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% Algorithms
» End-to-End Blind Super Resolution

*  Only Degradation Estimation

» (Classical Degradation Estimation w/ Single Image

» (Classical Degradation Estimation w/ Other Images

» Complex Degradation Estimation
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Background
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https://www.adobe.com/kr/creativecloud/photography/discover/smartphone-photography.html
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Introduction

Background
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4= (Resolution) = T 77t BES
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o[O|X] 37|:[10x 10] O|O|X| 27]: [10 x 10]
Tl 74~ [9x 9] oMl 714~ [28 x 28]
M 7): 1.1 x1.1] M3 7): [0.36 x 0.36]
(1.1 =10/9) (0.36 = 10/28)

https://www.researchgate.net/figure/Handwritten-digits-from-MNIST-dataset-a-original-image-default-resolution-with-2828_fig2_336736186
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> St LA AV|E 7rEe M, 27|17t 255 13t O|0[X|

Xz ojofx]| Xz ojofx]| k-l S o] [ PN
0|0|X| 27|: [160 x 90] 0[0|X] 27]: [1,920 x 1,080] 0|0|X| 371: [1,920 x 1,080]
T4 7H= [160 x 90] |4 714 [160 x 90] T4 74 [1,920 x 1,080]
A3 [(1x1] TM37):112x 12] 3 7): 1 x 1]
https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Background
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O|O|X| 27]: [960 x 540] O|O|X| 27]: [960 x 540] 0|O|X] 37|: [960 x 540]
I’4 7= [960 x 540] I M 714~ [960 x 540]

SMI7: 11 x 1]

Tl 7%= [960 x 540]
TM37): 11 x 1] M3 7]:[1x1]

[8] Wang, X, Xie, L, Dong, C., & Shan, Y. (2021). Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data. In Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops (ICCVW), 1905-1914.
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“Super Resolution”
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Introduction

Super Resolution

< Super Resolution(SR)0| Zt?
- XNztE O|O|X|§ 19HZ S =S = Task
> 8k X=2HE O|0|X| (Low Resolution, LR)
> =84 03P 00| X] (High Resolution, HR)

* LRO|O| |9} HRO|O|X|O] H T 7| = S St 7HS

Super Resolution

2= XM=k o[o|X| E={20: 1shE o|ofx|
[160 x 90] [1,920 x 1,080]

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile

y| Ll

KOREA UNIVERSITY

13/102 Datfa Mining
/ o.:.i Quality Analytics




Introduction

Super Resolution
< Super Resolution 0}0|C|0f N
- "LRO|O|X|0f CHor Z &7 4=E|HRO|D[X|BHF =tElotAh”

> T8 A HEFA Bl SUSE NS 5= USI
A

(1,920 x 1,080) - (160 x 90) = 2,059,200

. = .
Uzt X3 o|n|x] £33k 134 oj0x|
[160 x 90] [1,920 x 1,080]
https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Super Resolution

% Super Resolution 7 ZttH
A

@ SAHZIE 7|EE g HES SA 7|HHe = 27

>  Bilinear Bicubic, Nearest ...

A X B
Linear-Interpolation
(Need 2 Point)

e

D EF

C Y
Cubic Interpolation
(Need 4 Point)
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>  Bilinear Bicubic, Nearest ...

Bilinear-Interpolation Bilinear-Interpolation
(Need 4 Point) (Need 16 Point)
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Super Resolution
< Super Resolution =24 I
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>  Bilinear Bicubic, Nearest ...
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Introduction

Super Resolution

X/

< Super Resolution &t
@ <SAA 7|8 7|8k 8l HAs SA 7|8z Bt
@ 23Xl 7|tk Held 2EE T[gtez gl A2 0% (CNN, GAN, Diffusion ...)
(1,920 x 1,080) — (160 x 90) = 2,059,200

|
C

Super Resolution

U242k Mk ofo|x] £zt D3y o|n|x]
[160 x 90] [1,920 x 1,080]
https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Super Resolution

X/

< Super Resolution =4
. SN 7|8 Jjuk ¥ TS £7 7oz 27
. QBRIS TlHE HRld 2US Vo v LUS o

|
>  CNN: 22 3712 CNN LayerZ SRO| 7522 E0{F [2]

9%x9 conv
+-.._5X5 conv

e rd

SRCNN [2]

64-channel features 32-channel feature

§ o A1 5425 a—b :;LLV“ s 95
T YRR }f’m A8

Introduction to Image Super-Resolution
wark © ey

< >
£ 20219 48 9

9 ez1M-
D 22l H|02 AlH (YouTube)

MojLt HE 27| —

5%5 conv

[2] 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 (TPAMI), 38(2), 295-307

http://dmgm.korea.ac.kr/activity/seminar/318
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Super Resolution
< Super Resolution 8224

HiL.OoOHd

- SA™ZIB 7IEE E HEs S 7|HeE 27t

. QIEX|s 7|HE Bl DE

o nll==
— == |;
»  GAN: Generator= SR= =&, Discriminator= SRE M =l

Generator Network B residual blocks

I
k9n64s1

" k3nB4s1

k3n64s1 ' k3nB4s1  k3n256s1 k9n3s1

skip connection
Discriminator Network k3n12852 k3n25652 k3n§12s2
k3n64s1  k3nB4s2 k3n128s1 k3n256s1 k3n512s1

3
L
o
2
g

SRGAN [3]

[3] Ledig, C,, Theis, L, Huszar, F., Caballero, J., Cunningham, A, Acosta, A
and Pattern Recognition (CVPR), 4681-4690.
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Super Resolution

X/

< Super Resolution 44
- SAAZ|E 7|dk 8l HAS A T|HeE 27t
.  OlZX|s 7|Hk ClpjLl IEIS J|HIO 2 H| TS o=
>  Diffusion: LRO|0|X|Z Noise2} 2t =, O{2] Step0il ZX NoiseZ K| HSHA SREHS [4]

yo~p(y|x) Yt—1 yr ~N(0,1I)

q(Ye|Yye—1)

pa
N

Peo (yt—l Iyt7 m)

SR3 [4]

[4] Saharia, C., Ho, J,, Chan, W, Salimans, T., Fleet, D. J., & Norouzi, M. (2022). Image Super-Resolution via Iterative Refinement. IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(4), 4713-4726.
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Super Resolution

X/

< Super Resolution & 21 3X|s
- Rk RO|OX| > =3 gf: HRO|O|X|
> SY¢h0|0|X|F X|HSt= (LRO|O|X|, HRO[O|X|) &2| st G|O[H 7t HR

>  ABiLf, HEHO = 520 O|0[X| S BHE =22 K2 O|0|X| & = A2 Ui+ o=

(X, Y) : (

LRO|O|X| HRO|O| X|

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Super Resolution

X/

< Super Resolution & 21 3X|s

«  HRO|O|X|Z Bilinear/Bicubic Downsampling2 £ LRO|0|X| & 4

@
LRO|O|X]| HRO|O|X|
https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Super Resolution

