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Abstract: For the problems of low-resolution and serious effect from noises of infrared images, an approximate
sparsity regularized infrared image super-resolution reconstruction algorithm (ASSR) based on K-SVD (Sin-
gular Value Decomposition) was proposed. In consideration of the noise effect from infrared images, an ap-
proximate sparsity representation model was first established. On the assumption that the low and high reso-
lution image spaces hold a similar manifold, an approximate sparsity regularized K-SVD based dictionary
learning method was proposed with approximate sparsity model and K-SVD method to solve the time-consu-
ming problem of existing dictionary training process. Finally, the high-resolution infrared images were recov-
ered by the high-resolution dictionary and the corresponding low-resolution group sparse coefficients. To veri-
fy the performance of the algorithm proposed, it was compared with those of the Sparsity Regularized Super-
Resolution Reconstruction (SRSR) and Zeyde algorithm. Experimental results show that the proposed meth-

od can reduce the noises of infrared images, and can obtain excellent performance in super-resolution recon-
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struction.
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Fig. 1 Diagram of approximate sparsity function
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Fig. 2 Tested infrared images
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Fig. 3 3Xsuper-resolution results of IR image 1
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Fig.4 Local details of 3 X super-resolution reconstruction for IR image 1
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Fig.5 Local details of 3 X super-resolution reconstruction for IR image 3
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