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Signal Reconstruction Based on Compressed Sensing
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Abstract: With the development of information technology, the demands for information are increasing dramatically, which causes a series
of challenges in signal sampling, transmission and storage. An emerging theory of compressed sensing (CS) , which is presented in recent
years, provides a new method for solving this problem. CS project a singnal into a lower dimension at frist , then by using nonlinear recov-
ery algorithms (based on convex optimization), super — resolved signals and images can be reconstructed from what appears to be highly
incomplete data. Introduces the processing of the signal sparse representation, observation matrix and recovery algorithms and focus on the
theoretical framework of compressed sensing and discusses the existing difficult problems. Apply this new theory to data of one dimension

and image of two dimensions and give the simulated result in the end. Experiments proved CS is higher compression ratio and smaller

compression error than traditional data compression algorithm.
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