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Introduction

Image Super-Resolution 2F

v’ SR = Super-Resolution (Z=115HA )

— MO|LIME F2 22 MMEl ImageZ 2|0|

v HR = High-Resolution (15} &4 &)

— MIO|LIO A= F2 Output ImageS 2|0

v LR = Low-Resolution (K{SHj A &)

— MO|LtO M= =2 Input ImageS 2|0
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Introduction

Image Super-Resolution 52|
% Image Super-Resolution= Xsli&t = O|0|X|E IoiMEZ HEN 7| = 2XE Q0|2
< DO|C[N, o|7, H2t & Cifot 4+ =00M &2t =4 = CHFE( /s

17M7| B2, 459{2Hst4 CX|E 0|0|X| 2 THEHY
=

o
CIXIE 2740 QI8X|S 7|12 28, 10|23 S0 M X|1E &

EX: https://www.yna.co.kr/view/AKR20191108058400063
http://www.digitaltoday.co.kr/news/articleView.htmI?idxno=233998
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Introduction

Image Super-Resolution =X|2| O{21&
% SFX|ZF Image Super-Resolutioni= 7 &2t HEO| ZXNSHA| G+ ill-posed problem ZX|
< Moo O|0[X|E Loflefe 2 SRS W 'HE0| TH17HEE EXHSHK| =

HR3
HR1 |

LR

<ilHposed problem example>

EX: https://hoya012.github.io/blog/SIingle-Image-Super-Resolution-Overview/
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Introduction

Beid 22 MES Image Super-Resolution
<% Computer Vision S0M £

Image Super-Resolution =XIE H7E:|_6|-2:IE A7} Ch== Tt 0 S

@ Pre-upsampling SR @ Postupsampling SR

Q 9
3 g ».pc i g »2Z2 »>-»zZ £
g S S S S S 2
o [oX
] -]
3 Progressive upsampling SR @ lterative up-and-down Sampling SR

w © = o
2 —» & »-pZ2 ¢ , e »>->»g —»E ¢
(o] o o © (] © 7, ©
Q O (&) a O » c a

= =1 2 =

(a]

<Deep Leaming Frameworks for Super-Resolution>

ZEX: Wang, Z., Chen, J., & Hoi, S. C. (2020). Deep learning for image super-resolution: A survey. |IEEE transactions on pattern analysis and machine intelligence.
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Introduction

Image Super-Resolution &=
< XNoli&t= O|0[X|2 15j¢tE O|0|X|F O|=5h= Supervised Leaming &4

< Generative Adversarial Network(GAN)S &H2¢l| 0SHAE O|0|X|E A St= HiAl

—> (D Supervised Leaming

v
Upsample

Image Super-Resolution — |

Conv
Conv
Conv

— (2) Generative Adversanal Network(GAN)

Real HR
Image

v
Real

Discriminator <
Fake
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Introduction

Image Super-Resolution &=
<  KXojj&E O|0|X|2 AT O|0|X|E 0|ZS= Supervised Leaming 24
< GAN(Generative Adversarial Network)2 2238l 15[j4H = O|0|X|E 45}

< = MOJLI|A= Supervised Leaming 2A1S SO 2 AHO| TIAE oY

rir
18
>

— | Supervised Leaming

Image Super-Resolution — |

Conv
Upsample
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Introduction

Image Super-Resolution S

1. XNoflef = O|0|X|2t ol 0|O|X] 2|7t CfE XIS HEA| ChE 22171

2. Image Super-Resolution =A|0fl {EA| El2{'d RS MG AQVR

3. 3= O|OfX| 20| & E|RACHs As HEA "okt A2
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Image Super-Resolution

0|0|X| £& SR Yl Had 2

X
s

% Z[Z Computer vision =M ol Z2ot7| 9l Cifet Eitid EEO0| 4L U=
< LHPH QI O|0|X| 27 ZAM|0f| M= Convolutional Layer@} Fully Connected Layers ARESH

=
deld BEe 1=

0w = 10|

Convolution® Max-pooling Convolution®)

Fully Connected Layer

<(lassfication Model>
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Image Super-Resolution

Image Super-Resolution =A|0[A E2{d 2=

< OfX|2F Image Super-Resolution =XIE 325t | lsliM= =71 Q1 He0] ERst

Y Y 1

Convolution® Max-pocling Convolution@)

<Image Super-Resolution Model>
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Image Super-Resolution

Image Super-Resolution =A|0[A E2{d 2=
=

SHX|2F Image Super-Resolution &XIE Si1Z5H | lshAl=
= %7 flek e

7
0’0

Koflef = O|0fX| 37|2t Jsflef = O[a|X] 37

7
0’0

Aol & & o|njx| 27| S o 24|
Nl = o|O|X] 27| 2 S sted A}

<Image Super-Resolution Model>
347 I'x'_q
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Image Super-Resolution

Aot = O0|X|2f dlief = O[0|X| 27| X}O]

% S|t Image SuperResolution 2RI 31 Z817| QIslAlS ZE71x{0l o] T aet

& XNiAZ O|0|X| 27| TSHAIE O|O|X| 37|2 AE7| Qo HHHE0| Qs

fnput Image-LR
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Image Super-Resolution

XMoiaE 0|0|X|2t DefAE 0a|X| 27| Kfo]
< X Mol =2l Input O[0|X|S 1=t O|0jX| 37|15 HFHOF &
« 37|18 %= Fl, 8 SR tiet at= o2 M= ZeItof tigh 1io] 28

4l 22 o

[Input Image-LR tf 40172 [Output Data]
1| o | ™9 | 4 0 111130
2 3 0 2 1 0

el 20437 9l T eample®
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Image Super-Resolution

