-SVM
YANG Xiufang, HE Yapeng, XU Yuda, SHAO Wei
(Faculty of Mechanical and Precision Instrument Engineering, Xi’an University of Technology, Xi’an 710048, China)
Abstract: Multistage gearbox is an important part in mechanical transmission. Aiming at the
problem of state recognition during operation, a new intelligent evaluation method based on the
wavelet packet decomposition energy spectrum feature extraction and support vector machine
(SVM) is researched and proposed. The wavelet packet decomposition algorithm is used to de-
compose the vibration signal, with the energy spectrum of the time-frequency signal extracted to
construct multistage gearbox state feature set. In view of the difficulty in selecting the factor C
and Gaussian kernel parameter g of SVM, genetic algorithm-particle swarm optimization (GAP-
SO), which combines genetic algorithm (GA) and particle swarm optimization (PSO), optimizes
SVM parameters. GAPSO has both the global search performance of GA and the fast convergence
of PSO. The optimized SVM algorithm is applied to fault diagnosis of multi-stage gearbox. The
results show that the fault identification accuracy of GAPSO-SVM model is 98. 55%. The accura-
cy is higher than that by the basic SVM, PSO-SVM and BP neural network, and has strong gen-
eralization ability. This method is more suitable for fault diagnosis of multistage gearbox.
Key words: fault diagnosis; time-frequency energy spectrum; genetic algorithm-particle swarm

optimization; support vector machine

Bl 2 2 AR R 1F 3) REl & ., HFm il
(support vector machine, SVM) J& AT & Bell 3£ %
Z 1Y Vapnik £ 15 5955 43 26 A 8] 9 o) &1 28 # ]
e BRL e @S EG T T HE W VO gL
025 48 XL B 7 R B (structural risk minimization

KB 2022-03-08; MEHKM B 2022-09-14

principle, SRMD B4l I i 28 X 28 183 70 2 L T 22 0
XU B /> J5L B2 Cempirical risk minimization princi-
ple , ERM) , iX 25 3 BUpl 28 1 25 27 > 1y 3k 40 & o) 2L
P A — J2& BRI GR A AR B0 T I8 95 K, T S5 P ke
ARBAFETHY, RN A S B R R

M 4 H AR 4k : https://kns. enki. net/kems/detail/61. 1294, n. 20220913, 1634. 014. html
HE&WB: IFEARP ARSI H (51775433) ;B 78 4 F S 0F & R 9 B3 H (2021GY-260)
BEMESE: BEIT . 0L REER R ES SN EIZH . E-mail: yx[5078@ xaut. edu. cn



520 P22 P TR 22 4R (2022) 45 38 45 4

BEREABIIE DL T 28 90 XURS: B/ JF AN BE i A2 1) 22 X
W e /N BESR . AR 1) B AL SVML 3 F f K (0] i
ST RK]  Mercer 8% B A% RIS o AR B4
M, A Rz ALRE TT, BB iR e /MRS (R 6
P i A R ), AR AR R B B S IR
SN R AT Y 101 S A0 AN A ) R

