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Abstract

This study proposes a real-world image super-resolution method based on domain adaptation for
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the problem that image super-resolution technology is widely used in medical, remote sensing, and
other fields, but most of the existing image super-resolution methods use degradation hypothesis to
train the model, which leads to the unsatisfactory reconstruction of the trained super-resolution
network for real scene images. The real-world image super-resolution method is divided into two
stages. In the first stage, the high-resolution image is synthesized into a low-resolution image by de-
signing a degradation network, and the domain adaptation loss is introduced to make the synthe-
sized low-resolution image approximate the real-world low-resolution image; The second stage uses
the high-resolution-low-resolution image pairs synthesized in the first stage to train the reconstruc-
tion network in a supervised learning manner, and extracts the high-frequency information from the
images through frequency separation techniques and feeds it into the discriminator network, which
facilitates the reconstruction network to recover more details in the images and reduce artifacts
through frequency-domain adversarial loss to make the trained super-resolution network have
good generalization to the real scene images. The experimental results of training and validation
tests on a subset of the RealSR dataset show that the proposed method achieves optimal results in
terms of quantitative metrics and qualitative effects compared with the existing methods. Therefore,
the super-resolution method based on domain adaptation of real scene images can effectively re-
duce the difference of domain distribution between synthetic images and real scene images, which
enables the super-resolution network to adapt to real scene images with diverse distribution and
greatly improves the reconstruction quality of images.
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Figure 1. The structure of degradation network
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Figure 2. The structure of reconstruction network
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Table 1. Quantitative analysis

= 1. EESH
= RealSR ##i 4
Fik
PSNR? SSIM1
FSSR 23.424 0.597
ESRGAN 24.890 0.673
Ours 25.077 0.705

DOI: 10.12677/csa.2023.136126 1285 MR 5 R


https://doi.org/10.12677/csa.2023.136126

#rpte, XifE

,.,r;(‘uR"‘"‘ ”;mu*‘“‘ ﬁi(:()ﬂ"”‘ 53 CORS AIR
)

cuves I ool cupo P e

FSSR ESRGAN Ours R
Figure 3. The vision comparison with other methods

3. Bt AR SRS LB

Table 2. Ablation study
= 2. iHELSCIG

. RealSR % £
WiRis
PSNR?1 SSIM?
W/0 Lyyma 24315 0.701
W Ly 25.077 0.705

25.477/0. 781

27.394/0. 786

28.291/0. 738

27.790/0. 739

22.915/0. 442
W/ 0 Luyma Our JE &

23.372/0. 461

Figure 4. The comparison results of ablation experiments
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