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Motivation

« Super Resolution (SR) O| Zt?
- Low Resolution (LR) @42 High Resolution (HR) &2 £ Halol= 7=
= 1ll-posed problem
— Multiple solutions for LR input

L Eold 7|utol e wrH S Sof BT el 45 g

o
- SRCNN[1], VDSR[2], SRResNet I} SRGAN[3], EDSR [4], RCAN [5], ESRGAN [6]...

Image Resizing
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High-resolution image

(HR)
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Motivation

LBt YO G2 2R

= — LTT
- PSNR-oriented SR
- CHEX QI & W71 X|HE 2l PSNR (Peak Signal-to-Noise Ratio) =X| & =0|7| #|2t =&

- Pixel-wise Loss Function (ex) L1, L2 function) = AIEdlf SR 23 G410t HR E4F AlO|2
0|2 FO|E2 Y EYT sta

- SRCNN, VDSR, EDSR, RCAN...
- 38 =2 PSNR A Z2 2N o=

- Bt blur artifact W DOt &2 S 02 Z

= |
Generator

LR

0

Loss

SR
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Motivation
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- Perceptual-Oriented SR
- PSNR-Oriented SRS| THEE S| ZSt7| {5l Peceptual loss [7] 2f GAN AFE

< Perceptual loss : SR @& 1F HR B4 2 pre-trained =l VGG U ERA0 H = =
A0S X0] & E0|EE HERYA s
- SRGAN, ESRGAN, EnhanceNet...
-HE =2 XA ds, 22 blur artifact
-EHE AR ol = A noise 2
:
|
= B
Generator :
|
LR : Loss
I Function
|
|
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Motivation

« Real-WorldH| A2 M &
. QHIN O 2 SHA [ 0| E{ Al OtE = gi e

- Bicubic interpolation = downscaling A| AF&

Bicubic
Interpolation

HR

- Jd2{Lt A Real-WorldOf| A 2] &2 HR E4

= 0| ot

=

LR

0| A Bicubic interpolation 2 2 downscaling
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Motivation

« Real-WorldOl| A 2| M & (scaling factor x4)
- YEHE Ol SHEH|O|E{ ! 2 2 Pre-Trained RCANO|| &8
L " o) 2 =3 YA 9| quality X}O]
HR

-HR ¥&2 downscalingot= 2 H
=o ML 2L

= 9|9| Real-World A0 =2 H&
Lanczos

= = Sk
S| g HEHLZE @2

Bilinear

PNSR : 24.2668

VIS

PNSR : 24.2644

PNSR : 24.1343

PNSR : 20.2726
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Motivation

» Real-WorldOl| M 2 & (scaling factor x4)
- UHtN O] 5| O| B Al © 2 Pre-Trained RCANO| A&
= UWEO 2 =3 49| quality AHO| —
HR

-HR ¥&2 downscalingot= 2 H
Bt o 2= 9|9 Real-World &0 =2 & =7t

= = =L AC
_7|T:9| O_II-EOI:I— — O—
Bicubic

Bilinear

Lanczos

Nearest

PNSR : 29.5267

PNSR : 28.7693 PNSR : 29.5592
-

VIS

PNSR : 25.6983

R SE sk 8

SOGANG UNIVERSITY




Motivation

« Real-World|A{2| M & 0| & E[2{H?
- Real-World G&0|| Z|Ciot O S £ = =& O[O H A1 0| 22 (Blind-SR)

- HR G40{| A Bicubic interpolation 7|2t2| downsampling= &Sl LR &
Bole| = LR S0 Lol HIER/A 7t HE5| 0| S BHESHA| X o

- LR-HR pairZt 812 | (weakly or unsupervised learning) LS =+

- CtFot Downsamping & Degradatione BHE2 = = HERK A

|
Generator

LR

Loss
Function

|
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Motivation

 Ntire 2020 image challenges

- Real World Super-Resolution
- Samsung-SLSL-MSL -> Proposed Method 1
:= Track 1 2 2 Track 2 > 7} X| 2|
- Impressionism = Proposed Method 2
#:Track 1,2 > 18

