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Spatiotemporal Learning Driven Mixture Importance
Gaussian Filtering
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Abstract: To reduce the Gaussian truncation error and linearization error caused by the inconsistency between the
nonlinear dynamic and state constraints, this paper proposes a spatiotemporal learning-driven mixed importance Gaussian
filtering (MIGF) algorithm. The algorithm uses soft constraint and sparse regularization technology to represent the spatio-
temporal causal mapping between the true parameters of the target state and the current time measurement, uses Rayleigh
entropy to mix the historical state and the latest measurement to establish the suboptimal recommendation distribution, and
integrates the importance Gauss-Hermite integral to predict and update according to the causal invariant structure, adaptive-
ly correcting the Sigma points” weights and balancing the sample size and filtering accuracy to improve the accuracy of con-
strained dynamic system modeling and the robustness of parameter estimation. Experimental results show that, compared
with the unscented particle filtering (UPF), the filtered state covariance decreases by 45. 37% for the comprehensive nonlin-
ear scalar state estimation. Furthermore, in the bearings-only tracking experiment for a small fixed-wing UAV, compared
with the mixture truncated unscented Kalman filtering (MTUKF), interactive multi-model unscented Kalman filtering (IM-
MUKF) and multi-model Rao-blackwell particle filtering (MMRBPF), the MIGF algorithm optimizes the dynamic model
structure consistent spatiotemporal constraint to obtain more accurate and robust state parameter estimation. However, the
overall running time is an order of magnitude higher than that of IMMUKEF, while compared with MMRBPF, the reduction
factor is the size of the model set.

Key words: Gaussian truncation error; linearization error; sparse regularization; spatiotemporal learning; spatiotem-
poral causal mapping; Rayleigh entropy
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Xy0=X,+diag[1.0m, 0.Im-s", 1.0m, 0.1 m-s™",

1.0m, 0.1m-s™'],
P,,=diag[0.2m?, 0.02m?-s%, 0.2m?, 0.02m” s
0.2m? 0.02m?-s7].
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BE (m) | D995 2% (') | KA (m) | B90525 () | BeKAA (m) | BDD92% () | BRRAE (m) | BMD722 ()
IMMUKF 431 229 1.81 1.09 10.23 271 261 0.94 0.121
MTUKF 6.56 6.99 4.18 221 14.23 323 25.12 8.37 0.028
MMRBPF 9.40 7.66 8.28 4.64 8.36 10.05 1.03 1.04 3.113
MIGF 2.67 1.77 0.52 0.91 0.64 1.73 1.15 1.43 1.461
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