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A new particle filtering basing on mean selecting
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Abstract: This paper proposed a novel filtering method—mixed unscented particle filtering (MPF) for nonlinear dynamic systems.

MPF mainly includes two steps. At first unscented extended Kalman filter was used as proposal distribution to generate particles;

Secondly, after getting means and variances of the proposal distribution, these particles were refined using unscented transformation.

The proposed MPF algorithm was compared with other five filtering algorithms and the simulating results show that means and vari-

ances of MPF are lower than other filtering algorithms.
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1
MSE MeanRunTime
mean variance
EKF 0.707 5 0.114 38 -
UKF 0.224 4 0.122 797 -
PF 0.170 01 0.165 047 0.403 4
PF-EKF 0.171 26 0.214 57 5.179 2
PF-UKF 0.113 39 0.114 207 7.113 4
MPF 0.026 08 0.038 459 7.232 4
4.3
s 6
, EKF UKF o

[1]

[6]

[7]

(8]

2 2
MSE MeanRunTime
mean variance
EKF 0.330 75 0.114 38 -
UKF 0.244 7 0.132 797 -
PF 0.230 01 0.625 047 0.394 03
PF-EKF 0.311 81 0.114 57 5.179 2
PF-UKF 0.223 39 0.134 207 7.113 4
MPF 0.096 08 0.009 845 9 7.132 4
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