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Super-Resolution Reconstruction Algorithm Using
Sparse Representation and Wavelet Transform
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Abstract; To improve the quality of super-resolution reconstruction images, a super-resolution reconstruction
algorithm based on sparse representation and wavelet transform is proposed. Firstly, combining the multi-scale
and multi-directionality of wavelet transform with the flexibility of sparse representation, a dual sparse coding
(DSC) model is constructed to improve the accuracy of sparse coefficients. Then, a locally linear embedding
regularization (LLER) term is introduced to better preserve the structure of the image. In the process of image
reconstruction, three high-frequency subbands with different directional characteristics, obtained by perform-
ing wavelet decomposition on the input LR image, are reconstructed by the proposed LLER-DSC model, re-
spectively. Finally, the final high-resolution image is obtained by inverse wavelet transform. Experiments il-
lustrate that the proposed approach outperforms several state-of-the-art super-resolution algorithms in terms of
subjective visual quality and objective evaluation indices including peak signal-to-noise ratio and structural smi-
larity.
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Tab.1 Comparison of average Rpsy and Msg values obtained by four different SR algorithms

Rysy = 10 - 1g

SRS PEH 5 B Rk
: PHRAT Bicubic SRWD DSC LLER-DSC
Rpsx 33.68 35.09 35.23 35.30
Set5 -
Mg 0.945 8 0.952 6 0.954 8 0.955 8
Rpsx 30. 24 31.27 31. 41 31.47
Setl4 -
Mg 0.891 7 0.9106 0.913 0 0.854 0
Rpsy 29.56 30. 54 30. 62 30. 67
B100 -
Mg 0.869 5 0.896 6 0.8975 0.899 3
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Tab. 2 Comparison of average Rpsy and Mgy values obtained by seven different SR algorithms

. . Bk
B i b SUi(31)  SRISAE SISR ANR NE_LLE LLERDSC
R 33. 66 35. 60 35. 66 35.78 35. 83 35,77 35.88
S 0.9450  0.9601  0.9605  0.9609  0.9614  0.9606  0.9618
R 30. 23 31, 64 31. 72 31. 80 31. 79 31. 75 31.85
Sty 0.8913  0.9177  0.9182  0.9171  0.9182  0.9173  0.9221
oy R 29. 32 30. 40 30. 42 30. 40 30. 44 30. 41 30.93
M 0.8621  0.8954  0.8959  0.8920  0.8947  0.8941  0.899 3
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Fig. 2 Visual comparison results of reconstructed images obtained by different SR algorithms for Butterfly
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Fig. 3 Visual comparison results of reconstructed images obtained by different SR algorithms for Barbara
i1 2.3 AT Bicubic A~ B8 & 067 (9 (8145 ; SISR . NE_LLE, SCHK[ 31 J#1 SRISAE 53k i #
BIG i Gead 70 2K T M5 55 6 Bl L300k s ANR A 32 A 25 3R B 0 o (BT S8 A 908 35 i 5 A4 L
SRWD FI DSC 57 3% . LLER-DSC 53 32 i) 5 2 B {8 3 7 i - LLER-DSC 53k BE A 5 3t sl /0 8 [R5 9 2K
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Tab.3 Comparison of Rpsy and Msg of reconstructed MRI images obtained by different SR algorithms

. _ (=87
P FE AT
Ff& GG SISR ANR NE_LLE SCHR[31] SRISAE LLER-DSC

Rpsy 47.78 47. 26 45,48 47. 28 47.72 48.03
Prostate-01

Mg 0.956 2 0.955 7 0.956 8 0.991 2 0.997 1 0.994 7

Rpsy 46. 80 46. 44 44, 82 47.83 47. 96 48. 66
Prostate-02

Mg 0.957 8 0.957 3 0.957 7 0.952 5 0.997 4 0.995 2

Rpsy 38.73 38. 54 37.23 41.09 41. 11 43. 16
Prostate-03

Mgy 0.980 2 0.982 3 0.975 2 0.987 5 0.983 4 0.993 2

Rpsy 38. 88 38. 66 37.57 39.46 41.67 42. 05
Prostate-04

Mg 0.977 1 0.978 9 0.973 0 0.974 2 0.984 8 0.992 7

Rpsn 42.05 42.10 40. 96 41.46 41.73 42. 49
Prostate-05

Mg 0.990 3 0.991 5 0.988 3 0.989 7 0.993 3 0.996 8

Rpsy 39. 44 39.03 38.01 38. 44 40. 29 40. 59
Prostate-06

Mg 0.989 2 0.990 1 0.986 7 0.987 5 0.992 2 0.994 5

Rpsy 39. 65 39. 20 38.23 39.71 40. 46 40. 52
Prostate-07

Mg 0.988 1 0.988 9 0.985 5 0.990 6 0.992 1 0.994 2

Rpsy 37.32 35. 96 35.41 36.48 37.63 37.19
Prostate-08

Mgy 0.987 1 0.988 0 0.983 4 0.988 4 0.990 8 0.9955

Rpsy 39.75 39. 40 38. 35 39.75 40. 11 41. 05
Prostate-09

Mg 0.988 0 0.988 8 0.985 3 0.990 3 0.992 2 0.993 8

Rpsn 40. 24 40. 11 39. 25 40. 27 41. 97 42.50
Prostate-10

Mg 0.983 9 0.985 8 0.980 3 0.986 2 0.983 9 0.997 3

Rpsy 49. 04 49.63 47. 85 49,98 50. 91 56.57
Prostate-11

Mg 0.988 8 0.989 6 0.986 9 0.988 7 0.995 9 0.996 5

Rpsy 44. 61 44,19 42. 86 44. 71 45. 26 45.95
Prostate-12

Mg 0.972 0 0.972 4 0.971 0 0.975 7 0.994 0 0.996 1

Rpsy 44.73 44. 28 43.18 44,43 45. 00 45.03
Prostate-13

Mgy 0.968 7 0.968 9 0.967 8 0.969 8 0.995 6 0.997 2

Rpsy 39.95 40. 30 38.97 40.73 40.79 42.17
Prostate-14

Mg 0.959 5 0.956 9 0.953 4 0.958 1 0.9618 0.964 2

Rpsn 43.81 44,08 43.15 44,53 44. 69 46.07
Prostate-15

Mg 0.952 7 0.956 8 0.952 0 0.956 9 0.973 1 0.974 0

Rpsy 49. 65 49. 04 47.93 49.12 49. 95 50. 30
Prostate-16

Mg 0.976 9 0.976 4 0.967 0 0.957 4 0.997 3 0.9956

Rpsx 42. 65 42. 39 41. 20 42.83 43. 58 44.52

-2 {H _
Mg 0.976 0 0.976 8 0.973 1 0.977 8 0.989 1 0.992 0

AT SR 833K 75 1 & MRI B4 Prostate-11, Prostate-02 [ £ M0 L85 45 58, & 4.5 . A
4,5 A F1:NE_LLE 843 3 W BB AE D S 407 R AW B, B ™\ RS W4 5 HAb SR
SAVEAH L L SISR B3 5 A A0 R AS 08 35 007 s ANR B9k /e b e B4k 7 i f F SISR Bk H 2 H s d K
BB T 2 R R AN 5 A H T ANR 506, Sk (31 )% e d gt i UG HoA 80 i i 40 5, FLIC &2
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Fig. 4 Visual comparison results of reconstructed MRI images obtained by

different SR algorithms for Prostate-11
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Fig. 5 Visual comparison results of reconstructed MRI images obtained by

different SR algorithms for Prostate-02
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