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The health status assessment of gas flow meter based
on multi-scale weighted morphology network

Hu Fan',Zhang Yong”, Xie Linbo'

(1. College of Internet of Things Engineering, Jiangnan University, Wuxi 214000, China; 2. College of Information
Science and Engineering, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: Gas flow meters are important instruments for natural gas trade measurement, and changing of their health status can cause
measurement deviation. To reduce economic loss for gas companies, this article proposes a gas flow meter health status assessment
method based on multimodal data augmentation, morphological feature learning, and multiscale adaptive weighted morphological
network. Firstly, data augmentation is performed by using the ACGAN algorithm based on Wasserstein distance and spectral
normalization to achieve sample balance. Secondly, considering the complexity and noise impact of the gas flow meter vibration signal
data, a morphological method based on average hat transform is proposed to extract the positive and negative pulse information from the
signal. Finally, to address the non-stationary and variable operating conditions in indusirial settings, a multiscale adaptive weighted
morphological network is introduced. Multiple components with different structural element scales are used to extract pulse information,
and adaptive weighted fusion is employed to enhance the scales that provide strong pulse components. The experimental results show that
the proposed method has an accuracy of over 94% in the health status assessment of gas flow meters. This method has significant
practical value for actual gas trade measurement.
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Fig. 1 Gas flowmeter calibration test rig
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Fig.2  Gas flow meter
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Fig. 3 Vibration signal of a roots flowmeter with

a flow rate of 160 m*/h

£1 160 m’/h FEFKREITFRRSH ISR
Table 1 Performance indicators of 160 m*/h flow rate

roots flow meter in different states g

fERERAS W PR PIIRME R BOBARER
fFRA 1.676  0.255 0.294 10 1.342
WAHRA 3.438  0.548 0. 428 16 1.258
SHEIRE 8.032  0.868 0.623 24 1.394

#2 80 m/h REFRREITAERSHELEISTR
Table 2 Performance indicators of 80 m*/h flow rate

roots flow meter in different states g

R WRIEE HOTRE PIEE R POBSER
fEFeRA 0.734 0.108 0.151 14 1.299
WEFRAE 0.895  0.120 0.223 18 1.305
SHRA 3.236 0.456 0.326 22 1.425

3.2 BHIEE

3T WS-ACGAN H R B #8 RN A L a1 2544
SRR PREL

T4 45T MSWMN RS EOR B LS, TEEHE
T SE KSR N 7, RN E N T,

3.3 EHTF WS-ACGAN By %

T 5SE RSN R BB AR, RER 8 700
A fERERAS AR BRSNS H AR 3 Fh 200 i A
AHAHI R 5:4:1, f# ] WS-ACGAN B P SErEA 25 B ff
Lesa ] 10101,

J T AR Y TR RS R A A 1 5
mal, i FH CNN 99 28 X6 Ji 6 5040 B2 T ACGAN DL K BE T
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R 3 WS-ACGAN H¥|5I 2570 & M BRI S HUR BN A
Table 3 Parameter setting and structure of the discriminator
and generator in WS-ACGAN

BES L5 BB HL O PR
F5 4% BIZE (4x64) Leaky ReLU
HRUZ (4x128) Leaky ReLU
HBEZ (4x256) Leaky RelU
LBRUZ (4x512) Leaky RelU
R (1) Sigmoid
LHERZ (3) LogSoftmax
A AR e BRZ (4%512) ReLU
HEEBUZ (4x256) ReLU
HEERUR (4x128) RelU
e BRR (4x64) ReLU
HEBPUZ (4x1) ReLU

#&4 MSWMN HSHg B LM
Table 4 Parameter setting and structure of the MSWMN

4ty e
TFE5 KigE=7,4K=2
Zife=A KE=7,4K=2
BRZ 1 R Bt = 64x64 K =2
B 2 R K = 64x64 K =1
KA BiRF=2,8K=1
R 1 024-64-3

WS-ACGAN PR i HME RS AR, 3k 5 i adiz
Wrat SRR (LT WG-ACGAN JHTREAR Z2K 519 %),
TRIE MR T HE RIS AP 8 14 FIrdie Tt

*5 CNNMEETARHELENRSTETHER
RS,
Table 5 Health status evaluation of gas flowmeters based

on different data processing in CNN networks %

B A iR
JE AR 85.890 6
F£T ACGAN H%din 87.541 6
T WG-ACGAN Ry %ds 88.062 5
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(c) Filtered signal at scale 2

1
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o O N

0
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o (d) Filtered signal at scale 3
g i sl \
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(f) Filtered signal at scale 5
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o™ 35
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(h) Filtered signal at scale 7

K4 R ETHERRR ST 26 AR TR SE RIERYS >
Fig. 4 Signals of different SE scales in the gas flow meter

health state assessment network
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Fig. 5 Weights of different scales for feature fusion
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Fig. 7 Recognition rate of the gas flow meter health state

assessment network in the confusion matrix
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assessment network compared to other DNNs
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Fig. 10  The entire process of health status assessment for gas flow meters
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