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e Signal processing




== Three quantities of interest:

e 7z ¢ RN: Data/measures.

e < € RV: True (unknown) parameters.

e X € RVN: Estimated parameters.




Da’ia: zZ
’Direct /acquisition model‘ z = D(AX)
’Design a cost function‘ X(zA) € Argxmin o(x;2) + M (x)

! v

’Minimization algorithm‘ Sequence xkt1] = dxlk]

1 l

X € Argmin||g — X(z; \)|2
A

’ Hyperparameter tuning ‘
l

Estimated parameters: X(z; )




On strong convexity for the
understanding and design of
algorithms



Data: z
L
’Direct /acquisition model‘ z = D(AX)
1 !

X(z; A) € Argmin ¢(x; z) + A (x)

’Design a cost function‘

L v

’Minimization algorithm‘ Sequence xIk 1 = dxl4
’Hyperparameter tuning ‘ A€ Arg}\minHi —X(z; /\)H%

1 ~

Estimated parameters: X(z; )



Iterative scheme

== Minimization problem :

X € Argmin f(x) + g(x)

== Design of a recursive sequence of the form

(vk eN)  xtkH = @xlk

Gradient descent & =1d - 7(Vf+ Vg)

Proximal point algorithm ~ ® = prox, ()

Forward-Backward ® = prox,,(Id — 7Vf)
Peaceman-Rachford ® = (2prox,, — Id) o (2prox,; — Id)
Douglas-Rachford ® = prox, . (2prox, ¢ — Id) + Id — prox, ¢



Iterative scheme

== Minimization problem :

X € Argmin f(x) + h(Dx)

X

¢ Require the computation of prox,p.). Few closed form.

e Reformulation in the dual: mirgl *(—D*w) + h*(w),
we
e Primal-dual algorithms: min f(x) + f(x) + h(Dx),

— f has a v-Lipschitz gradient.

Hyperparameters setting: 7 > 0, v > 0, such that % —v|D||2 > %
Fork=0,1,...

wlk+1l = proxT;(w[k] — 7V (wlkl) — 7D*xK])
xlkH] = PrOX, (xlM 4 yD(2wlk+1l — wlkl))




Iterative scheme

== Minimization problem :

X € Argmin f(x) + h(Dx)

X

¢ Require the computation of prox,p.). Few closed form.

e Reformulation in the dual: mirgl *(—D*w) + h*(w),
we
e Primal-dual algorithms: min f(x) + f(x) + h(Dx),

— Acceleration when f strongly convex.

Hyperparameters setting: 7 > 0, v > 0, such that 1 —~||D||? > %
Fork=0,1,...

w1 = prox_z(wlkl — 7V f(wlkl) — rD*xIAI)
xlk+1] = PrOX, (x[k] + AD(2wlk+1 — W[k]))




Preliminary remarks

== Minimization problem :

X € Argmin f(x) + g(x)

e Smooth and strongly convex.
e Focus on (linear) convergence of the iterates, i.e.

(Vk € N) Ix — || < X< =]
Questions:

e Proximal step or gradient step ?
e Design efficiency region diagram 7

Notations: Cz’l models the class of differentiable functions having
a L-Lipschitz gradient. 7



Theoretical comparisons

Proposition (see | | for detailed references)
In the context of minf + g where f,g € To(H), f € CLlf’l(’H), fis
p-strongly convex, and g € CE;(’H), for some p € ]0, L¢[, and let 7 > 0.
Then, the following holds:

e Gradient descent Suppose that 7 € ]0,2L;1L;1/(L;1 + Lf’l)[.
Then, Id — 7(Vg + V) is rg(7)—Lipschitz continuous, where

re(T) == max {|1 — 7p|,|1 — 7(Lr + Lg)|} €]0,1][.
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re(T) == max {|1 — 7p|,|1 — 7(Lr + Lg)|} €]0,1][.
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. 2

T = -

p + Lf + Lg

and Le+ L, —
ro(rt) = A1 g P,
Lf+Lg+p




Theoretical comparisons

Proposition (see | | for detailed references)
In the context of minf + g where f,g € To(H), f € CLlf’l(’H), fis
p-strongly convex, and g € CLlé’,l(?{), for some p €10, L¢[, and let 7 > 0.

