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Methods for Outlier Detection of Kalman Filtering
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(1 School of Geological Engineering and Surveying, Chang an University, Xi an 710054, Shaanxi China;
2 Schoolof Surveying and Mapping, Information Engineering University, Zhengzhou 450052, Henan, China)

Abstract In order to detect the outliers of measurements and dynamic models, the predicted residual vector is
used to construct methods to the integral error detection of measured outliers and dynamic model error. There are
three types of statistics that is, the outlier detection based on the credible observation, the reliable
measurements at present epoch, and the estimations of Kalman filtering respectively. For the discrepancies of
states the estimations of Kalman filtering and the reliable measurements are used to detect dynamic model error.
These methods are compared and analyzed with the data of navigation. It is proved that the outlier detection can
improve the precision when measurement outliers or dynamic model errors exist.
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