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Abstract: Ultra-widefield fundus imaging (UWF) is an advanced ophthalmic imaging technology
that holds significant value in the early screening and diagnosis of diseases such as diabetic retinop-
athy and retinal detachment. However,due to limitations in imaging device performance and optical
conditions, UWF images often suffer from issues like low resolution and prominent artifacts, which
severely hinder diagnostic accuracy. To address these challenges,in this study, attention mechanisms
and multi-scale feature extraction module are integrated into the Real-ESRGAN framework ,to opti-
mize the generator network structure,and improve the discriminator and loss function, which helps
thereby enhancing the ability to reconstruct critical details and texture information. Super-resolution
reconstruction experiments were conducted on the UWF dataset at magnification of 2 and 4 times,
and a comprehensive comparison was made among prominent methods, including ESRGAN, CA-
TANet , MSRGAN, SwinIR ,and RCAN-it. Experimental results demonstrate that the proposed meth-
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od outperforms the others in terms of objective metrics such as peak signal-to-noise ratio (PSNR)

and structural similarity index ( SSIM). Subjective assessments further validate its superiority in im-

proving lesion region clarity and suppressing artifacts, being able to provide more reliable imaging

support for clinical diagnosis.
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Fig.1 The architecture of Real-ESRGAN network
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Fig.7 Comparison of original images of six lesion categories and corresponding heatmaps

generated by two different models
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Table 3 Comparison of HAAR and HAMS between different models on various types of fundus disease images
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Table 4 PSNR comparison of super-resolution reconstructed images by different models dB
RNIHLAL ) PSNR
itk HORAF L [l
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Table 5 SSIM comparison of super-resolution reconstructed images by different models
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Fig.8 Super-resolution reconstructed results of different models at 2 times magnification
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Fig.9 Super-resolution reconstructed results of different models at 4 times magnification
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