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m Introduction
« Denoising and models
m Non-local / patch based approaches

m Advanced methods
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Image denoising

(e) Urban area using SAR imagery
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Can we denoise ?

Temporal information
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Can we denoise ?

Spatial information
TELECOM
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Image models

Hypothesis of Hypo_thesis of
signal / noise signal
separation smoothness
\

Hypothesis of
signal redundancy




Image models

[Geman and Geman, 1984]
[Perona and Malik, 1990]
[Rudin et al., 1992]

[Donoho and Johnstone, 1994]
[Portilla et al., 2003]

Hypothesis of
signal / noise  )---—-----
separation

[Aharon et al., 2006] s
[Dabov et al., 2007] H
[Mairal et al., 2009] .

[Chatterjee et al., 2011] Sparsity and

| [Gilboa and Osher, 2007]
\ [Peyré et al., 2008]

[Awate and Whitaker, 2006]

Patch-based approaches perform best (see review of [Katkovnik et al., 2010])
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Denoising and « averaging »

m Average of many noisy values: estimation of the
« true » reflectivity

m...only if the selected values are coming from the
same underlying noise-free value...

‘ How can we select them on the image?
TELECOM
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Selection based filtering

m Where finding the « good » information?

Locally (linear filtering) Locally (anisotropic diff.) Oracle

TELECOM
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m Introduction
m Non-local / patch based approaches
* Principle

m Advanced methods




Selection-based filtering

m Non-local approaches:

« Relaxing locality and connexity constraints for pixel
selection: selection based on similarity

. ] 1 searched noise-free value
Ug = w ( S IL) Ut 14 estimated noise-free value
teQ vg observed noisy value
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Selection-based filtering

m Non-local approaches:

* Relaxing locality and connexity constraints for pixel
selection: selection based on similarity [Yaroslavsky, 85]

d('vs y Uf)

fly = "u.?(S,f)’Ut w(s,t) = exp(— h2 )

teQ2

How computing d when having only noisy values ?

Use patches'!
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Non-local means [Buades 05]

m Algorithm :

[ ] Search window W,
[ Similarity window A,
[] Similarity window A,
.‘Z'; Scan of ¢

« Similarity of pixels = similarity of patches

_sim(x.y)

e 242

sim(x,z)
Zz FEET

w(x,y) =
. Patch centré sur y

. . Patch centré sur x
sim(x,y) = S100) ~ DI 2 5 300+ 8) — oty +))

t; Parcours au sein du patch

w(x,y) =

Ux)—Uy) 2
- 2h
_lYx)=u(z)*
g 2h

zeW
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Selection-based filtering

m Non-local approaches: example of weight maps

2

Uix)— U(y)
e 2h
U —=UE@)*
E e Ehi

zeW

j W(X,}-"J =
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Selection-based filtering

m Non-local approaches: example of weight maps

A
!

image extracted from [Buades et al., 2005]
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Local / non-local

Local approach
Weights map

Weighted
average

Non-Local approach

| .
- | Weights map
n
> | Weighted
1 | average

I I
= |
L

Search window
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Non-locality and patches

MNoisy

image

Search window

Local approach
Weights map

Weighted
average

—_— —— —_——_——_— —_——_————— — - — — - — — — — —y

MNon-Local approach
Weights map

Weighted
average

Patch comparison

-

Patch 1

e

H-

Dissimilar patches —> low weights
Similar patches —> high weights

Patch 2

TELECOM
ParisTech

5.4 L




Non-locality and patches

MNon-Local approach
Weights map

|

|

l - s
| —-

| average
|

Dissimilar patches —> low weights
Similar patches —> high weights

Search window

How to compare noisy patches?

Patch 1 Patch 2

TELECOM
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Non-local means
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Selection based filtering — H1 redundancy

TELECOM
ParisTech
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Non-local approaches - patches

H1 : Hypothesis of redundancy of patches in images

TELECOM
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Redundancy of patches ...

TELECOM
ParisTech
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Non-local approaches

H2 . similarity between patches = similarity of central pixels

50

40 0.15

30
20

0.05
10

Similarity of noise~free patches

o LE= :
0 10 20 30 40 50
Similarity of noise—free values

TELECOM
ParisTech
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m Introduction

m Non-local / patch based approaches

« Toy examples

m Advanced methods




Toy examples — periodic texture

Uy).