e FBS Suppose that 7 € ]0,2L7'[. Then prox,(Id — 7Vf) is
rr, (T)—Lipschitz continuous, where

rr (1) := max {|1 — 7p|, |1 — 7L¢|} €]0,1].
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T =
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Theoretical comparisons

Proposition (see | | for detailed references)
In the context of minf + g where f,g € To(H), f € CLlf’l(’H), fis
p-strongly convex, and g € CLlé’,l(?{), for some p €10, L¢[, and let 7 > 0.

e FBS (v2) Suppose that 7 € ]0,2L;']. Then prox ((Id — 7Vg)
is rr,(7)—Lipschitz continuous, where

rr, (1) == €1]0,1].

1+7p

10



Theoretical comparisons

Proposition (see | | for detailed references)
In the context of minf + g where f,g € To(H), f € CLlf’l(’H), fis
p-strongly convex, and g € CLlé’,l(?{), for some p €10, L¢[, and let 7 > 0.

e FBS (v2) Suppose that 7 € ]0,2L;']. Then prox ((Id — 7Vg)
is rr,(7)—Lipschitz continuous, where

rr(7) : €1]0,1[.

- 14+7p

In particular, the minimum is achieved at

T*:ngl and  rr(7%)
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Theoretical comparisons

| for detailed references)

Proposition (see |
In the context of minf + g where f,g € To(H), f € CLlf’l(’H), fis
p-strongly convex, and g € CLlé’,l(?{), for some p €10, L¢[, and let 7 > 0.

*PRS (2prox,, —1d) o (2prox, ¢ — Id) and (2prox,; —Id) o (2prox,, —1d)
are rg(7)—Lipschitz continuous, where

rR(T):max{l_Tp TLf_l} elo.1[.

1+7p 7L +1
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Theoretical comparisons

Proposition (see | | for detailed references)
In the context of minf + g where f,g € To(H), f € CLlf’l(’H), fis
p-strongly convex, and g € CLlé’,l(?{), for some p €10, L¢[, and let 7 > 0.

*PRS (2prox,, —1d) o (2prox, ¢ — Id) and (2prox,; —Id) o (2prox,, —1d)
are rg(7)—Lipschitz continuous, where

rR(T):max{l_Tp TLf_l} elo.1[.

1+7p 7L +1

In particular, the minimum is achieved at

1 1—\//_1
T = T and *
pf 1_|_ /
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Theoretical comparisons

Proposition (see | | for detailed references)
In the context of minf + g where f,g € To(H), f € CLlf’l(H) and
g€ Cng’l(’H), suppose that f is p—strongly convex, for some p € 0, L],
and let 7 > 0. Then, the following holds:

e DRS S.v; rvr and S;vr rvg are rs(7)—Lipschitz continuous, where

1 Lyt + 72
rs(7) = min ks rR(T), 5 P €10,1[
2 Lg" +7lg p+72p

and rg is defined in p.21.

12




Theoretical comparisons

Proposition (see | | for detailed references)
In the context of minf + g where f,g € To(H), f € CLlf’l(H) and
g€ Cng’l(’H), suppose that f is p—strongly convex, for some p € 0, L],
and let 7 > 0. Then, the following holds:

e DRS S.v; rvr and S;vr rvg are rs(7)—Lipschitz continuous, where

1 Lyt + 72
rs(7) = min ks rR(T), 5 P €10,1[
2 Lg" +7lg p+72p

and rg is defined in p.21.
In particular, the optimal step-size and the minimum in (1) are

/1 1 ; .
oleo 1+ L;lp 5 if Lf < 4Lgy

/1 2 .
—_ otherwise.
PLg72+\/Lg1p ’

(r*, rs(r)) =

12




Theoretical comparisons

—1-EA r¢
- - 2FBS wy,
0 —2FBS 1,

— — 4-PRS wy
02 —4-PRS rp
~ - 5-DRS wg
1 ——5-DRS rg

3-FBS rp, = wp,

0 01 02 03 04 05 06 07 08 09

Comparison of the convergence rates of EA, FBS, PRS, DRS for two
choices of @ = L;l, B = Lgfl, and p. Note that optimization rates are

better than cocoercive rates in general.

