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Research on Volterra and Wiener Model of Compressed Sensing Measurement
of Speech Signal Based on Row Echelon Matrix
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Abstract:  Aiming at the difficulty of modeling the gauss measurement of speech signal for its strong randomicity under
compressed sensing theory this paper proposed Volterra model of compressed sensing measurement of speech signal based
on special row echelon measurement matrix and realized the prediction of compressed sensing measurement of speech
signal based on this kind of Volterra model . The prediction effects of input dimensions and order of Volterra model were
studied. Wiener filter was used in order to ruduce the prediction error of Volterra model. Under the same known data quan—
tity reconstruction based on part of compressed sensing measurement Volterra model and wiener filter achieves better re—
construction performance than that of gauss measurement. Research on this model offered certain reference value on the
combination of compressed sensing and speech signal processing techniques.
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Fig.5 CS reconstruction based on prediction of measurements
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Tab.4 Relationship of segmental SNR and M.NUM

based on predition reconstruction

M 5 10 15 20 25
NUM 48 53 58 63 68
SNR 14. 8890 | 16. 1021 | 16. 6313 | 16. 9007 |17. 1495
5 SNR  NUM

Tab.5 Relationship of segmental SNR and NUM

based on gauss measurement matrix

NUM

48

53

58

63

68

SNR

7. 9086

9. 6538

10. 3132

10. 8639

11. 7405
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SNR  NUM

Tab.6 Relationship of segmental SNR and NUM based

on row echelon measurement matrix

NUM 48 53 58 63 68
SNR 20. 5170 | 20.5299 | 20. 6013 | 20. 4682 {20. 5983
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