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Abstract: The machine learning technology has broad prospects in the field of aerospace materials and plays an important role in
material selection, design, and optimization. Firstly, a brief discussion was made on the advantages and potential of machine learning
technology in the aerospace field, outlining the technological developments, algorithm categories, features, and limitations. The
conventional or potential applications of machine learning in scientific exploration, especially in complex material data formats, are
introduced. Secondly, the research status of machine learning in aviation materials is mainly focused on, discussing the recent
progress in utilizing machine learning to assist in the research of high-temperature alloy materials, high-strength structural materials,
thermal protection coating materials, as well as functional and smart materials. The strategies and methods of machine learning-
driven aviation material research are elucidated. Finally, the challenges encountered in machine learning-assisted aerospace material
research and development are examined. Facilitating the transformation of aerospace material research towards the fourth paradigm
of data-driven materials science necessitates efforts in promoting the open sharing of data resources, integrating domain knowledge

and physical laws more deeply into machine learning models, and ensuring feature consistency across different data types.
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Fig. 1 Application of machine learning in the aviation industry
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Table 1 Machine learning models for aluminum alloy performance prediction and its prediction accuracy[
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2

2

Property Prediction model R Property Prediction model R

Yield strength GWO-ELM 0.9662 Stress-strain BST 0.9986
MGWO-ELM 0.9804 NN 0.9997
ELM 0.3958 GPR 0.9997
LR 0.71 Bending strength CNN 0.9629
KNN 0.723 RFR 0.9273
ANN 0.92 ANN 0.9341

Tensile strength C2P 0.93 Hardness LSSVM-RVM 0.9126
LSSVM-RVM 0.9712 ELM-RVM 0.8849
ELM-RVM 0.9633 SVM-RVM 0.8979
SVM-RVM 0.9584 LR 0.958
GWO-ELM 0.9857 KNN 0.96
MGWO-ELM 0.9805 CNN 0.9673
ELM 0.7102 RFR 0.8821
LR 0.914 ANN 0.9541
KNN 0.947 SVM 0.93
ANN 0.88 DT 0.9
GRNN 0.9967 RF 0.95
SVR 0.9828 GBT 0.94

MLR 0.6823
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