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Image reconstruction based on gradient projection for
sparse representation and complex wavelet

GAO Yanyan', LILi, ZHANG Jing, JIA Yingqian
(College of Mechanical and Electrical Engineering, Shijiazhuang University, Shijiazhuang Hebei 050035, China)

Abstract: Compressed sensing mainly contains random projection and reconstruction. Because of lower convergence
speed of iterative shrinkage algorithm and the lacking of direction of traditional 2-dimensional wavelet transform, random
projection was implemented by using Permute Discrete Cosine Transform (PDCT) , and the gradient projection was used for
reconstruction. Based on the simplification of computation complexity, the transformation coefficients in the dual-tree
complex wavelet domain were improved by iteration. Finally, the reconstructed image was obtained by the inverse transform.
In the experiments, the reconstruction results of DT CWT (Dual-Tree Complex Wavelet Transform) and bi-orthogonal
wavelet were compared with the same reconstruction algorithm, and the former is better than the latter in image detail and
smoothness with higher Peak Signal-to-Noise Ratio (PSNR) of 1.5 dB. In the same sparse domain, gradient projection
converges faster than iterative shrinkage algorithm. And in the same sparse domain and random projection, PDCT has a
slightly higher PSNR than the structural random matrix.
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Directional wavelet and amplitude variation of

2D DT CWT and 2D DWT
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Tab. 1 PSNR comparison of images reconstructed by GPSR-Basic and GPSR-BB based on
DT CWT and CDF 9/7 with different sampling ratios unit: dB
Lena(512x512) Barbara(512x512) Boat(512x512)
M/N CWT+ CWT+ CWT+
9/7+Basic  9/7+BB . CWT+BB  9/7+Basic  9/7+BB . CWT+BB  9/7+Basic  9/7+BB . CWT+BB
Basic Basic Basic
0.1 24.11 23.96 26. 02 25.79 20. 34 19. 66 21. 60 21.49 21. 60 21.28 23.83 23.26
0.2 28. 06 27.81 29.78 29.57 22. 64 22.42 24.17 24.18 25.72 24.83 26. 84 26. 68
0.3 30. 82 30.76 32.45 32.35 25.09 24. 65 27.08 26.93 27. 84 27.87 29.39 29. 44
0.4 33.00 33.04 34.26 34.33 26. 85 26. 80 29.55 29.58 30. 41 30. 15 31.78 31.74
0.5 35.20 35.11 36.01 35.87 29.59 29. 46 32.34 32.17 32.62 32.71 33.94 33.90
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Fig. 4 Changes of objective function with different

reconstruction algorithms
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Tab. 2 PSNR of reconstructed results of
different random projection methods unit: dB

KRR CWT+SRM CWT+PDCT CDF+SRM CDF+PDCT
0.1 25. 80 25.79 23.39 23.96
0.2 29.00 29.57 27.16 27.81
0.3 31.35 32.35 29. 82 30.76
0.4 33.34 34.33 32.00 33. 04
0.5 35.05 35.87 33.88 35.11
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