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Fault Diagnosis Method of Helicopter Swash-Plate
Bearing Based on Neural Networks

Jin Xiaogiang , Li Xinmin, Chen Huan, Zhang Xianhui
(AVIC China Helicopter Research and Development Institute, Jingdezhen, 333001,China)

Abstract: To improve the helicopter safety better, the fault diagnosis of swash-plate bearing based on BP

neural network and RBF neural network is investigated. Bearing seed fault tests are carried out, vibra-

tion data of bearing tests are obtained and its characteristic signals are collected. Some characteristic sig-

nals of vibration data are used as the inputs of neural networks to perform the fault diagnosis, and accu-

rate fault diagnosis rates are obtained. The highest diagnosis rates of different kinds of bearing faults are

high than 89%.
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Fig.1 Vibration data smoothing in normal state
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Fig.2 Vibration data smoothing under inner race fault
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Fig. 3 Vibration data smoothing under outer ring fault
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Fig. 6 Network structure diagram of BP neural network
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Fig. 7 Network structure diagram of RBF neural network
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Fig. 8 Seed fault test of swash-plate bearing Fig. 10  Inner race fault(Sample 4): width 1. 5 mm,

depth 0.4 mm
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Fig. 11 Outer ring fault(Sample 7). width 1. 5 mm,
depth 0.4 mm
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Tab. 2 Fault diagnosis rate of X direction data of NO. 0 sensor by BP neural network(Sample 4) %
28 SHE 50 % 5% 100 % —50% —75% —100% S92 R
EWES 0 25 100 10 60 90 0 40.7
PN P i 10 100 75 100 100 100 100 83.5
NEE g 85 100 100 100 100 100 45 90. 0
TR IR L s 75 0 35 10 85 30 90 46. 4
F3 0SEEE X EEE RBF M4 W& EBIES T (X% 4)
Tab.3 Fault diagnosis rate of X direction data of NO. 0 sensor by RBF neural network (Sample 4) %
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Tab. 4 Fault diagnosis rate of Y direction data of NO., 0 sensor by BP neural network (Sample 4) %
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Tab.5 Fault diagnosis rate of Y direction data of NO. 0 sensor by RBF neural network (Sample 4) %
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Tab. 6 Fault diagnosis rate of Z direction data of NO. 0 sensor by BP neural network (Sample 4) %
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Tab.7 Fault diagnosis rate of Z direction data of NO. 0 sensor by RBF neural network(Sample 4) %
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Tab. 8 Fault diagnosis rate of Y direction data of NO. 0 sensor by BP neural network (Sample 8) %
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Tab. 9 Fault diagnosis rate of Y direction data of NO. 0 sensor by RBF neural network(Sample 8) %
AT A 50% 75% 100% —50% —175% —100%  FHBER
EREY 100 100 100 100 100 100 100 100. 0
P ] ik p 100 100 100 100 100 90 100 98.5
N ER 100 100 45 5 85 45 15 56.4
TR B 30 70 65 60 45 25 30 46. 4
6 = i (1) ¥R 2l £ 1% 45 1) <22 36 57 & /0 5 o) 5 LA K Bl 7
Zn e

AR IR TR TR 22 0 2% %8 BT AIL B Sl AR
we il R 2 W07 vk . X E T A ShBUR Bl R 1T
TR AR S L AR IR T ) Sl R R B R iR
SR R R 245 5 1 29 77 ARAE L F- 32 g 6 A0 2
RGeS 2By BP w2 W 45 Fl RBEF A
221 25 1) i N S8 3o ) 7 s 2 0 2% 1 I L )
fﬁﬂtﬁ?ﬂr%ﬁﬁﬂﬁiﬁﬂﬁk 112 W . xR e K A2

Fror b BEEUE

19 32 4805 ) K 52 1) 1) S AR} i K 1) i 12 W
Ho SRR AL R B4R 2l 1% SRS L PR 3 A% g
42 56 7 1) N 55 1 Sl AR 28 A2 30 1) — B

(2) X F [ B0RE 5 il 2 Y 1E 5 55 RN B
F , RBF fif 2 M 2% (112 Wi 26 W] 2 5 T BP pj 28 ) 4%
112 W 2, Ho IR W 5 5 B2 W R R s
99 %6 » N Bl LB P 42 W i 3k 98,5,

