


the autocorrelation of the innovation sequence is plotted in Figure 8, which clearly
shows white noise features. A further check of the whiteness can be carried out using
the method introduced by Mehra (1970).

Figures 9 and 10 show two groups of accelerometer bias and gyro bias estimates
for comparison purposes. The process noise parameters used by the conventional
extended Kalman filter are calculated according to the manufacturer’s technical
specification. It can be seen that all three configurations have generated similar esti-
mates. The conventional extended Kalman filter provides the smoothest estimation.
The estimates using the process scaling method are much noisier, which may be due
to its quick response to signal changes. The estimates on the Z axis have the worst
consistency. This may be due to its weak observability, since during the ground
vehicle tests the Z axis has the least dynamics. Another reason could be that gravity
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uncertainties were not properly scaled. They may behave differently from the INS
noises.

4. CONCLUSION. Over the past few decades adaptive KF algorithms have
been intensively investigated with a view to reducing the influence of the uncer-
tainty of the covariance matrices of the process noise (Q) and the observation errors
(R). The covariance matching method is one of the most promising techniques.

The online adaptive stochastic modelling method provides estimates of individual
Q and R elements. However, practical implementation of an online stochastic mod-
elling algorithm faces many challenges. One critical factor influencing the stochastic
modelling accuracy is ensuring precise and smooth estimation of the innovation and
residual covariances from data sets with limited length. Furthermore, the stochastic
parameters are closely correlated with each other when using current estimation
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algorithms, which make correct estimation more difficult. The online adaptive
stochastic modelling method is not scalable for the estimation of a large number of
parameters.

In this paper, a new covariance-based adaptive process noise scaling method has
been proposed and tested. This method is reliable, robust, and suitable for practical
implementations. Initial tests have demonstrated significant improvements of the
filtering performance. However, the optimal allocation of noise to each individual
source is not possible using scaling factor methods. This is a topic for further
investigation.
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