Journal of the Korea Institute of Information and
Communication Engineering

SIEM B EAISHS| =2 X] Vol 24, No, 2: 192~197, Feb_ 2020

SEYEEAS oISt [T SHollM2| DFEX| B

311 1 = 1 1 2
AW AN ol Be - AF - A

Fault Detection Method for Multivariate Process using ICA

Seunghwan Jung' - Minseok Kim' - Hansoo Lee' - Jonggeun Kim' - Sungshin Kim**

'Ph.D. student, Department of Electrical and Computer Engineering, Pusan National University, Pusan, 46241
Korea
¥Professor, Department of Electrical and Computer Engineering, Pusan National University, Pusan, 46241 Korea

2 o

ol Wl Sk E S 2 T SR U AU g0l A 2115 dhiel 0] s Yo
354 o] A g1 T A0 0 Aol AT S i el s E g 7)) Bl
S 2ol A A0 chE chiish 2 ol o ICAS: 485101 A AS coosh e PCASH A v
olE A TTHHS] AR A A S50l 383 St 31402 et & meig) AL A
o] A4t AZE Hlo|H S ol §3to] TATEL SIe He] gh AATTh 123 Lekol HAC A AX
0% AZ e AoluE ol thak BAE AL T, ALkE EAT Ao B ojel #E ghat vl metel 1A
B}, 2 = gol 4] o] 85 A 7}1194 A% 2 Hol el A A ICA 7N A el Aol 3
& APl FAI5HEAL PCA Bk S5 TR A%-S HolFolck

>

ABSTRACT

Multivariate processes, such as large scale power plants or chemical processes are operated in very hazardous
environment, which can lead to significant human and material losses if a fault occurs. On-line monitoring technology,
therefore, is essential to detect system faults. In this paper, the ICA-based fault detection method is conducted using three
different multivariate process data. Fault detection procedure based on ICA is divided into off-line and on-line processes.
The off-line process determines a threshold for fault detection by using the obtained dataset when the system is normal.
And the on-line process computes statistics of query vectors measured in real-time. The fault is detected by comparing
computed statistics and previously defined threshold. For comparison, the PCA-based fault detection method is also
implemented in this paper. Experimental results show that the ICA-based fault detection method detects the system faults
earlier and better than the PCA-based method.
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