1
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Theoretical comparisons

Proposition | ]
Let (Lg, p) € ]0,+00[ x ]0,1[. Then rg(Lg, p) > ry,(p) > rz(p).

== The linear convergence rate of PRS is always smaller than
those of algorithms governed by operators EA (gradient descent)
and FBS (forward-backward splitting).

14



Theoretical comparisons

Proposition | ]
Let (Lg, p) € ]0,400[ x ]0,1[ and

1—/1—-4L
ke = =2 €l0.11.
+/1—4l,

. Then, the following holds:
e Suppose that Ly < 1 and that p € I(Lg), where [(8) = [L max{1/16,n(Lg)}, il )]
Then

r7,(Lg: p) < min{rs(Lg; p), rr(p)}-

® Suppose that Ly < %6 and that p < x(Lg), where x(Lg) = min { b= 8Lg(1/Lg_-1 — 2)} .
Then
rs(Lg, p) < min{rr,(Lg, p), rr(p)}-

In any other case, we have

rr(p) < min{rr,(Lg, p), rs(Lg, p)}- L2



Theoretical comparisons

10°

104
104

102 10°

3 "

Comparison of the convergence rates of EA, FBS, PRS, DRS for two

choices of o = L;l, B = Lg_l, and p.

16



Numerical comparisons: Smooth TV1D denoising

1
First formulation: minimize = ||x — z||3 + xh(Lx)
xRN 2 ———
£(x) g(x)

XL

— fis p = 1 strongly convex, Lf =1, and Lz = i

1- EA: Use GT(VngVf)
2- FBS: Use TTVf,TVg

. . 1
Second formulation: min,cy =||x — z||3 + xhr, (L1, x) + xhr, (L1, X)
2 —

P HE)

ptxllLr, |I? Xl |12
EE I and 1 =

—f is p = 1 strongly convex, L; = i
3- FBS 2: Use T

4- FBS 3: Use T

E,TV?

TVF7TV§
5- PRS: Use RTV;ng
6- DRS: Use S 17

TVF,TVE



Numerical comparisons: Smooth TV1D denoising

10 terations E 100 itrations 10000 iterations

2000 2000 000 000 00

} 18
Errors vs lterations



Numerical comparisons: min 37, | log, £; — v — jh||3 + A\ ||Dv]|1 + As||Dhljx

Problem solved:

segmentation problem over

the range j € {2,3,4},

i s A, = 0.1, and Ay = 200.

102f |—r — /’Ff (optimal)
FBS 1075 100 200 300 200 500 . .

102 - Display: Comparisons of

T = 0.5 %ﬂ .
107 —r = /2, (optiman) the theoretical upper bound
10" T =5,/%
3 k

e (e, ro(T) X — xxll2)

107 versus the numerical error

02 M

" (i.e., |Ixk — Xoo|l2) w.r.t. the
DRS 10 o 100 200 300 400 500 . .

109 number of iterations.

N ——r:o.s\/,_Iﬂ
10 —_— = \/; (optimal)
101 fffs\/?p
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Supervised deep image analysis:
Strong convexity to design
supervised deep proximal
architectures




Da’ia: zZ
’Direct /acquisition model‘ z = D(AX)
’Design a cost function‘ X(zA) € Argxmin o(x;2) + M (x)

! v

’Minimization algorithm‘ Sequence xkt1] = dxlk]

1 l

X € Argmin||g — X(z; \)|2
A

’ Hyperparameter tuning ‘
l

Estimated parameters: X(z; )

20



Standard learning and deep learning

Data: z Data: z

L

’ Direct /acquisition model ‘

L

’Design a cost function‘ ¥

l ’ Deep learning procedure

’ Minimization algorithm ‘

!