TEHUACIR S W A R S 2 Wy Oy T, B T2
BIH AR E MR H . SVM G 2N, £—
MG 450 JE /N DAL TR A R AR AR 2 SVML X B8
HILIR A il 7 HE A7 0 B 12 B, BRUAS T LB 4 SVML T
TP i 25 S, B 2R AT X R IR S 5 S AT T Hil-
bert-Huang 22 4 , $2 U5 = fE & FRAE I 25 SVM A
AL ISR SVM B 53 288 TR ] 45 X il B 45 5 i
P T2 MBZEAR S R S 5 5 R 7 4 i 8 0 B
47 f# (ensemble empirical mode decomposition,
EEMD) . 2t EEMD {5 5 i 14 £ Y1l 25 B A R )
FEAS T BE AR AE 4R L VI 2k SVM IR 3 il 4 B e B ks 12
W o 2SN 2% A5 R R B O A AN REAR I B R
AE THE Al 031 R e s 229 A0 A 50 o ik SR 53 o A
Wae . HEREY A SVM 280k 57 1 L R
4% B3 (genetic algorithm, GA) XF SVM [y 4&
T C MR S8 g AT 48 SVM 1
e PUREAY 26 I o SR IR 4 K R Re 4 4 R g b ol
R 55 7 o i 0 B BRI 2R Y, 45 R W] GA-
SVM X 8512 W7 1k 1) 05 e 4 1 . I e B AR
12 L1 %6 4 Sl AR B2 W i F 58 b, ] GA 57
AL 7 SVM BRI S 4, 45 R R BT, SR 1 AL HIL
2 Pl R I ) TR A R R B B B AR R X 2 )
WAL S R GRS & W BRI Wb, 38 o U B A
FRAE A4 B I 25 PSO-SVM £ RE 12 i Y, 25 S 3%
B Z ARSI T o S DR A A A [ i e 2 B A AR
il . ERAS AR AR TR sl RS BE 2 W b, 3R A oy
#r (principal component analysis, PCA) J5 8%t 8 4 (1)
Jir G A5 H EAT [ 2 A B, FH R A I i AR B ST SVM
IrRBERL, S5 2R R W], 5L B PCA-SVM A5 A 73 283
ST, B TR TR SN Rl R 4 25 iR
SR 5 e A Ay B Sl R S s %) R A 4 R RO 7
SRR SVM BT I T C R s B S B g U 25
SVM, i 2 58 3 iF 3R B 0 38 Ny FE X 1 1) C g s
LI EE R PUNREA M IEM A U Bt . Dk
(1) SVM Al AR Sa 5 7 i [ 12 W Al s 1R 31 vh #5001
FEARN) SVM,H PSO LA 58 2 477 B A SR B8R 1) XL
W s GA AL S A AE S ORI TS I Bl

A SC L 22 G0 U 0 AR R SE B 6 A F SRR 4 L R
JH SVM 53264 . 51 A T 2 DR B 8 1 (genetic

algorithm-particle swarm optimization, GAPSO),
X SVM S AT LA 5 7 — Fb 3 T/ B AL 4y
fif% R 2L 457 0F $5 RO R DXL B S RE ] B L (GAP-
SO-SVM) AR AR GIARES 5 1R BE S Wi A, Se B T
SO0 A R Y 22 A e A R S B U

1 EigHth

1.1 /MNEGREHFERK

WRARNME TR EEFEEM THGERS. K
WA FE AT, 2R T 00 & A A Ak, 72 B 3845 5
FE I WA RN K A AR A R AE 9 R R o A kAR AR
A FEATE b, AN [R) A8 238 1 R o 0 A 23 & AR AR I Y
A4k, [ B A BE o R AR AR AL . B R EIG A
P S5 5 HAT B AL A AR 52, 26 X 6 A5 5
ATHREIE SRR B PE G H AR AR . A SR /N A 41
fif SR AT 5 0 F AE AN [R) B4 00 B, 42 IOy 15 5 1
e A R S TR AR A .

IV ALy i B Mallat B35 R .

d (By= D hyud, (D)

(D
[d?'ﬁ‘ﬁ (B)= Digirond (1)
!

