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Abstract :[Objective]On the limitations of human perception in MSE (Mean square error) as
one of loss functions,and flaws remained in images generated by the super-resolution algorithm
based on the convolution neural network, such as excessive parameters, large calculated a-
mount,long training time and fuzzy texture and so on. This research aimed at designing a sin-
gle image super-resolution reconstruction model based on a deep convolution of the neural net-
work. [ Methods)] The deep convolution neural network optimized perceptual loss functions
based on high-level features extracted from the pre-trained networks Visual Geometry Group
(VGG) ,and a sub-pixel convolution layer was used to replace the upscale layer and effectively
relieve to generate images ’ checkerboard
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[ Results ] Our proposed methods
doubled the magnification of the image super-

artifacts.

resolution repair, which was close to the other
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photorealistic image SR. [Conclusion] Our pro-
posed method performs a better visual improve-
ment in our results which are easily noticeable.
Key words: super-resolution, deep learning, per-
ceptual losses,convolutional neural networks
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Fig.2 Feature maps of VGG Network
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Fig. 3 Deep CNN Network
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Fig. 4 Super-resolution results of figure image

Ground true Bicubic

\\ - — — u —
Ground true Bicubic

SIQCNN— DDSRCNN This paper
K5 S GO 7 PR A R A

Fig. 5 Super-resolution results of scene image
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