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Intelligent diagnosis method for incipient fault of motor
bearing based on deep learning
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Abstract : Using deep learning technique to automatically and accurately identify the incipient fault of rolling bearing, especially the fault
position, classification and severity degree, is a research hotspot in current fault diagnosis field. The traditional fault diagnosis method
excessively relies on the manual feature extraction by the engineers with prior knowledge, which is difficult to effectively extract incipient fault
features. In this paper, a novel improved CNNs-SVM method is proposed and used for the rapid intelligent fault diagnosis of motor rolling
bearing. This method adopts the combination of 1X1 transitional convolution layer and global average pooling layer to replace the fully connected
network layer structure of traditional CNN, which effectively reduces the number of training parameters of CNN. In test stage, the method uses
SVM to replace the Softmax classifier, which further improves the diagnosis accuracy. The proposed method was applied to the fault experiment
data of the motor support rolling bearing, and the method was compared and verified with traditional intelligent diagnosis methods. The results
show that the accuracy of fault identification of the improved CNNs-SVM algorithm reaches up to 99. 86% , and the proposed method has good
migration generalization ability under different load conditions and possesses the feasibility for practical engineering application. The fault
diagnosis accuracy and test time of the method is obviously better than other intelligent algorithms.
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Fig.1 The basic structure of convolutional neural network
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Fig.2 CNNs-SVM adaptive intelligent fault diagnosis
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Fig.3 The flow chart of the CNNs-SVM intelligent

fault diagnosis algorithm
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R 5 s, SEGE TR TR SR 20 ] .

#£ CNNs-SVM BRI Z [F A R Adam [ 38 )i 2%
> RAARTE P, SR s 14 55 1 Dropout 24 3% 12 #0 & [7]
B, K FH Relu 075 PR %X, mini-batch 24 64 5 FR 1B AE 5L
7 100 %%, SVM 240 B TR R 8L C= 10, R H = iz
A% PR (RBEF) A AR 5 £=0. 1, f % CNNs-SVM
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Table 4 The hyper-parameters of the proposed fault diagnosis model

CNNs-Softmax YI| 2RI 7 2545 7Y

W24 J2/ 44 Bk ity S i AR 2R
AR [ batch, 25, 20, 1] [ batch, 25, 20, 1] 0
CL 1 [2,2,64,1], “Valid”, $K=[1,1] [ batch, 24, 19, 64] 320
e =R Relu {83 MK [batch, 24, 19, 64] 0
PL 1 [1,2,2,1],“Same”, K =[2,2] [batch, 12, 9, 64] 0
Dropout JZ 1 Dropout (0. 2) [batch, 12, 9, 64] 0
CL2 [2,2,64,32],“Valid”, K =[1,1] [batch, 12, 9, 32] 8 224
O 2 Relu {875 i 4K [batch, 12, 9, 32] 0
PL2 [1,2,2,1],“Same”, K =[2,2] [ baich, 6, 4, 32] 0
Dropout 2 2 Dropout (0. 1) [batch, 6, 4, 32] 0
CL3 [1,1,32,12],“Same” , K =[1,1] [batch, 6, 4, 12] 396
GAP [1,5,4,1],“Same”, K =[5,4] [ batch, 12] 0
CNN HRAES )2 CNN RIS R AT [ batch, 12] 0
Haa] 4 2 Softmax {7 pE%L [ batch, 12] 0
CNNs-SVM U z{ER 5 o0 £ 5 4
LIPS [ batch, 25, 20, 1] [ batch, 25, 20, 1] 0
CNN FiEf )2 He IR S A CUIZRAF (Y CNNs B IBURRAE [ batch, 12] 0
SVM 43251512 JELZEPE SVM 432548 [ batch, 12] 156
SE28 T BB Sy 2 R [ batch, 12] 0

x5 EBRINESEIILE

Table 5 The model training parameter comparison table

B CNNs-4> 7 CNNs-SVM
CL1 320 320
CL2 8224 8 244
CL3 X 396
R 82 048 ¥
SR 2 1548 x
SVM /32548 o 156
BB 92 140 9 096

FEMALE E R = AERG O 99. 86% , A2 W2 R nk 6
N

F 6 AEHK CNN EERHIEISH 45 R
Table 6 The fault diagnosis results of different CNN models

