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Single Image Super-Resolution Based on Convolutional Neural Network
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Abstract

with the traditional super-resolution algorithms. But there are still some problems to be improved, such as long

The super-resolution algorithm based on the convolutional neural network has great advantages compared

training time, lacking of image texture reconstruction and so on. Owing to this, on the basis of the original
convolutional neural network super-resolution reconstruction algorithm, the following optimizations are carried out.
The original rectified linear unit function is discarded and the new activation function is used instead. The network
structure is changed and image reconstruction is achieved by the final deconvolution upsampling. The original
stochastic gradient descent optimization algorithm is replaced by adaptive moment estimation algorithm whose
optimizes performance is faster and better. Comparative experiments are carried out on Set5 and Setl4 test sets,
respectively. The experimental results show that the reconstruction effects of the improved method with less
training time are greatly improved on the objective evaluation index, for example, the power signal-to-noise ratio
increases up to 2.33 dB, and the texture is clearer, the edges are more complete and the reconstruction effect is
better on the subjective visual effects.
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Fig. 1 SRCNN algorithm framework
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Fig. 2 Proposed algorithm framework
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Table 1 Parameter settings for each layer

Name Size Number Stride Padding
Convl 5X5 64 1 0
Conv2 3X3 32 1 0
Deconv 9X9 1 3 4
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Fig. 3 Function schematic. (a) RelLU; (b) e-RelLU
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Table 2 PSNR and SSIM values on Set 5 test set

Image BI ScSR SRCNN SRCNN-Ex Proposed method
PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM

Baby 33.91 0.90 34.29 0.92 34.83 0.92 34.91 0.92 35.04 0.92
Bird 32.57 0.93 34.11 0.92 33.77 0.94 34.03 0.94 35.46 0.95
Butterfly 24.04 0.82 25.58 0.82 25.00 0.83 25.58 0.84 27.91 0.91
Head 32.88 0.80 33.17 0.80 33.42 0.82 33.42 0.82 33.67 0.83
Women 28.56 0.89 29.94 0.91 29.60 0.91 29.91 0.91 31.22 0.93
Average 30.39 0.87 31.42 0.87 31.32 0.88 31.57 0.89 32.66 0.91

# 3 fE Set 14 MIX4E EAY PSNR Hl SSIM {8
Table 3 PSNR and SSIM values on Set 14 test set

Image BI ScSR SRCNN SRCNN-Ex Proposed method
PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM

Baboon 23.21 0.54 23.50 0.59 23.52 0.60 23.54 0.60 23.62 0.61
Barbara 26.25 0.75 26.39 0.75 26.76 0.78 26.84 0.78 26.57 0.78
Bridge 24.40 0.65 24.80 0.70 24.89 0.70 24.95 0.70 25.14 0.71
Coastguard 26.55 0.61 27.00 0.65 27.00 0.66 27.08 0.66 27.12 0.66
Comic 23.12 0.70 23.90 0.76 23.77 0.75 23.87 0.75 24.53 0.79
Face 32.82 0.80 33.10 0.81 33.38 0.82 33.40 0.82 33.71 0.83
Flowers 27.23 0.80 28.25 0.83 28.06 0.83 28.27 0.83 29.22 0.85
Foreman 31.16 0.91 32.04 0.91 32.09 0.91 32.01 0.91 33.65 0.94
Lenna 31.68 0.86 32.64 0.87 32.53 0.87 32.78 0.88 33.57 0.88
Man 27.01 0.75 27.76 0.78 27.56 0.78 27.72 0.78 28.33 0.80
Monarch 29.43 0.92 30.71 0.93 30.40 0.93 30.87 0.93 32.78 0.95
Pepper 32.38 0.87 33.32 0.87 32.08 0.88 33.30 0.88 34.57 0.89
Ppt3 23.71 0.87 24.98 0.87 24.34 0.88 25.02 0.89 26.24 0.92
Zebra 26.63 0.80 27.95 0.82 27.74 0.84 28.37 0.84 29.11 0.85
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AR B 107, BE B AE Set 5 I 4 Y
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K5 Set5 H baby GT HE#L R E ., () FE;(b) BI/33.91 dB; (¢) ScSR/34.29 dB;
(d) SRCNN/34.83 dB; (e) SRCNN-Ex/34.91 dB; (DA J7#k/35.01 dB
Fig. 5 Comparison of the reconstruction of the baby_GT in Set 5. (a) Original image; (b) BI/33.91 dB;
(c¢) ScSR/34.29 dB; (d) SRCNN/34.83 dB; (e) SRCNN-Ex/34.91dB; (f) proposed method/35.04 dB

