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Missing data based method for residual generation and its application for
fault detection

LAN Ting, ZHU Ying, YU Hai-zhen, TONG Chu-dong®
(Faculty of Electrical Engineering & Computer Science, Ningbo University, Ningbo 315211, China)

Abstract: Residual generation is the essental step in the model-based fault detection methods, but it has not been applied
in the statistical process monitoring approaches. Therefore, a missing data based residual generation strategy is proposed,
the generated residual which can indicate the fittness of sampled data to the developed statistical model is utilzied for
fault detection. The proposed missing data based principal component analsyis (MD-PCA) method first assumes the
measured data of individual variables is missing one by one, and the technique handling missing data is then employed for
calculating the estimation of the corresponding missig variable. Ultimately, the resdiual between the actual and estimated
data is modeled and monitored using the PCA-based fault detection approach. The advantages of utilizing residual for
fault detection lie in that the generated residual can reduce the non-Gaussianity of the origianl measured variable to some
extent, and that the residual reflects the uncorrelated information from other measured variables in the corresponding
missing variable, and more essential characteristic of indicidual variables can be recovered. The case study in the TE
process sufficiently demonstrates these advantages of the proposed method, and the feasibility and superiority of the
MD-PCA method are validated as well.
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&1 TEFREETRAENERIEL
MD-PCA PCA Modified ICA  Distributed ~ PCA MICA-PCA
No. Description
Q T2 Q I? Q BICr, BICq,  I? T2 Q
0 Normal operating condition 1.60 0.40 220  0.80 0.60 0.00 1.80 0.80  0.40 1.00
1 A/C feed ratio, B composition constant. 0.00 0.88 0.13 0.25 0.50 0.88 0.25 0.25 0.25 0.75
2 B composition, A/C ratio constant. 2.75 1.63 4.00 2.50 1.38 1.63 1.50 2.50 1.75 3.13
4 Reactor cooling water inlet temperature. 0.00 79.13  0.00 32.63 5.38 11.13 0.00 32.63 4425 0.00
5 Condenser cooling water inlet temperature. 0.00 75.75 75.88 76.13  74.25 75.00 66.63  76.13 7438 81.75
6 A feed loss. 0.00 0.88 0.00 0.00 0.00 0.25 0.00 0.00 0.00 0.00
7 C header pressure loss ~reduced availability. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.50
8 A,B, C feed composition. 2.25 313 13.88 225 98.88 2.7 52.25 2.25 225  16.00
10 C feed temperature. 13.88 70.13  70.88 2438 29.13 60.88 39.38 2438 28.63 44.13
11 Reactor cooling water inlet temperature. 16.88 59.38 23.88 62.13 31.13 27.50 950  62.13 37.25 46.50
12 Condenser cooling water inlet temperature. 0.25 1.63 9.25 2.50 1.38 0.88 0.63 2.50 213  15.38
13 Reaction kinetics. 4.75 6.38 4.5 4.88 5.50 5.75 5.00 4.88 5.13 9.00
14 Reactor cooling water valve. 0.00 0.75 0.00 0.13 0.00 0.00 0.00 0.13 0.00 1.38
16 Unknown 10.63 86.50 67.75 24.00 24.75 80.00 43.13  24.00 30.13 26.00
17 Unknown 2.50 23.63 413 1225 638 10.13 2.25 1225 1400 4.50
18 Unknown 9.88 10.75 9.75 1050  9.63 10.75 9.38 10.50  9.75 1025
19 Unknown 7.63 89.00 8225 50.00 39.13 77.00 51.13  50.00 61.63 25.13
20 Unknown 10.00 68.25 4838 33.88 33.38 59.63 41.13 3388 3425 36.63
21 Fixed position of valve in stream 4. 56.38 60.75 51.13  46.00 76.38 56.38 44.63 46.00 68.50 91.63

K, MD-PCA J7 % [ iR 3 A & f /N (H AN 2
5K, AR AL AT 252 Ju Bl . £ XS TE i #2 18 Fh
I T 0, ) B e A S R R AR R I B E 2
FHRE PR R H. B3R 1 AT DLk B, MD-PCA J7 V5 7E 45 K
22 B e M N R e A g ) R R R, T L
MD-PCA 7732 . 3 th 35 1 0 TE it FE ik 5. ik

B 10 WCF% 16 HB 19 AR 20 (17 S AS U R, A
L W P s 4 2645 3] 1 RO B2 ) FEAIG. Ik Ak, SR 2
TR S e W 0 B4 Distributed PCA J5 15 200 3 B AR AN ik
TAEGPCA J5idi. BAR, TE MR 2 WOk 11w 17 %
B 18 FHitf [ 21 f Wl _E, MD-PCA J7 ¥ K BUAS i 1
{100 M N80 R, L, 5 e s i 2 P 22 ) A AR AN ), A
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