Track 1

Image Processing Artifacts Clean High Quality Image

Track 2

Smartphone Image Clean High Quality Image

NTIRE 2020 image challenges

Perceptual Extreme Super-Resolution

Real World Super-Resolution - Track 1 Image Processing Artifacts|

Real World Super-Resolution - Track 2 Smartphone Images |

Team PSNRT  SSIMt  LPIPS| MOS]
I_mpressionism 24.67(15) 0.683(13) 0.232(] ) 2.195(])
Samsung‘SLSLMSL 25-59(12} 0.72‘?(9) 0.252(2) 2.425(3)
BOE-10T-AIBD 26714 0761 0280y, 24950,
KU-ISPL 2623 0747 03275 26950
InnoPeak-SR 2654(5) 0746(3) 0302{3) 2740{!:}
ITS425 27.0802 0779, 0325 2770
Team NIQE| BRISQUE, PIQE, NRQM? | PI| IQA-Rank| | MOR/
Impressionism 5.00(1) 24.4(1) 17.6(2) 6.50(1) 4.25(1) 3.958 1.54(1)
AITA-Noah-A 5631 3380 297 4235 | 5704 7720 | 3.04(
ITS425 8.951s) 52.501s) 88.61s) 3.08(15) | 7.9%01g) 14984 | 330,
AITA-Noah-B 8.18017) 50.1(1s) 88.007 323015 | 74707 13386 | 3.57(4
‘Webbzhou 7.88[15) 5]1(]5) 878[16) 3.27(14) 730(15] 12.612 444(5)
Samsung-SLSI-MSL 6.25(7)  37.3(5) 2605 431(p | 5.977) 6.662 | -
AT A 10
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Real Image Denoising - Track 1 rawRGB

Real Image Denoising - Track 2 sRGB

Image Deblurring - Track 1: on desktop

Image Deblurring - Track 2: on smartphone

Demoireing - Track 1 Single image

Demoireing - Track 2 Burst

Spectral Reconstruction from an RGB Image - Track 1 Clean
Spectral Reconstruction from an RGB Image - Track 2 Real World
NonHomogeneous Dehazing
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Proposed Method 1

» Real-World Super-Resolution using Generative Adversarial Networks

» Contribution 1

- Our generic SR model trained on the SRIGAIASCHECHCIAICUIDYIUITIDICIICSIAUAtONSE ccneralizes

well on the images with unknown degradation caused by image processing artifacts

» Contribution 2

- We design a iBilSISRIGRSCHbASCaIONNCRISISTeaNnODICED SIRNMASEIpAIS- ' same scale,

where the DSLR images are super resolved with our generic SR model. Fine-tuning our SR
model on this dataset improves the perceptual quality on mobile images.

- Contribution 3

- Our [GANEBESEENSIONN s capable of improving the perceptual quality and reducing the artifacts
of the estimated HR images.
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Proposed Method 1

» Network Architecture
+ Contribution 1,2 > &5 H|O[H{ Al BHE =
- Contribution3 > HESI I 24
- SRGAN, ESRGANZ2| Generator 7} OF-l RCANZ SR generator 2 AtE

Ouwr Super-Resclution Dataset

Contribution 1&2

Q AT hEha
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GAN trainng with Standard Discnmnaltor

Standard
— dscnminatorn - RealYake decision

. - .

GAN traiming with Relativisic Discrimmnator

.— m e bt ]
'_. p—— _..

