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W-DenseNet-based fault diagnosis model of pressure-reducing valve with
unbalanced samples

ZHANG Hongl’QT, SHENG Yong—jianl, HUANG Zi—longl, LIU Chen', CAO Yi'?

(1. School of Mechanical Engineering, Jiangnan University, Wuxi 214122, China; 2. Jiangsu Key Laboratory of
Advanced Food Manufacturing Equipment and Technology, Jiangnan University, Wuxi 214122, China)

Abstract: Considering the fact that most of the tested objects are in the normal state under practical working conditions
can cause the scarcity of fault samples and differences within fault data, which further leads to low accuracy of fault
classification, a DenseNet-based fault diagnosis model of unbalanced samples for the pressure-reducing valve is proposed,
called weighted dense convolutional neural network (W-DenseNet). Firstly, the input data of the model is obtained by
reconstructing original data of one-dimensional pressure signal and converting it into a two-dimensional grayscale image.
Next, a feature extraction network is built based on the DenseNet. Then, to realize the weighted average of unbalanced
sample errors, penalty coefficients are added to different types of samples in the loss function. Finally, the data acquisition
system of the pressure-reducing valve is built and the classification performance experiment is carried out to validate the
proposed model. The experimental results show that the W-DenseNet model exhibits good classification performance on
data sets of pressure-reducing valves with different degrees of balance. When the sample imbalance occurs among each
fault class, the recall rate of the model for the three fault types is still up to 95.18%, 95.47%, and 96.89%, respectively.

Keywords: pressure reducing valve; dense convolution network; imbalanced sample; weighted cross entropy loss

function; fault diagnosis
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CSCNN! 9556 9027 90.33 97.65 246.16 100
W-DenseNet 97.64 9120 9035 9825 17552 30

Fz4 PEREEHRNAREZEFl-score %

(=R7R N S LO HC
SVM 86.12 84.54 83.60 87.15
LeNet5 97.06 86.50 84.06 94.11
VGG6 97.28 87.12 84.90 94.53
DenseNet 97.82 87.54 86.56 94.80
NCNN!22 97.06 89.98 90.22 95.26
CSCNN'?! 96.88 92.18 92.04 95.93
W-DenseNet 97.78 93.34 92.54 96.56

H1 3% 3 FIE 4 W] Hi:

1) IR S MR AR 10:1 15, SVM
AL AR R R /N, X 4 SR (1) 43 SRR T
L, B AN K FEAH; LeNet5. VGG6 Al DenseNet X # &
M 53 SRR AR BT 1R 5 2 A B R PRI, TR
FE Mty PR A A H 1 1 A e

2) AT AT 4 RS T =, NCNNL CSCNN BL &
W-DenseNet 7 1548 Lo~ & 2Kl BA R 1F /Y
T 2RR, H W-DenseNet [ % 82 & F2 i 5s 7 R E(R
S EH, W BRI F-score 2 5 T HoAth A L1

3) LIRS LB SVM T 7 19 )11 2R [a) B 4,
LeNet5. VGG6. NCNN., CSCNN [A 4570 2 #0542
UGEAFT 75 I TR, (EIEAR IR B 2 75 100 I 528 A4
# T 8 DenseNet il W-DenseNet 45 7 2 £ 55 1%, B
TR AR Ta) 54, (R IR] 19 2% 14 R AAE 2 F, ik 1 ke sl
THEE, IR AR ELL) D9 30 I ARE AW S5, HE AR I Gt 1] A
B HAth B B A
332 EENPEEK

5RO NZFEAR LA T S A58 55 500

AP SEIG T B HORAS S MR
JE AR A P ) v s R A L5 920 0 1
1o 1,5 7 SR LOUREAR I ™ A 1 L. 3RS
K 6] Hl:



%6

ik & A T W-DenseNet 049 588 & [8] 7 P47 4 A3 4B A2 A 1519

®5 ERFTHTARBLAZEE %

Hik N S LO HC WHE/s sk
SVM 8441 7658 7033 87.50 3.87 100
LeNet5 9776 60.82 6575 8544 42183 100
VGG6 9796 61.58 67.04 87.34 37172 100

DenseNet 98.14 64.09 6291 91.99 300.11 30
NCNNI22 96.94 77.92 8250 92.79 430.18 100
CSCNNIZ 9583 7678 86.39 8849 42344 100
W-DenseNet 97.61 80.76 86.81 9535 30324 30