X/

< Super Resolution & 21 3X|s

«  HRO|O|X|Z Bilinear/Bicubic Downsampling2 £ LRO|0|X| & 4

Bilinear/Bicubic Downsampling

LRO|O|X]| HRO|O|X|

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile

y| Ll
KOREA UNIVERSITY

24/102 Data Mining
/ o.:.i Quality Analytics




Introduction

Super Resolution

X/

< Super Resolution & 21 3X|s

«  HRO|O|X|Z Bilinear/Bicubic Downsampling2 £ LRO|0|X| & 4

« g =l O0X|= ot H|O|H E(R HR)E T2 2, Supervised Learmning2 2 <t&
. X2 HFAS2 Supervised Learning 22! X E Jj M= O 2 AT EIHY

Bilinear/Bicubic Downsampling

LRO[O| ]

Super Resolution

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Introduction

Super Resolution
< 7|& Super Resolution &2| st
«  Benchmark Cl|O[E{0f| Chot EEO| HZFA X|&(SSIM, PSNRE2 =X &5
>  J2{L}, Real-world C|O|E{Of| T3 A = & S-RISHK| Rt
- Bilinear/Bicubic Downsampling= X{2}% 0|0 X| LY sd&lof| EX|St= CiFot . 0| =& CHftH
SlX| Xop7| &

[1] Liu, A, Liu, Y, Gu, J,, Qiao, Y., & Dong, C. (2022). Blind Image Super-Resolution: A Survey and Beyond. IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(5), 5461-5480.
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Super Resolution

< 7|& Super Resolution H2| oHA|
- B U NMELOM 2lSt= Chdet 0| LO|=

Cret #F 7|7|0f A 2ds PE Noise: IZIKIE* 5’H31|Ef HEZ ..

7 L=

== oot Xe
H

o|0|X| XAt "P‘*Oﬂkl 2 SH= Noise: JPEG Compressmn A|ZHO] R|E =2

[1] Liu, A, Liu, Y, Gu, J,, Qiao, Y., & Dong, C. (2022). Blind Image Super-Resolution: A Survey and Beyond. IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(5), 5461-5480.
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Super Resolution

< 7|= Super Resolution HT2| $HA|

- Overfitting: Bilinear/Bicubic DownsamplingO| Z-&-&l LRO|O|X|0f| CHsHA] EEHO| nt& et
»  Bilinear/Bicubic Downsampling®! O|0|X|2f ¢4 LRO|O|X|= H|O|& FZ£0]| XtO|7} Z&XY
> Bilinear/ Bicubic Downsampling=! LRO|O|X| 2 &t

ot

o & = S o
1SE BES HA (RO|DK|S K AT 4 QS

d

e

Arbitrary
LR input

[1] Liu, A, Liu, Y, Gu, J,, Qiao, Y., & Dong, C. (2022). Blind Image Super-Resolution: A Survey and Beyond. IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(5), 5461-5480.
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Super Resolution
< 7|= Super Resolution HT2| $HA|
- Overfitting: Bicubic DownsamplingO| Z-&E! LRO|| CHHA 2EIO| utA
|7

> Bicubic Downsampling! O|0|X|2f ¢4 LRO|D|X|= H|O|Ef == 0f X0

]
>  Bicubic Downsampling®! LRO|O|X| 20t sk FE REE2 S4 LRO|O[X|E & S/ 5= 8l

_l_
ol
=
_I_::
I_

I

SldoM= ofo]x|of ot X5}7|'Eo| HEH =X & 4 GiCh
JFCHH, o2 crFet o|o| x| X} 7|'Hoj| Choll ZHst RAS RS + UASTR

“Blind Super Resolution”
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Introduction

Blind Super Resolution

X/

< Blind Super Resolution
«  HRO|O|X|= EX5t=H|, LRO[O|X| 7} Z=XHSEX| Ri= SR &bt

LS
> 41X[0f LRO|D|X|7} 4415} Degradation THHE 22 & A
. S22 93} XY H|O|H Pair?} EXISHK| &2

LSO

St
> Semi/Self supervised Learning= Y7t K| 2t S Task= X7t Sl Task
( .

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Blind Super Resolution

X/

< Blind Super Resolution

- HRO|OIX|22EH At FASHIRO|O|X|E RAHMC 2 BHE0] &5
>  LRO|O|X| ‘4-40f RUAO{ Ekz= Bilinear/Bicubic DownsamplingO| OF, o2 N 2
> 7hE: Chet Moo #0] BrEEl LRO|O|X|= SREHS| 520 2 &= = AO|CL

HR

LR@ LR®

[1] Liu, A, Liu, Y., Gu, J,, Qiao, Y., & Dong, C. (2022). Blind Image Super-Resolution: A Survey and Beyond. IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(5), 5461-5480.
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Blind Super Resolution

< Blind Super Resolution
« Al CHYSt Degradation 7|E=2 A0 =S Bt LRO|O|X|E SR
o =

= =
> =82 FH: RO|O|X|E & 4-d5}0]

7t 22tz O|O[X|of = Yetetel SREE 15

Gaussian Blur Gaussian Blur Gaussian Noise
JPEG Compression

[1] Liu, A, Liu, Y, Gu, J,, Qiao, Y., & Dong, C. (2022). Blind Image Super-Resolution: A Survey and Beyond. IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(5), 5461-5480.
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Super Resolution

X/

< Blind Super Resolution

- L}t Degradation 7|'H0[ & &l LRO|O|X| 2 <h&307|0]|, Real-World O|O]X| SRO{| Robust
> 7|E SREHO| 2= Nt s 7hs

HR space

Downsampled

Arbitrary
LR input

[1] Liu, A, Liu, Y, Gu, J,, Qiao, Y., & Dong, C. (2022). Blind Image Super-Resolution: A Survey and Beyond. IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 45(5), 5461-5480.
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Blind Super Resolution

X/

% Blind Super Resolution & Data Augmentation
«  Blind Super Resolution: Y22 E X M

«  Data Augmentation: X252 X'E 44

[Blind Super Resolution]

[Data Augmentation]

ZOoFX|) (=, ZOfX))
1

Ay T
\»\ 9

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
https://mypetlife.co.kr/140270/
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Blind Super Resolution

o

% Taxonomy of Blind Super Resolution

@ Learning-based Degradation Estimation:

n: &5 7|89 2 Degradation 7|8 =X
@ Heuristic Degradation Estimation: <t& 810| F2|AElSHA| Degradation 7|8 =3

@ Learning-based Approach

Degradation Super Resolution

@ Hand-crafted Approach

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Introduction

Blind Super Resolution

X/

< Taxonomy of Blind Super Resolution
@ Learning-based Degradation Estimation: et&= 7|22 £ Degradation 7|2 =7

