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Rolling Bearing Fault Detection Based on Few-Shot Learning

CAO Yingying, HUAN Zhan, CHEN Zhen, CHEN Ying
(School of Microelectronics and Control Engineering, Changzhou University, Changzhou 213000, China)

Abstract: Bearing fault types are complex, and it is difficult to obtain enough training samples for each
fault type under different working conditions. Convolutional neural network with training interference
(TICNN) with wide convolutional kernel is introduced as the subnetwork of the Siamese network used to
extract features, reducing the impact of industrial environment noise. Siamese network is a structure
commonly used for few-shot learning. By inputting the same or different categories of samples for training,
the mapping relationship between different attribute samples and features is learned, and the similarity
between samples is used as measure index. The test sample is classified by finding the class of the nearest
neighbor. Experimental results on the standard Case Western Reserve University (CWRU) bearing fault
diagnosis benchmark dataset show that, in the case of limited data, the proposed model shows better
results in fault diagnosis. The performance of the proposed few shot learning model exceeds the baseline
model with a reasonable noise level when testing with the least training data in different noise
environments, and the accuracy of fault diagnosis reaches 94.41%. When evaluating on test sets with new
fault types or new working conditions, the proposed model also performs well.

Key words: rolling bearing fault classification; few-shot learning; Siamese network; limited sample;
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Fig.1 Structure of Siamese network
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Table 1 Parameters of few-shot learning model based on TICNN
No. Layer type Kernel size/stride Kernel number  Output size Padding

1 Convolution 1 64X1/16X1 16 256X 16 Same

2 Pooling 1 2X1/2X1 16 128X16 Valid

3 Convolution 2 3X1/1X1 32 128X 32 Same

4 Pooling 1 2X1/2X1 32 64X 32 Valid

5 Convolution 3 3X1/1X1 64 64X 32 Same

6 Pooling 1 2X1/2X1 64 32X 64 Valid

7 Convolution 4 3X1/1X1 64 32X 64 Same

8 Pooling 1 2X1/2X1 64 16X 64 Valid

9 Convolution 5 3X1/1X1 64 16 X 64 Same

10 Pooling 1 2X1/2X1 64 8X 64 Valid

11 Convolution 6 3X1/1X1 64 6 X 64 Same

12 Pooling 1 2X1/2X1 64 3X 64 Valid

13 Softmax 10 1 10 —
U moNwmmgmE T i
e el o 1
| . ) E4zmmgzl 'éﬁ%ﬁ !
: 'z;#wamm
! (e 2 <R3] | !
| H :
i > gm0 —————= |
: #E?;Ty 1%3x1 !
! A

mEmg 000 AN R Testing (K-way one-shot)
A %
TICNN i
Hnst T ]
TICNN D
e
s

B3 T TICNN f/IMEA S 2 (912 Wi e 7Y
Fig.3 Diagnosis model of few-shot learning based on TICNN
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AR A A B.C.D A EEE, i AL
B.CAIRE L2301 T 5 DI EE Fl4 CWRUHH MK G
(U A AR REA T 1 7R B Fig.4 Testbench of CWRU data
i 42 RS AL 8 A R AT DL 43 Sy o B o B DL R TR Bl A I I 3 el o g i 7 SR L BRI PR AR G B
0.007.,0.014.0.028 in(1 in=2.54 cm)3 #2510 b 1 % S — I nT LA 51 10 oA [R] 2 0 e i b 48
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Table 2 Fault data selected from CWRU dataset

WES R AR E EW Rk P 1l PN
By ANEYAN 0 0.007 0.014 0.021  0.007 0.014 0.021  0.007 0.014  0.021
L bR 1 2 3 4 5 6 7 8 9 10
. YIZkEA 660 660 660 660 660 660 660 660 660 660
ML A
MALFEA 25 25 25 25 25 25 25 25 25 25
kA 660 660 660 660 660 660 660 660 660 660
MiEB
MAREEAR 25 25 25 25 25 25 25 25 25 25
) o UIgREEA 660 660 660 660 660 660 660 660 660 660
BiggEC
MAkEA 25 25 25 25 25 25 25 25 25 25
) YIZikeA 1980 1980 1980 1980 1980 1980 1980 1980 1980 1980
BIEED
MEEEA 75 75 75 75 75 75 75 75 75 75

