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1. Inverse problems in image processing

For this section, we refer the interested reader to [63]. We encourage the reader not familiar
with matrix to look at [23].

1.1 Introduction

In many problems in image processing, the goal is to recover an ideal image u from an obser-
vation f.

u is a perfect original image describing a real scene.

T is an observed image, which is a degraded version of u.

The degradation can be due to:

Signal transmission: there can be some noise (random perturbation).

Defects of the imaging system: there can be some blur (deterministic perturbation).

The simplest modelization is the following:

f=Au+v (1.2)

where n is the noise,
and A is the blur, a linear operator (for example a convolution).
The following assumptions are classical:

A is known (but often not invertible)

Only some statistics (mean, variance, ...) are know of n.

1.2 Examples

Image restoration (Figure 1)
f=u+v (1.2)

with n a white gaussian noise with standard deviation o.

Radar image restoration (Figure 2)

f=uv (1.3)
with v a gamma noise with mean one.
Poisson distribution for tomography.
Image decomposition (Figure 3)
f=u+v (1.4)

u is the geometrical component of the original image ¥ (u can be seen a s a sketch of f),
and v is the textured component of the original image f (v contains all the details of f).
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Figure 1: Denoising

Noise free image Speckled image () restored image u

Figure 2: Denoising of a synthetic image with gamma noise. f has been corrupted by some

multiplicative noise with gamma law of mean one.

Figure 3: Image decomposition
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Figure 4: Example of TV deconvolution

Degraded imag_e Inpainted ima_g_e

Figure 5:

Image deconvolution (Figure 4)
f=Au+v (1.5)

Image inpainting [49] (Figure 5)
Zoom [47] (Figure 6)

1.3 Ill-posed problems

Let U and V be two Hilbert spaces. Let A: U ! V a continous linear application (in short,

an operator).
Consider the following problem:

Given f 2 V,find u 2 U such that f = Au (1.6)
The problem is said to be well-posed if
(i) 8f 2 V there exists a unique u 2 U such that f = Au.

(i) The solution u depends continuously on f.



Figure 6: Top left: ideal image; top right: zoom with total variation minimization; bottom left:
zoom by pixel duplication; bottom right: zoom with cubic splines



In other words, the problem is well-posed if A is invertible and its inverse A"t :V | U is
continuous.

Conditions (i) and (ii) are referred to as the Hadamard conditions.

A problem that is well-posed is said to be ill-posed.

Notice that a mathematically well-posed problem may be ill-posed in practice: the solution
may exist, be unique, and depend continuously on the data, but still be very sensitive to small
perturbations of it. An eror 3f produces the error du = A~13f, which may have dramatic
consequences on the interpretation of the solution. In particular, if KA~k is very large, errors
may be strongly amplified by the action of A~1. There can also be some computational time
issues.

1.4 An illustrative example

We consider the following problem:
f =Au+n 1.7

We denote by 6 = knk the amount of noise.

We assume that A is a real symetric positive matrix, and has some small eigenvalues. KA~k
is thus very large. We want to compute a solution by filtering.

Since A is symetric, there exists an orthogonal matrix P (i.e. P~ = P T)such that:

A=PDPT (1.8)

with D = diag(A;) a diagonal matrix, and A; > 0 for all i.
We have:
A =u+AIn=u+PD Py (1.9)

with D™ = diag(A; ). It is easy to see that instabilities arise from small eigenvalues A;.

Regularization by filtering: One way to overcome this problem consists in modifying the
At we multiply them by w (A?). w is chosen such that:

w AHDAT OwhenA! 0. (1.10)

This filters out singular components from A~'f and leads to an approximation to u by u
defined by:
u =PD7IPTF (1.11)
where D™ = diag(w (M)A ).
To obtain some accuracy, one must retain singular components corresponding to large sin-

gular values. This is done by choosing w (A?) 1 for large values of A.
For w , we may chose (truncated SVD):

n_  LlifA2>aq.
WA= gita a (1.12)
We may also choose a smoother function (Tychonov filter function):
2 7\2
w (A9) = o (1.13)

An obvious question arises: can the regularization parameter o be selected to guarantee
convergence as the error goes to zero?.



Error analysis: We denote by R the regularization operator:

R =PD !PT (1.14)
We have u = R f.The regularization error is given by:
e =u u = eltunc 4 enoise (1_15)
where:
e =R Au u=P(D D Id)PTu (1.16)
and: _
et =R n=PD7!PTn (1.17)

e™"® is the error due to the regularization (it quantifies the loss of information due to the
regularizing filter). e"°*¢ is called the noise amplification error.

We first deal with e™ . Sincew (A?)! lasa! O,wehaveD™?*! Dlasa! 0and
thus:

g™ 1 Qasal! 0. (1.18)
To deal with the noise amplification error, we use the following inequality for A > 0:
1
w (AHA? P (1.19)

Remind that kP k = 1 since P orthogonal. We thus deduce that:
- 1
e"o'se p—aé (1.20)

where we recall that & = knk is the amount of noise. To conclude, it su [celto choose o = &P
withp<2,andletd! 0: we gete"€! Q.
Now, if we choose a = 8P with 0 < p < 2, we have:

e ! Oasd! O (1.21)
For such a regularization parameter choice, we say that the method is convergent.

Rate of convergence: We assume a range condition:

u=A1z (1.22)
Since A=PDPT, we have:
e =p(MD'D I1dPTu=P(MD' D HP'z (1.23)
Hence:
ke™™ k3 k D' D'k?kzk? (1.24)
Since D! D™!=diag((w (3?) 1)AY), we deduce that:
ke"™" k3 akzk? (1.25)
We thus get:
ke k P akzk + pl—aé (1.26)

The right-hand side is minimized by taking a = 8/kzk. This yields:
ke k Zp kzkd (1.27)

Hence the convergence order of the method is 0(p d).



1.5 Modelization and estimator

We consider the following additive model:
f=Au+v (1.28)

1.5.1 Maximum Likelihood estimator

Let us assume that the noise v follows a Gaussian law with zero mean:
|

1 f Au?
gv (v) = pﬁ exp g2 (1.29)
We thus get: !
o1 (f  Au)?
grju (fju) = F’m &P T (1.30)

We want to maximize P (FjU). Let us remind the reader that the image is discretized, and
that we denote by S the set of the pixels of the image. We also assume that the samples of
the noise on each pixel s 2 S are mutually independent and identically distributed (i.i.d). We
therefore have: Y

P(FjU)=  P(F(s)iU(s)) (1.31)
s[=1
where F(s) (resp. U(s)) is the instance of the variable F (resp. U) at pixel s.
Maximizing P (FjU) amounts to minimizing the log-likelihood log(P (FjU), which can be
written: X
log (P (FjU)) = log (P (F(s)iU(s))) (1.32)
s[S1
We eventually get:

X 1 F AU (s))?
log (P (FjU)) = g por + O AUE) (1.33)
2102 202
s[s]
We thus see that minimizing log (P (FjU)) amounts to minimizing:
X
(F(s) AU(s)) (1.34)
s[s]
Getting back to continuous notations, the data term we consider is therefore:
Z
(f  Au)? (1.35)
1.5.2 MAP estimator
We assume that v follows a Gaussian law with zero mean:
!
1 (f  Au)?
= —_— 1.36
gv (V) pﬁ exp 552 (1.36)
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We thus get: I

. 1 f  Au?
fiju) = p—— — 1.37
gru (fju) meXp 252 (1.37)
We also assume that u follows a Gibbs prior:
1
Ju(u) = —exp( yo(u) (1.38)

where Z is a normalizing constant.
We aim at maximizing P (UjF). This will lead us to the classical Maximum a Posteriori
estimator. From Bayes rule, we have:

P(FjU)P ()

PUIF) = 5y

(1.39)

Maximizing P (UjF) amounts to minimizing the log-lihkelihood log(P (UjF):

log(P(UjF) = log(P(FjuU)) log(P(U)) + log(P (F)) (1.40)

As in the previous section, the image is discretized. We denote by S the set of the pixel of
the image. Moreover, we assume that the sample of the noise on each pixel s 2 S are mutually
independent and identically distributed (i.i.d) with density gy. Since log(P (F)) is a constant,
we just need to minimize:

X
log (P(FjU)) log(u) = (log (P (F(s)jU(s))) log(P(U(s)))) (1.41)

s[s]

Since Z is a constant, we eventually see that minimizing log (P (FjU)) amounts to minimizing:

X 2
log p 1 - (F(s) AZ\U (s)
210 20

+yoe(U(s)) (1.42)

s[S1

Getting back to continuous notations, this lead to the following functional:
Z Z

2
% dx+y @(u)dx (1.43)

1.6 Energy method and regularization

From the ML method, one sees that many image processing problem boil down to the following
minimization problem:
Z

inf  jf  Auj?dx (1.44)
Y o
If a minimizer u exists, then it satisfies the following equation:

AT AAu=0 (1.45)

where As the adjoint operator to A.
This is in general an ill-posed problem, since A™A is not always one-to-one, and even in the
case when it is one-to-one its eigenvalues may be small, causing numerical instability.
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A classical approach in inverse problems consists in introducing a regularization term, that
is to consider a related problem whichzadmits a unique solution:

inf  jf  Auj?+ AL(u) (1.46)
Y 0
where L is a non-negative function.
The choice of the regularization is influenced by the following points:

Well-posedness of the solution u .
Convergence: when A! 0, onewantsu ! u.
Convergence rate.

Qualitative stability estimate.

Numerical algorithm.

Modelization: the choice of L must be in accordance with the expected properties of u
=) link with MAP approach.