@ Heuristic Degradation Estimation: <t& 810| F2|AElSHA| Degradation 7|8 =3

[ Blind Super Resolution
Learning-based Approach Heuristic Approach
radation Estimati dation Estimati ,
Degw/ Oﬂgr:IrEf\.:;:ston Degvl\‘; Sain;::e Imang‘j: on Complex Degradation
+ BSRGAN
* HLLHGAN *  KemnelGAN . Real-ESRGAN

y| LEiCiS

KOREA UNIVERSITY
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)

X/

% Learning-based Degradation Estimation w/ Other Images
«  GANS Z23l0 Degradation 2 S &5 (2184 3543))

«  HLLHGAN: High-to-Low & Low-to-High GAN

To learn image super-resolution, use a GAN to
learn how to do image degradation first

Adrian Bulat™, Jing Yang*, Georgios Tzimiropoulos

Computer Vision Laboratory, University of Nottingham, U.K.
{adrian.bulat,jing.yang2,yorgos.tzimiropoulos}@nottingham.ac.uk

[5] Bulat, A, Yang, J., & Tzimiropoulos, G. (2018). To learn image super-resolution, use a GAN to learn how to do image degradation first. In Proceedings of the European Conference on Computer Vision (ECCV), 185-200.
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)

X/

< Background
«  7|& SRUFAE2 Bilinear Downsampling@ £ LRO|O|X|E 2t50] Sh&0f &&

> &AM LRO|O[X|0f| ZX}5}t= DegradationS FA|

Bilinear

S Resoluti
Degradation uper Resolution

VS

Real-LR

Blur, Compression Noise, Sensor Noise...

https://coolenjoy.net/bbs/26/77951?sca=%EC%9IA%BO%EC%A3%BC&page=28&device=mobile
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)

X/

< Background
«  7|& SRYUTFE2 Bilinear Downsampling £ LRO|O|X| & THE0] &5
> 2K LRO|O|X|0f| ZX{SH= Degradation= FA|

+  O|2{gt Degradation’d= 2Lt o, 2K 2 0|55 220 A2 0% Ol2&

[l
ofo

g
A

Q‘»Av - X
@AIEIE I @A HE @42Ad0|C|o g2 E
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)

% Background
«  7|Z& SRETE2 Bilinear Downsampling2 £ LRO|O|X| & 2HE0] S50 28
> &AM LRO|O[X|0f| ZX}5}t= DegradationS FA|

«  0|2{Tt Degradationit’d= PtCtl S, AN 2 0|5 ZE o= A2 Of% Ol2=2

0|2{St Degradation= StLI¥ 2HE7| BLH=,

st& & S9llM Degradations 2 XH

oy LCiCHStw
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Algorithms
Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)

< HLLHGAN 7i2
High-to-Low GANZ} Low-to-HighZ T3 &l 2-stage Process

High-to-Low: Degradation Network — & H|O|E & ++=
Low-to-High: Super Resolution Network — Super Resolution =24

>
>

_— -
-~

4
z[64.1]
High-to-Low
1

| I\ \ll II == 0 II L

Fake

OREA
ks [ g
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)
< HLLHGAN 72
High-to-Low GAN1 Low-to-HighZ T4 &l 2-stage Process
>  High-to-Low: Degradation Network — St& Ci|O|H & ++=

>  Low-to-High: Super Resolution Network — Super Resolution <=2

H Discriminator low
-
A Real |

High-to-Low ’—‘IIII‘"- (]'J
n=-t

= == =L2 pixel loss— — —,—‘—

7 [64,1]

_ - —_— e = = — -
—————— -
- -~

D|scr|m|mtor high (

Fake

e T T =
-

| neidictn
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)
% HLLHGAN®: High-to-Low GAN
*  Pair’l Gl= LR HRO|O[X|E & <50 &8
« GAN 7|8te| B &l [1XZ Generator?2} Discriminator2 &
>  Condition GANX & Noise2t HRO|O|X| £ Input2 2 EHS

rir

“Discriminators £ 4= QU
LRO|O|X| ‘444"

H\/

AlH| HRO|O|X|

Generator +

Mgl
LRO|O|X|
44

16x16

4| LRO|D]X]|

, = "Generator” | ‘4ot O|0| X[t
ﬂ T
‘ YY) ‘5
ey -//\_ 0
Discriminator . A s s
,. o |
‘ .—“' | . . . . .

74 & LRO|OIX]
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)
% HLLHGAN®: High-to-Low GAN

. Loss = GAN Loss + Pixel Loss

»  GAN Loss: Improved WGAN + Spectral Normalization GAN
»  Pixel Loss: MSE Loss

| = szp*.i;nel =+ /BZGAN

lcan = E [min(0, -1+ D(z))|+ E [min(0,—1— D(2))]

:I:NJ.FT ﬂ?wpg

W H
1 r
lp’i:t:el - WH Z Z(E(Ih )’-’qj o GQG(Id)i:j)z

: 1=1 j=1 Average Pooling

ot
ol

oPdelE 98t BX Loss

y| Ll
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)
% HLLHGAN@®): Low-to-High GAN
«  Super Resolution =3 (16x16 = 64x64)

«  Generator2} Discriminator M2 G’ SHH sh&

IIOOOI b_ﬁ)III II
AIH| HRO|O| X|
“Generator” | -’43t O|0|X| 2t
A o[o|X|E +&2"
0
D -
|

. v
N - N
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Algorithms
Leaming-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)
% HLLHGAN@®): Low-to-High GAN
«  Super Resolution =3 (16x16 = 64x64)
«  Generator?} Discriminator A2 A4S &t

«  Loss Function2 High-to-Low?} & LSHA 7

>

| = szp*.i;nel + /BZGAN

lcan = E [min(0, -1+ D(z))|+ E [min(0,—1— D(2))]

:I}N ™ ﬂ?wpg

lp’i:cel H Z Z Ihr lj o GGG(Id)i 3)2

1=1 7=1 Identity Function

oh& OPH3IE 28 EX Loss
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)

<+ Result
« AAH2E ALN K| LIEt = X &I FID SHO[M= SOTAds 24

«  PSNRZHO| M= Competitive Performance

Method FID PSNR
LR test set|LS3D-W
SRGAN [2] 104.80 23.19
CycleGan [3] 19.01 16.10
DeepDeblur [43] 294.96 19.62
Wavelet-SRNet [20] 149.46 23.98
FSRNet [42] 157.29 19.45
Low-to-High (trained on bilinear) 85.59 23.50
Low-to-High (trained on blur + bilinear) 84.68 22.87
High-to-Low+Low-to-High (pixel loss only)| 87.91 23.22
Ours 14.89 19.30
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Algorithms

Learmning-based Degradation Estimation @: To Leam Image Super Resolution, Use a GAN to Learn How to do Image Degradation First (2018, ECCV)

%+ Result
A E o 2 S{AEOIX| LIEHY= X|EQ! FID SHO|AM= SOTAN s &

[ ]
—

«  PSNRZEHO| A= Competitive Performance

. AZIEoE JhE AlH O|0jXIMEY 2

|

N
.!\_i' |
E
v
-

___CycleGan

| 20
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)