’ Hyperparameter tuning ‘

L |

~ ~

Estimated parameters: X(z; 0) Estimated parameters: X(z; 0)

21



Standard learning and deep learning

=) Create a database S = {(X;,2¢) € RV xRV | ¢ € {1,...,L}}

== | earn a prediction function dg

L
~ 1
© € Argmin B(©) = - > fi(de(ze), %) + £(©)
e =1

e Linear model: dg(z;) = © Tz

22



Standard learning and deep learning

=) Create a database S = {(X;,2¢) € RV xRV | ¢ € {1,...,L}}

== | earn a prediction function dg

L
~ 1
© € Argmin E(©) := I Z fi (de(ze), X¢) + £(O)
© =1

e Linear model: dg(z;) = © Tz

e Non-linear model:

do(ze) = MK (WIKT __pil(wil,, 4 o) 4 piK])

where © = {W[k], b[k]}lngK with

WK denotes a weight matrix,

bkl is a bias vector,

nlkl is the nonlinear activation function. 22



Synthesis formulation and proximal gradient descent: LISTA

1 —
== Synthesis formulation: | min §||Hx — 7|3 + Al|x||1 | where H € RVXN

==) Forward-backward iterations:

‘ XU = prox,y ., (xIK — 7H*(HxW — 7))

==) Reformulation:
‘ X[k+1] = prOXT)\H‘Hl((Id — TH*H)X[k] —+ TH* Z))

== | ayer network:

= prox ., ( d-rHH | <M +| 7H )

WIA] blA]
[Gregor. LeCun. 2010] >



Standard activation functions

= Preliminary remarks [Combettes, Pesquet, 2020]

e Most of activation functions are proximity operator :
ReLU, Unimodal sigmoid, Softmax ...

e For WIK bounded linear operators and 7, proximity operators,
do model allows to derive tight Lipschitz bounds for
feedforward neural networks in order to evaluate robustness.

24


https://pcombet.math.ncsu.edu/svva5.pdf

Iterative scheme

= Minimization problem : X = argmin 3|x — z|? + ||Dx||;
X

== Dual reformulation: W € Argmin 3|z — D w|® + ¢ <1(w)
weg
e Primal solution: X =z — D'w.
e Solution obtained with proximal gradient based procedure.
o Accelerated schemes (e.g., FISTA).

== Primal-dual algorithms:
e Resolution with Chambolle-Pock iterations.

For k=0,1,...
xlk+1 = PIOXz | 2 (X[k] — TDTW[k])

k+1] — rox
w PIOX, | o<1

e Acceleration when the data-term is strongly convex. 25



(F)ISTA in the dual

= Minimization problem: X = argmin 3||x — z||> + || Dx;
X

= (F)ISTA to solve dual reformulation:
Set wy € RIFI, and y1 € RIFI. For every iteration k,

Wkl = Dprox, - <(Id — TkDDT)yk + 7'sz>
Vi1 = (1 + ar)Wig1 — auwy

== Preliminary remarks:

e FISTA: (wg)ken converges to w when oy = ttkk—;l and

tpr = K221, 2> 2, 7 < o and F(wi) — F(R) < 5.

e ISTA: When ax =0, (wi)ken converges to W when 7 < ﬁ for
this limit case, and E(Wk) — F(VAV) < %

o (FISTA:X=z-D'w

26



(F)ISTA in the dual

= Minimization problem: X = argmin 3||x — z||> + || Dx;
X

= (F)ISTA to solve dual reformulation:
Set wy € R‘F‘, and y; € RIEl. For every iteration k,

Wil = Prox, = _ ((Id — 7DD ")y + 7'sz>

Virr = (14 ax)Wip1 — apwi

Proposition : The proximity operator of the conjugate of the ¢1-norm
scaled by parameter A > 0 fits the HardTanh activation function,:

(Vx = (xi)i<icn) P o<a(x) = HardTanhy(x) = (pi)i<i<w

where —A i p < A
pi=4 A if p;i> A

pi  otherwise. b7




(F)ISTA in the dual

= Minimization problem: X = argmin 3||x — z||> + || Dx;
X

= (F)ISTA to solve dual reformulation:
Set wy € R‘F‘, and y; € RIEl. For every iteration k,

wk4+1 = HardTanh; ((Id _ TkDDT)yk + TkDZ)

Vitr = (14 ax)Wip1 — apwi

Proposition : The proximity operator of the conjugate of the ¢1-norm
scaled by parameter A > 0 fits the HardTanh activation function,:

