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Outline

« Background
- What is low-light image enhancement and super-resolution?

- Why is low-light super-resolution needed?

« RELLISUR: A Real Low-Light Image Super-Resolution Dataset
- NeurIPS 2021

« LoLiSRFlow: Joint Single Image Low-light Enhancement and Super-resolution via Cross-
scale Transformer-based Conditional Flow

- ArXiv 2024
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Background

« What is low-light enhancement and super-resolution?

- Low-light enhancement
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Low Light Image

- Super-resolution
-XM2t& O|0|X| & 1ot& O|0X R Sl =& 0=

0

Super Resolution
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1) CAl, Yuanhao, et al. Retinexformer: One-stage retinex-based transformer for low-light image enhancement. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 12504-12513.

Background

* Why is low-light super-resolution needed?
L Elofd REo| BN g

- DaylightL} normal-lightti| A= HoX oz FEL|H 2HO| low-light 2HH 0| M= F 20
205t 24
= — =

- Low-light super-resolution

£33} 0| = 7§31, high-level vision 22 9| edge cased|
CH8E ZEAAM S SEARA|Z 2 Q)

AHeFY, of

O,

Low-light 22 0fl A| Object detection &2 AT O A|D

- Low-light super-resolution

- 7| Z0]| = low-light image enhancement2} super-resolution= B2 At

EE—II —'—OA-I EII A‘Ih 'c'>C'>|:AoI-§ 0|o|- end-to-end EE—IIQ %Rgol EH_IIZ_EDI
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« RELLISUR: A Real Low-Light Image Super-Resolution Dataset

= NeurlPS 2021
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Introduction

« Two degradations in digital images
- C|X| & O|O|X| 2] @2} (degradation)= O|O|X|2| 7tA|- 1t C|E| 2= Molle 4
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- i E A QI degradation 55
-Low-light
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- Low-resolution
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Introduction
« 7|F AR oHA

- Low-light enhancement (LLE)
- Brightness 222t OFL| 2t color distortion2} noise reductionS 11243} OF &t
- Super-resolution (SR)
-CHE & HR 0|0|X| & Et==3] blurring X downsampling®t synthetic LR O|O|X| 2 &t&
-0|= S Ao S5t noiselt blurring 52 & SHA| 23t
- Low-light super-resolution
-7|& LLERI SR2 S EAHC 2 2F510], 0|2 Qlot HH &40t 02 =& 2|7t &
;= 5, low-light super-resolution0| 8= A=l HO| Q%=

29| {Xt= O|24st X 2| 0| 3 E low-light super-resolution real dataset2| £ X2t

% =
29
: YHIE O 2 AFESH= synthetic dataset= A K| 244 2| degradation= BB SHK| gt
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Introduction
 Real Low-Light Image Super-Resolution (RELLISUR)

-2 =20 M= S22 Low Light Low Resolution (LLLR)Z Normal Light High

Resolution (NLHR) O|O|X| &2 2 1/ =l real dataset= K| Al
P
-12,000 Z{ 2| O[O| K| 4
-Ch¥st AL Q| ZHH DL degradation Z &t

-5.0t0 -3.0 EV low light images Corresponding X 1, X2, and X4 normal light images

RELLISUR dataset Of Al
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RELLISUR Dataset

 Collection method
- £ FH|
-Canon EOS 6D camera

g B

mm
[to
et oy

-Ct

09

MUY A HH xS
-S4, M2, HAKX & CHYSF contents?t degradation 2
- Low-light O| O] X| 44
~Exposure times AT O 2 M Jow-light A|LI2|2 75
-2 =F: from -5.0 EV to -3.0 EV
- Low-resolution O|O| X| 44
-7t 2+2| zoom lens2| focal lengthE B ASIO| MZ CHE & =0| O|O|X| & X HF
'« 34 = focal length: LR OID|X|% g

C)
f%%"ﬂ gnl_q% CHOSH S A E 2 £ S0 x 1, x 2, X 4 scale 7+
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RELLISUR Dataset

* Preprocessing
- Zooming | Al 2H i Sl= lens| £ (warping2} distortion) S external factors (wind
5)2| Fg¥= M A
-1. 32 2 out-of-focus & 2=l 0|0|X|E M| A
-2. Adobe Lightroom= &3l lens correction £/ (Chromatic aberration, lens distortion, ect.)

