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various methods

GRS eSS R o
LPP 26.1011
LDA 18.9978
MMC 12.4167

MNMP 17.2676
MDP 17.9064
LCMMDP 100.3742
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Tab.4 Classification identification method recognition accuracy

B%g& %Tﬁﬁﬁm%mﬁﬁ%%g - SRR B %/ %
Bk ¥ R A il % /%) i
LPP 100 24 100 100 92 83.2
LDA 100 97 94 100 79 94.0
MMC 100 92 88 98 58 87.2
MNMP 100 100 90 100 72 92.4
MDP 100 100 96 100 82 95.6
LCMMDP 100 100 100 100 100 100.0
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Fig. 6 The average recognition accuracy of different training

samples
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Fig.7 The average recognition accuracy of different algo-

rithms at different speeds
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Fig.8 The average recognition accuracy of various algo-

rithms under different random noise interferences
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Tab.5 The anti-interference comparison of different

classifiers
Sk TEA R TR R BT -7 B3R5/ %
a=0.1 a=0.2 a=0.3 a=—0.4
KNCNCM 98.8 97.2 93.6 90.0
LMKNCN 98.8 94.0 89.2 84.0
KNN 100 92.0 86.4 83.6

HUBS BE S B9 R, 1 LMKNCN ) 1 45 28 Y1 25 ke A
A2 HLR O B BEAR B LA T AR B SR S B (A B, —
FREE b om IR T B AOX 43 2k 1 5 ) ; B A M S
13 2 , KNCNCM 1912 W 45 SR AR/ | F- 418 5
AR T H AR R oy 26 4%, R KNCNCM M #2T
LMKNCN Fl KNN i M i A U, B 8 57 i fa e
PEFIR I BE J) .

Sy {4 B T e AL AR A I R AU A ) T S ot
B A 43 25 A I A 4 i — b T R S O B E A
/N B B M ) 3 5 (LCMMDP ) F 4 5 v Fl S T J5) 38
B 5 288 E 6 k3 oL a4 4 28 ik
(KNCNCM) #H 25 & (1 J5e 5% AL B 12 W 7 o 4%
38 1 — A XU RS0 IR B 5 R A R B
EFEATIUE , LB 25 R B .

(1) LCMMDP #f [t % T MDP,MNMP,LDA,
LPP,MMC 4§ [ 4t J5 vk , vl 42 B0 o] 20 1 o o 141G
Yt 73 (]I B R AE 4R, 7E 14T 5 e 4SS =X U e B A —
FE PR

(2) KNCNCM 4325 77 i BE A oK 43 S REA 78
e 2 HL (R 30 0 3T A 1 R A R R T 2841
Y HEARHR  5E R T A B T SR A3 2P RE (R S
I H— o B bl T MRS 0 T B — AR
SE TR HE R

(3) LCMMDP 5 KNCNCM # 45 & 19 4k 3¢ 2
AT 40 1 12 DR A% 3 RE 0% 7 00 b T v 4 s 1 i s O 4
HEAT Ak K024 T AR 43 28, O e e LAY g I R 12
W 4 T — i e

S X Wk

[1] Wang Z Y, Lu C, Zhou B. Fault diagnosis for rotary
machinery with selective ensemble neural networks[J].
Mechanical Systems and Signal Processing, 2018,
113: 112-130.

[2] SU Z, Tang B, MA J, et al. Fault diagnosis method

based on incremental enhanced supervised locally linear

[3]

[4]

(6]

[7]

[8]

[9]

[10]

[11]

[14]

[15]

embedding and adaptive nearest neighbor classifier [J].
Measurement, 2014, 48(1): 136-148.

Turk M, Pentland A. Eigenfaces for recognition [J].
Journal of Cognitive Neuroscience, 1991, 3(1):71-86.
Martinez A M, Kak A C. PCA versus LDA[J]. IEEE
Transactions on Pattern Analysis and Machine Intelli-
gence, 2001, 23(2): 228-233.

He X. Locality preserving projections [J]. Advances in
Neural Information Processing System, 2003, 16(1) :
186-197.

ROWEIS S T, SAUL L K. Nonlinear dimensionality
reduction by locally linear embedding [J]. Science,
2000, 290(5500) : 2323-2326.

JIANG Quansheng, JIA Minping, HU Jianzhong, et al.
Modified Laplacian eigenmap method for fault diagnosis
[J]. Chinese Journal of Mechanical Engineering, 2008,
21(3): 90-93.

Sugiyama M. Dimensionality reduction of multimodal la-
beled data by local fisher discriminant analysis[J]. Jour-
nal of Machine Learning Research, 2007, 8(1): 1027-
1061.

Yan S C, Xu D, Zhang B Y, et al. Graph embedding
and extensions: A general framework for dimensionality
reduction [ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2007, 29(1): 40-51.

