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Introduction

« Image Denoising 27 & 2L

(@)
« Problem formulation

Image denoising= noisy image x = s + n0{|A{ noise n& A|7{5}t0] image signal s& =&
- N0|sy image=

Ct2 1 ZH2 joint distributionS [HECD & 2= Q2. EESH noise= 2
meanS ZFRICID 7PY St T2k noisy image2| 7|CHZt

QIHIM O 2 zero-
(%i'-E)._ image signalO| &
pis.n) = p(s)p(n|s)

Eln;|=0

E[x;] = s..
- Denoiser f(+; 0)2 etg Al Z If 7t Ee] A8 k[= E# -2 noisy-clean paired datas Al
squared-error (MSE)E XA 3t5t= B

82510 mean-
argmin Ey s [||f(x 0) — sll3]
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Introduction

« Image Denoising 27 S Z QM
- VVarious noise sources in camera pipeline

- 7t 2te| &t W0 I El= SAte| M7[E Tz #Hetstn 0| F C|X[E O|O[X| = #HetdtE
oM 0j=s BHHZE Y

- 20| Yot gt Fto2t 22 orL 2t MM E Solf 22X 2l €4S 0[0]E ot= IFZ 0| M = (Ol Al:
oi0lg, Mol 7tH 2t §) =0[ =7 2
C

— EESH noise source OFCH &f M 8= noisel| HE| 7} CHELCH= EXE 7HE

- 0[N3 G 5 X0 EHHL2 = L O[ =7 HHSHH denoising2 0|24 2h 144 0] 3l 2
YACEZMN 2 7|ZF AL 0 Z

— L O =

Digital Signal
Photon Shot J| Photo Response || Dark Current || Source Follower Row Quantization
Noise N Nonuniformity Noise Ny Noise N; Noise N, Noise N,
Photon Digital
Flux | + X - Source Follower e 5 , Signal D

<Real noise in camera pipeline>

P sz uthan | VDS |
@ SOGANG UNIVERSITY 4 Las




Introduction
« Image Denoising 27 S Z QM

- Challenges on image denoising

- CheFet HEH 2| noise

- GaS FSots 28, 7t 2F SOf| 2} noisel| FEH7t EHgt

- £ 20| M F S El noisy-clean image pairE AHE5tH ZE S StESA|7{ 2 CHE HEH2| noise?t
LM 450| ofEdt= =AM 7t &Y

- H0|H F=2| o3&

- LEtE Ol Hel'd 72| denoising B2 B2 22| noisy-clean image pairE 22 = &

: =0t 2HH0|M F S5 = A2 clean image €= A XA 7t 27Hs (O|Al: F B AFM O A
F5E Y, 27 BY 5)
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Introduction
 Background

- Recent trends in image denoising
- Real noise dataset2 (0f|: SIDD, DND H|O|E{All) | S8} 1 0| & At238}0] st

- GAN 52 AF238}0] real noise2t S A8t noiseE synthesisStALE 2|8 E4
modelingdt= &2 (Of: PNGAN, Zhang et al. (ICCV 2023))

- Noise estimator@} Zt-2 sub-networkZ denoiser@} | Et& A7 CHASH noiseOf CHSH
HEEH (Ofl: CBDNet, Zhou et al. (AAAI 2020))
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- Noisy image2HE AF238}10] self-supervised HAl Q2 B St A|7| = i
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2. Train — test dataset2]

image content7} 37| C2 : TAEREs | Trained denoising network
dsolxzg+As 1T s '

nat = denotmnsNeatwork( DanCNN");

Train phase

»| Trained denoising network

Test phase
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Introduction

« Background
- Noise2Noise (N2N)

HHX Ol image denoising model= noisy input £; 2t clean target y; Ol CHSH L1 &= L2 loss&
_/t?a} f'— HIEH O 2 SH& &

argmin Z L (fo(&:), yi)

| L2 lossE AtESH= 42 o2 2t 7FO| target®| mean2 2 =gt
MSE=E(|x-%|2|y) =

Jlrn
oF

E (Ix - f®)IE | y —[Ix—fli}*}'lzp{xmrbt-

“r“}, f” x— fly) ||;Ir x:,-']dx_—":[{x—f(y}]p[xly]dx_[]

