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Abstract In this paper, I proposes a method for performing single image super resolution by
separating texture-spatial domains and then classifying features based on detailed information. In
CNN (Convolutional Neural Network) based super resolution, the complex procedures and
generation of redundant feature information in feature estimation process for enhancing details
can lead to quality degradation in super resolution. The proposed method reduced procedural
complexity and minimizes generation of redundant feature information by splitting input image
into two channels: texture and spatial. In texture channel, a feature refinement process with
step-wise skip connections is applied for detail restoration, while in spatial channel, a method is
introduced to preserve the structural features of the image. Experimental results using proposed
method demonstrate improved performance in terms of PSNR and SSIM evaluations compared to
existing super resolution methods, confirmed the enhancement in quality.
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Fig. 1. Flowchart of proposed method
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Fig. 2. Detail of Residual Block(RB)
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Fig. 3. Result of proposed method (x4)
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Fig. 4. Experimental result (102061 image, scale 4)
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Table 1. Quantative comparison (PSNR)

PSNR Comparison

Model Scale BSD100 Setb Set14
SRCNN 31.36 36.66 32.42
VDSR 31.90 37.53 33.03
EDSR 2 32.32 38.11 33.85
RDN 32.34 38.24 34.01
Proposed 32.42 38.31 34.09
SRCNN 28.41 32.75 29.28
VDSR 28.82 33.66 29.77
EDSR 3 29.25 34.65 30.44
RDN 29.26 34.71 30.57
Proposed 29.32 34.81 30.69
SRCNN 26.90 30.48 27.49
VDSR 27.29 31.35 28.01
EDSR 4 27.71 32.46 28.72
RDN 27.72 32.47 28.81
Proposed 27.79 32.62 28.92
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Table 2. Quantative comparison (SSIM)

SSIM Comparison

Model Scale BSD100 Setb Set14
SRCNN 0.888 0.954 0.906
VDSR 0.896 0.959 0.912
EDSR 2 0.901 0.960 0.920
RDN 0.902 0.961 0.921
Proposed 0.903 0.962 0.922
SRCNN 0.786 0.909 0.821
VDSR 0.798 0.921 0.831
EDSR 3 0.809 0.928 0.846
RDN 0.809 0.930 0.847
Proposed 0.811 0.931 0.849
SRCNN 0.710 0.863 0.750
VDSR 0.725 0.884 0.767
EDSR 4 0.742 0.897 0.788
RDN 0.742 0.899 0.787
Proposed 0.744 0.901 0.789
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