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[Abstract]

In this paper, we propose a machine learning method for diagnosing the failure of a gas pressure regulator.
Originally, when implementing a machine learning model for detecting abnormal operation of a facility, it
is common to install sensors to collect data. However, failure of a gas pressure regulator can lead to fatal
safety problems, so that installing an additional sensor on a gas pressure regulator is not simple. In this
paper, we propose various machine learning approach for diagnosing the abnormal operation of a gas
pressure regulator with only the flow rate and gas pressure data collected from a gas pressure regulator itself.
Since the fault data of a gas pressure regulator is not enough, the model is trained in all classes by applying
the over-sampling method. The classification model was implemented using Gradient boosting, 1D
Convolutional Neural Networks, and LSTM algorithm, and gradient boosting model showed the best

performance among classification models with 99.975% accuracy.

» Key words: Fault Detection, Gas Pressure Regulator, Gradient Boosting, Long Short-Term Memory,
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I. Introduction
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Fig. 1. System Architecture

1. Data Preprocessing and Data Analysis
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1.1 Adjust Gas Pressure Data
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Fig. 2. Adjust Gas Pressure Data to Eliminate
the Differences in Preference Value

1.2 Outliers Elimination
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Fig. 3. Outliers in gas pressure data
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Fig. 4. Truncate outliers using z—score value

1.3 Over-sampling
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2. Machine Learning Algorithms for Fault
Detection of a Gas Pressure Regulator
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IV. Experiment and Result
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Table 2. The number of Data used for testing
each algorithm

Algorithm The number of Data
Normal Abnormal
Gradient Boosting 269,151 21,543
1D ConvNet 269,095 21,543
LSTM 269,108 21,543
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Table 3. Confusion Matrix
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Table 4. Accuracy of each algorithm

Algorithm Accuracy
LSTM 98.071%

1D CNN 99.930%
Gradient Boosting 99.975%




Study on Fault Detection of a Gas Pressure Regulator Based on Machine Learning Algorithms 25

dlolele] £44F BIAE HlojeollA AAIHoE} Ax]
she ulzo] spgAElolEo] Hs) B 2o Mubko
2 DE %ue|zo] HEes} e %A Ueidd). o}
A, A7) Al A 2A] dst 2melze] A of
= WO o Uas] HEEY nRsiaE o g,
A(250EO| FN3} FPo 31)2 &4 sk &
UuelEoR Ajsor st
LSTM, 1} 3P4 AAY, 1

r O O»

o
52 ¥ A79) X
1_

71
*ﬂa o) 4% Wt Aits 253

LSTMe] Qof|&5a= FP 1,828
5917—]& 7y oorom, 1 q&
d T Al7d%ol FP 14871, FN 5471o= &

Oﬂ’;‘" stict 0], asjelcie 2250

lo
—_
Hi
-
(o}
ol
-

7] A ® E‘:}_— I 7}x} 7(101—6}— OT—ﬂa]ﬁ_o]a}J—L o}o:]q

71 A9 At 9julshe vhe O 2ol £2E 4
At Hexog gede AK0] g2 1 4 gl ARt
Aol tisted A7t 59 KAl @6k mA XY
o}g(Feature Engineering) gio] % to]& 7]8te] &h53
ol St ‘ds= ol Z0] AMdolt. of= 1AHY 4
AldRolut LSTME] g7} 98%0] g o2 S5 lTt
oM = =eled 4 Qltt. SRR & =woflA] siAsta
SUE U719 o) AJEl ATol2hs Al vl dde]
7F el H BT Al A7] gzl Hes] et B
3] CH= AJAIDEO 2 AJQF7|o] o]AF AMElE AF XITHsich
Tol7] ofiet. wWebA, U719 o) AJHl A A
AR AL A6 YoM = AP A sk Tt
EAdR Yrlog Reda SS - Q/do] it} ol2fst

o
1stof|A], Tefo]t]QIE HAE otyg]Zo] 7Ak &g

_l

Fr ch ofm

Do)
el

e S

Confusion Matrix

-~ 250000
= - 267280 - 200000
E 1

w &

E 150000

E

E

=

& 00000
%
g SO000
fd
2

[t
Predicted fabels

sl

Fig. 9. Confusion Matrix(LSTM)

Confusion Matrix

250000
F 148 200800
g
w 8
® 150000
-
@
=
- - 10000
5 " 54 21489
£ - 50000
o
£
&
f ' -~
normat abnormat
Predicted talwls
Fig. 10. Confusion Matrix(1D ConvNet)
Confusion Matrix
' 250000
,—g 269129 - 00000
w8
2 ~ IRB00
=
&
2
i = 300600
- ]
= S5060
b2
&
‘3 [
-

rervial
Predicted fabeis

abnormal

Fig. 11. Confusion Matrix(Gradient Boosting)

V. Conclusions
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