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Abgract : Asthe accuracy will decrease or even divergence problems will occur while the theoretical statistical behavior
of the Kalman filtering and its actual behavior do not agree, a new self-adaptive Kaman filtering, support vector
machines adaptive Kalman filtering (SYMAKF) , is presented. In order to tune the noise covariance of the Kalman
filtering on line, SVM is employed to generate the adaptive factor , according to the ratio of the theoretica covariance
of the innovation sequence to its actual covariance. Smulation on target tracking shows that SVMA KF can increase
the estimation accuracy and the robustness of the Kalman filtering remarkably , compared with the traditional Kal man
filtering.
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