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Abstract: Aiming at characteristics with high dimensions and large differences in variance of multimodal batch process,
a fault detection method based on neighborhood preserving embedding—K nearest neighbor ratio density (NPE-KRD)
rule is proposed. Firstly, the raw high dimensional data are projected into a low dimensional space using neighborhood
preserving embedding (NPE). Secondly, K nearest neighbor ratio density (KX RD) is established by calculating the density
of the sample and the mean of its K nearest neighbor in the low dimensional space. Finally, the control limit of statistics
is determined by kernel density estimation method and fault diagnosis is carried out. NPE can not only maintain the local
neighbor structure of data in the low dimensional space, but also reduce the computational complexity of the fault detection
process. By introducing ratio density, NPE-KRD can reduce the influence of multimode variance structure difference on
fault detection and improve the fault detection rate of processes. Compared with principal component analysis, K nearest
neighbor and neighborhood preserving embedding, the effectiveness of the proposed method is verified in a numerical cases
and semiconductor industrial processes.
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