Relationship between Tychonov regularization and Tychonov filtering: Let us con-
sider the following minimization problem:

infkf  Auk3 + akuk; (1.47)
u
We denote by u its solution. We want to show that u is the same solution as the one we got
with the Tychonov filter in subsection 1.4. We have:
kf  Auk® + akuk? = kfk? + kAuk?® + akuk®  2hf, Aui (1.48)

But Au=PDP"u=PDv with
v=PTu (1.49)

And thus kAuk = kvk since P orthogonal. Moreover, we have u = PP Tu = Pv and therefore
kuk = kvk. We also have:

hf, Aui = hf,PDPTui = lPTf,DP "ui = hg, Dvi (1.50)
with
g=PTf (1.51)
Hence we see that minimizing (1.48) with respect to u amounts to minimizing (with respect to
Vv): X
kDvk? + okvk? 2hg,Dvi =  Fi(vj) (1.52)
i
where:
Fi(vi) = \F +a)v  2Nigv, (1.53)

We have F{v;) = 0 when (\? + a)v; Agi = 0, i.e. vi = Ngi/(A? + a). Hence (1.52) is
minimized by
v =Dy (1.54)

We eventually get that:
u =Pv =PD!PTF (1.55)

which is the solution we had computed with the Tychonov filter in subsection 1.4.

12



2. Mathematical tools and modelization

Throughout our study, we will use the following classical distributional spaces. Q@ RN will
denote an open bounded set of RN with regular boundary.

For this section, we refer the reader to [19], and also to [1, 30, 33, 45, 39, 61] for functional
anlaysis, to [57, 41, 29] for convex analysis, and to [3, 31, 38] for an introduction to BV
functions.

2.1 Minimizing in a Banach space

2.1.1 Preliminaries

We will use the following classical spaces.

Test functions: D(Q) = C°(Q) is the set of functions in C*(Q) with compact support in
Q. We denote by D(Q) the dual space of D(Q), i.e. the space of distributions on Q. D(Q) is
the set of restriction to Q of functions in D(RV) = CZ(RV).

LP spaces: Letp2[1,+1).

( ya 1 )
LP(Q) = f:Q! R such that jFjP dx <+1 (2.2)
Q

L*(Q)=ff.:Q! R, fmeasurable, such that there exists a constant C and jf(x)] C p.p. on Qg
(2.2)

Properties: If1 p +1 ,then LP(Q) is a Banach space.

If p2[1,+1 ), then LP(Q) is a separable space (i.e. it has a countable dense subset). But
L*(Q) is not separable.

If p2 [1,+1 ), then the dual space of LP(Q) is L%(Q) with ¢ + ¢ = 1. But L*(Q) is strictly
included in the dual space of L*°(Q). If 1 <p < +1 , then LP(Q) is reflexive.

We have the following density result:

Proposition 2.1. Q being an open subset of RN, then C°(Q) is dense in LP(Q) for1 p<1 .

Theorem 2.1. Lebesgue’s theorem
Let (f,) a sequence in L*(Q) such that:

(1) fa(x)! f(X) p.p. on Q.
(ii) There exists a function g in L*(Q) such that for all n, jf,(X) g(x) p.p; on Q.
Then £ 2 LY(Q) and kf,, fk..! O.

Theorem 2.2. Fatou’s lemma
Let f, a sequence in L(Q) such that:

(1) Forall n, f,(x) 0 p.p. on Q.

13



. R
(if) sup f, <+1.

For all x in Q, we set f(x) = lim, _ 4+ inf f;(X). Then f 2 L*(Q), and:
Z Z
f lim inf f, (2.3)

n - +oo

(liminf uy, is the smallest cluster point of up).

Theorem 2.3. Green formula
Z Z Z

ou
AUl = —vdo rur v 2.4
(@uy = ) (2.4)

for all u2 C?(Q) and for all v 2 C(Q).

This can be seen as a generalization of the integration by part.
In image processing, we often deal with Neumann boundary conditions, that is 24 =0 on

r on
Another formulation is the following:
Z Z Z
vdivu= u.Nv ur v (2.5)
Q r Q
for all u 2 C*(Q) and for gl v 2 CL(Q).
ivii= N @y — di _Pun @i
We recall that divu = ;_; ¢, and Au =divr u= ., @7
In the case of Neumann or Dirichlet boundary conditions, (2.5) reduces to:
Z Z
ur v = vdivu (2.6)
Q Q
In this case, we can define div = r ~Indeed, we have:
Z Z
ur v=hu,r vi =hr "dvi = vdivu 2.7
Q Q

Sobolev spaces: Letp2 [1,+1).

WEP(Q) = qu 2 LP(Q) /ihere exist gi,...,gy in LP(Q) such that

W - 4e802CPQ) . 8i=1,....N
Q aX| Q
We can denote by S¢=gjandru= & ... 8 .

Equivalently, we say that u belongs to W1P(Q) if u is in LP(Q) and if u has a derivative in
the distibutional sens also in LP(Q).
This is a Banach space endowed with the norm:

Tl

X9
Kukwiny =  KuKyeca) + 4 (2.8)

=1 9% e

14



We denote by H(Q) = W%2(Q). This is a Hilbert space emmbed with the inner product:
hu,vigr = hu,vijz2 +hru,r vi zx.2

and the associated norm is kuk?, = kuk?, + kr uk?,_, ..

Wol;p(Q) denotes the space of functions in W1P(Q) with compact support in Q (it is the
closure of of C1(Q) in W™MP(Q)).
Let g = ;2 (so that % + % = 1). We denote by W~19(Q) the dual space of W, "(Q).

Properties: If 1 <p < +1 , then WXP(Q) is reflexive.
If1 p<+1,then WLP(Q) is separable.

Theorem 2.4. Poincaré inequality
Let Q a bounded open set. Let 1 p <1 . Then there exists C > 0 (depending on Q and
p) such that, for all u in W,"*(Q):

kuky p Ckr ukyp (29)

Theorem 2.5. Poincaré-Wirtinger inequality Let Q be open, bounded, connected, with a C*
boundary. Then for all u in WXP(Q), we have:

u 1 udx Ckr uky» (2.10)

Qo LP(Q)
We have the following Sobolev injections:

Theorem 2.6. Q bounded open set with C* boundary. We have:
If p<N, then WP(Q) L%Q) for all q 2 [1,pY where piz,z %

Z|~

If p=N, then W3P(Q) L%Q) for all g2 [1,+1).
If p> N, then WP(Q) C(Q).

with compact injections (in particular, a compact injection from X to Y turns a bounded se-
quence in X into a compact sequence in Y).

We recall that a linear operator L : E ! F is said to be compact if L(Bg) is relatively
compact in F (i.e. its closure is compact), Bg being the unitary ball in E.
2.1.2 Topologies in Banach spaces

Let (E,j.j) be a real Banach space. We denote by E ~the topological dual space of E (i.e. the
space of linear form continuous on E):

E'= I:E! R linear such that jljco= supjlj(TXj)J <+1 (2.11)
x>0
E can be endowed with two topologies:
() The strong topology:
Xn ! Xifjx, Xxjg! O(asn! +1) (2.12)
(i) The weak topology:
Xn CXTFI(X%)! I(X) (@sn! +1)812E" (2.13)

15



Remark: Weak convergence does not imply stong convergence. Consider for instance: Q =
(0,1), f,(X) = sin(2mnx), and L2(Q). We have f, [0dn L?(0,1) (integration by part with
¢ 2 C(0,1), but kfk?, o) = 5 (by using sin®x = =552,

The dual E can be endowed with three topologies:

(1) The strong topology:

L' lifjl, ljgo! O(asn! +1) (2.14)
(i) The weak topology:
I, CLlzd,)! z() (asn! +1)8z2 E~ , the bidual of E. (2.15)
(iif) The weak-* topology:
Lh AL, X)! I(X)(asn! +1)8x2E (2.16)

Examples: If E = LP(Q), if 1 <p < +1 , E is reflexive, ie. E" = E and separable. The
dual of E is LP(Q) with £ + 1,=1.

If E = L1(Q), E is nonreflexive and E”= L*(Q). The bidual E" is a very complicated
space.

Main property (weak sequential compactness):

Proposition 2.2.

Let E be a reflexive Banach space, K > 0, and X, 2 E a sequence such that jx,je = K.
Then there exists X 2 E and a subsequence X,; of X, such that x,; [ xXdsn! +1 .

Let E be a separable Banach space, K > 0, and I, 2 E~a sequence such that jhigo K.
Then there exists | 2 E and a subsequence I,; of I, such that I,;, Cdhsn! +1.

2.1.3 Convexity and lower semicontinuity

Let E be a banach space, and F : E! R. Let (E,j.j) a real Banach space, and F : E! R.
Definition 2.1.

() F is convex if
FOAX+(1 ANy) AFX)+@A ANF() (2.17)

for all x,y in E and A 2 [0, 1].

(i) F is lower semi-continuous (l.s.c.) if

IimxinjX F(x,) FX) (2.18)

16



Equivalently, F is l.s.cif for all A in R, the set fx 2 E;@(x) Ag is closed.

Proposition 2.3. LetF : E! R be convex. Then F is weakly l.s.c. if and only if F is
strongly I.s.c.

In particular, if F : E! R convex strongly l.s.c., if X, X, khen F(x) liminfF(x,).
Notice also that if x, [X,khen jxje liminfjx,jg.

Proposition 2.4. Let E and F be two Banach spaces. If L is a continuous linear operator
from E to F, then L is strongly continuous if and only if L is weakly continuous.

Minimization: the Direct method of calculus of variations
Consider the following minimization problem

inf F(x) (2.19)

(a) One constructs a minimizing sequence X, 2 E , i.e. a sequence satisfying

lim_F () = inf F () (2.20)

n

(b) If F is coercive (i.e. limy, .+ F(X) = +1 ), one can obtain a uniform bound: jx,j K.

() If E is reflexive (i.e. E™= E), then we deduce the existence of a subsequence Xp; and of
Xo 2 E such that Xn; [ Xl

(d) If F is lower semi-continuous, we deduce that:

inf F () = liminfF () F (Xo) (2.21)

which obviously implies that:
F(Xo) = mEigF(x) (2.22)
X

Remark that convexity is used to obtain l.s.c; while coercivity is related to compactness.
Remark: case when F is an integral functional Letf:Q R R2! R (withQ R?)
For u 2 WP(Q), we consider the functional:

z
Fu) = fu(x),Du(x))dx (2.23)
Q

If ¥ is l.s.c., convex, and coercive, then so is F.

17



Examples Let Q = (0,1).

