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Dynamic Feature Characterization Based Variable-weighted

Decentralized Method for Fault Detection
ZHONG Kai' HAN Min' HAN Bing’

Abstract Modern industrial process is often accompanied by complicated dynamic behaviours: different measured
variables have different serial correlations, and the interactions among these variables are reflected in different
sampling instants. The existing dynamic process monitoring models can not fully excavate the dynamic characterist-
ics among variables, then the corresponding fault detection results need to be further improved. Against this back-
ground, this paper proposes the dynamic feature characterization based variable-weighted decentralized method for
fault detection, which uses the minimal redundancy maximal relevance (mRMR) algorithm to get more accurate de-
scription of the relationship among different measured variables in dynamic process, then the augmented matrix can
be weighted according to the mRMR values, and the influences of different delay variables on current measured one
are reflected by the weights. Hence, the dynamic characteristics of the measured variable can be described more
comprehensively. Finally, a new distributed modeling strategy combining the mRMR algorithm, Bayesian inference
and dynamic principal component analysis (DPCA), which improves fault tolerance and generalization ability of the
model, thus obtaining better fault detection results.
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Fig.1 mRMR-based dynamic feature characterization
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Table 2 Missing alarm rates (%) and detection delay (delayed samples) of TE process
DPCA DLV MI-DPCA mRMR-WDPCA
WS R
T2/ MERH  72/72/Q, MWMEERH  BIC,2/BICq MMERH  BIC,./BICq RMLIRY
1 Bk 0.13 0 0.00 0 0.13 0 0.25 0
2 (1§78 1.50 2 1.00 0 1.38 10 1.50 10
4 ik 0.00 0 0.00 0 0.00 0 0.00 0
5 Bk 55.00 0 0.13 0 73.13 0 0.00 0
6 Wik 0.00 0 0.00 0 0.00 0 0.00 0
7 Wik 0.00 0 0.00 0 0.00 0 0.00 0
8 B 2.63 1 6.38 10 2.50 13 1.75 12
10 BEAL 48.88 18 37.50 7 25.50 24 18.88 2
11 BEATL 6.00 3 19.00 3 4.63 3 13.50 3
12 KL 0.88 0 9.00 0 0.63 0 0.13 0
13 s 4.63 35 4.88 26 4.63 39 5.38 41
14 b 0.00 0 0.00 0 0.00 0 0.00 0
16 0 48.00 10 36.6 39 23.50 11 14.75 7
17 PG| 2.25 16 5.13 16 2.13 0 3.38 0
18 A 9.38 15 9.63 17 9.38 16 9.00 1
19 AHN 33.38 0 37.00 10 37.63 1 65.002 2
20 ESl 36.38 12 35.13 2 33.38 55 32.50 45
21 {HEHRE  49.50 26 49.25 7 42.63 40 47.13 9
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