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Abstract - In this study, we suggest a system to build the monitoring model for compressed
natural gas (CNG) stations, operated in only non-stationary modes, and perform the real-time mon-
itoring and the abnormality diagnosis using principal component analysis (PCA) that is suitable
for processing large amounts of multi-dimensional data among multivariate statistical analysis
methods. We build the model by the calculation of the new characteristic variables, called as the
major components, finding the factors representing the trend of process operation, or a combina-
tion of variables among 7 pressure sensor data and 5 temperature sensor data collected from a
CNG station at every second. The real-time monitoring is performed reflecting the data of process
operation measured in real-time against the built model. As a result of conducting the test of mon-
itoring in order to improve the accuracy of the system and verification, all data in the normal
operation were distinguished as normal. The cause of abnormality could be refined, when abnor-
mality was detected successfully, by tracking the variables out of the score plot.
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Fig. 1. Classification of diagnostic algorithms of process fault detection and diagnosis[1].
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Fig. 2. Graphical representation of principal com-
ponents analysis[5].

- 55 -

Lo
o
o
o
>
td
A
v
o
He,

Ak A]28 o 3

A

2 A
A e
A

3HA S d dlojElete AR TA=
SHAA AFHFEY VTR L F9

HTFES o] 83 HolHE 4& 4 A Hoh
9} 7o) kY2 HolE oA A xpYe =
HolH 2] A& FolHA T2 BAE st
Zo] PCAS A oltH5].

FEEL HolE, X=X, X,, .., X, ] 2304
B ¢, o 2HE p o] ¥} 2k E B o E e}
J = gtk HolH, X=[X,, X, ... X, |7} EA3},
NS SA8%k k=1,2,...No| A2 A E3t
o & w 7=t t,,...t,] EIF NN SHGE 7t
A @k 2t YL r<mo] ") o] AL W
yE, PE o] &3A 4 (1) 2o) YeRd £ 9ot

O m X,

At
o,
=2
P

][YN*T] = *XV[N*m]P[m*r] (1)

714 PE P=[P, B, .. P12 UEH 5 9lo

H, o] HIAFEH= Fuggolr] dEo oA
pPrp=ro] AAL zka glon, x=7P"2 el
DL
X=t,Pl+t,Pl+. . .+t PT+F 2
=71PT+FE
variable
»
samples = +
w
Measurement Process Moise
data data data
variable
—

PT
samples X = T + E

¥ variables Model Residual

Fig. 3. Measurement data from superposition of
process data and noise data[6].

SF 7k 83 4] Al18W AIBE 20141 6



lll. Real-Time Database (RTDB)Z o0|&3}
oEmE JHgt

31. clojee EEE ! Az

FHHe] Aol BT WgE F AR v =
g 770] kA HolE 9k 57] 2] 2=AlA H ol E
TS AR o2, AdFUA| HolHE AHESe] =Y
7 B SkE A AT

Fig. 4= /N'Ed A =5lo] -5 Bgoln, PI AW
£ o] &3t HolHE T8 e AFE HojF
I Yok RS F5317] ol Fig. 59 2] Start-
up 77+ Shut-down 73Fe] AAZ &4 F9f
ol AHEE = A =E THT AP AXA H

Fig. 4. Screenshot of the developed system.

2600 -
2400 <
2000 -

1800
1600
1400
1200 =
1004 <

Pressure

800 o
LA

(1

400 o

0
20111121

2011111 20111121 2001111 20111121
Time (1m)

Fig. 5. Filtering of the pressure data.
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Table 1. Percent variance captured by PCA model

Percent variance captured by PCA model
Principal Eigenvalue % Variance % Variance
component of COV(X) this PC cumulative
1 3.39¢+000 48.43 48.43
2 2.55e+000 36.43 84.86
3 8.98e-001 12.84 97.70
4 1.18e-001 1.69 99.39
5 2.42¢-002 0.35 99.73
6 1.54e-002 0.22 99.95
7 3.45¢-003 0.05 100.00
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Fig. 6. SCREE plot of scaled CNG station data.
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