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GCA: An image super-resolution reconstruction model that
combines attention mechanisms
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[ Abstract] Deep learning has performed well in reconstruction accuracy and computational performance on image hyper—resolution
tasks. The usual approach is to take a low-resolution picture by sampling it by simple interpolation and then inputting it into a super
—divided network to generate a high—definition picture. However, real-world low—quality pictures tend to be noisy, and their fuzzy
state is presented in a certain distribution, and models trained directly by interpolation of low-resolution images do not work well in
real-world images. In response to this problem, this paper adopts a " degraded" structure in the construction of the data set. The
degradation algorithm is used to estimate various fuzzy cores and real noise distribution, so that low-resolution pictures as network
inputs share a common domain with real images. At the same time, a GCA model combined with an attention mechanism is
proposed, which combines the super—resolution image obtained by the generating module with the label image into the Capsule
network of the distinguishing module for two classifications, and finally achieves that the distinguishing module cannot distinguish
between the super—resolution picture and the corresponding high—resolution picture. Experiments on the City100 data set show that
the GCA model proposed in this paper has achieved better results in real-world images.
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Tab. 2 Compare the results of the experiment

Method ~ SRCNN ESRGAN  DPAN WDN Ours

PSNR/db  19.74 24.86 27.84 27.37 28.53
SSIM 0.42 0.66 0.725 0.728 0.869

LAY PSNR FI SSIM 45 bR e 25 T 80HE 4
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(a) Ground Truth

(b) SRCNN

(¢)ESRGAN

(d)DPAN (e)Ours
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Fig. 3 Model effect visualization
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Tab. 3 Ablation experiment

Generator+ GCA

Preprocessed+

Method  Generator  Generator+
(only)  Preprocessed

Attention map

PSNR/db  25.7 26,34 27.1 28.46
SSIM 0.62 0.691 0.75 0.83

4 Set5.Setld BSD100 ##E % A7tk L1
Tab. 4 Comparison experiments on Set5, Setl4, BSD100 datasets

Set5 Set14 BSD100

PSNR SSIM PSNR SSIM PSNR SSIM

SRCNN 2843 08401 26.10 0.7025 2596 0.667 5
ESRGAN 31.56 0.8980 28.87 0.786 0 27.64 0.7413
DPAN 3253 0.8992 29.34 0.7890 27.77 0.7436
WDN 3277 09042 2956 0.7903 27.83 0.746 4
Ours 3320 09091 2997 0.7981 27.92 0.7519
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