X d) (D) FRES STESE 2 M/N AR
AL R LR A TAs W E N
BB hio v gro AHERSE ) BRI, H1 )2
) 0 il R
AN AR S B RE SR
E = > |ldrD]| (2

1.2 PSO# GA ERFEE
WRARIGES TS EFEMRERFE.
PSO iy BRI T X5 & B 2 AT o, STE |
AR AR A SR E Y i R AR Y S 2
) e AR B T3 )l A sk A Oy R B R R B A B
B X e — AR e A UL A O ik . G SR R RE D
BAMEE B —A D 4k28 8] R+ (UL 5D B
AL AR A A FIURE A% 114 S5 A2 005 17 B TR A AT
PEEEMAE, BN NERERN x, = (v hxn s
cesxip) s HZ T Y B AR 0 IS B H 1D Ok pbest, =
(Pivspiostespin) s BERZ 7 33 09 B IF 38 W (H id R
gbest = (g .gzso0agp) o R HEER v = (v, 2vs
up) SRR AL AR | A5 @ A HERERL TR
BT A 7 X (D A (O 5
ol = woly' e (pu — 2D e (gu — 2D
(3)

Bkl k
Ty = Xy T v 4



7555 4% LT GAPSO-SVM I 2 % 1 56 46 B I8 12 67 5 7 i 521

K s BN HEALE ;d = 1,2+, D {0 BRI EE Y A
KNG = 1,20, N3k R 2515 AHEAREL 0, L
FHE 50 M oy A S K s B, PR BERL R EL, B
HAECO. 1D FEEAC TR hobL B o7 5 R 2 PR ]
B, AR AR P 2y o o IR RERE 30
S 8 R 0 XA L RS e 0 R AR

ASCHIF] PSO M GA Bk T4k SVM H iy
HSE Cog, BIF () @ H U 5 2 JEF4ER
e C M g.d = 1.2, FRPYE, 25 e BB
20, WRER—A 20 A~ CFl g, [P i = 1,2---20,

GA LT AR v AR W 1 35t 4% ML B8 At A HL
il e — R e R A SN R A N4
Je [ R O R T L E . GA JEAR R
MR,

D) BE GA FhEERLRL 58 SURE R AAE S %

2) B E AR AR 0 B R, B AL pR 2 A
B AR

3) TFEEARE B B A0 A D e B T —
B, AN RRE & gL B R — R, B DR BT
S s BT A% A 1 38 N B L 3 I B R 1A IR
L BT — LR,

4) FEPRAE S, W8 I A A AT R 6T
2 SURE R

i = ari + A —a) !
il = a4+ (1 —a)x!

Lo WHEUETLEI N 0~1; o o 2 B
T it FE A W ANA

5) AR, K EARWEB (A
A ] AT AR S A0 R BT 2 A R AT A SRR AR, AR
S A % 5E R PR EUAE 0,000 1~0. 1,48 2ty
,- xi +rand * (A,.. — x)) srandom(0,1) = 0
He xi —rand * (2! + A,) srandom(0,1) = 1

(6)

L rand EBEVLE, HETE (0,1) ;random /R 0
o 1. MR C6) hrT LLE H, A8 5 05 A AT 7
(A s Avac ] o
1.3 GAPSO &3k

PSO k48 F 8 B2 PR B X Ak 2 22 6 48 AT 55
i 5 B A SR B dse T 3 R 8. GA B 4 sy
KA1 AHAALL PSO Sk SR BE1E . Fif L GAP-
SO XJ A~ FF 58 i 77 1, [ B R PSO Bk f1 GA
FOHTRLF #F, GA B2 B 4E L 3¢ SCHRAE A AR S 4
o 3G T b AR 0 2 vk A 2 R L R S 4 R i
FEBA AR #8540, PSO B2 bl Sk i . 53 4b,
£ GA BB R EER R T e A A DR AE 5 Skt

5

AR I IE N B R AT B R BN B SCHE T 3 ] B
ATAEC AR RSN 38 XA S #4E, E A5 3 1
AR F AR R R ACARIE IO B S T A A DL R AT T
TR FHARE ., GAPSO B iLFEILA 1.

| misteca, psozy |

R TR EERIAA AL

A BRI
ittt ] gy AR

AR A

KL g

KRR FERIGL
TX . 7‘*\‘2;'5“ 3
e HL
A RENE| (BB
AR
Lokt

K1 GAPSO %372
Fig. 1 GAPSO algorithm flow
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