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Abstract: To address the issue of poor adaptability of traditional Kalman filters to nonlinear non-Gaussian
measurement signals in relative navigation of non-cooperative spacecraft, which can lead to performance
degradation or even divergence, a nonlinear filtering method based on a-divergence minimization (aKF) is
proposed. Operating within the Bayesian estimation framework, this method achieves high-precision
dynamic solution of relative position and velocity between the observing and observed spacecraft by
optimizing posterior probability distribution estimation through a-divergence minimization. Simulation
experiments demonstrate the robustness of the proposed method under both Gaussian and second-order
Gaussian mixture models (GMM). Results indicate that under second-order GMM non-Gaussian noise
conditions, the aKF-based algorithm achieves relative position estimation accuracy of 1.813 m and relative
velocity precision of 0.022 m/s. Furthermore, parameter sensitivity analysis reveals the optimal range for
divergence coefficient a to be 0.05~0.1, providing valuable reference for filter parameter configuration in
complex noise scenarios.

Key words: a-divergence minimization; Gaussian mixture model; non-Gaussian distribution; spacecraft
relative navigation
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Fig.1 Measurement of the radar
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Tab.3 Results of aKF, EKF and UKF algorithms

EKF UKF oKF

WiE ¥ik i Wiz WE ¥k

Axm  0.049 0532 0.067 0399 0.084 0.792
Ay/m —0.054 0.820 -0.440 0.837 0.025 1.209
Az/m 1492 2480 1.486 2574 0.526 1.351
Ar/m  2.769 1292 2834 1364 1813 00954
Avi/(m/s) 0.001 0.006 -0.001 0.005 -0.001 0.008
Aw/(m/s) 0.001 0.005 0.000 0.005 0.000 0.006
Av:/(m/s) 0.007 0.023 -0.001 0.015 0.005 0.020
Av/(m/s) 0.023  0.009 0.015 0.006 0.022 0.007
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BUERE o AL RS, L%
B GMM BARUAE A 0 e r ASERY , S BRI 0.05° Byl £
WEWZ, o BUETERIN 0.001~1. R oKF 5Hi:45
FI ARGV B B R R ZE I 538y 2 804
Rk 4 s, JERAFRER 7K 12 FiE 13)
X PR ZE AT TR . B R R T A
1L v U N LY R G R (6115 €5 s e A G Y
HELR O A B/ MBI e KR, £1 B30 s B R
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x4 FRMERBTSMEESIT

Tab.4 Navigation accuracy statistics under different
divergence coefficients

BORE RHIXSOLEL  ARRPAZELE AR RERL MR iR

B NREY) REHHE O REWME EZ¥TT 2%
a {E/m /m /(m/s) /(m/s)
0.001 7.680 2.773 0.028 0.009
0.005 8.608 2.574 0.028 0.010
0.01 7.077 1.957 0.027 0.006
0.05 6.947 1.864 0.026 0.005
0.1 6.950 1.501 0.022 0.006
0.5 7.095 1.216 0.018 0.006
0.999 7.231 1.133 0.016 0.006
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