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Image super-resolution based on clustering and
collaborative representation

Wang Ronggui, Liu Leilei, Yang Juan, Xue Lixia*, Hu Min
School of Computer and Information, Hefei University of Technology, Hefei, Anhui 230009, China

Abstract: Image super-resolution (SR) refers to the reconstruction of a high-resolution (HR) image from single or
multiple observed degraded low-resolution (LR) images for the purpose of improving image's visual effects and get-
ting more available information. We propose an image super-resolution algorithm based on collaborative represen-
tation and clustering in this paper. In the training stage, the image samples are clustered according to the image
features and multiple dictionaries are trained by using the differences of image features, which overcomes the
shortcoming of lack of expressiveness of traditional single-dictionary training methods. Moreover, projection matrices
between different HR and LR image clustering are computed via collaborative representation, which accelerate the
speed of image reconstruction. Experiments demonstrate that compared with other methods, the proposed method
not only enhanced PSNR and SSIM metrics for reconstructed images but also improved image’s visual effects.
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Table 1 PSNR(dB) and SSIM values of super resolution images with upscaling factor 2
Bicubic Zeyde NE+LLE NE+NNLS SF ANR Proposed-1 Proposed
Baboon PSNR 24.86 25.46 25.52 25.41 25.36 25.54 25.53 25.58
SSIM 0.6976 0.7513 0.7575 0.7497 0.7465  0.7586 0.7584 0.7639
Barbara PSNR 28.00 28.67 28.63 28.53 28.25 28.58 28.68 28.69
SSIM 0.8413 0.8724 0.8733 0.8691 0.8489  0.8729 0.8743 0.8753
Bridae PSNR 26.58 27.53 27.50 27.33 27.18 27.53 27.60 27.68
g SSIM 0.7929 0.8178 0.8413 0.8343 0.8324  0.8422 0.8426 0.8468
Coastauard PSNR 29.12 30.42 30.38 30.08 29.59 30.42 30.51 30.59
9 SSIM 0.7893 0.8404 0.8435 0.8383 0.8150  0.8446 0.8444 0.8492
Comic PSNR 26.02 27.61 27.69 27.46 25.67 27.74 27.92 28.02
SSIM 0.8494 0.8979 0.9006 0.8951 0.8792  0.9011 0.9038 0.9062
Face PSNR 34.83 35.57 35.60 35.47 34.91 35.65 35.63 35.65
SSIM 0.8623 0.8818 0.8830 0.8801 0.8591 0.8841 0.8837 0.8851
Flowers PSNR 30.37 32.22 32.14 31.92 30.11 32.24 32.48 32,57
SSIM 0.8985 0.9271 0.9274 0.9238 0.9106  0.9287 0.9294 0.9301
Foreman PSNR 34.14 36.01 36.32 35.92 32.68 36.28 36.63 36.75
SSIM 0.9518 0.9664 0.9660 0.9656 0.9523  0.9665 0.9681 0.9675
Lenna PSNR 34.70 36.20 36.28 35.96 35.54 36.29 36.38 36.42
SSIM 0.9112 0.9262 0.9267 0.9242 0.9108  0.9275 0.9279 0.9280
Man PSNR 29.25 30.42 30.41 30.23 29.92 30.44 30.59 30.64
SSIM 0.8458 0.8775 0.8789 0.8740 0.8638  0.8797 0.8807 0.8823
Monarch PSNR 32.94 35.65 35.45 35.17 33.30 35.61 36.28 36.38
SSIM 0.9601 0.9726 0.9716 0.9709 0.9583  0.9726 0.9741 0.9730
Peoper PSNR 34.97 36.55 36.38 36.24 35.76 36.36 36.64 36.72
PP SSIM 0.9073 0.9190 0.9184 0.9172 0.9039  0.9190 0.9200 0.9196
Pt PSNR 26.87 29.29 28.92 29.07 25.27 28.93 29.55 29.66
SSIM 0.9450 0.9697 0.9648 0.9662 0.9421 0.9651 0.9711 0.9706
ebra PSNR 30.63 33.20 33.02 32.60 26.77 33.05 33.33 33.44
SSIM 0.9086 0.9381 0.9387 0.9342 0.9131 0.9393 0.9400 0.9414
Average PSNR 30.23 31.77 31.73 31.53 30.02 31.76 31.98 32.06
g SSIM 0.8687 0.8970 0.8994 0.8959 0.8811 0.9001 0.9013 0.9028
A2 REIKKAEE FIts R
Table 2 Average PSNR(dB) and SSIM values of different upscaling factor
Scale Bicubic Yang Zeyde NE+LLE NE+NNLS SF ANR Proposed
) PSNR 30.23 - 31.77 31.73 31.53 30.02 31.76 32.06
X
SSIM 0.8687 - 0.8970 0.8994 0.8959 0.8811 0.9001 0.9028
s PSNR 27.54 28.31 28.66 28.57 28.47 27.25 28.62 28.79
X
SSIM 0.7736  0.7954  0.8078 0.8075 0.8032 0.7856  0.8089 0.8123
PSNR 26.00 25.93 26.81 26.78 26.80 25.22 26.82 26.92
x4
SSIM 0.7019  0.6958  0.7342 0.7332 0.7323 0.6845  0.7346 0.7359
ANR
4
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Fig. 4 SR reconstruction results of image “Baboon”. (a) Original; (b) Bicubic; (c) Zeyde; (d) NE+LLE; (e) NE+NNLS; (f) SF;
(g9) ANR; (h) Proposed
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Fig. 5 SR reconstruction results of image “PPT". (a) Original; (b) Bicubic; (c) Zeyde; (d) NE+LLE; (e) NE+NNLS; (f) SF; (g)
ANR; (h) Proposed
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Fig. 6 Influence of clustering number on SR
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Table 3 Time complexity of different methods s
Images Yang Zeyde NE+LLE NE+NNLS SF ANR Proposed
Baboon 69.79 2.36 3.63 16.97 61.06 0.91 6.19
Barbara 73.99 3.95 6.27 29.92 77.94 1.51 11.43
Bridge 82.25 2.45 3.90 18.24 21.86 0.91 6.91
Coastguard 20.54 0.94 1.50 7.14 21.86 0.35 2.41
Comic 29.39 0.80 1.30 6.13 26.11 0.32 2.31
Face 11.77 0.68 1.12 5.14 11.81 0.26 1.98
Flowers 43.25 1.66 2.69 12.45 41.26 0.63 4.88
Foreman 15.50 0.93 1.47 6.93 18.11 0.35 2.58
Lenna 39.31 2.49 3.91 18.98 41.34 0.95 6.59
Man 59.18 242 3.89 18.48 57.74 0.91 7.25
Monarch 62.24 3.67 5.87 27.76 53.84 1.37 10.18
Pepper 36.77 243 3.87 18.82 38.51 0.92 7.01
Ppt 52.06 2.95 5.01 22.11 52.51 1.19 9.01
Zebra 62.71 2.10 3.36 15.79 57.52 0.78 6.00
Average 47.05 2.13 3.41 16.06 41.53 0.81 6.05
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Overview of the proposed algorithm

