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INTRODUCTION

00®00

Inverse problem formulation

Recovering the original (unknown data) from distorded obser-
vations.

Formulating the inverse problem as a minimization problem
Variational approach;
Statistical approach (MAP).

minimize fi(y) + ()
y N~ N~
Fidelity Regularization
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INTRODUCTION
o] lo}

Minimization problems
Standard problem:

minimize fi(y) + (v)
yERN —~— —~—
Fidelity Regularization

Taking into account several regularizations (P —1 terms):

mmlmlze fily) + Z ()
ye

Introducing linear operators (F,),cq1,....p):

P
L o).
ml?égyze pz_;fp( ry)
For large size problem or for other reasons, can be interesting to
work on data blocks y*) of size L, (y = (y(’”))le)

minimize g fp p)
yERN
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INTRODUCTION
[e]e] J

Some proximal approaches

Parallel ProXimal Algorithm + (PPXA+) [Pesquet, Pustelnik, 2012]
Generalized Forward-Backward [Raguet et al,, 2012]

M+SFBF [Bricefio-Arias, Combettes, 2011]

M+LFBF [Combettes, Pesquet, 2011]

FB based algorithms [Chambolle, Pock, 2011],[V,2013],[Condat,2013]

Proximal Alternating Linearized Minimization (PALM) [Bolte et al,,
2014]

An accelerated projection gradient based algorithm [Zhang et al,, 2016]

Block-Coordinate Variable Metric Forward-Backward (BC-VMFB)
algorithm [Chouzenoux et al., 2016]
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o0

General principal of data acquisition
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Land seismic data acquisition

soismic truek
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(MULTIPLE + NOISE) REMOVAL
®00000

(Multiple + noise) removal strategies

multiples noise
(n) b(zz)
Measurements
—» | System — v ) = y(n) + s 4 p(m)
\ (vne{0,...,N—1})
.y(n
primary

Which strategy for restoring the primary signal y) corrupted by the
unknown multiples s, plus noise b2

Methodology for Variational approach
primary /multiple adaptive Proximal methods to solve the
separation based on resulting optimization

approximate templates problem

10/41



(MULTIPLE + NOISE) REMOVAL

O®0000

Multi-model

J models r]g”) are

Imperfect in time, amplitude and frequency

Assumption: models linked to 5" throughout time varying
filters (FIR)

J—1Pj—1
5 — ]( )(p)r;”_p)
j=0 p=0
where
h": impulse reponse of the filter corresponding to

j
model j and time 1 (P; tap coefficients)
New definition: P = >>/_) P
Matrix form:

z =R h + v + b
~— ~—~ < ~—~
observed signal filter : noise

primary

1/41



(MULTIPLE + NOISE) REMOVAL

[e]e] Je]e]e]

MAP estimation of (v, h)

Assumptions:

y: realization of a random vector Y, of probability density:

(Vy €RY)  fy(y) o exp(—p(Fy))

F € R®*N: linear operator, ¢ is chosen separable

h: realization of a random vector H, of probability density:
(vh € RNP) fy () o< exp(—p(h))
H is independent of Y.

b: realization of a random vector B, of probability density:
(Vb € RN)  fa(b) oc exp(—1(b))
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MAP estimation of (v, h)

Assumptions:
y: realization of a random vector Y, of probability density:

(Vy €RY)  fy(y) o exp(—p(Fy))

F € R®*N: linear operator, ¢ is chosen separable

h: realization of a random vector H, of probability density:
(Vh € RYT) fiy(h) o< exp(—p(h))

H is independent of Y.

b: realization of a random vector B, of probability density:
(Vb e RY)  fa(b) ox exp(—h(b))

minimize ©(z—Rh—-y) +  ¢(Fy) + p(h)
YERN heRM ~ __ _— O ——
: linked to noise @ priori on the signal  a priori on the filters
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(MULTIPLE + NOISE) REMOVAL
[e]e]e] Jele]

Problem to be solved
MAP estimation of (y, h)

minimize ©(z—Rh—-y) +  ¢(Fy) + p(h)
YERN heRNP ——r
fidelity: linked tonoise @ priori on the signal  a priori on the filters

» Difficulty: Choosing the good regularization parameters

» Proposed: Use a constrained minimization problem

Problem to be solved

e o . N
iz (2 = [0 = ) - () 5=
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(MULTIPLE + NOISE) REMOVAL
[e]o]e]e] lo]

About convex set D

Problem to be solved

inimi —Rh — IE h
migimize ¥(z — Rh—y) + w(Fy) + ic(h)

LM@:{O ifxeD

+o0o otherwise.

