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High-cycle fatigue strength prediction for 7050 aluminum alloy using data
augmentation and hybrid neural network in small sample scenarios
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Abstract: To address the problems of long cycle time and high cost in high-cycle fatigue testing of 7050 aluminum
alloy, as well as the low prediction accuracy and poor high-cycle extrapolation robustness of traditional models un-
der small-sample conditions, full-life fatigue tests under five different stress ratios and stress concentration factor
conditions were carried out to obtain the basic fatigue performance data of the material. A small-sample fatigue
strength prediction method combining shallow neural network-based data augmentation and an ANN+CNN-GRU-
Attention hybrid network was proposed. A trend loss function with physical priors was introduced to suppress ex-
trapolation instability, and a sliding-window incremental iterative training strategy was designed to achieve gradual
extrapolation to 107 cycles. The results show that the proposed model effectively overcomes the prediction instabil -
ity problem of the LSTM model during the extrapolation stage, and the prediction accuracy is improved by 13. 56
percentage points compared with single full-batch training. The incremental iterative training reduces the average
deviation of fatigue strength prediction under the five working conditions to 5. 29%, demonstrating good engineer-

ing applicability under the conditions investigated in this
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Fig.2 Geometric dimensions of standard and notched flat
plate specimens
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Table 1 Fatigue condition settings
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Fig. 3 Fatigue test data and S-N curves for 7050 alumi-
num alloy under 5 different conditions
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ral network and the experimental S-N curve
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Table 2 Comparison of fatigue strength prediction results
of hybrid neural network models = MPa
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Table 3 Evaluation of performance indices for the hybrid
neural network predictive model
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