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Abstract: The common spatial pattern (CSP) algorithm is modified and introduced into the field
of diagnosing rolling bearing faults in order to address the issues that the traditional method faces
a challenge in effectively extracting the features of rolling bearing fault features and the single-di-
rection vibration signal is susceptible to missing fault information. An intelligent diagnosis meth-
od for rolling bearings with a modified common spatial pattern (MCSP) algorithm and multi-
source feature fusion is proposed. Firstly, CSP is used to combine three-direction vibration sig-
nals of bearings at the data and feature levels, realizing full extraction of fault information while
shortening data processing time. Then, the strategy of subclass spatial filter ensemble is im-
proved at the decision level to construct the optimal spatial filter, so as to effectively extract the
space domain features under different bearing health states. Finally, a support vector machine

(SVM) is utilized to identify faults of various types and degrees. A bearing dataset of the labora-
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tory and a publicly available one from SLIET and are used for test verification. The results show

that, compared with the CSP approach, the proposed method improves the average recognition

accuracy of bearing faults by 3. 04% and 6. 26% for both datasets, respectively. It achieves an

average recognition accuracy of over 99% and an average time of less than 0. 1s. This verifies the

proposed method has better fault identification accuracy and running efficiency.

Keywords: common spatial pattern; multi-source feature fusion; fault diagnosis;

feature extraction; support vector machine
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different health conditions
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Table 2 Average recognition accuracy of vibration signals in

different directions under MCSP method is this paper

. U e ¥y
U RKM mAME FHE R/

X 99. 74 97. 14 98. 87 0.027 8
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XYZ 100. 00 99. 74 99.92 0.087 6
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Fig. 9 Laboratory rolling bearing test bench
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Table 4 Dataset description of laboratory bearing test bench

BB T UIZRREA IR A

WERE . mm w0
EH 0 70 30 1
A R B 1 0.5 70 30 2
A Pl B 2 1.0 70 30 3
P Bl R 3 2.0 70 30 4
Fh B R 1 0.5 70 30 5
=T 1.0 70 30 6
A1 BE 3 2.0 70 30 7
Rl IR BE 1 0.5 70 30 8
R R BE 2 1.0 70 30 9
WEMAEWEE 3 2.0 70 30 10
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Fig. 10 Time domain diagram of vibration signals under dif-

ferent health conditions

BB AT R 11 R, TR A 2
AFEAR R AR F oy SR K R SRR 1 5 R 3
AL 3 TR LB bR 2 A e s 100 o A 3 ) 2y
KF) 100 %, SR ER R IE B T 99, 33% . W4




134 [N .

PN

%57 %

WO IE T T 4507 1 5 AT R Bl R )
KR

Y’Eﬁﬁ&l/gg

11 B 0 0 0 0 0

] o oo o 00 0 0
80

] o o XY o 0 0 0 0
o o ol 0o 0o o o HNEN

Il 0 0 0 0 0 0 0 0

-3 o0 0o 0 0 0 0 0 0
g 40

7 o oo

o 0 0 o oo o
] 0

o 0o 0 o o ol o
Wo o 0 o oo o [Fll B

1 2 3 4 5 6 7 8 910

TR

FLT 3 sl b R B U B 8 23 S T R

Fig. 11 Rolling bearing classification confusion matrix
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Table 5 The average recognition accuracy of vibration sig-
nals in different directions under the MCSP method

in this paper

i U ER 5/ V% -8
mRE w/ME PHE FERS /s
X 82.33 78.00 81. 26 0.0335
Y 92.33 87.33 89. 96 0.0283
zZ 83.00 76.00 80.07 0.033 9
Xy 99.67 98.00 98.79 0.041 8
Xz 97.33 95. 00 95. 96 0.049 4
YZ 95.33 91.33 92.56 0.043 5
XYZ  100.00  99.00 99.53 0.057 1
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Fig. 12 Visualization diagram of different features
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Fig. 13 Comparison  of  recognition  accuracy  of

different methods
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Table 6 Average recognition accuracy of different classifiers