Upsampling 4

< oI HA 2 &AM El Y S XR= interpolation

J

» (D Interpolation-based upsampling

»  Nearestneighbor Interpolation

ir o
v EREUCRZ

»  Bilinear Interpolation

v QI 7l T 75| liner interpolation 21

*  Biaubic Interpolation

v oI 16/l T 2| aubic interpolation T1%H

% Upsampling0| 7+t LayerS 223l upsampling parameterS &H&5Hs B

+ @ Leaming-based upsampling

= Transpose Convolution Layer
v Mol = O|0|X] 2 = Convolution G4t Il

= Sub-pixel Convolution Layer
v' Convolution GI4E 2 pkedlEl= 23
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Image Super-Resolution

Nearest-neighbor Interpolation
% Interpolation && SO 71 ZHEHo &
7

od
1T o O 1T O
<o BIEAR I 7P A U2 Kifs Y

(@]
Itxt 7pke
fnput Image-LR] Ml Zto 2 XS
11 0| ™9 | 4 0 11100
2 | 3 111100
22|33
2 3 2| 2|33
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Image Super-Resolution

Bilinear Interpolation

< QIETh 47 ZHAO| Chot HE|E 7IFEX|2 50 Bl Y= M=
< B FF0| Chsh A2l 7FsXE & BrdisS Addts Ao 5¢
nput Data
[iInput Datal
1xz+ 1x1+
1 0 1 0 1 % 51 0
0x§ 0x§
2 2
1xX=+ 0xX—=+
2 | 3 WO @]
2X= 3X=
1xl+ 0x1+
3 3
2 X—= @ @ 3X=
2xg+ 2x1+
2 3 2 [773[773)] 3
3X= 3x§

Copyright © 2021, All rights reserved.

4 2 2 1 2 4 1 2
@:IXo+0Xo+2Xo+3Xs @QIX;+0Xo+2Xo+3 X7

2 1 4 2 1 2 2 4
@:IXo+0Xo+2Xo+3Xs @IX;+0Xo+2Xo+3X
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Image Super-Resolution

Bilinear Interpolation

< QIETH47 420 tiet A2 S 7ISXIZ 70 2l B9s Mees TE

o
< 2 FF0| Chs H2| 7ISKIE & Boas Allste At s
fnput Date] [Output Datz]
Reszi

1xZ4l1xis 2 1

1 0 1 0 1 51 %1 0 1 -1 =10
0X§ 0X§ 3 3
1x—+ O0x—=+ 4 11 10

— = =1
2 : 2X= @ @ 3x= 3 9 9
1x=+ 0x=+ 5 16 17

®|® 2122 2
2x= 3Xx< 3 9 9

2 1

= - 7 8

2 3 2 2x31+ 2x32+ 3 2 7 had 3
3)(5 3X§ 3 3

@:1xg+0x§+2x§+3x§ @:1x§+0x%+2x%+3x§
@:1x§+0x§+2x§+3x§ @:1x%+0x%+2x%+3xg
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Image Super-Resolution

Bicubic Interpolation
< QIETH16/ HEL| A2 [HE 7ISX|E woliM ALt

o HY NZE DM oz £2M HO| 1X}2] aubic interpolations 71l

[Input Datal [Output Data]
1 2 3 4 1 2 3 4
5 6 7 8 >
9 (10 | 11 | 12 (a+2)xP-(a+3)|x|?+1, 0<|x|<1
f() = 1{alx|®—5alx|>+8a,|x| —4a, 0<|x|<1
13 | 14 | 15 | 16 0, 2 < |x| 5 6 7 8
Where, a =-0.5,-0.75 or -1.0
lx|= A&, f(x) = HE2|0]| LHE IS5 K]
9 10 11 12
13 14 15 16
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Image Super-Resolution

Bicubic Interpolation

< Qe 16/ 2o A0 hE 7S K|S &oliA AlLre
O 7

*

< HMM=EZE 524 I T 4/S 1A= cubic interpolationS A4t
< O|F 2t A mdl 743 1XHR cubic interpolation2 2 A4t
[Input Data] [Output Data]
1 2 3 4 1 2 3 4
5 6 7 8 >
9 |10 |11 12 (@+2)xP—(a+)x2+1, 0<|x|<1
f() = 1{alx|®—5alx|>+8a,|x| —4a, 0<|x|<1
13 | 14 | 15 | 16 0. 2 < x| 5 6 7 8
Where, a =-0.5,-0.75 or -1.0
lx|= HEl, f(x) = AHE[0| [}E 7154
9 10 11 12
13 14 15 16

-Q1 et HIO|EE 71 B0 E-8Sk= bicubic interpolation H0| 71 50| £1 XI5 E#&E-
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Image Super-Resolution

Interpolation O|0|X| H|w

< |2 0|0|X|o| EY HES SIsHA CHFSE interpolation BHHS M &
|. A

% Bicubic interpolation 2 & [T

<SI= o|0|X|>

<Nearest Neighbor> <Bilinear> <Bicubic>

EX: http://blog.naver.com/PostView.nhn?blogld=dic1224&logNo=220840978075&redirect=Dlog&widgetTypeCall=true&directAccess=false
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Image Super-Resolution

Transpose Convolution
% Transpose Convolution2 O|0|X| 27|E &5} | Q8 AFR3S|H= Convolution 7| Y

< XNoflef= O|0|X|S BA 1l = O[D[X| 27]|0f| Skx|A =hget

[Input Data] [Bpanding]
1]0 1 0
2 | 3

2 3
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Image Super-Resolution

Transpose Convolution
w ASAE O0IX|S BIF THAE 0|0|x] 27|of FA S
o BT YOl0E BE0OE XS

[Input Datal [Bxpanding]

1 0 1 0101 O

2 3 0 0 OO
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Image Super-Resolution

Transpose Convolution
% Transpose Convolution 4t O0|F RISt= Output Data 37| = TH=7| f{sH HRot
7|2t zero padding= T

Input Data] [Bxpanding] [Convolution]
1 0 1 0 0 0 ojofojofo]|o
2 3 0 0 0 0 0| 1 0|]0|O0]O0
2 0 3 0 o(ojojO]|O|0O
0Ol 0]O0(O Oo(2|]0]3]|0(0O
ojo0o(ojofo]|oO
o(ojojO]|O|0O

** Quiput Data =7 |0f| 34| padding

Copyright © 2021, All rights reserved. _o7 - Data Mmmg .
..:.. Quality Analytics o‘, |'\.Cl



Image Super-Resolution

Transpose Convolution &4t

o o8}

= Output 370]| S+= Convolution Fitter 37| &78

Convolutional Fitter

[input Datal [Bpanding]
1]0 1(0fo0
2 | 3 o|o]|o
2|03
0o|o]|o

Copyright © 2021, All rights reserved.

