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Health Status Evaluation of Axial Piston Pump Based on Convolutional
Neural Network and Long Short-term Memory Network

WEI Na-sha, LIU Jiang-feng, DING Ze-peng, TIAN Zhi-yi
(School of Vehicle and Traffic Engineering, Taiyuan University of Science and Technology, Taiyuan 030024, China)

[ Abstract] The plunger pump is one of the important power conversion components of the hydraulic system, and its performance di-
rectly affects the safety and stability of the hydraulic system. In order to accurately evaluate the operating status of the plunger pump,
a plunger pump health status assessment method based on a combination of convolutional neural network (CNN) and long short-term
memory network (LSTM) was proposed, and a genetic algorithm was introduced to optimize the parameters of the neural network. The
vibration signals of the plunger pump at different operating moments were collected. The energy characteristics of the vibration signals
were extracted by using wavelet packets. Combined with the time-frequency domain characteristics of the signals, a dataset of the health
status characteristics of the plunger pump was constructed. The health status was identified and classified by the CNN-LSTM method,
and the classification results were evaluated by sample entropy. To verify the effectiveness of this health assessment method, it was ap-
plied to the experimental test of the plunger pump. The results show that the recognition accuracy of this method reaches 99% , which
can effectively improve the accuracy of the health status assessment of the plunger pump.
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3.3 RESHEMPRLE

FIH CNN-LSTM R X hE FEFE 1) 5 Fpfd HER A
AT, 7F CNN-LSTM #& &I CNN JZ2 FZH 2
MNERHZE 2 DHGEZE 1 AL)Z 0 1A flatten )2,
Hop 55— 2 HBFUZ R 16 432 x 1 BB, £
KA LEZEERERH 32 116 x1 MERE,
RN 152 DS E R PR R Relu pRAL; WAL )2
KA 3 LST™M JZ2 F 54 1 4 LSTM 2 .1
A~ dropout B 11N EEEMN 1 softmax 2, Hi ,
dropout JZ 35N 0. 5 5 softmax JZHi H 1 28 T04L
N 9 XTI 4 g 9 A aREIR A,

TE CNN-LSTM % 45 | Il 2k 45 B 1 57 2% F0 43
PR S R BZ BB R R WME 9 iR, Al LA
b eI S R B AR B B, Il 2
SR W UE R AE RS2 1 TF, 302K oA BUTE 3B BT R A

WA E] 400 WA, PR TRae, 20t 2
900 YEAR A 15 1k, e AU 2 4 B F s 18 ) o
FIRFNT 99. 8% , fE AR AN 500 2247 J5 ] LA
SEHL

DR AE 285 TR VE R Q& 10 s, al LA
AL, 2001 .3.7.8.9 AFRAER A 2850 2 hA 1
ARSI 7, 250 4 T2 5 h4A 1A
BRI ZE 852800 6 TR 5 AMFEARBIRILIGN A
2 1, MHRAR B RO ERR 2RIk B T 99%

Sk B UE T4 5 1 I A R R R A R B s B
S B ) CNN T LSTM W 48 k4T 40 2 15000, 18 591
HERRZE N 5 iR, Fripi sl gy CNN A5 7 1Y
VERRRELE T 7% 8 ISTM 35 7 15% , A A &
AR BIAERTR 55 4k, 38 1 X o I g vl 2 i
JPRBU LR, & 11 Bras, nT LABH A Y ZE AR R Y
AR R, CNN-LSTM A5 R (1) o iy & 41 T} o )3
R,

100

. [
e
& so
&
O 1 1 L L 1
0 500 1000 1500 2000 2500
FEARIREL
(a) Y FAERZ M 2
21
P
&
[
*
=
0 s Lo Ll llntas N "
0 500 1000 1500 2000 2500
FEARIREL

(0) I RAi 5t e oA A 2
P9 NIk ks RGO o I 2
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Fig. 14  Physical picture of wear components of plunger pump
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