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Abstract - The consumption of liquefied natural gas (LNG) has increased annually due to
the strengthening of international environmental regulations. In order to produce stable and
efficient LNG, it is essential to divide the global (overall) operating condition and construct
a quick and accurate monitoring system for each operation condition. In this study, multi-mode
monitoring system is proposed to the LNG plant fractionation process. First, global normal op-
eration data is divided to local (subdivide) normal operation data using global principal com-
ponent analysis (PCA) and k-means clustering method. And then, the data to be analyzed were
matched with the local normal mode. Finally, it is determined the state of process abnormality
through the local PCA. The proposed method is applied to 45 fault case and it proved to be
more than 5~10% efficient compared to the global PCA and univariate monitoring.

Key words : fault detection, multi mode monitoring, liquefied natural gas (LNG), principal com-
ponent analysis (PCA), k-means clustering, k-nearest neighbors
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Fig. 1. Multi-mode PCA modeling algorithm
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Table 1. Three r.1ormzi11 operation condition of de- o deEthanizer inletdeMothanizer bottom) flow
methanizer input stream o 10% leaking
nitial Initial 3% dePropanizer inlet(deEthanizer bottom) flow
0 .
Normal case nitial stream nitial stream 3% leaking
Temperature [TC] Pressure [bar] - - -
2 5% dePropanizer inlet(deEthanizer bottom) flow
‘0 .
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10% dePropanizer inlet(deEthanizer bottom) flow
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Table 2. Process product specification 10% deEthanizer reboiler temperature 10%
overheating
cir%l | c2r%] | c3(%] | car%] | others 3% deEthanizer condenser. temperature 3%
overcooling
deMethanizer 91.60 531 2.06 0.80 023 4 5% deEthanizer condenser temperature 5%
top stream ’ ' ’ ’ ’ ’ overcooling
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‘ESEI}S’::;: 000 | 99.55 0.45 ) overcooling
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0 .
dePropanizer | 00 | 000 | 9961 0.39 ouetheating
top stream ' ' ' ' 5 5% deMethanizer reboiler temperature 5%
0
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deButhanizer 0.00 0.00 123 98.00 0.77 10% deMethanizer reboiler temperature 10%
fop stream overheating
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Table 4. FDA and FDR result of fault sce-
narios from Normal A

Univariate Multi-mode
3-sigma PCA PCA

Fault Inte FDA | FDR | FDA | FDR | FDA | FDR

Type | nsity | [%] [%] [%] [%] [%] [%]

3% 65.1 | 564 | 645 | 556 | 874 | 843

1 5% 874 | 843 | 744 | 68.0 | 946 | 93.3

10% | 999 | 999 | 99.8 | 99.8 | 99.8 | 99.9

3% 94.6 | 933 | 91.8 | 89.8 | 950 | 93.8

2 5% 98.0 | 975 96.4 95.5 97.8 97.3

10% 99.7 99.6 99.4 99.2 99.6 | 99.6

3% 88.6 85.8 80.3 75.4 90.4 88.1

3 5% 95.8 94.8 88.2 85.3 96.1 95.1

10% 98.0 | 975 93.0 91.3 98.0 | 97.5

3% 74.3 67.9 - - 934 91.8

4 5% 89.6 | 87.0 - - 962 | 953

10% | 96.8 | 96.0 - - 98.3 | 979

3% 873 | 84.1 | 92.1 | 90.1 | 93.6 | 92.0

5 5% 93.6 | 920 | 958 | 947 | 96.8 | 96.0

10% | 97.8 | 973 | 98.1 | 97.6 | 98.6 | 98.3
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Table 5. FDA and FDR result of fault scenarios Table 6. FDA and FDR result of fault scenarios
from Normal B from Normal C
Univariate Multi-mode Univariate Multi-mode
3-sigma PCA PCA 3-sigma PCA PCA

Fault Intensity | FRA | FDR | FDA | FDR | FDA | FDR Fault Intensity | FPA | FDR | FDA | FDR | FDA | FDR
Type Y | el | 1% | 1% | 1% | %] Type TV | el | 1% | 1% | 1% | %]
3% 862 | 82.8 | 584 | 48.0 | 909 | 88.6 3% 370 | 21.3 - - 826 | 783

1 5% 89.8 | 872 | 69.5 | 619 | 99.8 | 99.8 1 5% 999 | 999 | 799 | 749 | 999 | 99.9
10% 99.9 | 999 | 999 | 999 | 999 | 99.9 10% 99.9 | 999 | 999 | 999 | 999 | 99.9

3% 99.6 | 996 | 87.6 | 84.6 | 99.6 | 99.6 3% 909 | 88.6 | 80.8 | 76.1 93.1 | 914

2 5% 99.7 | 99.7 | 94.6 | 933 | 99.7 | 99.7 2 5% 952 | 94.1 | 857 | 82.1 | 962 | 95.3
10% 998 | 99.8 | 98.6 | 983 | 99.8 | 99.8 10% 964 | 956 | 883 | 854 | 97.5 | 96.9

3% 96.5 | 956 | 775 | 71.9 | 99.2 | 99.0 3% 963 | 954 | 75.0 | 68.8 | 989 | 98.7

3 5% 984 | 98.0 | 86.8 | 83.6 | 99.6 | 99.5 3 5% 98.6 | 982 | 86.0 | 82.6 | 99.5 | 99.4
10% 992 | 99.0 | 91.0 | 88.8 | 99.6 | 99.6 10% 992 | 99.1 | 90.6 | 88.3 | 99.6 | 99.6

3% 96.3 | 95.4 - - 98.4 | 98.1 3% 95.8 | 94.8 - - 97.5 | 96.9

4 5% 978 | 97.2 - - 99.0 | 98.7 4 5% 974 | 96.8 - - 98.4 | 98.1
10% 99.1 | 98.9 - - 99.6 | 99.5 10% 98.8 | 98.6 | 88.7 | 859 | 99.2 | 99.1

3% 864 | 83.0 | 929 | 91.1 | 952 | %4.1 3% 87.6 | 845 | 898 | 872 | 94.1 | 926

5 5% 92.6 | 90.8 | 96.2 | 953 | 974 | 96.8 5 5% 93.8 | 923 | 945 | 93.1 | 96.8 | 96.0
10% 978 | 97.3 | 983 | 979 | 98.8 | 98.5 10% 98.0 | 975 | 97.6 | 97.0 | 98.6 | 98.3
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