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Fig.2 Comparison between calculated value and experimental value of creep strain
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Back analysis of non-stationary parameters of rock creep
model based on chaos particle swarm optimization algorithm

LI Zhi-jing' ZHU Zhen-de'’ ZHOU Wei-hua®
1. Geotechnical Research Institute Hohai University ~Nanjing 210098  China
2. School of Ciwvil Engineering Zhengzhou University ~ Zhengzhou 450002  China

Abstract The particle swarm optimization PSO algorithm has high capabability in global optimization a high rate of
convergence and other advantages including its lack of gradient information and simple solution process. But it is prone
to provide a local optimum solution and bad initialization solution. Because of its ergodicity the chaos mechanism was
combined with the PSO algorithm providing an improved PSO algorithm the chaos particle swarm optimization CPSO

algorithm. A case study shows that the CPSO algorithm is practical for the back analysis of non-stationary parameters of a

rock creep model.

Key words particle swarm optimization algorithm chaos mechanism non-stationary parameter rock creep constitutive

model





