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Abstract Super-resolution (SR) reconstruction based on sparse representation and dictionary learning
algorithm does not decompose the image at first. It reconstructs the image with its whole information
based on sparse representation and dictionary learning algorithm directly. It is said that images can be
decomposed into low-rank part and sparse part by low-rank matrix theory. Using different methods
according to the characteristics of the different parts can be more effective to use the characteristics of
the image. This paper proposes a super-resolution reconstruction method based on low-rank matrix
and dictionary learning. The method obtains the low-rank part and sparse part of the original image
via low-rank decomposition at first. The low-rank part retains most of the information of the image.
The algorithm reconstructs the image based on dictionary learning method only for the low-rank part.
The sparse part of the image reconstruction is not involved in the learning method, instead its
reconstruction is based on linear interpolation method directly. Experimental results show that it can
not only enhance the quality of the image reconstruction but also reduce the time of the
reconstruction. Compared with existing algorithms, our method obtains better results in the visual

effects, the peak signal to noise ratio and the running speed of the algorithm.
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(b) Bicubic interpolation
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Fig. 3 Comparison of Flowers super-resolution images.
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Fig. 4 Comparison of Lena super-resolution images.
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(d) Ref[9] method

(e) Ref[10] method

(f) Our method

Fig. 5 Comparison of Zebra super-resolution images.
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Fig. 6 Comparison of the details of Lena images.
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Table 1 The PSNR&SSIM of Super-Resolution Images
*1 FEEEWEGKR PSNR&SSIM &
Image PSNR&.SSIM Bicubic Ref [8] Method Ref [9] Method Ref [10] Method Our Method
PSNR/dB 25.91 27.11 27.68 27.23 27.76
Flowers
SSIM 0. 81 0. 88 0. 89 0. 86 0.90
PSNR/dB 30. 36 31.68 33. 20 32.59 33.38
Lena
SSIM 0.75 0.82 0. 86 0. 83 0.87
PSNR/dB 25.34 26. 36 27.02 26.95 27.13
Zebra
SSIM 0.83 0. 87 0. 89 0. 88 0.91
PSNR/dB 29.42 30.71 30. 95 30. 84 31.15
Monarch
SSIM 0.72 0.73 0.75 0.73 0.76
PSNR/dB 23.27 23.53 24.08 23.69 24.23
Baboon
SSIM 0. 85 0. 85 0. 87 0. 86 0.89
PSNR/dB 32.43 33. 36 33.93 33.62 34.12
Pepper
SSIM 0.71 0.77 0. 80 0.78 0.81
Table 2 Running Time of Algorithm 0 0 0 A AR5 00 5 7 S AR (8 0 8 A
®2 HERHEITNE s Bicubic 3k 9 45 0 43 2305 5 R B H L
tmage RelTs] Method  Our Method B 0 5. R T 60 SRS 0 51 3 7 W 7 5B
Flowers 1101 5.7 R AR A A W7 5 DR 2204 o T 14
Lena 103.8 96.5 () T 1, AT E — 25 0IE B T AR SO i A st 5 aT
Zebra 168. 5 148.3 ,Ti.;ri
Monarch 123.4 108.5
Baboon 156. 2 129.1 5 gl:!l: -L/k\'
Pepper 142.7 110.3
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Fig. 7 The PSNR of reconstructed Flowers images
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