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Image super resolution convolution neural

network acceleration algorithm
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2. System Engineering Research Institute, Academy of Military Science, Beijing 100044, China)

Abstract; In order to realize the real-time and embedded operation of the model, a lightweight convolution neural network structure was

proposed. By using a smaller filter size and introducing depthwise separable convolution, a large number of model parameters can be subtracted and

the nonlinear capability can be improved. The sub-pixel convolution was introduced at the end of the network, then the mapping was learned

directly from the original low-resolution image ( without interpolation) to the high-resolution one, the cost is 1/k* as much as before (k is the

magnification factor). Experimental results on Set5 show that the proposed model is more than 25. 8 times faster than the classical super resolution

reconstruction algorithm and can run in real-time on a common GPU; and the proposed method with only 35% parameters of SRCNN ( super

resolution convolution neural network ) , improves the PSNR ( peak signal to noise ratio) with value of 0. 17 dB.
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Image fast super-resolution reconstruction model based on convolution neural network
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Fig.2  Output feature of the feature extraction unit
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Fig.4 Reconstruction effect of butterfly image from the SetS dataset with an upscaling factor 3
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Fig.5 Reconstruction effect of lena image from the Setl4 dataset with an upscaling factor 3

%% 30wk ( References)

(1]

MG, R, Y. BET B 2 10 45 1) TR B e 4y
PR E R[] 2R, 2017, 37(12) : 1210002,

LI Sumei, LEI Guoging, FAN Ru. Depth map super-
resolution based on deep convolutional neural networks[J].
Acta Optica Sinica, 2017, 37(12) ; 1210002. (in Chinese)
Dong C, Loy C C, He K, et al. Image super-resolution using
deep convolutional networks [ J ]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2016, 38 (2) .
295 -307.

Kim J, Lee J K, Lee K M. Deeply-recursive convolutional
network for image super-resolution[ C]//Proceedings of IEEE
Conference on Computer Vision and Pattern Recognition,
2016 1637 —1645.

Shi W Z, Caballero J, Huszir F, et al. Real-time single
image and video super-resolution using an efficient sub-pixel
convolutional neural network [ C ]//Proceedings of IEEE
Conference on Computer Vision and Pattern Recognition,
2016 1874 - 1883.

Ledig C, Theis L, Huszar F, et al. Photo-realistic single
image
network [ C]. arXiv: 1609.04802+v2, 2016.

Dong C, Loy C C, Tang X O. Accelerating the super-
network [ C ].

super-resolution using a generative adversarial

resolution convolutional neural arXiv;
1608. 00367v1, 2016.

HHERE, XUBRT, RJ1, 45 SOt T BB 2 M 45 1Y
PG PR T ] 2, 2017, 37(3) : 0318011 -
1-0318011 -9.

XIAO Jinsheng, LIU Enyu, ZHU Li, et al. Improved image

super-resolution based on convolutional neural network [ J].

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Acta Optica Sinica, 2017, 37(3) . 0318011 — 1 - 0318011 —
9. (in Chinese)

Chollet F. Xception: deep learning with depthwise separable
convolutions[ C]. arXiv; 1610.02357v1 [ cs], 2016.

Toffe S, Szegedy C. Batch normalization: accelerating deep
network training by reducing internal covariate shift [ J].
arXiv: 1502.03167v3, 2015.

Szegedy C, Liu W, Jia Y Q, et al. Going deeper with
convolutions [ C ]//Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition, 2015.

Yang J] C, Wright J, Huang T S, et al
resolution via sparse representation[ J]. TEEE Transactions on
Image Processing, 2010, 19(11) . 2861 —2873.

Bevilacqua M, Roumy A, Guillemot C, et al. Low-complexity

Image super-

single-image super-resolution based on nonnegative neighbor
embedding [ C ]//Proceedings of the 23rd British Machine
Vision Conference (BMVC), 2012.

Zeyde R, Elad M, Protter M. On single image scale-up using
sparse-representations [ C ]//Proceedings of International
Conference on Curves and Surfaces, 2010 711 —730.
Kingma D P, Ba J. Adam:

optimization [ C]//Proceedings of 3rd International Conference

a method for stochastic

for Learning Representations, 2015.

Glorot X, Bengio Y. Understanding the difficulty of training
deep feedforward neural networks [ J ]. Journal of Machine
Learning Research, 2010, 9 249 —256.

Chollet F. Deep learning library for python [ M ].
Island, Manning Publications Co. , 2017.

Timofte R, de Smet V, van Gool L. A + : adjusted anchored

neighborhood regression for fast super-resolution [ C ]//

Shelter

Proceedings of Asian Conference on Computer Vision, 2014 :

111 - 126.



