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Extreme low-light condition D = I 4+ Ngpot + Npco + Nyead + Nyow + Ny
Background
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Signal dependent noise Signal independent noise
* Low-light noise

- ImageOf| A noise”| <4 7| = & @l(signal dependent noise)
o

L
-
SIS B0 HL,

Signal dependent noise
7+ 2+ high ISO setting 2 2 H10f| o DIZtsHA £ g sjjofst /
s 0| 2{ %t high ISO= noise = 212 SHA| B2 810 noise A& 7F S 20| E/(CHE X 2 2 shot noise)
;= Exposure time= S2{A] S| 2 7tsSIL 20| QO™ B M plur B4

- CMOS sensor®| thermal effect2 215l noise”| 244 Camera analog gain

o A 2 2 dark current noise(Npe) Npo = k- Npp + N + Nposn
v Npp2| B fixed pattern noise. = sensor At M| 2| Z & noiseO| S S
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Extreme low-light condition ) = I 4+ Ngpot + Npc + Nyead + Nyow + Ny

Background e | .

Signal dependent noise Signal independent noise

* Low-light noise

- ImageOl| A| noise”| 4 7| = & Ql(signal independent noise)
- Sensorl| =0{ 2 = photon2 2 LM St= shot noise2t = = signal independent noise = = XH
- ADC(analog digital converter) 0| A| imageE quantizationg =2 S B A noise 7} &Y
-ESHNZE ZHO|M 1SOZF =2 8%, banding noise(row noise) /| ‘2
;'s CMOS sensor”| row by row= &2, 0 7|0 TIZSHA| Brg o A}
2 S AP RN = LIEFLID, B Y 39 A2 = 2™ A LIELZ | & g
- Y& =E=(ELD 5)% A= &AM A FDt dark current noiseZ signal independent noise ¥ =57 | = &

=
- LS 0|2 ISPE E0tE A2, camera ISP noise/} 224 SH7| = o

Fourier spectrum of the bias frame bias frame (SonyA782)
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Background

* RAW denoising

- RAW noise reduction2| 2
- RAW denoising: RAW domainOi| A1 2| noise Al = ISP O| ™ ':f7:||01|k| noise= Al| A ot= HH4
- ISPOJ| Al RAW | O|E{ noise/} U= HEN = S0 7IH 45|11 (entangle) S = (amplify) =
- I = 2™ (Pixel-independent) — S8 2F EH(Spatially-correlated) ‘= O| =2 H 3}
= Entangle: ISP2| Demosaicing 13 Of| Al 2l SH=6 M A7t 022 HEH 2 HHE
'« Amplify: ISP2| gamma correction, tone—mappm a0 A =0 U= noise’} FEEH

= 1
vEESHO|E B2, sharpeningd} 22 X 2| 22 o= Yol E &

Noisy sRGB W 6T sRGB

sRGB
Denoiser

Pixel-independent noise Spatially- cor'r‘elafed noise

Input Raw Input sRGB Output sRGB
| Plug -
R A% CH 15!.- T Image processing pipeline with noise
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Background

* Noise modeling

- RAW image2| 8% clean image2} noise”| independent®t ZAH & 7+&

- &, ISPE AKX X| 20FA pixeldt noise”t A 2 independent® 2t A|

=D =1+ Nyt + Npc + Nyegq + Nyoyw + Ny 2F 20| 1 F noise modelingO| 7H53HA| &
- 7| M D= noiseZt A= O|0| X[, 12| B noise?} = clean O|O|X| = 7HH

- RAW noise-clean GT pair G| O| Al | B X|Z0O| 7ICHECh= B EXY
- IEOH OO H =7t 253 M 450] =X iCh= E &

