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Abstract— Resolution synthesis is an image pro-
cessing technique that aims to expand a given image
using filters trained in advance using some datasets.
We have applied sparse Bayesian learning to resolu-
tion synthesis and obtained optimal and compact fil-
ters, which are useful for efficient image expansion.
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(b) Bicubic; PSNR: 34.16 dB
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c) BayesRS; PSNR: 37.73 dB
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Effective support size (pixel) = Comput. cost at expansion
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