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Bearing fault diagnosis method based on multi-dimension
compressed deep neural network
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Abstract: Aiming at the problem that it is difficult to apply the fault diagnosis model based on deep neural network in the industrial
environment with limited resources, a bearing fault diagnosis method based on compressed deep neural network was proposed. Firstly,
the filter corresponding to the output low-rank feature graph in the convolution layer is removed by structural pruning. Then unstructured
pruning was used to remove non-important connections in the whole connection layer. Finally, the number of bits required for parameter
representation is reduced by quantizing the parameters of the weight matrix, and the storage of parameters is further reduced by using the
compression storage method of the weight matrix. Experimental results show that the proposed compression method can greatly reduce the
parameter storage and floating point computation of the network, shorten the training time of the network and speed up the response of the
network on the premise of high diagnostic accuracy, which provides a beneficial exploration for the industrial application of the deep
neural network method.

Keywords : bearing fault diagnosis; deep learning; model compression; network pruning; parameter quantification

RIS, Bl R R A 2 B ™ B, AT 2 S SO R ™ A

TR | S R BB  6 1 TE 6 A 3 R DR AR R

DAL R s it R B A RS A T A B AR D00 M2 W 7 T
RSN RUR e LR 09 B 2 R, s AT RS ks B/ BRI

FEAE ERE DL RE 5 TR . B A T AR i) T GE i R ik FRei2 W 75 7k 2 B i i S U 5 I

0 3

[l

Wk H 4. 2022-03-01 Received Date: 2022-03-01
* BT H b A RFLF 4 (E2020203061 ) 10 H %8 )



- 190 - LSRR R e o

5536 4%

FFEOE SUSSRARAE R SRR > 25 B Mg 2 iy ikt
ATHIEAZ I 122 T AR T N AR S B RRAE PR 4 |
ARk RE O AE D EERRIE TR U 22 R R A5 S i
BT %7V T R R

VAR TR 2% 2] BRI 20U 2 1T Iz M,
A S SRR R R BE T, TR 1 AE 58 N L4 Uy
fE /Y Jay R, 45 ) 2 TR OB B BUA & W 48 (deep
convolutional neural network, DCNN) B 75 14 £ 4 15 Bt 15
TRESCR . DONN G h 2 M ER2 M2k E Y
B, XA L EAS TSR RIE SR IO 4325 68 ), 1 2R
N G SN T TR 2 Wb R 22 E R
—2E DCNN B4 SR 4R (14 I A5 5 AT 3 A, S 3 1
TRIG B 47 2o 2 2 W FH CNN 78 PRI A5 Ak 2451 3k
JRE IR 588 R 27 ) [ oy 2808 1, WH5E 22 M AR 4 07 ik Sl —
Yo S A5 5 4 R EMR R LT CNN IR
JRE TR 2 %o V1440 Je 0L 1% g o B 015 JEL R AT R BE A2 48, AT
TR LW, V2 A F YRR AE S e o —
AR BE R, 455 4 CNN FHEMG A B J7 3 06 FL ik 4T
W28 BB T8 70 K H IR B A 28 I 288 i DR Y 27 > fiE
AR T RO YRR AE B2 IO I BR TN T BURR AIE 7Y 52
M2 Zhang S5 5 e B AR L AR R — 2 B
SRR YRR RS, JF R A CNN S OO
fiF o Lu 8558 5 o BEA A (4 7 20KE SR AR W 4 5 e i
o T HERE I S DCNN 9 25 4 OO F) s 4R AR E | S5 81
R ERIZ T,

Ik AT SCHR A B, ORI EE A 8 R 4% 1)
PO 3w , (H o T S0 A A R i) I 2 A
WM 28 B 1 |2 5 T2 22 (8] 5 0 22 il b 2R 52 012 Wy
PEREAIEETE 3 S HCRE PER X I 28 e Sl 2K 5
e, IRRNI R R 2 9% Kt 0 TR IR B8 22 Y (]
BB 1 1 28 75 A B I R A ol PR 558 K S IR 7
AP RN . WETER B, 2 )20 28 W 2% vhod K A TE
KIITURSEL, X EESHO L5 12 W RE 2 a3/, Rt
AT 2 PECTE MR I 24512 W T 1 23 R A 34 5 SRR 2 1)
T O BRI TUR SR WK BE P 28 25 AR R4 T a4
SEIRAE I Tl Wi W00 35 5 v 0 38 A% o 48 0 212 Wi
2, BEETEL MR S 2 PR RE .

