W52k HoW moR E T Ok R Rk Vol. 52 No.9
2020494 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY Sep. 2020

DOI.10.11918/201901221
= {= /= O B3 A\ I =Ry, o
EIR{E S ELS 1D-CNN B KB B LI 2 8 77 i%

RPBF, Tm HEH, AR, ]
(AL R A ST TR, Wk (552 071003; 2. Hdbr e #fl 5L TR, Wit £ 071003)

W OE: AMALEANETASETEANRED I EHEL G HEE R ZWEAA BRE-—FFRETRE -EER
WEME(ID-CNN) K BB W H k. E A REFNEGERALREFERGMARTEREE KW FFE SN
FIRK (7~20 kHz) , EAEAREE 5 (7 kHz W) BRI E R BN B AINRARAEELE. BEXEZRKRALERENE L
PATE S ABEY A, KB ID-CNN Y| 4 fr & K E30E. & B {3 AN ID-CNN SFATE 3 N4, KA B#HAMEE -1
(local response normalization, LRN) F0 4% i % & 48 % M B # 1D-CNN £ R 45 4 | A 2 ver AL IE 92 3 B T 90 0 30 x4 2 3 AL 5 w7 vk
BHWE . PEREN . FRETHRAOMNERHENELIED I SR D I EHERE T 97.75%, 2 W H 1, 54 4%
Hy L B AL EC D W R AR AR B

K@ Wl B IREC A ID-CNN; A& = B3 & s B p Wz Lk

FESES: TM32 XHEFRERD ., A XERE . 0367-6234(2020)09-0116-07

Fault diagnosis method for large motor based on sound-vibration
signal combined with 1D-CNN
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Abstract; To deal with the problems of low accuracy and poor generalization ability of high-power motor fault
diagnosis in complex operation environment, a fault diagnosis method based on sound-vibration signal combined
with one-dimensional convolutional neural network (1D-CNN) was proposed. First, a collected sound signal was
denoised by the combination of background noise database and sparse representation. Next, the sound signal was
filtered by band-pass filter (7-20 kHz) , and low frequency vibration signal (within 7 kHz) was superimposed to
form more complete motor state representation information in frequency band. Then, the information after filtering
and purification was expanded by overlapping data to obtain a large amount of data required for 1D-CNN training.
Finally, data samples were input into 1D-CNN for learning and training. Local response normalization (LRN) and
kernel function decorrelation were used to improve the structure of 1D-CNN model, which reduced the impact of
positive and negative half-cycle fluctuations of pumping unit on motor diagnostic accuracy. Diagnostic results show
that the overall diagnostic accuracy of CNN fault diagnosis reached 97.75% based on combined sound and vibration
signal analysis, and the generalization ability was good. Compared with traditional motor fault diagnosis methods,
the proposed method had obvious advantages.

Keywords: motor; sound-vibration joint; 1D-CNN; sparse representation; data expansion; fault diagnosis;

generalization ability

HLBIHLAY ] SR A TR iR R LI W AR
St SR P AL T SIS R R, N2 = A ALK

B ERH SR AR 23 5/, X it S LA AR
WA AR AT AR R A SR B 5512 Wr B Lk

BRI B ACRAMAL T BRIk = AH Fp HLEK B R 2
PR AR T B R R, X FEEAT HER ik B 12
WS Pr b SR TR, H Sl ATLALRR e e =R B A Bl R
Dt L DEL L I A o PR VR B S Y
W58 K 2 46 e R HLIR 3 15 5 R 5 LA
S T RIS T W T T S

WFmEH: 2019-01-28
TEE BN, B4 (1968—) , 53, #U% il A= i
BIEEE . &, shutaozhao@ 163.com

W75 3 BT BT R0, S PP 38 R L F O i i
IR AR5 (AL AR 23 & J7 S W {5
A R L TR A Sy AR A A
T AR, IR AT B, ELE £ R Bl R LR 3 ]
A, AT LA RO A IR 3l 2 TS A I 32 42 1] R A
A R A RO GR. IR R IRAE T G E AN
REBRTT i FIHARR AU AR R W 3, 2o Rl
S LA T RS W HA T A (.
V2B WG T R IRIR G 7 2 8 T W A%