F € RX*N: analysis frame operator
{Ki|lefl,...,L}} c{1,...,K}

D =D; x---x D, with

Di = {(xi)kex, | Xokek, pe(xx) < Bi}, where
vie{l,...,L}, B €]0,400[,and ¢; : R — [0, +o0[is a
lower-semicontinuous convex function.
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[e]e]e]e]e] ]

About convex set C

Problem to be solved

minimie ¥(z ~Rh ) + o(Fy) + e

C=CinNnCnNGCs

Ci={heR™ . ph) = S/ pylly) <}

= {nlwme o |5 -1} g - nep)| <)

7
Cs= {h | p, n € {1 VVZ”J} H (p) — V)] < e, )
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00

Proposed algorithm

Problem to be solved

o y
y@ﬁg}ﬁ%& 1 <{h} > + tp(Fy) + tc(h)

U RNFNP SR [lyl] + 1b(z — Rh — y) is convex and

differentiable with p-Lipschitzian gradient (u €]0, +00[) i.e.
(Yu,0) € RN V0 () — V()| < pllu o,

(Vi € N), 71 € [e, 15¢] where

) 1
j:u«l» HFH2+3aHdEE}Om[

~ Use the M+LFBF algorithm [Combettes and Pesquet, 2012]
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(o] J

Algorithm M+LFBF [Combettes and Pesquet, 2012]

Set yl0l ¢ RN hl0) ¢ RN ol0) ¢ RK 3[0] ¢ RNP
fori=20,1,... do
Gradient computation

[l (i , [ *lil
MR ERES)
Projection computation

[l] — ol 4 ~ z]l:y wgi] _ Sg] _ ’Y[i]HD((’}/[i])_ls[zi])
8 o, — ()
Averaging
qli w[i] +7”Ps£"], ol — il sg] +q¥]

q[z] wg] [} gz]’ Ll — 4l tg] +q£z]

Update
[i+1] [ , (1 Fropll]
Yy ly s w
] = [ =7 <W< i >+ wng
end for
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Algorithm M+LFBF [Combettes and Pesquet, 2012]

Set yl0l ¢ RN hl0) ¢ RN ol0) ¢ RK 3[0] ¢ RNP
fori=20,1,... do
Gradient computation

[ li , li ol
EH y y v
]| - ] (v () ()
Projection computation

3 = ol APy, ] = 51— 4 PIp (41 1))
gl = ull Al gl = 1 iy 1
Averaging

qgl:} _ wgl] 4 WP#, olit1l — ol sg] + qgi]
gy = wy +AUE, it = gl gy gl
Update
] i . [ el
Yo =Y A (vw 5] )+ [T @
|:h[l+1]:| |:h[l]:| Y ( tgl] wg]
end for
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Algorithm M+LFBF [Combettes and Pesquet, 2012]

Set yl0l ¢ RN hl0) ¢ RN ol0) ¢ RK 3[0] ¢ RNP
fori=20,1,... do
Gradient computation

[l (i , [ *lil
MR ERES)
Projection computation

[l] — ol 4 ~ z]l:y wgi] _ Sg] _ ’Y[i]HD((’}/[i])_ls[zi])
8 o, — ()
Averaging
qli w[i] +7”Ps£"], ol — il sg] + qgi]

q[z] wg] [} gr]’ Ll — 4l tg] +q£z]

[i+1] [i]
Yy —|Y '
[h[m} = {hm} — A ( +

end for
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Context
Problem to be solved
ylgﬁlﬁlféﬁfﬁp U (Bﬂ > + tp(Fy) + tc(h)
U=|-|* < B~N(00%
¢ = | - | and F: Symlet wavelets of length 8 over 4 resolution
levels.

pj = {1, and constraints choice: g9, = 0.1 and &1, = 0.07 for
every p.