-3, 7tZHREE| 9] el =2 KM 7H3E7| 218 Normal Light High Resolution (NLHR) O| 0| X| &
center crop

~4.NLLR O|O|X|2} LLLR 0| 0| X| & NLHR 0| 0| X| 2} matching®}t”7| ¢8| MSACL 2
homography &8

-5.x 1 LLLR O|O0|X|@} x 1, x 2 NLLR O|0]X|& x 4 NLHR O|0O|X|0f 2% A CROP

o T
R"‘ e Preprocessing 2t VDS
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Experiments
- AR
LLEEf SR% Zotot MM AT Q7| HE20|, 2 =20 A= sequantial 221t

-Sequantial2 LLE2} SRS
C

XM o 2 TSI, joint= LLE 2 20l upscaling moduleS
TItStALE SR R -2 T

~LLLR O|O|X| & Q/2{© Z 20}, NLHR O|O|X|E =&

-MIRNetO]| upscaling module= 71510 sh5A|Z] B 0| 7t =2 PSNR/SSIM
~Human judgementS EF St LPIPSE ESRGANO| 7Y =2 & €4

Table 7: Simultaneous LLE and SR results for different approaches trained and tested on the

RELLISUR dataset.

Type Name ®2 wd

PSNR+ SSIMT LPIPS] PSNR{ S8SIMt+ LPIPS )

= MIRNet + DBPN [39, 46] 20.73 0.73 0.49 19.85 0.74 0.58

',-"3 MIRNet + ESRGAN [39, 27] 20.67 0.72 0.47 19.81 0.71 0.56

3. MEBLLEN + DBEPN [40, 46] 17.89 0.60 0.38 17.15 0.58 0.50

W MBLLEN + ESRGAN [40, 27] 17.74 0.56 0.40 17.03 0.50 0.52

E MIRNet [39] + Upscaling module  21.33 0.75 0.41 20.62 0.75 0.53

= ESRGAN [27] 17.67 0.68 0.35 17.2% (.66 0.39
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» LoLiSRFlow: Joint Single Image Low-light Enhancement and Super-

resolution via Cross-scale Transformer-based Conditional Flow

- ArXiv 2024
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Introduction
 Challenges in Low-Light and Low-Resolution Image Restoration

- 25 2E0 A CIX|E O|0|X|= low-light2t low-resolution degradation2 = Q15|
27T Xo} 2

-Low-light: &2 SNRE QI6f| O|= A S C|H & &4
- Low-resolution: S22t C|H[ & (e.g. HAE =)= &4

7| E AT B

- Low-light enhancement (LLE)2} super-resolution (SR)= S &2 H O 2 X 2|35}0]
sequantial St AH| &1 Z

- Sequantial 2 #1 9| tHA

s LLEO| A St noise2t artifact’7t SR MMEC = MEHE| O 2T F& ds X5t
s:zLLEsar SR= ME 42 X85t= &X|0|X[2F O|F 1 2{5tX| A=
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Introduction
e LoLiSRFlow

- Low-light enhancement (LLE)2} super-resolution (SR)= SFLt2| =2 ¥

SENo = Kz
=

| K| SH

- O

OtO|C| Of

- Color ratio map (CR MAP)

J.OI- Jl.[[ .\I
1o

ks

ZFN Y EO SENHQU =2 SEE S

- Transformer 7|8t Q1A
ol Eet g| BBt BB SN X3
-Normalizing flow

;' Reversible network layer = noise2t distortion= x| 22}gt

U szutta
S
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Preliminary
* Normalizing flow
TS B (e g A EE)E S HO|H 222 HES = 29| reversible
transformation

-x= latent spacel| z2 H2t5t= FHer ALY} 25 x 2 BH2t5t= Guber A0 HE
=4 80| 7t

Flow-based :
generative models: .. N Flow | | z — | "Verse oot
o . -1 X
minimize the negative f(x) f ' (2)

log-likelihood

Data space X' Latent space Z
Inference
=2

Genero:l;i on f", -
254 ‘

Normalizing flow 2}
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Preliminary

 Conditional normalizing flow

B2E
~low-light low-resolution O|O|X| x£ & = 2O}, normal-light high-resolution O| 0| X| y &
=3
_C}

El'A mapplngg Ol E'.:|_||- %Eﬁzi 7|-_Q_| %IF'('D"-

-z = Fy(y|x), z: latent variable, x: LLLR image, y: NLHR image, F: invertible flow model
-y = Fg ' (z|x)

- Pyx(y[x:0) = P.(Fo(y, x)) |det(Tr)|, Ha= X| 2t HE|E At
=P (vl 0)E ZEY
_ Lou(y,x;0) = —logPy < (y|x; 0)
= —logP,(Fy(y.x)) — log |det(JF)|.

