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Improved Strong Tracking Quadrature Kalman Filtering Algorithm

HE Shan,ZHAO Xu,SHI Xi
(School of Computer Science,Xi’ an Polytechnic University,Xi’ an 710048 ,China)

Abstract ; In the nonlinear state estimation, strong tracking quadrature Kalman filtering algorithm sets small threshold to judge filtering di-
vergence leading to fading factor with high probability even when the system is normal, which causes excessive regulation of the filtering
gain and makes the state estimation curve lack smoothness. For this,we present an improved strong tracking quadrature Kalman filtering
algorithm. The algorithm reduces probability of misjudging filter divergence by appropriately increasing the threshold, and also can en-
hance the tracking performance of the filter. Thereby, it can determine the softening factor by the different dimensions of measurement e-
quation, and thus avoids the disadvantages of the previous algorithm that determines the softening factor in accordance with experiences.
It is more operable and the simulation test is carried , which shows that the improved strong tracking quadrature Kalman filtering algorithm

can obtain higher filtering accuracy than the strong tracking quadrature Kalman filtering algorithm,and reduces the deviation between the
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system state estimation value and the real value.
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