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Image Denolsing

* Additive White Gaussian Noise model
cY=X+V
« V~N(0,0%

Noisy image Original image Noise

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Image Denolsing

* AWGN denoiser can be applied to the real world
» Directly or Retrain with real datasets

Br=3x10"°
G =171 |
(a) Noisy image (ISO 800) (b) Low-ISO image (ISO 100) I
: =2 30 —Low-ISO, synthetic 32 /J —Low-ISO, synthetic
—Low-IS0O, real —Low-ISO, real
2 o 0 e
——-BM3D ——-BM3D
20 28
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch
(a) Subset A (b) Subset B
Zhang, Kai et al., FFDNet: Toward a fast and flexible solution for Abdelhamed, Abdelrahman et al., A High-Quality Denoising
CNN based image denoising, TIP 2018. Dataset for Smartphone Cameras, CVPR2018
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Lots of Models
Spatially Invariant
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Blind Model

Single Model

Blurry
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Specific Model

Lots of Models
Spatially Invariant

Sharp / Details

Proposed Model

Single Model
Spatially Variant
Sharp / Details

Good at All Range Noisy Image
/ Effects of Data Augmentation

Parametric Model

& Processing Lab

Blind Model

Single Model

Blurry
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Spatially Variant Noisy Image

g

Noise Level
8

Noise Level
8

100

Yoonsik Kim
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Proposed Method

e Adaptively Tuned Denoisng Network (ATDNet)

* Network G: Gate-weight generating network
* Network F: Baseline CNN denoiser

* Features maps of F are tuned from noise level by gating process

Network F

ResBlock
ResBlock
ResBlock

ResBlock
ResBlock

; L
Noisy Image Y

Output Image X

o € [10,60]

Noise S_;ta_ndard - ﬁ 5
Deviation EC FC
Network G

Yoonsik Kim
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Proposed Method

e Gating Process in Residual Block
* G (0) gates the newly updated feature maps F(Y)i-fz

F(Y)i ou = F(Y)i + atanh(F(Y)7, 0 5(G(0)))

r,out —

i-th Resblock

2 L}
i
: i Notation Description
I I
E B i F(Y)’i‘fj Features of j-th convolution in the i-th
] S [ resblock
I
1 o [1060
P Do - = = i G (o) Output of noise level (g) using G
FC FC
!

_____________________________________
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Training

* Trained noise level: [10:5:60]
* Training set: BSD 400

e Patch size: 40 X 40

* The loss function: MSE

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Discussions

 When thereis no (7, or if all the output of G is one regardless of its input,
then the network is the same as blind denoiser

* G(0) changes almost monotonically as changes o

>
128 — Dimension G (o)

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Experimental Setup

* Comparison Method
e BM3D (-F), TNRD (-S), REDNet (-S), DNnCNN (-S, -B), FFDNet (-F)

* Baselines

* EDDN-S: Specifically trained with F
 EDDN-B: Blindly trained with F

Network F

ResBlock
ResBlock
ResBlock

L ]

[ ]

[ ]
ResBlock
ResBlock

Output Image X

Yoonsik Kim
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Set 12
————— DnCNN-B
Sigma BM3D TNRD REDNet DiCNN-S DnCNN-B FFDNet EDDN-S EDDN-B ATDNet ATDNetw 34\ | FEDNet
15 3238 3250 R 32.86 32.68 3275 3293 P8 3200 33.02 - EDDN-S15
25 2005 30.04 2 30.44 30.36 3043 3057 055 3057 30.72 — — _EDDNS25
30 2015 - 20.62 29.52 29.53 2961 2974 2974 2977 20.04 — — _ EDDN.S30
50 %70 2678 2726 27.18 2721 2732 2743 2729 2748 27.67 — ——EDDNEED
BSD 68 — EDDN-B
Sigma BM3D TNRD REDNet DiCNN-S DnCNN-B FFDNet EDDN-S EDDN-B  ATDNet ATDNetw ﬂgzeiw
— [=]
15 307 3142 . 3173 3161 3163 3L78 3161 3177 31.80
25 2856 2891 - 29.23 29.17 2919 2931 2927 2932 20.38
30 2775 - 28.50 28.36 2835 2830 2849 2847 2850 28.57
s0 2562 2506 2637 26.23 26.23 2629 2638 2619 2641 26.47
URBAN100
Sigma BM3D TNRD REDNet DnCNN-S DiCNN-B FFDNel EDDN-S EDDN-B ATDNel ATDNetW
15 3180 3140 R 32.19 31.83 3185 3231 204 3229 32.82
25 2003 2851 2 29.29 29.16 2018 2955 2942 2956 30.15
30 2805 - 2827 28.16 2820 2825 2856 2848 2862 20.22
50 2520 2485 2554 25.49 25.57 2568 2585 2580  26.00 26.60

Image Noise Level

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Experiments on untrained noise level

* Trained noise levels are [10:5:60]

* Test on untrained noise levels

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Experiments on untrained noise level

* Trained noise levels are [10:5:60]

* Test on untrained noise levels

26
Noisy Noisy
EDDN-B 24 - EDDN-B
- ATDNet N ATDNet
22 \\
i
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Image Noise Level

Image Noise Level
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Extension of ATDNet

* Adding a pixel-wise noise level estimation
 Spatially variant method

ATDNet

MNoisy Image Y

|
|
]

Gate
ResBlock

Conv
Gate
ResBlock
Gate
ResBlock
Gate
ResBlock
[ ]

