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Abstract: This paper proposed : Mnethod- W unscented pa ering  (MPE) for nonlinear dynamic systems.
MPF mainly includes two steps. At ented exten Kalman fllter vassused as proposal distribution to generate particles;

Secondly, after getting means and var p a dlslrlbuu am(leq were refined using unscented transformation.
The proposed MPF algorithm was ve fl]lermg lh and the simulating results show that means and vari-
ances of MPF are lower than otht
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