[xpxiyiix = [ sxpixivax = 1) [ pxly)ix = 1)
fumsely) = [xpl[x y)dx = E (x|y).
- Denoisings= 2t OtL| 2} C &2 2| image restoration taskOf| A{ inputZt target= 1:1 mapping©| OtL| B Z
DE2 7St target=2 B W 2ot =T
- [F2tA] targetO| BFEA| clean image ¥ E R 7}
network2| target2 2 AFEE = US

= T AT
Noisy input

@110 expectationO| clean image O| 7|2t S}™ denoising

Noisy input

O O
Mot 7| = S Bl udt= g =,
o Cradient ‘ Average Ly Nojsy targetS 2| H2 £ 3l unobserved clean
gradient S ole
target= B
Clean target Unobserved

clean target
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Introduction

 Background
- Noise2Void (N2V)
-N2vE or2fier 22 A48 780 2

== 1. Image signal s is not pixel-wise independent

Correlation
0
Photo Response || Dark Current Correlation ] 10
Nonuniformity Noise Ny 104 S
ameras

1(’]—[ P

e A

-4

S /R R

(a) By relative distances d (b) By relative locations

Real noise= O| Z=710f| {HHf &
== 2. Noise signal n has zero-mean and is conditionally |pixel-wise independent given the signal s

- N2VE inputdt GT 25 noisy training image x (x =s+n)2FE FE5H, receptive fieldOf| A center
pixelO| H| 2| =l blind spot network (BSN) T+ X & Ar2%t

=)
o
- &, center pixel2 #E5HX| ZSI=E X1|°F0P-l- Z= & pixel Tk =30 center pixel2 W EFI=E
DS A A|Z

- Noise= pixel-wise independentSt0] =t LI’dI0| center pixel= 0| 55t=0| OFF & HEE FX|
26t= BHHO| image pixel2 T contextE 211 center pixel 3 7t

Target z ;

] T
[l BN EEEEN BN [ ([ [ [
Prediction I I

(a) (b)
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Spatially Adaptive Self-Supervised Learning for Real-World Image Denoising
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Paper Review

« Spatially Adaptive Self-Supervised Learning for Real-World Image Denoising
- Overview

- N2V pixel-wise independent®t noiseE 7 StH=L, real noise= pixel 40| correlation =Y

~ Image 2| flat region2 512 Y0 24 Z2 image contentE 7HX| 2 2 noise correlations FAI
0|S Or2 Ha| 9l

A
= 1T
M= AT pIXG|77|'X| blind SpOt; |E_E||o:| ¢ =X HZ 7Is
- HHH texture region2 ¥ & imageE S ASH=H A0 A Q1F pixel SEE HHEA| AHES[OF &
-2 =22 BNNOIEfi flat reglonoﬂ E3tE HEYIE A g5 Al7|12, 0|2 BNN2 2 &
=

d
o

AL X| e texture HS LANO|ZtE HEQIE AIREI0] 22
- OpX[ 2t o 2 sh& = BNNIF LANS AME S0 S/ = E4 S 2
supervision2 2 K|S 35+0 denoising networkE oH& A|9I

[}

A2 2HEA 9l denoising network 2|

(a) Training Stage 1: Blind-Neighborhood Network

(b) Training Stage 2: Locally Aware Network
Nedetoiric o Lony = IRy = ylly + ==~ '
' " i

e T e Liaw = (1= @) 59 (%) = el =,

Noisy Image

Denoising Result
(c) Training Stage 3: Denoising Network (d) Inference with the 3rd-Stage Denoising Network
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Paper Review

« Spatially Adaptive Self-Supervised Learning for Real-World Image Denoising

- Method

- Flat region0| Al = 217 pixel#
image contentE 7tX| 11 US

AN OO
- Noise-correlationO| Z0{& PFHE E2[ U= pixel7HX] blind spotE &
o | A Ol ©
AU BEAZ £ UL
mNe] >
- 2 =& BSNO|A blind spot2 2% ot Blind-Neighbor Network (BNN) 2
(@) o BSIAS
22 loss functiong AHE3SH0 BNN2S at&
217 pixel:2 noise”7| 2 correlation0| A2 L Leny = | X] — }’Hl
F29| He| A= pixel 2 HESGFEE SN
N2vel =8 &
(a) Training Stage 1: Blind-Neighborhood Network (b) Training Stage 2: Locally Aware Network
----- + Lown = IR =yl === [FRepseElErs s s nT e esaN e e W Ly an = () ISR =13 |7y
Noisy Image Denoising Result
(c) Training Stage 3: Denoising Network (d) Inference with the 3rd-Stage Denoising Network
R S T8 <Hlgt o] HA| U E>
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Paper Review