&

(]
L S S— S———
Gate
ResBlock

kini2g

Network F

Noise Level
Estimation

¥

-
S
)
nba n128 ni2é n128
o Wi

i# [=][=] [=] [=]

-
" : Network G

o€ RITXW e e e e e e e e e e e e et e e e e e e e e e e e e —m—————
Noise Level Map

»  Reference: https://github.com/terryoo/ATDNet

Yoonsik Kim Dpt. ECE, INMC, Seoul National University




Uniform noise level results

Estimates of single noise level

o Set12 BSD68 Urban100

15 14.92 £ 0.28 14.93 £ 0.31 15.06 & 0.49
25 24924028 25.034+0.17 25.084+0.39
30 29924028 30.06 +0.24 30.03 &+ 041
50 49174037 4947 +061 4951 +061

Yoonsik Kim
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PSNR (dB)

25

DnCNN-15
FFDNET-15
Baseline-5-15

Baseline-C-15
ATDNet-15
— — — DnCMNN-30

- FFDNET-30
— — — Baseline-S-30
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————— Baseline-5-50

_____ Baseline-C-50
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————— ATDNet-50
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B3.5 1

SeE® | S PL
Y Intelligent Signal

(i
s Processing Lab

33

30
29.5

— Sy BT5 =

14

o 29 -
15 16 29

27 :
30 31 48 49 50

10
10

15 20

Dpt. ECE, INMC, Seoul National University

25

30
Noise Sigma

35

40 45 50




e | SPL
g"{,Intelligt_ant signal
s Processing Lab

Spatially variant noisy image results

(a) Noisy Image (17.84 dB) (b) FFDNet with & map (30.56 dB)

(C) Proposed with constant o (26.61 dB) (d) Proposed (32.03 dB)

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Spatially variant results

) Noise Lavel
gz 5 =
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| '
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Noise Level
Bz & & 5 =8
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g
\ |
b
]

Dataset Setl2  BSD68  Urban100 s o I e
FFDNet 20.08 27.88 28.43 m N
Baseline-C 29.11 27.89 2021 .
ATDNet 2943 28.09 29.26 (2) Noise level maps
ATDNetW 20.46 28.08 29.52
Baseline-B 28.59 27.58 28.99
ATDNet-EST 20.28 28.01 29.11 “] A '
ATDNetW-EST  29.32 28.01 29.38 L* - *

; R /{’m E ’”‘7%—;*\0{4 m

(b) Estimated noise level maps

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Old Photo Results

AW TIGTE e 361
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VINAIGRE DE VIN ROU
7% Aciity
A ?ﬂ:-durl of Greet

SR TTGTCL U O
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| VINEGA

f VINAIGRE DE VIN RO
b% Acidity
¢ A Product of Greet

Poids Nel: 16,9 F10

ORI TICICIICY JE1

MUSCAT W
VINEGA

VINAIGRE DE VIN ROV
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A Product of Grees

SRR TGN EU 061

ASCATW
 VINEGA

VINAIGRE DE VN ROU
5% Acidity

A Product of Greel

0ids Net: 16.9 Fi0

(a) Noisy Image (b) Noise Clinic (c) BM3D (d) DnCNN-B
eI 7T 061 NN T IGIUTICU %1 TRI TICIEIEY 361 TR TICICTICU JF)

MUSCAT W MUSCAT W MUSCAT W MUSCAT
VINEGA VINEGA VINEGA VINEGA

NINAIGRE DE VIX ROU VINAIGRE DE VIN ROU VINAIGRE DE VIN ROU VINAIGRE DE VIN ROU
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(e) FFDNet (f) Baseline-B (g) ATDNetW (h) ATDNetW-EST

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Color AWGN Results

CBSD68
Sigma CFFDNet CUNLNet CATDNetW | CDnCNN-B  CATDNetW-EST
15 33.88 33.87 34.08 33.89 34.08
25 31.15 31.21 31.48 3123 31.48
30 30.21 30.31 30.60 30.32 30.60
50 27.85 27.96 28.30 27.92 28.30
Kodak24
Sigma CFFDNet CUNLNet CATDNetW | CDnCNN-B  CATDNetW-EST
15 34.63 34.64 34.99 34.48 35.00
25 32.08 32.13 32.58 32.03 32.58
30 31.18 31.28 31.75 31.18 31.71
50 28.86 28.98 29.49 28.84 29.49
McMaster
Sigma CFFDNet CUNLNet CATDNetW | CDnCNN-B  CATDNetW-EST
15 34.33 34.66 35.12 3344 35.09
25 32.02 32.35 32.87 31.51 32.87
30 31.00 31.52 32.06 30.78 32.02
50 28.80 29.18 20.78 28.61 29.74
CUrban100
Sigma CFFDNet CUNLNet CATDNetW | CDnCNN-B  CATDNetW-EST
15 33.97 33.83 34.56 32.98 34.53
25 31.50 31.40 32.32 30.81 32.30
30 30.41 30.53 31.52 29.99 31.48
50 27.95 28.05 29.21 27.59 29.19

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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(a) Noisy Image (b) CDnCNN-B /30.11 dB (c) CFFDNet/30.54 dB (d) CUNLNet/ 30.23 dB

(e) CATDNetW / 31.27 dB (f) CATDNetW-EST /31.23 dB g) Ground-Truth

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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Project Page

e Codes are available
* https://github.com/terryoo/ATDNet

Yoonsik Kim Dpt. ECE, INMC, Seoul National University
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