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Abstract: To solve the mismatch problems between the measurement likelihood function, importance density func-
tion and the target true distribution for the nonlinear filtering in the presence of the model attribute ambiguity and prediction
bias, we derive and present a Bayesian sequential importance quadrature filter(SIQF) algorithm. To reduce the deviation be-
tween the likelihood function and the target true distribution in the Bayesian reference, the bounded measurement likelihood
of the latest measurement is defined via the soft spatiotemporal constraint, the modified prior of the feasible area is approxi-
mated by truncating the probability density function of the measurement noise. To modulate the matching degree between
the importance function and the target distribution, the state under the modified and original priors is evaluated via Gauss-
Hermite Kalman filter in parallel, the maximum correntropy criterion is introduced to construct the mixture importance func-
tion, both the diversity of sequential importance sample and the tolerance of prediction covariance can be thereby improved.
The simulation results show that, compared with the unscented particle filter for the estimation of one-dimensional univari-
ate nonstationary growth model, the average estimate error of the SIQF algorithm has decreased 63% without sacrificing
computational complexity. Compared with the multi-model Rao-blackwell particle filter for the maneuvering target tracking
in the airspace, the root mean square error of the SIQF algorithm has decreased 33%, and the computational load is reduced
by an order of magnitude.
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