(Vx = (xi)i<icn) P o<a(x) = HardTanhy(x) = (pi)i<i<w

where —A i p < A
pi=4 A if p;i> A

pi  otherwise. b7




(F)ISTA in the dual

= Minimization problem: X = argmin 3 ||x — z||> + || Dx|;
X

|

Wl

wl

k+1]

= (F)ISTA to solve dual reformulation:
Set wy € RIFl and y1 € RIEI. For every iteration k,

wk+1 = HardTanh; <(Id — 7DD )y + Tsz)

Yk+1

= (1+ ak)Wii1 — kWi

=> Unfolded (F)ISTA:

A"

IdUF\
ardTanhj

o

|:7O‘k—l(

0
1d ;) — DYDY

Id g
(1+ ay_1)(1djs — DYIDYY)

)

WIA

|

wlk=1]
wlkd

27



Network Deep-(F)ISTA-GD

= Network: For every layer k € {2,... . K — 1}:

Wil — iy
(1, — DMDSDM |’
bl = [(1)1 il —{ e } :
Di-z HardTanh
Wik — 0 Idjp,

—a_1(Id g — DMDY) (14 au_1)(1dg — DD |7

pa—| O | o) T ,
_D[1 ]z, HardTanh

WIK] :[o ,Dlzkl] ,blKl =z, K1 =1dy,.

= Proposition: If DYl = 7D and DI = DT, then
Deep-(F) ISTA-GD network fits the generic (F)ISTA scheme.

28



= Minimization problem: X = argmin 3||x — z||> + || Dx;
X

= (Sc)CP to solve the minimization problem:
Set wy € RFl, and X1 = Xq € Rl For every iteration k,

Wkt+1 =DProx, . (Wk + TkD<(1 + ag) Xk — akxk_1>>

-
Xkl = ProXek) 2 | Xk — oD Wk+1>
== Remarks :
. _ 1 _ _ Tk
e ScCP: i = VIt2y0r" Okt+1 = OO, Tkl = ak.

e CP: v =0, 0k =0, T4 = 7 and assuming o7||D|?> < 1.
o (Xx)keN converges to X.
e Convergence rate O(1/k) for CP and O(1/k?) for ScCP.

29



= Minimization problem: X = argmin 1||x — z|? + || Dx||y
X

= (Sc)CP to solve the minimization problem:
Set wy € RIFl and X1 = Xg € RIFl. For every iteration k,

{ wkt1 = HardTanh; (Wk + TkD((l + ak) Xk — akxk_1>)

_ Ok 1 _ 0k T
Xk+1 - 1+O’kZ + 140k Xk 1+0’kD Wk+1
== Remarks :
. _ 1 _ I
e ScCP: Q) = W, Ok+1 = OOk, Tk4+1l = 047,11

e CP: v =0, 0k = 0, 7« = 7 and assuming o7||D|]* < 1.
o (Xk)ken converges to X.
e Convergence rate O(1/k) for CP and O(1/k?) for ScCP.
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= Minimization problem: X = argmin 3||x — z||> + || Dx;
X

= (Sc)CP to solve the minimization problem:
Set wy € RFl, and x1 = xo € RIFl. For every iteration k,

Wil HardTanh; (Wk + TkD<(1 + o) XK — akxk_l))

_ ok 1 ok T
Xk+1 — 1+o’kz + 1+0'ka 1+O‘kD Wk+1

= Unfolded (Sc)CP:

1 _ﬁD[k—I] Tk—1_,

x Id 1to,_1 T+o,_q 2 Xy THor_1
|:wki1:|:{HardT,‘\z;nh1} ( Loy pll _ o pll pq 0 Tk—1 pKplk—1] kal | @rar)or_1 INGH
Trop_1 ~1 k1 |F| Trop_1 172 Tror_1 1°7]

W[k] b[k]

29



Network Deep-(Sc)CP-GD

=) Network: For every layer k € {2,..., K — 1}:

[ Idy 0 Idy
wiltl = 0] , bl = il = ’
|2D; 0 HardTanh)y
[ 1 _ ok [k=1]
Wkl — 14041 1+ok—1p
Loy K K] (1+a)ox_1 Kk—11 | 7
T Dr mak Idm - S
oK1
b[k] _ 140k— 12[ y n[k] _ { IdN }
(1+ay)o 9 )
_#1 HardTanh)
Wi =1dy 0], b1 = 0,7] = Tdy.