(a)

(b)

(©)

Weiertrass. Let us consider the problem when f(x, u, &) = x&2):

Z 1
m = inf x(u'(x))? dx with u(0) =1 and u(1) =0 (2.24)
0
It is possible to show that m = 0 but that this problem does not have any solution. The
function f is convex, but the W12 coercivity with respect to u is not satisfied because the
integrand f(x, &) = x&2 vanishes at x = 0.

To show that m = 0, one can consider the minimizing sequence:

1 ifx2 0,1
We have u, 2 Wt*(0, 1), and
1
O 1
= 2 = 1
F(un) . X(u, (X)) dx ogn ' 0 (2.26)

So m = 0. Now, if a minimizer G exists, then G”= 0 a.e. in (0, 1), which is clearly not
compatible with the boundary conditions.

Minimal surface. Let f(x,u,&) = P X2+ &2, We thus have: F(u)  fkukyw: (straight-
forward consequence of the fact that = a2 +b>  Z(a+1h) since a> +b? (a+b)?/4 =
(@®> +b>+2(a b)®)/4 0. The associated functional F is convex and coercive on the
non reflexive Banach space W1, Let us set:

l —
m = inf P u? + (uh? dx with u(0) =0and u(l) =1 (2.27)
0

It is possible to show that m = 1 but that there is no solution.
Let us prove m = 1. First, we observe that:

Z 1 p 1 Z 1
F(u) = u2 + (u92 dx jujdx utdx = (2.28)
0 0 0
So we see that m 1. Now, let us consider the sequence:
_ 0 ifx2 0,1 1
U=, n(x 1) ifx2 1 %nl (2.29)
It is easy to check that F(u,)! lasn! +1 . Thisimpliesm =1.
Now, if a minimizer G exists, then we should have:
Z 1 Z 1 Z 1
1=F(@)= a2 + (092 dx ja dx Gdx =1 (2.30)
0 0 0
which implies G = 0, which does not satisfy the boundary conditions.
Bolza Let f(x,u,&) =u?+ (¢2 1)2. The Bolza problem is:
Z 1
m = inf u?+ (1 (uh?)? dx with u(0) =u(l) =0 (2.31)

0
and u in W14(Q). The functional is clearly nonconvex, and it is possible to show that
m = 0 and that there is no solution.
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Characterization of a minimizer: (Euler-Lagrange equation)

Definition 2.2. Gateaux derivative

F(u+Av) F(u)
A
is called the directional derivative of F at u in the direction v if this limit exists. Moreover, if

there exists U 2 E “such that F (u;v) = u(v) = hu,vi for all v 2 E, we say that F is Gateaux
di Cerkntiable at u and we write F (u) = U.

F(uv) = lim (2.32)

Application: If F is Gateaux dilerentiable and if problem inf, =F (X) has a solution u,
then necessarily we have the optimiality condition:

Fu=0 (2.33)

(the controverse is true if F is convex). This last equation is called Euler-Lagrange equation.

2.1.4 Convex analysis

Subgradient LetF : E! R aconvex function. The subgradient of F at position x is defined

as: n o]
OF(X)= y2 E 'such that 8z 2 E we have F(z) FX)+hy,z xi (2.34)

Proposition 2.5. x is a solution of the problem

inf F (2.35)

if and only if 0 2 oF (X).

This is another version of the Euler-Lagrange equation.

Legendre-Fenchel transform: Let ¢:E! R. We define 9~ E"! R by:
0" (F) = sup (hf,xi  9(x)) (2.36)
x [E]

Theorem 2.7. If ¢ is convex s.c.i., and ¢ & +1 , then @™%= ¢.

Theorem 2.8. (Fenchel-Rockafellar)
Let @ and ¢ two convex functions. Assume that 9%, 2 E such that @(xp) < +1 , Y(Xo) <
+1 , and @ continuous in Xq. Then:

inf fo0) +w()g=supf ¢ ) YHg=maxf o€ f) YF)g (2.37)
X f [EY f EY

Proposition 2.6. Let K E a closed and non empty convex set. We call indicator function
of K:
0 if x2 K

Xk () = +1 otherwise (2.38)

Xk IS convex, s.c.i., and Xx & +1 .
The conjugate function X 'is called support function of K.
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X (F) = suphf, xi (2.39)
x K1

Remark that then the conjugate function of a support function is an indicator function.

Proposition 2.7. Assume E = L2. Let ¢(x) = 3kxk?. Then ¢"= ¢.

2.2 The space of funtions with bounded variation
For a full introduction to BV (Q), we refer the reader to [3].

2.2.1 Definition

Definition 2.3. BV (Q) is the subspace of functions u 2 L*(Q) such that the following quantity
is finite: Z
J(u) = sup u(x)div (§(x))dx/& 2 C(Q,RN), KEK @:rny 1 (2.40)
Q

BV (Q) endowed with the norm
kukgy = kuk 1 + J(u) (2.41)
is a Banach space.

If u 2 BV (Q), the distributional derivative Du is g bounded Radon measure and (2.40)
corresponds to the total variation jDuj(Q), i.e. J(u) = ,jDuj.

Examples:

R R
If u2 CH(Q), then ,jDuj= jr uj.

Let u be gzeflned in ( Rl +1) by ﬂ(x) = Rl 1 x<0andu(x) =R+1 ifo<x L
We have ,udivp = ucp _1<pD+ 0 ¢ Then Du = 23, and oJDuj = 2. But
notice that u dos not belong to W1 since the Dirac mass &y is not in L2

R
If A Q, if u= 1 the characteristic function of the set A, then ,jDuj = Perq(A)
which coincides with the clasical perimeter of A if the boundary of A is smooth (i.e. the
lenght if N = 2 or the surface if N = 3).

Notice that ,1adivg =, ¢@.N with N inner unit normal along 0A.

A function belonging to BV may have jumps along curves (in dimension 2; more generally,
along surfaces of codimension N 1).

2.2.2 Properties

R R
Lower semi-continuity: Letu; in BV (Q)andu; ! [1q) u. Then ,jDuj lim; .o inf jDu;j.
The strong topology of BV (w) does not have good compactness properties. Classically, in
BV (Q), one works with the weak -* topology on BV (Q), defined as:

U Cevlwry, uj! L1y uand Du; Ly 1Du (2.42)
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where Du; L[y 1IDu is a convergence in the sens of measure, i.e. Du;, @i ! h Du, @i for all ¢
in (C5°(Q)%.
Equipped with this topology, BV (Q) has some interesting compactness properties.
Compactness:
If (uy) is a bounded sequence in BV (Q), then up to a subsequence, there exists u 2 BV (Q)
such that: u, ! uin L(Q) strong, and Du,, Ly IDu.
ForQ R?ifl1 p 2, we have:

BV(Q) LP(Q) (2.43)

Moreover, for 1  p < 2, this embedding is compact.
Since BV (Q) L%(Q), we can extend the functional J (which we still denote by J) over

LZ(Q): R

oiDUj ifu2 BV (Q)

+1 ifu2 L2(Q)nBV (Q)

We can then define the subdilerential dJ of J [57]: v 2 dJ(u) ifor all w 2 L2(Q), we have

Ju+w) J(u)+hv,wi Lz Where h,.i 2y denotes the usual inner product in L2(Q).
Approxilcpation by smooth functions: If u belongs to BV (Q), then there exits a sequence u,

inC*=(Q) BV(Q)suchthatu,! uinL}Q) andJ(u,)! J@u)asn! +1.
Poincaré-Wirtinger inequality

J(u) = (2.44)

Proposition 2.8. Let Q be open, bounded, conneceted, with a C* boundary. Then for all u
in BV (Q), we have: 7 7

udx C jDuj (2.45)
Q LP(Q) Q

for1 p N/(N 1)(ie.l p 2whenN =2).

Ql -

2.2.3 Decomposability of BV (Q):
If uin BV (Q), then (Radon-Nikodim theorem):

Du=r udx+ Dgu (2.46)

where r u2 L*(Q) and Dsu ? dx. r u is called the regular part of Du.
In fact, it is possible to make this decomposition more precise. Let u 2 BV (Q), we define
the approximate upper limit u™ and approximate lower limit u~:

T
dx(fu>tg B(x,r)) _

ute) =inf t2[1 ,+1]lim X 0 (2.47)
r-
dx(fu<t TB
) =sup t2[1 ,+1 Jlim x(fu rgN x0)_g (2.48)
If u2 LY(Q), then:
z
lim - . jux) u(y)jdy =0a.e. x 2.49
"B 6oy () u(y)idy (2.49)
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A point x satisfying (2.49) is called a Lebesgue point of u, for such a point we have u(x) =
ut(x) =u~(x) and: 7
1
ux) =lim ——— u(y)dy =0 2.50
00 =M S0 oy IO (2.50)

We denote by S, the jump set of u, that is, the complement, up to a set of HN~1 measure
zero, of the set of Lebesgue points:

Su= X2Qu (X)<u"(x) (2.51)

Then S, is countably rectifiable, and for HN "1-a.e. x 2 Q, we can define a normal ny(x).
The complete decomposition of Du (u 2 BV (Q)) is thus:

Du=r udx+ U™ u)nHg*+Cy (2.52)

Here, J, = (U™ u‘)nuH[“S:l is the jump part, and C, the Cantor part. We have C, ? dx,
and C, is dilude, i.e. Cy(x) =0.

Notice that the subset of BV (Q) function for which the Cantor part is zero is called SBV (Q)
and has also some interisting compactness properties.

Chain rule: if uin BV(Q), g : R 7! R Lipshitz, then g u belongs to BV (Q), and the
regular part of Dv is given by r v = g {u)r u.

2.2.4 Set of finite perimeter

Definition 2.4. Let E be a measurable subset of R?. Then for any open set Q  R2, we call
perimeter of E in Q, denoted by P (E, Q), the total variation of 1¢ in Q, i.e.:

z
P(E,Q =sup  div(E(X)dx/E 2 CL(Q; R?), ki oy 1 (2.53)
E

We say that E has finite perimeter if P(E,Q) <1 .

