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Abstract: In manufacturing processes, a large number of parameters were easily caused to have
multicollinearity . which led to problems such as inaccurate prediction of quality indicators. To address
these problems, a feature selection method for multicollinear parameters in the manufacturing proces-
ses was proposed based on LLE. Firstly, the multicollinearity of the manufacturing process parame-
ters was diagnosed, and then the multicollinearity was eliminated by using the least absolute shrink-
age and selection operator (LASSO) regression. Secondly, the LLE algorithm was used to perform
feature selection on the parameters after LASSO regression to obtain independent feature spaces, and
they were input into the whale optimization algorithm-support vector machine(WOA-SVM) model to
verify the parameter feature selection effectiveness of the proposed algorithm. Finally, the effective-
ness of the proposed method was verified through case analysis. The results show that compared with
the original data, the proposed method may obtain more accurate prediction results under a lower-di-
mensional feature space, the correlation coefficient value is up to 0.9702, and the accuracy of feature
selection increases by 24.989%.

Key words: manufacturing process; multicollinearity; local linear embedding(LLE); feature se-
lection
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Fig.1 Multiollinearity parameter feature selection

problem in manufacturing process
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Fig.2 Multiollinearity parameter feature selection framework for the manufacturing process
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LLE algorithm
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