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Multi-level Dynamic Principal Component Analysis for Abnormality

Diagnosis of Fused Magnesia Furnaces

LIU Qiang’ KONG De-Zhi® LANG Zi-Qiang’

Abstract The abnormalities during the melting process of fused magnesia furnace (FMF) such as semimolten situ-
ation may significantly affect the product quality, the safety of personnel and manufacturing process. The abnor-
mal condition diagnosis deserves more attentions. However, the ultra-high temperature within the melting zone of
the FMF is not measurable, that makes the diagnosis of FMF abnormality be difficult. The practitioners can only
perform occasional visual inspections which often fail to detect the abnormalities in time. In order to resolve this
challenge, this paper proposes a novel dynamic image analysis based real-time abnormality diagnosis method for the
FMF. The proposed method exploits the spatial and temporal characteristics of temperature fluctuation in FMF in
normal condition as well as the partial glowing of the furnace wall and continuous expanding of the glowing area in
abnormal conditions. In order to extract these spatial and temporal features from the dynamic images, a new multi-
level dynamic principal component analysis (MLDPCA) algorithm is developed. A hierarchical monitoring method
is then proposed to perform the abnormality diagnosis and locate the abnormality by using the MLDPCA based
contribution plot. The application result on a practical FMF using the collected field images has demonstrated the
effectiveness of the proposed method.

Key words Fused magnesia furnace, abnormality diagnosis, multilevel dynamic principal component analysis, dy-
namic image modeling
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