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Single Image Super-resolution Reconstruction Based on Image Fusion

SU Jin-sheng,ZHANG Ming—jun, YU Wen-jing
(Dept. of Network Technology , Software Engineering Institute of Guangzhou,Guangzhou 510990, China)

Abstract;: Image super —resolution reconstruction is to reconstruct the corresponding high - resolution image from one or more low —
resolution image sequences. High-resolution images have higher pixel density and can provide more image details, which often play a
key role in some specific application scenarios. Aiming at the application of single —frame low —resolution reconstruction and super—
resolution , we propose a method based on image fusion. The respective reconstructed images are image fused. Image fusion uses the inte-
gration of two or more images into a new image. Fusion can make use of the temporal and spatial correlation and information comple-
mentarity of two (or more) images,which can make the image obtained after fusion have a more comprehensive and clear description of
the scene, which is more conducive to human eye recognition. We draw on the idea of ensemble learning and use the super-resolution
images generated by the three super—resolution reconstruction algorithms of BasicSR, SRGAN and ESRGAN to carry out two—by—two
cross fusion for simulation experiments. The experimental results show that this kind of super-resolution image fusion reconstructed by
different generation confrontation networks is simple and effective. The super-resolution image quality after fusion is generally better
than the image quality before fusion in terms of PSNR and SSIM.
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