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Background

« Image denoising

I':|2

- ImageOf| Al noise”7t 47| = &l 2l
|2

- R EE2 2E 0| B2, FHH| S high 1SO settingL 2 S0 Of TSHA &
"0 |

= 0212t high 1ISO&= noise = TIZSHA 28 3}0] noise 2127t 5=0
- Low 1SO2} long exposure= O| &M “noise free” image M2 7t
- Smartphone camera®| A| = applicable X, pairZ &17| X F7| = & &

iPhone, 1SO 100, Normal Light 5500K

H

Pixel, 1SO 1600, Normal Light 4400K

(a) Low-light noisy image  (b) Zoom-in region from (a)

(c) Mean image with (d) Our ground truth with
defective pixels defective pixels corrected
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Background

« Image denoising

- ImageOi| A noise”Zt 47| = & @l (not I1SO, physics-inspired)
-Gaing =8 A M7= noise@t ¥ = 2 camera sensor A K| 0| A A 7| = noise = =X}

- Shot noise 2|

- ADC(analog digital converter) 0| A imageE quantization=2 3
A0 M 1507t =2 42, banding noise(row-column noise) 7} 2t A4
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2 T noise”} &Y
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A2, signal dependent noise£ S 2L+
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Introduction

» Mobile image denoising

L

- DSLR photography 0| A £ longer exposure time2t lower 1SO setting= 0|2 +0{ image noise & &
- Mobile photography 0l A = camera sensor2| movement s3t 22 0| F2 &gk X
;= Higher 1SO level settingO| & Hr 2t 2 gt

- 2 ESH= mobile image dataset SIDD2| A< 10702 AL & HI 5719 Zt|2f A = 2F £ H
af o

~DND®| Z< 0f2f AL}2| Q0| ABS Shn K| 50712] 0fn| x| Bt 0] St 0f KX
.2 =20 HAFS 2 ChSH AR AlLt2| 20f X Etst [4 72 mobile image datasetS | Ot

- 0 7|0f| {8l DPreview test dataset= 20| M| 535} 0] datasetl| & £40| 7ts

- Android Neural Network APIZ Z-8 Al 714 7H5 3 B E deviceOll E5HA| A IHS 3t SplitterNet B &

SIDD MAI2021 MIDD

PSNR: 22.58, SSIM: 0.731 _
Ground Truth

y — \ o
QL
PSNR: 19.29, ssuw:,a m—] 0N

MIDD outdoor noisy clean pair image SIDD, MIDD Z 1} H| 1
g BTN VDS
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Dataset

« Dataset collection
- MAHE2| 2 H &= CHYst mobile camera sensorS AFE S0 CHFSH A|LIZ| 2 & &Y
- 207l 2| mobile camera sensor& O|&5}0{ 28+ & 2| noise image & + %
;= Camera2 APIE A8 3510 ISPE 22[510] RAW Bayer O|O| X[ & burst Z2E = £ A
- Dataset2| 2f 20%= <0l £ 60%= less ideal condition, 20% 2 OFZF S L2 R HO|| A &
- & 402 X (burst & 207 x 1000scene x 20sensor) 2 2 CHFSH ALY Q| &t

———

rg A

g A TSR MIDD dataset
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Dataset

» Sensor
- 12 dataset®| noise == CIAH 2 2|olf CHAD M| & YK sensorE AFE

- Sony, ISOCELL, OmniVision and Hynix2| mobile camera sensor At-&

- RGB Image Retrieval
- Captureﬁ._F RAW O|O|X| = Z|&
= CMOS sensor2| Bayer pattern demosaicing== 2+ RawPy = X 2|

