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Modified Robust Covariance Intersection Fusion Steady-state

Kalman Predictor for Uncertain Systems
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Abstract For linear discrete time multisensor systems with both stochastic parameter and noise variance uncertainties,
the stochastic parametric uncertainty can be compensated by a fictitious noise, so the original system can be converted
into the one with only uncertain noise variances. Based on the minimax robust estimation principle, the local robust
steady-state Kalman predictors and the minimal upper bounds of their error variances are presented using the Lyapunov
equation approach, and a modified robust covariance intersection (CI) fusion steady-state Kalman predictor and the
minimal upper bound of its error variances are presented using the cross-covariances of the conservative local prediction
errors. They overcome the disadvantages of the original CI fuser that the local estimates and their conservative error
variances are assumed to be known, and the upper bound of fused estimation error variances has large conservativeness.
The robustness of the robust local and fused predictors is proved, and it is proved that the robust accuracy of the modified
CI fuser is higher than that of the original CI fuser and that of each local predictor. A simulation example shows the
correctness and effectiveness of the proposed results.
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