N U A %/ Ty
B EOME PEE FER/s
MCSP+ELM  97.67 96. 00 96.47  0.0253
MCSP+BP  99.33 96. 67 97.97  2.2175
MCSP+RBF  99.67 98. 00 98.73  0.21114
MCSP+RF  98.33 95.00 96.80  5.3545
MCSP+CNN  96. 67 94. 67 96.50  17.165 8

MCSP+SVM  100. 00 99. 00 99.53 0.057 1
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B0 BT SR AT A s IR TE T AR SO k]
DIAT 350 ST BV S b R AN (] i 5 258 780 X R B ) 1AL

http: // zkxb. xjtu. edu. cn

4zt B

BE X G5 05 vk ME LA R0 45 BUR shi R 3R sh 15
SRR DL B i 4R B 15 5 5 R BORR AR S )
14 CSP Sk 12 Wi 7 20k A7 0t 9 51 A 23R 30 b
TR B2 W 0, 4 T — R MCSP 3k 5 £ U4
FRAE TR B A Sl RS BB 2 W ik T AR 258 I F

(¥ CSP Bk 5 Z & R A REM IR E S
FHZE A A B 7E B8 2 R RS AE 20K 3 4 O 119 R 3
15 SR BE Rl A 40 08 T B kb A ), SR T2
V) 8 0 25 4 6 SRS, Xof DR SR 2 R AT 0t A A T S AR
23 ] U8 U2 25 LA 52 30 25 SelURp AIE 2 B, 0 0 1 5 4
(10 [) B 4 T T 12 W B R G 8 O 25 BURRE f AL E
YIZk SVM SR, BB 8% K5 o 150 7 sl il & 1 A [ i
BT R FEHE 3@ 5t SLIET 78 3 %l 7K 23 JF B8 4k
S 00 25 R sh il R B e SR R 10 0F T A U IR Y
AR

(il 2 Hige Xt e TR F 7 mRE T A
IFi) AR 1E B2 T 3 DA B AS [ 2 8 43 2 4 11 DU 285 3L
FHA BT OB AR S S AR SOy T R b
ST 7 1) X 5 S0 SR P 1) 5 i, 4 T T O 2R
BIMERI % 5 Ku,RMS,MSDE , MSE , MPE % 4% 1iF
LB AR e, MCSP 803k v iR 7 % s 3 A % A
2R REAE Y e A, T DAGE A [R) 28000 25 55 d KAk L R AR
S X ] /N, X5 B B s AH LG T8 MCSP 5
ELM,.BP.RBF.RF il CNN % /335 g8 45 4 1 7 ik
AR S T LA A [ R 3 ) 0 v 1 R TR
T HER 2

Y

[1] WANG Zhijian, ZHOU Jie, DU Wenhua, et al. Bear-
ing fault diagnosis method based on adaptive maximum
cyclostationarity blind deconvolution [J]. Mechanical
Systems and Signal Processing, 2022, 162: 108018.

(2] Srokd, B9, m A, 4 6T ook i Bui Al 5 R 3l
RIS W (1], BRE24HR . 2022, 44(10): 24-32.
QI Yongsheng, BAI Yu, GAO Shengli, et al. Fault
diagnosis of rolling bearing based on improved data fu-
sion [J]. Journal of the China Railway Society, 2022,
44(10) ; 24-32.

[3] LYU Pin, ZHANG Kewei, YU Wenbing. et al. A novel
RSG-based intelligent bearing fault diagnosis method for
motors in high-noise industrial environment [ ] ].
Advanced Engineering Informatics. 2022, 52 101564.

[4] WANG Daichao, LI Yibin, SONG Yan, et al. Bearing




136 [ T I N 4 o557 4
fault diagnosis method based on complementary feature actions on Biomedical Engineering, 2020, 67 (7):

[5]

[6]

7]

[8]

[9]

(10]

[11]

[12]

extraction and fusion of multisensor data [ J]. IEEE
Transactions on Instrumentation and Measurement,
2022, 71. 1-10.

ke, kS, AR, SRR S0 Rk
ARIR PP AL R bR A [T]. V9 28 5038 K224, 2022,
56(8): 11-21.