Number of templates : | = 2

Filter length: Py = 10, P; = 14

Iteration number: 10000

(stopping criterion at iteration i if ||y — yll|| < 107°)
Signal length: N = 1024

18 /41
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Synthetic data (1D)

g the

=

Simulated seismic signals:
noise level o = 0.08

200 400 600 800 1000
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Synthetic data (1D)
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Simulated seismic signals:
noise level o = 0.08
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Synthetic data (1D)

{o] Jele]

530/ 565 600

350

435

525

610 700

Simulated seismic signals:
noise level 0 = 0.08

Close-up:

input data: z (¢ = 0.08)
primary: y

Results
output separated primary: y
primary: y
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Extension to 2D signals

Z(n) = y<n) + g(“) + [7ln\

n = (n,ny), ny € N £ {0,...,N; — 1}: the time index;
ny €N, 2 {0,...,Ny — 1}: the sensor index

neN 2 {(ng,ny)|ny € Ny, nye € Ny J

:(n ]z: z_: (n t—P,Nyx)

j=0 p=0

— smooth variations of the filters / along time and along sensors, F:
2D sparse representation.
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D0000e

Real data

50 s 1 Seismic data with
100 a partially appearing primary
% - size 400 x 400
150 Pr imary

200

250
3001 N
3501

400 : : :
100 200 300 400
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Real data

50
Seismic data with
100+ ; | a partially appearing primary
- size 400 x 400
; cropped of recorded
1501 Primary | seismic data: z
- size 256 x 256
200
250

50 100 150 200 250
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Real data
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250
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Seismic data with

a partially appearing primary
- size 400 x 400

cropped of recorded

seismic data: z

- size 256 x 256

Reconstructed image by

[Ventosa et al., 2012]
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TENSOR FACTORIZATION

@0000

3D fluorescence spectroscopy

Problem: identifying dissolved fluorescent substances in water
solutions

Method: fluorescence spectroscopy technique

Data acquisition:

=
— Jex ¥ - Xem —
T
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@0000

3D fluorescence spectroscopy

Problem: identifying dissolved fluorescent substances in water
solutions

Method: fluorescence spectroscopy technique

Data acquisition:

/

Aex > N = Xem )

\/

FEEM
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TENSOR FACTORIZATION

@0000

3D fluorescence spectroscopy

Problem: identifying dissolved fluorescent substances in water
solutions

Method: fluorescence spectroscopy technique

Data acquisition:

FEEM

?
Fluorescent compounds? mn



TENSOR FACTORIZATION

O@000

3D fluorescence spectroscopy and tensors

excitation spectra emission spectra concentration

N

H To £
ex )‘ Experlmems

N 7 e o

o: outer product

23/41



TENSOR FACTORIZATION

[e]e] Jele]

(Canonical) Polyadic Decomposition (CPD)

[Harshman1927]

Tensor rank Loading vectors Loading matrices
Wl —
TZZ 551)0552)0...0 ESN) :[[A(l),A(Z),...,A(N)]]
r=1

Rank-1 tensor

vn e {1,2,...,N}, 5/') c Rl and A™ ¢ RI:xR
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TENSOR FACTORIZATION

[e]e]e] le]

Canonical Polyadic Decomposition (CPD) (2)

7(N
Zalﬂ’ 127’ o 1Nr
[Cichocki2009]
T =A®Z"™T ne{1,... N},

T,(:)Ln € RI 7. the matrix obtained by unfolding 7 in the n-th mode,
I ,.=1.. IN/In;forallne{l,...,N},

Z(=n) _ F(N A(+1) ~ x(=1) ~ a1 I_,xR
Z V=AM AU o A o AW e R

©: Khatri-Rao product.
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TENSOR FACTORIZATION

O000e

Objective: tensor decomposition

Input: Observed tensor 7

Output: Estimated loading factors a\" for
allme {1,...,N}

Loading factors a") entrywise nonnegative

Large dimension tensors

Rank R unknown — needs to be estimated (overestimation
problems)

26 /41



TENSOR FACTORIZATION

00000

Proximal algorithm for CP decomposition

R
T = Zﬁﬁl) o...oa_l,(,N) = [[A(l)).”’A(N)]].
r=1

Tensor structure: naturally leads to consider corresponding to
the loading matrices

minimize FAY AN L Ry AD) 4+ Ry(AN)
AM eRInXR ne{l,....N}

27 /41



TENSOR FACTORIZATION

O0@000

Fidelity term

FAD, . AN): term
1
]:(A(l)v s 7A(N)) = E”T_ [[A(l)> s ,A(N)]]HI%
1 T
= §||T§f,)1,,, —AZEnT 2

matrices of F with respect to A®W vn=1,... N

VaFAD, . AN) = (T~ AWZETHZE

28 /41



TENSOR FACTORIZATION

[e]e] Jele]