Remark: If E has a C!-boundary, this definition of the perimeter corresponds to the classical
one. We then have: \
P(E,Q) =H(E Q) (2.54)

where H?! stands for the 1-dimensional Hausdor Cmheasure [3]. The result remains true when E
has a Lipschitz boundary. T
In the general case, if E is any open set in Q, and if HY(0E Q) < +1 , then:

\
P(E,Q H 'E Q) (2.55)

Definition 2.5. We denote by F E the reduced boundary of E.
( )

\ D
FE= x2 support D1y Q /ve=Iim —1e@e0)) ayists and verifies JVej =1

=0 Dic@ox))
(2.56)
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Definition 2.6. For all t 2 [0, 1], we denote by E! the set
T
. _JE B (X))
x2 R?/ lim———2% =
=0 JB (X)]

S
of points where E is of density t, where B (x) =fy/kx yk pg. Wesetd'®E =R?n(E° E?)
the essential boundary of E.

(2.57)

Theorem 2.9. [Federer [3]]. Let E a set with finite perimeter in Q. Then:

\
FE Q E¥ o (2.58)

and [ [
H! on E° FE E! =0 (2.59)

Remark: If E is Lipschitz, then 9E  d'E. In particular, since we always have FE  9E
(see [31]): \ \ \
P(E,Q=H!0QE Q)=HY0E Q=HFE Q) (2.60)

Theorem 2.10. [De Giorgi [3]]. Let E a Lebesgue measurable set of R>. Then FE is 1-
rectifiable.

We recall that E is 1-rectifiable if and only if there exist Lipschitz functions f; : R21 R
suchthat E |5 fi(R).

Theorem 2.11. Coarea formula If u in BV (Q), then:

Z oo
J(u) = P({fx2Q: u(x)>tgQ)dt (2.61)

—Ooo

In particular, for a binary image whose gray level values are only 0 or 1, the total variation
is equal to the perimeter of the object inside the image.
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3. Energy methods

For further details, we encourage the reader to look at [6].

3.1 Introduction

In many problems in image processing, the goal is to recover an ideal image u from an obser-
vation f.
u is a perfect original image describing a real scene.
T is an observed image, which is a degraded version of u.
The simplest modelization is the following:
f=Au+v 3.1)

where v is the noise,
and A is the blur, a linear operator (often a convolution).
As already seen before, the ML method leads to consider the following problem:

infkf  Auk3 3.2)
u
where k.k, stands for the L2 norm. This is an ill-posed problem, and it is classical to consider

a regularized version:
W PG e

data term  regularization

3.2 Tychonov regularization
3.2.1 Introduction

This is probably the simplest regularization choice: L(u) = kr uk3.
The considered problem is the following:

P 2 2
uﬁqu(g)kf Auks + Akr uk3 (3.4)

where A is a continuous and linear operator of L?(Q) such that A(1) & 0.

This is not a good regularization choise in image processing: the restored image u is much
too smoothed (in particular, the edges are eroded). But we study it as an illustration of the
previous sections.

We denote by:

F(u) = kf  Auk?®+ Akr uk? (3.5

Using the previous results, it is easy to show that:
(i) F is coercive on W2(Q).
(i) W12(Q) is reflexive.

(iii) F is convex and l.s.c. on W12(Q).

24



As a consequence, the direct method of calculus of variation shows that problem (3.4) admits
a solution u in W12(w).

Moreover, since A(1) & 0 it is easy to show that F is strictly convex, which implies that
the solution u is unique.

This solution u is characterized by it Euler-Lagrange equation. It is easy to show that the
Euler-Lagrange equation associated to (3.4) is:

AFf+ARAU ANu=0 (3.6)

with Neumann boundary conditions @“ =0 on Q. We recall that A™s the adjoint operator
to A.

3.3 Sketch of the proof

Computation of the Euler-Lagrange equation:

é(F(u+0(v) F(u = ékf Au  aAvks +Akr u+ar vk3 k f Auk3 + Akr uk3

1 . .
= a(thv,Z(Au ) + aAvi + Ahar v, 2r u+ar vi)

= hv,2A%AuU )i +2\hr v, r ui +0(a)
= 2tv,A"Au  AYi  2Ahv, Aui + 0(0)

Hence
Fu)=2(A"Au A 2AAuw) (3.7)

Convexity, continuity, coercivity: We have:
FXu) =2(A"A. A) (3.8)

FTis positive. Indeed: PAAw,wi = kAwk3 0, and h Aw,wi = kr wk3 0. Hence F is
convex. Moreover, since Al & 0, F is definite positive, i.e. hF™u)w,wi > 0 for all w & 0.
Hence F is strictly convex.

For the coercivity, for the sake of simplicity, we make the additional assumption that A
is coercive (notice that this assumption can be dropped, the general proof requires the use of
Poincaré inequality), i.e. there exists B > 0 such that kAxks  Bkxk3:

kfk? + kAuk® 2ahf, Aui + Akr uk?
= KkAuk® + Akr uk®  20bAF, ui + kfk?
|3kuk2 + Akr uk? 20PA M, Ui + kfk?

F(u)

Since A is linear continuous, u ! k f Auks is I.s.c. Hence F is l.s.c. This conlude the
proof.

L1
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Figure 7: Restauration (Tychonov) par EDP

We could also have derived a more direct proof. Let u, be a minimizing sequence. We
thus have kr upk M (M generic positive contant), and kf Au,k M. But by triangular
inequaliy, we have: kAunk, k fky, + kAu,k; M. And since A is assumed coercive, we
get ku,k, M. Hence we deduce that u, is bounded in W2(Q). Since W12(Q) reflexive,
there exists u in W%2(Q) such that up to a subsequence, u, [_ulin W2(Q) weak. By
compact Sobolev embedding, we have u, ! u in L?(Q) strong. Since A is continuous, we have
kf Au,k3!'k f Auk3. Moreover, since r u, [, we have liminfkr u,k? kr uk. This
conclude the proof.

1
3.3.1 Minimization algorithms
PDE based method: (3.6) is embed in a fixed point method:
ou
3 AMu+AF  AMAuU (3.9)

Figure 7 shows a numerical example in the case when A = Id.

Fourier transform based numerical approach In this case, a faster approach consists in
using the Fourier transform.

We detail below how the model can be solved in discrete using the discrete Fourier transform
(DFT).

We recall that the DFT of a discrette image is (F(m,n)) (0 m N land0 n N 1)
isgivenby (O p N land0 g N 1):
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Figure 8: Restauration (Tychonov) par TFD

X-1x-1
F(F)(p.9) = F(p,q) = f(m, n)e I @ =N pmei (=N Jan (3.10)
m=0 n=0
and the inverse transform is:
1 X1t o o
f(m,n) = NES F (p, q)e =N Jpmei (2=N jan (3.11)
p=0 g=0

Moreover we have kF (F)k = N2kfkZ et (kF (F), kF (g))x = N2(f,g)x.
It is possible to show that:

X , X 2 mp nq
kF(r F)k*= JF(r P)p.gi"=  4jF (F)(p.)i° sin’ N sin? N (3.12)
Pid piq
Using Parseval identity, it can be deduced that the solution u of (3.4) satifies:

F ()P 9)

F(Wp.a) = 1+8A sin® 2 +sin® &

(3.13)

Figure 8 shows a numerical example obtained with this approach.

3.4 Rudin-Osher-Fatemi model
3.4.1 Introduction

R
In [58], the authors advocate the use of L(u) = jDuj as regularization. With this choice, the
recovered image can have some discontinuities (edges). The considered model is the following:
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: 1 2
] . Eégf(g) J(u) + 5kf Auk; (3.14)
where J(u) = jDuj stands for the total variation of u, and where A is a continuous and
linear operator of L?(Q) such that Al & 0 (the case when A is compact is simpler).

The mathematical study of (3.14) is done in [21].

The proof of existence of a solution is similar to the one for the Tychonov regularization
(except that now one works in BV (Q) instead of W%2(Q). If A is assumed to be injective, then
this solution is unique.

Sketch of the proof of existence: We denote by:

F(u)=J@)+ %kf Auk3 (3.15)
F is convex.

For the sake of simplicity, we assume that A = Id. See [6] for the detailed proof in the
general case.

Let us consider u, a minimizing sequence for (3.14) with A = Id. Hence there exists M >0
such that J(u,) M and kf u,k3 M (M denotes a generic positive constant during the
proof). Moreover, since kupk, k fk, + kf  u,k,, we have ku,k, M. Hence u, is bounded
in BV (Q). By weak-* compacity, there exists therefore u in BV (Q) such that u, ! uin L}(Q)
strong and Du, [Du.

By l.s.c. of the total variation, we have J(u) liminfJ(u,), and by l.c.i. of the weak norm
we have kf uk? k f u,k?. Hence, up to a subsequence, we have lim, _ .+ inf F(u,)  F(u).

1
Euler-Lagrange equation: Formally, the associated Euler-Lagrange equation is:
div ~Y s laAu A =0 (3.16)
ir uj A B '
with Neuman boundary conditions.
Numerically, one embed it in a fixed point process:

ou ru 1

—=div —  Z((A"Au A'f 17

gt - IV gy aAAd ) (3.17)

R
Howev&r,dn this approach, it is needed to regularize the problem, i.e. to replace jDuj in
(3.14) by , jr uj?+ [& The Euler-Lagrange equation is then:
!

ou ) ru 1

Moreover, when working with BV (Q), (3.16) is not true. For the sake of simplicity, we
assume in the following that A = Id.
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3.4.2 Interpretation as a projection

We are therefore interested in solving:

: 1 )
. ce';?vf(g) J(u) + ﬁkf uks (3.19)
Using convex analysis result, the optimality condition associated to the minimization prob-
lem (3.19) is:
u f2A0J() (3.20)

This condition is used in [20] to derive a minmization algorithm for (3.19).
Since J is homogeneous of degree one (i.e. J(Au) = AJ(u) 8u and A > 0), it is standard (cf
[29]) that Jthe Legendre Fenchel transform of J,

IV =sup((u,v)2 (W) (3.21)

is the indicator function of a closed convex set K.
It is easy to check that K identifies with the set (using the fact that J ™= J):

K =fdiv(g)/g 2 (L*(Q))? kgke. 19 (3.22)
and _
I =xc(v) = 31 :th\r/lezrw}?se (3.23)
The next result is shown in [20] :
Proposition 3.1. The solution of (3.19) is given by:
u=Ff Py (F) (3.24)
where P is the orthogonal projection on AK.
Proof: If G is a minimizer, then
02(@ F)/A+0J3(0) (3.25)
e :
(f 0)/A203(0) (3.26)
Hence
G2 09J5(F Q)/N) (3.27)
We set w = (f 1), and we get:
02w f+03J-W/N) (3.28)
We then deduce that w is the minimizer of:
inf  kw fK* + %J “tw/\) (3.29)
i.e. W=Pg (F), henceG=F P (T).
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Figure 9: Image bruitée a restaurer

Algorithm : [20] proposes an algorithm to compute P ¢ (f) which can be written in discrete:
min kidiv(p) fki :p/jpyj 18i,j=1,...,N (3.30)

(3.30) can be solved with a fixed point process:
p°=0 (3.31)

and . -
O CTCONR 72D
& L+Tj(r (div(p") £/N)i; ]
And [20] gives a su [cieht condition for the algorithm to converge:

(3.32)

Theorem 3.1. Assume that parameter t in (3.32) is such that t  1/8. Then Adiv(p")
converges to Px (f) whenn! +1 .

