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Fault detection and diagnosis for nonlinear and multimode processes using
Bayesian inference based PKPCAM approach
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Wuxi 214122, Jiangsu, China)

Abstract: A probabilistic kernel principal component analysis mixture model (PKPCAM) based on Bayesian
inference was proposed to detect and diagnose the fault in the nonlinear and multimode processes. In PKPCAM,
each operating mode was characterized by a local probabilistic kernel principal component, leading to a series of
components corresponding to multiple operation conditions. Firstly, process data were projected from the original
measurement space into the high-dimensional feature space. Then the probabilistic kernel principal component
analysis mixture model was estimated in the feature space and used to characterize the multiple local components
from the viewpoint of probability. Finally, utilizing the posterior probability of the monitored sample in kernel
subspace, according to Mahalanobis distance within the local mode, the Bayesian reference based global
probability index was proposed for fault detection. And meantime, using the relative contribution of variable
within mode, global contribution index was derived to perform diagnosis. Comparing to the two methods based on
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the sub-principal component analysis using k-means clustering and the kernel principal component analysis, the

feasibility and effectiveness by the proposed Bayesian inference based PKPCAM method for fault detection and

diagnosis in nonlinear and multimode process was validated on Tennessee Eastman process.

Key words: nonlinear and multimode process; probabilistic kernel principal component analysis mixture model;

Bayesian inference; fault detection; fault diagnosis
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Table 1 Monitored variables in TEP
: Variable Measurement Variable Manipulated
‘ compute kernel matrices ‘ No. variable No. variable
1 A feed rate 18 stripper temperature
. . 2 D feed rate 19 steam flow rate
‘ set iteration number e=1 ‘
3 E feed rate 20 compressor work
4 A+C feed rate 21 reactor coolant temperature
‘ initialize posterior probabilities ,,; 5 recycle flow rate 22 separator coolant temperature
6 reactor feed rate 23 D feed valve
7 reactor pressure 24 E feed valve
= timat 1 f
set e=etl Sstimate parame ets o 8 reactor level 25 A feed valve
mixture model
9 reactor temperature 26 A+C feed valve
estimate PKPCA density 10 purge rate 27 recycle valve
function 11 separator temperature 28 purge valve
12 separator level 29 separator valve
- — - 13 separator pressure 30 stripper valve
‘ compute posterior probabilities p(i¢,,) ‘
14 separator underflow 31 steam valve
15 stripper level 32 reactor coolant flow
N 16 stripper pressure 33 condenser coolant flow
PAil,) converge 17 stripper underflow 34 agitator speed

Y
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istance
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Fig.1 Flow chart of proposed PKPCAM based on Bayesian
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Table 2  Six process operation modes of TEP

Mode G/H mass ratio Production rate (stream 11)

1 50/50 7038 kg * h™' Gand 7038 kg « h™' H
2 10/90 1408 kg * h™' Gand 12669 kg * h™' H
3 90/10 10000kg * h' Gand 1111 kg« h' H
4 50/50 maximum
5 10/90 maximum
6 90/10 maximum
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Table 3 Two test scenarios in TEP
Case Test scenario
1 15t—200th samples: Mode 1
201st—400th samples: Mode 2
401st—500th samples: Mode 5 with random variation in reactor cooling water inlet temperature
2 15t—200th samples: Mode 1
201st—400th samples: Mode 3
401st—>500th samples: Mode 4 with step change in condenser cooling water inlet temperature
# 4 Sub-PCA. KPCA FUIAHHEIEN PKPCAM 75 A RIEIREHNEE R
Table 4 Comparison of fault detection results among Sub-PCA, KPCA and PKPCAM methods/%
Case Sub-PCA T Sub-PCA SPE KPCA T KPCA SPE PKPCAM
DI D2 DI D2 DI D2 DI D2 DI D2
1 82.5 7.1 89.7 59 783 54 85.6 12.1 96.0 2.0
2 86.8 76 92.6 6.5 85.4 6.2 90.3 13.4 96.5 25
Note: D1—fault detection rate; D2—false alarm rate.
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Fig.9 Fault diagnosis results of two different methods in the second test scenario
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