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A Fault Diagnosis Method for Piston Pump Under Variable Speed

Conditions Using Parameterized Demodulation

XU Zi', CHAO Qun', GAO Haohan', TAO Jianfeng'?, LIU Chengliang'?, MENG Chengwen'

(1. School of Mechanical and Power Engineering, Shanghai Jiao Tong University, Shanghai 200240, China;
2. State Key Laboratory of Mechanical System and Vibration, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: In order to solve the problem of low fault diagnosis accuracy of piston pump under
variable speed conditions, caused by the difficulty of time-varying signal features extraction and
noise suppression, a piston pump cavitation detection method based on parameterized
demodulation is proposed. Firstly, a particle swarm optimization algorithm is used to estimate the
phase parameters of the key component of the pump outlet time-varying pressure signal, and the
signal is demodulated to be stabilized and filtered according to the estimated parameters. Then
the filtered signal is recovered to obtain a single signal component. The above steps of
parameterized demodulation are iteratively performed to extract all key components and realize
signal reconstruction. Finally, the reconstructed signal is sliced to construct the dataset, which is

then fed into one dimensional convolutional long short term memory neural network (1DCNN-
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LSTM) to extract local features and learn long-term time series information, so as to realize the

accurate identification of the piston pump cavitation degrees. The fluid simulation signals validate

the effectiveness of the parameterized demodulation in extracting signal components. Real signals

are used to conduct cavitation fault diagnosis experiments. The results show that, compared with

the diagnostic method without the parameterized demodulation, the identification accuracy

increases by 6.5%, and achieves to 95.4%, and the proposed model has better generalization

performance. In the strong noise environment with SNR of 0 dB, the accuracy rate of diagnosis is

maintained above 90%.

Keywords: piston pump; variable speed; fault diagnosis; parameterized demodulation;

convolutional neural network; long short-term memory network
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Fig. 1 Flow chart of signal decomposition and reconstruction

method based on parameterized demodulation
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Fig. 2 Effect of demodulation transform on frequency domain
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Fig. 3 Structure of the fault diagnosis model
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Table 1 The main network layer’s characteristics and

parameters of the deep learning model
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Fig. 5 Fluid domain and generated mesh for the CFD model
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Fig. 6 Pressure signals before and after parameterized demodulation
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Table 3 Cavitation degrees of piston pump under different

Ap=1 (15)

working conditions

5 fh 5 2 ARER AHET/ e i/
KILE/ % MPa (r+min ")
0.1 3 000~5 000
Tz 0~1.5 0.2 3 000~9 000
0.3 3 000~10 000
Bt 2~3 0.1 6 000~8 000
A 1k 7~8 0.1 9 000~10 000
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Fig. 10 A comparison between the diagnostic performances

of two methods on noise dataset
8T R B SR U it 0 ) 2 4k
5 4 i
o o AR Bt 3 T 40 T b 1) A E R KRR 2 W ) R
AR SCHR H— i 3 T S B0 R AN TR B 22 S i 2 K
o HEZEE N O AR NE S 4 S 50k i W ab

AR BCH 0 IR A B A B CNN-LSTM [ 2%
Nk T 2 A B S SRR . e Ah AN R A5 e




28 [ TS S R N S 55 55 &
IS EWESINERGEEHES G EE ation hydraulic pumps using 2D convolutional neural
2, %0h %ﬁﬂﬁ%ﬁﬂ\fﬂﬁ ,ﬁ; BRIl ﬁt% St Y1 45 4 G networks with an input of {RGB}-based vibration data
CNN-LSTM Fi8 gk 47 ¥E AL . 523 45 9 F6 0, A 3 [J]. Measurement Science and Technology, 2020, 31
D7 B RS 11 3 B A 00 4 o b X (e doploz
2 A A A W B A F 95, 4% A [10] GUO Yu., LIU Tingwei, NA.A Jl.ng, et. al. Envelope or-
e 28 5 M T 10 7 » A% S5 2 B0 A 0L fier tracking for fault detection in r-olhnfg element bear-

ings [J]. Journal of Sound and Vibration, 2012, 331

Pz ALRE T B e R T 6,500, fEMR (25) ; 5644-5654.

RGO IR B B A& AR 0 dB 9 3 [11] ZHAO Dezun, LI Jianyong, CHENG Weidong. et al.

W FH T M AR AR AR 9000 LB L TS SR T 2 Hu ik Compound faults detection of rolling element bearing

i R P o HC i 3 B MR e 1 i f 2 T B based on the generalized demodulation algorithm under

time-varying rotational speed [J]. Journal of Sound

SE k- and Vibration, 2016, 378; 109-123.

(1] ZEWk. Mg, SR8, 25, 2T BP M &N 2% )% JE [12] LU Siliang, YAN Rugiang, LIU Yongbin, et al. Ta-
STNHHRIZWE (], WES5S 3, 2017(7) . 11-15. choless speed estimation in order tracking: A review
LI Lin, TAO Jianfeng, HUANG Yixiang, et al. In- with application to rotating machine fault diagnosis
ternal leakage detection of hydraulic cylinder based on [J]. IEEE Transactions on Instrumentation and Meas-
BP neural network [J]. Chinese Hydraulics & Pneu- urement, 2019, 68(7): 2315-2332.
matics, 2017(7): 11-15. [13] WANG Tianyang, LIANG Ming, LI Jianyong, et al.