%x6 EEFEHRNAREZLFl-score %

AT N S LO HC
SVM 86.68 79.64 76.12 85.17
LeNet5 96.00 71.16 74.36 89.48
VGG6 96.58 72.12 75.06 90.91
DenseNet 97.02 74.46 74.34 92.50
NCNNI?2I 95.92 84.94 87.14 93.12
CSCNNZ! 95.08 83.70 90.04 90.46
W-DenseNet 96.66 86.44 90.74 94.28

1) H17T DenseNet [ S 18 2 HUB0R A K B 5 A
P A AR, IR IR ZS 1 A R A Fl-score /5 13
N=R7

2) HEHEEA T E JE AP AT, SVM., LeNetS-.
VGG6 Fll DenseNet X T 3 Ff i i A A 2 R B HL 1R 22
53 AR

3)W-DenseNet 7E A [ A% B 4R #E 1 2 1 AT 82 1
KM B w5 T Wb 2 501 ¥ A 5] 28 AT Fl-score, HAHEL T
NCNN, 3 P i 74 [5] 22 53 5] 2 5 1 2.84 %o 4.31 %o
2.56 %, F1-score 73 7l 4 1 1.50 %0+ 3.6 %o~ 1.16 o
333  WEESREA P

I8 s 1R S o Tt v, T P A AR BRI AAN [RD,
VRS 10 25 A RS A 1) B A R P8 AN A [), AN T 3 B35
W SRS B A AEFE AR EE AT AR

WSS (AN 2 RS B T EIR IEFIRE S
MRS FEA SR A PRI R a2 bk —
W PR T SRR ES £ B T A7 TR AR R (AP Al
IF . SEEG T, 4 PRSI AR AR L 16 0 4 - 2 1,R]
IEFRESE WRRES . WO S5 2 (R A7 AE AN P4
I B, 2% 7 % 8y ARSI 45 %

®7 KEOFRPETAREEBEE %

Hik N S LO HC Wfas  Wduik
SVM 8820 8341 8522 8890 231 100
LeNet5 98.46 86.58 78.81 89.96 23582 100
VGG6 98.66 86.32 77.85 89.98 207.76 100

DenseNet  98.25 87.80 84.30 89.04 17458 30
NCNN?22 96.77 90.92 88.50 92.37 24049 100
CSCNN®! 9644 9458 9124 9413 23376 100
W-DenseNet 98.07 95.18 9547 96.89 17236 30

#=8 LB EEH TR AREAEF-score %

Hik N S LO HC
SVM 87.67 85.23 86.17 88.01
LeNet5 96.28 89.22 85.86 90.11
VGG6 96.52 90.20 85.60 91.90
DenseNet 96.92 89.78 88.46 91.38
NCNNZ2 96.26 92.24 91.14 93.42
CSCNNI23! 96.02 95.10 92.68 94.86

W-DenseNet 97.04 95.46 95.62 96.36

1 7 FIER 8 ] 4il:

1) ZEIB) AN P17 51256, W-DenseNet X T~ 3 S i s
KA A 18] R FTF1-score 3 A%t b SR B i R

2) T CSCNN, W-DenseNet %} T 3 25 1)
A [ 253 L T 0.6 Yo~ 4.23 %o+ 2.76 %o, Fl-score 53
HEEE 7 0.36%-2.94 % 1.5 %;

4 & @

4h 4 DenseNet W 26 FlINAL A2 XM 40 2% bR 20, AR
CHEH T W-DenseNet AN 47 FE AR #5512 Wi 4L 78
N[5 P47 FEE P93 P R W e 5 0 B R AT T R Ay 2
S, SEEG A5 RR W 1) AT G — 4R ) B R
BN, 4R IR R P i N\ 7 TORE A 2R SR I B A 1)
SRR R 2) W-DenseNet £E A [ 3844 HE 7 3R 1 5
P& T R Wik 25 THASE A S6p i e A A B R ) B8R AR
SR MV AR U 12 W 32 48 FR A7 AE AR AR AN P-4l ] 7
PRME TYISERIAT T R,

TR H 052, W-DenseNet & 75 %5 T & Fr . &40
557 5 In) U AR AE AN R R 2 R AT A7
FEAN & 22 Qb A5 B sk AR T 75 B ) AH 458 T e SR AR
U K 55 T 2 0 ) R 4 T EE T 22 TN B SR
B ZEHf . DR, BT AR T I 25 07 8 DAYk /D 1S AL 1)
SRIST 18] LA et B N 1) 2 3 SR R R A Rk
I AR E A
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