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Missing Data Prediction Algorithm Based on Sparse Bayesian Learning in Coevolving Time Series
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LI Ning YU Dong-ping

Abstract In view of most of the existing algorithms in predicting the missing data in the coevolving time series are only
feasible to be applied to the case where only a low ratio of collected data are missing,an efficient missing data prediction
method was proposed in this paper. Firstly, the compressive sensing theory is applied to model the missing data predic-
tion problem in the coevolving time series to the problem of multiple sparse vectors recovery. Secondly, the validity of
the model is analyzed from two aspects:whether the sparse representation vector is sufficiently sparse and the sensing
matrix satisfies the restricted isometry property. Finally. the novel recovery algorithm based on sparse Bayesian lear-

ning, which can solve multiple sparse vector recovery problems by learning some support information,is designed for the

characteristics of coevolving time series. Simulation results show that the proposed algorithm can effectively predict the

missing data in multiple time series simultaneously.
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