Regularization terms

Ry (AM): block dependent

I

Ra(AM) = ZZpH , vne{l,...,N}

i,=1r=1

where loading matrices A = (a l(n ))(1,, re{l,...[,}x{1,....R}

+00 otherwise

7 (n) (n)
Pn(w) = {a<n)|w| if "min Sw< Tlmax

a™ €]0, 400, 7™ € N*, 771(111)n € [~00, +-0o[ and n € [771(:1)117 +o0]
= block dependent but constant within a block regularization
parameters

29 /41



TENSOR FACTORIZATION

[e]e]e] lo]

Preconditioning

matrix P for the n-th block, vn € {1,...,N}
POAD ANy =AM (Z(—ﬂ)Tz(—")) o AM

vn e {1,...,N}, A" must be non zero

©: Hadamard entry-wise division

(Preconditioning: extension of the one used in NMF [Lce and Seung,
2001])
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TENSOR FACTORIZATION

0000®

Proximity operator
of R, associated with P(")

PIOXy (] ~1P( [K], R, (y) = (prOXV[k]flpfw[k]_’pn (]/(i)))ie{lwmn}

(Vy = (Y D)icq1,...r1,y € RRI), where (Vi € {1,...,RI,}), (Vv € R)

prox () (U) = min {77(”) max {17(”4) prox (n) (’U)}}
YK =1p o max; min’ A ™ k)= |

(separable structure, diagonal preconditioning matrices,
componentwise calculation)
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0000®

Proximity operator
of R, associated with P(")

PIOXy (] ~1P( [K], R, (y) = (prOXV[k]flpfw[k]_’pn (y(i)))ie{l,...,RI,,}

(Vy = (Y D)icq1,...r1,y € RRI), where (Vi € {1,...,RI,}), (Vv € R)

prox () (U) = min {77(”) max {17(”4) prox (n) (’U)}}
YK =1p o max; min’ A ™ k)= |

1.6

n=1 od S R —
pI‘OX/)N (U) Where RS [_27 22]1 14 -;:32 ,"
[771’(1’]1113’1’ 7]I(Y763X] - [0, 15], a(") =2 and 1.2F .
1 s
1) 08t ':ffv"'
Z)TF(”) =2 0.6f .._'_',,‘
3)71'(”) =3 041 -_.;','
0.2F gt
o-..-o'

0 5 10 15 20 31/41



TENSOR FACTORIZATION

@000

Experiments on simulated data

d : (uni or bimodal type) emission and excitation
spectra, R =5

: T =T + B, B: white Gaussian noise

1. 3D tensor: T € RTOXNUXNO
+ Noiseless case: no noise added, R = 6 (overestimation)
LT 100% 100 x 100X 100
2. 4D tensor: 7 € R

+ Noisy case: SNR = 18.46 dB, R = 7 (overestimation)

1. Signal to Noise Ratio defined as SNR = 20log,, HiTLH

P S, S AT R) —AM |y
2. Estimation error: E; = 10log;, ( SITOIN

3. Over-factoring error E; = 10log, (H ZV_RHASU ...oalN || )
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TENSOR FACTORIZATION

{o] lele]
Numerical results - 3D tensor
Noisy case
\ Elapsed time (s) [ BC-VMFB | N-way [ fastHALS |
For 50 iterations 0.2 11 0.5
To reach stopping conditions 75 8 8
(Eq1,E;) dB (-11.2,-409) | (-12.5,30.6) | (-12.5,30.6)
Noiseless case
\ Elapsed time (s) [ BC-VMFB | N-way [ fast HALS |
To reach stopping conditions 74 80 3.7
(E1, E;) dB (-15,-409) | (-8.7,31.7) | (-6.1,31.7)

Computation time comparison: BC-VMFB (with penalty), N-way [Bro, 1997], fast
HALS [Phan et al, 2013] using the same initial value

BC-VMFB:
Fastest computation time / iteration

Smallest estimation error E; (noisy case), overestimation error E; (both cases)
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TENSOR FACTORIZATION

Visual results: 3D tensor, noiseless case

Ref. BC-VMFB N-way

-5

Tkl
I*n1an
ARNIan

300 400 300 400 300 400

Penalized BC-VMFB o = 0.05

0.05
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TENSOR FACTORIZATION

@000

Computer simulation: real experimental data - water
monitoring to detect pollutants

Data were acquired automatically every 3 minutes, during a 10
days performed on water extracted from an
urban river = tensor of size 36 x 111 x 2594.

The excitation wavelengths range from 225nm to 400nm with a
5nm bandwidth, whereas the emission wavelengths range from
280nm to 500nm with a 2nm bandwidth.