$+9l ISP(LibRaw)E AHE 510 RGB formatS 2 B3t

Sensor Sensor Resolution Pixel Size  Year Sensor Type Phone

Sony IMX179 8 MP (3288x2512) 1.4 pm 2017 RGB Front Google Pixel 2
Sony IMX258 13 MP (4224 x3136) L12 pm 2015 RGB / Monochrome Main Essential Phone
Sony IMX268 8 MP (3840x2160) 1.12 pm 2016 RGB Front Essential Phone
Sony IMX351 16MP (4656 x3496) 1.0 pm 2018 RGB Main LG G7 ThinQ
Sony IMX362 12 MP (4000 3000) 1.4 pm 2017 RGB Main Google Pixel 2
Sony IMX476 20 MP (5184 x3888) 1.0 pm 2019 RGB Front Nokia 9
Sony IMX586 48 MP (8000 x6000) 0.8 um 2018 RGB / Quad Bayer Main Honor View 20
Sony IMX686 64 MP (9248 x6944) 0.8 ym 2019 RGB / Quad Bayer Main Realme X7 Pro
Sony IMX766 S50MP (8192 x 6144) 1.0 pm 2020 RGB / Quad Bayer Main Snapdragon Phone
ISOCELL 3J1 10 MP (3648x2736) 1.22 pm 2019 RGB Front Google Pixel 6
ISOCELL 2L4 12 MP (4032 3024) 1.4 pm 2019 RGB / Bayer Main Samsung Galaxy S10
ISOCELL 3P9 16 MP (4608 x3456) 1.0 pm 2018 RGB / Tetracell Front Oppo A92s
ISOCELL 3T2 20 MP (5184x3880) 0.80 wm 2020 RGB /Dual Tetrapixel  Front Redmi K30 Ultra
ISOCELL 3MS5 50 MP (8160x6144) 0.8 um 2021 RGB / Bayer Main Xiaomi Mi 9
ISOCELL GNI1 50 MP (8160x6144) 1.2 um 2020 RGB/Dual Tetrapixel =~ Main Google Pixel 6
ISOCELL HM3 108 MP (12000:<9000) 1.0 pm 2021 Nonapixel RGB Bayer ~Main  Samsung Galaxy S22 Ultra
OmniVision OV32A 32MP (6560 x5480) 0.8 um 2019 RGB Front Realme X7 Pro
OmniVision OV48B 48 MP (8000 6000) 0.8 um 2019 RGB / Quad Bayer Main Oppo A92s
OmniVision OV64B 64MP (9248 x 6944) 0.7 pm 2020 RGB Front Snapdragon Phone
Hynix SL846 8 MP (3264 x2448) 1.125 pm - RGB Front LG G7 ThinQ

R AW hda MIDD dataset Mt'()ﬂ A& E sensor VDS
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Method

« SplitterNet

=
o

;= Split operation2| 4

T

- SplitterNet architecture= smartphone NPU2} GPU2| mobile Al acceleratorg 112150 7H &

- Model complexityS Z 07| ?{3H tensorE T &7 =& (channel axis)St {0 convolution 214t X &
MAI2021 challengeO|Al E0E 2 M= &1

- Middle blockOf| A spatial, channel attention= AFE 50| &2 feature

|

o=
= oo
reT=

;= Encoding, decoding level 2t parallel middle block =&
- Decoding block= transposed convolution2 skip connection layer =24

:'+ Transposed convolution laver3| A channel number= = 11 spatial dimension<
I - Mid-Block

: Conv & Leaky Relu
& Split

: Concat & DCony
& Leaky Relu

Bk igd k- ik

simplified skip connections
SOGANG UNIVERSITY
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Result

» Quantitative Evaluation

- MIDD dataset2 = NAFNet, U-Net, ResNet18, NOAHTCV, Megvii 22 =1t 45 H|w
- NOAHTCV, Megvii network= MAI2021efficient image denoising challenge 0| A] winning solution
- NAFNet2| 4 < image denoising2t reconstruction tasksOfl Al £ baseline
- Runtime Exynos 2200 Mali GPUO]|A] 720x4802| dff & = O|O|X| M 2| A|Zt
- SplitterNet modelO| ResNet, U-Net model 2 Ct 3.5-6 times ttt-2 Z 1}
- NAFNet model 2| 42 mobile inferenceZ 57| 0| = L F FH XA CHE platformOf| Al =&
- SplitterNet architecture= NOAHTCVE} H| ==t latency& 7HAX|TF & =2 PSNR, SSIM

- Meqii2l H S [f= PSNR =X|= § SX|2F runtimeO| 2times 2 Z 1}
g

Model PSNR SSIM Runtime, ms

Identity Mapping ~ 30.88  0.673 - Model PSNR SSIM Runtime, ms

NAFNet [17] 37.27  0.869 - , .

