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Delamination Prediction of Hole-making Quality of CFRP/AL Laminated
Materials Based on Empirical Knowledge through Machine Learning

LIU Dagian, WANG Gongdong, XU Chengyang, Bl Xiaoxuan
(Aerospace Academy, Shenyang Aerospace University, Shenyang 110136, China)

Abstract: Many types of defects are produced during the drilling of holes in carbon fiber reinforced composites, and of all the defects
delamination has the most serious effect on the material. Therefore, it is crucial to develop an effective model that can accurately predict
delamination in laminated materials. However, materials domain data is characterized by small samples, high latitude and complex
relationships, which makes it necessary and feasible to use empirical knowledge to enhance the effectiveness of machine learning modeling. A
knowledge-guided machine learning(KGML) model that integrates empirical knowledge and data-driven modeling is used to predict laminated
material delamination, the fact that empirical knowledge is incorporated into the loss function as an adaptive weighting in order to enforce
physical constraints during the training process. Finally, by comparing the prediction performance of the model without knowledge and the
model with knowledge, the R? of the model with knowledge was improved from 0. 79 to 0. 91, which successfully demonstrated the advantages
of empirical knowledge-based machine learning, and provide a generalized approach for delamination prediction to reduce the experimentation
time and cost for researchers.

Keywords: empirical knowledge; machine learning; hole-making quality; delamination prediction
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