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Pseudo Redundant Measurement-Based
Adaptive Kalman Filter

JIANG Liu-yang, ZHANG Hai

(School of Automation Science and Electrical Engineering, Beihang University, Beijing 100191, China)

Abstract: Existing second-order mutual difference (SOMD) algorithm can give the estimation of
measurement noise covariance decoupled with the state estimation error, but it requires redundant
measurements which are generally not satisfied. This paper proposes a method for constructing
pseudo-measurement of two adjacent moments using state prediction, and then the SOMD algo-
rithm is expanded to the system with a single measurement. The efficiency of the approach is veri-
fied via a target tracking problem. Simulation results indicate that the proposed algorithm can ig-
nore the influence of state estimation error when the sampling period is small and provide accurate
measurement noise properties, which is superior to other reference algorithms in accuracy and ro-
bustness.
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