Jinsheng Wang!, jinshengwangrjc@swjtu.edu.cn
Guoji Xu!, guoji.xu@switu.edu.cn

Ninth International Partnering with the
Conference on Engineering Chinese Failure Analysis

11-13 July 2022, Online and on-demand

Failure Analysis Institution of CMES Lei Yu?, yul@chinacuc.com
n / 1. School of Bridge Engineering, Southwest Jiaotong University

2. China United Engineering Corporation Limited

An active learning-oriented error-based stopping criterion for
efficient structural reliability analysis

Highlights

» An error-based stopping criterion derived from ChebysheV's inequality without entailing any assumption Is proposed to terminate the active learning process.
» A hybrid stopping criterion is developed by jointly considering the failure probability estimation error and its stabilization property at the convergence stage.
» The proposed hybrid algorithm is found to be able to more efficiently achieve desirable accuracy than its counterparts.

» This active learning-oriented stopping criterion can be integrated with any surrogate-based method for efficient reliability analysis.
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In the active learning methods, the learning function and the stopping criterion BESLHY e
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are two of the most essential ingredients that influence the overall performance of A hybrid stopping criterion based on ESC (HESC)

the algorithm. The focus of this work is to develop an efficient algorithm to . . N
J P J For some problems, the accuracy of the failure probability estimation is found to have been Conclusions
terminate the active learning process at an appropriate stage. Specifically, an
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stabilized before the ESC Is met. Thus, a hybrid stopping criterion that can exploit the _ _ _ _ _
error-based stopping criterion (ESC) is derived according to Chebyshev’s I . L 1. The ESC derived from Chebyshev’s inequality (CESC) can provide results with
stabilization property of the failure probability is proposed as follows: N _ _
inequality, whereby the upper bound of the failure probability estimation error can comparable accuracy and efficiency as Its counterparts, 1.e., ESC and BESC.
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be easily calculated without entailing any assumption or the bootstrap resampling S N <eon and | L——T | < e, i3 2. The proposed hybrid stopping criterion (HESC) is generally more efficient than its
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analysis (BESC). Thereafter, a hybrid stopping criterion that accounts for the 1. { _ _ ESC-based counterparts, without compromising the estimation accuracy.
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fallure probability estimation error and its stabilization property at the converged k max N, — N& -1, N, + N — 1| | = €max = €tor2 3. The proposed criterion is simple and entails no assumptions nor bootstrap analysis;
stage is developed to enhance the computational efficiency of active learning can be integrated with any surrogate-based method for efficient reliability analysis.
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