CUlx)

|U(x) = U2 = 0

R s BEREREE R Valeur des patchs

Uy) Ulx)

QUi cp it b YU - U=

5

2

'”‘ Valeur des patchs
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Toy examples — periodic texture

2

IU(x) = Ulx +2)|* = 2

2

IU(x) = U(x + 3)|I = ¢

: '”‘ Valeur des patchs
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i ParisTech

- EEET




Toy examples — periodic texture

Valeur des patchs

1U(x) — U(x + 4|7 = 2

|U(x) — U(x +5)||> = 52

5

TELECOM
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Toy examples — periodic texture

do b e e v = e

NLu(x) = - (1 — e " —2e (T cosh rx)
(1—e"Z)(1+e ")

TELECOM
ParisTech
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Toy examples — periodic texture

NLu(x) = Ta: (l — e " — 2 2(Z cosh rx)
(1—e"7)1+e ")
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Isolated crenel

m
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Isolated crenel

TR
e ..H/.. eeaiea Al |solated Cranel

Ornginal Signal
MLmeans 200

(}: S : —l MLmeans 800

] S , |

s=15
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m Introduction

m Non-local / patch based approaches

e Limits and solutions
m Advanced methods
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Limits and solutions

W Limits:
» Loss of weakly contrasted structures
* « rare patch effect »: noise halo

m Influence of NL-means parameters:
« Search window W
« Patch size s
« Kernel function (h parameter)

m Solution:
 Local adaptation of h

KEECO

Bias / variance trade-off

TELECOM
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Influence of W: loss of detalils

W=11x11

L i 4“)‘1
4411“’! ﬂ'ﬁ "0.45"
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Influence of W: loss of detalils
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Influence of patch size: « rare patch effect »




Influence of patch size: « rare patch effect »

Patch 9 x 9




Influence of patch size

Patch 9 x 9

Patch 5 x 5

TELECOM
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Influence of patch size

Patch 3 x 3 Patch 5 x 5

TELECOM
ParisTech

I Y s




Results




Influence of h

NLmeans, h local



NLmeans, h NLmeans. h local



2552
L — ul;

PSNR(i, u) = 10log,,

NLmeans, h global (PSNR 31.71 dB) NLmeans, h local (PSNR 32.33 dB) |



h adaptation

NLmeans, h global NLmeans, h local



m Introduction

m Non-local / patch based approaches

m Advanced methods
* Noise adaptation

)
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How to compare noisy patches ?

m Buades et al. (2005)
» Euclidean distance between patches [
« Implicit assumption of AWGN . e

. Similarity window At

is low = decide “similar”

Is high = decide “dissimilar”

TELECOM
ParisTech
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How to compare noisy patches ?

m Example of signal dependant-noise:

and

when w1 = uo :

2 o

TELECOM
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How to compare noisy patches ?

Noisy image Denoised (« oracle »

(gaussian noise) Driven by noise-free
Image content)

T

Denoised
(driven by noisy
Image content)

TELECOM
ParisTech
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How to compare noisy patches ?

R T A T T
.'_'._LL'f‘ll“ ' X -

Noisy image Denoised (« oracle » Denoised

(Poisson noise driven by noise-free (driven by noisy

Signal dependent noise) Image content) Image content)
Noise distribution has to be taken into account

e

5 L




How to compare noisy patches ?

(b) Astronomy

How to take into account the noise model?




Steps of non-local denoising

NONLOCAL ESTIMATION IN ACTION: PROCESSING AT PIXEL x

Averaged central

pixel value
' ® : \ z'le
1 Averaged patch bep:bjﬂcgj
—_—

Tle find similar estimate radar £
P e patches Stack of similar properties z|®
| patches z'®

Stack of denoised patches
after collaborative filtering

image space patch space image space

TELECOM
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A probabilistic framework

m Principle: adaptation of the NL-means to any kind
of (known) noise distribution

« Estimation step:

Weighted average is replaced by weighted maximum
likelihood estimation

t(xr) = arg max Z w(z, 2") logp(v(z)|t)
t f
I

« Detection of similar patches:

Weight definition is defined in a detection framework
by hypothesis testing

TELECOM
ParisTech
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Similarity definition

m Similarity is defined by an hypothesis test:
Ho : w1 = uo = wi9 (null hypothesis)

Hi:wg # uo (alternative hypothesis)

m Performance measured by:

