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NTIRE 2021 Challenge

e New Trends in Image Restoration and Enhancement workshop and challenges
on image and video processing in conjunction with CVPR 2021
» Computer vision task (image restoration, enhancement, manipulation)
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- Image/video inpainting, deblurring, denoising, upsampling and super-resolution
- Image/video de-hazing, de-raining, de-snowing

- Image/video compression, enhancement

= Style transfer

- Image/video restoration, enhancement, manipulation

- Image/video semantic segmentation, depth estimation
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Background
- HDR /i E
- Dynamic range
- Ci{ B[ of Z[CHgfdF =~ Zko| H| &
T Fa A0l 87| HIE
- LDR (low dynamic range) : small dynamic range

- HDR (high dynamic range) : large dynamic range
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Background

HDR =& A2l 28-S
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Background

« HDR =& A+

Single-image HDR reconstruction
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- Ghost artifact7} & | X|
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Multi-image HDR reconstruction
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NTIRE 2021 Challenge on High Dynamic Range

Imaging
* Challenge
- HDR image enhancement task & CtF+& X HR] Of C| 44
- HDR imaging®| 0] [l 7|22 HESID A7 | = WS SHE S

-7t 2k, & H, ZR SHO|AM complex motionO| ZHH SH= challenging A|LH2[ 20
SHEH2 =

* Dataset
- 1500 training, 60 validation, 201 test H|O|EH £ -4

- Short, medium, long 't = #f= 7t%! 370 2| LDR O|0| X| =1} medium ‘== O|O| X|0f
SFA| alignedE! ground truth HDR image = T+

- Challenging®t & H=0| =&t &

- Moving light sources, brightness changes over time, high contrast skin tones, specular highlights
and bright, saturated colors &
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NTIRE 2021 Challenge on High Dynamic Range
Imaging

* Results
= Track 1 (single frame) Track 2 (multiple frame)

Track 1 Track 2
34 40
BOE-IOT-AIBD
L ]
33 A NOAHTCV 39 4
°
) o
i) =)
- XPixel =
g l g
u un
2 5, L & 38
CET CVLab
CVRG
31 @ 37
33 34 35 36 ' ' ' 37 ' ' ' 38
PSNR-1 (dB) PSNR-J (dB)

g ST TN dha . Vro‘

. v
SOGANG UNIVERSITY LAB



NTIRE 2021 Challenge on High Dynamic Range

Imaging
* Results
%0- Track 1 and 2
395
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Multiple frame

Single frame

34 7 BOE-IOT-AIBD

1 NOAHTCV
33 4 -

i ® XPixel
32 ®

1 CET CVLab
31 ] oCVRG

33 34 35 36 37 38
PSNR-w (dB)

PR svmsta 10 A
@ SOGANG UNIVERSITY LAB



NTIRE 2021 Challenge on High Dynamic Range
Imaging

* Results
Team Username PSNR-p PSNR Runtime (s) GPU Ensemble
NOAHTCV noahtcv 34.804 (1)  32.867 9 61.52 (5 Tesla P100  Aflips, transpose
XPixel Xy_Chen 34.736 5y 32.285(3  0.53 (3  RTX2080Ti -
BOE-IOT-AIBD  chenguannan1981 34.414 (3, 33.490 4, 5.00 (4 Tesla V100 -
CET CVLab akhilkashok 33.874 4y  32.068 (4 0.20 () Tesla P100 flips, rotation
CVRG sharif_apu 32.778 5y  31.021 (5 1.10 (g GTX 1060 -
no processing - 25.266 5y  27.408 g - - -
< Results and rankings of methods submitted to the Track 1: Single frame HDR >
Team Username PSNR- 1 PSNR Runtime (s) GPU Ensemble
MegHDR liuzhen 37.527 1y 39.497 () 1.35 (3 RTX 2080 Ti flips, transpose
SuperArtifacts evelynchee 36.968 (o) 38.723 (o) 3.80 14y RTX 2080 Ti -
NOAHTCV noahtcv 36.452 3y 37.250 (3  1.26 (5  Tesla V100 -
e o . ) flips, rotation,
ZJu231 ZJu231 35.912 4y 36.900 (4 0.37 (1) RTX 2080 Ti %4 models
gﬁ’:ﬁgﬁﬁesemh AnointedKnight ~ 37.151 39.408 15.77 TeslaP40  flips, transpose
no processing - 25.266 (5 27.408 (5 - - -

< Results and rankings of methods submitted to the Track 2: Multiple frames HDR >
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* Liu, Yu-Lun, et al. "Single-image HDR reconstruction by learning to reverse the camera pipeline." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2020
** Yan, Qingsen, et al. "Attention-guided network for ghost-free high dynamic range imaging." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.2019.

NTIRE 2021 Challenge on High Dynamic Range

Imaging
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* Yan, Qingsen, et al. "Attention-guided network for ghost-free high dynamic range imaging." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.2019.
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1) Attention-guided Network
for Ghost-free High Dynamic Range Imaging”

* Overview of the AHDRNet Architecture

- Attention network2} Attention networkOl| A L}-=2 featuresE 2 2 St= Merging
network= T8

= Attention network
-2tZto| LDR B0 EH =&
- Reference & &1} non-reference B&F AFO| 0| A{ attention map= T=
- Attention map= non-reference & 1t pixel wise &= & Ol non-reference &2 HR §f
II= MA

rir

‘ E o)
;= A M| =l non-reference feature2t reference feature & 2 2}

- Merging network
- 2 & featureE O|&50{ HDRTH

- M| 2=l block Q! Dilated residual dense block(DRDB)E 0|25} & 2 =l HDR &4 9|
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* Yan, Qingsen, et al. "Attention-guided network for ghost-free high dynamic range imaging." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2019

1) Attention-guided Network
for Ghost-free High Dynamic Range Imaging”
 Attention Network for Feature Extraction

- Reference G2 1t non-reference A 9| featureS LHO 2 B0

= [ attention map= =
S-dAl7|= network

- 271 2| feature= concat®t & == convolution= &0l 1 X 2 2| attention map2 =
T8

- 58S sigmoid 2 5101 0| T0| FRFX| 0~1A0[2] 22 53
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* Yan, Qingsen, et al. "Attention-guided network for ghost-free high dynamic range imaging." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.2019.