« Spatially Adaptive Self-Supervised Learning for Real-World Image Denoising

- Method
- BNN2 flat region0l = & SXt5}HX|

rEI

b, texture region= Z S 5HX| 2%t

- Noisy imageS BNN= AtE5t0| E&loh = 2F 4)/d o|7t|01|)\‘| Q1 patchl| EFEHKX} o5 ALt
( } ( —l_H_n—l LT -1 "-I—n_l}]
===t == - =it
- 0|2 ¢ & sigmoidOf| Ejf*lﬂﬁ Zt ‘il’%'ol A OFLE texture®HX| LIEHL = a-map= €=
- oHH texture region2 blind network T2 & SH&5t7| 0] 2{F 0, supervised 24 9| targetO| E R
- BNN2 flat region2| noiseE & MAHL = U= A0 &5t LEE QI CNN 2 E AFE S LANS
BNN2| &3S AFESHY Ch2dt 20| shEA|
Lranv =(1—a)- |[|sg(x1) — X2,
(a) Training Stage 1: Blind-Neighborhood Network (b) Training Stage 2: Locally Aware Network 5(6(.‘ J) - 1} 0( ) i
Ry o et oo artoe Lian = (1= @) Isg(®1) — %ol +, (2.7) = 5 0.5, l<eo(i])
— S(e(i,j)—5), ol(i,j)>u

Texture region-= noise”} X 2 =/ X|
OLM g7t 2 242 7HA| 1 MHEkA
ak 2 U= 7t

________________________________________________________________

Ly=(1-a)-|lsg(Xy) - ﬂ|l +a-|lsg(Xz) — Rl

Noisy Image

Denoising Result

(c) Training Shg 3: Denoising Network (d) Inference with the 3rd-Stage Denoising Network
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Paper Review

« Spatially Adaptive Self-Supervised Learning for Real-World Image Denoising

« Method
- OfX|8to 2 st& =l BNNIf LANS

Lp=1—a)-|[sg(x1) —x|, +

=82, o/t 2 texture region= LAN2| =82 9

= aZl 2H2 flat region2 BNN2| &3 2,
Of

— Inference THA|O| A= BNNIF LANS AFRSHX| 1

Ct2=9| blendingst= &
A

- F7E o2 BNNI LANS
NESH M52 THRlE A

ﬂJIO o

off =2l

(b) Training Stage 2: Locally Aware Network

(a) Training Stage 1: Blind-Neighborhood Network
Liaw = (1= a)- llsg(Ry) — Xzl +,
'

———————————————————————————————

)

Noisy Image

i===== Loy = 1% —ylly ===~
i

Denoising Result

(c) Training Stage 3: Denoising Network (d) Inference with the 3rd-Stage Denoising Network
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AtE3H0 LB QI denoising networkS C
— X|

a - ||sg(x2) — x|,

-
H

& =l denoising network 2t= Al

S 0dg o+ A2t Of= M WRyEL}

Table 3. Comparison between image-level fusion strategy and our

(e)2l 85 Bl

method. Blending & 2 (d) 2t & F &+
Image X1 Xo 1—q) x1+a-x X
PSNR 36.37 35.00 36.84 37.39
Time (ms) 16.7 59 229 4.8
| (d) Fused (e) x

(a) X1 (b) x2

Figure 5. Visual comparison with image-level fusion strategy. (d)
denotes the spatially adaptive fusion result (1 — «) - X; + o - Xo.