Wi | W2 | W3
® M Wi | Ws | W [
w7 | Wg | Wo
[Convolution] [Output Datal
ojOoOf(OfjJO}||0]O ”
0 1 OFr6+0 1|0
ojojo0ogjof{0]oO
012|013 (07]O0
ojfof(fOfO0O]|O0]O
ojo0ojo0ojJO0f[O0]O
** Output Data =7 |0f] S padding
SN Sty s v

rhecal



Image Super-Resolution

Transpose Convolution &4t

Convolutional Fitter

< Convolution A4tE =AE o = Tl 1M
©) 1| 2| 1
1 0 0
Input Datal [Bxpanding] [Convolution]
1 0 1 0 0 0 Oojo0o|O0OQjJoO0O(||0]O
2 3 0 0 0 0 0 1 OFo6+0 1|0
2 0 3 0 0O|j0|]O0}JO0O]|]O0O]O
0 0 0 0 0|1 2]0]|3]|]0]O0
oOojo0ojoO0|jJ0f|[O0]O
0|l 0|]0|]O0]O0O]O
* Qutput Data =7 || 3 padding
Copyright ® 2021, Al rights reserved 29- ..:..
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Image Super-Resolution

Transpose Convolution &4t

J

< Convolution FitterLH weight= &

Input Datal] [Banding]
1|0 1(o0|o0]o0
2 | 3 o|lo]|ofo

Copyright © 2021, All rights reserved.

Convolutional Fitter

detgozzgd |01 )°
©) » 1| 2| 1
1 (0] o0
[Convolution] [Output Data]
ojo|o|lo]|0D]|oO 2 (11010
0| 1 Ooj0|0]|O 1 2 0 3
Oo|jo0|j]O0|]O0O]|OD]|O 4 5 6 3
0|12]|]0]13]|]0]O0 2 0 3 0
ojoflojJo|o]oO
0|l 0|]0JO0O]|]O0]O

** Qutput Data 37 |0| X5 padding
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Image Super-Resolution

Sub-pixel convolutional layer

J

% Sub-pixel convolutional layer= convolution G2 = 02 7H2| feature map= =0
22 o2 X0l U= 242 2OF upsamplingS £

< 0O]2] 7 convolution Hits =0l ds ghda 7|t = AU, 28X Fit: 7ks

Input Data] [Padding] Convolutional Fitter
1 0 0 0 0 0 @D: Wy | Wy | W » 1 1
2 3 0 1 0 0 Wy | Ws | We 0 1
o[2]3]o wr | Wg | Wo
0 0 0 0
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Image Super-Resolution

Sub-pixel convolution At

J

< Sub-pixel convolutional layer= convolution B2 = O] 72| feature map=

2 g4 2|X|0f| = 2tZ2 2Ot upsampling= 21

[Input Datal [Padding] Convolutional Filters
O e
110 oooo>»||||||> —
V
siE ]
2 | 3 ol1lo]o ¥ o] W1 | W2 | Ws || 3|0
W
it L
ol2|3]|o0 W (Y| Ws|We] ]| 6|0
Y
1| v
olo|olo Lwr | ws | wo

Copyright © 2021, All rights reserved. -32 - E Data Mlﬂmg
b

Quality Analytics .'?

X e
T =0

=

rhecal



Image Super-Resolution

Sub-pixel convolution At

< 2 A X0 = 2= 2Ot Output ‘8-

1|1
0| 1
[Input Data] [Padding] Convolutional Fitters [Output Data]
©)] i —— 0| o
110 oooo>v||||||> s |1]lol1]o
V
BER 5| 2
2 | 3 o|l1|o0o]o vv—“’1W2W3 21 3]0 o0
BER
o|l2]31|o0 'W—W4W5W6 . 0|5 | 1] 2
1| v
1w | we | W
olo|o]o — "7 E alel|l21]o0
3|0
6 | 0

“Transpose convolution, Sub-pixel convolution 25 SH&52 S5l Z|H weightS = 4ol
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Image Super-Resolution

Image Super-Resolution Z2{| /3
< 22 L0 UpsamplingS ot= ¢IX[0f| [kt Ct2Fet Framework” F &A1
A

(@)
o
< G70] W2t Upsampling WA S CHYSHA A2 4= /U=

@ Pre-upsampling SR @ Postupsampling SR

Q 9
3 S > E ; g »2Z2 »>-»zZ £
g S S S S S 2
o [oX
] -]
3 Progressive upsampling SR @ lterative up-and-down sampling SR

w © = o
2 —» & »-pZ2 ¢ , e »>->»g —»E ¢
(o] o o © (] © 7, ©
Q O (&) a O » c a

= =1 2 =

(a]

<Deep Leaming Frameworks for Super-Resolution>

ZEX: Wang, Z., Chen, J., & Hoi, S. C. (2020). Deep learning for image super-resolution: A survey. |IEEE transactions on pattern analysis and machine intelligence.
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Image Super-Resolution

Image Super-Resolution S

1. XNofl<f = O|0|X|2t ol O|O|X] 2|7t CfE XIS HEA| ChE 22171

— Interpolation, Transpose convolution, Sub-pixel convolution &2 = Upsampling £/24

