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Study of Efficient Network Structure for Real-time Image Super-Resolution
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ABSTRACT

A single-image super-resolution is a process of restoring a high-resolution image from a low-resolution image. Recently, the
super-resolution using the deep neural network has shown good results. In this paper, we propose a neural network structure that
improves speed and performance over conventional neural network based super-resolution methods. To do this, we analyze the
conventional neural network based super-resolution methods and propose solutions. The proposed method reduce the 5 stages of the
conventional method to 3 stages. Then we have studied the optimal width and depth by experimenting on the width and depth of
the network. Experimental results have shown that the proposed method improves the disadvantages of the conventional methods. The
proposed neural network structure showed superior performance and speed than the conventional method.
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(Table 1) The proposed network structure

A i EAAE 27]

Input HxWx1
peature Conv. (5+5) FWx64
Conv. (3x3) HxWx32

Inference Conv. (3x3) HxWx32
Conv. (3x3) HxWx32

Pixel Shuffler 2Hx2Wx8

Restoration Conv. (3x3) 2Hx2Wx4
Pixel Shuffler 4Hx4Wx1

Output 4Hx4W~x1

(¥ 2) FSRCNN HE®= +=
(Table 2) FSRCNN network structure

oA At ERA= =]
Input HxWx1
Feature
Extraction Conv. (5%5) HxWx56
Encoding Conv. (1x1) HxWx12
Conv. (3x3) HxWx12
Conv. (3x3) HxWx12
Inference
Conv. (3x3) HxWx12
Conv. (3x3) HxWx12
Decoding Conv. (1x1) HxWx56
. Conv.
Restoration Transpose (99) AHx4Wx1
Output 4Hx4Wx1
A3 Hep et
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O BN AP e R EY D FIE AL A9 dlolE= Set5 [19], Setl4 [20], BSD100 [21],
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t}. 1) feature extraction: ©] T7A]= FSRCNNS| A3} 72 2.6GHz, 48GB RAM, GTX 1080 Tio|® AZEgol:=
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EE 512%512 LR 973 44 ofj3led 2048%2048 HR %
Ao 2 WE w Hit fps (frame per second)S =43 Th
2uE B IS 98} FSRCNNS 2= 34 Z3 381 oh
FSRCNNE.T} ¢ 749 $P2 2 AT & 3(a)
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olF Ao g ZHE v EY TS HASAAT 54
S FFEAT E 3A inference F& F7HAI7]
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(Table 3) Performance changes due to network structure changes

74
NS o o EE] el ] PSNR BREE
infefepee | infegence | enoding | PRl | %39 | @p (79
decoding

(a) FSRCNN 4 12 8 30.70 46.45
(b) 2 12 6 30.28 48.56
(©) 2 32 6 30.74 46.24
(d) 2 32 ©) 4 30.66 50.47
(e) 2 32 @) © 4 30.62 4931
) Ast= g 3 32 @) @) 5 30.82 46.79
48 2018. 8
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(Table 4) Performance changes due to width and depth of network structure changes

_ inference®] Zo|
i o] Z PAE A= L
inferences| % s 2 3 4 5 6 7 8 9
8 PSNR (dB) | 2958 29.92 30.09 30.08 30.01 30.12 30.23 30.34
£= (fps) 56.75 54.79 53.42 51.14 50.47 4891 4734 45.77
16 PSNR (dB) | 3021 30.29 3032 3047 30.55 30.64 30.73 30.81
&% (fps) 54.79 5298 50.88 4893 47.84 46.10 4436 062
PSNR (dB) | 3057 30.82 3092 31.03 31.04 - - -
32 e
== (fps) 49,69 46.79 4391 4136 39.09 - - -
(Eb) 58 Mdstdln
(Table b) Restoration performance comparison
Method Set5 Setld BSD100 DIV2K
PNSR (dB) | SSIM | PNSR (dB) | SSIM | PNSR (dB) | SSIM | PNSR (dB) | SSIM
Bicubic 2842 0.810 2599 0.702 259 0.667 28.09 0.773
A+ [3] 30.23 0.860 27.24 0.748 26.81 0.708 2923 0.807
SRCNN [6] 3048 0.862 2748 0.751 26.90 0.710 2934 0.809
FSRCNN [7] 30.70 0.865 2757 0.754 26.97 0713 2944 0811
Ak WY 30.82 0.873 27.64 0.759 27.04 0.719 29.47 0.815
FSRCNN H.t} ¢33t & AdS 53l A4 Zo] U 48 A9 o/ g UEE FASITL AP B
72, 9214 encoding-decoding A, pixel shuffler®] A& < dolEel tisl Altsts WRe] 7| R G &4
< BA&E = PINTIE BT AAAITE A 3 29 455 Yeldth FSRCNN3 714 Az7) & 7
< AT W2 Ho|Frte E945 S IFATI = SetS tlo]ElE PSNR 0.12dB, SSIM 0.008 x}°]Q1x
5 BEY&EE AT AS gl thekst 4l 2 7= DIV2KE 0.03dB, SSIM 0.004 o]t} RE
A 72 A9E 58] FSRCNNETH M2 $-4¢ 73 tolE °ﬂ sl Algtsls o] ohE Wl vls) BT
£ A 3t A2 Adste WY E94d %50 43
geithe A Yehdt
4.3 Alg 2: HESITY =, 20| A
_ 4.5 AF 4: 12 g 51 {T H|
AY 1S B S 2 inference ©HA 2] 3} Z)o]E ulH
7t AEE stk X 4= AgAFo|th 590 ¥ Aorsh= Wbl B9 £ 2 uwsigich ¥ 62 B
712 FSRCNNUH| -3t 7 -g-o]t}, 3229] 7, 8, 9% Yol Ag= A7+ VeERdTE 48 2442 d3 5Y
ol AgsA &tk AR ASFE, HSTE 2
o 5 BT = A ]
A& YePAT F& s A oh 325%11 34 (£ 6) 29 2% |
o]l ¢ PSNR¥} &5 R FESRCNNH.TF $-4=&19 o}

(Table 6) Restoration speed comparison

= Restoration speed (fps)
Al CI2 HiHTL 29 M= H|T
44 &8 3 |2 g 53 MS Hjw Method (LR size — HR size)
o] Mo A Aotats Fxo} 7|1F ac}tg o) Aze u 256 — 1024 512 — 2048
R 5E B g dluelth BE 4 St o e 2
+

719 9] _to- 1 3 - 3
492 PSNR (peak s1gna-l to-noise ratio) 3} S_SIM SRCNN [7] A 119
(structural similarity) < 71ESITE 7 delgel tigk 2 FSRCNN [6] 14358 4645
3 F 7P o A4S A, BEE FASIA, 1 A3k Wy 14859 4679
et QB HEstE| (198439) 49
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