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Reliability Analysis Method of Engineering Structure
Based on MEA-AdaBoost-BP Model

HU Qiguo., LI Zhiming

( School of Mechanical and Vehicle Engineering, Chongqing Jiaotong University, Chongqing 400074, China )

Abstract: Aiming at the algorithm and calculation in engineering structure reliability design, a reliability sol-
ving method was proposed based on MEA-AdaBoost-BP neural network algorithm model. The optimized BP
neural network was constructed as a weak predictor function by solving the training set weights and threshold
values through the Mind Evolutionary Algorithm (MEA). Then the AdaBoost algorithm was used to iterative-
ly train several optimized BP neural network weak predictor functions to form the strong predictor function of
the MEA-AdaBoost-BP neural network algorithm model. Finally, the approximate the implicit function was
used to solve the reliability index. which was compared with AdaBoost-BP algorithm and the Monte-Carlo
method. The results show that the proposed method is efficient because its number of iterations is only 16 and
46 respectively compared with the Monte-Carlo method and its calculation accuracy is close to that of the
Monte-Carlo method; the error of reliability index is only 1.59% and 1. 88% respectively compared with that
of AdaBoost-BP method,and the calculation result is more accurate.
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