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Simulation Results Analysis of Sequential Monte Carlo Algorithm
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Abstract: The sequential Monte Carlo algorithm is very important for solving many practical problems. It can solve the parameter estima-
tion problem for a more general system model. Hence, it is interesting and significant to study Monte Carlo. The main objective of this pa-
per is to analyze the performance of the Monte Carlo algorithm by simulation results. Simultaneously, compare the Monte Carlo algorithm
with the extended Kalman filter. In the simulation, the performances of the EKF, SIS and the SIR algorithms are compared. Some

meaningful results are concluded from the simulation, which are useful for solving the practical problems.
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