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Abstract: TV-Wavelet-L1(TVWL1) model which consists of total-variation (TV) and wavelet
regularization has great capability in image reconstruction. However, traditional algorithms
solving the TVWL1 model for image reconstruction ignore the way of synthesis/analysis sparse
representation. A new image reconstruction algorithm is thus proposed to solve TVWLI1,
where the original signal reconstruction problem is decomposed into multiple much simpler
sub-problems which can be solved alternately. In addition, the analysis sparse representation is
considered in a sub-problem. Experimental results demonstrate that the proposed algorithm
can obviously improve both objective and subjective qualities of reconstruction images com-

pared with the existing algorithms.
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Fig. 1 The results of the reconstructed Lena images by ASBA at different sample rates
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Fig. 2 The results of the reconstructed Brain images by ASBA at different sample rates
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Table 1 Experimental results for image reconstruction over

different sampling ratios with different methods
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CSA 19.35  23.28  28.01 32.97

Lena FCSA  19.36 23.29 28.06 33.07

ASBA  21.68 28.71 32.34 38.62

CSA 20.07  24.46 27.34  32.04

Boat FCSA  20.08 24.49 27.37 32.12

ASBA  21.91 28.07 31.21 36.96

CSA 15.91 23.86  26.27  30.96

FCSA  15.94 23.92 26.34  31.12

ASBA  18.13 27.06 29.97 36.11

CSA 16.12  20.62  23.53 28.84
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CSA 21.95 27.72 31.79 34. 81
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ASBA 24. 44 31.11 35.77 38.01
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