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Parameter identification based on adaptive density estimation
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Abstract: The problem of estimating parameters of ARMAX-model subject to unknown noise density distribution is
addressed in this paper. Firstly, a method for adaptive nonparametric noise density estimation by using the Gaussian kernel
is proposed. The global bandwidth and local bandwidth of the Gaussian kernel are dynamically computed according to
the estimation error. Secondly, an iterative algorithm for parameter estimation is presented by minimizing the maximum
likelihood function and the algorithm is based on the nonparametric estimate of the noise density. Thirdly, the convergence
of the algorithm is analyzed and the convergent condition is given. Finally, simulation results show the proposed technique
offers improved performance over existing methods when the noise density distribution is unknown.
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