Journal of Digital Policy ISSN 2951-245X
Vol. 3. No. 1, pp. 27-32, 2024 https://doi.org/10.23149/JDP.2024.3.1.027

2 HX 7ISxIE 018% ©Y BY2| Zoidk 7|8

Single Image Super Resolution Method based on
Texture Contrast Weighting

Hyun Ho Han

Assistance Professor, College of General Education, University of Ulsan, Korea

Q o B =52 24T 279 24 FAPI7] Yo A7 EAS AlEstete] 2444 kst 1 ARE
7FSA 2 o] gohe 2 WS Attt 2ot olA F8% Bt 719 B4 S AdiAe BA
P} 22 A FALGOIA 9] Aot FEe B At B Qs AFEY 22 B et A2 Aol
Zlo] Za3lt}, Aol B E4 A Yol 7|€ CNN(Convolutional Neural Network) 7]9He] ZajAte
oA £4 #4= Yol ths A& At £5 F29} skip-connections TSI F7HQ1 A EAS
A A 9 59 oju|R] ARE IR "3}50}55\‘4‘. olg &gol ol 3 2y} E ZE tjRo}o]
1A E Tots TS o8 G449 AFAY 9T HE3t JFo tief A" FEE 4L & AES 51
c} AQtsk= v o] AY Ay Hrt 71207 -85 PSNRYF SSIM gre] 71& &aglE diy] 52 23 32
do] F4o] fAES AT 4 AN

FHOf : 233, tix 7HSAl, CNN, Hed, 23t

Abstract In this paper, proposes a super resolution method that enhances the quality of results by
refining texture features, contrasting each, and utilizing the results as weights. For the improvement
of quality, a precise and clear restoration result in details such as boundary areas is crucial in super
resolution, along with minimizing unnecessary artifacts like noise. The proposed method constructs
a residual block structure with multiple paths and skip-connections for feature estimation in
conventional Convolutional Neural Network (CNN)-based super resolution methods to enhance
quality. Additional learning is performed for sharpened and blurred image results for further texture
analysis. By contrasting each super resolution result and allocating weights through this process,
the proposed method achieves improved quality in detailed and smoothed areas of the image. The
experimental results of the proposed method, evaluated using the PSNR and SSIM values as quality
metrics, show higher results compared to existing algorithms, confirming the enhancement in
quality.
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Fig. 1. Flowchart of Proposed method
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Fig. 3. Result of proposed method (x4)
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Fig. 4 Experimental Results (x4) (@) LR (b) SRCNN (c) VDSR (d) EDSR (e) RDN (f) Proposed



Table 1. Quantative comparison

PSNR Comparison SSIM Comparison

Model Scale BSD100 Setb Set14 BSD100 Setb Set14
SRCNN 31.36 36.66 32.42 0.888 0.954 0.906
VDSR 31.90 37.53 33.03 0.896 0.959 0.912
EDSR 2 32.32 38.11 33.85 0.901 0.960 0.920
RDN 32.34 38.24 34.01 0.902 0.961 0.921
Proposed 32.44 38.35 34.13 0.904 0.963 0.923
SRCNN 28.41 32.75 29.28 0.786 0.909 0.821
VDSR 28.82 33.66 29.77 0.798 0.921 0.831
EDSR 3 29.25 34.65 30.44 0.809 0.928 0.846
RDN 29.26 34.71 30.57 0.809 0.930 0.847
Proposed 29.35 34.86 30.73 0.813 0.933 0.850
SRCNN 26.90 30.48 27.49 0.710 0.863 0.750
VDSR 27.29 31.35 28.01 0.725 0.884 0.767
EDSR 4 27.71 32.46 28.72 0.742 0.897 0.788
RDN 27.72 3247 28.81 0.742 0.899 0.787
Proposed 27.81 32.65 28.94 0.745 0.902 0.790
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