The FEEM have been pre-processed using the Zepp’s method
(negative values were set to 0).

During this experiment, a contamination with diesel oil
appeared 7 days after the beginning of the monitoring.
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Results: assuming that R=4

Estimated FEEM

penalized BC-VMEFB algorithm

Estimated FEEM

2 10°

12

(
30 30

1

[0
s

s
e

02

350

)
2
i
16
14

00 40 500

)

T —

L=

Bro’s N-way algorithm
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TENSOR FACTORIZATION

{e]e] le]

Results: concentrations

1ot Normalized concentrations 1ot Normalized concentrations

o 200 200 B

penalized BC-VMFB algorithm Bro’s N-way algorithm

Case R = 4
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000e

Concentrations estimated by BC-VMFB

x10° Normahzed concentrat|ons
. .

@)

2t Wi 4
EHJ Il

0 o

I ! ! I ! !
0 200 400 600 800 1000 1200 1400
Experiment

CaseR =4
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Concentrations estimated by BC-VMFB
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CONCLUSIONS
[

Conclusions

Inverse problems study from model to resolution through
parameterization.

Performance study on simulated data but also on real data.

Elaboration of efficient methods based on wavelets, optimization,
proximal algorithms.

Numerous fruitful exchanges with biologists, chimists, physicists,
doctors.

Interdisciplinary projects.

Opportunities for fruitful collaborations and shared student
supervision.

a lot remains (hopefully) to be done ...
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Perspectives
I can not imagine the future without inversion, who has never
dreamed of inverting time?

A lot of projects in progress

Audio inpainting;

find signal

but how?

Graphical models;
NMR spectroscopy.
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Perspectives
I can not imagine the future without inversion, who has never
dreamed of inverting time?

A lot of projects in progress
Audio inpainting;

Graphical models;
. T Pair Group NB SVM SIDA
N 1 FM 69.23 86.02 84.62
w f HC 58.93 85.54 94.64
Input: : * E N DEP 9062 | 9118 93.75
metabolic rate of 116 brain regions ’ . HC 87.50 90.99 96.43
18F-FDG PET 3 FM 90.38 95.34 98.08
DEP 81.25 94.79 96.88
4 AD 7368 | 93.24 97.37

HC 8214 | 93.58 98.21

NMR spectroscopy.
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CONCLUSIONS
[

Perspectives

I can not imagine the future without inversion, who has never
dreamed of inverting time?

A lot of projects in progress
Audio inpainting;
Graphical models;
NMR spectroscopy.

Thank you!
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Proximal tools
®0

Proximity operator

Let ¢ be a lower semi-continuous convex function. For all x €
RN, prox,, is the unique minimizer of

y—= o)+ 3llx—yl?

Examples:
C a non-empty closed convex subset of RN.

I 1 s
O: X) = minimize —||X =
pros,(x) = minimize ic(y) + ¥ — |

e . 2
= minimize ||X —
imize |y

T (x): onto C
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Proximal tools
®0

Proximity operator

Let ¢ be a lower semi-continuous convex function. For all x €
RN, prox,, is the unique minimizer of

Y=
Examples:
A
pI“OX)\Hp
(Vx € R)
a) prox,.p(x) = T 2 /o P=
LA s —”” \
Wiener” filter ~ - \ *

b) prox, .| (x) = sign(x) max (|x[ — A,0)

shrinkage operator
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Proximal tools
oe

Proximity operator

let ¢ : R — |—00, +00] be a proper lower semi-continuous
function. The proximity operator is defined as

1
prox,: R — R: v~ argrfeiﬂrgi lu — o|* + o(u),

let p : Rl — ]—00, +0c] be a proper lower semi-continuous
function. The proximity operator associated with a Symmetric
Positive Definite (SPD) matrix P is defined as

1 2
proxp ., R - RE: v g lu—v|p+ (u),

where ¥x € RE, ||x|\f, = (x,Px) and (-, -) is the inner product.