Pra = P(decide “dissimilar” | w12, Ho) (false-alarm rate)
Pp = P(decide “dissimilar” | wy, wa, H1) (detection rate)

m The likelihood ratio test maximizes PD

p(vi,vo | w12, Ho)

L(’U'l ) 1‘_?2) —
p(*ul , V9 | w1, U9, ’?{1)

TELECOM
ParisTech
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Similarity definition

m Unknown values are replaced by ML estimates (GLR):

supy p(vi,v2 | w12 = t,Ho)

supg, ¢, p(v1,v2 | w1 =t1,u2 = t2, Hi)

m Study of this criterion

(

when w1 = w9 : —log GLR

CBL_FQ < 5 é‘ .
when w1 # u2 : —log GLR . ; . = '

TELECOM
ParisTech
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Evaluation of similarity criterion

5 7 6 O 0
GOME 8
I S
) ERE =
I 1 I
1 5 0 1 S 5
I 0 0 1
L LR o [
I I Y ™ A
I ™ I P
7 1 I O S
W ) I 5 O O 1 2 N
RERE NS
N

B Generalized likelihood ratio

B \/ariance stabilization
|

B Maximum joint likelihood

Probability of detection
o= o= o =] =) o o
0w B N

o

Gamma

0 0.2 0.4 0.6 0.8

Probability of false alarm

[Alter et al., 2006]



Evaluation of similarity criterion

5 O
(N 8 1
Bl R
i ERE =S N
I T T
£ 0 0 o O 1
I 0 P P
L LR fl T
1 O ™
I ™ O
LT [ D il b ot
1 £ 1 4 1 N 1
T T L
HuNESREE N

Generalized likelihood ratio
Variance stabilization

Maximum joint likelihood
Mutual information kernel
Bayesian likelihood ratio
Bayesian joint likelihood

Probability of detection

Poisson

0 02 04 06 08
Probability of false alarm
[Alter et al., 2006]
[Seeger, 2002]
[Minka, 1998, Minka, 2000]
[Yianilos, 1995, Matsushita and Lin, 2007]
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m Introduction

m Non-local / patch based approaches

m Advanced methods

lterative approaches
Automatic setting of parameters

o
Wit R
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lterative version

approaches

Similarity definition - refinement

P(Ho| B8 H) _
IEIJ(’H1| ﬂhﬂz)

p( mhﬂ? |HU)
P( mhiz |H1)

/

Computed on noisy data
using noise distribution and GLR

Computed on noise-free data
using an iterative scheme
and symmetrical KL divergence

- E
—E
-

U 1

B
H

Drr (1 ||t2)

TELECOM
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Iterative version- Weight refinement

Hlllilllilllll muu lLJf LHLHHHHHHLH

1 ParisTech
geso f EI

Selected pixels

Distributions
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Iterative version- Weight refinement

Hlllilllilllll muu lLJf LHLHHHHHHLH

1 ParisTech
g0 | EI

Selected pixels

Distributions

TELECOM
ParisT




Iterative version - Weight refinement

e[l “I—'“z}Z]

AN I N

L o e lluvllllLlllLlllLlllLl:

l-

T l'l=

; TE’LECOM

arisTech

mEEEN

B

I Distributions Selected pixels  Weights
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lterative verion - Weight refinement

w[(u1—u2)?] w[_':‘_+_li_2]

u
i
L .

4 A J‘Il‘thllllr - A

T o B B B B B B o A

EE

|
|
L]
Histogram

L.
g
oL

I. EER

“pl lll7

/\_ Trua cistribasion
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lterative verion - Global scheme

Statistical tests

-
..-".. =

Moisy image
_ T

Y

&
¢ Generalized
1 likelinood ratio ';
' ~logGLR 1
\ Fa

-
- -

¢ Weights with noisy data
Pre-filtered image

4
—

7 T
hY
I" Symmetrical
i Kullback-Leibler y
divergence !

]
[ .\ Jr)ﬂr jr-'

£

* -

e

-

Better performances <—

TELECOM
ERTY
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lterative version - Global scheme

Statistical tests

=
.f". el
LY

'
¢ Generalized
1 likelihood ratio ';

' —logGLR

Moisy image
r ¥ : _t“ :EI

- =

4 Symmetrical "
I Kullhack-Leibler y
v divergence |
A D

. KL . P

-

Use iterations to refine the weights

Limits: number of parameters (W, p, number of iterations)

TELECOM
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Ilterative version
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m Introduction

m Non-local / patch based approaches

m Advanced methods

« Automatic setting of parameters

)
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Spatially adaptive aggregation

m Many parameters:
« Search window size (rare patch, influence of small weights)

» Patch size (rare patch effect, noise halo)

« Number of iterations / pre-filtering strength (bias / variance)
m Antagonist criteria: no best global tuning

 Quality of the estimation / amount of filtering

x Cannot preserve all structures!

