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Robust Kalman Filtering with Perturbation Estimation Process for
Uncertain Systems

*
SRS

(SangJoo Kwon)

Abstract : A robust Kalman filtering method for uncertain stochastic systems is suggested by adopting a perturbation estimation
process which is to reconstruct total uncertainty with respect to the nominal state transition equation. The predictor and corrector of
discrete Kalman filter are reformulated with the perturbation estimator. Successively, the state and perturbation estimation error
dynamics and the corresponding error covariance propagation equations are derived as well. Finally we have the recursive algorithm
of Combined Kalman Filter-Perturbation Estimator (CKF). The proposed combined Kalman filter-perturbation estimator has the
property of integrating innovations and the adaptation capability to system uncertainties. A numerical example is shown to

demonstrate the effectiveness of the proposed scheme.

Keywords : robust Kalman filter, perturbation estimator, discrete-time system
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(a) odometric disturbance (mm)
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(b) odmetric error
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Y 2@ 2R F vl A8 99, () 22 79
A%,
Fig. 2. (a) odometric disturbances, (b) robot trajectory.

(a) prior estlmatlon error (x—axis)
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(b} prior estimation error (y—axis}
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Fig. 3. Comparison of prior state estimation errors.
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(a) posterior estimation error (x-axis)
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(b) posterior estimation error (y-axis)
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