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Figue 1 APCA process monitoring flow chart
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Table 1 Comparison of missing alarm rates of APCA,

PCA, SPCA and FSCB in TE process

APCA PCA PCA SPCA FSCB

;
" T T SPE T BIC
1 0. 001 0. 007 0 0 0.002 5
2 0. 008 0.017 0.01 0.006 0.0187
3 0. 806 0.937 0. 966 0.734 —
4 0 0. 688 0 0 0
5 0 0.722 0.755 0.578 0
6 0 0. 006 0 0. 004 0
7 0 0 0 0 0
8 0.012 0. 026 0. 058 0.011 0.0212
9 0. 811 0.947 0.973 0.748 —
10 0.078 0. 543 0. 585 0.343  0.1862
11 0.133 0.518 0.233 0.095 0.2800
12 0. 001 0.015 0. 065 0.003 0.0025
13 0.033 0. 057 0. 047 0.040 0.0525
14 0 0. 005 0 0 0.001 2
15 0.717 0.915 0. 940 0.671 —
16 0. 040 0. 700 0. 583 0. 406 0. 135
17 0.025 0. 200 0.043 0.023 0.0562
18 0. 087 0. 101 0.097 0.074 0.1025
19 0.07 0. 855 0. 765 0.495 0.168 7
20 0. 087 0.575 0. 435 0.193  0.196 2
21 0. 353 0. 593 0. 466 0.336 0.5275
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Figue 2 Monitoring results of PCA and APCA for

case 5 in TE process
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Online Monitoring of Chemical Process Based on Adaptive
Principal Component Analysis
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tro-mechanical Engineering Institute, Shanghai 201109, China; 3.School of Electronic and Electrical Engineering, Shanghai Uni-

versity of Engineering Science, Shanghai 201620, China)

Abstract: When Principal Component Analysis (PCA) was applied to process monitoring, improper compo-
nent selection method would cause variation characteristics to be dispersed or submerged, thus affecting moni-
toring performance. In order to solve this problem, An adaptive selection method of components called
Adaptive Principal Component Analysis( APCA) was proposed and applied it to process monitoring. The appli-
cation of adaptive principal components to process monitoring mainly included three steps. Firstly, the similari-
ty of each component was caculated based on the load matrix through Euclidean distance during offline model-
ing, and components with high similarity to each component was selected to form multiple molecular spaces.
Secondly, during on-line monitoring, the variation probability of each component was calculated by kernel
density estimation based on each component of the on-line sample, and the component with the highest varia-
tion probability was selected as the characteristic component. Finally, the molecular space corresponding to CC
was selected and statistics were constructed. The result of numerical simulation and Tennessee Eastman ( TE)
process proved the effectiveness of the proposed APCA.

Key words: process monitoring; principal component analysis; subspace; adaptive