X/

% Learning-based Degradation Estimation w/ Single Image
- JH< O|O|X|2 Z+ o|O|X|0f| ME Bt Image-specific Degradation 7|2 £ (8 3413])

. KernelGAN

Blind Super-Resolution Kernel Estimation using an Internal-GAN

Sefi Bell-Kligler Assaf Shocher Michal Irani
Dept. of Computer Science and Applied Math
The Weizmann Institute of Science, Israel
Project website: http://www.wisdom.weizmann.ac.il/~vision/kernelgan

[6] Bell-Kligler, S., Shocher, A, & Irani, M. (2019). Blind Super-Resolution Kernel Estimation using an Internal-GAN. Advances in Neural Information Processing Systems (NIPS), 32.
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)

X/

< Background

«  7|& SRZ Bicubic DownsamplingO|L} 1173 El Classical Degradation2 2 LRO|O|X| S 444

Down
sampling
Bicubic y=(x®k)ls+n
Degradation Blur Gaussian
Kernel Noise

%
{

Bicubic

https://slidesplayer.org/slide/14595989/v
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Down

Algorithms y=(x ®K) ot n

Blur Gaussian
J

K | i
% Background erme Noise

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Intet

«  7|& SRZ Bicubic DownsamplingO|L} 1173 El Classical Degradation2 2 LRO|O|X| S 444

1 4| 7| 4 1
No=5s

4 | 16| 26| 16| 4

A~ ——=-> — | 7 |28| 41|26 7
// \,,,:10 >273

-
st TR o 416|286 18| 4

114 7| 4|1

Blur Kemel

https://blog.roboflow.com/content/images/2020/03/cats-blur.png
https://www.spcforexcel.com/knowledge/basic-statistics/normal-distribution
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Algorithms y=(x® k)"‘fsir o

Blur Gaussian
Kernel Noise

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Intet

o%

» Background

«  7|& SR Bicubic DownsamplingO|L} 178 =l Classical Degradation2 2 LRO|O|X| & 4

fx,y) n(x,y)

|

Pixel value: [0~1] or [0~255] Pixel value: random number

https://www.youtube.com/watch?v=-Vk23ye20_|
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Algorithms y=(x ®K) ot n

Blur Gaussian
Kernel Noise

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Intet

X/

< Background

« 7| SR2 Bicubic DownsamplingO|L} 173 =l Classical Degradation2 2 LRO|O|X| £ 4
>  H0M= Ol Aoz WdE O|0X|= 0h& Ha

T g

» LRO|OJX|E St WM Z HIYEE L, 702t S 2 Y0 [h2t BHE Degradation0| 2 7Hs

LR

Bicubic
Degradation

HR

https://slidesplayer.org/slide/14595989/v
https://blog.roboflow.com/content/images/2020/03/cats-blur.png
https://www.spcforexcel.com/knowledge/basic-statistics/normal-distribution
https://www.youtube.com/watch?v=-Vk23ye2o_|
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Algorithms

Leaming-based Degradation Estimation®): Blind Super-Resolution Kemel Estimation using an Intemal GAN (2019, NIPS)

X/

< Background

«  7|Z Blind SR 2} O|0]X|0f| £3}=l(Image-specific) Degradations TS O{LHX| 2%t

A

16| 26 | 16

41| 26

16| 26| 16

I S N NN
N
3

N

Bicubic

https://assets-global.website-files.com/5d7b77b063a9066d83e1209¢/61e9cdbe793ba30c547e2a82_cnntsne.jpeg
https://slidesplayer.org/slide/14595989/v
https://www.spcforexcel.com/knowledge/basic-statistics/normal-distribution
https://www.youtube.com/watch?v=-Vk23ye20_|
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Algorithms = (x @ k)ig

Blur
Kernel

Learmning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Internal GAN (.

% Background
- 7|& Blind SR2 Z} O|0O|X|0f| £2}El(Image-specific) DegradationZ THSO{LHX| &gt
« &K Blur Kernel:2 LRO|O|X| 2| C}fot A UO|| M Patch RecurrenceE = LH2tSH= Kernel
> 7}8: ScaleOf| [HE Recurrence Property+= Degradation Z=730]| 0f-% 21X O|C},

) Fatd |—| L A = —'—| I:H :n_l' E"‘n_ O|'_|_ Ken |e| = T C:! O|';:H
'Itl o

O[n|X| L} FAFet T2
o|ojx| =3of 2 EE7} ECt

2
’ | |

Shocher, A, Cohen, N., & Irani, M. (2018). “zero-shot” super-resolution using deep internal learning. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 3118-3126).
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Algorithms

Leaming-based Degradation Estimation®): Blind Super-Resolution Kemel Estimation using an Intemal GAN (2019, NIPS)

X/

< Background
« 7| Blind SR2 Z} 0|0|X|0f| £2}=l(Image-specific) Degradation= THSO{LHX| &&t
« 2K Kernel:2 LRO|O|X| Q| C}fot AH| 0| M Patch RecurrenceE = LH2SH= Kernel
> 7}8: ScaleOf| [HE Recurrence Property= Degradation Z=’30]| Of% 2 AH& O|C,
>  Patch?| 22 F Z|Cliot EESH= KemelE FESHAN

e )
*xx G4l Point ***
@ HLLHGANS Z.E 0|0|X|0f| 53t Degradation 7| SEERSES)
A2{L} Real-World O|D|K|E S Y5t Degradations K| Z=C
> Zt Image0i| £2}F! Degradation= - SXH

@ HLLHGAN- Degradation Network % SR NetworkE 25 sh&
2L, SR Network= AFHO|| & AE 2 E=HO| HS
- Degradation Network 2t M S| H[2t5} 1, SR Network= 7| E0f| & HE BH-S SHE5|A}

aw| Lol
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)
% KernelGAN
+  OfLfe| O|O|X| 22t ob5otH, O[OfX| L THX| e 2 Stegs
« Inference Al, Train1t TestE SA|Of =&

> Image-specific Kemel 24 7t5
>  layer/| &2 &4 (V100 7|&, 60 2 9)

https://coolenjoy.net/bbs/26/76663?page=228
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)

s KernelGAN
«  Generator: HRO|O|X[0j|A{ LRO|O|X| & 4-d

. Discriminator; A=l O|0|X| O£ 2 LIMICHQ| 2 Al

Input image

D map
i)

. Discriminator -li

g u"

Downscaling  —
Generator 3104 Fake Real

G LI
Downscaled
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Algorithms y=(x® k)"ipsir o

Blur Gaussian
Kernel i
% KernelGAN Noise
»  Generator: LSGAN Loss + Regularization
>  Pooling & g-det+E 83X @i= Linear Convolution FEHZ -8