Overview: Image super-resolution (SR), as an important branch of digital image processing and computer vision, has
been widely used in video surveillance, medical imaging and remote sensing image processing in these years. The sin-
gle-image super-resolution (SISR) is currently a very active area of SR research and we focus on it in this paper. The SISR
refers to the reconstruction of a high-resolution (HR) image from an observed degraded low-resolution (LR) image. In
this paper, we propose a novel single image super-resolution algorithm by combining clustering and collaborative repre-
sentation. In the training stage of our method, image patches with similar characteristics are clustered into one sub-class
by using k-means clustering algorithm firstly, and then use clustered image patches to learn LR dictionary for each
sub-class through K-SVD method. The HR dictionary is computed by using the sparse representation theory which as-
sume that the LR and HR image patches have the same sparse coefficient according to corresponding LR and HR dictio-
naries. Finally, we compute the projection matrix for each clustered dictionary atom based on the CR with ,-norm regu-
larization, which map LR features onto corresponding HR features. In the reconstruction process, for each input LR
patch we first find the nearest LR cluster center and then obtain the projection matrix via closet dictionary atom in the
corresponding LR dictionary. The HR patch can be estimated by multiplying input LR patch and the projection matrix at
last. In conclusion, more expressiveness dictionaries and more effective projection matrices are obtained via our method.
Experimental results demonstrate that our proposed algorithm is both quantitatively and qualitatively superior to other
classic image SR algorithms. The visual results of HR images show that our proposed algorithm reconstructs more fine
details along the dominant edges and suppresses the unexpected artifacts comparing with other methods.
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