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Image super-resolution with dictionary learning for limited bandwidth channel
ZUO Deng, FU Ran—di*, ZHOU Ying, JI Nian

( Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China )

Abstract: ANR algorithm trains the dictionaries using the K-SVD algorithm, which makes sparse
representation coefficients inaccurate and results in unfaithful reconstruction effect. Thus, an improved
K-SVD algorithm is presented in this paper to train the dictionaries. Compared with the K-SVD algorithm,
the improved K-SVD algorithm only updates the nonzero coefficients in the sparse representation
coefficients at the iteration of dictionary learning. Doing this will not only make sparse representation
coefficients more accurate but also speed up the convergence of the dictionary training, which make the
dictionary more expressive. At the same time, aiming at the deficiencies of the ANR algorithm, an image
super-resolution method with dictionary learning for limited bandwidth channel is proposed. This method
uses the improved K-SVD algorithm to train the dictionary pair and applies it to the ANR algorithm to
realize image super-resolution reconstruction. Experimental results show that the proposed algorithm not
only preserves the advantages of ANR algorithm but also gets better visual effect, higher PSNR and SSIM.
Key words: limited bandwidth channel; dictionary learning; sparse representation; super-resolution