The solution to problem (3.19) is therefore given by:
u=Ff div(p™) (3.33)
where p= = limy, _ 400 P"
Figure 10 shows an example of restoration with Chambolle’s algorithm (the noisy image is
displaid in Figure 9).
3.4.3 Euler-Lagrange equation for (3.19):
The optimality condition associated to (3.19) is:

u f2 M) (3.34)
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Figure 10: Image restaurée (ROF)

And formally, one then writes:
u f=adiv — (3.35)
Iruj

But the subdi Cerkntial dJ(u) cannot always be written this way.
The following result (see Proposition 1.10 in [4] for further details) gives more details about
the subdi[erkntial of the total variation.

Proposition 3.2. Let (u,V) in L2(Q) with u in BV (Q). The following assertions are equiva-
lent:

(i) v 2 aJ(u).
(ii) Denoting by X(Q), =fz 2 L=(Q, R? . div(2) 2 L?(Q)g, we have:

vudx = J(u) (3.36)
Q
and
9z 2 X(Q)2 , kzkee 1,z.N =0, on 9Q (3.37)
such that v = div(z) in DXQ) '
(iii) (3.37) holds and: 7 v
(z,Du) = |Duj (3.38)
Q Q
From this proposition, we see that (3.34) means:
u T =Adivz (3.39)
with z satisfying (3.37) and (3.38). This is a rigorous way to write u  f = Adiv %‘D :
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3.4.4 Other regularization choices

The drawback of the total variation regularization is a staircase eledt. There has therefore
been a lot of work dealing with how to remedy to this problggn. In particular, people have

investigated other regularization choice of the kind L(u) = ,(r uj). The functional to
minimize becomes thus: ! Z
infikf Auk?+ A @(kr uk)dx (3.40)
u Q
And formally, the associated Euler-Lagrange equation is:
Adiv "’?(r”u;”)r u +ARU AF=0 (3.41)

with Neumann boundary conditions:

o (jr uj) du _
jruj ON

noqQ. (3.42)

We are now going to develop formally the divergence term. For each point X where jr u(x)j &
0, we can define the vectors N (x) = % and T (x), JT(X)] =1, with T(x) ? N(X), respectively
the normal and the tangent to the level line of u.

We can then rewrite (3.41) as:

AAu A (p?rjru:,“)uﬁ + (r uunn =AF (3.43)
where we denote by urt and uyy the second derivatives of u in the T direction and N
direction, respectively:

1
— 2 — 2 2
uTT - T LTL‘ UT - Jr UJZ uX1UX2X2 + ququxl 2UX1UX2UX1X2 (3.44)
— I? 2 — 1 2 2
UnN = N uUN = jr sz ux1uX1X1 + ux2uX2X2 + 2uX1uX2uX1X2 (345)

This allows to see clearly the action of the function ¢ in both directions N and T.
At the location, where the variation of the intensity are weak (low gradient), we would like
to encourage smoothing, the same in all directions.
Assuming that ¢ is regular, this isotropic smoothing can be achieved by imposing:

rgl @ = Iirg)l (pmts) = (pm(O) >0 (3.46)

(pD(O) =0. sl_l> S

Therefore, at points where jr uj is small, (3.43) becomes:

AAu )\(pm(O)('JlE uny) = A'f (3.47)
=Au
So at these points, we want to do some Tychonov regularization.
In a neighbourhood of an edge C, the image presents a strong gradient. If we want to preserve
this edge, it is preferable to dil[ude along C (in the T direction) and not across it. To do so, it
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is su [cieht in (3.43) to annihilate (for strong gradients) the coe [cieht of uyy , and to assume
that the coe [Ccieht of urt does not vanish:
m @ =B>0 (3.48)

li
S +oo S

lim ¢'(s) =0,

Unfortunately, this two conditions ar not compatible. A trade-o [nhus be found. For instance,
¢ (s) and @ both converge to 0 as s! +1 , but at di[erent rates:

lim ¢"(s) = lim 90O _gand 1im L& =g (3.49)
S +oo S +oo S S +oo &
For instance, one may chooses the hypersurface minimal function:
o(s) = P 1+ g2 (3.50)

Of course, all these remarks are qualitative. Other conditions will arise so that the problem is
mathematically well-posed.

To show the existence and uniqueness of a solution using the direct method of the calculus
of variations, some minimal hypotheses are needed on @:

(i) @ is strictly convex, nondecreasing function from R™ to R™, with ¢(0) = 0 (without a loss
of generality).

(i) liMs_ o0 0(S) = +1 .

Conditions (ii) must not be too strong, because it must not penalize strong gradients, i.e.
the formation of edges (see what happens if ¢(s) = s?). Hence we assume that ¢ grows at most
linearly: there exist two constants ¢ >0 and b 0 such that:

cs b o@(s) cs+bforalls O (3.51)

With all these assumptions, it then possible to show that problem (3.40) admits a unique
solution in BV (Q) (see [6]).

Non convex ¢ function: It has been shown numerically that the choice of non convex @
functions can lead to very interisting results [6]. Nevertheless, in the continuous case, the direct
method of calculus of variation fails to prove the existence of a solution for such regularization
choices. This remains an open question. In particular, the following functions have been shown

to give good restoration results:
2

o(s) = 1+s2 (3.52)

and:

@(s) = log(1 + s%) (3.53)
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3.5 Wavelets
3.5.1 Besov spaces

We denote by f j;x g a wavelet basis. A function f in L2(R?) can be written:
X
f = Cj;k l.le;k (354)
ik
P
where the c;y are the wavelet coe [ciehts of f, and we have: kfk_2gey = ) Cfi -
Spaces weel-suited to wavelets are Besov spaces B5, (for0 <s<1,0<p 1 and
0<qg 1 )I50,48, 24, 21]. B;,, correponds roughly to functlons with s derlvatlves in LP(R?),
the third parameter g being a way to adjust the regularity with precision.

Remark: if p=gq =2, then BS, is the Sobolev space W2 and whens<1,1 p 1 ,and
q =1, then BS., is the Lipschitz space Lip(s, LP(R?)).

We can give an intrinsic definition to Besov spaces BS and of their norm k. kBsq from the
regularity modulus of f [24, 21]. If we assume that the chosen wavelet ¢ has at least s + 1
vanishing moments and is of regularity at least CS**, then if f 2 BS, the norm kfkgs, Is
equivalent to: 0 —

X X
@ 25Kk Djc P A (3.55)
k j

p:q’

Qo
QlR

(the constants depend on the chosen wavelet).
In what follows, we will always use the equivalent norm (3.55) for kfkegs .
Here, we are interested in homogeneous version of besov spaces:

BSq=B5/ U2B5,/ru=0 (3.56)

Definition 3.1. Bil is the usual homogeneous Besov space (cf [50]). Let j; an orthonormal
wavelet basis composed of reglar wavelets with compact supports. B1, is a subspace of L?(R?)
and a function f belongs to B, if and only of:

X X -~
jok 2™ < +1 (3.57)
j Ik z3

Definition 3.2. The dual space of B1 1 Is the Banach space B_loo It is characterized by the
fact that the wavelet function of a generalized function in B=._, are in 1°(Z  Z2).

_100
Remark: We have the following inclusions:
B, BV(RY) L’R?) B (3.58)

where BV stands for the homogeneous version of BV : BV =BV/fu2BV /ru= 0g.
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3.5.2 Wavelet shrinkage

A interesting application of wavelets is image denoising. If an original image u has been
degraded by some additive white gaussian noise, an e [cieht restoration method consists in
thresholding the wavelet coe Lciehts of the degraded image f.

We define the soft-thresholding operator as:

8 .
<t Tift 1
B@)=_ 0ift =t (3.59)
t+Tsit T

In an orthonormal wavelet basis, the wavelet coe Lciehts of f denoted by cj (f) are random
gaussian variables with zero mean with standard deviation o (o being the standard deviation
of the white gaussian noise).

The wavelet soft-thresholding of £ with parameter 1, denoted by WST (f, 1) (Wavelet Soft
Thresholding), is the functioB whose wavelet coe [ciehts are 8 (cjx (f)). The theoretical value
proposed by Donohoist =0 2log(N2), where N? stands for the size of the image (in practice,
this threshold value is much too large). For further details, we refer the reader to [28, 46, 50, 48].

3.5.3 \Variational interpretation

Let us consider the functional
infkF  uk?®+ 2tkukg; | (3.60)
u ,

The solution to (3.60) is given by:

u=WST(f, 1) (3.61)

Sketch of the proof: (see [21] for the detailed proof)
Denote by cj (resp. d;x ) the wavelet coe Lciehts of f (resp. u). We thus have to minimize:

X
joik i j® + 2Tjdjk ] (3.62)
jik
There is no coupling term in the equations, and we therefore just have to minimize the
generic function
E(s) =js tj®+2tjsj =jsj* + 2jsj(t j tj) +1t? (3.63)

We minimize f(x) = x? + 2x(T | tj) + t? with the constraint x 0. We have f(x) =
2X+2(T j ).

