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Abstract: A fault detection method based on time-space nearest neighborhood standardization and local outlier factor
(TSNS-LOF) was proposed to deal with the problem of nonlinear, dynamic and mean drift of complex process data. Firstly,
training samples are normalized by using the time-space nearest neighborhood set; then the local outlier factor of samples
are calculated on standard sample set, and the upper quantile is determined as the detection control limit, and the online fault
detection is performed. The time-space nearest neighborhood standardization overcomes the difficulties of the nonlinearity,
dynamics and mean drift. The local outlier factor measures the similarity of samples, to separate the fault samples and
the normal samples. The fault detection experiment of Tennessee Eastman Process was carried out. The results showed
that TSNS-LOF is timelier for the early fault warning, and has higher detection rate than principal component analysis,
dynamic principal component analysis, k£ nearest neighbor rule and local outlier factor methods. The theoretical analysis
and simulation experiments showed that the TSNS—-LOF method is suitable for fault detection of dynamics or multiple or
both operating faults and ensures the safety of the production process and high quality of products.
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Fig. 3 Fault detection results for batch f6 in test set
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