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Progress on fatigue life prediction of aeronautical materials
based on machine learning
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(1. AECC Beijing Institute of Aeronautical Materials, Beijing 100095, China; 2. Beijing Key Laboratory of Aerospace Materials
Testing and Evaluation, Beijing 100095, China; 3. AECC Key Laboratory of Aerospace Materials Testing and Evaluation, Beijing
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Abstract: Aerospace equipment materials demand an ultra-high level of safety and reliability, with fatigue performance being one of
their core performance metrics. Traditional fatigue prediction methods rely heavily on extensive experimental tests, which are
associated with high costs and long development cycles, thus failing to meet the requirements of modern aerospace engineering for
efficient and accurate performance evaluation. In recent years, machine learning has exhibited remarkable potential in the fatigue life
prediction of aerospace materials. This work presents a systematic review of the research progress in this field, with a focus on
mainstream models and modeling workflows. It clarifies the core ideas and key research findings of both pure data-driven methods
and physics-integrated approaches, and centers on the role of physical information embedding in enhancing model accuracy,
credibility, and interpretability. Moreover, the paper critically discusses the existing limitations, including insufficient information
mining in terms of data dimensions and complex failure mechanisms, inadequate model interpretability and low trustworthiness for
engineering applications, as well as poor adaptability to complex service conditions. Finally, key research directions for addressing
these limitations are highlighted, such as constructing standardized and highly reliable fatigue datasets, establishing a task-oriented
automatic fusion mechanism for physical knowledge, and advancing fatigue life prediction at the level of structural components
under complex service conditions.
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Table 1 Research progress in fatigue prediction based on purely data-driven approaches
Original Extended
No. Material Application Algorithm rigtna Extended data Reference
data/sets dataset/sets
1 Titanium High-temperature components in RF, SVR, AG 2492 None 2492 [41]
alloy engines
2 Titanium High-temperature components in Graph neural 571 None 571 [44]
alloy engines network
3 High-strength Some connectors, drive shafts RF, XGBoost, 173 None 173 [42]
steel GB
4 Epoxy Support structure XGBoost 81 None 81 [45]
polymer
5 Ti60 Turbine blades, compressor blades ~ Neural network 171 Monte carlo  500/1000 [46]
and so on
6 GCrl5 Rolling bearings SVM, ANN, 15 Z parameter 70/110 [47]
PINN
7 Hastelloy X ~ Combustor casing DNN, SVM 85 None 85 [48]
8 Inconel718  Turbine blades ANN, RF, 9 GAN, VAE 150 [49]
SVR
9 AISilOMg  Non-load-bearing parts ANN, SVR, 45 Interpolation  1222/645/816  [43]
RF method
10  Stainless steel Fuel pipes, cooling systems Neural network 139 None 139 [50]
316L
11 Ti-6Al-4V  Compressor blades, casings, DBN-BP 250 None 250 [39]
connecting sections and so on
12 Ti-6Al-4V  Compressor blades, casings, RF 27 None 27 [51]

connecting sections and so on

Note: Due to the differences in data scale and distribution, R* and RMSE values lack horizontal comparability, so direct comparison

of R* values from different studies is not conducted.
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