= Of2f 71_% Q9| HA H[O|H £ ot&5 ot ZUHE L} noise modeling= Sofl &5t 2L £3
vZE, M1t noise modeling2 Y 2% FoH0| 71 ZA HIO|HE Tt = A
29.42/0.519 39.60/0.956 41.18/0. 970 PSNR/SSIM
Noisy Noisy-GT &t& A1} Noise modeling & Z 1} GT
R AT VDS
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Cao, Yue, et al. "Physics-guided 1so-dependent sensor noise modeling for extreme

low-light photography." CVPR, 2023.
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Introduction

» Recent learning based image denoising method & noise modeling method

- Physics-based methods

- BT HHAE 2 photo2 digital signal 2 HEISH= IPHS HAR L EA X D H2S 43
- 0| HAl =2 O 2 BE2 Z=9| camera calibration O| O] E{ QI flat-field, bias frame= 2R = &
|

=
'« PMN 2 A O] B2 ZF SO settingOFCH 400 2| bias frame= HR2 2 2
- Learning-based methods
- clean O|O| X| 2} LT & &| = noise O|O| X| Zt0{| mapping2L = &M O = St&6t= 9h4]
SHA| 2 ol Al = 2| Z? S X physics-based statistical method 2L ‘d-50| O & &
2 91%| ot 7

e NOiSGFlOng 75'—?— normallzmg ﬂOWE A" O A

'« Starlight= noise= cleanO| {8l GAN2 2 ME noise”| entangled | O noise distribution &7 X

striping artifacts, color bias Sf

Method Category  Nshot Nrp NprLe Npcsn Nread  Nrow N, Learnability  ISO dependence
ELLE [29] Physics v v v v v v None Incomplete
ELD [31] Physics v S v v v v None Incomplete
SFRN [33] Physics 4 S S S S S 4 None Incomplete
PMN [Y] Physics v v v v None Incomplete

NoiseFlow [1] Learn v v v v Complete Incomplete
Startlight [25] Learn v v v v v v Incomplete Incomplete
Ours Learn v v v v v v v Complete Complete
7| & noise modeling =& T 2F H| 11
R AE U ) VDS
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Introduction

* Recent denoising dataset problem

- SIDD dataset
0| &35t noise imageE = StO{ M GTE ‘d7d

-5l HIO|H M2 IR filterE
ofX| 2t O| = B2, black level error noise, fixed-pattern noise’/| 1L 2 H =
- SID dataset
-1S0 setting= & | S Lt exposure time= 2 /| S O|O0|X| & noise, ZA| ¢t O|0|X|Z GTE ‘47
A=

' Long exposure reference 0| fixed-pattern noise/F 1L =
LLD dataset (XA} |t H[O|H 4, ELD, DND2} & &
- Noisy(short exposure, high ISO), clean(long exposure, low ISO) O| E A| G| O|H Al 2

| = denoising dataset (15 5 E{ SIDD, SID, ELD)

R 447 Tl 8k .
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Method

* Physics-guided Noise Model
- M Xt= L= 20| noise modeling= & D =1 + Ngpor + Npc + Nyogg + Nyow + N
= Shot noise (Ngpot)
- PhotonO| E0{Z [} 2| L2 = Qlf BIHE0X|= =224 0] LY
- MY ™ O 2 Poisson distribution2 £ & 2 &= StH system gain(analog, digital)0ll 2|8l control &

- Nshot ~ P(O; ,Bshot ’ I), Nshot € RHXW Ol D:I Bshot% ISOO” II|-E|' EEI-EPS

Fan

Training
.......... 5 5
grp —> . Inference
. Noise | Nprg(150) | Noise o §

Npre(ISO Layer » Layer Both

9B1,982 Loss
ISO . H—m—— (Cee g
, " O7IA appreimat (VL Loss )

x ol'-‘.’.j . . approximation
R M THE D 4l 2tSt noise modeling method VDS
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Method