1) Attention-guided Network
for Ghost-free High Dynamic Range Imaging”

* Merging Network for HDR Image Estimation

- Dilated convolutione O| &%} block?! DRDBE &9 =
- Dilated rate7} 292! 3*3 HE 2 971 Q| Lt2t0|EH{ E AFESIHA 5+5 7 211 5 LTH A|OFE

A =
- ZE LHEOf| zero padding= =75t receptive fieldsE =2|= &2
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Ranking 1 of Track 2 : MegHDR

» Zhen Liu et al., “ADNet: Attention-guided Deformable Convolutional Networks
for High Dynamic Range Imaging”

- Noise-free, ghost-free, hallucinating more accurate contents in over saturated areas

» How to handle saturation and noise
- Spatial attention 2= X|f Ef
:: LDR O|O|X| QM 7}E HEot 92 HSE o2 ME]

- How to tackle misalignment caused by object motion or camera jittering

- 24 0F 274 &l O|0|X| =2 feature level | A| Pyramid, Cascading and Deformable (PCD)
alignment 2 =2 =

;+ LDR O|0|X| =1 Z0F E8 =l O|0| X| =& dual branch®2 ZZ} X |

- &, Spatial attention £ == LDR O|0|X| =& X 2|S}L PCD alignment 2= 2 £ 0}
HEE O[OIX|&= NE
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Ranking 1 of Track 2 : MegHDR

» Zhen Liu et al., “ADNet: Attention-guided Deformable Convolutional Networks
for High Dynamic Range Imaging”

- Gamma correction X &

- 1) Non-linear®t LDR O|O|X| =& linear space= 'H 2t
- 2) Gamma corrections 53| 2= LDR O|0|X| =2 HDR domain0f| P& —
o

- Gamma correction=> O|O|X| & & 2|7} =2 & ClAISt= 41t 4§ 742 domain &2
UWHAIF &

I,‘,;: : ) 121?2,3

- 1; : 3 LDR images (i = 1,2,3), t; : exposure time, y : gamma correction parameter (2.2), I; :
gamma corrected images

= fAL),P(1,);0)

- Spatial attention module AO%{|A|= LDR O|O|X| ==, PCD alignment module PO A= ZOF
23 00X == 44 Me[ste M ++-d &l HDR O|0|X| & 49

g
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Ranking 1 of Track 2 : MegHDR

» Zhen Liu et al., “ADNet: Attention-guided Deformable Convolutional Networks
for High Dynamic Range Imaging”

- Pyramid, Cascading and Deformable (PCD) alignment 2=
- 40 B E O[D0[X| S & EEAZ]7] /=
- Feature levelO| Al H & =3

- Convolution= AHE S0 pyramid featureE =0+, Zt feature2| scaleO| CHSH reference
feature 2} deformable alignment& T
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Ranking 1 of Track 2 : MegHDR

» Zhen Liu et al., “ADNet: Attention-guided Deformable Convolutional Networks
for High Dynamic Range Imaging”
- Pyramid, Cascading and Deformable (PCD) alignment 2=
- Deformable convolution
7|1 E CNN2 L E HE BYH M featureE &
v3*3 conv filterE A& SFHH 3*3 receptive fieldO| A Bt feature ==

- D™ El receptive field | A Bt feature S FE 5= Z10| OtL| 2}, & O flexible Tt
A0 M featureS F= )= HitH
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Ranking 1 of Track 2 : MegHDR

» Zhen Liu et al., “ADNet: Attention-guided Deformable Convolutional Networks
for High Dynamic Range Imaging”

- Pyramid, Cascading and Deformable (PCD) alignment 2=

- Deformable convolution
Otz O &2 S3l, object scaleO| L2} receptive field7} CHE A2 =Holgt = QU
%

;- BHHO|, 7| & convolution= object scalet 2t A| 10| 078 =l A A 0| A Bt feature

I 2 J.;@JT

(a) standard convolution (b) deformable convolution
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Ranking 1 of Track 2 : MegHDR

» Zhen Liu et al., “ADNet: Attention-guided Deformable Convolutional Networks
for High Dynamic Range Imaging”

- Spatial attention 2=, fusion subnet
- AHDRNet 7 & 28

PCD Ahgn
Module
Gamma-corrected images ) fl fz f3
Concat
4 A fst

S04

g! ﬂ ‘ ! Spatial Attention DRDBs Concat
Module
) 2 >lff ()
r ™\
Spatial Attention
Module : | 1 Local skip connection 1 Global skip connection
- o fi
L DR @ Element-wise addition 6 Convolution block
; S
(a) (d)
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Ranking 2 of Track 2 : SuperArtifacts

* Evelyn Y1 Lyn Chee et al., “Multi-Level Attention on Multi-Exposure Frames for
HDR Reconstruction”

3702l MZ CHE S E 0| M featureE X 2|t HetSt= CHERA| T2 H| ot
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;' Object detection = OFO| M 2F2 S| & B X|SHLH 7| KIS AFE =l T2 24|
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Conclusion

« Challenge®| 8%
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