59 1

WA, M. FHIR(ES A ID-CNN 2 B HL B 12 7 5 1 <117 -

IBAPIRAS, SCHER[ 5 ] XA IR1F 5 AT i R & & 5
BT i, XT3 A I [ A BEAS PR (IMF ) SR — 4
TR MR ) S A T2 Wy, SCRk[ 6 ] AT B
BV LR BRSSP AR S AT 0 oK
ICIMF 435 1Y e 5 2250 AR L 2 3805 1 O Ry
TR T R 2 W, SCHR[ 7 ] % 75 iR A5 5 217 )
FRIE i, SR JG AT PF 43 SR G ARV Sy 7 1E
A TIORIZ W, L3R 5 10T DB I 21 15 12 W B
1537 —EROR AR T8 5 4R 15 5 W 3 AT DL
IR, R T S DL 7S IR 15 5 22 5 Mk B AR
TES A M I T AL 8 5 3R 52, T 2 45 S R 1R
SR G LA T A B2 W A PR

FIRAGES 57 W1 A Fourier 284 /N A2 46t | EMD
S LMD G fife 55 | HRR AR 48 30O 3 B AKRE N T3
PERIL R SRR AR 33 M g 5 )
T R A Y T R 5 YL e PR AE S
LR Gl W A S A HEA T MO 53 2% FEAC s A2 3
sy e A A X AN W X AR A (5 6 R0 ik A T o
W% ISR KR BRIz A RE S22 B R
= 2] B N T R R, 45 B 28 I 2% (convolutional
neural network , CNN) 75 FIZ P51 | i 5% 15 1) 45 40 4
93077 Z W FH. CNN AR by HiUmd g R B 2 2] Bk
BRI R 2= 2 RE T, Fak I VRS G5 47 3
P, B R0 A 22 2 MR T AL BERE T AEDLAR I &
A IS W B — 0 SCEk [ 12740
LI LA 5 51T CNN [ EBR 2 B, SCHk[ 13 ] %)
WRRIMGE S AT TH)Z B, SCHR [ 14 ] X IR 3I1ME
ST EEMD 3, SR J5 8 3 R A A 4. iR
FERTHUO I W U T — i ROR (B = XHE 5
PRAfAb I AR UGS B 4%, B N T T3, H
2 BIREAS BRI 1 PR 3 Bl B R 0 T R AN e IR
A CNN [ 3 22 2 Far 2 e 1 iRk

1 KA &AL HE D R

BEXHE A ACRAMALEC & A9 QR =AM R Bl , A
SCHE IR BB AT A AR SIS SRR A FB L
e, 3z FHIE DAL PR B2 ML R Bl A A
A CNN A7 BB R0 58 7 vk R R an i 1
B

KA A T EF A 8GH % W55, A SR SR
IR B P AR P T E R W B LIS AT {5 5 B B
ARV A5 5 IR ) AT B SR A AR AR, 12 W e Y
S P BT R RS R A X I S e
Frab 3.

L PLIE R Ik sl 28 LN E Rz 3, R T R3h
A 2 J7 A5 BT Sy 78 (R — 0

RPUESA BOFRNT7 MU ) 5 R IRTIR
S5 AR AN R = R ML A R B A R R
R, DRI 3 22 (] 5 5 A5 X 3R Bl A7 0 s B A
.

- i

b2 5

PRSI AR

v

LGS

v

—4E CNN Bk

v

Hh LA R

E1 EHisHiRE
Fig.1 Motor diagnosis flow

F s R IRAE S e — e X kR R
552 (AT B A S 1 1 B Bk IR, PR B B 2
H 1D-CNN s 854 , 5o R H— 4546 B ph 22 N 2%
X PRGBS Wr. SEERAR SCHR O e 6
B AE T RAG S AWM W BN R DL

CNN i ABHEY RS W Ak 72,

2 ERBEEHLAELAE

ORI I IR A5 5 AT R A, B e
ST S MR T D R AR M | ) R R 25 BR R
HAG T IR AR | PR IR 2 A 35 A8 HLIE A 1 46
T BT B AR ], 4 2 1 b A AR 2580 o
FL ML B 12 T HE A SR 10 2 R B0 T ikt
21 BEREEBREBRRTER

