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Abstract: In order to improve the zoomed effect of the weak edge and texture of image,the image enlargement model is proposed
based on partial differential equation, combining total generalized variation and non-local transform domain model . Using the non-
local self-similarity property of the image through the three dimension transform of the group composed of similar image block, the
sparse representation model in transform domain utilizes non —local information of the image effectively.Total Generalized Variation
enhancing strong edges better and non-local transform domain model enhancing the weak edge and texture details better, the pro-
posed model has better performance. Compared with other algorithms, the second—order generalized total variation coupling to non-—
local transform domain model achieves better amplification effect in dealing with strong edges, weak edges and details.
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