Training

L oingeal

Contribution 3

/N
=

Inference
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Proposed Method 1

» Contribution 1

- CFY ot degradationO| Y EISHA & =l ob& H|O|H A = 4 d

LR 4 Noise Down HR €4 Blur Kernel

scaling

~ Challenge 0| A] X| S SF= Source Domain ¥4} (image processing artifacts) X

Target Domain B4 (Clean High Quality) & HR S& 2 =2 Aot |2| 4 MESI0
IR Y O=IAI- AH A—I

- Downscaling : Nearest Neighbor, Bilinear, Bicubic and Lanczos
- Blur Kernel : Gaussian blur kernel in range [0.2, 3] and kernel size 15 x 15

-8 : Gaussian noise in range [0,5] or Poisson in range [50, 150] or Gaussian-Poisson

-
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Proposed Method 1

» Contribution 2

SR
Generator

Modifed Original
(DSLR)  (IPhone 3GS)

\ ¢

LR

« XXt Track 2 Ol M K|St IPhone 3GSE
£ A =l Original dataS LR O 2 AL

« X}Z9| Modified (DSLR Enhancement [8] X&)

Y= pre-trained Zl SR generator— E0510
upscaling El FAHS MM = G FAS HR

— Originl o: PNy =] oM01| Aro

Track 2 M| &

-
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@ SOGANG UNIVERSITY \LA,PB



Proposed Method 1

» Contribution 3

- Related Work
- GAN (Super Resolution Generative Adversarial Networks)
;= SR @M= EHSI= Generator 2t real 21 X| fake @1 X| 7123} Discriminator2 7+
::Real=HR B&,z=LR 3¢

: Generator = 3 (Fake) =SR &3 &t

Generator

n ; Fake Discriminator o Fiba

—> Real

Real

-
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Proposed Method 1

 Contribution 3
- Related Work
- SRGAN (Super Resolution using Generative Adversarial Networks)

:‘= (enerator
B residual blocks

A

"k3n64s1  k3nB4s1 ' k3n64s1  k3n256s1 k9n3s1

k9n64s1

skip connection

:'= Discriminator

k3n128s2 k3n256s2 k3n512s2
k3n64s1 k3nb4s2 k3n128s1 k3n256s1 k3n512s1

I

Dense (1) |

“Dense (1024) |
RelU

i
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Proposed Method 1 Residual Block [RE) andual in mﬁidtl ?TE..;HWHHH”H]
e Contribution 3 ﬁHH@Hla(ﬁﬁﬁl | = .

HERCAN RBE w/o BN

- Related Work
- ESRGAN (Enhanced Super Resolution using Generative Advergafial Networks)

:'= Generator

.4&—»—».10*—1-
LR

:'= Discriminator

v With RaD, the discriminator estimates the probability that the given real data is more
realistic than fake data, on average. [9]

Real ¢ Reai More realistic
D(xr) = G(C() =1 Real? DRa(xr' xf) - G(C(.) - ]E[C(')]) =1 than fake (lutm_’
=g

D(x) = o) » 0 Fo  Dralryxy) = oD - ELc@DD - 0 Lo

a) Standard GAN b) Relativistic GAN

@ ietenm §
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Proposed Method 1

» Contribution 3

» Related Work " Channcl atteation | ' Conv @ Sigmoid
| function
- RCAN L-” E—(ID_-I 5— f‘&f ‘ EelU ® Epltﬂ'.tﬂrod;-;rjst
::20 72| RCAB (1702 RG &) Global (1 lement-wise
pooling SUm
22 5 10712l RGE 7
e Residual channel

- Residual group

' Conv 'Upscalc @ Element-wise
module S

attention block

______________________________________________________________

Long skip connection

| i - n A




Proposed Method 1

 Contribution 3
- Z709] GANS AI 380 HIE QA fusion
- Standard discriminator = & 22| H 0] real 22 fake QIX[ EHH > SRGAN ALE
- Relativistic discriminator = real G4 0| fake B4 E L} realistic 2HX| & EH'E > ESRGAN ALE
- Yeq + median of the pixel intensity values in Y channel

;: Y value 7F 2 22| image quality/| &= Ot ZIC}

- — R ) .
GAN training with Standard Discriminator i f‘ih!..?fd B ﬂySR + BySR If }/ﬂ'lﬂr.f { ‘T
aen— SR - i
— teter | Roatake docwen] | | yi, otherwise

| é
. =) Generator (RCANT) _..- , MW
| / S \

fen PSR | o | —
GAN training with Relativistic Discriminatar E
| \ RCAN2 (sherp / fused
— gf"gi"’mm ) | Realfake decision | ; — y S R