L 0 28 DO 4% (14 PR 45 12 2 B I B A
SRR R ZE T R N 4 A
Hor 26 SRR B T B M 48 He 4 )7 vk 2 — , BE TR I X 45
TR A B R AT 8RBT | B A 7 1 33 R A5 A A B A
TR R P BTAL " | 250 b B A 3 3k 1 455 45 AU S 3 )
2K TN s AR LG A 5 A E A8 BT AR T 45 08 B 0 S 80k
BN IAAERY B . AEARSS AL B A T BRI ST
J7 T, Han 2503 5 0o 2 v < R 2L (19 280, 7E R
R AT T 4 B 175 D0 T I ) I 4 2 50 el b — A Sl

P SRTZITIR BB WS BTCEIKE R B 5 T BE &
AR 2 B HET R . BT Guo 257V 4 — R o A 5 Bf
FEARSS 6 SIS M2 BT ROR I 8 BT RUE 3y “ AN E 2
HISEL, R PHEEA S R G BT I S0, T SE BBl 28 1Y
P 2% B A, e T PR R S B A R BT A T BB B0
W28 MER R TR Y ) 8, Han 2512 454 5000 &1k
FEE J B gl 1Y )7 24 AlexNet 1 VGG16 BRI 280
45T 35~39 1%, Wang AT gl IR I ) RN s A A
2, FUHTAS R B M 2 9 T0 AR 4332, i st A B30k
SR ITAR PR, DA B 00 285 v 356 86 5 A 33010 B9
T5 5 TEASFE MR R 0 15 B0 T FRAR T 45 1 3103 A 4
£ AEZEA AL BY R T B R I A RESC B, R4S
MR B A I F 5 07 T80, Lin 25024 38 5o 150 0k O o i 13
FEAE BRI /N I3 iy R AP AT L XGT 7 ) 0 08 4% , ik
DTG B TR S IEE, RGP —Fh
B B A 25 R A B A B s T 4% e B, FLVER R
EN iR 5 O L AR SR v G | B EN T 2
K rpF )2, BARRE NS 1k 2 N 2% i ek {5 78 5 />
I 26 PN i FH O TSR AN B 8

P T 20 X 2 )1 el T B R T U2 DR 0 2
PR AR N, SRS AR T i 42)2 AU FH 45
P ARk A48 R BT , X L[] At S B0 099 2% 31 25 i 3 1 19 4%
SRRV T B A3 U8 8 o 2 D) 285 1) e 7 i s
Wi 1k 22808 T )2 R 2% ) R 25 A5 R R 45 12 W
HERRR, P K S 800w AR 508 B (i A AR 2 T 22
KR A4 IR RN 2 Pk BE A T3 BE R, 3 SO DA TR 52
B Tk WS- & bR BE X A ) 8, AR SCHE S — b
SR ES L SRS M L BY A | B A0 RAR [ R 4 1 TR A A
RIRZE 7, RIS TR AR N 45 0 FUZ R 43 4 2 XTI
SHGATRAL , B PR R 4 1 46 14 ks itk — A5 /N
LSBT G2 (], AR SCHE A 12 et ] B 5
PRI B9 FE 46 5508 , ZE AR UE IS W eIl SR B T4 T, AR
TR W TS AR i R ) 1SR S PR Tk 3R
TELR W R PGB b 22 25 Bkt AT T A 25 IR R

1 ARMRHBITTIE

IFL A% 2 o 22 000 2% 75 05 AR A RSB A2 W A7 A S KL
R, NI ), o 7 o 38 48, % Mt 0 F- £ (9353 A7
filf G PR ER B m , FECE PRI X, B0 B A R, A
SCHR T — PRI T 45 7 1% Ak B R o 22 R 25 LAY |
TE AR o FH M AR s B e RS TF A N A 5 SR 5
S B 25 TR 52 R Z 81

ARSCAR H B9 19 265 T 46 7 i e — Bl 4 A S M AR B A
AREE R BT AL A -5 T s 46 A7k 1) 22 A BE TR 5 TR 4
Jrik, BICAESHIL TR B B bR B2 T AN EE B U