Paper Review
« Spatially Adaptive Self-Supervised Learning for Real-World Image Denoising

Experiments

- SIDD2| train datasetOf| A et&5 =l 02 22 -S SIDDO| validation/benchmark dataset?f DND benchmark
datasetO| A| d 52 H|wot= A 2

-
Method SIDD Validation SIDD Benchmark ~ DND Benchmark
’ PSNRT/SSIMT/LPIPS,  PSNRT/SSIMT  PSNR?/SSIMt
Non-1 ine based BM3D [11] 25.71/0.576 /0.657 25.65/0.685 34.51/0.851
On-ICATINE BAEC T WNNM [14] 26.05/0.592/0.635 25.7810.809 34.67/0.865
Supervised DnCNN [50] 26.21/0.604 /0.712 26.25/0.599 32.4370.790
s imﬁmic-tairs') CBDNet [15] 33.07/0.863/0.288 33.28 /0.868 38.05/0.942
ed p Zhou et al. [57] 33.96/0.899 /0.258 34.00 / 0.898 38.40 1 0.945
DnCNN [50] 37.73/0.943/0.245 37.61/0.941 38.737/0.945
Supervised Baseline, N2C [39] 38.98 /0.954 /0.201 38.92/0.953 39.37/0.954
(Real pairs) VDN [46] 39.29/0.956 /0.208 39.26 /0.955 39.38/0.952
Restormer [48] 39.93 /0.960 /0.198 40.02 /1 0.960 40.03 /0.956
GCBD [¢] - - 35.58/0.922
Unoired UIDNet [16] - 32.48 /0.897 -
P C2N [18] 35.36/0.932/0.192 35.35/0.937 37.28/0.924
Wu et al. [44] - - 37.93/0.937
Noise2Void [24] 27.48 /0.604 /0.592 27.68/0.668
Noise2Self [3] 29.94 /0.782 /0.556 29.56/0.808 -
NAC [45] - - 36.20/0.925
Self-Supervised R2R [36] - 34.78 /0.898 -
CVF-SID [35] 34.15/0.911/0.423 34.71/0.917 36.50/0.924
AP-BSN+R® [27] 36.74/0.934/0.281 36.91/0.931 38.09/0.937
Ours 37.39/0.934/0.176 37.41/0.934 38.18/0.938
24 (a) Noisy Input (b) Baseline, N2C | (c) Noise2Void [24 (d) CVF-SID [35 (e) AP-BSN+R? [27 (f) Ours VDS
i ) p [24] I I
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Paper Review

« Spatially Adaptive Self-Supervised Learning for Real-World Image Denoising
- Experiments

- Supervision component2| 21HE = QI5H7| 2|8 % E
o

= de
functionO| Al Zt @ A& X7 StH denoising &= H| W

noising networkE &t& Al7|= loss

Lp=[1—a)[[sgx:) - x|, + a-[sg(x2) — x|,

Supervision of x1 v v v
Supervision of x2 v v v
Adaptive Coefficients o v

PSNR of x 36.84 3595 37.30 37.39

- BNN2| blind neighborhood size@t LAN2| receptive field sizeOl| Ci 2} ablation study =3

PSNR(dB) PSNR(dB)
T 20 1
- 37.394 asssquszzsgrnsreiess
35.381 ’ x’ -
r 36,29 e
/ i
4 35,00 ,«/.
ll.-"l /
27 461 ] /
/ — % — %
23.26{ o 5159 4 X
1x1 55 9x9  13x13 1x1 535 9x9  13x13

(a) Blind-neighborhood size. i(b) Local receptive size.

A
S
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Iterative Denoiser and Noise Estimator for Self-Supervised Image Denoising
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Paper Review

« Iterative Denoiser and Noise Estimator for Self-Supervised Image Denoising
- Observations and Motivations

- N2N2 £ 238t training sampleO| M| S EICHH clean target2 A2 229t S LsH o
UO M self-supervised HHELHEH 22 452 24T 5+

o
_ oo= 2 o= T MO
I

- 7| &0 N2N&tE 2 /3t data generation 22 clean image S

eE EQRE oiCt= oA E 7t
- £ =22 noise estimator2} denoiserZ iterativeSt A et& ot WS SOl 2T Bt self-supervised

- -
Ao NaNO| 458 &0lE Y Ao

: Noise estimator= noisy image2| noise level2
denmsert A4 OIO|E & ArE5H0] N2N &4

Generate
N2N Pairs

] Denoising
N~(0,1) ‘ Denoising Network
3 A Network f(.8)

f(.0)

(a) Training
<Xt g o| M| 7H'E =>

R AT | VDS I
SOGANG UNIVERSITY 17 Las

(b) Inference



Paper Review
« Iterative Denoiser and Noise Estimator for Self-Supervised Image Denoising
- Method