>  "AXH| Degradation Kernel0j|&= H|42HH0] MEE|0{A|= QHEICE

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Intet

Generator

™= —

3 1‘1; 1

31| 17

\/
=
W

3 3 3

64 |9* | 64 64 O
w

Convolving all filters of G

results with the SR Kernel

k

| et
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)

s KernelGAN

«  Generator: LSGAN Loss + Regularization
>  Pooling & 2-det+E Z-85HX| @4 Linear Convolution FE[Z /4
>  "AXH| Degradation Kernel0j|&= H|42HH0] MEE|0{A|= QHEICE

>  Regularization: @141} FALSH Kemel2 BFHE0| LH7| gt
g

LSGAN Regularization

G*(ILR) — argéﬂin HlIE)LX {EmmpatCheS(fLR)HD(I) — 1| + |D(G($)))H + R}

R = CMﬁ'.51;1,171,_150_1 + Bﬁboundaries + ’Yﬁsparse + 5£center

Esum_to_l — ‘1 - Zi,j ki,j| Kemel 112}

Looundaries = D ; |kij-miz| BHS7I1E22 Zo| Hoix| =&

1/2
Esparse = Zi,j |}€1,3| / LassoXT 2 22 Ofofl 022

2205 ki (,9)
Ecente’r‘ - ’(Io,’yo) — Zj—;gj

— T Kermnel 34 39|
i, ’

.
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)

» KernelGAN

. Discriminator: Pixel-wise MSE
> 2 EA0| M E AKX, AXN EAelX| AlH

> LabelO| 25 O(ZIRHO| ALY, 1(ZIR}) O|O]X|

| el \

| |

o~ o~ o~ ~N o~ o~ N

(23] (28] m (28] (28] mM (49! ,L
64 3 64 >' ea 3 64 3t ea 3 64 3 O
(I = Convolution + SpecNorm [ = BatchNorm + RelLU I = Sigmoid
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)

% KernelGAN
@ &AM O|O|X| Lf Patch& Crop
@ O|0|X|E GZ Downsampling > 244 %l O|0|X| L} PatchE Crop
® @1t @E Discriminatord| 2 0{ Pixel-wise MSEE &t&

Input image

D map
I ¥
Discrimi -li
-~ scriminator
< b ol
Downscaling  —
Generator Fake Real

G

Dafa Mining
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)

% Result
o CHASDE A LA A X Downsampling Kerneldlt A Z1HE 201E

>  GeneratorZ} Linear2 74 E|0{ Q7|0 BIL}2| Kemel2 B3 7+

Kernel for SR X 2 Kernel for SR X 4

& )

Ground
Truth

29.38dB
S ol R
8 % " ! = - - . -
S = S .r N B
E od i e rf =
- 29.47dB 1 . 23.38dB 26.67dB
&
S P ,
v S
= 5
x 33.32dB 31.38dB 27.78dB 26.69dB 24.65dB 28.59dB
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Algorithms

Leamning-based Degradation Estimation): Blind Super-Resolution Kemel Estimation using an Interal GAN (2019, NIPS)
% Result
+  Bicubic 5 2L} 2 5= 29 (PSNR/ SSIM)
«  7|&Blind SR 211Z|FEL T2 5= 2
| || Method | x2 | x4
Type 1: Bicubic Interpolation 28.731/0.8040 | 25.330/0.6795
SotA SR algorithms Bicubic kernel + ZSSR [30] 29.102/0.8215 | 25.605/0.6911
(trained on bicubically EDSRplus [21] 29.172/0.8216 | 25.638/0.6928
downscaled images) RCANDlus [38] 29.198 /0.8223 | 25.659/0.6936
Type 2: PDN [34] - 1st in NTIRE track4 26.340/0.7190
Blind-SR WDSR [36] - 1st in NTIRE track2 - 21.546/0.6841
NTIRE’18 [31] WDSR [36] - 1Ist in NTIRE track3 - 21.539/0.7016
winners WDSR [36] - 2nd in NTIRE track4 - 25.636/0.7144
Type 3: Michaeli & Irani [24] + SRMD [37] | 25.511/0.8083 | 23.335/0.6530
kernel estimation Michaeli & Irani [24] + ZSSR [30] 29.368 /0.8370 | 26.080/0.7138
+ Kernel GAN (Ours) + SRMD [37] 29.565/0.8564 | 25.711/0.7265
non Blind-SR algorithm || KernelGAN (Ours) + ZSSR [30] 30.363/0.8669 | 26.810/0.7316
Type 4: Ground-truth kernel + SRMD [37] 31.962/0.8955 | 27.375/0.7655
Upper bound Ground-truth kernel + ZSSR [30] 32.436/0.8992 | 27.527/0.7446
65/102
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Algorithms

Leaming-based Degradation Estimation®): Blind Super-Resolution Kemel Estimation using an Intemal GAN (2019, NIPS)

* Result
« ANZUEHo=EE JIY A E]E AS =Holat = US

Bicubic EDSR+ RCAN+ KernelGAN(Ours) Ground

LR Input image interpolation [21] [38] SR method: [30] Truth HR

SEEEE

Truth

No Ground

(Real Image)

Real Image

Truth

No Ground

(Real Image)
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

X/

% Heuristic Degradation Estimation — Complex Degradation
Classical Degradation 7| #l&2 2%t1, Shufflestd] &-& (218 2432])

BSRGAN

Designing a Practical Degradation Model for Deep Blind
Image Super-Resolution

Kai Zhang' Jingyun Liang' Luc Van Gool'* Radu Timofte'
LComputer Vision Lab, ETH Zurich, Switzerland 2KU Leuven, Belgium

kai.zhang, jinliang, vangool, timofterj;@vision.ee.ethz.ch
g, J

https://github.com/cszn/BSRGAN

[7] Zhang, K, Liang, J., Van Gool, L., & Timofte, R. (2021). Designing a Practical Degradation Model for Deep Blind Image Super-Resolution. In Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV), 4791-4800.
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

X/

< Background

«  7|Z& SR Bicubic Downsampling2 £ LRO|O|X| & 44

«  7|Z Blind SR: Blur 2! Gaussian NoiseE Z2t9t Classical Degradation 7| HE2 271 &€&
» 2L} 0|T3| Real-World O|0| X[ S2 & ER18}X| &t

. Bicubic Super
Non Blind SR . per
Downsampling Resolution
. Classical Super
Blind SR ; pe
Degradation Resolution
Data Mining o Ik [ |
08/102 .{% Quality Analytics -b:c-JRE:IAEJrIWEJR;Tv




Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

X/

< Background
«  "Real-World Degradation2 &=05| L = QL= LRO|O|X|E
PSEel

o=
y 7|'§I 7| | Degradatlon Spac eSS §| +S |:|' t'OL Degrada’uon% H|_|'C§ 7}%%" A

_I_

HRO|O|X| Classical Degradation 0|0|X|

Degradation SpaceE 2t = Q12712

[8] Wang, X, Xie, L, Dong, C., & Shan, Y. (2021). Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data. In Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops (ICCVW), 1905-1914.

