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Abstract

Single image-based super-resolution has been studied for a long time in computer vision because of various applications. Various
deep learning-based super-resolution algorithms are introduced recently to improve the performance by reducing side effects like
blurring and staircase effects. Most deep learning-based approaches have focused on how to implement the network architecture,
loss function, and training strategy to improve performance. Meanwhile, Several approaches using Attention Module, which
emphasizes the extracted features, are introduced to enhance the performance of the network without any additional layer. Attention
module emphasizes or scales the feature map for the purpose of the network from various perspectives. In this paper, we propose
the various channel attention and spatial attention in single image-based super-resolution and analyze the results and performance
according to the architecture of the attention module. Also, we explore that designing multi-attention module to emphasize features
efficiently from various perspectives.
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3. Spatial Attention
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4. Parallel and Serial Attention

B ERoAE g AR 54 e 23] 9

Table 3. Results of various Channel Attention on validation datasets

BSD Urban Manga
Setd Setl4 100 100 109
Base 37.85/0.9597 33.59/0.9174 32.16/0.9027 32.10/0.9292 38.23/0.9739
One layer CA 37.84/0.9597 33.51/09177 32.11/0.9019 32.03/0.9275 38.33/0.9741
Two layer CA 37.83/0.9597 33.56/0.9180 33.16/0.9028 32.10/0.9290 38.22/0.9739
Three layer CA 31.87/0.9598 33.50/0.9177 32.12/0.9023 32.06/0.9284 38.33/0.9741
I 4. LISt Spatial Attention?] ZT5HANE =9 A}
Table 4. Results of various Spatial Attention on validation datasets
BSD Urban Manga
Setd Setl4
100 100 109
Base 37.85/0.9597 33.59/0.9174 32.16/0.9027 32.10/0.9292 38.23/0.9739
One layer SA 37.84/0.9595 33.52/0.9168 32.15/0.9027 32.05/0.9283 38.18/0.9736
Two layer SA 37.85/0.95% 33.53/0.9174 32.15/0.9027 32.05/0.9284 38.21/0.9738
Three layer SA 37.85/0.9597 33.51/0.9178 32.15/0.9027 32.08/0.9289 38.25/0.9740
Four layer SA 31.88/0.9598 33.57/0.9180 32.16/0.9029 32.16/0.9297 38.27/0.9739
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T 5. LISt Attention Module HYX|of 2 Z3
Table 5. Results of Parallel and Serial Attention module

t

BSD Urban Manga
Sets setl4 100 100 109
Base 37.85/0.9597 33.59/0.9174 32.16/0.9027 32.10/0.9292 38.23/0.9739
Three layer CA 37.87/0.9598 33.50/0.9177 32.12/0.9023 32.06/0.9284 38.33/0.9741
Four layer SA 37.88/0.9598 33.57/0.9180 32.16/0.9029 32.16/0.9297 38.27/0.9739
Serial-SA 37.86/0.9597 33.56/0.9179 32.12/0.9022 38.08/0.9283 32.29/0.9741
Serial-CA 37.90/0.9599 33.51/0.9179 32.13/0.9023 32.08/0.9281 38.35/0.9742
Parallel-Max 37.86/0.9598 33.54/0.9180 32.12/0.9022 32.06/0.9285 38.32/0.9741
Parallel-Sum 37.91/0.9599 3357/0.9184 32.15/0.9025 32.19/0.9295 38.39/0.9743
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Table 6. Quantitative comparisons of previous state-of-the-art methods

BSD Urban Manga
Setb Setl4 100 100 109
Bicubic 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403 30.80/0.9339
SRCNN 36.66/0.9542 32.45/0.9067 31.36/0.8879 29.51/0.8946 35.72/0.9680
VDSR 37.53/0.9587 33.05/0.9127 31.90/0.8960 30.77/0.9141 37.16/0.9740
LapSRN 37.52/0.9591 32.99/0.9124 31.80/0.8949 30.42/0.9101 37.53/0.9710
MemNet 37.78/0.9591 33.28/0.9142 32.08/0.8978 32.26/0.9195 37.72/0.9740
EDSR 38.11/0.9602 33.92/0.9195 32.32/0.9013 32.93/0.9351 39.10/0.9773
RCAN 38.27/0.9614 34.12/0.9216 32.41/0.9027 33.34/0.9334 39.44/0.9786
Base 37.85/0.9597 33.59/0.9174 32.16/0.9027 32.10/0.9292 38.23/0.9739
Three layer CA 37.87/0.9598 33.50/0.9177 32.12/0.9023 32.06/0.9284 38.33/0.9741
Four layer SA 37.88/0.9598 33.57/0.9180 32.16/0.9029 32.16/0.9297 38.27/0.9739
Serial-SA 37.86/0.9597 33.56/0.9179 32.12/0.9022 38.08/0.9283 32.29/0.9741
Serial-CA 37.90/0.9599 33.51/0.9179 32.13/0.9023 32.08/0.9281 38.35/0.9742
Parallel-Max 37.86/0.9598 33.54/0.9180 32.12/0.9022 32.06/0.9285 38.32/0.9741
Parallel-Sum 37.91/0.9599 33.51/0.9184 32.15/0.9025 32.19/0.9295 38.39/0.9743
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Fig. 7. Results of the proposed network
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