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Tab.2 Frequency comparison before and after updating of
different algorithms
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Bef dati MH aleorith Algorithm proposed
b efore updating algorithm in this paper

Modal P52 i B2 BIE BR%E EIE W
Actual/ Initial/ Error/ Updated/ Error/ Updated/ Error/
Hz Hz % Hz % Hz %

1 4.630 4549 1.784 4591  0.842 4.632 0.039
2 19.621 21.942 10.581 19.475 0.740 19.654 0.170
3 25.646 27.865 7.965 25.543 0.404 = 25.699 0.204
4 38494 40383 4.678 38.288 0.533 38.574 0.209
5 55.538 58.061 4.345 54557 1.767  55.546 0.016
6  59.524 63.410 6.128 58.776 1.257  59.603 0.133
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Tab.3 Parameter comparison before and after updating of different algorithms

MH 7% MH algorithm

AT 5% Algorithm proposed in this paper

S e ; -
Parameter Bef(jrefpriljating f&1EJ5 Updated P2 Error f&IEJ5 Updated P Error
75 %} Absolute X Relative 25 %} Absolute %} Relative
91 0.8 0.778 0.022 2.700 0.807 0.007 0913
0, 1.0 0.989 0.011 1.070 0.998 0.002 0.190
0, 1.2 1.130 0.070 5.842 1.196 0.004 0.300
94 1.4 1.374 0.026 1.850 1.398 0.002 0.179
05 1.6 1.518 0.082 5.100 1.590 0.010 0.631
0 1.8 1.756 0.044 2.422 1.790 0.010 0.533
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Bayesian finite element model updating based on Markov chain
population competition

YE Ling' JIANG Hongkang' ZOU Yuqing' CHEN Huapeng' WANG Licheng’

(1. State Key Laboratory of Performance Monitoring Protecting of Rail Transit Infrastructure, East China Jiaotong University, Nanchang

330013, China)
(2. Jiangxi Transport Investment Consulting Group Co., Ltd., Nanchang 330013, China)

Abstract: The traditional Markov chain Monte Carlo(MCMC) simulation method is inefficient and difficult to converge in
high dimensional problems and complicated posterior probability density. In order to overcome these shortcomings, a Bayesian
finite element model updating algorithm based on Markov chain population competition was proposed. First, the differential
evolution algorithm was introduced in the traditional method of Metropolis-Hastings (MH) random walk algorithm. Based on
the interaction of different information carried by Markov chains in the population, optimization suggestions were obtained to
approach the objective function quickly. It solves the defect of sampling retention in the updating process of high-dimensional
parameter model. Then, the competition algorithm was introduced, which has constant competitive incentives and a built-in
mechanism for losers to learn from winners. Higher precision was obtained by using fewer Markov chains, which improves the
efficiency and precision of model updating. Finally, a numerical example of finite element model updating of a truss structure
was used to verify the proposed algorithm. Compared with the results of standard MH algorithm, the proposed algorithm can
quickly update the high-dimensional parameter model with high accuracy and good robustness to random noise. It provides a
stable and effective method for finite element model updating of large-scale structure considering uncertainty.
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