= Proposition: If ng] = 74D and D[zk] =D, then the
Deep-(Sc)CP-GD network fits the generic (Sc)CP scheme.

30



Performance Gaussian image denoising

Training loss PSNR on test dataset
325
3
w107 o 20
@ z
ke 7]
w o
%) ©15
= ()]
102 @
[]
>
<
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0 100 200 300 400 500 0 100 200 300 400 500
Epochs Epochs
8% B
°
» 20
2 Z0
w e —DnCNN
%) o 15
: 2|
SO A Deep-CP-GD
< —Deep-ScCP-GD

-
o

0 100 200 300 400 500 100 200 300 400 500
Epochs Epochs 31
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Original Proposed

PSNR/SSIM 14.1/0.25 26.0/0.84 26.6/0.85

PSNR/SSIM 14.1/0.13 26.0/0.76 27.7/0.79 28.5/0.79 28.8/0.81




Original Proposed

23.6/0.76 24.0/0.76 24.4/0.76

PSNR/SSIM  8.14/0.043 24.5/0.64 25.1/0.65 25.4/0.65 25.9/0.70




Architecture comparisons for texture segmentation

e SNR
Deep-ISTA-GD Deep-FISTA-GD Deep-CP-GD Deep-ScCP-GD

45

45 45 45

37
R 29

37 37 37

S
21 21 21 21
13 13 13 13 24

5 13 21 29 37 5 13 21 29 37 5 13 21 29 37 5 13 21 29 37

K K K K

e Robustness: ||fo(z + €) — fo(2)]| < x]l€ll-
Deep-ISTA-GD Deep-FISTA-GD Deep-CP-GD Deep-ScCP-GD

45 45
37
R 29

21

37

& 29
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5 13 21 29 37 5 13 21 29 37 5 13 21 29 37 5 13 21 29 37
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Performance texture segmentation:

= Minimization problem: min 3|x — > w; ,log, £; |1 + || Dx|}x
X
H(DnONN) L(DSH)

NG

Seg. Lh(TV) Seg. h(DnCNN) Seg. L(DSH)

&

o -l

X

85



Performance texture segmentation

—DnCNN
—FISTA
—ScCP

102
FYUSPITUUI [ ORI v 1o
0 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
Epochs Epochs

(i) (ii)
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Outline — Conclusions and perspectives

I- Model: Strong convexity in unsupervised image processing.

[I- Algorithmic: Efficiency regions of strong convexity and
Lipschitz parameters to identifying the most efficient
first-order algorithm for image analysis.

[1l- Deep learning: On strong convexity in the design of unfolded
deep learning architectures.
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Outline — Conclusions and perspectives

I- Model: Strong convexity in unsupervised image processing.
— Denoising, texture segmentation.
— Require particular care for modeling.

[I- Algorithmic: Efficiency regions of strong convexity and
Lipschitz parameters to identifying the most efficient

first-order algorithm for image analysis.

[1l- Deep learning: On strong convexity in the design of unfolded

deep learning architectures.
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Outline — Conclusions and perspectives

Model: Strong convexity in unsupervised image processing.
— Denoising, texture segmentation.

— Require particular care for modeling.

Algorithmic: Efficiency regions of strong convexity and
Lipschitz parameters to identifying the most efficient
first-order algorithm for image analysis.

— Efficiency diagram for first order schemes.

— Extension to other schemes.

Deep learning: On strong convexity in the design of unfolded
deep learning architectures.
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Outline — Conclusions and perspectives

I- Model: Strong convexity in unsupervised image processing.
— Denoising, texture segmentation.

— Require particular care for modeling.

[I- Algorithmic: Efficiency regions of strong convexity and
Lipschitz parameters to identifying the most efficient
first-order algorithm for image analysis.

— Efficiency diagram for first order schemes.
— Extension to other schemes.

[1l- Deep learning: On strong convexity in the design of unfolded
deep learning architectures.

