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Compressed Speech Sensing for Research Progress and Prospect
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Abstract: Compressed sensing technology, especially the compressed speech sensing technology has grad-
ually become the research hotspot in signal processing. The currently key issues of compressed speech
sensing include the construction of the sparse decomposition matrix, the selection of the measurement
matrix and the design of the reconstruction algorithm for speech signal. The important representatives of
sparse decomposition matrix are the orthogonal basis, linear prediction matrix based on speech character-
istics and overcomplete dictionary. For measurement matrix, the performance of reconstructed speech
signals based on random measurement matrix is analyzed. For reconstruction algorithm, the robust re-
construction algorithms with noisy measurement or noisy speech signal are researched. In the paper, the
above three kinds of compressed speech sensing technologies are introduced and compared, and the main
applications of compressed speech sensing are also provided. Finally, the possible future research points
of compressed speech sensing are discussed.
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Fig. 1 Diagram of compressed speech sensing based on CS
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Fig. 2 Reconstruction signal of speech for different sparse decomposition matrices
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Fig. 4 SNR curves of reconstructed speech signal for different measurement matrices
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