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Structural reliability analysis method based on synthetic
minority over-sampling technique algorithm and
Bayesian optimization neural network
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Abstract: A structural reliability analysis method based on synthetic minority over-sampling technique
(SMOTE) algorithm and Bayesian optimization (BO) neural network was proposed in this paper to improve
the calculation accuracy and analysis efficiency of the impact resistance reliability of Iubricating oil cooler.
Firstly, the uniform design (UD) method and SMOTE algorithm were used to improve the utilization
efficiency of the sample points. Secondly, the Bayesian optimization algorithm was used to optimize the
hyperparameters, initial weights and initial biases of the BP neural network to improve the fitting accuracy
and generalization ability of the model. Finally, the optimized surrogate model was combined with the Monte
Carlo (MC) method to calculate the structural reliability. The results show that, compared with the traditional
surrogate model method, the proposed method has the advantages of higher accuracy, shorter analysis time
and lower calculation cost. The analysis method proposed in this paper has great applicability in the impact
resistance reliability analysis of lubricating oil cooler. The analysis results provide technical guidance and

theoretical support for the impact resistance design of lubricating oil cooler.
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