- Previous worksO]| (L2 &sk A 0f
real noise n<= clean image xOfl CH3H Cf

T

o —
= A o
20| 22 & = US

A |:{} i‘.‘-"ﬁ-I 4+ ”-52} —Noise level 2 image content2| &%

P SE= real noise= heteroscedastic Gaussian m
7

ajo

T =

Lo

- &, signal-dependent noise o, image2| gf2 B 0| A= noise variance’t =O0X[= A
Atotolo] B E DM 7= 7| £ noise level

signal-independent noise o;= imageOf & 2+3! = =
- M X noisy image yE denoiser network fOi| &1tA|7 pre-denoised image 2 =
- O| = pre-denoised image2} noisy image= estimator0i| S 1+A| 74 pixel-wise noise level map M,,
- AAEl M, S AFESHY N2N pairE - ds=0l, O 7| A reparameterization trick AFS

- Noise estimator& constrainot”| |3l patch variance loss& =&
— p X p size patchOi| A{ real noisy image y2t 24

Lpw = Z IVar(P(yni, p)) — Var(P(y, p))|l noisy image2| variance7t ZOIX|E 2 S =
i

N~(0,1) ZHEN My zEeEN

Denoising

Network

2
£ Mm
Noise Estimate Generate N2N Pairs

(a) Noise level estimation (b) N2N pair generation

<H| 2+t noise estimation 1>

A B
6 SOGANG UNIVERSITY 18
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Paper Review

« Iterative Denoiser and Noise Estimator for Self-Supervised Image Denoising

- Method
- Noise estimatorE S5l 24 =l N2N pairE AFE3H0] denoisers &

E;"."a' L — |f{yﬂ1} — Yno |§

- St &7|0| denoiser2t noise estimator2| ‘d&0| &3 A 2| ot SXh5 =ASHA| 25t 0|0 et
St50| SR = v L

- 0| E S| 2517 I8l at& =7|0]= BSN= AHE5HY coarse denoised imageE 211 O| & AHE5HY
denoiserg <55t WS HE

gm0 12 ¥t

L=ply +vLnan + ALBEN o 0,1,00 =2 &

Generate
N2N Pairs

|

N~(0,1)

Denoising
Network

Denoising
Network

2 | Lpsn ‘ o
(a) Training (b) Inference
R 447 TN 8k <H2 el MK s> | VDS |
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Paper Review

« Iterative Denoiser and Noise Estimator for Self-Supervised Image Denoising

A

- Experiments

- Synthetic SRGB noisy image%i| A 7| & &8 =1} denoising ‘ds= H| 1l

s+ K| F BHE0| 7HEH N2N EE= N2C (Noise2Clean, supervised 2f412 2|0))0f| 2ot A
Noise Type Method KODAK ~ BSD300 SET14

NIC 32468584 31.20/0.881 31.43/0.868 N2C 340877 30,540,872 30.63/0.859

NIN[21] 3ZARMERS 31220882 31.45/0.869 NIN[21] 31840877 30.54/0.872 30.63/0.858

BNGD 1] Z0.97/M.808 28 48/0.788 29630BIE BMAD [ ] Z7.89M0.738 26580.717 27110744

N2V [1E] FLEIANETS 30520870 305310853 N2V [14] I 180864 70 250 858 20 TO/0.R41

Gaussian 2PN [19] 30.6200.840 28.62/0.803 29.93/0.830 . =~ SSDN[1Y] 30.19/M0.833 28.23/0.794 29.35/0.820

- — o5 RIR[] 3225/0.880 30.91/0.872 31.320.865 "o RIR[] 30.50/0.801 29.47/0.811 29.53/0.801

NAC [42] 25.090.521 23.51/0.583 25.67/0.586 NAC [47] 24.36/0.486 24.33/0.559 23.93/0.541

NiZN [1Y] 30.45/0.811 19.34/0.803 29.75/0.815 Ni2N [29] 29.430.775 28.29/0.764 28.63/0.778

