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ABSTRACT

Ho Seong Lee”, Kyujoong Leew,

Hyuk-Jae Lee' ™

In super-resolution, various methods with Convolutional Neural Network(CNN) have recently been
proposed. CNN based methods provide much higher image quality than conventional methods. Especially,
VDSR outperforms other CNN based methods in terms of image quality. However, it requires a high
computational complexity which prevents real-time processing. In this paper, the method to apply a
deconvolution layer to VDSR is proposed to reduce computational complexity. Compared to original VDSR,
the proposed method achieves the 4.46 times speed-up and its degradation in image quality is less than

- 0.1 dB which is negligible.
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Table 1, Comparison of the structure and the number of parameters of CNNs for SISR, The convolution layer is
represented by CONV(R, M, N), and R, M, and N denote the size of convolution filter, the number of filters,
and the number of channels of input data, respectively

SRCNN-Ex FSRCNN ESPCN VDSR
First part Conv(9, 64, 1) Conv(b, 56, 1) Conv(b, 64, 1) Conv(3, 64, 1)
Conv(1, 12, 56),
Mid part Conv(5, 32, 64) 4xConv(3, 12, 12), Conv(3, 32, 64) 18+Conv(3, 64, 64)
Conv(1, 56, 12)
Last part Conv(5, 1, 32) DeConv(9, 1, 56) Conv(3, s 32) Conv(3, 1, 64)
Parameters 57,184 12,464 21,184 (s=2) 664,704
Input image s 'R ! THR
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CONV1 (3, 64. 1)
CONV2 (3,64, 1)

Input image(I'})

ReLU 19

CONV17 (3, 64, 64)
CONVIS (3. 64, 64)
CONVI19 (3, 64, 64)
CONV20 (3, 5%, 64)

Output image(ISR)

Fig. 1. Proposed CNN for super resolution, The CONV20 operates as a deconvolution layer(gray coloured layer).
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Fig. 2. Example of deconvolution layer(s=2). The deconvolution layer is adopted to VDSR and this layer reduces

computational costs and CNN'’s internal memory.,
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Table 2. Selecting initial learning rate for the proposed CNN

Learning Set 5 Set 14 Average
Rate PSNR SSIM PSNR SSIM PSNR SSIM
0.1 36.60 0.9531 32.44 0.9064 3353 0.9187
0.25 37.1 0.9568 32.86 0.9106 33.98 0.9228
0.5 37.26 0.9577 32.97 0.9115 34.10 0.9237
0.75 37.16 0.9567 3293 0.9105 34.04 0.9227
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Table 3, Result on various test dataset images, PSNR(dB) and SSIM are used to measure image quality. And process—
ing time(sec) of each of CNN is measured.

Test Upscaling VDSR(TensorFlow)[11, 17] Proposed
dataset factor(=s) PSNR SSIM time PSNR SSIM time
Setb 37.24 0.9583 0.47 37.26 0.9577 0.76
Setl4 32.80 09118 0.61 32.97 09115 0.37
B100 x2 31.73 0.8949 0.07 31.68 0.8939 0.02
Urban100 30.35 0.9096 1.05 30.21 0.9072 0.33
Average 31.29 0.9041 0.56 31.22 0.9026 0.20
Setb 33.37 0.9189 0.46 33.55 0.9191 0.20
Setl4 29.67 0.8316 0.61 29.78 0.8313 0.38
B100 x3 28.72 0.7968 0.07 28.73 0.7963 0.01
Urban100 26.82 0.8204 1.05 26.84 0.8215 0.15
Average 28.02 0.8126 0.56 28.04 0.8128 0.10
Setb 31.09 0.8791 0.47 31.00 0.8721 0.20
Setl4 21.87 0.7666 0.61 27.87 0.7619 0.36
B100 x4 27.19 0.7248 0.07 27.13 0.7208 0.01
Urban100 24.96 0.7448 1.04 24.81 0.7376 0.09
Average 26.30 0.7401 0.56 26.21 0.7346 0.07
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Original VDSR

(PSNR, SSIM) (29.44, 0.9345) (29.40, 0.9312)

Proposed

(a)

Original

(PSNR, SSIM) (23.74, 0.6161) (23.78, 0.6200)

Proposed

(b)

Fig. 4. Super—resolution result with scale factor x3. (a) Butterfly(Set5); (b)Baboon(Set14).