ResNet 18 [15]  37.48  0.881 186.0 Identity Mapping ~ 30.86  0.672 -

U-Net [24] 37.87  0.883 95.0 Model (1) 37.50 0.877 17.5

Megvii [16] 38.05 0.884 56.8 Model (2) 37.85  0.883 -

NOAHTCV [16]  37.81  0.883 30.4 Model (3) 38.00 0.883 56.1

SplitterNet (ours) 37.92  0.884 27.7 SplitterNet 3793  0.882 27.7
Quantitative evaluation Z 1} Ablation study

A szutta VDS
6 SOGANG UNIVERSITY 10 e



Result

 Qualitative Evaluation
- Over-smoothing §10| sharpnessS {X|St= AUtE E0{&
- 2 = condition(CHf ot =& 2= 74) 0| Af model O] & =245
- I3t noisel| Y0l &2t810] & LBHH 25 denoising©
- S23 Ultra ISP2} SplitterNet 21t H| 1
- Qualitative 21} = S23 Ultra ISPE X 2| ot 21t} H| !

PSNR: 29.47 dB PSNR: 29.47 dB PSNR: 29.13 dB PSNR: 29.58 dB
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PSNR: 28.66 dB PSNR: 30.19 dB PSNR: 28.94 dB
|
PSNR: 43.41 dB PSNR: 42.97 dB PSNR: 43.53 dB 1dB PSNR: 30.58 dB PSNR: 30.50 dB PSNR: 30.65 dB ) PSNR 30 91 dB
E
- . - “
o 1
I " - )
r
. - I”‘
| 4 .
1§

Qualitative evaluation Z1} S23 Ultra ISP Z1} H| 1t

PSNR: 28.70 dB Noisy Image Samsung ISP SplitterNet Prediction
s . £ =

-
|
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Result

* Runtime Evaluation
- Real-world conditionOf| A 2 Sli{ A& = imageOH CHSF SplitterNet model runtime 2 1}
- High-end mobile SoCO{| Al &2 runtime Z1t
- & & mobile SoCO{| A] 8MP(4000 x 2000) photoS A 2|St=0| 125 0|2t
- Snapdragon8 Gen 3/ 2, Dimensity 9000 NPUOJ| A 2 &2 H{ =&t [} HD-resolution image®i| A real-time
;= Over 30 FPS, video data denoising 7I&

Mobile Chipset Accelerator 720480 HD FullHD 4MP SMP

ms ms ms ms ms
Qualcomm Snapdragon 8 Gen 3 GPU (Adreno 750) 19 43 01 159 336
Qualcomm Snapdragon 8 Gen 2 GPU (Adreno 740) 21 49 110 195 426
Qualcomm Snapdragon 8 Gen 1 GPU (Adreno 730) 45 100 219 369 869
Qualcomm Snapdragon 888 GPU (Adreno 660) 37 o7 220 395 910
MediaTek Dimensity 9300 GPU (Immortalis-G720 MC12) 24 50 103 178 357
MediaTek Dimensity 9200 GPU (Immortalis-G715 MC11) 27 72 130 216 409
MediaTek Dimensity 9000 GPU (Mali-G710 MC10) 32 71 160 271 578
Samsung Exynos 2200 GPU (Xclipse 920) 28 66 144 261 542
Samsung Exynos 2100 GPU (Mali-G78 MFP14) 36 86 171 311 642
Google Tensor G2 GPU (Mali-G710 MP7) 75 133 240 374 751
Google Tensor Gl GPU (Mali-G78 MP20) 50 04 172 306 652
Qualcomm Snapdragon 8 Gen 3 NPU (Hexagon HTP Gen 3) 7.3 20 48 110 257
Qualcomm Snapdragon 8 Gen 2 NPU (Hexagon HTP Gen 2) 9 24 60 140 310
Qualcomm Snapdragon 8 Gen 1 NPU (Hexagon HTP Gen 1) 20 52 121 249 368
MediaTek Dimensity 9300 NPU (APU 790) 7.7 22 51 99 0O0OM
MediaTek Dimensity 9200 NPU (APU 690) 17 44 100 250 518
MediaTek Dimensity 9000 NPU (APU 590) 22 59 132 191 396

R AT Z} mobile chipset®f| Al runtime Z1} VDS
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Result

» Cross-Dataset Evaluation
- MIDD dataset= real world imageOf| A| noise& A HE M t5 = model2| high robustnessO| = &