2. Image Super-Resolution =A|0fl {EA| El2{'d RS MG AQVR

3. 3= O|OfX| 20| & E|RACHs As HEA "okt A2
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Image Super-Resolution

Image Super-Resolution S

1. XNoflef = O|0|X|2t ol 0|O|X] 2|7t CfE XIS HEA| ChE 22171

— Interpolation, Transpose Convolution, Sub-pixel 28 S22 Upsampling 213

2. Image Super-Resolution =X|01| O A| El2{'d BEHS Mo AQVR

=

7, 2|7 220N ArEots 2= BHEEC| HE /Is®

1T,

3. TojAE O|0IX| BiElo| X EIQICH: 22 O{EAH WK oDk
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Image Super-Resolution

Image Super-Resolution [[E{3

% ResNet DenseNet & ZHIMOI 25 EX|0f|A AFESH EHeld 2

—

x40l
% Input O|0|X|2| SRS & 55}7| [8 Network AT §

o

| S
A

=]
=

__I.L_JIQ_DI% | ™

=x —

(3) Channel attention

@ Residual Leaming @ Dense connection
S
= —> > > S > 5 = > '; > > > 5 =
a c c o a c c c [N =
= 3 S 5 c 3 S S 5 =
= o = (@]
@ Local mutt-path leaming ® Pyramid pooling
SE s E =
o o (8)
- 4 N . -
: 3 ° ey | 4
- >
, 1 H&
... S o
o

v
conv

2
o

=5
o
g
>3 v
o
>
- 5
: e
() >
A 8 °
_>E
3 _+T
=

<Network design strategies for image super-resolution>

ZEX: Wang, Z., Chen, J., & Hoi, S. C. (2020). Deep learning for image super-resolution: A survey. |IEEE transactions on pattern analysis and machine intelligence.
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Image Super-Resolution

OlH}A O]

7
0’0

AUl 2&F A0 ARESt= Held 28 &2 3 &4
Image Super-Resolution 22 ‘H55 2fA|7]7] flolf EEHH Rl Z2&F XA AR
= Held 28 2 CiYotA MEgst A4=0| FOo| x| r U=
@ Residual Leaming 2 Dense connection
AN
= — »."_’> - _>§_ = M- _\;> _‘> g
— Input BE-E feature ‘S 20]| C|SHHA al& TS — O|™™ feature YEE 25 concatenate SHH
(3) Channel attention
-y
- S > o —o 2
2 © * - g
%

Copyright

— channel £HRIQ| 2HA| HEO| &
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Image Super-Resolution

Non-local neural networks

< 1x1 Convolutional FiltterS 283l Inputl| 582 CHYSHA ==

 Feature Ll 27 A §ES 12fdf 5ol E=%

H
input
Cc
w H H H
[HxWxC]
Non-local Neural Networks
w <2 w 2 w G2
20204 T 17 @5 1:42 [ Z=3]4: 1162 l L i
HW c/2 HW
REFERENCES x
] 20200724_DMQAXIO|L} siold #E = pdf
HW
c/2 I I c/2
INFORMATION E 20204 7224 (J @S 1A~ © mejign ASSH224% HW x i HW
wrr: € woly +
b - .
softmax
+ c/2
A HW ‘
i . H H
Output ‘

[HxWxC]

c/2
w c W < w /

ZX: Wang, X., Girshick, R., Gupta, A., & He, K. (2018). Non-local neural networks. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7794-7803).
http://dmga.korea.ac.kr/activity/seminar/290
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Image Super-Resolution

Mult-path leaming & Pyramid pooling

J

< Local multi-path leaming, Pyramid pooling 25 input SE0|A &2 E8= CHASH

=2 7+ s L= MG /IS

@ Local multi-path leaming ® Pyramid pooling
|
2 £
= =
N Nl ~E P ED '
(8] (8] S
+— = ]

— g ad- 5 i >3
+—= o > Q c >
> o o c o o
= = N 2

o — < -
> > > 8‘ 8 g J
I | !
(8] (S)

— Input FEOIN O2 7} featureS 51 ZHH SH5 Z% - global®t SATHocldt SUS T 25 St 1Y
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Image Super-Resolution

Loss function in Image Super-Resolution

J

e S ATNIA L1 loss?t L2 lossE AFESH /US

D)

HE T4 =
1 _
[ 1) = i A
L1 loss Lpixel_ll(l: I) — mz |Ii,j,k - Ii,j,kl ﬂEEM%gﬁ'mﬂugteEMMAE)
i,jk Ao Fee=>
i 1 7 mIAIEH
12 loss Lpixerz(1,1) = mZqu — I ) ﬂee'\/'eaaﬁ?j:ngrrOdMSE)
1,j,k
o 14
Charbonnier loss Lpixei.cna(11) = W 2, \/(Il,k I j x)?+€? Pe&aldﬂiveﬁ(é)a %CH
LI¢,0) = z O @y — 6D (2 imageC] RIHSHE RIS &
Contentloss | Leontent (1,3, 1) = rwiewe | 2% 1@ = i (D) ZIOHLYZ| SIEHFIAIE] Loss2

I: target HR image

I: generated HR image
h: height

w: width

i,j, k: pixel index
€: constant
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Image Super-Resolution

Image Super-Resolution S

1. XNoflef = O|0|X|2t ol 0|O|X] 2|7t CfE XIS HEA| ChE 22171

— Interpolation, Transpose Convolution, Sub-pixel 28 S 2= Upsampling 2/
2. Image Super-Resolution =Al[0f] {EA| Eig{'d RS M AUk
— LR QI H2E ZE20M AREole E12[E 2F AE s
3. 5l O|0|X| #i=t0]| & E|RAC= NS oBA "okt Aeivr
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Image Super-Resolution

