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Abstract; As a new technology of data mining, sparse representation is better at discovering the knowledge hidden behind the data and has
excellent feature discovery and retention ability compared with traditional algorithms. In recent years, it has become a research hotspot in
many fields. However, the characterization and description of this technique vary from field to field, which is not conducive to the
expansion of remote sensing hyperspectral image processing field, and the application potential remains to be deeply explored. On the
basis of summarizing the theoretical basis, research progress and application of sparse representation from three fields of biological vision,
statistics and machine learning , we comb out the remote sensing oriented framework , systematically and detailedly describe the model and
terminology system of sparse representation, and focus on two key issues of sparse coding and dictionary learning. Based on the
requirements of application applicability and application potential analysis of sparse representation remote sensing, we review the
application of sparse representation model in the field of remote sensing,and focus on the analysis and statistics of application hotspots
and difficulties of each branch of hyperspectral. Finally,the advantages of sparse representation framework and the problems in remote
sensing image processing are summarized.
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