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Abstract Compressed sensing (CS) can perceive the original structure of signals through a few measured values, and
reconstruct the signal by solving an optimal problem accurately. The theory of CS not only reduces the cost of the storage
and transmission during the acquisition of images and videos, but also provides new opportunities for the follow-up
image processing and recognition, promoting the combination of theory and engineering application. This paper presents
the principles of CS, and surveys the latest theory achievements and development of sparse representation, design of
measurement matrix and reconstruction algorithm. Then this paper analyzes and discusses the research and development
of CS theory in its application of image processing field. In the end, the paper points out the existing problems and the

future application.
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Fig.1 Theory framework of compressed sensing
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Fig.2 Linear measurement of compressed sensing
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Fig.4 Image sparse decomposition and reconstruction
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Fig.10 MRI image reconstruction based on
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compressed sensing
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Fig.11 Image restoration model under the framework
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