PSNR

J

< Peak signal to noise ratio(PSNR)=
o Ol’*El O:|A|'O| 2|-X|O-” EH_C')_l- _jE

—
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HT

[

0

PSNR =10-1 MAX 10 x 1 (MAX’2 )
= 10910 = X 10810
1 ) R MSE
(N o (1) - 1) )
MAX; = LEFHQI O|O|X[0f|A] 255 £+ 2|0
0= ojo| x|
T
1oV NP
MSE = Nzi=1 (1(1) - 1(z))
™~ 21 o|]x|
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Image Super-Resolution

PSNR

% PSNR2 HZ O[0|X| OhH| =2 E SHO| S5 E + S

% BHX|BH 1 O[D|X|0f 2} PSNR 40| RARSHEZHE SHQ| X0] US 4= US

_» AlH o|0|x| 3FEiS
sjolsfiof &t

P-SNR 25.8699dB PSNR 25.7261dB

EK: https://bskyvision.com/392
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Image Super-Resolution

SSIM
*  Structural similarity indexSSIM)2 @17E2| A|4A & XHO| Bl FALE EIL Q{5 1¢F
< O[O|X[e| = FEO| el =7k A2 X440 2 g DRIt= A= BHE
~ 2 4+ C . 20707 + C g + C
Ci(L1) = zﬂlﬂlz : C(LT) = = I 12 : Cs(L1) = L
puy +ui + €y of +oi + (; o007 + Cy
Ci=(k.L)?,  Cp=(k,L)?, ki k, <1, Cy, C,, C: constant, o,04: covarinace between I and [
I: target HR image, I: generated HR image

ssim(1, 1) = [¢,(1,D1% [¢.(1, 1)1 [¢s(1, 1))

a,f,y = hyperparmeters

. —l— —I— O — e | A
| QOIS MM SR
ZN: https://blog-st.tistory.com/26
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Image Super-Resolution

Image Super-Resolution S

1. XNoflef = O|0|X|2t ol 0|O|X] 2|7t CfE XIS HEA| ChE 22171

¢ 50| =X}

— Interpolation, Transpose Convolution, Sub-pixel 22

A Eleidl eSS M5k 7017

2. Image Super-Resolution =A[0f| | 2
— el EEld REUM ArESHe Eil2lE BEF A 7t
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Image Super-Resolution

Image Super-Resolution 22 2|

< P yosampling &4l HIEQIT & £, loss function, keywords?t H2|Z|0] US

TABLE 2
Super-resolution methodology employed by some representative models. The “Fw’”, “Up.", “Rec.”, “Res.”, “Dense.”, “Aft." represent SR frameworks,
upsampling methods, recursive learning, residual learning, dense connections, attention mechanism, respectively.

] Method Fublication | F. Up. Eec. | Res. | Dense | Att. | Lo | Loz | Keywords
SRCMNN [22] 2014, ECCV Pre. Bicubic o
DRECM [82] 2016, CVFR Pre. Bicubic ' ,,/ v Recursive layers
FSRCNN [43] 2016, ECCV Post. Deconwv i Lightweight design
ESPCHM [156] 2017, CVFR Pre. Sub-Pixel o Sub-pixel
LapSEN [27] 2017, CVFR Pro. Bicubic ¥ o Lrivel_Cha
DERN [568] 2017, CVFR Pre. Bicubic ' ,,/ v Recursive blocks
SEResNet [25] 2017, CVFR Post. Sub-Pixel ¥ o Leony Ly
SRCGAN [25] 2017, CVFR Post. Sub-Pixel ¥ Eeony Loan
EDSR [31] 2017, CVPEW  Post Sub-Pixel o i Compact and large-size design
EnhanceMet [8] 2017, ICCV Pre. Bicubic ,,/ Lrone Loy Coxture
MemMet [55] 2017, ICCV Pre. Bicubic i o i Memory block
SEDenseMet [79] | 2017, ICCV Post. Deconv ,,/ v Dense connections
DBEFN [57] 2018, CVFPR Iter Deconw o " Back-projection
DSEM [85] 2018, CVFR Pre. Deconv ' ,,/ v [Caal state
EDN [493] 2018, CVFR Post. Sub-Pixel o i Residual dense block
CARN [258] 2018, ECCV Post. Sub-Pixel ' ,,/ v Cascading
MSEN [99] 2018, ECCV Post. Sub-Pixel ¥ o Multi-path
RCAN [F0] 2018, ECCV Post. Sub-Pixel ,,/ ' v Channel attention
ESRGAN [103] 2018, ECCVW  Post. Sub-Pixel ¥ o o Eeony Loan
EMAMN [106] 2019, ICLE Post. Sub-Pixel ,,/ ' v Mon-local attention
Meta-RDMN [95] 2019, CVFR Post. | Meta Upscale o i i Magnification-arbitrary
SAN [105] 2019, CVFR Post. Sub-Pixel o o i Second-order attention
SEFBM [86] 2019, CVFR Post. Deconwv i o i i Feedback mechanism

E%: Wang, Z., Chen, J., & Hoi, S. C. (2020). Deep learning for image super-resolution: A survey. IEEE transactions on pattern analysis and machine intelligence.
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3. Image Super-Resolution using Deep
Convolutional Networks (SRCNN)
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SRCNN

SRCNN ==

/

< 20163 IEEE transactions on pattem analysis and machine intelligencedl| == A X}
< 20213 42 82 7T 44002| 218
IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.38, NO.2, FEBRUARY 2016 295

Image Super-Resolution Using Deep
Convolutional Networks

Chao Dong, Chen Change Loy, Member, IEEE, Kaiming He, Member, IEEE, and
Xiaoou Tang, Fellow, IEEE

Abstract—We propose a deep learning method for single image super-resolution (SR). Our method directly learns an end-to-end
mapping between the low/high-resolution images. The mapping is represented as a deep convolutional neural network (CNN) that
takes the low-resolution image as the input and outputs the high-resolution one. We further show that traditional sparse-coding-based
SR methods can also be viewed as a deep convelutional network. But unlike traditional methods that handle each component
separately, our method jointly optimizes all layers. Our deep CNN has a lightweight structure, yet demonstrates state-of-the-art
restoration quality, and achieves fast speed for practical on-line usage. We explore different network structures and parameter settings
to achieve trade-offs between performance and speed. Moreover, we extend our network to cope with three color channels
simultaneously, and show better overall reconstruction quality.