SRAMPLTAEBL e 0 FT 8P IR RLA
TE P AR TR A2 B LR B el A
SR G R HUGS 1T IR R X S R AR
AT WU AE E SR b 55 1 Al i $A S AR A
{55 PEATRUTT B it A A I 53 A 4 s, P Mel
{E3% 2B MFCC ) FRBUBIRAE B, , 2B 515 5 4%
fiE, B Ji >R T Sh S ) JL A A FARAR DT I ( DTW ) 25
BRABAR e 7

EEXHI A B A MRS (5 e HE R & 1 B LS 5 1
5 MR AR T2 A TE A R IE 22 5 W A L 56 2
R —AEE IS LT BB R,
AT X K- 75 583 (K-SVD) BRI EE T/
BRI A I Gh e i | 75 3 R R )5 (9 15 5. K-SVD
VIZRRERS A S N[5 544, 3 FH o JE 744 22 0T



St

- 118 - ®oR T

NN 5552 %

RTHSRIE PR O u g o AR S R Y IE S T LB
EE(OMP) Bk BE£E R 7 HEA T B SE 3T, 35 51 50 Ik
ARG AR, JRIR T 5 ( SBRASEAR ME 7 ) Dl 22 AR AT
A5 5 T S B 22 M 1) AR SO B il X R it
Y2-280M-8 B S HLAY & 15 5 E AT LR (E S Ak
PR WA 2 .

5
=)
=
@ 0
=
_5 L 1 1 X ]
0.05 0.10 ~ 0.15 0.20 0.25
A
(a) M
5
=]
&0
I
-5 L . . . ]
0.05 0.10  0.15 0.20 0.25
A ) /s
(b) M5
B2 XBRIENESFESIT

Fig.2 Comparison of sound signal before and after denoising
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Fig.3 Load overweight spectrum
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Fig.4 Frequency response curves of CK 8605 sensor

Bl 4 B AR AT SN AR AR, hAL A2 R L
WA, % T 20log(A,/A,) A, 9 BN S5 00 R R 8 LA,
Shy JIT I G A T Y i e, Sl W o e 1 A SR
AT BB/ 30% , e AR A 0.1 ~7 kHz,
DL s IR Bl 25 5 1 LA K B

HLBLE A2 W P R 055 (R, PR 2 A% kA
B 5 LA B, 15 576 7 kHz DL A RS BTG
PE; P AL IR E T AL T, {5 5 W% AT 3k
20 kHz. ZASSCH M5 5 & 54, Je sk A BRI
A7 % IR N ( finite impulse response, FIR) 77 18 1€
AHUEBRART 7 kHz AT 20 kHz 555, FR
R e P A UERR 7 kHz UL EARSIE S 5 9 2 T4
FEPEIR A DI T LA 1 b 3 48 AN 3B B Bt 19 1
B N2 I 45 VT 12 T A 1R ORGSO RE AR

3 CNN 2 W 77 i XAk AL

3.1 CNNiZHfEE

CNN VER R FE 2 2] i S RV ER R AR |
GRRZE AL)Z )2 R 2 2 R i 28 I 4%
S5k, K5 R, B — 2 BB 4 5 REE AR B
TG, AT — 2 G TR G5 R 2 BOs s 7 2
R R — AT, LB & T — 2 %A
FHIE.

B AR 1 B i A Bl R T B AR, R
LM IS PRBO 3 IR K . Rl — B RS
BUS R I S8 B — A6 RS B — R AR AIE.

U/ dB
(=]
/




59 1

WA, M. FHIR(ES A ID-CNN 2 B HL B 12 7 5 1 <119 -

HEARX N
X ARV Ry Y

s 27 N UEA LN LRI kB,
b WA BT

]
HI:D .:{>I
4 ke i S 1 b

WMAFS BRZE REE FEHE FREZ 22 fith)2
5 BRHENELEHREE
Fig.5 Schematic diagram of CNN structure
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