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Abstract In this paper, we proposed a deep learning based super-resolution method that combines
Channel Attention and Spatial Attention feature enhancement methods. It is important to restore
high-frequency components, such as texture and features, that have large changes in surrounding
pixels during super-resolution processing. We proposed a super-resolution method using feature
enhancement that combines Channel Attention and Spatial Attention. The existing CNN (Convolutional
Neural Network) based super-resolution method has difficulty in deep network learning and lacks
emphasis on high frequency components, resulting in blurry contours and distortion. In order to solve
the problem, we used an emphasis block that combines Channel Attention and Spatial Attention to
which Skip Connection was applied, and a Residual Block. The emphasized feature map extracted by
the method was extended through Sub-pixel Convolution to obtain the super resolution. As a result,
about PSNR improved by 5%, SSIM improved by 3% compared with the conventional SRCNN, and by
comparison with VDSR, about PSNR improved by 2% and SSIM improved by 1%.
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Fig. 1. Channel Attention
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Fig. 2. Spatial Attention Structure
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Fig. 3. Sub-Pixel Convolution
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Fig. 4. Proposed Method Flowchart
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Fig. 6. Shallow Feature Map
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Fig. 9. Attention Block Feature Map
(a) First Attention Block Feature Map
(b) Second Attention Block Feature Map
(c) Third Attention Block Feature Map
(d) Fourth Attention Block Feature Map
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Fig. 10. Feature Map Upsampling Structure
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Fig. 11. Upsampling Structure by Magnification

Fig. 12. Sub-pixel Convolution Feature Map
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Fig. 13. Fig 32. Comparing Experiment Results on Setb
dataset(x2)
(a) Original Image (b) Bicubic Interpolation
(c) SRCNN (d) VDSR (e) Proposed Method
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Fig. 14. Comparing Experiment Results on Set5

dataset(x3)
(a) Original Image (b) Bicubic Interpolation
(c) SRCNN (d) VDSR (e) Proposed Method
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Fig. 16. Comparing Experiment Results on Setb
dataset(x4)
(a) Original Image (b) Bicubic Interpolation
(c) SRCNN (d) VDSR (e) Proposed Method

Table 1. Results of Super Resolution in Setb, Set14,
Urban100, B100 Dataset

Bicubic SRCNN VDSR Proposed Method
Dataset Scale P P
X2 34.532/0.956 357210954 | 36.634/0.968 37.472/0.971
Set 5 X3 24.780/0.792 31.273/0910 | 32.401/0.930 32.913/0.937
X4 23.083/0.706 27.287/0.763 | 29.698/0.883 30.345/0.894
X2 30.445/0.903 30.756/0.894 | 31.831/0.918 32.260/0.923
Set 14 X3 27.072/0.812 27.682/0.832 | 28.329/0.841 28.671/0.847
X4 25.219/0.734 25811/0.759 | 26.316/0.772 26.685/0.786
X2 28.071/0.893 29.034/0918 | 30.136/0.922 30.434/0.924
Urban 100 X3 24.780/0.792 25.846/0.814 26.578/0.839 27.048/0.850
X4 23.083/0.706 24.248/0.778 | 24.510/0.765 25.489/0.791
X2 31.013/0.904 31.079/0914 | 31.958/0.913 32.690/0.915
B 100 X3 27.723/0.804 27.993/0.814 | 28.685/0.829 28.798/0.841
X4 26.078/0.723 2597500728 | 26.916/0.755 27.518/0.763
5- =2

3 qu et 7320l A% G342 oSO
W4 ABTHE B S G glo] B4 W et



M BxQt Z7h Ax9| APl 0|85 H 2l 7|9te IohME wH 21
Aot 7129 VDSRELF PSNR 2%, SSIM= 1% TFAH Torralba.  (2016). Learning deep features for

Auke Boitk T ARkSH e 7o)
Ze HEYT T2E 70 o) B die Baw
3o, Bz WAUSS Fol $2% cot 542 Be
Moz PE5 o) &S A W Holx] Tk
29 wo] k. FF ATRE o FL UEAD 74
2 59 Moo} chofdt S92 ARHoE AL P
o e A7/t WaY Hoz Ams

REFERENCES

[1] M. K. Kwon & H. S. Yang. (2017). Performance
Improvement of Object Recognition System in
Broadcast Media Using Hierarchical CNN. Journal of
Digital Convergence, 15(3), 201-209.

[2] B. H. Kim. (2016). Design of Image Tracking System
Using Location Determination Technology. Journal of
Digital Convergence, 14(11), 143-148.

