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Technology of Aeroengine Testing Data Preprocessing
Based on Robust Kalman Filter

YIN Dawei', LIAO Ying', WANG Lei’, LIANG jia- hong’
(1. College of Acrospace and Material Engineering, National Univ. of Defense Technology, Changsha 410073, China
2. College of Mechatronics Engineering and Automation, National Univ. of Defense Technology, Changsha 410073, China)

Abstract: The standard Kalman filter algorithm cannot accurately preprocess the measured data of aeroengine wih exceptional
errars. The principle of standard Kalman filter and the impact of test errrs to the filter estimate results were analysed, and the method of
dynamically adjusting the weight of observation information in the filier estimate result was introduced. Then, based on M-estimation
theory, the Robust Kalman filter principle and the recusion formula were presented. The state-space equations and observation equatibns
of the measured parameters were established in terms of CA ( Constant Acceleration) model. In oder to decrease the calculation
consumption, the sequence filter was applied separately to process the different sensed data. Furthemore, the preprocessing to the
simulation sensed data of a given turbofan engine’ s deady operation was camied out as an example, using the given Robust Kalman
filter. The calculation results, compared with sandard Kalman filter, show that the designed Robust Kalman filter has better estimate
precision with a given model ermwr.
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