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Abstract: The reasonable selection and optimization of nonlinearfilsed in maneuvering target tracking is the key
to realize the identification model and the estimation ofest&ombining with ensemble Kalman filter with observation
iterated update and interacting multiple models, a noveleugering target tracking algorithm based on ensemble &alm
filter with observation iterated update is proposed. Birsttcording to the mechanism of iterated observation @pdiae
realization framework of ensemble Kalman filter with obsgion iterated update is constructed. And then, the imgtove
method is taken as model filter in interacting multiple msdel identify and estimate the motion mode and target state.
Aiming to the balance between filtering precision and calted amount in the combination of two algorithms, state es-
timation samples are designed to use in interactive inmat,semultaneously the interactive processes of estimaticor
covariance matrix in interactive input and interactiveputtare simplified. The theoretical analysis and experialeasults
show the feasibility and validity of the new algorithm.
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Table 1 The mean of RMSE and time-consuming
under 50 independent simulations

Hik ACETT Al /km BH 7R /km #Eit/s

IMM-EKF 0.1525 0.2330 0.0040
IMM-UKF 0.1158 0.1782 0.0102
IMM-EnKF 0.0519 0.0784 0.2934

IMM-PF 0.0454 0.0693 1.0136
IMM-IEnKF 0.0231 0.0357 0.4651

% 2 #F# B RRBBAE T IMM-IEnKF ¢§RMSB4 {4
VAR T3 34T B 8] LA
Table 2 The mean of RMSE and time-consuming in
condition of different particles numbers

R ASFirmkm  REJTE/Km  FER/s
100 0.2124 0.3486 0.1015
200 0.0827 1.0239 0.1923
500 0.0231 0.0357 0.4651
1000 0.0192 0.0224 0.9428
5000 0.0176 0.0208 4.6822
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