P, 0l HE%2 NLL 242 ZOIX|H, 0
o||:||0|
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Preliminary
 Resolution- and illumination-invariant map

- 2= O|0|X| 17 =X S W], S =2F ZE0f| = Z A @l color ratio map= Al 4t

I
Sum(I)

- Training phaseOl| A| ZH B StA| data pair {x, y}= 41 &5}

- M| 7FX| EFE =F 9| exposure2| low-light low-resolution O| O] X| x2} normal-light high-
resolution O|O|X| y= /4

- Exposure0i| & 2t310] color ratio map2 EE &= A =0l

-CR(I) =

Color ratio map Ol A|
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Methodology
» LoLiSRFlow
.13 o|0|X| 17 FO{R S W), A EQF 0| S &2l color ratio map2 Al At
- & 7}X| main module2 T4
- Multi-resolution parallel transformer-based conditional encoder E

;= Low-light low resolution OIDIXI xS YH O Z 20} color ratio map2t O 21 scale2]
conditional feature map= & =

- Invertible normalizing flow network F

.= Normal-light high-resolution O| 0| X| y& latent encoding z = mapping

Multi-resolution Parallel Conditional Transformer

xxxxx

Invertible block Normalizing Flow Network

v+ depth-wise Conditional Conditional Affine ||
Upsample coupling laver injector 1% 1 conv Actnorm  —  Squeeze

” ABTHED LoLiSRFlow architecture VDS
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Methodology

« Multi-resolution parallel conditional encoder

- 7| & encoder= latent embedding= /5l one-to-one mapping= St&

5t
- %, low-light low-resolution & x& color ratio map2 £ mappingot= 2

- d2{Lt & A QI residual convolutional network 7|2t encoder+ high-frequency

MHEE 9110 MLt artifactS At

- [EFAM 2 HF0| A= multi-scale transformer 7|2 encoderE S8 Of
resolution®| featureS =%}

Multi-resolution Parallel Conditional Transformer

¥
2 EHH
Invertible block Normalizing Flow Network

+ depth-wise Conditional Conditional Affine § B
Upsample coupling layer injector 1¥ 1 conv Actnorm =~ Sgqueeze

~ LoLiSRFlow architecture
g ST
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Methodology

* Invertible normalizing flow network
- S 37} scaleQ] invertible block@ 2 T/ &[R4 11, 2} block 12 flow step= X & StHH

= 310

Z! flow step= 470 2| &2 flow layerg& &=
- Z} flow stepOtCt squeeze2t split HAH0| =3l
;' Squeezing operation: resolution= = 0|1 channel =8 =&
;' Split operation: channel ©=A{CH £ featureE EYHH A&

—7—.F flow block= actnorm layer, 1 x 1 invertible convolution, conditional coupling layer,
affine injector= -4

s Actnorm layer: Bt & HXLE St55H0] X 22 reversibledtA| S 2t

-+ 1 X 1 invertible convolution: reversible®t 1 x 1 convolution layer

;' Conditional coupling layer: Cl|O|E{ & Y& & 17dot HEJO|M LIHX|E Het
o %

;= Affine injector: conditional informationg 2 20| FsI0] HatS
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Methodology

» 0SS

oy

- Negative log-likelihood loss L, ;2 L, loss& &7 &
-Ly =l F;Y(z/x) — y I, z: latent image, y: normal-light high-resolution image

- Lau(y,x;0) = —log Py x(y|x; 6) , X: low-light low-resolution image
= —logP,(Fy(y,x)) — log |det(JF)|.

~Liotaqr = Ly +vL1, ¥y = 1.5

Multi-resolution Parallel Conditional Transformer 0 / . Local Window Self-ati

aaaaaaaa

x12
Tnvertible block Normalizing Flow N
A conv + depth-wise Conditional Con d lAiT " fau
conv + b+ relu III cOnv+ cony Upsample coupling layer tnorm ueeze

Training=| = loss

ﬂ 447 CH 8k

SOGANG UNIVERSITY 21

VDS

-
‘D
m



Experiment
 Dataset

- RELLISUR
 Data augmentation

- Random cropping, random rotation, random flip

- Low-light low-resolution O| O] X| Of| histogram equalization =24
- g2 &0
. 7}& =2 PSNR/SSIM E
ScaleMetrics| D-DBPNEDSR|PAN SRFBN|SwinlR|[RUAS— SwinlRIMIRNet|SR Former| HAT | Ours
o |PSNR[ 1870 [18.38[18.78] 18.42 [ 18.38 17.15 21.05 | 19.55 [20.21[23.40
SSIM | 0.682 |0.679(0.693 0.662 | 0.640 0.617 0.720 | 0.704 |0.719(0.753
4 |PSNR| 17.96 [17.69[18.10] 17.67 | 17.07 19.78 19.34 | 18.72 [19.75]21.58
SSIM | 0.674 |0.679(0.700| 0.665 | 0.663 0.662 0.704 | 0.705 [0.715/0.742
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Experiment

- 38 21t

CrE 8 EH L} LoLiSRFlow/t 817| & Ut =oA =O0|X| 2 HAM & noiseE
CISHX| =, GTR H|==ot 217} LIS
LA O] =& 20| M = texture detail 2 A 2| = A7 E=
RUAS—SwinIR MIRNet SRFormer
-,o._ c“ &;.5!. Input Zoomed RUAS—SwinIR MIRNet SRFormer
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