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Medical Image Super-resolution Method Based on Semantic Attention

LIN Yi,ZHOU Peng and CHEN Yanming
Anhui Provincial Medical Imaging Advanced Technology National Joint Research Center, School of Computer Science and Technology, Anhui Uni-
versity , Hefei 230601, China

Abstract In the field of medical images processing,clear medical images can help doctors to diagnose diseases better. However,
due to the limitations of imaging equipment, the generated medical images are often of low resolution and thus may be in appro-
priate for diagnosis. Therefore, it is very important to use super-resolution method to improve the image resolution. In recent
years,with the development of deep learning, natural image super-resolution methods based on deep learning have been widely
studied and achieved promising performance. However,unlike natural image super-resolution, medical image super-resolution of-
ten serves downstream medical tasks. The downstream medical tasks.such as disease diagnosis and semantic segmentation, tend
to be of interest to certain regions. However, traditional image super-resolution methods often tend to treat all regions in the im-
age equally,without considering the importance of the regions of interest for downstream medical tasks. To tackle this problem,
this paper proposes a medical image super-resolution method based on semantic attention. The semantic attention module pays ex-
tra attention to the regions of interest in the image by weighting, so that the super-resolution image is more helpful for down-
stream medical tasks. Experimental results show that the proposed method outperforms other mainstream super-resolution meth-

ods on COVID-19 dataset and gastrointestinal polyps dataset Kvasir-SEG.

Keywords Medical image, Super-resolution,Deep learning,Region of interest,Semantic attention
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Fig. 5 Local zooming example of COVID 19 dataset at X 4 magnification factor(PSNR/SSIM)
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(g) HAN!" (h) NLSA"™! (i) SWINIR'®! (j) Ours ®HR
34.71/0.9434 33.46/0.9363 33.16/0.9316 35.19/0.9469

Kavdir_SEG 4 5 X 4 B ECT #1495 3R 7R 4]l (PSNR /SSIMD
Local zooming example of Kavdir_SEG dataset at X4 magnification factor(PSNR/SSIM)
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DL Y JE T B 9 77 15 Nearest, Bicubic T & iy 1 43 3% % 18114
LB, S A 25 . A SO R Ll T A 3 Ok ik L A
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