1 R
e ~ e — YsR

Training Inference

A THdha
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Experimental Results

* Track 1
- Bicubic SR : 7| Z2]| dataset
- Generic SR : M| 2tSH= dataset

. LPIPS [10]

_QAMOIQIX|A e T
O O —l - — o =

Table 1. PSNR (dB)/SSIM/LPIPS evaluation of different SR meth-

ods on the validation data of NTIRE 2020 RealSR challenge track SISAR " S : :
1, with scaling factor x4. The lower LPIPS, the better. ESRGAN (bicubic) PSNR-oriented RCAN
Method Training | PSNR(dB)/SSIM/LPIPS Figure 4. Qualitative comparisons of different SR algorithms on
ESRGAN [29] Bicubic SR 19.06/0.2424/0.7552 ) ; Y
PSNR-oriented RCAN | Generic SR | 27.36/0.7620/0.3680 the testing images of NTIRE 2020 RealSR challenge track 1, with
Ours Generic SR | 25.78/0.7119/0.2482 | scaling factor x4.
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Experimental Results

e Track 2
» Standard ESRGAN

- 7|Z 9| dataset2 2 &3t
ESRGAN

- ESRGAN-FS [11]

- Frequency Seperation=
M &%t ESRGAN

'

MR N AT s Yoy
By s, :,«,*"

G tnerstrasse \

Standard ESRGAN

.,‘v ~ 5 N S
71X

- DPED dataset A& ~ s __—
:': Mobile image - HR | GartﬂEl‘Stl‘asse

;' downsampling GANS =
LR O|OJX| ‘&g

ESRGAN-FS

ESRGAN-FS

-
R B THsha N VD
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Proposed Method 2

» Real-World Super-Resolution via Kernel Estimation and Noise Injection

» Contribution 1

- We propose a novel degradation framework RealSR under real-world setting, which provides realistic
images for super-resolution learning.

- Contribution 2
- By estimating the kernel and noise, we explore the specific degradation of blurry and noisy images.
- Contribution 3

- We demonstrate that the proposed RealSR achieves state-of-the-art results in terms of visual quality

Bizasa, s VDS



Proposed Method 2

» Network Archtecture
- Contribution 1,2 = &t H|O|H Al TtE = BFH

Constructing Data

Real-world Images

la.

Degradation Pool

 omg
k, n;

]
|

Degradation I
I LR D ] Ladvr
VGG g L per
G

Training Phase

R AT N
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Testing Phase
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Proposed Method 2

» Contribution
- Ntire Challenge2| G| O] E{ Al

- Z20{%! B O] E{ A2 LR-HR pair G O] Ef 10| OFL|7| 20 Z20 7! HALO| A pairS: & 435} 01O}
s,

Target Domain

Source Domain Target Domain

Track 1

Image Processing Artifacts Clean High Quality Image

Track 2

Smartphone Image Clean High Quality Image

A ik gd ] e VI"
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Proposed Method 2

 Contribution
- SISOl &= b
—%6H=HRLRmm
: LR : Source domain®| A 2| degradation H noise’t &=l LR

. O Ab .
;'+ HR : Target domain2| clean®t HR &4 Source Domain Target Domain

- Clean—up

| ol =5 =27] ?l5H
O|)\ o

X 1 bicubic downsampling 4
S R=2
-1 0O

Kernel Estimation
‘- noise = artifact Xl 21t Noise Extract

- Kernel Estimation / Noise Extract ﬂ Clean-UP I_
. o0

- Source domain F 22| degradationg T=

- Degradation pool

A 4 \ 4

- 0| Al =Tt degradatione HRO| B & Degradation
Pool

v Noise Injection

LR B HR &4

-
R AT Hha 25 vr
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Proposed Method 2