NERINBR [16] 32.08/0.879 30.79/0.873 31.059/0.864 NERINBR [16] 31440870 30.10/0.863 30.29/0.853

B2 [38] 3LZ2TOERD INITOET2 312770864 B2 [35] ILELDETL 30250862 IDA60.E50

hurs 32270881 3L0L0ETe 3129 (.862 Ours FLA00.ETD WLTH0865  30.41/0.855

NIC 32580876 31270870 315000864 MN2C FL.250.862 301770859 30280848

NIN [21] 12570876 31.26/0.870 31.46/0.863 NIN[21] 3L1TM.861 30.10/0.839 30.19/0.847

BMAD[ ] 70.38/0. 781 28830795 30740834 BM3D [7] ZT08M.702 25850688 26.44/0.724

N2V [15] 31.7200.863 30.39/0.855 30.24/0.843 N2V [18] 30.55/M0.844 29.46/0.844 294410831

Gaussian  SSPN[19] 30.52/0.833 2B43/0.794 29710822  puicson LN [1Y] 39-7'5"“-332' Z7.859/0.778  28.94/0.808

5 50] RIR [01] 31.50/0.850 30.56/0.855 30.84/0.850 ) ¢ [5,50] RZR[V] 29.14/0.732 28.68M0.771 28.7TA.765

o €, NAC [47] 25400516 24 98/0.560 25.44/0.575 NAC [+7] 23.120.447 23.47/0.534 23.14/0.516

Ni2N [29] 3LATMEGE 30930862 30.8T0.E52 NiZN [29] 30310812 29.45M0.821 25.40/0.812

NBRIZNER [16] 32.10/0.870 30.73/0.861 31.05/0.858 NBEINBR [16] 30.86M.855 29.54/0.843 29.79/0.838

B2U [35] 32340872 0860861 31140857 B2U [38] JLOTMEST 19920852 30.10/0.844

Ours 32350872 3LO09Y0.866 3]1.0910.855 Ours F1OV0BST 29.99/0.855 2099/ 843

AU
SOGANG UNIVERSITY 20
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Paper Review

« Iterative Denoiser and Noise Estimator for Self-Supervised Image Denoising

- Experiments
- Real raw noisy image0f| A 7|Z& 2 =1} denoising 4 H| L
N el = L I S e =

s LHEA O superwsed B A9 train costE “x 172t & [, B2U= x172| costE 7HX| 12, A| ot

LAY =1 B
HIEH 2 x39| costE 7HA|BEE2 O 22X0|2td = = US

Methods Network Train Cost PSNR SSIM .-... .
Ours

Noisy N2C N2N BM3D N2V Ni2N B2U
N2C U-Net xl 51.27 0.983 2 37.59/0.899  53.52/0.997 52.78/0.997 46.95/0.991 52.11/0.996 36.61/0.862 52.97/.997 53.74/0.997
N2N [21] U-Net =1 51.290 0991

= - | o . . . .
N2V [15] U-Net %1 50.46 0.990

SSDN [ 9] (Gaussian) U-Net w4 504 0990

SSDN [19] (Poisson)  U-Net x4 50.89 0.990

R2R [30] U-Net x1 4720 0980

NAC[+2] U-Net =1 4324 0961 2 ] BM3D N2v Ni2N B2U Ours
NiZN [29] U-Net xl 3374 0752 Glegn 23.98/0.72 39.49/0.99 39.07/0.99 33.87/0.95 38.63/0.98 24.03/0.74 39.42/0.99 39.71/0.99
NBR2INBR [!6] U-Net ®2 5106 0991

B2U [15] U-Net w17 51.36 0.992

Ours U-Net ®3 5140 0.992

Noisy N2C N2N BM3D N2v Ni2N B2U Ours

25.46/0.65 40.46/0.98 40.49/0.98 37.710.97 39.89/0.98 24.63/0.57 40.29/0.98 40.50/0.98

R 4475 T8 | |
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Paper Review

« Iterative Denoiser and Noise Estimator for Self-Supervised Image Denoising

- Experiments

- Patch variance loss2| 5242 4S5t ablation study T4

Z IV ar(P(yni. p)) — Var(P(y.p))||

B 32 64 Global

L=y *":m- + vLyanw + ALpsy Lpu
=10 p=1 p=1=1 patch size k!
PSNR 2421 1186 .27 FSNR 3221

