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1. Introduction
The aerospace system simulation is generally a large-scale simulation system composed of several subsystems. It usually has features such as multiple structural levels, many uncertainty factors, and long running time. For these characteristics, simulation is used to analyze the reliability of aerospace systems, the importance of noise parameters, and the trade-off of solutions for ranking and selection. Models of aerospace systems often depend on multiple inputs such as material properties and forcing terms. In most cases, these inputs are not known exactly due to measurement errors, noise, or small perturbations in the manufacturing processes, and thus they are modeled as random variables with a distribution that accounts for these uncertainties. The output of the model then also becomes a random variable, and one is typically interested in the statistics of the output. The Monte Carlo method evaluates the model at samples drawn from the distribution of the inputs, and estimates the statistics from the obtained outputs. Monte Carlo estimators converge slowly with the number of samples and thus many model evaluations are necessary to achieve a given error tolerance. It is very difficult to simply pursue the improvement of the computer hardware performance, or to directly optimize and improve the process of computer simulation. Therefore, the research objectives are mostly focused on specific efficient experimental methods.
The selection of simulation methods will directly affect the results of system simulation. Excellent simulation experimental methods can effectively reduce the number of complex simulation system experiments and relieve the pressure of simulation calculations. "Experimental efficiency" refers to the number of simulations required to achieve a certain degree of accuracy. Especially for the simulation analysis of complex aerospace systems, with the increase of task complexity and model complexity, the method efficiency of ordinary simulation experiments will be affected. Especially for some simulation models that characterize minimal probability events, even using modern advanced computers may face the situation where the simulation time is measured in terms of years. Researches on how to improve the efficiency of the simulation experiment in the presence of uncertainty is a key and difficult problem in the field of simulation, and it has practical requirements and prospects.
This paper proposes an improved combined simulation sampling method. According to the idea of importance sampling before sampling, first surrogate model is used to construct the biasing distribution in the first step of the Monte Carlo method with importance sampling and samples are drawn from the biasing distribution to derive an estimate in the second step. Then, importance function is subjected to Latin hypercube sampling to ensure that the sampling points are evenly distributed throughout the sampling layer to avoid sampling the samples that have been extracted, resulting in a large number of repetitive sampling and reduction in sampling. effectiveness. Finally, if the statistic function is monotonously non-decreasing with respect to each variable, on this basis, the variance of the statistic can be further reduced by using the technique of dual random variables. The numerical results demonstrate the runtime savings on linear and nonlinear problems, and the feasibility and effectiveness in improving aerospace simulation efficiency.
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