* Physics-guided Noise Model

= Dark current noise (Np.)
- LightZ digital signal 2 H 2, photon0i| 2|8 T 77+ £HE, sensor0f| thermal effect® 218Y dark current
~ Thermal effect2| randomness 2} ISO dependence, spatial non-uniformity2 /15l 2 & & 5jjoft
~Npc =k - Npp + Nprg + Npesw
:'t Npp € RPXW = fixed pattern noise, k2t Np; = 252} 1SO settingOf| [ft2f M, H[MH O E At A

:  Training
v e—
. Inference
¢ e
: Both :

grp

Noise | Ngr.e(ISO) | Noise
| Layer

NgLe(ISO)

9gpB1:982

ISO

9o, = AR w133
: NLL Loss l
0 7| M approximation

H| 2t2t noise modeling method VDS
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Method

* Physics-guided Noise Model
- Read Noise and Row Noise (N;eq4, Nrow)
- Sensor &= IPHOf| A ™ X} £H= 9| 2 2H - 0f| A read noise/ H Y (device-dependent)

- CMOS sensor 8% row by row= E= BX} =3, CFHE row AFO] ADC2| randomnessZ row noise ‘&l

A

= Nreaa ~ N(0,0%04), Nrow ~ N(0,02,,), zero-mean Gaussian distribution= [[HS

:'t Nyogqg € RT*W, N,.p,, € R*1

ISO

ABTNE-D
SOGANG UNIVERSITY

|
i Training 1
P —
Jdrp FP BLE : Inference :
Noise | Ngr.e(ISO) | Noise : “ o
NBLE(ISO Layer > Layer BOtll :
Fl
gB1,982 Loss :
. H— @ el g "
o

z e ~NLCCToss )~

= . approximation
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Method

* Physics-guided Noise Model

- Quantization Noise, Heteroscedastic Gaussian Noise (N,

) NHG)

- ADCE signal= rawRGB O|0|X| = XM &5t7| 2[5t O &otE =alet

-Ng ~U(—1/2q, 1/2q), uniform distribution=

= Nshot» Nread FCt AT HxWE L2
= Nyg

Fan

Vany

2 AL 07| M g= X% 0]0|X| 2| bit numberdf| S &

ISO

NgLe(ISO)

gB]_ ’ 932

Noise
Layer

NgprLe(ISO) Noise

>

Layer

9o,

Training
Inference

Both
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MethOd D=1+ k-Npp +£VHG+Nrow+NBLE+N%

~"
Fixed-pattern Noise Random Noise

 Training strategy

- Noise source= 3 A 5 7Hi: fixed-pattern(time-invariant) noise, random(time-variant) noise
« k- Nep 82| G2 Nppi, Npesy Ol M == W2 R X7 75 e
- etM ofg P8 d S 2Iot0 = EHA 2 L OojM g T
:'+ 1) random noise modeling phase 2) fixed-pattern noise modeling phase
;= Random noise modelingO| & L™ freeze®t CHZ fixed-pattern noise modeling Tt

- Darkshading Correction Strategy: Npp, Ng = O|0| 18 0| &

-PMNI S YSHA - El L O|=E 2/ ¥l CHZ denoising(training, inference)= St= T 2F ALE

Mot
i
al

ot

AAAAAAAAAAA Training
Inference
—
I } Both
=t Loss
9o -, ... -y U = —
T ; NI Tos¢

Fixed pattern noise (phase2) Random noise (phase 1)

X+t noi i | |
g A THSED 4| 2tSt noise m1o;1ellng method VDS
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Experiments

* Implementation Details
- rawRGB image (R, Gr, B, Gb).Z packing= St 4 channel2 ot& 23

- 9rp 9B, 9B, gar% one-layer MLP T+94, Ng, ;(1S0)2| B setting dimensional learnable parameter -2

- Denoising Stage2| G ours, ours* & 702| 2117} Q=
- ours2| B 2 & clean image0ll 2= noise 28, ours* £ mini-batchE F 7| E LtFE M 5 TIH
- Darkshading correction strategy: (D — k - Npp — NBLE (150),1)

