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Abstract Most of the existing single image super-resolution (SR) algorithms are designed to improve the resolution of a single
channel. When dealing with the color images, the inter-channel correlation is ignored,so the reconstructed high resolution (HR)
image is prone to distortion. To solve the above problem,this paper proposes a SR algorithm for color images, which jointly takes
the inter-channel correlation (ICC) and non-local self-similarity (NLSS) into consideration. First of all.in order to fully make use
of the inter-channel correlation of color images,the total variation (TV)-norm of the residual signals and the TV-norm of the ave-
rage signal of three color channels are respectively calculated. Secondly.to further improve the SR results. the reconstructed HR
images are updated based on the non-local self-similarity of nature images. Finally, to solve the established optimization problem,
a split-Bregman method-based iteration is proposed. The proposed algorithm is compared with several state-of-the-art methods.
At a scale factor of 3.the average peak signal to noise ratio (PSNR) improvement achieved by the proposed algorithm reaches
0.5dB on Set5,and 0. 36 dB on Setl4, respectively. The experimental results demonstrate that jointly utilizing ICC and NLSS is
able to effectively improve the quality of the reconstructed HR color images.

Keywords Color image super-resolution, Inter-channel correlation, Non-local self-similarity, Total variation, Split-Bregman
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Table 1 Comparison of PSNR (dB) and SSIM results for testing images in Set5 (X 3)

REE IF 18 Bicubic Xuk[7]8 % w818 %  Xwm[9lFg ¥ xw[19]% % AxXH %
baby PSNR/dB 38. 39 39. 27 39. 29 39. 41 39. 36 39.52
SSIM 0.8839 0.9028 0.8981 0.9023 0.9040 0.9054

bird PSNR/dB 36. 35 37.71 37.80 38.09 38.01 38.75
SSIM 0.9101 0.928 0.9276 0.9315 0.9313 0.9409

buttertly PSNR/dB 28.73 29.97 29. 80 30.06 30.58 31.66
SSIM 0.7932 0.8265 0.8252 0.8294 0.8478 0.8855

head PSNR/dB 36. 00 36. 36 36. 41 36.50 36. 46 36. 36
SSIM 0.7259 0.7518 0.7408 0.7495 0.7531 0.7532

PSNR/dB 33.29 34. 39 34.48 34. 69 34.82 35.47

woman SSIM 0.8783 0.8985 0.8985 0.9017 0.9041 0.9171
o PSNR/dB 34. 55 35. 55 35. 55 35.75 35.85 36.35
SSIM 0.8383 0.8580 0.8616 0.8630 0.8681 0.8804
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Table 2 Comparison of PSNR (dB) and SSIM results for testing images in Setl4 (X3)

R WM Biwbic  XML7JFE XMSIHE XMLOIEE XKLIEE KXHE
PSNR/dB 26.71 26.91 26. 99 27.01 27.00 27.08

baby SSIM 0.4812 0.5100 0.5383 0.5280 0.5396 0.5425
bobars | PSNR/AB 30.75 31.16 31,24 31.19 31.27 31.12
SSIM 0.7221 0.7442 0.7542 0.7489 0.7559 0.7540

constguard PSNR/dB 31.31 31.71 31.78 31.75 31.79 31.95
SSIM 0.5801 0.6109 0.6333 0.6212 0.6333 0.6325

] PSNR/dB 27. 50 28.07 28. 24 28.28 28. 40 28.73
come SSIM 0.6856 0.7209 0.7411 0.7349 0.7483 0.7629
PSNR/dB 35.95 36.33 36.35 36. 47 36.41 36. 36

face SSIM 0.7238 0.7393 0.7498 0.7479 0.7513 0.7520

lowers  PSNR/dB 30. 92 31.68 31. 85 31.91 32.07 32.71
SSIM 0.7797 0.8034 0.8143 0.8122 0.8193 0.8335

oremay  PSNR/dB 35.75 36. 93 36. 87 37.22 37.54 37.83
SSIM 0.8906 0.9067 0.9062 0.9106 0.9134 0.9266

PSNR/dB 35. 25 36. 02 36. 05 36.23 36. 26 36. 43

lenna SSIM 0.7874 0.8018 0.8079 0.8079 0.8104 0.8126

e, PSNR/dB 34.06 35.04 35.18 35. 33 35. 66 36.51
SSIM 0.9064 0.9181 0.9189 0.9206 0.9236 0.9346

PSNR/dB 35. 23 36.13 35.93 36.10 36. 30 36.51

bepper SSIM 0.7899 0.8014 0.8031 0.8031 0.8060 0.8101

, PSNR/dB 28.02 29.04 29.16 29.09 29.32 30.61
PPt SSIM 0.8623 0.8836 0.8844 0.8784 0.8899 0.9234
b PSNR/dB 31. 33 32. 65 32.81 32. 89 33.16 33.67
SSIM 0.7787 0.8131 0.8295 0.8241 0.8310 0.8418

o PSNR/dB 31. 90 32. 64 32.70 32.79 32.93 33.29
SSIM 0.7490 0.7711 0.7818 0.7781 0.7854 0.7942
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Table 3 Comparison of average running time on two image sets
(7 :s)
 f xwl[7]  xwk[8]  xme[9] X#[19] AXH#*
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GEEIE  ARSCHR T i AR T E E E) AR OC AR SR B A