FESEg T Al — 2R B3R 3015 5 o AR I RAE AR A i 7726 O alRE A . 385 K/ 2 0484 4
(9 Bl B3 0 LA 80N ML B A0 4 Bl sk Az U ZRAEAS o AR A 2 b A R R /N 38 8 8 R &
G O T Bl AR B . B AR A LB ORI C 4 il b TR TR T 00T, 34 B0H 4 R Boas A2 AR A B 660 4N 1l
RREATN 25 M MAREA . B4R DAL T 370 TARZCAF T 5% 1 980 N ZRFEAFN 75 M FEA
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BRI R T RRAR Tlk 3 55 A il R 45 IR HE A BEBR 2, I ELI A AR SR AY R [R] R A
PERE A5 0, AR SOB B0 48 D P g IR B0 4 18 R R, 5 A B0 4 D AP A DI G AR v 431 B
HLEEFE 60.90.120.,200,300.600,900.,1 500.6 000 A, AT T — RGBS S . X by 5 vk 240
H5 « B ML £ A (Random forest, RF) | 32 4% [i] & #L (Support vector machines, SVM) Fil 3 F CNN 2t i iy
WDCNN J7 3 it FaA IR B AU ZR8E U125 SVM LK RF, Il aof 22 0 S0 He A, i SVM
BB RTHEMNSE . HA T 60% MR R IIZRAE LA 40 %0 FEARVE BB IESR P4 T REAR
B X A R RPERR R e . X TR R/ AR AR B B 5k, AR 5 A AN TR DI 24
£, LU B BE AL BE R 1 /NI SR BE I I 25 o X 03X B 14 BE AL DI AR AR 4 | AR SORE B3 I A i 3 52 56
AW LR EIE B . X PR — RPN S, BRI E R T 10K, SRS R R 5 s . it
B AR AT DL AR SO I AR G LA 2 ST MR RE IR 5 o AR O I A BUNMER SR R 3 R . T LAE
MFEA R R 90 B, A SC TICNN-Five-shot Y ffEff 2y 94.17 %6 , i ik 5 T RF 19 28.79% LA K SVM (1)
46.56 % , [M1B A HL A T WDCNN, MR SR 5 7 3% Z8f7 o MFEASECE 1 60,90, 120 i 45 2 B A5 45
B, 3 2 B 1 A0 R AT PR O B5CE S AT IR, /INRE AR 2 o] B0 AT TG (R P 8 5 T L, i R AR B Y 1
T, AR 2 e R AR AEAR D LT AL AR AR B IR B 1 500 16 000 B, AR S 1 I A HE B 2R 4331
BEN T 99.24% F99.63% o

0
EETICNN+Five-shot R3 AEHEABEHEREI L
o0l Table 3 Comparison of accuracy of different
sample sizes %
80r v TICNN-+
BAK RF  SVM WDCNN
N Five-shot
ﬁégm 60 25.81 43.63 82.80 87.66
# 90 28.79 46.56 91.37 94.17
60r 120 30.98 48.56 92.66 94.88
200 36.19 52.75 94.32 95.25
s0r / E; 300 40.23 55.25  95.65 97.68
i B / g 7 | 600  47.00 59.44  96.14 97.32
40 6090 120 200 300 600 900 1500 6 000 900 51.07 61.97 98.55 97.57
FAsE 1500 55.84 64.56 99.13 99.24
e o . . . .
K5 [l R AS B i) 45 2R 0 [
6000 72.95 7341 99.46 99.63

Fig.5 Comparison of results of different sample sizes

3.3 REWRETHER e
MTAE RGE W TAESMREE 2 4, AR IR A 7= Bk & A 2 W] W 8E Fbr i & 9% 09 Il R i AR
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EME e A
SNR = 1010g 1o( P/ Prossc) (8)
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X PRI P AR 5 W T3 P RS BT 56
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TE A7 1 BRI, AS SORE R R BEAR SR R BN B

#4 AESNRTHAEREILL
Table 4 Comparison of accuracy at different SNRs %
SNR/dB
FEA K =
—4 —2 0 2 4 6 8 10
60 37.54 51.68 65.33 76.90 82.02 84.5 84.67 86.29
90 30.17 45.25 65.65 80.29 86.96 90.94 91.94 93.10
120 35.25 56.04 76.69 86.21 91.30 92.33 93.53 93.41
200 31.97 47.49 67.78 84.28 93.30 95.81 96.77 97.09
300 31.30 49.94 67.22 81.45 89.30 92.68 93.77 94.78
600 38.58 50.16 63.17 80.61 90.85 95.01 96.80 97.17
900 36.28 43.11 60.34 75.09 88.98 95.0 96.56 97.38
1500 37.83 54.66 69.99 81.36 93.75 97.33 98.18 98.50
6 000 47.29 59.77 71.95 87.19 96.60 98.86 99.27 99.50
W A SO AL (1 B W TE BB 5 A% 48 19 DNN A 100 f e
SVM ik AT I8, L a5 Bl 6 pros . I 6 0 e /,//,,;7
A DA HE 5 £ M L ARG I L A SRR A L T | s,
DNNAISVMOF il s i st ki ma k. ol 0 T
Bt P e, A SORUR O T A SRR - ot Vo A em
3.4 MRS T AR A o ) - L
HY T AE SE BRI FH R, A 0 R R 2K ) 3 H -6 _I4 _Iz (I) 2I ;1 é 8I 1I0 12
SNR /dB

B S AN ST A7 1 DR b AR ST 6 A L AN S A Y
JE0 BV BT e B 2k S R R (M e L (AL S
it 25 I 45 119 5 v T LA R R 2 0 e R I
Y5 MR T A SCHR N AR 2R ) R 4G b
A R R B S SR A B o8 X T 2K B 12 o
AR SR BUR S BB B A il BCBCHE $E 1700 25, 15
TERHE AR Crh ATl o AT A 28 51 %% TIC-
NN AL, A 30 %0 Fifi AL 8T 28 51 1 2 /N B A 55 710 58
BAGED h Ry A UL o R A IR Y S
B9 E A 5, A BRI A BE LM . SEE 5 R
B 7 TR, ZEAUAX A 90 AN BEAR B B T, AR SCA
RUIER R KR T 94.17% . 54k, 2458 28 51 B0k 2
30%6 B, X5 H WDCNN, 7 S 70 o fff e 48 i 3] 1
72.41% BT T 8% s BT HIE R 2096 B, A SCRL R
WERG R T 1.8% o H1 G AT L, /B AR A58 Y 76

K6 A J5 ik m e rE g

Fig.6  Antinoise performance of different methods
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Fig.7 Comparison of accuracy under category invisibility
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