- Zero-mean noise strategy: (I + Nyg + Nyoyw + N

34, 62/0 777 34.34/0.766 40.43/0.959 33.71/0.769 34.14/0.780 34.11/0.745
P- ELLE ELD NoiseFlow CA-GAN Starlight

29.42/0.519 39.60/0.956 41.11/0.967 40.00/0.965 1 41.10/0.969 41.18/0.970 PSNR/SSIM
Noisy Image Paired Data SFRN PMN L __Ous — Ours"_ Reference
Qualitative evaluation 21}
R BTN VDS
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Experiments

» Comparison with State-of-the-Art
- Noise model2| G LLD dataset 7FX| 12 22l denoising TFHA| 25 SID data H network AHE
- Evaluation on Sony A7S2 Camera

- Learning-based method, physical 5 FA[St1 networ®l strategy TSt d5

Ster 3
- Physical model 112t starlight &% ISO dependence BLE noise A, classic modeling 2L 85 &
- Evaluation on Nikon D850 Camera

- Physics-based method2} H| 1 5} 0§ noise parameter calibration 213 = ‘4
- EESF PMN, SFRN 22 2 &= bias, flat field frame= Z L 2 of=0| offE A2 HQ QiCt= & H

. Physics-based Learning-based Real noise-based
Dataset | Ratio |Index -
P-G [10]| ELLE [29] |ELD [31]| NoiseFlow [ ]| CA-GAN [5] | Starlight [25]} Ours || Paired Data (SID) |SFRN [33]| PMN [9]! Ours I
100 PSNR| 39.03 40.09 41.95 38.89 38.66 40.47 1 42.10 42.06 4231 43.16 43.36 :
SSIM| 0.926 0.931 0.953 0.929 0.921 0.926 I 0.955 | 0.955 0.955 0.960 0.961 :
SID[6] | %250 PSNR| 35.57 36.13 39.44 35.80 35.30 36.25 39.76 N 39.60 40.18 40.92 41.02 :
SSIM| 0.861 0.863 0.931 0.867 0.846 0.858 1 0933 § 0.938 0.937 0.947 0.948 |
%300 PSNR| 32.26 3254 36.36 32.29 32.02 3299 | 36.76 36.85 36.97 37.77 37.80 :
SSIM| 0.781 0.782 0.911 0.801 0.768 0.780 0912 | 0.923 0.915 0.934 0.935 !
%100 PSNR 41.76 43.11 45.45 41.05 41.48 43.80 | 45.61 | 44 .47 45.74 46.50 46.74 i
ELD [31] SSIM| 0.930 0.940 0.975 0.925 0.933 0936 | 0977 0.968 0.976 0.985 0.986 4
%200 PSNR 39.33 40.30 43.43 39.23 39.26 40.86 | 43.84 | 41.97 43.84 44.51 44.95 :
SSIM| 0.872 0.884 0.954 0.889 0.877 0.884 | 0.959 | 0.928 0.955 0.973 0.977 1
antitati aluation A1
” - Cul}};ﬁ!. Qu ve evaluation Z 1} VDS
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L1, Feiran, Haliyang Jiang, and Daisuke Iso. "Noise Modeling in One Hour:
Minimizing Preparation Efforts for Self-supervised Low-Light RAW Image
Denoising." CVPR, 2025.
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Introduction

* Noise modeling
- Signal-dependent noise €} 6t7| ¢Sl = Y2t lighting conditionO| A] system gain calibration
- Hardware (protocol camera board 2| 4% customizing mounting module 2 &) setupO| H2| & 20| Z &
- Signal-independent noise2| 8% SAHE 2 = distribution= E2[ot=0| O{2{=
- EE St learning based noise profiling & = WA 9| B2 trainSt=0H| A|ZHO] Z &
- 2 =2 X X= denoising performanceE FX|0FHA] 7t5 St ZHEFSE noise modeling K| €t

