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Adaptive square-root unscented Kalman filter algorithm

LI Peng, SONG Shen-min , CHEN Xing-lin
(School of Astronautics, Harbin Institute of Technology, Harbin Heilongjiang 150001, China)

Abstract: By combining the classical square root uncented Kalman filter(SRUKF) with Gaussian process regression,
we derive a filter algorithm for an uncertain system model with inaccurate noise covariance. The new algorithm includes
a learning stage and an estimation stage. In the first stage, Gaussian process regression is applied to learn the training data
to obtain the regression model and the noise covariance of the dynamic system. In the second stage, state equations and
observation equations are substituted by their regression models, respectively; the noise covariance is adaptively adjusted by
using the Gaussian kernel function real-time. Thus, the problem of uncertain system model and inaccurate noise covariance

in the classical filters are solved. Simulation results show the new algorithm is effective.
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1 5|3 (Introduction)
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Tl B 0] 7l (Gaussian process regression, GP)

Wk H 3H: 2009—06—23; W& ok H 38: 2009—09—19.
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2 & M7 i # 1Bl JH(Gaussian process regres-

sion)
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f(z) ~ GP(m(x), k(z,z")). (1)
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4 HAF MR Z BB (Error models of inte-

grated navigation)
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6 458 (Conclusion)
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