No prefiltering

Noise-free image Noisy image

Prefiltering

small patches large patches



Influence of pre-filtering

Noisy image Weights without prefiltering Result without prefiletring

Prefiletred image Weights with prefiltering Result with prefiletring




Spatially adaptative aggregation
m Aggregation:

« Compute several estimates with different parameters

« Select the estimate with the best smoothing

Estimates

ENL

LNE (x)

(X, wlz,2))?
2

Yo pw(w, )

A small sample of estimates obtained with different parameters

Strong blurring: only takes into account estimation variance but not the bias

Local selection

TELECOM
ParisTech
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Spatially adaptive aggregation

m Before aggregation:
* Apply bias reduction for each estimation
« Select the bias reduced estimate with the best smoothing

)]
2
©
-
k7
w

LMMSE

A small sample of estimates obtained with different parameters Local selection



Spatially adaptive aggregation

m General scheme:

[ non-local estimation
C’ A :
I . patch weights JE.
. C _(pre_es't]matmn)_[comparison]_[mmputation] thr. LM'
input ] o 3 o I output
SAR image 5 P C : non-local estimate
weighted averaging
L H-"% y
input I8 output
i y { ~ NLRB i i
SAT Image — non-local bias reduction ]E - local selection of SA{{WILTsiic
C = estimation JENLRH-:EE the best estimate 3
—
— section IIILA&B — section II1.C N\
T — section IV.B

multiple estimations with different parameters : s, P and W

TELECOM
A ‘
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Example of spatially adaptive aggregation

WIRIMGaLE
BEWININIT
LIt 1
li!i/!u!.”

(a) Noisy image.

(b) Result of the adaptive approach. (@ smoothing strength (range: [0, 20 x 20]),
e e far ek orant < @ search window sizes (range: [0, 20 x 20]),
@ the patch size (range: [3 x 3,11 x 11]),

. o prefiltering strength (range: [1, 3]).

NL-SAR: A unified non-local framework for resolution preserving (Pol)(In)SAR, Deledalle, Denis, Tupin,
ParisTech

e b T



Example of spatially adaptive aggregation

. eimimintlk | LI
s PANIE B [BigIAERIE

' aRiefad
IniEigpan

P L RS

(a) (c)
(a) Noisy image.
(b) Result of the adaptive approach. (@ smoothing strength (range: [0, 20 x 20]),
R R e e < @ search window sizes (range: [0, 20 x 20]),
o the patch size (range: [3 x 3,11 x 11]),
. @ prefiltering strength (range: [1, 3]).

NL-SAR: A unified non-local framework for resolution preserving (Pol)(In)SAR, Deledalle, Denis, Tupin,
ParisTech

e T



Issues

m Kernel choice
« Gaussian is limited (no clear cut)
« Trapezoidal kernels

m Patch shape
« Adapted shape
« Choose the best estimate... by aggregation!

TELECOM
ParisTech

- RaivE



Steps of non-local denoising

NONLOCAL ESTIMATION IN ACTION: PROCESSING AT PIXEL x

Averaged central

pixel value
' ® : \ z'le
1 Averaged patch bep:bjﬂcgj
—_—

Tle find similar estimate radar £
P e patches Stack of similar properties z|®
| patches z'®

Stack of denoised patches
after collaborative filtering

image space patch space image space

TELECOM
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Variations on non-local approaches

m BM3D

 Instead of denoising one pixel: denoise the whole
stack of similar patches

m NL-Bayes

* Introduce a prior on the denoised patches (instaed
of a ML estimate compute a MAP estimate)

m Patch dictionnaries
« K-SVD
« Epitomes
 FoE

TELECOM
ParisTech
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Patch-based applications

B Some applications in image processing
* Inpainting (image and video)
 HDR (High Dynamic Range)
« Texture synthesis

—diy

A



Patch-based inpainting

”/ 2 "fi.v‘/( ek ¢

m Principle:
 Start by the boundary pixels of the region to fill
» Select a patch around the pixels
« Search for similar patch in the known image
* Fill the central pixel with the central value