o nEosn
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

% BSRGAN 72 o
Blur, Downsampling, Noise
«  7|&9| Cassical Degradation0l| A H2|Z|= 37HX| oie 45 242} CHYSHA =
*  Classical Degradation0| A H&%|= &A1& TESHH &S0 Degradation Space =%
- S5E ol HET /458 FES= AO| O, Hand-crafted 24! H-&

HRO|O|X| Classical Degradation 0|0|X|

y=00u®k)l,+n

Blur = Downsampling = Noise

C}FSt Degradation O] O] X|

[8] Wang, X, Xie, L, Dong, C., & Shan, Y. (2021). Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data. In Proceedings of the IEXEE/CVF International Conference on Computer Vision Workshops (ICCVW), 1905-1914.
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

< BSRGAN 72

Blur, Downsampling, Noise

«  7|&9| Classical Degradation®ll A M| Z|= 37tX| A QA E ZHZF CHFS|HA|

*  Classical Degradation0| A H&%|= &A1& TESHH &S0 Degradation Space =%

=

=1 Ny

. EB2 SO MUY QAS2 T

10| OF:l Hand-crafted BfAl M &

~ [ ]
* %%k o_Illél Point ***
KernelGAN= Zf Imaged| £2t=l Degradation 7| B2 2&
JeqLt, BlurPt 20t O 2 F=73k ¥ DownsamplingO|Lt Noise= 05| Real-Worl

> Real-Worlddj| x5t

o
o U
e
8
of
>
o
ot

ot Blur, Downsampling, Noise SpaceE =H&}

== O

OF
2

oy LCiCHStw
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Algorithms
Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)
% BSRGANQ® 7HE 24-2| =% - Blur
«  Isotropic Gaussian Kernel 3 Anisotropic Gaussian Kernel 27X| & 25 H-& (100% H-&)
> Lt Kernel AO|= (77 ~ 21x21)

>  CHASE Kernel Width (0.1~24)
> LISt Rotation Angle (0.5~6)
Isotropic Anisotropic R4S

- .
-« -~

’)T_

1

-

Rotated Gaussian kernel Anisotropic Gaussian kernel

4 5 4

9 12| 8

12 115 | 12

R ]

9 12 ]9

2
4
N— 5‘
4.
2

4 5 4

n

https://www.researchgate.net/figure/Gaussian-kernel-isotropic-left-anisotropic-I-1-right fig4 221221802
https://www.researchgate.net/figure/Anisotropic-and-rotated-Gaussian-kernel_fig3_223329147
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Algorithms

Heuristic Degradation Estimation(@): Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)
< BSRGAN® 7lI'E 24-9| 2 - Downsampling
«  47tX| Downsampling 7|2 = & 171X|& M & (100% H-8)
> Nearest 72 TS £

o]
>  Bilinear: & 27t

i i~ HIAM S Zt
> Bicubic: H|4 27t 2%2,%%?5:’ Bilinear Bicubic
Input veraging earest-Neighbor ilinear Bicubic

Input Bilinear * Bicubic Neres~Neighbor

https://www.researchgate.net/figure/Comparing-down-sampling-and-up-sampling-operators-top-using-Bilinear-upsampling-along_fig3_341539578/download
https://preventionyun.tistory.com/32
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)
< BSRGANQ®@ 7H'¥ 249| &% - Downsampling
«  47tX| Downsampling 7|2 = & 171X|& M & (100% H-8)
>  Nearest 7PI2 ZALS &
Bilinear: M E7t
Bicubic: B[4 27k

Down-up: O|0|X|& | ¢l 2, CiA| 37| 3t Downsampling

>
>
>

Bicubic Downsampling

Bicubic or Bilinear Bicubic or Bilinear
Downsampling & Upsampling
> %ctor' >
= O|o]x| Downsampling Z1}

[8] Wang, X, Xie, L, Dong, C., & Shan, Y. (2021). Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data. In Proceedings of the IEXEE/CVF International Conference on Computer Vision Workshops (ICCVW), 1905-1914.
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV) &
< BSRGAN® 7H'E 84-2| % - Noise
«  Gaussian Noise, JPEG Compression Noise, Camera Sensor NoiseE =t
>  Gaussian Noise: Gaussian =2 & 2= LHA Ol Noise (100% H-£)
»  JPEG Compression Noise: O|0|X|& A &gt WY, 2H445H= Noise (B2H0ll 75% X8, OFX| 22 100% X&)
»  Camera Sensor Noise: 7| 2H0]A{ O|0|X| 2 X 2|5t= 1P & 2Hl7H5 S Noise (25% & 2)

L0
J

Input Color Transform Image Partitioning Forward DCT o Exposure
I Demosaicing — .
mage L (RGB2YIQ) (8x8 Macro block) Transform Compensation
Entropy Codin Zig-Z: i <
Compressed Py 9 g-Zag Quantization XYZ to Linear RGB‘ Color Camera to XYZ (‘:olor Exposure.
Image (Huffman Coding) Reordering Space Conversion Space Conversion Compensation

Huffman Quantozation J
Coding Table Table
Tone Mapping —>  Gamma Correction

https://slidesplayer.org/slide/14595989/
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)
% BSRGANQ® 7H'¥ 8249| =3 - Noise
«  JPEG Compression Noise: O|0|X|E JPEG & 2HHAIE AT M, YMSt= LO|=
> Quality Factor [0, 100] = &7 1F30]| 75% SHEE M &
> Quality Factor [30, 95] = 7} OFX|2} Degradation Step2 2 1178
»  Quality Factor?} 00| Z7t2=5 B0| 2il==! HE{O[|H, 1000 7Mt2+= 2 2i== HEy

v molYRESE 8 NS

—

Input Color Transform Image Partitioning Forward DCT
Image (RGB=2YIQ) (8x8 Macro block) Transform

~
Compressed Entropy Coding Zig-Zag o Quality Factor?}
< Quantization oste L He
Image (Huffman Coding) Reordering ) HekS O0|X|= 8=
Huffman Quantozation
Coding Table Table
g

https://slidesplayer.org/slide/14595989/
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Algorithms

Heuristic Degradation Estimation(: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)
< BSRGAN® 718 842| E - Noise
«  Camera Sensor Noise: O|0|X| X 2|17H 0| A 2ldt= L0|=
- CIXIE ZHH2h= AlA HIO|EH & O|0|X| A= X2[(SP) Lto|=2tQl0f| S1tA[7{ O[O|X|
«  OH, NoiseE M|#otX| i mo|=2210) 2™ O|0|X|e| F&0| B0 H

»  NoiseS MASHA| B X2[zl O|0|X|-E 12fotnAt of

M
ne
0jo

Noise T
H A ISP Pipeline

@ Demosaicing

@ Exposure Compensation
(® White Balance

'?'n_-IAI E" OI E'I @ Camera to XYZ Color Space Conversion I‘I gElE OI ﬂle
® XYZ to Linear RGB Color Space Conversion