- MIDD dataset0]] 2 2= &S 7| CHE datasetO| test off = Z1t 7| = SIDD 212 L =2 =X
- Target datasetOfl CH®F F=7+A QI fine-tuning= X $t Z1t MIDD7t 7HE £E2 d52 E0E

o 0
I'Jo

— oo
- Model generalizationS E7+5H7| 218l 19 camera sensor dataZ &S St =2 SLER test
2 @ 2 FO| identity score, SF0| SliiF A H|O[H Aut=2 L7t & B A2 HOE
Tested on Sensor PSNR/SSIM  1d PSNR/SSIM
Trained on SIDD | MAI2021 | MIDD || DPreview 0OV48B 3873/0912  32.59/0.722
SIDD [0] | 36.77 | 3600 | 34.03 | 21.13 OV64B 37.97/0880  30.64/0.660
: OV32A 3932/0.900  32.57/0.730
MAI2021 [16] | 34.85 37.07 34.69 20.55 IMX179 3526/0.792  26.23/0.522
MIDD 35.12 37.23 37.92 21.75 IMX258 40.12/0.947  33.57/0.772
- IMX268 4022/0913  31.66/0.674
| Identity | 23.66 | 31.94 | 30.88 || 16.00 IMX351 3492/0863  28.07/0.568
. IMX362 33.67/0.805  25.58/0.472
Cross dataset evaluation IMX476 39.02/0.900  37.15/0.867
. IMX586 36.32/0.900  31.78/0.740
. Fine-tuned and Tested on IMX686 36.31/0.838  28.00/0.575
Trained on | SIDD | MAI2021 | MIDD IMX766 3936/0.922  31.93/0.687
ISOCELL 3M5 31.63/0.792  25.37/0.481
SIDD 36.77 37.25 37.90 ISOCELL GN1 3641/0.817  29.62/0.601
MAI2021 37.98 37.07 37.35 ISOCELL3J1  41.83/0912  36.56/0.795
ISOCELL 2L4 37.37/0.899  30.41/0.683
MIDD 38.79 37.62 37.92 ISOCELL3P9  3966/0949  34.89/0.830
Identity 23.66 31.94 30.88 | S5KHM3 37.98/0912  32.11/0.761
. . SSK3T2 37.52/0.854  31.11/0.693
Cross dataset evaluation(finetune) Hynix SL846  37.95/0.844  29.26/0.592

ﬂ B THED
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Cheng, Jun, Dong Liang, and Shan Tan. "Transfer CLIP for Generalizable Image
Denoising.” CVPR 2024,
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Introduction
» OOD(out of distribution)

- Y4Z3}= supervised denoiser< training datasetOl overfit, OOD noise LE2t0| A H&5 EO{ 2

loNeo— _
- Unsupervised, self-supervised denoising method= &St 20| AR 22 H

SHX| 2 M& KHX| 7t supervised £ CH £ X| 25110 =7} noisy dataset =8 0| AKX O Z =
| A= CLIP ResNet image encoder?t £7 scale feature mapOf| A noise M2t

o O =

N
or

- =

— = —

—- CLIP ResNet encoder2| distortion-invariant2t content related property S -2 510 L BtS5|El denoiser 73
- RobustnessZ 7H M 17| 2|3l progressive feature augmentation strategy | €t

—

- Denoising &£ 00| A &2 2 CLIPZ AHE 50 syntactic noise2 CHASH real noise K| 747t 7t

Training Inference

v/ v
° ® ‘ °
o %, Deployment : o B
® o0 ¢ e®
® e o [0} e
® .: ® @ (=) /\> . & ) [
s e ° o
D ) = ®
e, X
" oo
In-distribution samples ”

@® Out-of-distribution samples

OOD detection Out of distribution Of| A|
ﬂ B TUdED

| VDS I
SOGANG UNIVERSITY 15 LAB



Method

» Analyzing Features of CLIP Image Encoder
- Distortion-invariant property

H w i
- CLIP ResNet image encoder= Fi € Rzl *217%* ¢, i € {2, ...5} 570 2| multi-scale featureS AtZ

- O| feature= 2| robustnessE & 7}517| 2138l clean image 1.2+ & X|5H= Gaussian noisy image I,, 2
- Frozen ResNet2 S1t5H0] ELQF EF AHO|Of| cosine similarityS Al 4

- RN502 C+Fst corruption level | Al &S 471 2| feature 7| similarity7} &2 S 20l
o
— A =/ L