B 6 Set 5 ¥ butterfly GT LR HLE, () JFE ;(b) BI/24.04 dB; (c) ScSR/25.58 dB;
(d) SRCNN/25.00 dB; (e) SRCNN-Ex/25.58 dB; (DRI 5/27.91 dB
Fig. 6 Comparison of the reconstruction of the butterfly GT in Set 5. (a) Original image; (b) BI/24.04 dB;
(¢) ScSR/25.58 dB; (d) SRCNN/25.00 dB; (e) SRCNN-Ex/25.58 dB; (f) proposed method/27.91 dB

[ 7 Set 14 HHY lenna LR HE . (2 J5E; (b) BI/31.68 dB;(c) ScSR/32.64 dB;
(d) SRCNN/32.53 dB; (e) SRCNN-Ex/32.78 dB; (DA} #:/33.57 dB
Fig. 7 Comparison of the reconstruction of the lenna in Set 14. (a) Original image; (b) BI/31.68 dB; (c¢) ScSR/32.64 dB;
(d) SRCNN/32.53 dB; (e) SRCNN-Ex/32.78 dB; (f) proposed method/33.57 dB

Kl 8 Set 14 Y pepper HEELE R ., () JiIK ;5 (b) BI /32.38 dB;(c) ScSR/33.32 dB;
(d) SRCNN/32.08 dB; (e) SRCNN-Ex/33.30 dB; (DA )7 #:/34.57 dB
Fig. 8 Comparison of the reconstruction of the pepper in Set 14. (a) Original image; (b) BI/32.38 dB; (¢) ScSR/33.32 dB;
(d) SRCNN/32.08 dB; (e) SRCNN-Ex/33.30 dB; (f) proposed method/34.57 dB
132,75 dB, ILBF A UL AE PSNRH FE & & T PSNR Jy 32.77 dB,PSNR {8 € £ # it SRCNN-Ex
SRCNN %35 0.27 dB, Xtk SRCNN-Ex # % fi% YRR 8 X107 WAk AR (1) 45 5 (SRCNN 553 (1)
0.09 dB. Ry THIACHEEEMEAFEM I HFENR FAES S ADRTE VSRt ] B H/N T LA Ba 9.
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F 4 YRR L
Table 4 Comparison of training time s
Method 1000 times iteration 10° times iteration ~ 2X10° times iteration 8X10° times iteration
SRCNN 477 381600000
SRCNN-Ex 1392 1113600000
Proposed method 141 14100 28200
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27

algorithm in the Set 5 test set, with the number of iterations
+ >\
o én §4

Xif JEUAT 0 35 Bl 28 I 4% 068 43 9 0 10 A7 A 1 o 7
SCPR N T I IR e T o A (] R AT T B
T — ol B A A SR A | I e [ R A
I A 45 5 1% 4 1) BIL ScSR. SRCNN flI
SRCONN-Ex F ik T Ho# . Lo 25 R A U
25 1 8 43 W R A AN AR RO AR bR BT
AR I 1 g o T L 7E A5 L LA T A Y 10 2 A0
AL SN IS Y€ IO

XA A B 5 SRCNN fil SRCNN-Ex 4 % ik
FEE T L L T LA AR SO0 K e B /b T I 4k
B R], SIS A F BRI . AT B SE Y 1) R %
T AR AR E VI 2 B R) A A 4R R0 IR I 4% B IR
JIE (05 R 1E 2 JBCE RS 6, 55 R IO At B A 85 Y 1)

ZRABERL, DUARAS S A Y A OCR

5

=

%z X M

[1] Chen]J, Gao H B, Wang W G, et al. Methods and
applications of image super-resolution restoration[J] .
Laser &. Optoelectronics Progress, 2015, 52 (2):
020004 .

Prebd, w20k, EAHE, % EGB PR 55
B LT]. @Ot 50t 722k B, 2015, 52(2):
020004 .

[2] Schultz R R, Stevenson R L. Extraction of high-
resolution frames from video sequences [J]. IEEE
Transactions on Image Processing, 1996, 5(6): 996-
1011.

