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Abstract: In engineering applications, the main reasons for the oscillation or divergence of the
standard Kalman filter are that the statistical property of the measurement noise varies over time
and the outliers in measurements. The traditional robust Sage-Husa adaptive filter can improve the
filtering performance by estimating the measurement noise covariance and restraining the isolated
outliers. However, it is not the case when continuous outliers occur. To solve these problems, an
improved optimal filter is designed. When the measurement outliers are detected, the measure-
ment noise covariance is estimated by a replacement of a posteriori covariance with a priori covari-
ance whose greater modulus can increase the estimated covariance and reduce the weights of outli-
ers. A novel weighted function allowing to simultaneously restraining the outliers and tune the a

posteriori covariance is designed using IGG function, which avoids the filtering divergence caused
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by adjusting the innovation to zero continuously. Considering the measurement noise covariance

tuning will bring about a change to the threshold and cause the rises of misdetection rate, a dual

outlier detection assisted by the innovation from the standard Kalman filter is used. Compared

with the common robust adaptive filter, the simulation results show that the proposed scheme can

mitigate the measurement outliers effectively.

Key words: Outliers diagnosis; Sage-Husa filter; Noise covariance estimation; Robust adaptive
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Fig. 2 Filtering errors with isolated outliers in measurement
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