Remark : Note that if P reduces to the identity matrix, then the two
definitions coincides.
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Seismic multiple removal

®0000000000000000

Marine seismic data acquisition

Signals from Hydrophones Hydrophones
2 1
<] <]
é é N~ 1— "
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bo?ctoergllg ayreornl1 2 o ——— i ._ : * Layerl _

-
-
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Reﬂec:’a?ﬂa from /\ 

bottom of layer 2 Lovar

Figure: The seismic reflection method.
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Seismic multiple removal
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Resulting seismic nD data
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Seismic multiple removal
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Resulting seismic nD data
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Seismic multiple removal
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Seismic multiple removal
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Seismic multiple reflection

Hydrophone Towed streamer

Solid blue: primaries; dashed red: multiple reflection disturbances.
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Seismic multiple removal
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Problem reformulation

z =R h + v + b
~—~ ~—~—
observed signal filter primary noise

where
5= Y LRl = Rh = [§@, ..., s8-D]
R=[Ro---Rj_1],Rjisa

_ =T T T
h=— [ho R

—

Ijl](n) _ {E}(O)(p/) E}O)(P/ +P—1) -
T

E;Nfl)(p/) .. E;Nfl)(p/ + Pj . 1)
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Seismic multiple removal
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Estimation of y

Assumption: y is a realization of a random vector Y, whose
probability density is given by:

(W eRY)  fy(y) o exp(—p(Fy))

F € RX*N: linear operator.
 is chosen separable:

K
(V= (wiskek €RY) 0(0) =) nlxe)
k=1

where, forallk € {1,...,K}, pr: R — |—00, +0].
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Seismic multiple removal
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Estimation : filter h and noise b

Assumption: h is a realization of a random vector H, whose
probability density can be expressed as:

(vh € BVP) fiy(h) o exp(—p(h))

H is independent of Y.

Assumption: b is a realization of a random vector B, of
probability density:

(Wb € RY)  fo(b) oc exp(—1(b))
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Seismic multiple removal

0O0000@00000000000

Estimation : filter h and noise b

Assumption: h is a realization of a random vector H, whose
probability density can be expressed as:

(Vh € RYF) fiy(h) oc exp(—p(h))

H is independent of Y.

Assumption: b is a realization of a random vector B, of
probability density:

(Wb € RY)  fo(b) oc exp(—1(b))

minimize ©'(z—Rh—y) + ©(Fy) + p(h)
YERN heRN ——r
: linked to noise 4 priori on the signal  a priori on the filters
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Seismic multiple removal
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Seismic multiple removal
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Space Space

[} [}
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\
.
Observed image Signal Template
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Seismic multiple removal
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Sparse representations

Dictionary: atoms ¢; € RN, frame analysis operator F
Decomposition: x = ((y | ex)),cx = Fy
Ideal sparsity: Most xi are zero

Eo(x) = #{k L Xk 75 O}

Discovering the structure of natural images

Pre-processing, quantization...

Sparse models for signal processing

Denoising, coding, restoration, compression...

Optimization algorithms

Matching pursuit algorithm [Mallat and Zhang, 1993], iterative hard-thresholding
[Starck et al., 2003], proximal splitting techniques [Combettes and Pesquet, 2011]
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Sparse signal

Seismic multiple removal

0000000000000 000

Geological Acoustic Reflection
section impedance coefficients

5
Underground structure
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Original image Histogram of original image

1

Image gradient magnitude Histogram of gradients
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Seismic multiple removal
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Some sparse representations

Some tight frames:
Orthonormal wavelet transform: wavelet basis

Union of m orthonormal wavelet transforms

Some non tight frames:
Biorthogonal wavelet transform
Dual-tree and complex dual-tree transforms

Additional references & some toolboxes & links

http://arxiv.org/abs/1101.5320: L. Jacques, L. Duval, C. Chaux
et G. Peyré, A Panorama on Multiscale Geometric
Representations, Intertwining Spatial, Directional and Frequency
Selectivity (Signal Processing, Vol. 91, No. 12, 2011)

http://www.laurent-duval.eu/siva-panorama-multiscale-geometric-representations.html
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Seismic multiple removal
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Evaluations of the sparsity

Approximation coefficients

L
T l T
Detail coefficients level 1
T :
Detail coefficients level 2
'»»L - Seismic data (y)
—_—
Detail coefficients level 3 — s
—
% ' :
—3
H :
Detail coefficients level 4 |1‘""
b B
I‘ -‘MI\\m\\H\\HIIHIIIIIIIIIIIIIIII'Inm:’\ -

Histogram of wavelet coefficients

Wavelet coefficients (Fy)
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Seismic multiple removal
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About convex set C

Problem to be solved

— Rh — F h
minimize (2~ Rh—y) +io(Fy) + cc(h)

C=CinGnNGs
Ci={heR™ : p(h) = X/ ply) <7}

N—1 P +Pi—=1, (n)
pi(hy) = 12, = So00g Sohly " (p) 2
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Seismic multiple removal
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About convex set C

