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Image Super-Resolution Reconstruction Algorithm

Based on Sparse Neural Network

LI Haomin, LT Guangping
(School.of Information Engineering, Guangdong University of Technology , Guangzhou 510000, China)

[ Abstract] Many deep learning-based image super-resolution feconstructiori algorithms improve the overall feature
expression ability of a network by extending the depth of the network.However, excessively extending the depth of the
network causes the model to be over-parameterized and complicated. Furthermore, redundant parameters increase the
instability of feature expression.To address this issue, based on the I'TH pruning algorithm, the weight parameters are
changed and the balanced learning strategy is used, this paper proposes a neural network unstructured pruning algorithm
which is suitable for image super-resolution reconstruction tasks, called the RLTH pruning algorithm.Without changing
the network structure and increasing the computational complexity, the overall feature expression ability of the network
is improved by searching for an optimal yet sparse sub-network of the original network, which excludes the influence of
redundant parameters and maximizes the ability of capturing fine-grained and richer features with limited parameters.
The experimental results based on Set5, Setl4 and BSD100 test sets show that, compared with the original network
model and LTH pruning algorithm, the PSNR and SSIM of the reconstructed images obtained by RLTH algorithm are
improved, and they have richer detail features and clearer overall and local contours.

[ Key words] Single Image Super-Resolution( SISR ) reconstruction ; neural network ; unstructured pruning; deep learning;
sparse network
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Table 1 Performance evaluation on the Set5,Set14

and BSD100 test sets(RGB channel)

Set5 M4 Setl4 X4 BSD100 ML 4E
%) £6% A5 754 PSNR PSNR PSNR
SSIM SSIM SSIM
/dB /dB /dB

MSRResNet 30.13 0.8632 26.78 0.7447 26.21 0.7112
MSRResNet+LTH 29.58 0.8544 26.37 0.7339 25.92 0.700 6

MSRResNet+RLTH 30.23 0.8653 26.85 0.7454 26.29 0.7122
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Table 2 Performance evaluation on Set5,Set14 and

BSD100 test sets( ¥ channel)

SetSTMIRXAE  Setl4 X4 BSD100 ik 4
o 4 A 224 PSNR PSNR PSNR
SSIM SSIM SSIM
/dB /dB /dB

MSRResNet 32.02 0.8926 2857 0.7808 27.54 0.7347
MSRResNet+LTH 31.43 0.884 6 28.14 0.7703 27.25 0.7245

MSRResNet+RLTH 32.12 0.894 3 28.64 0.7814 27.59 0.7354
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Table 4 Time consuming for high-resolution images

. Butterfly & g |51 f& Woman # & K14

Sk PSNR/dB SSIM  PSNR/dB  SSIM
MSRResNet 26.90 0.902:5 28.91 0.900 0
MSRResNet+RLTH 27.10 0.906 5 29.17 0.903 5
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reconstruction ms
& 15 MSRResNet MSRResNet+RLTH
Baby 3.989 7 3.9885
Bird 2.9922 29917
Butterfly 3.9611 3.9918
Head 4.988 0 3.9895
Woman 3.989 2 3959 7
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