TELECOM
‘ ParisTech
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Ing

t

Inpain

Patch-based
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Ing
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Inpain

Patch-based
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Patch-based inpainting

TELECOM
ParisTech
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Video inpainting

m Principle
« Use space + time patches to fill gaps
« Multi-resolution framework
« Estimation of the dominant motion in the video

@Newson et al. =TT



High Dynamic Range Imaging

m\
\\“ TELECOM

@Aguerreberre et aI. 5.7 L |




Loss of details in bright areas

Loss of detalls in dark areas

Fr i .\\\\\\\\\\
@Aguerreberre et al. lﬂlml




Patch-based HDR (High Dynamic Range)

Irradiance
Map
(number of photons

reaching each
pixel per unit time)

TELECOM
‘ ParisTech

@Aguerreberre et al. EZEFN




HDR principle — static case

Co-registered input images

e = B

For each pixel position:

Input: pixel values 21,..., 2N

for exposure times 71,...,TN

)

HDR
generation

Irradiance
Map

Output: irradiance C
number of photos reaching
the pixel / unit time

TELECOM
ParisTech
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HDR principle — static case

4l ;Z % Iradiance C
g 3“&
S L. dt =CTj—*

sensor cell

combine
expogdres

Cj _ fl’r(‘zj) <

J

e

pixel
camera value
response
function — Zj
f(CTj)
—1
(%)

TELECOM
‘ ParisTech
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HDR — dynamic case

moving = L 4l camera
objects EE B (F ot motion

SIS

TELECOM
i ParisTech

@Aguerreberre et al. E&E




Patch-based HDR

C. Aguerrebere, J. Delon, Y. Gousseau, and P. Musé. Simultaneous HDR image

reconstruction and denoising for dynamic scenes. International Conference on

Computational Photography (ICCP) 2013. TELECOM
ParisTech
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HDR

Input images

U'\ ns Be.’l.v\l,'.\

Mo x
Gdlal i e

Uaeir.g ag o

@C. Aguerreberre et al.
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HDR

@C. Aguerreberre et al.

@Aguerreberre et al. EZETHN




Texture synthesis

@Tartavel et al.



Texture synthesis

Image Fourier, amplitude Fourier, phase

~’.1 LR ot b Dy Y ‘\él
. s Yoot i -
N 1 L ST
A A PRI Bl s
D ) 2 .. Je " > %

T~
st ¢
. 8 --., ;.\,
- -
SN A5,
% 2ot NN
s M0
[ tew
e S
o ',*'« y
. ]
Vi
N
L)
$ ok
) %
(L) -

27 o0 (3 wy
AN \3(:: = :w' oy
A - .
RIS TR T St b -

Fourier coefficients < oscillations E ]]]]
@ Distance to center: frequency
@ Location: orientation % /
@ Phase: position (translation) %
_
— @Tartavel et al. SR




Texture synthesis algorithm:
© Start from an image g
@ Compute its Fourier transform g

© Generate random phases:

b(p, q) = io(p, q) - P-9)

©@ Compute inverse Fourier transform u from &

@Tartavel et al.

B TELECOM
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Texture synthesis —random phase




Textures synthesis —random phase

Tiles from roof 2

W\

"o

r - T

AT
!
e

RPN failure to simulate a macro-texture

TELECOM
ParisTech
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Textures synthesis — random phase

TELECOM

ParisTech
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Patch-based synhesis

reptile skin aluminum wire

Synthesis algorithm of Efros & Leunge

@ Synthesize pixels one by one

@ To generate a pixel p:

@ get the patch around it
Q@ find a similar patch in
© copy the value of its center pixel

TELECOM
1 ParisTech

@Tartavel et al. AT




Synthesis with spectrum and patches

|deas

@ Synthesis from an image ug
@ Mix Fourier and patches

@ Variational approach

Variational approach
@ We define a “similarity” function
EO(U) — S(U? UU) + P(U, UU) T H(U:‘ UU)

spectrum patches histogram

@ We minimize Ep using the gradient descent algorithm
— local minima are synthesis!

- @Tartavel et al




Examples

e -why“.ﬂ.cva
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Examples

5.4 L

©
+—
o
<
©
=
®




Conclusion

m Patch-based approach for image
processing

« Very powerful and « weak » models
« General formulation

« Wide range of applications beyond
denoising

« Spatial and temporal adaptation (video)
m Limits

 Additive gaussian noise
« Many parameters

T
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