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Single Image Super Resolution Reconstruction Based on Deep Features Dictionary
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Abstract: The ability of image features expression with the dictionary designed by artificial shallow fea-
tures is limited in dictionary based single image super-resolution reconstruction algorithm. For the rea-
son, an image super resolution reconstruction algorithm based on deep learning and feature dictionary is
proposed. Firstly, deep-level feature learning is carried out in high and low resolution training sample im-
ages by using deep network. Secondly, the feature dictionary is trained with the combination of sparse
coding under the sparse dictionary super resolution frame. Finally, a low resolution image is put in and
the super resolution reconstruction is realized by using the dictionary. Theoretical analysis shows that the
combination of image deep-level feature extraction and dictionary training by using deep network is more
beneficial to high frequency information supplement for low resolution image. Experimental results show
that compared with bicubic interpolation and other general artificial feature dictionary based super resolu-
tion reconstruction algorithms, the proposed algorithm has better subjective visual and objective evalua-
tion indices.
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Fig. 2 Sketch of single image super resolution algorithm based on PCANet features dictionary
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(a) FEFURAFFERL (b)) WEIKEEE 7 (c) ScSR (d) A3r 8 (PCANetSR) (e) BIAT AW R B
(a) Test LR image (b) Bicubic (c) ScSR (d) The proposed algrithm (PCANetSR) (e) HR image

K5 B PO R 0 8 4 B 245 1 R
Fig.5 Results of super resolution images with two upscaling factor
x1 ARAZEZBEGHERTMNIER

Tab.1 Objective evaluation of reconstructed images with different methods

[EEEA PSNR SSIM Time/s
Bicubic ScSR PCANetSR  Bicubic ScSR PCANetSR  ScSR PCANetSR

Girl 34. 46 37.43 38.03 0.9712 0.9587 0.987 3 35. 89 103. 67
Koala 33.56 36. 89 38. 82 0.9112 0.9276 0.913 5 28.45 150. 20
Baby 33.31 35. 36 35.65 0.8935 0.9343 0.964 3 33.24 475,48
Microchips 31.56 36.08 38.53 0.9011 0.9016 0.975 4 37.25 516. 15
Building 33.45 36. 90 40. 56 0.9125 0.9136 0.924 3 36. 56 350. 38
Butterfly 27.40 30. 20 37.79 0.8623 0.8956 0.883 2 40. 26 204. 96
Comic 26. 00 28. 20 37. 36 0.7916 0.788 5 0.812 5 39. 28 107. 26
Setb 34.21 37.02 39. 68 0.8853 0.8861 0.893 5 38.90 155.51
Setl4 35.33 36. 96 37.57 0.8921 0.8957 0.902 3 42.11 450. 35
BSD500 32.47 36. 23 38.47 0.900 6 0.911 2 0.941 1 45.12 118. 14

Average  32.175  35.127 38.246  0.892 14 0.901 29 0.919 74  37.706  263.21
BUEZ KRR AR TT 3% PSNR #{H 2 32. 17, ScSR J7 i PSNR #4116 35. 12, M A 3C5 % PSNR #{i
Oy 38. 24, AE IR MK e . AN SeSR RIA SCR 3L (9 Time B 45 R K A SeSR Jr ik Time ¥ {H N
37. 70 AL Time SN 263, 21 M HC BN 5 A SCH RIS R o Jl 4 20 Bl 0. oy T AS SCH 0k 42
IR B A 2 R AR AL — B N 0 DU A 0 L 5 2401 1) 4 402 B T B o o DXL 2 15 7 it 2 o) HE A R A L
BRI BT ASEEE AR A8 47 I [A] L e SeSR Az AT I E A 1< . (H AL % SPF A 5 A PSNRL SSIM L% 32 0
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