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Abstract: Aiming at fault detection in multimodal batch process, fault detection strategy based on locality preserving
projections-weighted & nearest neighbors (LPP-WENN) in multimodal batch processes is proposed in this paper. First,
raw data are projected into low dimensional principal component subspace using locality preserving projections (LPP).
Then, apply the local nearest neighbor set of the k-th nearest neighbor of the samples to determine the weight of samples
and construct the weighted statistics D,,. Finally, apply kernel density estimation to determine control limits of D,, to
detect faults. Dimensionality reduction using LPP is capable of not only eliminating the influence of outliers on the model,
but also reducing the computational complexity of fault detection. At the same time, the weighted k nearest neighbors
(WENN) method can make the statistics of samples have a single model structure by introducing weight rules. Compared
with the traditional kNN statistics, the weight statistics introduced in this paper have higher fault detection performance.
The efficiency of the proposed strategy is implemented in a numerical case and in the semiconductor etching process.
The experimental results indicate that the proposed method outperforms principal component analysis (PCA), LPP, kNN,
WENN and LPP-ENN.
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Fig. 1 Scatter plots of samples
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Fig. 2 Cross-validation of k£, K and statistic autocorrelation
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