L1

Figure 11 and 12 show examples of restoration.

Remark: In 1D, total variation minimization is equivalent to iterative wavelet shrinkage
(using the Harr wavelet with one level of decomposition) [60].
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Figure 11: Restauration by wavelet shrinkage (Haar)

B, e g 1 T gl
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Figure 12: Restauration by wavelet shrinkage (Daubechies 12)
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4. Advanced topics: Image decomposition

We encourage the reader to look at [50] for a nice historical introduction to the topics.

4.1 Introduction

Image restoration is an important and challenging inverse problem in image analysis. The
problem consists in reconstructing an image u from a degraded data f. The most common
model linking u to T is the following one: ¥ = Ru + 1, where R is a linear operator typically
modeling blur and n is the noise. Energy minimization has demonstrated to be a powerful
approach to tackle this kind of problem (see [6] and references therein for instance). Here we
examine a pure denoising situation, i.e. R is the identity operator. The underlying energy is
generally composed of two terms: a fidelity term to the data and a regularizing-cost function.
One of the most e [edtive method is the total variation minimization as proposed in [58]. This
model relies on the assumption that BV (Q), the space of functions with bounded variation, is
a good space to study images (even if it is known that such an assumption is too restrictive
[2]). In [58], the authors decompose an image f into a component u belonging to BV (Q) and a
component v in L2(Q). In this model v is supposed to be the noise. In such an approach, they
minimize: 7 )
. o 9

R (uiv) (BY (Q)IQITZ(Q)=f:u+v IDuj + ﬁkaLZ(Q) (4.1)
where jDuj stands for the total variation of u. In practice, they compute a numerical solution
of the Euler-Lagrange equation associated to (4.1). The mathematical study of (4.1) has been
done in [21].

In [50], Y. Meyer shows some limitations of the model proposed in [58]. In particular, if f is
the characteristic function of a bounded domain with a C*-boundary, then T is not preserved
by the Rudin-Osher-Fatemi model (contrary to what should be expected).

Meyer model In [50], Y. Meyer suggests a new decomposition. He proposes the following
model: 7

inf jDuj + akvk 4.2
(u;v) [BY (R2)x<G(R2)=f =u+v J ) GR ( )

where the Banach space G(R?) contains signals with large oscillations, and thus in particular
textures and noise. We give here the definition of G(R?).

Definition 4.1. G(R?) is the Banach space composed of distributions £ which can be written
f =010 + 0,9, = div(g) (4.3)
with g; and g, in L*(R?). The space G(R?) is endowed with the following norm:
kvkgrzy = inf KgKiere) = essﬂsgl;pjg(x)j /v =div(Q), 9 =(01,92),
X

p (0]
012 L2(R?),02 2 L™(R?),jg()j = (i91}? + 522 (X) (4.4)

BV (R?) has no simple dual space (see [3]). However, as shown by Y. Meyer [50], G(R?)
is the dual space of the closure in BV (R?) of the Schwartz class. So it is very related to the
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dual space of BV (R?). This is a motivation to decompose a function ¥ on BV (R?) + G(R?).
This is also why the divergence operator naturally appears in the definition of G(R?), since the
gradient and the divergence operators are dual operators.

A function belonging to G may have large oscillations and nevertheless have a small norm.
Thus the norm on G is well-adapted to capture the oscillations of a function in an energy
minimization method.

4.2 A space for modeling oscillating patterns in bounded domains
4.2.1 Definition and properties

In all the sequel, we denote by Q a bounded connected open set of R? with a Lipschitz boundary.
We adapt Definition 4.1 concerning the space G to thS case of Q. We are going to consider a
subspace of the Banach space W 1<(Q) = Wy *(Q) (the dual space of W;™(Q)).

Definition 4.2. G(Q) is the subspace of W ~1*(Q) defined by:
G(Q)= v2L*(Q)/v=divE, £2 L=(Q,R?), &N =00ndQ (4.5)
On G(Q), the following norm is defined:

kvkg(q) = Iinf k&K =q.rey /V=divE, &N =0 o0n 0Q (4.6)

Remark: In Definition 4.2, since div& 2 L?(Q) and & 2 L*(Q, R?), we can define &.N on 9Q
(in this case, &.N 2 H™172(0Q), see [61, 45] for further details).

The next lemma was stated in [50]. Using approximations with CZ°(Q) functions [3], the
proof is straightforward:

R
Lemma 4.1. Letu 2 BV(Q) and v 2 G(Q). Then: uv  J(u)kvkgqy (where J(u) is

Q
defined by (2.40)).
We have the following simple characterization of G(Q):
Proposition 4.1. 7
GQ= v2L3(Q)/ v=0 4.7
Q

Proof: Let us denote by H(Q) the right-hand side of (4.7). Wegsplit the proof into two steps.
Step 1: Let v be in G(Q). Then from(4.5) it is immediate that v =0, i.e. v2 H(Q).

Step 2: Let v be in H(Q). Then from [17] (Theorem 3’) (see also [18]), there exists ¢ 2
C°%Q,R»)\ W¥2(Q,R?) such that v = divé and & = 0 on 0Q. In particular, we have & 2
L*<(Q,R?) and &.N =0 on dQ. Thus v 2 G(Q).

L1
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Remark: Let us stress here how powerful the result in [18, 17] is. It deals with the limit case
v in L9Q), g = 2, when the dimension of the space is N = 2. The classical method for tackling
the equation divE = v with §&.N = 0 on 0Q consists in solving the problem Au = v with éﬂﬁ =0
on 0Q, and in setting & =r u. If visin L9%Q) with q > 2 this problem admits a unique solution
(up to a constant) in W29(Q). Moreover, thanks to standard Sobolev embeddings (see [30, 33]),
& =r u belongs to L=(Q,R?). If g = 2, the result is not true and the classical approach does
not work. So the result by Bourgain and Brezis is very sharp.

We next introduce a family of convex subsets of G(Q). These convex sets will be useful for
approximating Meyer problem.

Definition 4.3. Let G (Q) the family of subsets defined by (i > 0):
G (Q= v2G(Q)/kvkgp M (4.8)

Lemma 4.2. G (Q) is closed for the L?(Q)-strong topology.

Proof of Lemma 4.2 Let (v,) be a sequence in G (Q) such that there exists V 2 L?(Q)
with v, ! 7 in L?(Q)-strong. We have v, = divE,, with &, such that k§,k ~qrzy M and
&.N =00n0Q. Askék ~.rzy W, thereexistsg 2 L=(Q, R?) such that, up to an extraction:

& LCEih L=(Q, R%) weak %, and Kk -parzy  H. R
Moreover if ¢ 2 D(Q): ,va@dXx = divE,@dx =  &r @dx. Thusasn! +1, we

get. Z z z z

Jodx = & gdx= divEgadx ENQ (4.9)
Q Q Q @

By choosing first a test function in CZ°(Q), we deduce from (4.9) that V = divE in D{Q), and
since V 2 L2?(Q), the equality holds in L?(Q). Then for a general ¢ 2 D (Q), it comes &.N =0
on 0Q (in H™2(0Q)).

L1

The next result is a straightforward consequence of Lemma 4.2.

Corollary 4.1. The indicator function of G (Q) is Isc (lower-semicontinuous) for the L?(Q)-
strong topology (and for the L?(Q)-weak topology since G is convex).

Remarks:
1. Let us denote by K(Q) the closure in L?(Q) of the set:
divE, €2 CZ(Q,R?), k&K w@rzy 1 (4.10)

Using Lemma 4.2 and some results in [61], one can prove that K(Q) = G1(Q).

Moreover, one can also show in the same way that G(Q) is the closure in L?(Q) of the
set:
divé, €2 CI(Q,R?) (4.11)

2. From the proof of Lemma 4.2, one easily deduces that k.kg is lower semi continuous (Isc).
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We also have the following result:

Lemma 4.3. If v 2 G(Q), then there exists & 2 L*°(Q, R?) with v = divé and &N = 0 on
0Q, and such that kvkg = k&K «(q:r2).

Proof: Let v 2 G(Q). Let us consider a sequence &, 2 L*(Q,R?) with v = divé, and
&.N =0 on 0Q, and such that k&,k_ ) ! k Vkg. There exists & 2 L=(Q, R?) such that, up
to an extraction, &, [£1ih L*=(Q,R?) weak *. Then, as in the proof of Lemma 4.2, we can
show that &.N =0 on 0Q and that v = div&.

L1

Main property: The following lemma is due to Y. Meyer [50]. But it was stated in the case
of Q = R?, and the proof relied upon harmonic analysis tools. Thanks to our definition of
G(Q), we formulate it in the case when Q is bounded. Our proof relies upon functional analysis
arguments.

Lemma 4.4. Let:Q be a Lipschitz bounded open set, and let f, , n 1 be a sequence of
functions in L9%Q) G(Q) with the following two properties:

1. There exists ¢ > 2 and C > 0 such that kf,k qqy C.
2. The sequence f, converges to 0 in the distributional sense (i.e. in DXQ)).

Then kf,kg converges to 0 when n goes to infinity.

This result explains why the norm in G(Q) is a good norm to tackle signals with strong
oscillations. It will be easier with this norm to capture such signals in a minimization process
than with a classical L2-norm.

Remark: Hypotheses 1. and 2. are equivalent to the simpler one: there exists q¢ > 2 such
that f, [0 1h L9Q)-weak.

T
Proof of Lemma 4.4: Let us consider a sequence f, 2 L9(Q) G(Q) satisfying assumption
1. and let us define the Neumann problem:

Au, =T, in Q
_ (4.12)
@4 =00n0Q
R
We recall that as f, 2 G(Q), we also have T, dx = 0. We know (see [39, 52, 27]) that problem
(4.12) admits a solution u, 2 W2Z9(Q). From [52, 51], we also know that there exists a constant
B > 0 such that: ku,kwza@)y Bkfikiaqy. And as we assume that kf,k_.aq)y C, we get:

Kup kW 2,4(Q) BC (413)

Since ¢ > 2 and Q bounded, we know (see [1]) that there exists 8 2 (0,1) such that
W2Z4(Q) is compactly embedded in C* (Q). We denote by g, =r u,. We have kgnkwv.a(q)
kupkwzaqy BC. And it is also standard that W9(Q)? is compactly embedded in C% (Q)?.