® Tone Mapping

@ Gamma Correction
* 2 Yol sfigshs mEt0HES Y8 B oA RandomdtA M7

[8] Wang, X, Xie, L, Dong, C., & Shan, Y. (2021). Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data. In Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops (ICCVW), 1905-1914.
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Algorithms

Heuristic Degradation Estimation(@): Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)
<% BSRGANQ® 7 242| =% - Noise
«  XZ=l O|0|X|E ISP Pipeline2| 2= F0{==0{ /;A| HIO|HE S&
- Al GO|E{0f| lO|=E 75t =, ISP Pipelinedi| £0{Z=0] O|=7} £7}El O|O|X|E €S

ISP Pipeline

Al HOo|E

ISP Pipeline

HA| O] E Noise NoiseZ} Z7}= o|O|X|

[8] Wang, X, Xie, L, Dong, C., & Shan, Y. (2021). Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data. In Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops (ICCVW), 1905-1914.
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

% BSRGAN® Random Shuffle
- "E= O|0|X]= &% 1FE 2 2 Degradation E|A| Bt

. Q0N ISt Degradation 7| HES BMEHSH M2 X -E0] Degradation Space 2+

[Shuffle]

DBicubic — Blso — N]PEG — Ng — BAni — N]PEG

-

[Downsampling]

[Blur] [Nqise] .
@ lIstropic Gaussian Blur @C%PCEZUES;?: |:leczlssiz i
@ Anistropic Gaussian Blur 3 Bicubic P

oy LCiCHStw
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)
% BSRGAN® Random Shuffle
- "E= 0|0X]= S22 IME 22 Degradation E[X| =L,

+ YOIM HOIBt Degradation 7| HES HEEH M2 X B310] Degradation Space 25
[Classical Degradation]

2
Biso - Baniso - Dbicubic - N]PEG - NG - NS

[41’3El Degradation 7|H] [Shuffle Degradation(@)]

2 2
{Bisor Banisor Dbicubic; N]PEG; NG;NS} Dbicubic - N]PEG - Baniso I NG - BiSO - NS

[Shuffle Degradation@)]

2
N = Njpge = Baniso = Ns = Biso = Dpicupic

[5] Bulat, A, Yang, J., & Tzimiropoulos, G. (2018). To learn image super-resolution, use a GAN to learn how to do image degradation first. In Proceedings of the European Conference on Computer Vision (ECCV), 185-200.
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Algorithms

Heuristic Degradation Estimation(@): Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

% BSRGAN Algorithm
«  Degradation0Of|A] 22t Blur, Downsampling, Noise 7|2 &M 2 M7
- MAEE 7|¥== RandomdtH ShuffleStd] HR O|0[X|of H-&

«  OpX|2H0| 22t JPEG Compression 22t =M X|F LRO|O|X] -

2
{Biso: Banisor Dbilinear ’ NG}
2
{Bism Baniso' DbiC‘ubiC’ N]PEG; NG; NS}

2/3
{BismBanist / DdownrNG}
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Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

< BSRGAN Algorithm

«  Degradation0fl Al 222 Blur, Downsampling, Noise 7|2 &0 2 M7

0 Il

- MEE 7|ME2 RandomdtH| ShuffleStd] HR O|O|X|0f M-8
DOFX|2H0]| 24 JPEG Compression M-8t 2 M £|F RO|O|X| M

«  BSRGANZ 7|YF2 = DegradationstO] st O|O|EHE =tEot =, SREE St

BSRGAN Super
Degradation Resolution
SRCNN
ESRGAN
SR3
Data Mining o Ik [ |
80 .{% Quality Analytics -I:c-)REi[JrIWEJR;TY




Algorithms

Heuristic Degradation Estimation(@: Designing a Practical Degradation Model for Deep Blind Image Super Resolution (2021, ICCV)

X/

¢ Result
- HRO|O|X|7} Si= Real-World O[O|X|0f| CH3H 7 RobuststA| -2
- JEH X|H#H= 29|28 BSRGANO| &2 =X
>  SREZOFOA A[ZHE Q1 A1t MetricQ| O & -d0f| CH2E O|0F7 |7t BF AEEl= A

NIQEJ/NRQM{/PL,  4.47/3.15/5.65

.10/3.92/6.59 6.26/4.52 6.39/6.83/4.78 7.14/3.65 5.83/5.99/4.92

“N.IQ J/NRQM1/PLL

(a) LR (x4) (b) ESRGAN [1V] (c) F.SSR»JPEG [1°] (d) RealSR-DPED ['1]] (e) RéaiSR—JPEG [20]  (f) BSRGAN (Ours)
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

X/

% Heuristic Degradation Estimation — Complex Degradation
«  Classical Degradation 7| &= 2| 0j2] 7|BH== 2814 HE (2184 4162)

. Real-ESRGAN

Real-ESRGAN: Training Real-World Blind Super-Resolution
with Pure Synthetic Data

Xintao Wang! Liangbin Xie*>? Chao Dong®*  Ying Shan'

1App]ied Research Center (ARC), Tencent PCG
“Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences
SUniversity of Chinese Academy of Sciences  *Shanghai AI Laboratory
{xintaowang, yingsshan}@tencent.com {lb.xie, chao.dong}@siat.ac.cn
https://github.com/xinntao/Real-ESRGA

[9] Wang, X, Xie, L, Dong, C., & Shan, Y. (2021). Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data. In Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops (ICCVW), 1905-1914.
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

X/

% Background
«  Real-World O|O|X|0f| CH3H Classical & Complex Degradation= OF&I77HX| 7|Ci4=Z0f & O|%
« 7| Degradation & #E=2 P4 2| Degradation= & ZASHA| X &t

= =
» X} Degradation Y #E=2 1 E 72| DegradationZh 114

Input < Output

v Output

Input

: Down
sampling
Y Y y=(x®k)ls+n
S ) Blur Gaussian
Kernel Noise
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

X/

< Background

« 2} Degradation= 1H

—

=
1

23}= 749 2 Real-World LRO|O|X|E ZALE

A HO
o = T HAO
- Sa0M= 28 E a7t O, Cr¥ot Degradations 7+
@© HEZE Itz ARRIE &Y
@ AZlEEY
® 28I0[Co2 3R

®\ SSSSUNg_Xu
t Atacama Desert

OAMEY @AEIEE @22E0C|o E2E

https://pixabay.com/ko/photos/%EC%BI%A0%EB%A0%88-%EC%I5%84%ED%83%80-%ECKHBI%BA%BEB%AT %88-%EC%B2%ACKEB%AT%89-%EC%IE%IO%EC%I7%B0-5730593/
https://www.adobe.com/kr/creativecloud/photography/discover/smartphone-photography.html
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