— Deep-(F)ISTA and Deep-(Sc)CP in between standard
image analysis and deep learning.
— Compute tight Lipschitz bounds.
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Strong convexity in signal /image
analysis




Piecewise constant denoising: z = X+ n with n = N(0, 0°1d)

== Minimization problem:

PO 1 5 Dx=d=x*x
X(z; \) = arg min —||x —z||5 + A ||Dx|le where
xERN 2 A>0

== Linear denoising
‘ ]

Pl

d=[1 —1)i -l =II-13
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Piecewise constant denoising: z = X+ n with n = N(0, 0°1d)

== Minimization problem:

~ 1
X(z; ) = aranQIiRnN §||x — 27|34 X ||Dx[[e where

=) Linear denoising

Pl

d=[1 —1)i -l =II-13

=) Non-linear denoising.

Dx=dxx
A>0

Pl Dot e

)

KA VRS o

d=[1 —1] and |- lle =1l Il

d:[l —1] and ||-fle =1"llo 39



Piecewise linear denoising: z =X + n with n = A/(0, 0°Id)

== Minimization problem

Dx=dxx

~ N . ]. 2
X(z; A\) = arg min =||lx—z||[5+ || D x|le where
(7 %) = arg min, = |lx—z[3+ ) Dix| L

= Non-linear denoising: piecewise constant/linear

R iy 0

5 i 5

~10%

d=[t =1 and |- fls =1l d=[t -2 1] and |- fle =]k
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Piecewise linear denoising: Stick-Slip

== Solid friction, LPENSL expenment

ot M////; ; Wﬁ fll/ﬂ WWW

‘ ,w ’W'M»M

K N/m]
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Piecewise linear denoising: Stick-Slip

== Solid friction, LPENSL expenment

k=168 N/m k= 1002 N/m

oo f////b Wﬁ fll/ﬂ WWW

;mv‘{ w ﬂ. i i J«
i

|

S1 52 53 sa 55 se S st 52 53 54 55 56
¢l

mm‘v‘u“““‘*‘wm 0

=
H
HE!
V0

il T
AL “\“

I~

o1 02 03 04 08
tls

Limitations:

" | — Large dimensionality of each signal.

» | — Evaluation for different A\ values.
« | — Large amount of signal to analyze.

.« | Advantages:

— Strongly convex formulation. 21




Texture segmentation: Multiphase flow

= Gas/liquid flow in porous medium: LPENSL experiment

/e =2mm

e Segment gas/liquid + accurate estimation /|

of the interface.

e Large-scale data.

eas VAT TN
[

liquid
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Texture segmentation: Multiphase flow

= Gas/liquid flow in porous medium: LPENSL experiment

/e =2mm

e Segment gas/liquid + accurate estimation /|

of the interface.

e Large-scale data.

liquid

= Texture segmentation: } b pomer
e Scale-free descriptors.

e Require to compute the slope at each

location. 42

>
log frequency



Texture segmentation: Multiphase flow

=> PLOVER: | ]
= &Y . . T
(v,h) € ArgIﬁnnZ || logo £; — v — jhl3 + Al [Dv; aDh] H271
v, ]
e Behavior through the scales L;, ~ 5,2 when 2 —0
e Wavelet coefficients/leaders ¢ =Djz and Lj, = sup |(y |
)‘j"n’CAj,n
A log power

>
log frequency
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Texture segmentation: Multiphase flow

=> PLOVER: | ]
= B q = 2 ) T
(v,h) € Argmmz || logy £; — v — jh|5 + A||[Dv; aDh] H271
v,h F;

e Behavior through the scales L;, ~ 5,2 when 2 —0

e Wavelet coefficients/leaders ¢ =Djz and Lj, = sup |(y |
Ajt ot CAjn

{yeem= Limitations:

— Large dimensionality of each image.
— Evaluation for different A values.
— Large amount of signal to analyze.

Advantages:

log frequency | — Combined estimation and segmentation.
— Joint estimation local variance/regularity.
— Strongly convex, closed form proximity operator for

data-fidelity term, dual formulation possible. 43




Texture segmentation: Multiphase flow

Mask Optimal solution

T-ROF Matrix factorization Proposed

[Cai2013] [Yuan2015] [Pascal2019] "
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(@6, Q1) = (1200,300) mL/min

" (Q¢, QL) = (300,300) mL/min
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