(2] 4. TR, MR, i m /e sh 28 i e w5 2 Rolling element bearing fault diagnosis via fault charac-
SR wrsy [J]. VLR S E, 2013, 41(19) ., 40-44. teristic order (FCO) analysis [J]. Mechanical Systems
XI Renguo, LIU Weiguo, CHEN Huanming. Model- and Signal Processing, 2014, 45(1): 139-153.
ing simulation and experimental research on electro-hy- [14] OLHEDE S, WALDEN A T. A generalized demodu-
drostatic actuator (EHA) [J]. Machine Tool & Hy- lation approach to time-frequency projections for multi-
draulics, 2013, 41(19) . 40-44. component signals [EB/OL]. (2005-06-10)[2021-03-

[3] EE. EHA %A 28 2 5 b 2 T i H R 5% 20]. https: // core. ac. uk/download/pdf/295591. pdf.
[D]. BUM . WLk, 2019 24-25. [15] MA Zengqgiang, LU Feiyu, LIU Suyan, et al. An

(4] Tugw#e. PhmtEEEZ S myLEE &5 598 [D]. KR . adaptive generalized demodulation method for multime-
k2, 2014, 2-15. dia spectrum analysis is applied in rolling bearing fault

[5] DAI Juying, TANG Jian, HUANG Shuzhan, et al. diagnosis [J]. TEEE Access, 2020, 8: 20687-20699.
Signal-based intelligent hydraulic fault diagnosis meth- [16] FENG Zhipeng, CHEN Xiaowang, LIANG Ming, et
ods: Review and prospects [J]. Chinese Journal of al. Time-frequency demodulation analysis based on it-
Mechanical Engineering, 2019, 32(1). 1-22. erative generalized demodulation for fault diagnosis of

[6] SIANO D, PANZA M A. Diagnostic method by using planetary gearbox under nonstationary conditions [J].
vibration analysis for pump fault detection [J]. Energy Mechanical Systems and Signal Processing, 2015, 62/
Procedia, 2018, 148. 10-17. 63: 54-74.

[7] PANDA A K, RAPURJ S, TIWARI R. Prediction of [17] Fwede, 8, R#s. STET w440 07 55 1k B 58 K I
flow blockages and impending cavitation in centrifugal EFNEIRSh e B9 R A (D], WA 5 4R 2h il
pumps using support vector machine (SVM) algo- 2011, 31(1): 65-68.
rithms based on vibration measurements [J]. Meas- WANG Xiaohua, PENG Cheng, LIANG Jing. Re-
urement, 2018, 130 44-56. search of STFT time-frequency analysis algorithm and

[8] XIAO D Y, HUANG Y X, WANG H R, et al its application in train vibration analysis [J]. Noise
Health assessment for piston pump using LSTM neural and Vibration Control, 2011, 31(1);: 65-68.
network [ C]// 2018 International Conference on Sens- [18] YANG Yang, DONG Xingjian, PENG Zhike, et al.
ing, Diagnostics, Prognostics, and Control. Piscat- Component extraction for non-stationary multi-compo-
away, NJ, USA. IEEE, 2018. 131-137. nent signal using parameterized de-chirping and band-

[9] CHAO Qun, TAO Jianfeng, WEI Xiaoliang. et al. pass filter [J]. IEEE Signal Processing Letters, 2015,

Identification of cavitation intensity for high-speed avi-

http: // zkxb. xjtu. edu. cn

22(9): 1373-1377.




510 ) B 4 < R 2 B0 A R 04 A8 T o T M 2B 2 RIS T O vk 29
[19] ¥4, SEALISR 0 b B0 . Pk R HE TREE S 2 [24] Parametric Technology Corporation. Creo parametric 7

[20]

(21]

[22]

(23]

Prep g (D] bl R K%, 2013; 43.
KIRANYAZ S, AVCI O, ABDELJABER O, et al.
1D convolutional neural networks and applications: A
survey [J]. Mechanical Systems and Signal Process-
ing, 2021, 151. 107398.

CHEN Xiaohan, ZHANG Beike, GAO Dong. Bearing
fault diagnosis base on multi-scale CNN and LSTM
model [J].
2021, 32(4) . 971-987.

KINGMA D, BA J. Adam: a method for stochastic
optimization[ EB/OL]. (2014-12-22) [ 2021-03-20 J.
https: //arxiv. org/abs/1412. 6980.

SINGHAL A K, ATHAVALE M M, LI Huiying, et

Journal of Intelligent Manufacturing,

al. Mathematical basis and validation of the full cavita-
tion model [J]. Journal of Fluids Engineering., 2002,
124(3): 617-624.

[25]

[26]

http: // zkxb. xjtu. edu. cn

online help[ EB/OL]. (2020-05-11)[2021-03-20]. ht-
tps: // support. ptc. com/help/creo/creo_pma/r7. 0/us-
ascii/ # page/simulate/cfd/Cavitation/CavitationModel
s. html.

KUNKIS M, WEBER ]J. Experimental and numerical
assessment of an axial piston pump’s speed limit [C]
// BATH/ASME 2016 Symposium on Fluid Power and
Motion Control. Norcross, GA, USA: American So-
ciety of Mechanical Engineers, 2016; 201650031123
43.

CHAO Qun, TAO Jianfeng, WEI Xiaoliang, et al.
Cavitation intensity recognition for high-speed axial
piston pumps using 1-D convolutional neural networks
with multi-channel inputs of vibration signals [J]. Al-
exandria Engineering Journal, 2020, 59(6). 4463-
4473.

(il 14