- Signal-independent noiseE F2[5t=0 E 2Rt steps 2+ M

System gain calibration for Signal-independent noise collection
shot noise (hours to days) (~one hour) and profiling ( >one day)

NN profile

Noise samples / Dist. profile
A\

Common preparation steps

Dy

€L

) Fully required Fully required

X3
r
1 :
: 8 Not required Collection only i
' I

R B Nskn Comparing preparation&fforts for noise synthesis | VE S |
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Method

 Image formation model
- PhotonOl| A digital pixel value H&t 4 D = K, (Ka(X + N, + Nl) + N,)

- Analog-to-digital conversion(ADC)= & A 0| A "4 EF, K, = digital gain K, = analog gain, X photonO{l 52

- N+ signal-dependent noise, Ny, N, = signal-independent noise ZfZf ADC T2 &l noise

- Kz=10|2t 11 7135 H 542 D = ‘Ka(X + Np)‘ + KoNy + Ny

J
Signal dependent noise  Signal independent noise

o Hd A A od
-N,2l B2, So| YT E ST Ut & 40 Ofo) e
-N,°| 8%, AN 2 227} S&SH7| T8 0f| L StH= noise (dark-current noise, thermal noise)
- N, 2| 4%, image formatting process’} & 't F| & St= noise (banding noise, quantization noise)
iPhone 7 Samsung Galaxy S6 Edge Google Pixel
-4
-6.6 s
— -5
& 68 6
E’—?.o -6 _7
12—, -7 -8
5 6 7 8 5 6 7 8 5 6 7 8
-12.5
/ /// -8
-13.0
& -15
Q_135 -10
g —e— In-Camera
T ol40 s T20 —— Calibrated +12
—14.5 *——————0—9
5 6 7 8 5 6 7 8 5 6 7 8
10g(1S0O) 1og(1S0O) 1og(1S0O)

VDS

LAB

R B THED
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Method

* Hypothesizing signal-dependent noise

(X +N,) ~PX) > (X+Ny) ~P(I/Ky) = Ko(X + Ny) ~ K,P(I/Ky)

- ol EHE A2 clean-noise pairOf| A shot noise & — poisson =X =7 A analog gain scailing
- BRI 2 E(K(X+N,)) =K-1/K=1.V (K(X +N,)) = K - I/K=KI

E
AlZ SO ral2 K S 28 (0= D2 &= Kscale) 0| 22 & THA bias7t RS2 AlAF
. £78 setupOl| Al 7+5 3t system gain 0§ 22 H2|0f| AZ
- System gain K = QE X AG, Quantum ef ficiency(QE)analog gain(AG), AG: AFHE X} X|’8 QE: 30~70%
- 0|2t 7HE = Sl AG7} FO|X|H QE 7H8, K& ¥ =2 Tl shot-noisy imageS ‘&3

- A2 M O 2 = ideal Ket= data augmentationL 2= = = UZ (color bias HX| 715)

Data synthesis for fraining g == - - - -——

Noisy image Sampled dark frame Calibrated dark shading

Shotting w/o
incident light

Inference phase

Dark frame samples Calibrated dark shading Noisy image Calibrated dark shading Network Denoised image

Preparation for data synthesis

Averaging

VDS

LAB

R B THED
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Method

« Sampling signal-independent noise
- MOl H 2 BFAL2 signal-independent noise2| 4 statistical model= & Sl noise profiling

- SHX| 2t o] 2ot “d=tot modeling% implementation complexity 2} bias-variance trade off = XH

[CHEtA K A= 2 sensorO| A &2 signal-independent noise sample= &8 &-&
- kqN; + N, modeling E 41 01|, target sensorOf| dark frame= O & & F| 5t 5, direct sample 2 A&
- 5'55._F fixed patter noise(temporally consistent noise)= A| 7 S+7| 2[5} dark shading correction X -&
- B3| YM F| 5T dark frames B, network | S 0{7+7| T 0f|
Data synthesis for training e
Noisy image
i _
>
Ke) Shotting w/o
3 incident light
8
5 Inference phase
:§ Noisy image Calibrated dark shading Network Denoised image
al
R BTN H|2tSt noise modeling pipeline VDS
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Experiments

» Comparison methods
- Supervised, Self-supervised, Hybrid method = Lt50{ A{ H| !