55IM 0675 0872 0.851 S55IM 0877

3227 3133 31M 3218
0.851 0.B80  0.879 0875

~ N2N loss2t BSN loss2| 542 43S 5t= ablation study £

=0

=1 a=0=1 A=0 A=1 A=1=0
PSNE 11.81 3214 3227 PSNE 14 46 11.75 3227
S55IM 0875 0.873 0851 S5IM 0.3312 .875 B8l
ﬂ AW CTHEE D
SOGANG UNIVERSITY 22



Self-supervised Image Denoising with Downsampled Invariance Loss and
Conditional Blind-Spot Network
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Paper Review

« Self-Supervised Image Denoisingwith Downsampled Invariance Loss and Conditional Blind-Spot Network

- Abstract
- BSN2 center pixel §2E At&S 5= QiCt= oHA E 7HH
- 2 =22 supervised loss2| O| 2% upper boundE F =311, 11 2f= single noisy imageTt=2 AHE5}0]
71|Mo+ A-E BHHdsl downsampled invariance loss& 7(1|°F

- Downsampled invariance lossE T315}7| /5l center kernel2| blind / non-blindE MEi M o 2 M7t
A O]

2= Q= conditional blind spot network (CBSN)S |t

- K5 71 E 0] noise correlations 2t2tSH7| 2|8l AHE E|H pixel down-shuffle2| &K 2! check board
artifactS 2t3t2 = U+ random subsampler (RS) B S H| 2t

C-BSN f(-;¢0)

X

downsample ‘ downsample

Linv

¢ =False !

S2B:(x) S S oe Tt e st os S os ST L oot S o S UL b eres

R S THEE D
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Paper Review
« Self-Supervised Image Denoisingwith Downsampled Invariance Loss and Conditional Blind-Spot Network

- Method _ Learnable term Objective term
Lo = |/ | DN - B,
- d,: s-fold down sampler — Noise correlationsS 2f 3}
- f: non-blind denoiser — Image= & = SHX| Tt supervised & ER (A HM =29 LANIt A
- fy: blind denoiser — pixel-wise independent?t noiseE & S A%t

- Objective term2 denoising0| & &l image, HFH Iearnable term= center pixel= -8 = UX| T
supervised & E R — objective term= clean imageX] & Z-&3}0{ non-blind network t&

=
- A W ==0M LANO| BNN2| =85 B ot5lE At wAteh 0|2t 42+

(b) Training Stage 2: Locally Aware Network
> Lian = (A —a)- lIsg(Ry) — Rzl +,

DownShuffle

PD/HEE — PE—

D ——

UpShuffle

________________________________________________________________

Ly=(1-a)|lsg(Ry) - 91|+11 llsg(%2) — %I,

28

Noisy Image

Denoising Result

(c) Training Stage 3: Denoising I\«I\\.ork (d) Inference with the 3rd-Stage Denoising Network

Real Noise PD Noise Gaussian Noise

<Down shuffle2} real noise2| 2tA|> <A HR =29 HA| 7HEE>
R AE U | VDS |

SOGANG UNIVERSITY 25



Paper Review
« Self-Supervised Image Denoisingwith Downsampled Invariance Loss and Conditional BIind-SPot Network

L 7to OF A EH &

Welght._ Z20| masklng MERM © = 2|0 Of &t
- Method \/_ | (<)) — sg (R (d. (=)))]],

- Downsampled Invariance loss= blind / non-blind network 7} & &%+ weightS *fﬂ HOF &
- 0| ##i5t7| 2|3l conditional blind spot network (CBSN)= | ot
- Network2| M 22 & & condition ¢ 2O} MEHM O 2 weight2| centerE masking® += U= A

- EEBF down samplerE SHA| AFE | = space2batch (B2S)= checkboard artifactS 2HECD 2,
randomness = 0P01 artifactS 2t3}S= random subsamplerS | ot

b d
downsample

AP-BSN [22] SDAP (S)(E) (Ours)

C-BSN f(-;¢)

downsample

x
1 Fu(RS:(x)) sg(RS2(f(x))
@

$2B5(x) h B B25,(fy, (52B5(x)

<H| 28t random sampler> <H|OF HFH o KK W E>
R ST TS |VDs|
26 Laa
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Paper Review
« Self-Supervised Image Denoisingwith Downsampled Invariance Loss and Conditional Blind-Spot Network

