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Image super-resolution reconstruction algorithm of U-shaped network
based on multi-level information compensation

SONG Zhao-yang"?3, ZHAO Xiao-giang" 3%, HUI Yong-yong*3, JIANG Hong-mei'>>

(1. College of Electrical Engineering and Information Engineering, Lanzhou University of Technology, Lanzhou
730050, China; 2. Key Laboratory of Gansu Advanced Control for Industrial Processes, Lanzhou 730050, China;
3. National Experimental Teaching Center of Electrical and Control Engineering, Lanzhou University of Technology,
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Abstract: Aiming at the problem that the image super-resolution reconstruction algorithm based on the deep neural
network is easy to lose feature information during feature extraction, which leads to the lacks of texture and edge details
in the reconstructed image, this paper proposes a U-shaped network image super-resolution reconstruction algorithm
with multi-level information compensation. Firstly, a U-shaped network for image super-resolution reconstruction is
designed, which performs multi-level feature extraction and channel compression on the input features through the lower
channel branch, and fuses the compressed features through the bottom module and extracts the related features of different
channels, and performs multi-level feature extraction and channel recovery on the compressed related features through
the upper channel branch. Then, a multi-level information compensation model is designed, which compensates for the
lost information in the channel compression process and the information that is difficult to recover in the channel recovery
process of the U-shaped network. Finally, compared with the mainstream algorithms, the proposed algorithm is tested and
analyzed by the test sets of Set5, Set14, BSD100 and Urban100 at different magnifications. The experimental results show
that the proposed algorithm greatly improves the peak signal-to-noise ratio (PSNR)/structural similarity (SSIM) index and
visual effect.

Keywords: super-resolution reconstruction; deep neural network; multi-level information compensation; U-shaped
network
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A 32.21/0.8945 28.64/0.7817 27.57/0.7359 26.15/0.7872
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