73$% =3 PSNR#} SSIMe] Z+zE 0.09dB, 0.0055 &)
g 39t 94 ol vl go] 2, 4914 PSNR %
SSIM2] 3 o] f= 22 o sk HolH=E 4
Hoh ESPCN2 HAERA #oloE 485 UE
23 E st<53l7] 918l ImageNetd 50,0002 &4
o= g A W B =§-2 VDSRY A H A
Ql vl E 98l 291789 F4-S s sk Th Atst
= AE224 7Y WEYIE 7]1€ VDSR tiH 32t
v E7E /™) Aastgon, A4 NN 54 5
446W) 4 A} Fig. 45 ALt AEFH W
E$ 39 VDSRY ©Y ¥4 =34 = A Az
oA & AABIL Utk FHA stA A E Atz
AEFH w4 UWEY A7 7€ VDSREA 552

el & 4 9tk

=

o] FHo A gE AAkgFo] A kol AAIZE F2el
A7} Qtk VDSRE AZ2A TH F 744 g&
3719 3x34EE AMESIEE g o] & #oloE
22 o8 A9 #oloE vrol getnE FF A
s 7129 Wy Ago] Brhsslth wElA VDSR
o AA AEFS H4s] 93 S E ESPCN
o OAEFA #olo] BHE A§ ATk ESPCN
< SRCNN Fx9 uA 2 go|o & HEFA &
olo]2 WA 3o =M SRCNN thH] d4sbeke 7+
3 ot} B =82 VDSRel tAEZA #o]
£ #Hg3te] AxY dae A skRen dA o
F 2 Ay FF vz I8 ZasATh
712 VDSR¥} vlusle] &8 A4 348 #X

o] 7] VDSR tiH] E&3 ¢
ABZAH 78 HEHZ 7+2YS 2J0

lo

r
H
e b

o HO(' f-.—r



[1]

[21]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

Super-Resolution2 2I8t Deconvolution HE 11 ZHESRM & HERA

REFERENCE

D. Glasner, S. Bagon, and M. Irani, “Super—
resolution from a Single Image,” Proceeding
of IEEE 12" International Conference on
Computer Vision, pp. 349-356, 2009.

S. Peled and Y. Yeshurun, “Superresolution in
MRI: Application to Human White Matter
Fiber Tract Visualization By Diffusion Tensor
Imaging,” Magnetic Resonance in Medicine,
Vol. 45, No. 1, pp. 29-35, 2001.

L. Zhang, H. Zhang, H. Shen, and P. Li, “A
Super-resolution Reconstruction Algorithm
for Surveilance Images,” Signal Processing,
Vol. 90, No. 3, pp. 848-859, 2010.

T. Goto, T. Fukuoka, F. Nagashima, S. Hirano,
and M. Sakurai, “Super-resolution System for
AK-HDTV”, Proceeding of IEEE 27" Inter-
national Conference on Pattern Recognition,
pp. 4453-4458, 2014.

H. Chang, D.Y. Yeung, and Y. Xiong, “Super—
resolution through Neighbor Embedding,”
Proceeding of IEEE Computer Society
Conference on Computer Vision and Pattern
Recognition, Vol. 1, pp. 275-282, 2014.

R. Timofte, V. De Smet, and L. Van Gool, “A+:
Adjusted Anchored Neighborhood Regression
for Fast Super-resolution,” Proceeding of
Asian Conference on Computer Vision, pp.
111-126, 2014.