Index Terms—Super-resolution, deep convolutional neural networks, sparse coding

Image super-resolution using deep convolutional networks
C Dong, CC Loy, K He, X Tang - IEEE transactions on pattern ..., 2015 - ieeexplore.ieee.org

We propose a deep leaming method for single image super-resolution (SR). Our method
directly learmns an end-to-end mapping between the low/high-resolution imagas. The
mapping is reprasented as a deep convolutional neural network (CNN) that takes the low ...

i U9 4400%] 2 & SHERE T MR HE

£X: Dong, C., Loy, C. C., He, K., & Tang, X. (2015). Image super-resolution using deep convolutional networks. IEEE transactions on pattern analysis and machine intelligence, 38(2), 295-307.
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SRCNN

SRCNN model architecture

% SRCNN= Image super-resolution =X|0f| Z|Z=Z deep leamings H-&¢t A1
% Convolutional Layer 3702 2 &S 7% OFK| 2 Layerd= RelU 2t AHRSIA| %S

Convolutional Convolutional Convolutional
Layer @ Layer @ Layer ®

ny feature maps no feature maps
of low-resolution image of high-resolution image

. fa x fa fa X f3
() - R

Low-resolution § 4': S et s

| N I S’ — —— i e r@-—

image (input)

High-resolution
image (output)

p—
s e -

Patch extraction

7 Non-linear mapping Reconstruction
and representation

Fig. 2. Given a low-resolution image Y, the first convolutional layer of the SRCNN extracts a set of feature maps. The second layer maps these
feature maps nonlinearly to high-resolution patch representations. The last layer combines the predictions within a spatial neighbourhood to produce
the final high-resolution image F(Y).

£X: Dong, C., Loy, C. C., He, K., & Tang, X. (2015). Image super-resolution using deep convolutional networks. IEEE transactions on pattern analysis and machine intelligence, 38(2), 295-307.
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SRCNN
SRCNN EzH Bt
< PSNR SSIM2 ZSISHM & 67 WIHX|HE 7|HICZ M52 T}
& PSNR SSIMS 7|Z=0 2 W7RHS [l H|QKSHSRCNNO| 71 22 M2 HYle

TABLE 2
The Average Results of PSNR (dB), SSIM, IFC, NQM, WPSNR (dB) and MSSIM on the Sets Dataset
Eval. Mat Scale Bicubic SC [48] NE+LLE [4] KK [24] ANR [39] A4 [39] SRCNN
2 33.66 - 35.77 36.20 35.83 36.54 36.66
PSMNR 3 30.39 31.42 31.84 32.28 31.92 32.59 32.75
4 28.42 - 29.61 30.03 29.69 30.28 30.49
2 0.9299 - 0.9490 0.9511 (.9499 0.9544 (0.9542
SSIM 3 (.8682 0.5821 (1.8956 0.9033 (.59685 0.9085 0.9090
4 0.8104 - 0.8402 0.8541 0.6419 0.5603 0.6628
2 6.10 - 7.54 6.87 8.09 8.48 8.05
IFC 3 3.52 3.16 4.40 414 4.52 4.84 4.58
4 235 - 2.94 281 3.02 3.26 3.01
2 36.73 - 42.90 39.49 43.28 44.58 41.13
NOM 3 2754 27.29 32.77 32.10 33.10 34.48 33.21
4 21.42 - 25.56 24.99 25.72 26.97 25.96
2 50.06 - 58.45 57.15 58.61 60.06 5949
WPSNR 3 41.65 43.64 45,81 46.22 46.02 4717 47.10
4 37.21 - 39.85 40.40 40.01 41.03 41.13
2 (.9915 - (0.9953 (.9953 0.9954 0.9960 (0.9959
MSSSIM 3 0.9754 0.9797 0.9841 0.9853 0.9844 0.9867 (0.9866
4 0.9516 - 0.9666 0.9695 0.9672 0.9720 0.9725

£X: Dong, C., Loy, C. C., He, K., & Tang, X. (2015). Image super-resolution using deep convolutional networks. IEEE transactions on pattern analysis and machine intelligence, 38(2), 295-307.
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SRCNN

SRCNN MM ™7t

< 2 o[O|X|

KK / 27.31 dB ANR / 25.90 dB A+ [ 27.2 SRCNN / 27.95 dB

Fig. 14. The “butterfly” image from Set5 with an upscaling factor 3.

£X: Dong, C., Loy, C. C., He, K., & Tang, X. (2015). Image super-resolution using deep convolutional networks. IEEE transactions on pattern analysis and machine intelligence, 38(2), 295-307.
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4. Second-order Attention Network for
Single Image Super-Resolution (SAN)
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SAN

SAN ==

< 2019 CVPR(Computer Vision and Pattem Recognition)Of|A] & &

% 20214 48 8¢ 7|&F 2758 21

Second-order Attention Network for Single Image Super-Resolution

Tao Dai'®*¥ Jianrui Cai**, Yongbing Zhang', Shu-Tao Xia'?, Lei Zhang®*!
!Graduate School at Shenzhen, Tsinghua University, Shenzhen, China
2 PCL Research Center of Networks and Communications, Peng Cheng Laboratory, Shenzhen, China
9Department of Computing, The Hong Kong Polytechnic University, Hong Kong, China
‘DAMO Academy, Alibaba Group