Hence, up to an extraction, we get that there exists u and g 2 C% such that u, ! u and
On ! g (for the C% topology). It is then standard to pass to the limit in (4.12) to deduce
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that g, ! 0 uniformly (we recall that g, =r u,). The previous reasonning being true for any
subsequence extracted from u,, we conclude that the whole sequence r uy, is such thatr u, ! 0
asn! +1 inL*(Q,R?-strong, i.e. g, =1 u, ! 0in L*(Q,R?)-strong. Since f, = divg,,
we easily deduce that kf,kg ! 0.

1
4.2.2 Study of Meyer problem
We are now in position to carry out the mathematical study of Meyer problem [50].
Let £ 2 L9Q) (with g 2). We recall that the considered problem is:
inf J(u) + akvKkg(q) (4.14)

(uv) BY (Q)*G(Q)=f =u+v

where J(u) is the total variation jDuj defined by (2.40).

Remark: Since T is an image, we know that f 2 L*°(Q). Thus it is not restrictive to suppose
q 2.
Before considering problem (4.14), we first need to show that we can always decompose a
function T 2 LYQ) into two components (u,v) 2 BV (Q) G(Q).

Lemma 4.5. Let f2 L9%Q) (with g 2). Then there exists u 2 BV (Q) and v 2 G(Q) such
that f =u+v.

R R
Proof: Letuschooseu =5 ,fandv=Ff u=f Rﬁ o F. We therefore have u 2 BV (Q)

(since Q is bounded), and v 2 L?(Q). Moreover, since oV = 0 we deduce from Proposition 4.7
that v 2 G(Q).

L1

We now show that problem (4.14) admits at least one solution.

Proposition 4.2. Let f 2 L9Q) (with g 2). Then there exists G 2 BV (Q) and V 2 G(Q)
such that f =0+ V, and:

J(0) + akVkg = (J(u) + akvkg) (4.15)

i
(u;v) [BY (Q)x<G(Q)=f =u+v

Proof: Let us first remark that the functional to minimize in (4.14) is convex with respect to
its two variables. Moreover, the infimum in (4.14) is finite (thanks to Lemma 4.5).
Now, let (u,,Vv,) be a minimizing sequence for (4.14) We thus have for some constant C

J(u,) Candkvyke C (4.16)

From Poincaré inequality (see [3]), thergexists a constant B > 0 such that: ku, RQ UnKi2(q)
BJ(un). Thus from (4.16), we get ku, oUnkiziqy BC. Butasu, +v, =T, we have:
Z Z Z
un + Vi = f (4.17)

¢ | 2.} °
=0 since v, 2 G(Q)
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Table 1: A striking example (see Figure 13)

] Images | TV | L? [kkap | G |E (Daubl0) |
textured image 1 000 000 | 9500 | 33000 | 360 749
geometric image 64 600 9 500 | 300 000 | 2000 355

Gaussian noise (6 =85) | 2 100 000 | 9 500 | 9 100 120 287

Hence u, is bounded in L?(Q). From (4.16), we deduce that u, is bounded in BV (Q). Thus
there exists G 2 BV (Q) such that u, [iih BV (Q) weak *. And as u,+v, = T, we deduce that
vV, is also bounded in L2(Q). Therefore, there exists ¥ 2 L?(Q) such that, up to an extraction,
vp, [C7ih L2(Q) weak.

To conclude, there remains to prove that (G, V) is a minimizer of J(u) + akvkg ). And this
last point comes from the fact that J is lower semi-continuous (Isc) with respect to the BV
weak * topology [3], and from the fact that k.kg is Isc with respect to the L2-weak topology.

L1

Remark: It has been shown that Meyer problem can admit several solutions [40].

4.3 Decomposition models and algorithms

The problem of image decomposition has been a very active field of research during the last past
five years. [50], was the inspiration source of many works [62, 56, 12, 5, 59, 13, 15, 22, 26, 67].

This is a hot topic in image processing. We refer the reader to the UCLA CAM reports web
page where he can find numerous papers dealing with this subject.

4.3.1 Which space to use?
We have the following result (stated in [50]):

BL, BV L2 G E=B%.

(4.18)

where BV is the homogeneous version of BV : BV =BV/fu2BV /ru= 0g.

In Figure 13, the three images have the same L2 norm. Table 1 presents the values of
di Cerknt norms. It clearly illustrates the superiority of the G norm over the L? norm to capture
oscillating patterns in minimization processes (the G norm is much smaller for the texture
image and the noise image than the geometric image), as claimed in [50]. It also illustrates why
the use of the E norm is well adapted to separate the noise (the noisy image has the smallest
E norm). These observations were the starting point of the decomposition algorithm by Aujol
and Chambolle in [13] which split an image into three components: geometry, texture, and
noise.

More generally, the choice of the functional space used in the modelling depend on the
objective. The main advantage for using Besov spaces is their link with wavelet coe [ciehts:
this enables fast multi-scale algorithms. The main advantage of Sobolev spaces is their link
with PDEs: an energy involving Sobolev norms can easily be minimized by solving it associated
Euler-Lagrange equation. The main advantage of BV is that contrary to Sobolev or Besov
spaces, it contains charcateristic functions: in particular, any piecewise regular function is in
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Figure 13: A striking example

BV, which is the reason why BV is a good candidate to model the geometrical part of an
image.

Wavelet based alternative to BV have been proposed in the literature. The most popular
choice is Bf;. The main advantage of choosing B, is that it often leads to wavelet shrinkage
algorithm, and therefore very fast algorithms. And visually it gives very similar results to BV
[60, 12]. _

Another wavelet based alternative to BV has recently been proposed in [40] with B1...
This space is closer to BV then Bf,. But the drawback is that it does not lead to wavelet
shrinkage algorithm, and therefore no fast algorithms have been proposed up to now.

4.3.2 Parameter tuning

When intereted in the general decomposition problem:
Estructure (U) + AEtexure (V), F=u+v, (4.19)

We denote by (u ,v ) its solution (which is assumed to exist and to be unique). The problem
is then to find the right regularization parameter A. The goal is to find the right balance between
the energy terms which produces a meaningful structure-texture decomposition.

For the denoising problem, one often assumes that the variance of the noise o2 is known
a-priori or can be well estimated from the image. As the v part in the denoising case should
contain mostly noise, a natural condition is to select A such that the variance of v is equal to
that of the noise, that is var(v) = 2. Such a method was used in [58] in the constrained ROF
model, and this principle dates back to Morozov [53] in regularization theory. Here we do not
know of a good way to estimate the texture variance, also there is no performance criterion like
the SNR, which can be optimized. Therefore we should resort to a di Lerent approach.

The approach follows the work of Mrazek-Navara [54], used for finding the stopping time for
denoising with nonlinear di[udions. The method relies on a correlation criterion and assumes
no knowledge of noise variance. As shown in [35], its performance is inferior to the SNR-based
method of [35] and to an analogue of the variance condition for di[udions. For decomposition,
however, the approach of [54], adopted for the variational framework, may be a good basic way
for the selection of A.

Let us define first the (empirical) notions of mean, variance and covariance in the discrete
setting of N N pixels image. The mean is



the variance is X

1
V()= N2 (G 6)2,
1<i;j =N
and the covariance is
. 1 X
covariance(q, r) = 7 @; iy 1)
1<i;j =N

We would like to have a measure that defines orthogonality between two signals and is not
biased by the magnitude (or variance) of the signals. A standard measure in statistics is the
correlation, which is the covariance normalized by the standard deviations of each signal:

covariance(q, r)
V@V

By the Cauchy-Schwarz inequality it is not hard to see that covariance(q, r) P V(q)V (r)
and therefore jcorrelation(q,r)j 1. The upper bound 1 (completely correlated) is reached
for signals which are the same, up to an additive constant and up to a positive multiplicative
constant. The lower bound 1 (completely anti-correlated) is reached for similar signals but
with a negative multiplicative constant relation. When the correlation is 0 we refer to the
two signals as not correlated. This is a necessary condition (but not a su [cieht one) for
statistical independence. It often implies that the signals can be viewed as produced by di [erent
“generators™ or models.
To guide the parameter selection of a decomposition we use the following assumption:

correlation(q, r) =

Assumption: The texture and the structure components of an image are not correlated.

This assumption can be relaxed by stating that the correlation of the components is very
low. Let us define the pair (u ,v ) as the one minimizing (4.19) for a specific A. As proved
in [50] for the TV L2 model (and in [34] for any convex structure energy term with L?), we
have covariance(u ,v ) 0 for any non-negative A and therefore

0 correlation(u ,v) 1, 8A 0. (4.20)

This means that one should not worry about negative correlation values. Note that positive
correlation is guaranteed in the TV~ L? case. In the TV L' case we may have negative
correlations, and should therefore be more careful.

Following the above assumption and the fact that the correlation is non-negative, to find
the right parameter A, we are led to consider the following problem:

AL argmin (correlation(u ,v )). (4.21)

In practice, one generates a scale-space using the parameter A (in our formulation, smaller A
means more smoothing of u) and selects the parameter A~has the first local minimum of the
correlation function between the structural part u and the oscillating part v.

This selection method can be very eledtive in simple cases with very clear distinction
between texture and structure. In these cases correlation(u,v) behaves smoothly, reaches a
minimum approximately at the point where the texture is completely smoothed out from u,
and then increases, as more of the structure gets into the v part. The graphs of correlation(u, v)

44



in the TV L? case behave quite as expected, and the selected parameter lead to a good
decomposition.

For more complicated images, there are textures and structures of dilerknt scales and the
distinction between them is not obvious. In terms of correlation, there is no more a single
minimum and the function may oscillate.

As a first approximation of a decomposition with a single scalar parameter, we suggest to
choose A after the first local minimum of the correlation is reached. In some cases, a sharp
change in the correlation is also a good indicator: after the correlation sharply drops or before
a sharp rise.