[3] Hardie R C, Barnard K J, Armstrong E E. Joint
MAP  registration and  high-resolution image
estimation using a sequence of undersampled images
[J]. IEEE Transactions on Image Processing, 1997,
6(12): 1621-1633.

[4] Patti A J, Altunbasak Y. Artifact reduction for set
theoretic super resolution image reconstruction with
edge  adaptive  constraints and  higher-order
interpolants [ J]. IEEE Transactions on Image
Processing, 2001, 10(1): 179-186.

[5] Freeman W T, Jones T R, Pasztor E C. Example-
based super-resolution[J]. IEEE Computer Graphics
and Applications, 2002, 22(2): 56-65.

[6] Zheng L X, He X H, Wu W, et al. Learning-based
super-resolution  technique [ J . Computer
Engineering, 2008, 34(5): 193-195.

HT R, /N, AR, AE . T ST A PR
AOJ. HEHL TR, 2008, 34(5): 193-195.

[7] Chang S G, Cvetkovic Z, Vetterli M. Locally
adaptive wavelet-based image interpolation[J]. IEEE
Transactions on Image Processing, 2006, 15 (6):
1471-1485.

[8] Yang ] C, WrightJ, Huang T S, et al. Image super-
resolution via sparse representation [ J . IEEE
Transactions on Image Processing, 2010, 19 (11):
2861-2873.

[9] Dong C, Loy C C, He K M, et al. Image super-

resolution using deep convolutional networks [J].

121001-7



55, 121001(2018)

ANSHBIZFHRE

www.opticsjournal.net

[10]

[11]

[12]

[13]

[14]

[15]

IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2016, 38(2): 295-307.
Dong C, Loy C C, Tang X O. Accelerating the
super-resolution convolutional neural network [C] /
European Conference on Computer Vision, 2016:
391-407.
Li S M, Lei G Q, Fan R. Depth map super-

resolution reconstruction based on convolutional
neural networks [J]. Acta Optica Sinica, 2017, 37
(12): 1210002.

AFMy, FEP, . T B % IR B
Mo HE R E A [J]. B M, 2017, 37 (12):
1210002.

Sun C, L J W, Li J] W, et al. Method of rapid
image super-resolution based on deconvolution [J].
Acta Optica Sinica, 2017, 37(12): 1210004.

N, B, 2, . BT EERMREEG
Moy gy w [T e el 2017, 37 (12):
1210004 .

Lai W S, Huang J B, Ahuja N, et al. Deep
Laplacian pyramid networks for fast and accurate
super-resolution[C] // IEEE Conference on Computer
Vision and Pattern Recognition, 2017: 5835-5843.
Ledig C, Theis L, Huszar F, et al. Photo-realistic
single image super-resolution using a generative
adversarial network [C] // IEEE Conference on
Computer Vision and Pattern Recognition, 2017:
105-114.

Lim B, Son S, Kim H,

et al. Enhanced deep

[16]

[17]

[18]

[19]

[20]

[21]

[22]

121001-8

residual networks for single image super-resolution
[C] // IEEE Conference on Computer Vision and
Pattern Recognition Workshops, 2017: 1132-1140.
He K M, Zhang X Y, Ren S Q, et al. Delving deep
into rectifiers: surpassing human-level performance
on ImageNet classification [C] // IEEE International
Conference on Computer Vision, 2015: 1026-1034.
Kingma D P, Ba J. Adam: a method for stochastic
optimization [ C] // International Conference for
Learning Representations, 2015.

Dong C, Deng Y B, Loy C C, et al. Compression
artifacts reduction by a deep convolutional network
[C] // IEEE International Conference on Computer
Vision, 2015: 576-584.

Jia Y Q, Shelhamer E, Donahue J, et al. Caffe:
Convolutional architecture for fast feature embedding
[C]// ACM International Conference on Multimedia,
2014: 675-678.

Wang Z, Bovik A C, Sheikh H R, et al. Image
quality assessment: from error visibility to structural
similarity [ J]. IEEE Transactions on Image
Processing, 2004, 13(4): 600-612.

Bevilacqua M, Roumy A, Guillemot C, et al. Low-
complexity single-image super-resolution based on
nonnegative neighbor embedding [ C] // British
Machine Vision Conference, 2012: 1-10.

Zeyde R, Elad M, Protter M. On single image scale-
up using sparse-representations [C] // International

Conference on Curves and Surfaces, 2010: 711-730.



