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Multiblock k-nearest neighbor fault monitoring and
diagnosis based on mutual information

ZHENG Jing"?, XIONG Weili'?

(1. China Key Laboratory of Advanced Process Control for Light Industry Ministry of Education, Jiangnan University, Wuxi 214122,
China; 2. School of the Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: The traditional k-nearest neighbor (kNN) fault monitoring does not take into account the process of local in-
formation and only builds a global model. Thus, a multi-block kNN fault monitoring algorithm based on mutual inform-
ation is proposed. First, with the nonlinear and non-Gaussian characteristics of the modeled data taken into considera-
tion, subblocks are constructed based on mutual information between variables. Then, the kNN algorithm is used to
model and monitor each subblock, in which the kNN model reflects more local characteristics of the process. Lastly, the
monitoring results of all subblocks are fused by the Bayesian inference method, and a fault diagnosis method based on
Mahalanobis distance is used to identify the source of faults. Through the application simulation in the Tennessee East-
man process and the blast furnace ironmaking process, the monitoring results show the feasibility and effectiveness of
the proposed method.

Keywords: mutual information; multi-block modeling; k-nearest neighbor; process monitoring; fault detection;

Bayesian inference; fault diagnosis; Mahalanobis distance
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Table 2 Alarm rates of TE process

Hp T
Y5 1 2 3 4 5 6 7 Bic
10989 0 0 0.9700.103 0.373 0.98 0.998
2 0054 0 0 0.898 0.986 0.729 0.951 0.986
30003 0 0.001 0.003 0.008 0.029 0.011 0.033
4 0003 0 0 0 00080019 1 0.99%
5 009 0 0 0.196 0.960 0.230 0.194 0.951
6 1 0 0 0966 0.944 0.996 0.990 1
7 0208 0 0 031101530415 1 1
8 058 0 0.0030.720 0.721 0.936 0.839 0.976
9 0003 0 0 0.001 0.009 0.023 0.013 0.021
10 0079 0 0 0.7150.004 0.348 0.141 0.758
11 0.005 0 0.001 0.020 0.011 0.046 0.735 0.660
12 0446 0 0.004 0.879 0.420 0.916 0.968 0.991
13 0448 0 0 0.933 0.574 0.875 0.890 0.949
14 0005 0 0001 0 00030004 1 1
15 0013 0 0 0.0340.003 0.074 0.010 0.089
16 0019 0 0 0.801 0.005 0.180 0.070 0.804
17 0010 0 0 0.073 0.011 0.103 0.943 0.900
18 0828 0 0 0.881 0.859 0.880 0.896 0.899
19  0.008 0 0.001 0.011 0.004 0.541 0.105 0.468
20 0.018 0 0.003 0.050 0.008 0.651 0.114 0.630
21 0003 0 0 0.490 0.003 0.376 0.334 0.449
-2
o 0.229 0 0.001 0.426 0.276 0.416 0.580 0.741
S
e 0.002 0.001 0 0.002 0.005 0.017 0.003 0.017
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Table 3 Comparison of some state of monitoring methods

A
[
SVDD kNN  MI-MBKNN
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4 1 0791  0.975 0.994
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6 1 1 1 1
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17 0.954  0.878 0919 0.900
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20 0498 0459  0.495 0.630
21 0473 0419 0425 0.449
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