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Abstract When facing the compressive imaging problem that the measurement matrix has too large
dimension, separable compressive sensing (SCS) can effectively achieve this problem at a cost of a
certain percentage of additional measurements. However, the both separable measurement matrices in
existing separable compressive sensing method should be row-normalized orthogonal random matrix,
which limits its application significantly. In this paper, the method of singular value decomposition
(SVD) is introduced into separable compressive sensing measurement process, which can effectively
achieve the separation of measurement matrix and reconstruction matrix: the design of the
measurement matrix in sensing stage is more to consider the physical properties for easy
implementations, such as the deterministic structure of Toeplitz or Circulant matrices and etc; in the
reconstruction stage, it is more to consider the optimization of reconstruction matrix. Through the
introduction of singular value decomposition method to optimize the measurement matrix in
reconstruction stage, the reconstruction performance can be effectively facilitated, especially for
Toeplitz and Circulant matrix in large-scale image compressive reconstruction. Numerical results

demonstrate the validity of our proposed method.
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(a) Original image

(d) RNRGM measurements

(b) RNORM measurements

(c) RNORM reconstruction

(¢) RNRGM reconstruction

(f) RGM measurements

(g) RGM measurements+SVD

(h) RGM+SVD reconstruction

Fig. 1 Comparison results of single image reconstruction experiment using different separable measurement matrices.
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Table 1 The Comparison Results of SNR and Time of Image
Reconstruction Using Different Separable Measurement
Matrices

®1 FRAUTSENEEMREGHNERFRILNEZNE

Matrices SNR/dB Reconstruction Time/s

RNORM 48.9213 236.7782

RNRGM 48.9199 243.7416
RGM+SVD 48.9213 238.2993

M1 H i B WY LA 3 R [ Y R
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Fig. 2 Comparison of reconstruction experiments under different sampling rate.
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Fig. 3 Comparison of reconstruction experiments under different scale factors.
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Fig. 4 Robustness testing experiment.
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