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Abstract In this paper, proposes a method using a multi block structure composed of residual blocks
with adaptive weights to improve the quality of results in single image super resolution. In the process
of generating super resolution images using deep learning, the most critical factor for enhancing quality
is feature extraction and application. While extracting various features is essential for restoring fine
details that have been lost due to low resolution, issues such as increased network depth and complexity
pose challenges in practical implementation. Therefore, the feature extraction process was structured
efficiently, and the application process was improved to enhance quality. To achieve this, a multi block
structure was designed after the initial feature extraction, with nested residual blocks inside each block,
where adaptive weights were applied. Additionally, for final high resolution reconstruction, a multi kernel
image reconstruction process was employed, further improving the quality of the results. The
performance of the proposed method was evaluated by calculating PSNR and SSIM values compared to
the original image, and its superiority was demonstrated through comparisons with existing algorithms.
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Fig. 1. Flowchart of proposed method
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Fig. 2. Flowchart of Multi Grouped Block
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Table 1. Quantative comparison (PSNR)
PSNR Comparison

Model Scale BSD100 Setb Set14
VDSR 31.90 37.53 33.03
EDSR 32.32 38.11 33.85
RDN 2 32.34 38.24 34.01
IDN 32.08 37.83 33.30
Proposed 32.42 38.32 34.10
VDSR 28.82 33.66 29.77
EDSR 29.25 34.65 30.44
RDN 3 29.26 34.71 30.57
IDN 28.95 34.11 29.99
Proposed 29.33 34.83 30.70
VDSR 27.29 31.35 28.01
EDSR 27.71 32.46 28.72
RDN 4 27.72 32.47 28.81
IDN 27.41 31.82 28.25
Proposed 27.80 32.63 28.92
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Table 2. Quantative comparison (SSIM)

SSIM Comparison

Model Scale BSD100 Setb Set14
VDSR 0.896 0.959 0.912
EDSR 0.901 0.960 0.920
RDN 2 0.902 0.961 0.921
IDN 0.898 0.960 0.915
Proposed 0.903 0.962 0.922
VDSR 0.798 0.921 0.831
EDSR 0.809 0.928 0.846
RDN 3 0.809 0.930 0.847
IDN 0.801 0.925 0.835
Proposed 0.811 0.931 0.849
VDSR 0.725 0.884 0.767
EDSR 0.742 0.897 0.788
RDN 4 0.742 0.899 0.787
IDN 0.729 0.890 0.773
Proposed 0.745 0.901 0.790
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Fig. 3. Experimental result (78000 image in BSD100,
scale 4)
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Fig. 4. Experimental result (102061 image in BSD100,
scale 4)
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Fig. 5. Experimental result (148026 image in BSD100,
scale 4)
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