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Image super-resolution reconstruction algorithm based on image sparse
representation in wavelet domain and adaptive mixed sample regression

LIU Weirrong, ZHANG Chao-peng, LIU Chao-rong, LIU Jie

(College of Electrical and Information Engineering, Lanzhou Univ. of Tech., Lanzhou 730050, China)

Abstract: Aimed at the defect that the local characteristics are hard to be well represented in spatial do-
main, the training set is directively transformed into wavelet domain. In training phase, the K-SVD dic-
tionary learning algorithm is used to train four pairs of dictionaries of subband high-low resolution respec-
tively for high-low resolution feature in extracted wavelet domain, and the subband dictionaries obtained
are used for high-resolution image reconstruction in wavelet domain. In order to improve the quality of the
reconstructed image, an adaptive mixed sample ridge regression (AMSRR) model is proposed to modulate
the high-frequency component of the image. Massive experimental results show that the proposed algo-
rithm will be superior to the competitive spatial domain methods both in visual effect and quantification in-
dex (PSNR and SSIM).
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Fig.1

Flowchart of the proposed algorithm
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Fig.3 Flowchart of algorithm at training stage
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1 3 PSNR(dB) SSIM
Tab.1 PSNR(dB) and SSIM value of image reconstruction with various algorithms with triple magnification
bicubic [17] [6] [24]
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Buttery 24.04 0.824 1 25.59 0.863 4 25.96 0.880 0 25.83 0.879 4 26.90 0.902 2
Parrots 27.91 0.872 1 29.06 0.887 5 29.26 0.897 8 29.32 0.898 3 29.95 0.906 8
Parthenon 25.97 0.686 2 26.50 0.712 6 26.69 0.721 4 26.57 0.716 8 26.82 0.728 5
Bike 22.79 0.700 6 23.90 0.763 0 23.88 0.762 5 23.90 0.762 1 24.31 0.782 1
Flow 27.38 0.783 1 28.42 0.824 4 28.55 0.827 6 28.50 0.826 7 29.02 0.842 7
Girl 32.67 0.799 2 33.02 0.802 9 33.39 0.821 2 33.34 0.819 9 33.64 0.829 3
Hat 29.19 0.839 9 30.34 0.859 7 30.50 0.870 4 30.42 0.869 1 30.83 0.878 3
Leaves 23.50 0.809 5 25.04 0.869 0 25.46 0.879 5 25.26 0.876 3 26.72 0.910 3
Plants 31.07 0.865 7 32.28 0.889 5 32.55 0.899 1 32.47 0.898 7 33.22 0.911 9
Raccoon 28.39 0.725 0 28.80 0.743 6 28.94 0.757 2 28.92 0.755 1 29.17 0.768 8
Average 27.29 0.790 5 28.29 0.821 6 28.52 0.831 7 28.45 0.830 2 29.06 0.846 1

Fig.8 Contrast diagram of visual effect of image reconstruction with various superresolution ratios
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