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Abstract: Based on the extended Kalman filter (EKF) algorithm and unscented Kalman filter (UKF) algo-
rithm, a new fusion based particle filtering algorithm (FPF) is presented, in which the importance density func-
tion is generated by means of a fusion algorithm. To derive the importance density of samples, the state of each
particle is predicted separately according to EKF and UKF. An application example is given to draw a compari-

son between this new algorithm and the existing particle filter (PF) algorithm. The results show that new algo-

rithm outperforms the existing particle filter algorithm in all aspects.
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