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Abstract: One of the core problems in computer vision is that the visual prior is the point of intersection of the cognit-
ive psychological level, systematic neural level, and computer vision level, and requires an understanding and synthesis
of the three. Simulations of the visual prior function are performed to explore and formalize the general rules for natural
images that support various applications in image processing and computer science. In this paper, we comprehensively
analyze the work of various schools of natural image priori modeling and discuss the prospective application of natural

image prior modeling in visual information enhancement and coding.
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Fig. 1 Comparison between the inception module based on dilated convolution and the inception in GoogLeNet
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Fig. 2 Single-image super-resolution network structure based on the inception module based on dilatied
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Table 1 Quantitative comparison between various methods based on three benchmarks over three magnifications
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