[3] D. W. Lee, S. H. Lee, & H. H. Han. A Study on Super
Resolution Method using Encoder-Decoder with
Residual Learning. Journal of Advanced Research in
Dynamical and Control Systems, 11(7), pp.2426-2433.
November. 2019.

[4] D. W. Lee, S. H. Lee, H. H. Han & G. S. Chae. (2019).
Improved Skin Color Extraction Based on Flood Fill
for Face Detection. Journal of the Korea Convergence
Society, 10(6), 7-14.

[51 H.]J. Kim, Y. S. Park, K. B. Kim & S. H. Lee. (2019).
Modified HOG Feature Extraction for Pedestrian
Tracking. Journal of the Korea Convergence Society,

103). 39-47.

[6] K. He, X. Zhang, S. Ren & J. Sun.. (2016). Deep
residual learning for image recognition. /n
Proceedings of the I[EEE conference on computer
vision and pattern recognition (pp. 770-778).

[71 J.  Hu, L. Shen & G Sun. (2018).
Squeeze-and-excitation networks. /n Proceedings of
the IFEE conference on computer vision and pattern
recognition (pp. 7132-7141).

[8] S. Woo, J. Park, J. Y. Lee & L. S. Kweon. (2018). Cbam:
Convolutional block attention module. /n Proceedings
of the European conference on computer vision

(ECCY) (pp. 3-19).

[9] W. Shi, J. Caballero, F. Huszar, J. Totz, A. P. Aitken, R.
Bishop & Z. Wang. (2016). Real-time single image and
video super-resolution using an efficient sub-pixel
convolutional neural network. /n Proceedings of the
[EEE conference on computer vision and pattern
recognition (pp. 1874-1883).

[10] B. Zhou, A. Khosla, A. Lapedriza, A. Oliva & A.

discriminative localization. /n Proceedings of the IEEE
conference on computer vision and pattern
recognition (pp. 2921-2929).

[11] J. Park, S. Woo, J. Y. Lee & 1. S. Kweon. (2018). Bam:
Bottleneck  attention module. arXiv  preprint
arXiv:1807.06514.

[12] R. Keys. (1981). Cubic convolution interpolation for

digital image processing. [EEE transactions on
acoustics, speech, and signal processing, 29(0).
1153-1160.

[13] D. P. Kingma & J. Ba. (2014). Adam: a method for
stochastic ~ optimization, 1-15. arXiv  preprint
arXiv:1412.6980.

[14] C. Dong, C. C. Loy, K. He, & X. Tang. (2015). Image
super-resolution using deep convolutional networks.
[EEE transactions on pattern analysis and machine
intelligence, 38(2), 295-307.

[15] J. Kim, J. Kwon Lee & K. Mu Lee. (2016). Accurate
image super-resolution using very deep convolutional
networks. /n Proceedings of the IEEE conference on
computer vision and pattern recognition (pp.

1646-1654).

0] & (Dong-Woo Lee) (A3

.Dl_O‘

- 20189 89 : F2Hhstw HFEFE
ZHEHAD
TAECF ¢ FAF A, ZPE,
GAN(Generative Adversarial

Network), B4
- E-Mail : led0121@kw.ac.kr

0| 4 &(Sang-Hun Lee) ENEE)
- 19834 29 © Feojst 38

BB

- 19874 29 : evjsta Axgsh
Ca R

- 1992 29 : Fevjst g sk
(Fshp

- 19909 ~ #A] @ F2oista Hue

-+ 20129 2¢¥ ~ 20139 2¢¥ : Gdsty FEBAANE

-+ 20134 2¢ ~ 20159 2¥ : Fdisty SYEAAF

- 20159 2¢¥ ~ 201749 129 : St=gtsls] WE9

- 20184 1¥ ~ 20204 1¥ : SH=gtsls] 9%

- FHAIEOF ¢ gARRIA], 3D AT, 714 Sy, G4 At
A <14, 10T FAAE, gy

- E-Mail : leesh58@kw.ac.kr




22 s=gEs:

gl==X H11H H12&

r

- 20204 3¢¥ ~
- A EOF : B4

&, 934

& S(Hyun Ho Han) [BA15]
- 20099 2¢ ¢ F2dista HFEEt

HFahD

-2011d 24 @ g_dieky JEEH=

et REHE LAY (B

D

20199 84 : F2usty HEOAE

Folshakhh

A4 ARG wgst v

HERD, G414, 3D I4A=, 714 o

- E-Mail : hhhan@ulsan.ac kr