4.3.3 TV G algorithms .

inf  jDuj + AKF  ujg (4.22)
u q

Vese-Osher model L. Vese and S. Osher were the first authors to numerically tackle Meyer

program [62]. They actually solve the problem:
Z
inf iDuj + Akf k2 + pkvk 4.2

o Ee@  PY u  vk; + pkvkg(o) (4.23)

ere Q is a bounded open set. To compute their solution, they replace the term kvkgqy by

k' g2 + g3k, (Where v = div (g1, g2)). Then they formally derive the Euler-Lagrange equations

from (4.23). For numerical reasons, the authors use the value p = 1 (they claim they made

experiments for p = 1... 10, and that they did not see any visual di [erknce). They report good

numerical results. See also [56] for another related model concerning the case A = +1 and
p=2.

A’BC model Inspired from the work by A. Chambolle [20], the authors of [12, 11] propose
a relevant approach to solve Meyer problem. They consider the following functional defined on
L2(Q) L?(Q):

R
oIDUj + 2kf U VK, if(UV)2BV(Q) G (Q)

P )= +1 otherwise (4.24)
where G (Q) = v 2 G(Q) 7/ kvkgey M . And the problem to solve is:
inf_ F. (u,v) (4.25)

L2(Q)xL2(Q)

The authors of [12] present their model in a discrete framework. They carry out a complete
mathematical analysis of their discrete model, showing how it approximately solves Meyer prob-
lem.

Second order cone programming approach In [67], the authors use second order cone
programming to compute the solution. In [42], a saddle point formulation is used. And in [64],
general convex minimization algorithms are applied successfully to compute the solution.

45



434 TV L!

The use of the L norm in image processing has first been proposed in [55] to remove outliers
(salt and pepper noise case). The algorithm used in [55] was a relaxation algorithm (and
therefore quite slow). The model in this case can be written:

z

inf  jDuj + Akf  uk_: (4.26)
u o

It was later studied from a mathematical point of view in [22], the numerical implementation
being done with PDEs, but still quite slow (because of the singularity of the L! norm. An
alternative approach was proposed in [9] with the functional:

Z

inf  jDuj+ pkf  u  vkZ, + Akvk, 1 (4.27)
UV o

By alternating minimization with respect to u and v, the solution is easily computed. Notice
that minimization with respect to u amounts to classical total variation minimization, while
minimization with respect to v is directly solved by thresholding v. Figure 14 shows an example
of decomposition with this approach.

Original image

Figure 14: Approximation of the TV-L1 decomposition of non-geometric texture

A fast algorithm was eventually proposed in [25]. Moreover, the authors of [25] show that
(4.26) enjoys the nice property of being a contrast invariant filter.

A direct approach based on second order cone programming was proposed in [65]. Moreover,
the same authors made a comparison in [66] between the classical TV L2 model (4.1), the
TV G model (4.22), and TV  L! (4.26). Their conclusion is that TV ~ L! seems to bring
better decomposition result (at least with synthetic images, where the user knows exactly what
is the structure and what are the textures), although the di Lerences are not that large with the
TV G model. In any case, the classical TV L2 is worse, mainly due to its eroding e [edt
(which implies that some of the structure always appears in the texture component).
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u (A2BC) (A = 0.5)

v (A2BC)(u = 140)

Original image f

Uosv (A =1000) Vosv

il

Figure 15: Decomposition (the parameters are tuned so that both vosy and the v component
got with the A2BC algorithm have the same L? norm)

Nevertheless, one should notice that the decomposition algorithm choice should be led
by the developped application: indeed, depending whether is it a first step towards image
inpainting, image compression, ..., the required properties of the algorithm can be slighty
di Lerent. Moreover, all the proposed approaches assume that the user knows how to tune the
parameter.

435 TV HT!

In [56], the authors have proposed to use H™! to capture oscillating patterns. (we recall that
H~! is the dual space of H} = W12),
The considered problem is the following:
Z

inf  jDuj + Akf ukﬁ_l (4.28)
u o

In [56], the solution was obtained by solving fourth order PDE. In [13], the authors proposed a
modification of Chambolle’s projection algorithm [20] to compute the solution (and they gave a
proof of convergence). In [26], the authors replace the total variation by a k.kg 1, regularization
(with the Haar wavelet). They can then compute the solution of the problem in the frequency
domain. See also [44] for other extensions.

The main advantage of using H™ instead of other negative Sobolev spaces W 1P (with
p 1) is that it is much easier to handle numerically. In particular, harmonic analysis tools
can be applied. The main drawback of H™! is that it does not lead to good decomposition
results, as shown in [13] and explained in [9] (see Figure 15).

This is the reason why adaptive norms were introduced in [9].

Z

inf  jDuj + Akf  uk?, (4.29)
U o

47



R
with kuky = K juj?, where K is a symmetric positive operator. This lead to adaptive image
decomposition.

4.3.6 TV-Hilbert

The main drawback of all the proposed decomposition algorithms is their lack of adaptivity. It
is obvious that in an image, the amount of texture is not uniform. A first method to incorporate
spatial adaptivity has been introduced in [37], based on the local variance criterion proposed in
[36]. Motivated by [58] and [56], the authors of [8] have proposed a generalization of the ROF
and OSV models:

z

: N 2

(UXV)EBN,QfH:f:MV ]Duj + Akvk, (4.30)
where H is some Hilbert space. In the case when H = L2, then (4.30) is the ROF model
[58], and when H = H™! then (4.30) is the OSV model [56]. By choosing suitably the Hilbert
space H, it is possible to compute a frequency and directional adaptive image decomposition,
as shown on Figure 16.

More precisely, the functional to minimize is:
Z

inf jDuj+)\kp (K)(F  u)k?, (4.31)
u o

where K is a positive symmetric operator.

4.3.7 Using negative Besov space

In [50], the author suggested to use negative Besov spaces to capture texture. This was the
motivation of the work [32]. The considered functional thus becomes:
Z

inf  jDuj + Akf  ukes;, (4.32)
u o) ’

In [32], the authors use a definition of Besov spaces B, based on Poisson and Gaussian kernels
(see [32] for further details): this enables them to compute a solution with a PDE based
approach. Similar numerical results are presented in [43], where B, is replaced by div(BMO)
(see [50, 32]).

4.3.8 Using Meyer’s E space

In [13], the authors propose to use E = Bi°1;oo the dual space of Bil. They show that such a
space is particularly well suited to capture the white Gaussian noise. They introduce a model
with three components to capture the geometry u, the texture v, and the noise w. Their
functional is the following:

z

inf jDuj+Akf u v wk; (4.33)
ulBY; vigk; =g g

Minimizing this functional is done by alternating wavelet thresholding and Chambolle’s pro-
jection algorithm.
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TV -Gabor, u TV -Gabor, v
? .
TV-L2, u TV-L2, v

\

Figure 16: Decomposition of a synthetic image with textures of specific frequency and orienta-
tion by TV -Gabor and TV L2. The TV -Gabor can be more selective and reduce the inclusion
in v of undesired textures / small-structures like the small blocks on the top right. Also erosion
of large structures is reduced (more apparent in the brighter triangle).

A modification of this algorithm is proposed in [37]. The main novelty is the use of an adap-
tive weighting to locally control the balance between texture and noise. This local parameter
is computed using the method proposed in [36] (depending on the local variance of the image).

A numerical example is shown on Figures 17 and 18.

In [50], the author propose a last class of functional space to model texture: BMO. We will

49



Original image N0|sy image (0 = 35)

Figure 17: A simple example (A = 0.5, p = 120, n = 1.0, Haar)

not discuss these spaces, since from the numerical point of view it give similar results to the
other functional spaces [43].

4.3.9 Applications of image decomposition

The problem of image decomposition is a very interesting problem by itself. It raises both
simulating numerical and mathematical issues. Moreover, it has been applied with success
to some image processing problems. In [16], the authors use image decomposition to carry
out image inpainting. Indeed, inpainting techniques are dilerent depending on the type of
the image. In the case of texture images, then copy paste methods are used, whereas in the
case of geometric images di[udion methods give good results. In [14], image decomposition is
used to improve nonlinear image interpolation results. In [7], image decomposition is applied
successfully to improve image classification results. Notice also [10] where color images are
considered (see Figures 19 and 20).

A . Discretization

A numerical image can be seen as vector with 2 dimensions Une image numérique, ou discréte,
est un vecteur a deux dimensions de N N. We denote by X the Euclidean space RN *N | and
Y =X X. We embed X with the inner product:

X
uv)x = Uij Vi (1.1)

1<i;j =N
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Original imge
bt

Noisy image (o = 20)

Figure 18: Barbara image (A = 1.0, p = 30, n = 0.6, Daub8)
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(b) u ©)v

Figure 19: (a) original image f, (b) BV component u, (c) texture v component (v+0.5 plotted).
Some of the thicker branches are in the BV part u, while the thin and narrow branches in the
bottom middle are in the v component. u as well as v are both color images.

(a) (b) u ©v

Figure 20: (a) original image T, (b) BV component u, (c) texture v component (v+0.5 plotted).
All the details of image are in v, while the BV component is well kept in u.

and the norm: p
kuky = (u,u)x (1.2)

To define a discrete version of the total variation, we first introduce a discrete version of the
gradient operator. If u 2 X, the gradient r u is a vector in Y given by:

(r u)ij = ((r u)i, (r wF) (1.3)
with
1 _ Ui+1;j Ui; ifi<N
(I’ u)i;j - 0 ifi=N (1-4)
and N
2 — Ui+ Uy M) <
(l’ u)i;j - 0 |fj =N (1-5)
The discrete total variation of u is then given by:
X
J(u) = Jj(r ui j (1.6)
1<i;j =N



We also introduce a discrete version of the divergence operator. We define it by analogy
with the continuous case:
div=r © (1.7)

where r s the adjoint operator of r : i.e., forallp2 Y andu 2 X, ( divp,u)x = (p,r u)y.
It is then easy to check:

8 1 1 H H 8 2 2 H H
< P Py fI<i<N <py pj, fl<j<N
@iv(p)); =. P if i=1 + P if j=1 (1.8)
' pil_l;j if i=N ' pﬁj 1 if j=N
We will use a discrete version of the Laplacien operator defined by:

Au =divr u (1.9
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