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ABSTRACT

Among the Example based Super Resolution(SR) techniques, Neighbor embedding(NE) has been inspired by
manifold learning method, particularly locally linear embedding. However, the poor generalization of NE decreases
the performance of such algorithm. The sizes of local training sets are always too small to improve the performance of
NE. We propose the Learning Sparse-Neighbor Image Representation baesd on SVR having an excellent
generalization ability to solve this problem. Given a low resolution image, we first use bicubic interpolation to
synthesize its high resolution version. We extract the patches from this synthesized image and determine whether each
patch corresponds to regions with high or low spatial frequencies. After the weight of each patch is obtained by our
method, we used to learn separate SVR models. Finally, we update the pixel values using the previously learned SVRs.
Through experimental results, we quantitatively and qualitatively confirm the improved results of the proposed
algorithm when comparing with conventional interpolation methods and NE.
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