Problem to be solved

— Rh — F h
minimize (2~ Rh—y) +io(Fy) + cc(h)

C=CiNnGCNCs
Cr={heR™ : ph) = X pyhy) < 7}
pilly) = Iy, = SN0 S R ()P
pilhy) = Iyl = NS ST ) ()|
() = Wl = SN0 (S0 i )
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Hard constraints on the filters C,, C;

Problem to be solved

stz (2 — [0 = ) - 4= )

C=CinGCnNGC;
Assumption: slow variations of the filters along time.
VG.mp) () =B ()] < 5
For computational issues, i € C; N C3 where

C, = {h | Vp, Vn e {0, . B[J - 1} ‘h@”“)(p) - h<2”>(p)’ < sp}

= {niwme {1 | B e i) <o)

17 /31



Seismic multiple removal
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Projections onto a set of hyperslabs of R?
Projections onto C; and Cj : let h € RN and let g1 = I, (h); and
g2 = I, (h); then forevery p € {p/,...,p’ + P — 1} and for every

nef{0,....[¥] -1},
1. if [h® D (p) — K (p)| < €p, then
g™ (p) = (p), &V (p) = " (p);
& (p) = (p), &V (p) =n*(p)
2. if K (p) — h® (p) > ¢,, then
H D (p) + 1@ (p) | &

. h(2n+1) + h(2n) e .

g£2 )(p) — (P)Z (P) _ 3}7 g](2 +1) (p) _ 5 + E;
. h(Zn) h(2n71) - h(2n) h(anl)

géZ )(p) _ (P) +2 (P) + EP g£2 1)(p) — (P) +2 (P) _ ?P

3. if K@D (p) — h® (p) < —¢,, then

_ YR + ) e QD () — WD) + ™ (p) e
- ( -

(2n) &
g (p) 5 p) 7 X
. h(Zn) + h(2n71) € e h(2n) + h(Z;zfl) e
g (p) = L) 5 (p)*g” gV p) = L) 5 (p)+3’”-



Seismic multiple removal
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o 0.04 | 0.08 [ 0.16
| y—z 6 (x107%) | 3.88 | 6.89 | 13.09
| [Ventosa etal,2012] [ &(x1077) | 538 [ 7.87 [ 13.36 |
OR-basis | £(x107%) [ 153 | 2.27 | 3.34

pi =12 | SIframe™ [ £,(x107%) | 1.19 | 1.69 | 2.42
M-band | ¢;(x107%) | 1.07 | 1.41 | 1.96

OR-basis | #(x107%) | 1.66 | 2.33 | 3.37

pi =41 | SIframe™ | £,(x107%) | 123 | 1.70 | 2.39
Mband | £(x107%) | 1.14 | 1.47 | 2.00

OR-basis | #1(x107%) [ 1.51 | 2.25 | 3.32

pj="%12 | SIframe™ | ¢1(x107%) | 1.10 | 1.58 | 2.32
M-band | 6(x10°%) [ 095 | 1.31 | 1.87

Comparison of the estimated primaries with the 2D proposed
version™*) in using three different 2D wavelet transforms, over three
noise levels, and three a priori functions p; € {£2, 1, £1,2}, with
[Ventosa et al., 2012]
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Synthetic data (2D)

Primary: y
-size 512 x 512
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Synthetic data (2D)

Primary: y
Multiples - size 512 x 512

Observed image: z
- Noise: 0 = 0.08
-SNR=1.13dB
-SSIM =0.16
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Synthetic data (2D)

Primary: y
Multiples - size 512 x 512

Observed image: z
- Noise: 0 = 0.08
-SNR=1.13dB
-SSIM =0.16

Reconstructed image by

[Ventosa et al., 2012]
-SNR =2.38 dB
-SSIM =0.13
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Synthetic data (2D)
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3D fluorescence spectroscopy

Pem Experiment
Normalized excitation spectra Normalized emission spectra Normalized
// N\ ‘ ~ ‘q ‘~ ~ ~ ~
/ i |
[\ A LML
N\ I ]
[\ [ 1 |
f \ [\ | ‘ M‘\M ‘\ \‘H
/AN / \ ‘\ I ‘\
NG A VAL
/ S \ \ i) I
- \ |
- T e Experiment
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Coumpounds characterisation