S. Schulter, C. Leistner, and H. Bischof, “Fast
and Accurate Image Upscaling with Super-
resolution Forests,” Proceeding of the IEEE
Conference on Computer Vision and Pattern
Recognition, pp. 3791-3799, 2015.

W. Shi, J. Caballero, F. Huszar, J. Totz, A.P.
Aitken, and R. Bishop, “Real-time Single
Image and Video Super-resolution Using an
Efficient Sub-pixel
Network,” Proceeding of the IEEE Confer-
ence on Computer Vision and Pattern
Recognition, pp. 1874-1883, 2016.

C. Dong, C. C. Roy, K. He, and X. Tang, “Image

Convolutional Neural

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

1757

Super-resolution Using Deep Convolutional
Networks,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, Vol. 38,
No. 2, pp. 295-307, 2016.

C. Dong, C.C. Roy, and X. Tang, “Accelerating
the Super-resolution Convolutional Neural
Network,” Proceeding of European Conference
on Computer Vision, Springer International
Publishing, pp. 391-407, 2016.

J. Kim, JK. Lee, and K.M. Lee, “Accurate
Image Super-resolution Using Very Deep
Convolutional Networks,” Proceeding of the
IEEE Confrence on Computer Vision and
Pattern Recognition, pp. 1646-1654, 2016.
K. Simonyan and A. Zisserman, “Very Deep
Convolutional networks for Large—scale Image
Recognition,“ Proceeding of International
Conférence on Learning Representations, pp.
40-53, 2015.

D. Martin, C. Fowlkes, D. Tal, and J. Malik,
“A Database of Human Segmented Natural
Images and its Application to Evaluating
Segmentation Algorithms and Measuring
Ecological Statistics,” Proceedings of the
IEEE International Conference on Computer
Vision, pp. 416-423, 2001.

M. Bevilacqua, A. Roumy, C. Guillemot and
M.L.A. Morel, “Low-complexity Single-im-
age Super-resolution Based on Nonnegative
Neighbor Embedding,” Proceeding of the 239
British Machine Vision Conference, pp. 1-10,
2012.

R. Zeyde, M. Elad, and M. Protter, “On Single
Image Scale-up Using Sparse-representa—
tions,” Proceeding of International Conference
on Curves and Surfaces, pp. 711-730, 2010.
JB. Huang, A. Singh, and N. Ahuja, “Single
Image Super-resolution from Transformed
Self-exemplars,” Proceedings of the IEEE
Conference on Computer Vision and Pattern
Recognition, pp. 5197-5206, 2015.

A Tensorflow Implementation of “Accurate



1758 ZEIDICINES ==X X20A XH11=(2017.11)

Image Super-resolution Using Very Deep
Convolution Networks,” https://github.com/
Jongchan/tensorflow-vdsr (Accessed Sep.,
21, 2016)

[18] W. Kim, K. Moon, and J. Kim, “Image En-
hancement Using Improved Self Degradation
Restoration Method,” Journal of Korea
Multimedia Society, Vol. 16, No. 10, pp. 1180—
1188, 2013.

o &
201249 M7eieta, AR5}
a4}
v 2012~ @A Agvhsta 27174
R A
%
BBk 9F 4F, G A4,
34 Al
of £ A

20161 ALTHetE, A7 8T
ah3 oAl

20164 ~ @A A -eristi, 7]
HuFEE HALad

ARk G A4, 94 Az,

Deep learning

o # =
2002 Aot =35k
o
2008 University of Southern
California, A58t}
A A

2013 AM&oista, 7135FE
F R AL
20139 ~2017 A A SLSI A A7
2017 ~ @A gt g ag
BARoR: HEd, 94 A, 94 45 dErho]
SoC A7

o = Xy
19873 A &g, MA-g-g
AL
1989 d M &thstw A xz-sta
- A A
' " 19961 Purdue University 7]
\ AFE B oA

1998 ~2001d Intel Corporation senior component
design engineer

20019 ~dA) Aedn A7 ZRFTE S

Aok HFH Fx2 Z HE W Ho]SeC AA





