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Abstract: After sensor dynamic compensation the output signal of the noise is increased and the variance is unknown.

In order to effectively suppress noise a dynamic compensation algorithm of adopting Kalman filter de-noising is re—

searched in unknown measurement noise variance. Parameters of the compensator were obtained by reference model and

system identification. At the same time Kalman filter was constructed with reference mode to eliminate high frequency

effected measurement precision. On account of the compensator’ s output signal piecewise approximated by a polynomial
p P p g P pp y a poly

with a degree of M the noise variance can be estimated to utilize vanishing moments of wavelet and the Kalman filter

under the unknown measurement noise variance condition is valid. Simulation experimental results show that the approach

is effective.
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Fig.1 Dynamic compensation principle diagram
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Fig.2 The compensator output of non-Kalman filtering Fig.3 The compensator output of Kalman filtering
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Fig.4 The compensator output of Kalman

filtering with variance estimation
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