57

BET 22 )2 T s A TR P 28 T 45 ) PRl AR e 12 W - 191 -

W, /D I 285 9 3 a5 B R, i ) 2601 % B
I 1A P 245 A R (o PR 2 ) 245 2 5 LR A 45
P BIAT 1A A i 12 P AN EL B A 45, I /b

Conv

S R X A S 8o AL 2 AR R
(R ESENY LA (bit) B0, AN SCO7 36 A9 Ak B 72
e R,

Cony o REEHE

FC1 O
(@ Fe2 Output

=

K1 ARSI ikab B
Fig. 1 Schematic of proposed method
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Fig.2 Schematic diagram of pruning process
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Table 3 The details of dataset I
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Fig. 4 Diagnostic accuracies under different pruning rate
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Table S Compression of the proposed

method with different networks

H N T
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H£1 S-CNN-O  99.35+0.23 65.22 69. 94 1 104. 35

S-CNN-C  97.79+0. 56 0. 66 3.52 682. 18

D-CNN-O 100+0. 00 49. 04 69.71 841.24
Bl D-CNN-C  99.94+0. 10 0. 89 4. 30 633.33
E 1T S-CNN-O 100+0. 00 65.22 69. 94 830. 88

S-CNN-C 100+0. 00 0. 66 3.52 547. 96
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accuracy of different compression stages
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Fig. 6 Response time of different number of samples
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Table 6 Compression performance comparisons of different methods

BT FE4R 771 TRy = wjﬂ%i - - ST - i&j@% . - .
SHAEEE/M IR E /M IR /s SRR/ RSB EE/M YIZRATH]/s

FPEI 27.93 22.30 664. 23 27.93 22.30 412. 14

D-CNN CHIP 47.82 18. 42 452.95 47.82 18.42 368. 87
AXFHE 0. 89 4.30 786. 82 0.89 4.30 547. 96

FPEI 33.07 22. 60 494. 67 33.07 22.60 401.17

S-CNN CHIP 65. 07 28. 14 670. 53 65.07 28.15 542.72
AXFHE 0. 66 3.52 682.18 0. 66 3.52 633.33
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AR A SO AR A S APt R FPEL BRI S 40
FEfEERE Y 2. 55% , CHIP BiL BRI S B it 18 19 1. 37%
IF S8 o FPEL SATE Sis 1) 17. 41% , CHIP 5.
BTGB 16. 79% , £ 43T AR SO IR AE 4 A
TR [ B o 0o 4% A9 Y11 25, 6 EE FPEL 53k Al CHIP 8
2 RSO R AR Tt

3T RITE RIS 1T RECEE AR T B R AR SO
7% FPEI B3k il CHIP 5803 JE 4 I 10 455 78 42 W7 o A >R
T He

M3 7 FTUE I, EBIEE 1 E 3T MR D-
CNN FEHR A SO vk R 45 I iR R HER R 5 FPEL 8.3k |
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Table 7 Comparison of accuracy of different methods

- s HE %/ %
Bl AR HRFE 11
FPEI 1000. 00 100+0. 00
D-CNN CHIP 99. 86+0. 18 99. 89+0. 19
AXFE 99.70+0.25 99. 94+0. 10
FPEI 99.910. 07 100+0. 00
S-CNN CHIP 99. 48+0. 26 99. 89+0. 19
AXFE  97.7920.56 100=+0. 00
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e 3 DGR A R A2 T 4 e L B T A O A TR
B4 11 . D-CNN HI S-CNN PR [ 23 5% L T A 3C
%5 FPEL S CHIP 59k R 40 )5 R RL2 iR 8], 2
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Fig. 8 Comparison of remaining ratio of parameters

in different compression methods
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Table 8 Parameters of SDLM

Layer type Parameters Output size

Conv-BN-ReLU k=7, s=1, p=2 64x31x31

MaxPool k=2,s=2,p=0 64x31x31
FC — 10

LIRS RN 9 PR,
R 5EGEFEFLER

Table 9 Comparisons with traditional models

T HER 2/ % RLAL RN/ M i 17 B [/
SVM 80. 16=1. 42 44.37 3.38
KNN 89. 32+0. 82 86. 46 5.90
SAE 96.87+3.78 3.80 3.32
SDLM 99. 48+0. 54 2.36 1.11
S-CNN 1000. 00 0. 66 0. 50
D-CNN 99, 94:+0. 10 0.89 0. 50
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