—
=)
1
oy
=]
1

= std=0.] =de= std=0.4

‘g e std=0.2 == std=0.5
= 087 e 51403
g 05 -
2 064 \\\x—-—x
g
3 o}
) : 3 0.4
e ) — 3 1 1 1 1 1 0'0 1 1 1 |
st O'% st 0'2‘ . i scalel scale? scale3 scaled4 scale5 scalel scale2 scale3  scaled
(a) Lena corrupted by different levels of ¢.2.d. Gaussian noise (a) Supervised RN50 (b) Supervised Restormer
1.0 5 1.0 ResNet(no CLIP), Restormer similarity H| u
? 1.0 4
= 0.8 4
= 0.8 =
£ Z 08 -
. ” . 0.6 . " " E
B= 0.6 - std=0.1 std=0.4 ‘ RN50 RN50x16 - 0.6 o T 01 == sd=04 == RNSO =M= RN50x16
& = std=0.2 =d= std=0.5 == RNI10] === RN50x64 g 0 o w02 == sid=05 | 96 | = RNIOI == RNSO0x64
O —= std=03 0.4 == RN50x4 e 51d=0.3 k—n— RN50x4
K 0.4 5 T T T T T T T T T
I I I 1 1 I I I 1 1 scalel scale2 scale3 scale4 scaleS scalel scale2 scale3 scale4 scaled
scalel scale2 scale3 scale4 scale5 scalel scale2 scale3 scale4 scale5 (a) RN50 (b) std=0.1

SOGANG UNIVERSITY 16

LAB

g 447 tu 8k CLIP ResNet encoder feature map similarity CKAssimilarity Z 2t | VDS



Method

 Analyzing Features of CLIP Image Encoder

- Content-related property
- C}& noisy image I, (m € {1, --~,M})01|A1 RN502 S1tot CHE AH L featureS t-SNE O 2 Q1H| G
-0 M HOI Tl FrOl M= CHE A Y i, CHE noise levelOf| A B=HS| 22|l = A2 YA
- Building a Generalizable Denoiser
- Encoder F* (i € {1,2,3})0] decoder up-sampling feature 2t =& 1H°3 0| A concatenated
- Learnable decoder= encode2} & L} A convolution 7| 2H(Conv-ReLU-Conv-ReLU sequence 2 T4)
- I,2 image detail 2 7}X| 1 QO] =7FE S = decoderdi| A concatenated

[ Decoder
ol b 2 |
7, —Ls| CLIP Image LE_F pecoder 7,
’ Encoder leveld-2
scaled '%_E{é.—;é; "ﬁL_é;}ﬁ.;ﬁe__é”c};{c’a}";’bp&ample :
iml"""""""""""""m"_D—e_ééaéf_lgx?él_zi_i__}
® =
T2 i
. ’ ol o Fe :
'3 !
: . "TE @ =20
000,06 i 2 2 e
[ ] :F4 o 0o -0 F.
scalel scale2 scale3 scaled ! ol -1 8 & J4C Zlc™
' S 15 15 S .
®v)e=02 i 4 <o) L <) & J o
OolHICl Concat —» Upsample
R P i '} t-SNE 4 H|S Z} © psamp VDS

SOGANGUNWERsm 17 CLIPdenosing model T+Z& e 7



Experiments

» Experimental Settings

- Synthetic noise

- AWGN (additive white gaussian noise) ¢ = 15 2 &350 train2t Of| A AFE (in-distribution noise)

;' CBSD432 dataset= train2 [l AH& (online fashion)
- 57l & F 2| synthetic OOD noise Z inference X! &4
;' Kodak24, McMaster, CBSD68, Urban100 dataset= test set2 = A&
= AWGN(additive white gaussian noise) o € {25,50}
:'= Spatial Gaussian noise o € {45,50, 55}
;= Poisson noise a € {2.5, 3, 3.5}
;' Speckle noise a2 € {0.02,0.03,0.04}
;= Salt&Pepper noise d € {0.012,0.016,0.02}
- Real-world sRGB noise
- DIV2K dataset= Poisson-Gaussian noise fixed level o, = 0.04,0, = 0.03 £ train T/
;= Training, testing AFO|Of| distribution gap 2 Z raw domain0i| A| noise generate
- SIDD validation dataset, PolyU, CC dataset= test set2 = Al-&

g S TSR .

