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Convolutional sparse auto-encoder for image

super-resolution reconstruction

Zhang Xiu, Zhou Wei, Duan Zhemin, Wei Henglu
(School of Electronics and Information, Northwestern Polytechnical University, Xi'an 710129, China)

Abstract: For the accuracy of feature maps in convolutional sparse coding algorithm, in order to further
improve the quality of image super-resolution reconstruction, an image super-resolution(SR) reconstruction
algorithm based on convolutional sparse auto-encoder was proposed in this paper. In this algorithm,
firstly, the input images were pre-trained with sparse auto-encoder for obtaining the feature of LR and
HR image; after that, the convolutional neural network trained the corresponding filters and feature
mapping function and updated to the optimal solution according to the obtained sparse coefficients;
finally, the summation of the convolutions of high-resolution (HR) filters and the corresponding feature
maps could reconstruct the HR image. The experimental results show that the peak signal-to-noise ratio
(PSNR) of the proposed algorithm is nearly 0.1 dB higher than the CSC algorithm, which improves the
quality of reconstructed images.
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Fig.1 Auto-encoder neural network structure
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Tab.1 PSNR results of CSC and CSAE algorithms

k=2 k=3 k=4

Image

CSC CSAE CSC CSAE CSC CSAE

Barbara 25.7616 25.8762 24.9007 24.9823 24.3738 24.4229

Boat  29.1740 29.2325 26.5612 26.6271 25.143 1 25.2958

Butterfly 30.478 5 30.566 9 27.400 5 27.5126 25.263 0 25.344 6

Ca;l:;a— 27.5706 27.6318 25.1744 25.2639 24.0003 24.108 9

Fgfztr' 27.1100 27.2153 22.7204 22.8645 18.8328 18.9127
House 36.1899 36.2495 33.4269 33.5303 31.1311 31.2179
Lena 32.7545 32.8167 20.9994 30.084 6 28.2748 28.323 4
Parrots  28.7198 28.602 7 25.766 6 25.879 1 23.8139 23.910 6

Mean 29.7198 29.7739 26.993 8 27.0930 25.1041 25.1921
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(d) CSC k=3™"

(c) CSC k=2™

0126005-5



B & ot

www.irla.cn

(f) CSAE k=2

(8) CSAE k=3

& 3 Parrots B I # 45 5 HL 5%

Fig.3 Reconstructed images of parrots
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