ZHANG Long, ZHANG Hao, ZHOU Jianmin, et al.
Construction of bearing performance degradation as-
sessment indicator using explicit dynamics [J]. Journal
of Xi’an Jiaotong University, 2022, 56(8): 11-21.
HELMI H, FOROUZANTABAR A. Rolling bearing
fault detection of electric motor using time domain and
frequency domain features extraction and ANFIS [J].
IET Electric Power Applications, 2019, 13 (5):
662-669.

MAJALI A, MULAY A, IYENGAR V, et al. Fault
identification and remaining useful life prediction of
bearings using Poincare maps, fast Fourier transform
and convolutional neural networks [J]. Mathematical
Models in Engineering, 2022, 8(1). 1-14.

BN, BV, T 280 i N R IR A S il 1 R
SRS S Wy ik (1], IR IUR R, 2022, 43
(10): 252-259.

YAN Xiaoan, JIA Minping. A rolling bearing fault di-
agnosis method based on parameter-adaptive feature
mode decomposition [J]. Chinese Journal of Scientific
Instrument, 2022, 43(10): 252-259.

ZHANG Yuan, GUO Yao, YANG Po, et al. Epilepsy
seizure prediction on EEG using common spatial pat-
tern and convolutional neural network [ J]. IEEE Jour-
nal of Biomedical and Health Informatics, 2020, 24
(2): 465-474.

ook, BEddr, Xk, 4. B dhas w5
WIE B Rz s G AF S R O i [T, e
. 2022, 43(8): 1103-1108.

FU Rongrong, SUI Jiaxin, LIU Chong, et al. Recog-
nition of motor imagery electroencephalogram signal
based on common spatial pattern and UMAP [J]. Acta
Metrologica Sinica, 2022, 43(8): 1103-1108.

LIANG Shuang, HANG Wenlong, YIN Mingbo, et
al. Deep EEG feature learning via stacking common
spatial pattern and support matrix machine [J]. Bio-
medical Signal Processing and Control, 2022, 74.
103531.

CHAKRABORTY B, GHOSH L, KONAR A. Desig-
ning phase-sensitive common spatial pattern filter to

improve brain-computer interfacing [ J]. TEEE Trans-

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

http: // zkxb. xjtu. edu. cn

2064-2072.

ZHANG Ananxiong, SHE Qingshan, CHEN Yun. et
al. Sub-band target alignment common spatial pattern
in brain-computer interface [ J]. Computer Methods
and Programs in Biomedicine, 2021, 207: 106150.
WAL, BER, R, FOERTLZEHRBERK
A BN 2 I 255 19 VR sl il R iR 2 W OT i [T B
MCRR 23R, 2021, 57(1): 148-156.

DONG Shaojiang, PEI Xuewu, WU Wenliang, et al.
Rolling bearing fault diagnosis method based on multi-
layer noise reduction technology and improved convolu-
tional neural network [J]. Journal of Mechanical Engi-
neering, 2021, 57(1). 148-156.

QU Lingzhi, LIU Hui, HUANG Keju, et al. Specific
emitter identification based on multi-domain feature {u-
sion and integrated learning [J]. Symmetry, 2021, 13
(8): 1481.

BRI, EW AR, WL, A BT ORUN R I AR Y
ZME RO HE R E bR R B [T AR AR =,
2019, 40(11). 73-81.

HAN Xiaowei, WANG Yuwei, XIE Yinghong, et al.
Multi-channel scale adaptive target tracking based on
double correlation filter [ J]. Chinese Journal of Scien-
tific Instrument, 2019, 40(11). 73-81.

WG, LT, UK. ZREREGR G R R
ARG AR [T]. mEEM, 2021, 25(1): 148-166.
LI Shutao, LI Congyu, KANG Xudong. Development
status and future prospects of multi-source remote
sensing image fusion [ J]. National Remote Sensing
Bulletin, 2021, 25(1): 148-166.

CHEN Zhuyun. LI Weihua. Multisensor feature fu-
sion for bearing fault diagnosis using sparse autoen-
coder and deep belief network [J]. IEEE Transactions
on Instrumentation and Measurement, 2017, 66 (7):
1693-1702.

