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Abstract: The k-nearest-neighbor (k-NN) is an effective fault detection method based on data driven, which has been
widely used in industrial process monitoring. However, investigating the root causes of abnormal events is a crucial task
when the process faults have been detected, and isolating the faulty variables provides additional information for investigat-
ing the root causes of the faults. In this paper, a novel fault diagnosis method is derived using weighted £-NN reconstruction
on maximize reduce index (MRI) variables, it can effectively identify the faulty variables and locate the faulty sensors. A
numerical simulation is provided to validate the performance of weighted k-NN in the aspect of data reconstruction; it also
show that this method is suitable not only for a single sensor fault, but also with good results for multiple sensor faults
which are existing simultaneously or in propagation through variable correlation. Finally, this method is applied to TE

chemical process successfully.
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Fig. 1 Flow chart of k&~NN modeling and fault detection
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Fig. 2 The detail of variable reconstruction
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Fig. 3 Flow chart of fault variable identification
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of variable reconstruction and fault diagno-
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4.1 FBE{FE (Numerical simulation)
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Fig. 4 The comparison of reconstructed data and original data
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Fig. 5 Fault detection results of test data
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Fig. 6 The detection results after reconstructing variable 1
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5 ZEWAIHE—F B TAE(Conclusion and future
works)
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