X/

< Background

«  Z} Degradation= 12t H838}= A2 Z Real-World LRO|O|X|E AL = Q1S

= HA
- AN = DEE 77t Ot Cfot Degradations 7

@ HEZ FHHEIZ ATE ES
@ Al EE
® 22000z 5w

k%% 'a_IIIIA=l Point *k%
BSRGAN Degradation Spaces 25t CiYot =M2 HE

— O
2L}, Real-World Degradation 1H 4 Bt 2 ASHX| QHS

—_ L =2 O (il
> FIIMO 2 SHEEl Degradation 7|HES NHA M8

oy LCiCHStw
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)
< Real-ESRGAN 7l 2
« 2} Degradation 24F 1212t H-83l= A0| O, 42| H HE
>  High-order Degradation 22 2 © £ Degradation SpaceE =&t
>  Degradation 22~F Blur, Noise, Downsampling, JPJEG Compression2 £ &

_ﬁrst order —
' Blur ' Resize Noise JPEG
) (Downsampling) Compression

. (Generallze) h . * Gaussian noise S :

Gaussian filter Ite;mz; * Poisson noise HEEG

- isotropic : ) b%f'u 1 | '

. -anisotropic - brinear * Color noise . |

. * 2D sinc filter : - area * Gray noise /

(Downsampling) + 2D sinc filter

L Sj_econd order §
Blur — Resize — Noise — [ IPEG W% E

Data Mining

o = [0 o)
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

0‘0

e SincAHY

ns B2
=4

1

% Real-ESRGAN®@) Blur
BSRGANO{|A] 2715t Isotropic, Anisotropic Gaussian 7{'2

Generalized Gaussian Kernel, Plateau-shaped Distributed Gaussian 74'2

Gaussian Kemel

Generalized
Gaussian Kemel

(0]0]X|°] EdgeS O M

(Ringing % Overshoot |2 3}H

Sinc Kemel@ Sinc Kemel®@
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

% Real-ESRGANQ® Blur
+  Sinc 7€
>  Super Resolution A|, Ringing ! Overshoot 2X|E &22t5t7| 2|3t
>  Ringing: WX| FHO|| ZHME EHE= Noise

> Overshoot SIX| £20] &£ CHE M O| LIEH-t= Noise

AL

>

Original Ringing Overshoot
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

% Real-ESRGAN(® Downsampling

. Area, Bilinear, Bicubic

> Area: TH M S| HF7IO 2 Downsampling

—

Average

https://slidesplayer.org/slide/14595989/

Area Downsampling
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

*+ Real-ESRGANQ) Noise

. Gaussian Noise, Poisson Noise
> O|0|X| Xz2| 18 W &Xt=2| A L0|== IO}t

F

of>
[ot

=25 78

Full frame (FOV)

ROI

https://www.biorxiv.org/content/10.1101/2021.11.10.468102v2.full
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

% Real-ESRGAN®) JPEG Compression
«  Z order®| OFX|2}f 220f| X830 JPEG AT Al ElSH= NoiseE &1 1124

»  Quality Factor: [30, 95]

Input Color Transform Image Partitioning Forward DCT
Image (RGB=>YIQ) (8x8 Macro block) Transform
Compressed Entropy Coding Zig-Zag _
Quantization
Image (Huffman Coding) Reordering

Quiality Factor?}

Huffman Ask2 O] k| = BHE Quantozation
Coding Table Jg=E 0|Xl= /& Table

JPEG Compression

https://slidesplayer.org/slide/14595989/
https://openaccess.thecvf.com/content/CVPR2023W/WMF/supplemental/Bui_RoSteALS_Robust_Steganography_CVPRW_2023_supplemental.pdf
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

+* Real-ESRGAN Architecture

-  HOM FolTt 47HK| Q| DegradationRA-F 2HM H-& (Second-order)

*  (Blur — Downsampling — Noise — JPEG Compression) X 2

first order

Blur

* (Generalize)

Resize

o (Downsampling)

Noise

* Gaussian noise

JPEG

— )
Compression

Gaussian filter | ’ Re.:size. o DR AT :' JPEG
- isotropic : } b{c_ublc ! :
. -anisotropic - bilinear * Color noise
" 2D sinc ﬁltcr_/-" - area * Gray noise ;
second order
| Blur Resize Noi . JPEG
. . (Downsampling) o1s¢ + 2D sinc filter 3
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

% Real-ESRGAN Architecture
-  HOM FolTt 47HK| Q| DegradationRA-F 2HM H-& (Second-order)
*  (Blur — Downsampling — Noise — JPEG Compression) X 2

«  Real-ESRGANZ 7|H2t2 2 DegradationdtO] &t H|O|HE &2t 2, SR EH 3t

ok
[

i it

]

(I RAER
L g Real-ESRGAN S
.1 ~ Degradation Resolution
SRCNN
ESRGAN
SR3
Data Mining it — ot
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)
% Result
»  DegradationZ| &2t Ct2 4| 5t 1, SREEZ ESRGANL Z &
*  Real-ESRGAN2 = =20t HO|HMO| 7HY T2 58 28

|
[

Ry Bicubic

RealSR BSRGAN Real-ESRGAN

| 20
KOREA UNIVERSITY
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

< Ablation Study
«  Second OrderZ Degradation M-& A, O|0|X|7} MHSIH =&

-  Sinc{d M-8 A| Ringing & Overshooting2 RN CE 35

al property manial property man =
sinvest vast ar e = M

€ Real-ESRNet )
~ w/o sinc filter

'.-'--3 p— l“ "-l-

B =1t F Ct = 11
s - B - ‘m o ,
14 ol i = wpecal-ESRNet
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Algorithms

Heuristic Degradation Estimation@): Real-ESRGAN: Training Real World Blind Super-Resolution with Pure Synthetic Data (2021, ICCVW)

s SR3+: Real-ESRGAN & Diffusion
«  Real-ESRGANZ2| Second Order Degradation= Diffusion® 2(SR3)0f| ME}S M= 2 1M [10]

First degradation pass Second degradation pass

Blur }-—»{ Rasite H JPEG H Blur ]—»[ Ruckze ]—»[ JPEG + Sinc ]—»[ Easice 10 4x]

Noise-Conditioning Augmentation

[ Up-sample ]—»( Additive Noise J_>!f ’ ’

P

[9] Sahak, H., Watson, D., Saharia, C., & Fleet, D. (2023). Denoising Diffusion Probabilistic Models for Robust Image Super-Resolution in the Wild. arXiv preprint arXiv:2302.07864.
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Conclusion

Condlusion

% Conclusion
«  Super Resolution: LRO|O|X| & HRE =&St= Task
- Blind Super Resolution: SRO|A{ (LRO|O|X|, HRO|DO|X]) Pair’} ==Fe I, 20X O = [RO|

OX|E =got= LdEE

>  HLLHGAN: &t&5= Sl Degradatlo n2 =3
>  KemelGAN: StLI2| O|0|X| 22 28510 |
>  BSRGAN: Degradation SpaceS 2%}
>  Real-ESRGAN: Degradation= N &

Image-specific Degradation2 7

ofil, CiYet =AM 2 HE
_I

aw| Lol
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