- Training and test specifications

(L

-i (Eq':— ZF

=2 U-Net AHE)

- Image2t dark frame =25 512 x 512 patch= & 2FA] training, L1 loss, data augmentation Al-&

SOGANG UNIVERSITY

22

- & camera (Sony, Nikon) ISO %t 0l| analog gain 2f2 & /| encapsulate =X BE S
SHA[2F &= ZHH2Le| 7|= 1SO7t 4002 5= &2 Z O| A= AG=12 248
K =150/100%0.1 ZAl A2 AFE3t1D QE= 40%2t 2 7Hd
Training setup Method SID ELD
x100 x250 x 300 Avg. x100 %200 Avg.
Suberviced Paired 42.06/0.9548 39.60/0.9380 36.85/0.9227 39.32/0.9374 | 4447/0.9676 41.97/0.9282 43.22/0.9479
upervise PMN [4] | 43.47/0.9606 41.04/0.9471 37.87/0.9344 40.59/0.9465 | 46.99/0.9840 44.85/0.9686 45.92/0.9763
Hobrid LED[31] | 41.98/0.9539 39.34/0.9317 36.67/0.9147 39.19/0.9321 | 45.36/0.9779 42.97/0.9577 44.17/0.9678
y LLD[11] | 4336/0.9610 41.02/0.9480 37.80/0.9350 40.52/0.9471 | 46.74/0.9860 44.95/0.9770 45.85/0.9815
P-G 39.44/0.8995 34.32/0.7681 30.66/0.6569 34.52/0.7666 | 42.05/0.8721 38.18/0.7827 40.12/0.8274
ELD[10] | 41.95/0.9530 39.44/0.9307 36.36/0.9114 39.05/0.9303 | 45.45/0.9754 43.43/0.9544 44.44/0.9649
Self. SFRN [32] | 42.61/0.9580 40.73/0.9454 37.64/0.9309 40.14/0.9438 | 46.45/0.9843 44.58/0.9738 45.51/0.9790
e | NoiseFlow [8] | 41.08/0.9394 37.45/0.8864 33.53/08132 37.09/0.8750 | 43.21/0.9210 40.60/0.8638 41.90/0.8924
supervi StarLight [9] | 40.47/0.9261 36.26/0.8575 33.00/0.7802 36.33/0.8494 | 43.80/0.9358 40.86/0.8837 42.33/0.9098
PNNP[13] | 43.63/0.9614 41.49/0.9498 38.01/0.9353 40.83/0.9479 | 47.31/0.9877 45.47/0.9791 46.39/0.9834
Ours 43.69/0.9618 41.43/0.9486 38.06/0.9356 40.85/0.9478 | 47.34/0.9874 45.51/0.9794 46.43/0.9834
. . H _'
R AU Quantitative result H| 0 VDS
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Experiments
« SID and ELD datasets

- O & ZFEESE noise synthetic pipeline2 2 CHE S &0k S A H CF SO A}
- SOTA supervised method PMN A H L =20 training® [l imperfect pixel alignment = Xl
« LRID dataset

- SOTAR} H| S0 0.5dB =0, sensor heatingd} Z = noiset= modeling©| Of 212 Li|, X X} 2]
B O] Z% &7 sensor sampling= ot0| O|H A7} LEgCH D =73

A
ELD [10] SFRN [32] Ground truth

Ours

Noisy input

SID dataset

ELD dataset

LRID dataset

” YR d - Qualitative result H| 1t VDS
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