SOGANG UNIVERSITY



Experiments

» Experimental Settings

- Synthetic Noise Removal
- A5} 7H5 St denoising 24! @1 MaskDenoising, DIL, HAT &A1t H| 1w A3 Tl el
x I\/IaskDenoising% officially trained model AFHE, DIL HAT+= o € {5,10,15,20},0 € {0,25} 2 22 &t
: DNCNN, Restormer(multiple noise level 12y X 2&)2 ¢ = 152 &H TH
- CLIPDenoising: in-distribution performance?} =2 ™Al OOD noise®| = robustnesset 2 1t
ZA1

- Restormer 7t in-distribution performanceZt = 7|+ S X| 2t O] = train datasetOl overfittina 2 1t

Noise Tvpes Datasets DnCNN [62]  Restormer [60)]  MaskDenoising [0] HAT [55] DIL [32] Ours
CBSD68 _ 19.84/0.363 19.02/0.365 30.68/0.432 30050441 264300717 26.69/0.731
Gauss McMaster  20.18/0.312  20.47/0.312 20.63/0.379 20.79/0.364  26.61/0.669  27.43/0.727
o =50 Kodak24  19.78/0.301 20.12/0.321 20.72/0.368 21.04/0.390  27.46/0.736  27.39/0.723
Urbanl00  19.62/0.420 19.36/0.437 20.51/0.485 20.80/0.492  25.89/0.768  26.27/0.769
CBSD68 _ 25901/0.699  23.51/0.595 36.72/0.762 76300713 24.61/0.630  27.60/0.797
Spatial Gauss  McMaster  26.18/0.649  24.01/0.539 26.89/0.709 26.62/0.665 24.82/0.574  28.310.775
o =55 Kodak24  25.98/0.653 22.99/0.533 27.28/0.745 26.40/0.671  24.56/0.572  28.29/0.786
Urbanl00  2555/0.727  24.13/0.660 26.10/0.788 26480742 24.80/0.673  27.68/0.822
CBSD6S  24.37/0.627  22.20/0.559 34.34/0.638 26.61/0.733  27.64/0.819  27.67/0.818
Poisson McMaster  25.50/0.651 21.93/0.579 25.17/0.590 27.54/0.723  28.91/0.825 28.81/0.820
o =3.5 Kodak24  24.49/0.560  22.55/0.517 24.30/0.572 27.1000.695  28.60/0.821  28.66/0.813
Urbanl00  23.57/0.649  21.08/0.584 23.90/0.669 259500746  27.12/0.854  27.15/0.838
CBSD68  26.53/0.746  23.59/0.679 29.74/0.843 2755/0.782  29.45/0.822  29.81/0.844
Salt&Pepper  McMaster  25.72/0.691 23.05/0.640 29.28/0.773 26.62/0.727  29.28/0.773  29.79/0.807
d = 0.02 Kodak24  27.10/0.723 23.81/0.639 30.56/0.842 28.19/0.766  29.99/0.810  30.61/0.837
Urbanl00  25.61/0.777  23.51/0.734 28.43/0.861 26.88/0.792  29.21/0.841  29.40/0.869

ﬂ B THED
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Experiments

» Experimental Settings

- Synthetic Noise Removal
- DIL2} CLIPDenoising0| R Y &tA| ¢ = 50 gaussian noise M| 7 0| A robustnesset Z 1t
' CLIPDenoisingO| DILE B ML £ 575t= 24t
- CLIPDenoising= == typeO| OOD noise%| Al competitive performance

-+ CLIP ResNet encoder2]| distortion invariant property

Restormer MaskDenoising urs

Spatial Gauss o = 40 30.23/0.730 27.23/0.559 29.72/0.682 30.09/0.715 27.52/0.591 32.20/0.826

K 0 DnCNN Restormer cnoising Ours
Poissona = 2.5 31.43/0.806 27.17/0.605 30 09/0.773 32. 97 /0.857 32.58/0.890 33.37/0.893

@ N3 Icstormcr Illomng HAT Ours
S&Pd = 0.012 31.62/0.788 27.58/0.722 33.70/0.903 32.08/0.809 32.48/0.826 36.36/0.912

AT

. Synthetic noise qu%itative result H| 11
SOGANG UNIVERSITY




Experiments

» Experimental Settings

- Real-world SRGB Noise Removal
- MaskDenoising, DIL =5 CLIPDenoisingdt & & ot synthetic SRGB dataset2 £ = &
- Unsupervised denoising method ¢! CVF-SID, LUD-VAE2} 20| H|
:+ O] B A1 =2 trainingOl| A real-world noisy image’ 2 2 &t
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