H MRAERR /% YIZRITEL/s DU E] /s
Mk CNNs+SVM 99. 86 230. 116 0. 187
WCHER) CNNs+Softmax 99. 04 229.53 0.198
{55 4> ¥%4% CNNs+Softmax 98.75 248. 96 0.279

ALY CNNs-SVM B4 5 &1 3 B i) 5
4, T2 6 Hp & W5 A~ 25 2%, L — & ek i CNNGs
55 Softmax 205 #47 ML RE AL I 25 CNNs #5258 i 75
IR HER R, 5 — DRI 2R b i CNNs B AL Ry R
FEILAS X T B BCH T AT R AR SR IS P A SVML E AT
WCRES» 2675 B A HERG SR . XF EL 3 6 nl i, 78 E 6 R 7
Tf] : CNNs+Softmax 43 1 I 328 45 #E 4 5% 2k 99. 04% , Tfij
Ptk ) CNNs-SVM [ HERf R 242 T+ 2 99. 86% ;5 7E i [H]
75 T« CNNs #5580 5 Il i i 8] 54 229. 53 s, SVM 14 1)1l 25
BFTE] S 0.586 s, E CNNs-SVM i 9 Il 2k B ]
230. 116 s, a] WA SC 7 vk R #E CNNs [ 3L aih 2 m
T SVM #45 AHZYINZRAS [ AR 28, 5540, %
F 6 0] L, Bk CNN P BE I W I T 1% 40 19 42 3% %
CNN, Ju HAE I st 8] 77 A8 W K A 4 T 3 X 42 3 1)
535 07 FH B/ I B 1) DR 2 DR 5 7 2 W ) EL o R
3.2 CNNs-SVM R4 RiEfY

R T AU IE AL CNNs-SVM B335 i) i iff 7, A8 SC
S TR0 R R 8 2 x) CNNs-SVM 8 3% R 471
filfio PRFRIME, 4 S0 LL 3R 6 H CNNs-SVM (1) 5255 45
AR RN RS B0 2 3 R Wk 7 i
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Table 7 The diagnosis result evaluation of the improved
CNNs-SVM model

BB Y U ES FEJIES FLIgRIME FEA
0 1.000 0 1.000 0 1.000 0 60

1 1.000 0 0.983 3 0.991 6 60

2 1.000 0 1.000 0 1.000 0 60

3 1.000 0 1.000 0 1.000 0 60

4 1.000 0 1.000 0 1.000 0 60

5 1.000 0 1.000 0 1.000 0 60

6 1.000 0 1.000 0 1.000 0O 60

7 1.000 0 1.000 0 1.000 0 60

8 1.000 0 1.000 0 1.000 0 60

9 1.000 0 1.000 0 1.000 0 60

10 0.983 6 1.000 0 0.991 7 60

11 1.000 0 1.000 0 1.000 0 60
SEEME/ BB 0.998 6 0.998 6 0.998 6 720

Bt — 2 25 %% CNNs-SVM 5500 SR D (9 240 45
0L A SCEIA T 243 SR A HLRE > 2 i 45 Sk A 7
oA o RIS LU AT Y S e 1 IR Sl AR TR
AT BIZ T IE B R AR RO, LR RS 2 7Y
BERHA N I RSB B TR sl R L% 7 TR VA AR
et s 7 s

IEH0
ek b 09
e 0.8
3 0.7
wmﬁ“ 0.6
‘ﬁﬁkﬁ%s 0s
PO '
Y 04
S 03
R b 0.2
W10 f 01
R o 0 o 0o 0 O 0O 0 0 O o
& 2 E B S EBEE ;g
BHoEE R R
bR

K7 B2 2 o R A

Fig.7 Multi-class confusion matrix of fault diagnosis results

TERL T H o Bl A A e e F) 00 2K 51,y b 0
A AR PRI J AR A 5 1 — SR A T SR A AR
60 >, 312 R TARRGS; EX ML BT RE T
CNNs-SVM B33 0o 4 — 2 e BEPR 285 1E 5 12 W 1) B AR A
o T AR ar bl A4 i 720 SRR R
A LAREAS T G 1, R I RE AR 1) SR 28 s

