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Adaptive semi-coupled sparse dictionary learning algorithm

SHEN Zhiwei, YANG Xiaomin, WU Wei, HU Mingming

(College of Electronic Information, Sichuan University, Chengdu Sichuan 610065, China)

Abstract: In order to achieve higher resolution images, a semi-coupled sparse dictionary learning
algorithm by using adaptive image blocks clustering algorithm is proposed. The theoretical basis of
semi-coupled sparse dictionary learning algorithm and adaptive image blocks clustering algorithm are
studied in this paper. Firstly, according to the application of sparse representation theory in image super
resolution algorithm, the coupled and semi-coupled sparse dictionary learning algorithm are introduced.
The coupled dictionary learning algorithm assumes that sparse codings of corresponding high and low
resolution image blocks are equal, but this assumption is too strict. The semi-coupled dictionary learning
algorithm relaxes this assumption, assuming that sparse codings of corresponding high and low resolution
image blocks are not equal, but satisfying a linear mapping. Secondly, because the semi-coupled sparse
dictionary learning algorithm is more reasonable than the coupled sparse dictionary learning algorithm, in
this paper, the semi-coupled sparse dictionary learning algorithm is adopted. Then, according to the
limitations of expression of the global dictionary, the multi-dictionary learning algorithm is analyzed.
Finally, through the analysis of the traditional image blocks clustering algorithm, a semi-coupled sparse
dictionary learning algorithm by using adaptive image blocks clustering algorithm is proposed. The
experimental results show that the Peak Signal to Noise Ratios(PSNR) of Butterfly, Cameraman, Foreman,
Plants, Hat and Lena images obtained by the proposed algorithm are higher than that of the semi-coupled
sparse dictionary learning algorithm based on K-means clustering algorithm by 0.18 dB,0.16 dB,
0.52 dB,0.21 dB,0.23 dB and 0.14 dB respectively. According to the results, a conclusion is drawn that
better reconstruction images can be obtained by the proposed method.

Keywords : adaptive clustering; sparse representation; super resolution; semi-coupled sparse

dictionary learning; image processing
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Tablel Comparison of PSNR of various methods

algorithm Butterfly Cameraman Plants Foreman bike house Hat Lena raccoon girl
Bicubic 21.26 21.66 28.04 29.65 21.13 26.28 27.47 22.85 26.59 29.97
Yang et al. 22.32 22.47 29.09 30.37 21.95 27.26 28.33 23.84 27.13 30.68
Zeyde et al. 21.17 21.43 27.70 29.60 21.07 25.92 27.44 22.58 26.42 29.72
SCDL 24.52 22.69 30.87 33.35 22.48 29.12 28.99 24.63 27.66 31.88
proposed 24.70 22.85 31.08 33.87 22.61 29.19 29.22 24.77 27.70 31.91

F 2 HK R SSIM (BN L

Table2 Comparison of SSIM of various methods

algorithm Butterfly Cameraman Plants Foreman bike house Hat Lena raccoon girl
Bicubic 0.764 0 0.691 7 0.774 2 0.8481 0.6469  0.7318 0.764 9 0.678 8 0.659 2 0.709 3
Yang et al. 0.785 4 0.6957 0.7957 0.8390 0.6938  0.7249 0.763 8 0.697 7 0.680 7 0.716 6
Zeyde et al. 0.7754 0.697 7 0.780 2 0.8497 0.6688  0.7319 0.7735 0.684 0 0.6731 0.716 3
SCDL 0.857 4 0.7477 0.8520 0.8913 0.7330  0.7755 0.809 0 0.764 9 0.709 9 0.7475
proposed 0.863 7 0.751 2 0.858 8 0.895 2 0.7374  0.776 2 0.8151 0.768 4 0.7119 0.748 7
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