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Abstract

In actual exploration, due to the influence of environment, equipment or human factors, there are a lot of

missing data in the seismic data collected, which seriously affects the data interpretation work. Aiming at this prob-

lem, according to the space-time correlation of seismic data, a method of seismic data reconstruction based on

space-time constrained compressed sensing is proposed. In this method, an over-complete dictionary as a sparse

transform basis is trained using kernel singular value decomposition (K-SVD) dictionary learning algorithm. The

reconstruction is accomplished using an improved sparsity of adaptive matching pursuit (SAMP). By incorporating

an initial sparsity estimation step and adopting a variable step size strategy, the number of iterations needed for con-

vergence in SAMP can be significantly reduced. Using real seismic data and micro-resistivity imaging data, the pro-

posed novel method is compared with state-of-the-art compressive sensing reconstruction algorithms. The experimen-

tal results show that the accuracy of the reconstructed data is significantly improved, and the execution time is also

reduced.

Key words: seismic data reconstruction, space-time correlation, compressed sensing, dictionary learning

— 933 —