Normalized emission spectra

em
500
] 450
s
@ a00
H <
7
o N 30 30 400
g g
9 H
@
c - s
2 i X
g PoEl
g g 8 4
=
H <
3 A 220 240 260 280 300 320 340 360 380 40| |y
N X
E N
£ & 2
2 x
H @ a00
1
o
30 360 380 400

em

22/31



NTF
00000000000

Standard operations

‘letueRLveR,

R

:letU=[ug,up,...,u] € R and
V= [V17V2,...,V]] € RKXJ

’ Uuov = [u1:>,,<i‘»V17 XV, . .. ,u]‘>,j<v]] ‘ S RIKX]‘

where u@v = [uyv;. .. ; uv] € RK (Kronecker product).
:let U e RI¥ Ve R,

’U V= (Li,‘j/Uﬁ'),‘J S RIXI
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Tensor flattening: example

Objective: to handle matrices instead of tensors.

Vode 1 {QQ E 7]
@O Bl

Mode 2 {QO ey
O Ol

o ¢ {OO ol J

Tensor

ON Tl
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Block coordinate proximal algorithm

1: Letxg € domR, k € N and E]O, +oo[ // Initialization step

2: fork=0,1,...do  //k-thiteration of the algorithm

3:  Letji€{1,...,J} //Processing of block number ji (chosen, here, according
toa rule)

4: Let P;, (x) be a SPD matrix  // Construction of the preconditioner Pj, (x;)

5. Let V; F(xt) be the Gradient // Calculation of Gradient

6: )?,E“‘) = x,f”‘) — WP (%) "'V, F(xk) // Updating of block ji according to a

. Gix) £ Ui) o of block 1 accordine
70 Xy € PIOX“1p. (4),R;, (xk > // Updating of block ji according to a

8: xi"ﬂ = xi" wherej = {1,...,J}\ {j}  // Other blocks are kept unchanged

9: end for
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Influence of the initialization

Over—factoring index

Error
-2 T ;i T T T T T T T T T T T T
BC-VMFB with penalty - - - - - - - - -
== BC-VMFB without penalty o |
Nway i
all fHALS |
. -50 |
i
! -100 B
6 i
i
h -150 B
i BC-VMFB with penalty
o gl i @ _o00}| == BC-VMFB without penalty 1
= i = Nway
H fHALS
R -250 B
-10- N
! -300 B
i
T
-350 B
_12f J
--------- -400 B
14 . . . . . . . . . _as0 . . . , . . . . .
0 10 20 30 70 80 9 100 0 10 20 30 50 60 70 8 90
Initializations

100

Performance versus different initializations (noisy, overestimated case):
error index E;, overfactoring error index E,
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Visual results: noiseless case

Reference BC-VMFB without penalty BC-VMFB with penalty
500
B
‘x ADOE E E
500
‘x AOOB B B
500
« H0.5
< 400
500
‘é 400[ 1 r 1 E
500
% 0.05
- ADOE E E
500
‘x ADO- = -
350 400 450 500 350 400 450 500 350 400 450 500
A, A,

)‘em ‘em ‘em

Figure: FEEM of reference (left) - FEEM reconstructed using BC-VMFB without
regularization (middle) and with regularization o = 0.05 (right).
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Visual results: noiseless case

Excitation spectra Emission spectra Concentrations
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Figure: R = 6 - reference spectra / BC-VMFB without penalty /
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Visual results: noisy case

Reference BC-VMFB without penalty BC-VMFB with penalty
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H0.5
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500
‘é 400[ : [ : D
500
500 (R
3 400
350 400 450 500 350 400 450 500 350 400 450 500
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em ‘em )\em

Figure: FEEM of reference (left) - FEEM reconstructed using BC-VMFB without
regularization (middle) and with regularization o = 0.05 (right).
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Visual results: noisy case

Excitation spectra Emission spectra Concentrations
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Figure: R = 6 - reference spectra / BC-VMFB without penalty /
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Results: what about the rank?

Estimated FEEM Estimated FEEM

30 30
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penalized BC-VMFB algorithm Bro’s N-way algorithm

30

Case R = 4
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Results: what about the rank?

Estimated FEEM Estimated FEEM

penalized BC-VMFB algorithm Bro’s N-way algorithm

CaseR =6
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o Normalized concentrations 0 Normalized concentrations
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200 400 600 800 1000 1200 1400 200 200 600 800 1000 1200 1400
Experiment Experiment

penalized BC-VMFB algorithm Bro’s N-way algorithm

Case R = 6
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Concentrations estimated by BC-VMFB

x10° Normalized concentrations
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Concentrations estimated by BC-VMFB

v
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