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A Novel Method of Quality Abnormality Detection and Fault Quantitative

Assessment for Industrial Processes

DONG Jie"? ZHANG Wei"? PENG Kai-Xiang"? MA Liang"?

Abstract As the key link of industrial process monitoring, quality abnormality detection (QAD) and fault quanti-
tative assessment (FQA) are the research hotspot in the field of fault diagnosis. In this paper, a novel framework of
industrial process QAD and FQA is proposed. Firstly, the candidate set of quality related variables is constructed
by elastic net (EN) algorithm. The quality related eigenvectors are constructed by canonical correlation analysis
(CCA), and the support vector data description (SVDD) is introduced to detect quality anomaly. Secondly, an en-
hanced local linear embedding (ELLE) algorithm is proposed from the perspective of optimizing the distance
between adjacent points, and a quantitative assessment method based on CCA- ELLE is proposed. Finally, the pro-
posed framework is simulated and compared with some traditional methods by Tennessee-Eastman (TE) process
simulation platform. The experimental results verify the superiority and effectiveness of the proposed method.
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Table 2  Data sets used for validation
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Fig.4  Detection results of the two methods

MR 3 BT Lhgh AT LR ) A8 KPLS 5
TEAFEE S R AR 2, T A A H ) CCA-SVDD
FVEAEPRAE S A IR S8R T R R AT T,
KRBEAR TR R, R OR R iy, B seie 7
MATLAB R2019b “F& L5k, BEAEE N i5
@1.6 GHz, RAM 6 GB.
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Table 3  Comparison of the two methods
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Evaluation results of the two methods
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