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Super-resolution Restoration Algorithm Based on

SVM Multi-figure Classification Learning
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(2.School of Mathematical Sciences,Nanjing Normal University ,Nanjing 210023, China)

Abstract: The SVM pre-classified super-resolution algorithm is based on single image feature and builds off-line
disaggregated models. It reduces the mis-matching of tranditional example-based restoration algorithms, improves the
image quality and running speed. However,the SVM-based algorithm easily leads to unstable recovered results because of
the diversity of image features. For such problems, we propose a super-resolution restoration algorithm based on
multi-figure classification learning. The algorithm saves the corresponding color-texture information into the sample set
and selects object subset by SVM pre-classified learning. Then in the high frequency prediction process it makes precise
matching search from the subset of sample database which has similar color and texture features with the object image.
Experimental results show that compared with traditional algorithms, PSNR and SSIM are improved respectively. In
addition , the proposed algorithm further reduces the matching range of low resolution image blocks and promotes the
restoration effectiveness.

Key words : super-resolution restoration , support vector machine ,multi-figure classification,sample learning
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Table 1 PSNR and SSIM of SVM multi-figure classification learning

EEES
1 2 3 4 5 6 7 8 9 10
Airplane Cathedral Elaine Flower Snow Baboon Food Horse Lena Mountain
PSNR 24.51 23.79 22.82 25.19 25.72 22.89 25.17 24.76 23.76 23.03
SSIM 0.751 8 0.8311 0.804 5 0.785 7 0.793 6 0.773 4 0.833 6 0.845 5 0.782 6 0.851 3
LS
11 12 13 14 15 16 17 18 19 20
Peppers Sea Tree Boat Hat Bus House Man Parrot Plants
PSNR 24.64 24.92 24.09 22.53 23.87 24.34 24.18 22.12 24.77 24.15

SSIM 0.839 2 0.837 3 0.851 2 0.796 2 0.810 2 0.807 5 0.850 8 0.870 4 0.791 9 0.817 3

AL B AT [R] R 25 S L 2.
*2 SVM S R&EEMIBEITHIE

Table 2 Running time of SVM restoration algorithm

LS
1 2 3 4 5 6 7 8 9 10
Airplane Cathedral Elaine Flower Snow Baboon Food Horse Lena Mountain
A ]/ s 203.77 204.05 186.69 193.47 200.17 197.06 163.58 162.39 186.41 179.54
EEES
11 12 13 14 15 16 17 18 19 20
Peppers Sea Tree Boat Hat Bus House Man Parrot Plants
M fa]/s 195.04 157.84 205.84 180.73 180.44 191.27 172.89 174.42 221.37 188.26
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Fig. 2 Restoration results of four algorithms of SVM learning, etc.
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