I T (FRERI B /NSO ) | i T30 28 531 Sy i e 10 ( 41 P
B BEE BRI ) 5 B bt =2 A1 LAl 288 700 5z (12 T v i R 2 A
100% . FH AT UL, CNNs-SVM 53 32 Xt il /)N e i 437 531
FIUHERR A A 100% , HLIX 43 H b 5 1E F RS IR 1 3
Sk 100% , 254 5B U 3R 5 A 99. 86% 48 S R IE,
CNNs-SVM B3 463 7 Bl il 78 A0 Bl /DN e i EL A 0 8k g 150
fiE 1 RN 2 A2 W Af 5
3.3 SHMEEILSH

SRR UE AR SCHR A 7 R B S T R RIS W s
B9 %M, AR SO CNNs-SVM 2 Wi 45 5 5 H i £ 70
SVM .BPNN KNN K %2 BP #i 25 [ 4% ( DNN ) 47 %F
FEIRE o FEAL S0 0 BRI 12 W ik vl i S % i i 4
P AR AT T TARRAE 45 5, P 32 B R AE g AR B 12 W
BSE AT Xia S SR T 14 ROy R R
BREIE VEA TR AE SR AL B, A5 10 Fhisk sl AiF SR 55U
TR 4 B AR AR B IO ¥ o AR SCHR BRTRRE 1) 9 %t
1 TR 12 2% 7RCR 25 008 $ ICHD U 06 i 32 | 4 %)
Y TR T 25 SRR bR SRS FRR R B
FEAE 433 FH T SVM  BPNN (KNN £l DNN 83 gF 17 i e
W, LR AR AN 8 19 TR,

R8 SHISETEIERMILL

Table 8 Time-consuming comparison of five diagnosis

methods (s)
Bk CNNs-SVM  SVM KNN BPNN DNN
PIZiptal/s 230,116 2.264 0.049  136.32 327.09
MKE /s 0,187 0. 829 1.322 0.082  0.141

R SHERSENERERLIER

Table 9 The precision rate of five diagnosis methods

(%)
W25 CNNs-SVM SVM KNN BPNN DNN
0 100 100 96. 25 98. 89 100. 00
1 100 96. 72 78. 00 66. 15 92. 86
2 100 92.01 86.31 74.07 93.55
3 100 98. 31 90. 15 65. 56 98. 36
4 100 100. 00 97.00 66. 67 100. 00
5 100 93.25 92.85 86.49 66. 59
6 100 95.24 96. 59 65.17 96. 08
7 100 87.32 100. 00 92.31 100. 00
8 100 100. 00 100. 00 80. 01 100. 00
9 100 78.59 81. 69 66. 41 75.56
10 98. 36 97.78 96. 72 95.83 95.24
11 100 98.18 97.00 86. 30 100. 00
SEIE 99. 86 94.78 92.71 78. 66 93.19
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XFEEF 9 T LLBR A A SCHT i 9 CNNs-SVM
SRR HER R AL T A, . 2d T TRMIER VS
) SVM , KNN , BPNN ¥ i 2 43 51 Sk 94. 78% ,92. 71%
78.66% . HAT 4 DB DNN X 56 a1 2
PR R  93. 19% 5 AT — RS 21 BP [ 2% 1)1 e
B AR ARG, 17 FLaod #0045 ™ s DNN 2R B0l L 5 S, 52
BREEI A3 e et R e LA T Hog & o i T LR
H LS PR X LE IR A TR A A R B, SR T A
/INERREE U3 J5 T, CNNs-SVML 330 325 B g I 7 HOA 530 125
iR P LL b S R A S5 R T LUA W, 2 A9 CNNs-
SVM Fik B A L ek o
3.4 FARGKEMTHLR

9T VAL CNNs-SVM 5303 0 36 60 28788 A i ik 12 iy
R MR RE ), AR I8 FE 3. 1 719 Jin ik B A R) D 75 P
DO ARSI 578 1A 2 B g AP 38T SR AR 12 28
3 5 AT I A I 3K, A% S 6 BT 48 T % CNNs-
SVM BRI 2805 0 By S S8 A A, Se g 45 8-
% 10 PR IO IR A HE R X PIOGT R S 4 R AT
e, el 8 s