Yu W, Teng X, Liu C. Face recognition using discrimi-
nant locality preserving projections [J]. Image and Vi-
sion Computing, 2006, 24(3): 239-248.

BB, FHRES . d/NEE e S0 95 R A KR
omg R (T, v B R DR 5 4, 2013, 18(02) -
201-206.

Huang Pu, Tang Zhenmin. Minimum-distance discrimi-
nant projection and its application to face recognition
[J]. Journal of Image and Graphics, 2013, 18 (02) :
201-206.

OB, EIRE . SRy JR AR v A DR R B AR N
Jo: R v E LT ] TR ALE B i 5 TR 4 24k
2012, 24(11): 1420-1425.

Huang Pu, Tang Zhenmin. Discriminant local median
preserving projections with its application to face recog-
nition [J]. Journal of Computer-Aided Design & Com-
puter Graphics, 2012, 24(11): 1420-1425.

GoulJ, YiZ, DulL, etal. A local mean-based k-nearest
centroid neighbor classifier[J]. The Computer Journal,
2012, 55(9): 1058-1071.

B, B s BT RYESENER
AR R[] FEH S B, 2009, 24(04): 547-550.
Zeng Yong, Yang Yupu, Zhao Liang. Nearest neighbor
classification based on local mean and class mean [J].
Control and Decision, 2009, 24(04): 547-550.
e, B, £ OF, % ZE TR BB PCA-LPP



430 £ I N - 7 5 34 &

T 2 ) Bk BB R R HER [T ]. g R R A (18] Z=2¢7%2 4% - B FYHT . S IE % 3270 53 W7 vk R AE ik

SREBFERR) , 2016, 47(05) : 1559-1564. B2 W7 Hh i 2 LT ). ALAR TR 2 4, 2014, 50(03)
ZHANG Xiaotao, TANG Liwei, WANG Ping, et al. 123-129.

Fault identification and dimensionality reduction method LI Xue-Jun, LI Ping, Jiang Ling-Li. Class mean kernel
based on semi-supervised PCA-LPP manifold learning principal component analysis and its application in fault
algorithm[J]. Journal of Central South University (Sci- diagnosis [J]. Journal of Mechanical Engineering,
ence and Technology), 2016, 47(05): 1559-1564. 2014, 50(03): 123-129.

[16] BLAKE C L., MERZ C J, 1998, UCI repository of ma- [19] Chen F, Tang B, Chen R. A novel fault diagnosis mod-
chine learning databases [ EB/OL]. [2019-01-12] Uni- el for gearbox based on wavelet support vector machine
versity of California. Available online at: http://ar- with immune genetic algorithm [J]. Measurement,
chive.Ics.Uci. edu/ml/. 2013, 46(1): 220-232.

(17] FRtHos, %=, Bk s . B T HURGHE 8 5 0P [20] AL, B2 . 2R 5 R EFE B RlG m  il

) R L RS W [T ] IR 8 5 ekl 2014, 33 W SHE 4R B D sk RS (7). A Sk, 2017, 43
(03): 70-75. (04): 560-567.
SU Zu-qiang, Tang Bao-ping, Yao Jin-bao. Fault diag- Zhao Xiao-li, Zhao Rong-zhen. A method of dimension
nosis based on sensitive feature selection and manifold reduction of rotor faults data set based on fusion of glob-
learning dimension reduction [J]. Journal of Vibration al and local discriminant information[J]. Acta Automati-
and Shock, 2014, 33(03): 70-75. ca Sinica, 2017, 43(04): 560-567.

Dimensional reduction analysis of rotating machinery fault data based on

local centroid mean minimum-distance discriminant projection

SHI Ming-kuan, ZHAO Rong-zhen
(School of Mechanical and Electronical Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: Aiming at the problem of classification difficulty caused by the strong nonlinearity and the high dimensionality of fault da-
taset of rotating machinery, a fault dataset dimension reduction algorithm local centroid mean minimum-distance discriminant pro-
jection (LCMMDP) is proposed. The algorithm can maintain the local geometric structure information of the sample while consid-
ering the cohesion and separation of the sample, reflecting the close relationship between the sample and the local centroid mean.
The hybrid characteristics of rotor vibration signals are extracted from multiple angles, the original high-dimensional feature sets
are constructed, and low-dimensional sensitive feature subsets are extracted by LCMMDP. The improved k-nearest centroid neigh-
bor classification based on local mean and class mean is used (KNCNCM) for fault pattern recognition. The proposed method inte-
grates the advantages of LCMMDP in dimension reduction and KNCNCM in pattern recognition and provides higher fault identifi-
cation accuracy. The validity of the proposed method is verified by the instance of the fault diagnosis of a double-span rotor system

dataset and simulation dataset.
Key words: fault diagnosis; dimension reduction; local centroid mean; classifier; pattern recognition
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