{daitl4, =zhang.yongbing, xLast.}@sz.l.sL:'LghLJa.eduJ.c':n, {csicai, {:slxhang}@c:nmp.pﬁlyu.e{iu.hk

Abstract is ill-posed since multiple HR solutions can map to any LR

input. Therefore, a great number of SR methods have been

Recently, deep convolutional neural networks (CNNs) proposed, ranging from early interpolation-based [37] and
have been widely explored in single image super-resolution model-based [4], to recent learning-based methods [32, 39].
(SISR) and obtained remarkable performance. However, The early developed interpolated-based methods (e.g.,
maost of the existine CNN-based SISR methods mainly focus hilinear and hicnbic methods) are simnle and efficient hnt

Second-order attention network for single image super-resolution

T Dai, J Cai, Y Zhang, ST Xia... - Proceedings of the IEEE ..., 2019 - openaccess thecvf.com
Racently, deep convolutional neural networks (CNNs) have been widely explored in single
image super-resolution (SISR) and obtained remarkable performance. However, most of the
existing CNN-based SISR methods mainly focus on wider or deeper architecture design,
neglacting to explore the feature correlations of intermediate layers, hence hindering the
representational power of CNNs. To address this issue, in this paper, we propose a second-
order attention network (SAN) for more powerful feature expression and feature correlation ...
T oYY 276=| UE EE EEAE TAHSNAHTE

ZX: Dai, T, Cai, J, Zhang, Y., Xia, S. T, & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).
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SAN =
SAN Framework oo |

< Featuredt 2HAH HEE 8L =+ U= B5= &8

v Local-source residual attention group (LSRAG) module

% Residual Block, Channel Attention, Non-local block 2H&

Hx Wl

LERAC module block  modulke SOCA module EL-XL maodule
Figure 2. Framework of the proposed second-order attention network (SAN) and its sub-modules.

Z£X: Dai, T, Cai, J, Zhang, Y., Xia, S. T., & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).
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ZX: Dai, T, Cai, J, Zhang, Y., Xia, S. T, & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).

- 56 - Data Mining .e,
..}. Quality Analytics 0‘} r\'q

Copyright © 2021, All rights reserved.



(3) Channel attention
SAN

SAN Framework — SOCA module %

7
0’0

input
output

LSRAG 2-& OFX|2H0j| Second order Attention Network (SOCA) 2& &=X|

< Channel Attention= 2238} Channel 2t 2HA4| ME 12948l sh& XISl

- | -}

/ /
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d second-order atteption network (SATP

— Channel Attention: Channel< feature2| 2HA| N E = 11245l et&
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ZX: Dai, T, Cai, J, Zhang, Y., Xia, S. T, & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).
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ZX: Dai, T, Cai, J, Zhang, Y., Xia, S. T, & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).
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v Local-source residual attention group (LSRAG) module
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Figure 2. Framework of the proposed second-order attention network (SAN) and its sub-modules.

Z£X: Dai, T, Cai, J, Zhang, Y., Xia, S. T., & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).
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Table 2. Quantitative results with BI degradation model.

;

Method Se13 Setl4 BSD K Lvbwam () Manga (9
PENES 55IM PaNRS 35IM PENRS 351M PSNR! 551M PENE! 551M

Bicubic | 2 Jh24RORE 295008431 20888403 30804339

SRCNN | 2 324500067 313608879 205008946 | 35.6000663 | [ Bicubic | 4 28428104 26.0007027 25.96/6675 23.14(6577] 24.89(7866
FSRCNN| 2 3266090900 315389200 29880020 36670710 SRONN | 4| 3048/8628 275007513 269007100 24527321 | 27588555
YVDSR 2 FRO59130 3] 908960 0.TTO140| 3T.2HGTS0 FSRCNN| 4| 30728660 27617550 269871500 24637280 2790E610
LapsRN | 2 3308401300 3108689500 304109101 37.274740 VDSRE 4 FLE5EE30 280207680 27.29/07260 25 18(7340| 2HE3(HET0
MemNet | 2 332800142 320889784 313109195 37.7200740 | | LapSRN | 4| 31.54/88500 2819077200 27.32072700 25.2147560| 29.09/8900
EDSE 2 33029195 32329013 32939351 39.10/9773 MemNet | 4| 31748893 282647723 27407281 25.504T630| 204208042
SEMD 2 FRI2OI59 IZOSE9RY 3139204 30709761 EDSE 4 32.40/8968 2ERINTRETH 2T.71LT4200 266408033 31029148
NLRN 2 33460901590 3201908997 31.E1L9246 ! SEMD 4 FL900EY2S) 2B3S0TTRT] ZV.A9TIAT 253687731 30.090%024
DBEPN 2 FAB590190 322700000 32559324 IRBUMNTTS DEPN 4 32478080 2882(7860) 277274000 26.38T046| 309109137
RDN | 2 340109212 32349017 32.89/0353| 39180780 | | NLRG | 4| 31.92/8016 28.36/7745 27.48/7346 25.797729| ——f ——
RCAN 2 F92160 3241090260 333409384 | 394309786 RIDMN 4 247990 2ERVLTRTI 2T.THTAIN 26.61LE8028) 31.000915]
SAN 2 B3NN 340709215 324200028 33109370 3932046792 RCAN 41 3262090001 28867888 27.76{7435 16 8NEOST| 31.21/9173
SAN+ | 2| 383519619 34449244 325009038 33.7309416| 39.7200797 | [[SAN | 4| 32.64[0003 28.02[1888 27 78/7436 26.79/3068| 31189169
Bicubic | 3| 30.30/8682 27557743 27.2107389 24.46/7349] 26958556 | LSAN® | 4] 327009013 29.0507521) 27.86(7457 27.238169] 31.669222
SRCMMN | 3| 32750000 29308215 284107863 262407989 30489117 Bicubic B 244065800 23 1IMS66M 236TIS4R0 20745160 214706500
FSRCNN| 3| 331809140 293WE240) ZE33TI0 26438080 311009210 SRCNN | 8| 2533/ 237605910 2413056600 21.29/5440| 22 A6/6950)
VD5R 3 06T 29THREA20 ZEEITI9N 2T 148290 320104340 FSRCNN| 8] 2001355200 1975048201 24.21L56800 21.3XM5380| 22.39(6730
LapSRN | 3| 33.8209227) 20.878320) 28827980 27.078280| 322100350 | | SCN | 8| 25507071 24.0206028 24.3005698 21.52(5571| 22.68(6963
MemMet | 3| 340009248 300018350 28968001 27 56/8376| 325109369 VISR 8] 259302 24260601400 2449158300 21.TOLETION 23167250
EDSR 3 3405092800 352/ 8462 29258093 2EBOEO3| M.1T4TO LapSEN | 8| 260507380 243506200 245458600 21 815810) 23397350
SEMD 3 34012092540 30UMMB3RY ZROTIROZS 2T STEILE| 330009403 MemNet | 8| 261607414 243806199 24.58[5842 21.89/5825| 23.56(7387
NLRG | 3| 342709266 30.16/8374 29068026 27938453| ——/ —— || MSLap | 8| 26.34/7558 24.57/6273 24.65/5895 22.06/5063| 23.90(7564
RDM J| 34700929 30578468 29268093 IEBE653| 341300434 EDSE 81 269007762 249106420 248105985 225146221 246907841
RCAN | 347409299 ML6HE481 293208111 2908ET02| 344309498 DBEPN B 27210840 25 1306480 248800100 22736312 25.140T98T7
SAN | 3| 347509300 30.59/8476] 20338113 2803(8671| 333000393 | [ SAN | 5| 27.22(7529 25.14/64716 24886011 22.70/6314] 24.85(1906
SAN+ 3] MEB003G MTTISA98 29388121 292908730 34.749512 SAN+ 8] 27300749 252306493 24.9706031) 22916369 25177964

