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Abstract

Many super-resolution reconstruction algorithms have been proposed since it was the first proposed in 1984. The spatial
domain approach of the super-resolution reconstruction methods is accomplished by mapping the low resolution image
pixels into the high resolution image pixels. Generally, a super-resolution reconstruction algorithm by using the spatial
domain approach has the noise problem because the low resolution images have different noise component, different PSF,
and distortion, etc. In this paper, we proposed the new super-resolution reconstruction method that uses the L1 norm to
minimize noise source and also uses the Huber norm to preserve edges of image. The proposed algorithm obtained the
higher image quality of the result high resclution image comparing with other algorithms by experiment.
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Table 3. PSNR of different shifting parameter S.

Shifting parameter S PSNR [dB]
196
§=1 2212
§=2 2175
S§=5 19.84
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