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Cost sensitive convolutional neural network. a classification
method for imbalanced data of mechanical fault

Dong Xun"?, Guo Liang'”, Gao Hongli"*, Liu Chenyu'”, Li Lei'”

(1.Engineering Research Center of Advanced Driving Energy-saving Technology, Ministry of Education,
Southwest Jiaotong University, Chengdu 610031, China; 2.School of Mechanical Engineering,
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Abstract: In the actual operation of machinery, the normal data are abundant and the fault data are rare. The recognition rate of the
minority class is low when the convolutional neural network is used to process these imbalanced data. To solve this problem, an
imbalanced fault diagnosis method for machinery based on the cost sensitive convolutional neural network is proposed. Firstly, the
intrinsic performance state knowledge is achieved in raw data of machinery through multi-level convolution and pooling operations. Then,
the intrinsic performance state knowledge is mapped to mechanical health by fully connected layer. Finally, the cost sensitive loss
function is used to set a large cost to the misclassification of the minority class. The effective classification of mechanical imbalanced data
is realized. The proposed method is evaluated by tool monitoring data and bearing monitoring data with different imbalanced ratio.
Compared with the traditional convolutional neural networks, experimental results show that the recognition rate of minority samples in
imbalanced datasets has been improved by more than 22%.
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Fig.2 The layout of experiment equipment
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Fig.3 The main failure patterns of tools
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Fig.4 The division of tool’s health condition
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Fig.5 Tool’s photos of the fault starting point
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Table 3 The validation results of tool dataset

CSCNN CNN MLP
K HRE
Wi Al Fl iR FEJUES Fl W B% Fl

A 0.9957  0.9929  0.9957  0.9938 0.9916  0.9938  0.9923 0.988 0.992 2

T1 B 0.997 3 0.996 1 0.986 8 0.969 1 0.6710  0.7350  0.9309  0.3391  0.3869
c 0.969 1 0.9654  0.7557  0.9585 0.237 1 0.3024  0.9650  0.389  0.3995

A 0.9959  0.998 1 0.9959  0.9960  0.9962  0.9960  0.9928  0.9928  0.9928

v B 0.9597  0.9840  0.8237  0.9520  0.7634  0.7565  0.9483 0.6010  0.6450
c 0. 966 3 0.9869  0.7470  0.9644  0.5197  0.5852  0.9628  0.4876  0.4765

A 0.9758  0.9703 0.975 1 0.9746  0.9711 0.9740  0.9723 0.9881  0.9726

T3 B 0.984 3 0.972'5 0.9260  0.968 3 0.7387  0.8170  0.961 1 0.6978  0.7668
c 0.9977  0.9943 0.9764  0.9806  0.5876  0.6996  0.9907  0.5162  0.497 4




210 S/ L R ¥

F40E

b/ B s L AT T W RN SR Y WY B A T R )
FIAS TR B SO W i e A 5 FE S 56 . (1) A ERGEAR A
OB R pREIOS T AP 4025 52 e, B 2 ML) CNN AR
Skt B R T R AN P 0 2 . O — 4
GRRRRZ 2% B I R 4R S0 15 = A N 28 3547 ) BAdt B
RESERI . (2) I UEFRAE F > X T A F 5 o JE A
B B 3h 48 BUREAE 3 A 2 J2 B 2% (multi-layer
perceptron, MLP ) JE47 K4 812 Wi (1) 5 ¥ 5 AR SO0 6 64T
XL o B SRR 18 AN FRRIE A 4E U7 22 B 5 iAE OF
PILa XHE U BT bR MR AR DR S8 AR IR TS BRI
JE ZB ST AT T 25 A 8 ANk A0 AR e 1) fiE B L
BRI, SR I B BRI BRI i A MLP BEAIR SR, %3
[FIREIC SR 1 XT L7 i S0 45 3R, 3R 3 WP dis nl LR
L FEBE PE LT (B AR A) X L s S AR SO
1) 3 FPPEMFEbRAE B 420, AW 3 Rl Oy AR A AR
XA DIBASHE R i 2 W AR . FEXT TR 1R Bl
AT LA G A, B AR BB AR5 55 e ) SR AR RE AR 43 2%
KERE (L HXF B REA B R B R A F1A5ARt i2 7
R IR ] 23, 71% 1 0. 302 4, F2 0% )7 5t T A i
B3 SERE TR 22, B0 AIE T H2 1 A0 AR A R 2k o KK
XF TR R 5 A AP A 53 S A R o FEXT EE 3k 2
2T AT TR R EONRG BE LA K FL 8 4RI RE Bl
ANy HE BB IR/, T L e i 1 AR AR P RE AR
FXF T 2, U B RRAE 2 2T (9 7 ik v] 22 ) IR s 5 5
B TR IZ YRR AR, 388 2 T 2l B BCRFAE 19 55 P2 12 Wi
T AR
2.2 REMAERRASEERNTEES 2

1) XJTU-SY #l&%s

SN i 7 1k Ak B - i B 4l 22 43 2 ) A%
R AT XITU-SY SR B4 ™ A TI0AT . %5 4
3R TR 3 15 A S8 R R OK S KAl 5y 1 PR B 1 S
PR, B A Tl 7K PR A 0 A5 T A A% IR 2% A4S 1 0 PCB
352C33  SRAEESIR A 25. 6 kHz, A SCHEHUZ B 5 b A
A T 000 R A [ g e 28 0 A 3 A il AR B0, B T 00k
2 400 rpm(40 Hz)/11 kN ffli7& 3_1.,3_2.3_3, | H
2.1 WA 30 J5ik kil 43t NCIEH ) JIF (YRR ) |
OF (A& k) IBCOF (el TR IR IR FF4L AMEI R G i
B ) 4 Fhfa FRR A

R K] 23 HH A b R At PR 285, 4 P 56 31E 1 B 3
£ FREIRER IR 4 BT, A B LC 53 3 F
AEHFIRZS , [F]— NSRS T il 7R A 4 ol fel bR 2
INE R 43 L SR 2 2R BOHE AE B AR T BT o LA, kR 4
AT, A PR AR 4 B EEIR S 2050 5 b 25% o 1%
AR AT IR R IE B T AR B A 2 i B e 2 o
FREL, B — il A e 2 52 G W B R 45 ) AR, TR T A
ARG B .C PR BRARIL (5 L, B S PR A

SEARAS, BLC o N IF,OF \IBCOF B4 A4 [t 43 10
15:2:2:1.35:2:2:1, 3R 3 AEHE4E 4 R B 75% 1E
FUNGAE  FIT 25% FEMR A 1Y S 0%

R4 HWARHEENS

Table 4 The division of bearing dataset %
EEITES N IF OF IBCOF
A 25 25 25 25
B 75 10 10 5
C 87.5 5 5 2.5
2) BREAE AT 70 2 525

-5 R SCHA ) (9 5 70 2 J0BE T IR B AR TH
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Table 5 Validation results of bearing dataset

S CSCNN _ CNN _ MLP
HH Fl I Fl I Fl

A 0.9806 0.9806 0.9710 0.9709 0.9294 0.9287

B 0.9906 0.9907 0.9684 0.9678 0.9628 0.9053

C 09956 0.9957 0.9716 0.9689 0.9828 0.9049

N
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g g
3 S
<9 =
o o
Q Q
A 8
IF OF IBCOF N IF OF IBCOF
bR FRE
(a) CSCNN (b) CNN

IF  OF IBCOF
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(c) MLP
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Fig.6  Confusion matrix of balanced dataset A
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Fig.7 Confusion matrix of imbalanced dataset B
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