- Method
- TN 2 otE 7|0 e M E =0[7| 2Idl blind lossE AHESHY £, E &t&
7100 f, 2 SHESHX| X2 ™, objective termO| noisysif A &&0| & CHY 8| &

Liind = || B2Ss(fa(S2Bs(x))) — ||
- %|Z loss function Ct24t 2
£.n.-ff = “f{'T} - 'T“
Linvprs = ||I‘)H2(f|:m)} - Sgl:f_n,fl:ﬁ..Sg{ﬂ_‘.}}H

Lopsy = Laeif + Ainw * Linvrs
Liotal = Lilind + Asch - LoBSN

- Agen= 022 A|ESED 200,000 iteration & QF E{IX* og 12 =7}

C-BSN f(-;¢)

111
o——=11/1[1 /0
1

Lptina

e e B2S,(fyy (S2B5(x))

R B THdED <2 We| HA| N>
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« Self-Supervised Image Denoisingwith Downsampled Invariance Loss and Conditional Blind-Spot Network

Experiments

-7 | = d |- I:H
—
(a) Noisy image (b) CVE-SID(S?) [2* (c) AP-BSN [ (d) AP-BSN+R* [1 (e) C-BSN'
26.90/0.7527 28.74/0.8737 30.79 /0. 8901 32.04 /09164 32.63/9180
(a) Noisy image (b) CVF-SID(S2) [27] (c) AP-BSN [ 1 (d) AP-BSN+R3 [ (e) C-BSN'
N SIDD DND
Supervision ‘ Method ‘ PSNR(dB) SSIM PSNR(dB) SSIM
] BM3D [7] 25.65 0.685 3451 0.851
Model-bused ‘ WNNM [9] ‘ 2578 0.809 34.67 0.865
DNCNN [3] 35.13 0.896 37.89 0932
CBDNet [10] 33.28 0.868 38.05 0.942
RIDNet [3] 38.70 0.950 39.24 0952
Supervised AINDNet (R)* [14] 38.84 0.951 39.34 0952
VDN [39] 39.26 0.955 39.38 0952
MIRNet [ 1] 39.72 0.959 39.88 0.956
MAXIM-38 [33] 39.96 0.960 39.84 0957
Generation-based GCED [37] C - 35.58 0522
C2N*[12] + DIDN [3£] 35.35 0.937 36.38 0.887
NAC [37] - - 36.20 0925
R2R [26] 34.78 0.898 - -
CVF-SID(T) [25 34.43 0912 3631 0923
Self-cupervised CVE-SID(S?)! [25] 34.71 0917 36.50 0.924
cll-supervise AP-BSN[19] 34.90 0.900 3746 0.924
AP-BSN + R¥ [19] 35.97 0.925 38.00 0937
- C-BSN 36.82 0.934 3845 0.939
by ) C-BSNT 36.84 0.933 38.60 0.941 V D S
Lalydl 5!,‘-3-'
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« Self-Supervised Image Denoisingwith Downsampled Invariance Loss and Conditional Blind-Spot Network

- Experiments

- Loss functionOf| CH$t ablation study &1t

Linvprs = ||I‘)b'2(f|:m)} - Sg{f-”(ﬁ.'s‘-’{m}}n

Loss function PSNR(dB)  SSIM

f'."-u" 285ame 25.58 ﬂgﬂ?

L a1 with blind-spot 35.86 0931
Liny with RMS 35.63 0.920
Etomf 36.22 0.935

- Down sampler®i| CHBF ablation study £ 24

Lyzsame: condition c2 SHAF False2 A& 8§ M non-blind network 2F AH2
Lyotq; With blind-spot: condition cE &2 TrueZ & 7&K A blind network 2F AH-&
Liny With RMS : £L;,, & 7| & ST (noise2same) S [H2FA] L2 lossE AHE

downsampler| stride PSNR(dB) 55IM
S N R
25| 5 | e oo

7
s | 5 | em s

- Blind loss AFE 0| CH 2t ablation study 7 3H
Etﬂtﬂ! — ﬂh!i:m’ + }l.f.f.-.'z - E{?ESE‘V

Asch PSNR(dB) S5IM
oo 25.92 0.810
0 29.59 0.757
1 35.65 0.926
Warm-up 36.22 0.935
A
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