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Reconstruction of Superresolution Image Using Generalized Gaussian Markov Random Fields Model

HUANG Hua LlJun QIChun ZHU Shi-Hua
(School of Electronics and Information Engineering, Xi’an Jiaotong University, Xi’an 710049)

Abstract  An image super-resolution reconstruction method based on generalized Gauss-Markov random fields (GGM-
RF)model is presented in this paper. The process of searching solution and experimental results are presented and ana-
lyzed. Compared with Compound Markov and Huber-Markov random models, GGMRF model has the merits of easier
solving and reduced computational expense, because it does not need to discriminate edge or line process. The experi-
mental results show that for the case of lightly noised image, this method has a better visual effect on the reconstructed
image.
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2 6. 891 28.10 {* 9 7.610 28.07
3 7. 169 28.07 10 7. 881 27.99
4 7.374 28. 09 15 8. 038 28.04
5 7. 369 28. 10 20 8. 248 27.96
6 7. 698 28. 04 30 8.314 27.96
7 7.524 28. 10 40 8.532 27.88
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