B G 18 SR Bk, 5. TV K8 2 18] 4
SR G54 LA HCTT LUAT S5 ) TR €0 1] 50 Y 36 3 T A 5% 1 5 B
Y TR G PR G Ry Al Jma 308 R AL SR o Y PRI AR A
N TSR, $2 i1 T —Fh 3 T split-Bregman J5 ¥ #Y P
MR . TR SR AT LA i AR R AR S A R AR
SEVEAR HESCHRL7 ] SCHRL8 T SCHR L9 1A STk (19 1 H Aoy 53 1 ok
B 7E UL B L AR B B SR Y [ i B AR 1 B
B, AR SCE &8 UE T 4R B 1 R L E R e
bz JTT b (P 5 2 W L 2 BN 45 ) L AR SCRE R BCR R . 3K
K A8 R R Y A vk — 25 X 5 7 R SEAT RIF T IR

£ % X

[1] RUDIN L I, OSHER S,FATEMI E. Nonlinear total variation
based noise removal algorithms [J]. Physica D: Nonlinear Phe-
nomena,1992,60(1/2/3/4) :259-268.

[2] CHANG K,DING P L K,LI B. Single image super resolution u-
sing joint regularization [ ]J]. IEEE Signal Processing Letters,
2018,25(4) :596-600.

[3] REN C,HE X,PU Y,et al. Enhanced non-local total variation
model and multi-directional feature prediction prior for single
image super resolution [ ]J]. IEEE Transactions on Image Pro-
cessing,2019,28(8) :3778-3793.

[4] DONG W,ZHANG L,SHI G,et al. Image deblurring and super-
resolution by adaptive sparse domain selection and adaptive re-
gularization [ J]. IEEE Transactions on Image Processing,2011,
20(7):1838-1857.

[5] DONG W,ZHANG L,SHI G,et al. Nonlocally centralized
sparse representation for image restoration [ J]. IEEE Transac-
tions on Image Processing,2013,22(4) :1620-1630.

[6] CHANG K,ZHANG X,DING P L K,et al. Data-adaptive low-
rank modeling and external gradient prior for single image su-

per-resolution [ ]]. Signal Processing,2019,161:36-49.



A

Rz

P, 45 < 3 T3 38 () AR SV A R 3 A AR LR B R (4 MR 0 B R R v

143

7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

YANG J,WRIGHT J,HUANG T S,et al. Image super-resolu-
tion via sparse representation [ J]. IEEE Transactions on Image
Processing,2010,19(11) :2861-2873.

ZEYDE R,ELAD M,PROTTER M. On single image scale-up
using sparse-representations C] // International Conference on
Curves and Surfaces. 2010:711-730.

TIMOFTE R,DE SMET V,VAN GOOL L. Anchored neigh-
borhood regression for fast example-based super-resolution
[C]// Proceedings of the IEEE International Conference on
Computer Vision (ICCV). 2013:1920-1927.

TIMOFTE R,DE SMET V, VAN GOOL L. A+ : Adjusted an-
chored neighborhood regression for fast super-resolution[ C7J //
Asian Conference on Computer Vision. 2014 :111-126.
HUANG ] B,SINGH A,AHUJA N. Single image super-resolu-
tion from transformed self-exemplars[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2015:5197-5206.

DONG C,LOY C C,HE K,et al. Image super-resolution using
deep convolutional networks[ ] ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence. 2016,38(2) :295-307.
DONG C,LOY C C,TANG X. Accelerating the super-resolution
convolutional neural network [ C] // European Conference on
Computer Vision, 2016:391-407.

KIM J.KWON LEE J,MU LEE K. Accurate image super-reso-
lution using very deep convolutional networks[ C]//Proceedings
of the IEEE Conference on Computer Vision and Pattern Recog-
nition. 2016:1646-1654.

ZHANG K,TAO D,GAO X,et al. Learning multiple linear
mappings for efficient single image super-resolution[ ]J]. IEEE
Transactions on Image Processing,2015,24(3) :846-861.
ZHANG Q,CHEN B, LU X, et al. Super-resolution of single
multi-color image with guided filter [ J]. Journal of Visual Com-
munication and Image Representation,2019,58.:277-284.

MAIRAL J,ELAD M,SAPIRO G. Sparse representation for

[18]

[19]

[20]

[21]

[22]

color image restoration [ ]J]. IEEE Transactions on image pro-
cessing,2008.,17(1) :53-69.

XU Y.YU L,XU H,et al. Vector sparse representation of color
image using quaternion matrix analysis [ J]. IEEE Transactions
on Image Processing,2015,24(4):1315-1329.

MOUSAVI H S, MONGA V. Sparsity-based color image super
resolution via exploiting cross channel constraints [ J]. IEEE
Transactions on Image Processing,2017,26(11):5094-5106.
DABOV K,FOI A,KATKOVNIK V,et al. Color Image Denois-
ing via Sparse 3D Collaborative Filtering with Grouping Con-
straint in Luminance-Chrominance Space[ C] // IEEE Interna-
tional Conference on Image Processing. 2007 :313-316.

DAI Y H, YUAN Y. A nonlinear conjugate gradient method
with a strong global convergence property []J]. SIAM Journal on
Optimization,1999.,10(1) . 177-182.

BEVILACQUA M, ROUMY A, GUILLEMOT C, et al. Low-
complexity single-image super-resolution based on nonnegative
neighbor embedding[ C] // British Machine Vision Conference.
2012:135-1.

MO Cai-wang, born in 1993, postgra-
duate. Her main research interests in-
clude image super-resolution and de-

& noising.

CHANG KAN , born in 1983, Ph.D, as-
sociate professor, master supervisor, is
a member of China Computer Federa-
tion. His main research interests include
image and video processing, compres-

sive sensing,video coding,etc.