R10 FIRLWHFISEER

Table 10 Fault diagnosis results of migration experiment

i3 157 25
RRGEGEA GBS H R il ES FEUES
0 1.000 0 1.000 0 1.000 0 1.000 0
1 1.000 0 1.000 0 1.000 0 0.983 3
2 1.000 0 1.000 0 1.000 0 0. 966 7
3 1.000 0 1..000 0 1.000 0 0.983 3
4 1.000 0 0. 966 7 0.9375 1.000 0
5 0.967 7 1.000 0 0. 967 2 0.983 3
6 1.000 0 0.983 3 1.000 0 1..000 0
7 1.000 0 1.000 0 1.000 0 1.000 0
8 1.000 0 1.000 0 1.000 0 1.000 0
9 1.000 0 1..000 0 1.000 0 1.000 0
10 1.000 0 1.000 0 0.983 1 0. 966 7
11 0.983 6 1.000 0 1.000 0 1.000 0
Y 0.995 9 0.995 8 0. 990 6 0.990 3

X LR 10 AT, 2eit () CNNs-SVM B33 %1 V& 3l 7k
TE 1A 2 S PR 38 T RS SC s rp AT 3R A8 T s 1
BRI ARSI, 435 99. 59% F1 99. 06% , 764316 ] A<
SCHTHE ) CNNs-SVM J5 ik A #AF e %38 .
(&l 8 JIT7 O G VR B0 8 S50 56 R VRV B [ T LA Y, PR X
TR A TR 0 HET 4 100% 5 76 1 5 Jp o i
720 MEEAS Y, R 3 AN REAR KA AL, o R B

EHO
R
w2
3
R4
s
HpE6
7
s
o
HEE10
W11

(a) 1577

(a) One horse power

S = NN o < v O >~ 0 O O @9~
228 EEEEEE L g
HEEEEEREEREE g
IR
(b) 257

(b) Two horse power
K8 R A% L h i 2 /0 K TRVA
Fig.8 Multi-class confusion matrix of fault diagnosis

migration test

99. 6% ;7 2 S oA T M REAR B ERR R
5 99% o LA BRI N AN [RS8 031 22 [ 9 25 , SR T
T8 IE RS G SRR SRR T AR Z 18] 9 U0 HERf
Y979 100% o DA_ESEHR WY, AR SCHR B CNNs-SVM 53k
BAT R IR IR RE , 768 [A] (40 00T Al B A
T A R ) A O T e e A A R S A7, X
X Sl RAE SR T AR sl B i) R R 032 W 5 R i 4
AR R 2 S A A el A A B 18

4 & it

FEXIfE4E CNN 55 B RES W ik i A 2, 42
T TRk CNNs-SVM 9 T 5 27 > 3 333 0 1 L AL g
RN ) RE AL 12 W . T8 3 o T Bl Al R S 6
BRI B2 BT, B AIE 1% 7 ¥ B T S O, 451
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99. 86% PUBIHERG A, LR TG AL T T TARHE S
A9 SVM .KNN .BPNN FiI DNN f9iEnfi 2, H 7 s/ Mk 12
T 5T LA S 14 P B 5 e o T 9 R T A
B A9 007 A&kt . CNNs-SVM HL A7 58 J 14 3000 3
[, BEAY ) 52 AR 2 s DN R PR R B A2 W) I o

K A R AL E AR 11 1 CL A4 5
CNN &R 454, 7] A R8> 4 48 CNN 19 Il 25 2 8L
it 5 it HIECHE 3 98 . Dropout FIHE i AL — A0 55 B 2 2T Il
SRy AT LA R IR L R S T SRR B R
PEFIIERRE ) o iR CNNs-SVM KRR T T-78 sl Al &
TE 1 A2 B J7 Py G 2 8 48, 20 A3 T 99. 59% Al
99. 07% R BN HERI 3 . CNNs-SVM F3k 0T Xt Bty
AL SR AR AP T AR A B, 4 LA 0 Bl A D A
TUGI SRS W a3 A Shia i, o 2 s ) S0k 2k B
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