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Abstract : A regression prediction method for the size of injection molding products was proposed based on feature selection of
Pearson correlation coefficient and Bayesian optimized LightGBM algorithm. Firstly, the injection molding data were preprocessed
to calculate the Pearson correlation coefficient between each feature and the size of the injection molding products to be predicted.
Then, the features with strong correlation with the size of the injection molding products were screened out. Finally, the Bayesian
optimized LightgBM algorithm was used to train and test the processed data. By comparing with random forest, support vector ma-
chine and artificial neural network algorithm, it is found that the proposed Bayesian optimized LightGBM algorithm has higher pre-
diction accuracy than other three algorithms, and can accurately reflect the changing trend of size.
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