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Intelligent Quality Prediction of Magnesium Alloy Die—Casting Parts
Based on Data—Driven Method
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Technologies, Shaoxing 312500)

Abstract: In order to achieve intelligent predication of magnesium alloy die—casting parts, reduce offline labor
inspection cost, and improve intelligent level of magnesium alloy die—casting industry, this paper collects big data on
“process parameters—quality parameters” of large thin-walled magnesium alloy castings, and uses random forest model
to establish the relationship between process parameters and the types of defects in castings, and analyzes the effect of
long-tailed distribution of labels in the industrial data on the predictive performance of machine learning models. Then
the “Random Downsampling + SMOTE Over—sampling” algorithm is emptoyed to balance the distribution of the data
set. Finally, an accurate prediction model with an accuracy of 89.54%, an area under ROC curve of 0.983 8, and an
average true rate of 87.65% are obtained, which achieves a precise detection of a small number of defective samples,
and obtains the ranking of the importance of key process parameters for magnesium alloy casting.
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