Z£X: Dai, T, Cai, J, Zhang, Y., Xia, S. T., & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).

Copyright © 2021, All rights reserved. - 60 - Data Mlﬂ\ﬂg .’.' @l 1
o.:.b Quality Analytics '?” ma




Bicubic SRCNN |7} FSRCNN ]
PSNR/SSIM 170287101 18.39/0.8023 18.210.7994 1R.660.8406

Urban100 (4 x): !
img_067 EDSR [20] DBPN [¢] RDN [ 1] RCAN [ 5] SAN

2117952 203188910 20.870.9023 212909127 213409081

=

HR Bicubic SRCNN ('} FSROCNN | LapSRN | 14]
PSNR/SSIM 215906325 22561907316 220306948

Urban100 (4x )

img (76 EDSR [ 0] DBEPN (0] RDN 9] RCAN [ 4] SAN
23.95M.7750 23.21K0.7455 24,080, 7801 24.30N0.7896 245307925

Figure 3. Visual comparison for 4x SR with BI model on Urban100 dataset. The best results are highlighted

Z£X: Dai, T, Cai, J, Zhang, Y., Xia, S. T., & Zhang, L. (2019). Second-order attention network for single image super-resolution. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 11065-11074).
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Conclusion

% Condusion
@ Image Super-Resolution =MIE &7| fIoiA= Adliet = O|0|X| A7(2f o=
O|0|X| 27|& & XFF= AO| A |00 &

utd ol Held oM A= e dEE2 HEY = U2
HEESE | 2ISiA = PSNR, SSIMIE 242 K| H7F 2 e

70 M= SN2 X| &0 Hoto] Z8N2 X7k oo £0| 1224E(0F 2

© ® O ©
o
s
0%
HT
T
o
o
izl
H
£Q
0jo
[0
rIZI

Data Augmentation, Self-Supervised Leaming, Generative Adversarial Network & CHY

ot B2 S M-8 A Image Super-Resolution 2 & A5 SFAMS 7|CH

Copyright © 2021, All rights reserved. S 63 - Data Mmmg .
..:.. Quality Analytics o‘, |'\.Cl



N

Data Mining .8,
Quality Analytics o

2 l'x"d



0

Y VY

YV V VYV VY

Wang, Z,, Chen, J., & Hoi, S. C. (2020). Deep learning for image super-resolution: A survey. /EEE transactions
on pattern analysis and machine intelligence.

Dong, C, Loy, C. C, He, K, & Tang, X. (2015). Image super-resolution using deep convolutional

networks. /EEE transactions on pattern analysis and machine intelligence, 382), 295-307.

Dai, T, Cai, J., Zhang, Y, Xia, S. T, & Zhang, L. (2019). Second-order attention network for single image
super-resolution. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp.
11065-11074).

https://www.yna.co.kr/view/AKR20191108058400063
http://www.digitaltoday.co.kr/news/articleView.htm|?idxno=233998
https://m.blog.naver.com/PostView.nhn?blogld=dudcos101&logNo=221421989207 & proxyReferer=https:%2F

%2Fwww.google.com%2F
https://qithub.com/MagmaTart/Paper-Reading/blob/master/summarys/SRGAN.md

https://hoya012.github.io/blog/SIngle-Image-Super-Resolution-Overview/

https://jaejunyoo.blogspot.com/2019/05/deep-learning-for-SISR-survey-1.html .
https://bskyvision.com/392



https://www.yna.co.kr/view/AKR20191108058400063
https://github.com/MagmaTart/Paper-Reading/blob/master/summarys/SRGAN.md
https://hoya012.github.io/blog/SIngle-Image-Super-Resolution-Overview/
https://jaejunyoo.blogspot.com/2019/05/deep-learning-for-SISR-survey-1.html

Appendix.

Data Mining .0 :
0.}. Quality Analytics "’}!’ ma