RUIZ-CARCEL C, LAO L, CAO Y, et al. Canonical
variate analysis for performance degradation under
faulty conditions [J]. Control Engineering Practice,
2016, 54 70-80.

AZAMFAR M, SINGH ], BRAVO-IMAZ 1, et al.
Multisensor data fusion for gearbox fault diagnosis
using 2-D convolutional neural network and motor cur-
rent signature analysis [J]. Mechanical Systems and
Signal Processing, 2020, 144: 106861.

WANG Jinjiang. XIE Junyao. ZHAO Rui. et al. Mul-
tisensory fusion based virtual tool wear sensing for

ubiquitous manufacturing [J]. Robotics and Computer-




o508 1

ST L 4 O A 2 R 2 TRURRAE Al S 1 Bl R RIS W T Tk 137

(22]

[23]

[24]

[25]

Integrated Manufacturing, 2017, 45. 47-58.

I, BNk, AR, % w2 BRI 6
O B AR R sl R SR 2 Wb s A L. dRsh S
s, 2021, 40(22): 167-174.

ZHOU Fuming. YANG Xiaoqgiang, SHEN Jinxing, et
al. Modified multivariate hierarchical fluctuation dis-
persion entropy and its application to the fault diagno-
sis of rolling bearings [J]. Journal of Vibration and
Shock., 2021, 40(22): 167-174.

ZHOU Hongsen, ZHANG Guolong. Motor imagery
EEG-based control of intelligent wheelchair using deep
belief network coupled with OVO-CSP
[C]//2019 3rd International Conference on Data Sci-

algorithm

ence and Business Analytics. Piscataway, NJ, USA:
1IEEE, 2019: 391-397.

KUMAR S, REDDY T K, ARORA V, et al. Formu-
lating divergence framework for multiclass motor im-
agery EEG brain computer interface [ C]//ICASSP
2020-2020 IEEE International Conference on Acous-
tics, Speech and Signal Processing. Piscataway, NJ,
USA: IEEE, 2020 1344-1348.

i, PR, TR/NER, A SR SO s ) R A vk
A DU 288 R B I R AE S R O ik ], TR AT E R
i, 2022, 56(12) . 136-143.

WANG Di. TAO Qing. ZHANG Xiaodong. et al.
Recognition of four-class facial expression electroencepha-
logram data using improved common spatial pattern algo-

rithm [J]. Journal of Xi’an Jiaotong University, 2022,

[26]

[27]

[28]

[29]

[30]

http: // zkxb. xjtu. edu. cn

56(12) . 136-143.
JIANG Xinyu, GU Xiao, MEI Zhenning, et al. A
modified common spatial pattern algorithm customized
for feature dimensionality reduction in {NIRS-Based
BCIs [C]//2018 40th Annual International Conference
of the IEEE Engineering in Medicine and Biology Soci-
ety. Piscataway, NJ, USA. IEEE, 2018. 5073-5076.
JAFARIFARMAND A, BADAMCHIZADEH M A.
Real-time multiclass motor imagery brain-computer in-
terface by modified common spatial patterns and adap-
tive neuro-fuzzy classifier [J]. Biomedical Signal Pro-
cessing and Control, 2020, 57: 101749.
KOKLU M, UNLERSEN M F, OZKAN I A, et al.
A CNN-SVM study based on selected deep features for
grapevine leaves classification [ J]. Measurement,
2022, 188: 110425.
RAFE, MR, SR, S SRR AEEAT B
RGO T R [T, PG A8 KR
2021, 55(6): 61-68.
WU Shoujun, CHEN Jian, FENG Fuzhou, et al. An
application of improved entropy feature in crack fault
identification of planetary gear [J]. Journal of Xi’an
Jiaotong University, 2021, 55(6): 61-68.
KUMAR A, ZHOU Yuqing, GANDHI C P, et al.
Bearing defect size assessment using wavelet transform
based deep convolutional neural network (DCNN) []].
Alexandria Engineering Journal, 2020, 59 (2): 999-
1012.

(i 4

EHH A