» Contribution

- Related Work etot K & g AUCHH LR SH0IM HR SE 22 Hesl=0 /&
- ZSSR (Zero-shot Super Resolution) [12] (CVPR 2018)

LR = HR *|K,

= Blind Super Resolution (SR)

Q3 LR GH O 2 YU O E bicubic downsampingE B0 OFl 2] 2] downsampling
7oz HdE Yo g EE tﬂﬂ&% SR ¥112|F
- Clarol SE Ol E R R 51K YN sjLiel U QNS J|Eoz 4

(a) SR under aliasing:

(b) SR under unknown non-ideal downscaling kernel:

Ground truth EDSR+ [12] ZSSR (ours) Ground truth EDSR+ [17] ZSSR (ours)
(PSNR /SSIM) (21.64/0.6641) (25.02/0.7658) (PSNR /SSIM) (24.44 7 0.7006) (27.62/0.8367)

A CHEa e vr >
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Proposed Method 2

» Contribution

- Related Work
- ZSSR (Zero-shot Super Resolution)
Ei. oI-A E-|| O| E.l M2 o J_LIE_E e} xl _A_Idownsamphng FDHZH_ OH ol E:I LR O:I)él- '('5|.|_|-E

Michaeli & Irani [13] 2| Kernel Estimation AF& (ICCV 2013)

F

o
f>

( a) Externally trained network (b) Internally trained network
(supervised SR) (An image-specific CNN)

Train on many HR-LR pairs Train on HR-LR pairs extracted from
the test image itself

1Ls Test image /

Test image / Test image /
m—.—» ? m—»—» ?
-

B azasa . VDS

Training

Testing




Blind-SR Kernel Estimation
[ The correct SR-kernel K < Maximizes patch similarity across scales of LR ]

Proposed Method 2 i

HR image

» Contribution

» Related Work

- Kernel GAN (NIPS 2019) [14] *
;s Downsamping 7|82 2 OFLY 7| |5l 1 Y ’
Kernel GAN Af% input image [#°K AN
:': Downscaling Generator = Linear network
v & 79| global minima £ EE MH35I0] &
;s Real 1t Fake 2| patch similarity 7} FAFSHA| =5 ot
D map
Discriminator m
D s
Downscaling o .
Generator Fake Real

R sazasa N vr‘s
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Proposed Method 2

» Contribution

» Kernel Estimation

- source domainl| F& 0| X|FIt= HE E downsampled Y& 0| FX|St=0H =&

- ool M2 YHL E StUEZ M Source Domain?| patch distribution= 7FX|= downsampled
a2 =8St= Generator (kernel) SHe
_ 27 |-9| %:I F I:él = kemel x E=1 |.O:| Degradatlon pOOloﬂ Algorithm 1 Realistic Degradation of our RealSR

i B
X7 Input: Real images set X', HR images set ), downsam-
o pling scale factor s
Qutput: Realistic paired images {I;r, Iy}

. 1: Initialize kernel pool K = ()
Source Domain | 0 Ae eI P

3: forall 1., .suchthatI.,. € X do
. Estimate k from I,.. by solving Eqn. 4
Addkto K
Crop n from I, .
if n meet Eqn. 7 then
Addnto NV

\ 4

4

5:

Real -
7

8

9

end if

10: end for

11: forall Iz g suchthatIgr € Vdo
12z Randomly selectk; € K. n; € N
13:  Generate I.p with k; and n;

14: end for

15: return {ILR:IHR}

-
4% ondha . vl"
6 SOGANG UNIVERSITY LAB
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Experimental Results

* Track 1

- Ablation Study
- Noise = Kernel Estimation |
- Kernel = Noise Injection XA

Bicubic GT EDSR ESRGAN ZSSR K-ZSSR Ours
»

ik .
- . VIS



Experimental Results
* Track 2

KU-ISPL BMIPL-iJNIST—YH-l BIGFEATI:IRE—CAMERA Samsung-SLSI-MSL Bicubic RRDB Pre-trained

q A% msha a1
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