(3)XF T 1 BIR% 25 al 25 1) 471 B 5 e TR B i
W% BP #2828 112 W R B 2 5 T RBF & M 4%



el /N A L TR 25 9 BT AL A S R R R RS W T ik 237

(12 W7 2, A1 B BB 1 - 2412 B 6k 31 97 %0,

(AT XS F B 00A} 25 il 2 VR BR e, BP pf 5
I 2% F1 RBF it 28 1 2% (1) 5 s 12 W 23 0 4 AIK O T
Y 5 . BP #2452 W fe | i 89. 300, I
fikH 65. 3% ; RBF #4512 Wi 6 f = R 70. 0%,
BAIKR 46, 4%0) . 1 TR sl R 0 7R Bk AR
RN T HL A TR BR R iR 3N B8 i
PEA — 2 1 BE ALY S 3507 BR R 1 12 B 2 A
Ik 75 Lk — L TP R A 5T

S & k-

[1] Harris T A, Kotzalas M N. Rolling bearing analysis
essential concepts of bearing technology [ M]. New
York: CRC Press Inc, 2007.

(2] BRI BT 4R 305 5 10 R 2 Bl 7K R 12 I iF 5%
[DJ. P44 . P44 W B K%, 2011,

Chen Kuijiao. Study on ball bearing fault diagnosis
based on vibration signals [D]. Xi'an: Xidian Uni-
versity, 2011,

[3] Keller J] A. Swashplate bearing monitoring with US
Army and US Army National Guard VMEP[C] /
Fourth DTSO International Conference on Health and
Usage Monitoring. Australia; DST-Group, 2005.

[4] Battat M, Kogan G, Kushnirsky A, et al. Detection
of CH-53 swashplate bearing deformation-From a 3D
dynamic model to diagnostics[ C] // Annual Confer-
ence of the Prognostics and Health Management Soci-
ety 2013. New Orleans, LA:[s.n. ], 2013.

(5] 8 EM. 3 TR 35 5 3 2otk 77 1 09 B 7k 12 1 F 5%
(D1 8T TR, 2010.

Cui Yumin. Study on bearing fault diagnosis based on
nonlinear method of vibration signals [ D]. Zhen-

jlang: Jiangsu University, 2010.

(6]

L7]

(8]

(9]

[10]

[11]

[12]

ik . 2 BB A iR 1 0 SVM. A 7R 3h il R B % 12
Hg R ED . B V98 K4, 2011,

Zhang Tao. Application of empirical mode decompo-
sition and SVM for rolling bearing fault diagnosis
[D]. Zhenjiang: Jiangsu University, 2011.

L. VR Syl Rl 9 e AR 42 BRS5 0 FH BF E [D . K% -
K BT K%+ ,2009.

Ma Chuan. Investigation on fault extraction for roll-
ing bearing and application [D]. Dalian: Dalian Uni-
versity of Technology, 2009.

AR BT HHT 8978 3 Bl kil 512 0 i B8 5 5
WF5ELD]. Kb« B Rk 2, 2009,

Zha Wei. Study on rolling bearing fault diagnosis the-
ory and method based on HHT [D]. Changsha: Na-
tional University of Defense Technology, 2009.

JE R IE B MU R 2 W 2 M. 1. iRl
SRR IR L 1986,

Qu Liangsheng, He Zhengjia. Mechanical fault diag-
nosis [ M]. Shanghai: Shanghai Science and Technol-
ogy Press., 1986.

et bk, o2 AR AR F LML LM T TR R
A AL, 2001

Li Hong, Qu Zhonggian. Bearing application manual
[M]. Shenyang: Liaoning Science and Technology
Press, 2001.

Hagan M T, Demuth H B, Beale M H. #f % % 2% i%
FROMD. #0281, dbat MU Colk i R, 2002.
Hagan M T, Demuth H B, Beale M H. Neural net-
work design [ M]. Dai Kui, Trans. Beijing: China
Machine Press, 2002.

FE/NNTL R0 AR 5. MATLAB $i & M 4% 43 >3
1 43 BT LML b e« A6 R0 28 i K K 2% AL, 2013,
Wang Xiaochuan, Shi Feng, Yu Lei, et al. 43 exam-
ples analysis of MATLAB neural networks [ M ].
Beijing: Beihang University Press, 2013,



238 (I O GRS N S S ¢ 48




