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Abstract

The goal of this paper is to apply the topological gradient method to edge detection and noise removal
for images degraded by various noises and blurs. First applied to edge detection for images degraded
by a Gaussian noise, we propose here to extend the method to blurred images contaminated either by a
multiplicative noise of gamma law or to blurred Poissonian images. We compute, both for perforated and
cracked domains, the topological gradient for each noise model. Then we present an edge detection/restoration
algorithm based on this notion and we apply it to the two degradation models previously described. We
compare our method with other classical variational approaches such that the Mumford-Shah and TV
restoration models and with the classical Canny edge detector. Some experimental results showing the
efficiency, the robustness and the rapidity of the method are presented.

1 Introduction

An important problem in image analysis is the reconstruction of an original image « from an observed image
f. In general this includes restoration and edge detection processes. The transformation between f and u
originates from two phenomena. The first phenomenon is related to the acquisition process (blur created
by a wrong lens adjustement or by a movement, Poissonian photons emission rates ...) and the second
is due to the signal transmission. A lot of methods to reconstruct such degraded images exist: stochastic
methods [23, 14], wavelets decomposition [32, 19], morphological methods [38]. Here we are interested
with variational approaches [9]. In this context, the most famous model is the Mumford-Shah functional [34]
but other works based on variational methods do exist [9]. Among more recent papers, we can cite [6] for
restoration of images contaminated by speckle noise, [17] for blind restoration of Poissonian images, and
[37] for an overview of image restoration degraded by different type of noise.

In this paper we tackle the edge detection problem by using the topological gradient method. First
introduced for cracks detection by Sokolowski et al. [39] and Masmoudi [33], and applied in optimal design
and mechanics ([3, 2, 5]), this notion consists in the study of the variations of a cost function j(Q) = J(Q,ug)



with respect to a topological variation, where J(Q,u) is of the form J(Q,u) = [ F(u,Vu,V?u,...) and
ugq is a solution of a PDE defined on the image domain Q. In order to compute the topological gradient,
we remove from Q a small object w, of size € — 0 centered at a point xp € Q (generally a ball or a
segment) and we set Q. = Q\@;. Two typical examples are: for small € > 0 (a) Q, = Q\{xo+ €B} and
(b) Q¢ = Q\{xo+¢&0(n)}, where B = B(0, 1) is the unit ball of R? and o(n) is a straight segment with

normal 7 (a crack). We compute .# (xp) = limg_, %;)j(g)

p(g) — 0if € — 0 (in our context, p(€) = €%). .#(xo) is called the topological gradient at xo. It measures
the energy contained by a perturbation centered at xy. The type of structure to be detected depends on the
choice of the cost function J(Q, u). Recently this notion has been used in image processing and to the best of
our knowledge the first works in this direction are those by [26, 31, 15]. Then other imaging problems such
as inpainting, classification, demosaicing, super resolution, have been adressed using a topological gradient
approach [10, 16, 11, 13, 12, 29, 30]. In [15], only Gaussian additive noise is considered and in [30] blur
has been introduced. In fact, in [30] more general degradations have been taken into account. The authors
consider model of the form f = Lu+ b where f is the observed image, L a linear operator and b a Gaussian
additive noise. They compute in the case of a crack the topological gradient and illustrate their approach
for various imaging problems (edge detection/restoration, super resolution, demosaicing). Note also that
topological gradient methods have been also applied for fine structures detection (e.g. points and filaments)
[8, 7, 21]. In this case the cost function is based on second order derivatives. Edge detection/restoration
in imaging are in general ill-posed inverse problems and one way to overcome this difficulty is to regularize
them. A classical framework to do that is to use a Bayesian formulation which leads to the minimization of an
energy consisting in two terms. The first one is a data fidelity term which takes into account both the statistic
of the noise and the blur and the second one is an adequate regularizing term. For example if we suppose
that the acquisition model is of the form f = u+ b where b is Gaussian noise then an anti-log-likelihood

estimator amounts to choose as a data fidelity term the L?-norm |ju — f ||22<Q>. If the noise follows another

statistic, of course this term changes. The regularizing term is often based on an L” norm of the gradient.
Our main contribution is to generalize the results given in [30] to blurred images contaminated by Poissonian
statistic and images degraded by speckle noise. We give the different expressions of the topological gradient
associated to the cost function

where p(€) is a non negative function such that

J@u) = [ Vup n

and to equations of the following forms:

—Au+ K*D,y(x,Ku) =0, in Q
Speckl del 2
(Spec emoe){ dyu =0, on IQ @

and

J

dou =0, on dQ and [M]aRNO =0 Vje{l,..,No}
j

—Au+ (/RNOKM> K*1=0,in R}

(Poisson model)

3)

where RIJYO is a regular domain modeling pixel j, Ny is the number of pixels and [u] 20 denotes the jump of
j

d
K:L[*(Q) — L*(Q)

is a convolution (generally positive and such that K1 s 0) representing the blur. We denote by K* its adjoint.
The functions y/(x,u) and y;(v) will be specified in section 4 and section 5.



Note that problems (2) and (3) are semi-linear and one of our contribution is to show they are well-posed
and verify some maximum principles. Speckle noise is a multiplicative noise of gamma law, which is
present in SAR images, laser images, microscope images [28, 25, 40]. A Poisson statistic occurs in confocal
microscopy [20], emission tomography [41] and single-photon emission computed tomography [24].

In section 2, we recall the classical rationale justifying the modelization of the data fidelity term in a
Bayesian approach. In section 3 we set the variational problem taking into account the blur. In section 4
we show that problem (2) is well-posed and give the associated topological gradient both for perforated and
cracked domains (in fact, we study a more general class of problem (2)). In section 5 we treat the Poissonian
model (3) whose energy is not standard. We summarize in Table | (section 6) all the expressions of the
topological gradient according to the type of noise and to the infinitesimal perturbation. In section 7 we
show how to apply the notion of topological gradient to restore degraded images. Finally in section 8§, we
present for all the models, the way to numerically implement the computation of the topological gradient and
we display various experimental results illustrating each of them. We conclude this section by giving some
notations and assumptions.

Notations and assumptions:
e Q C R? is the image domain.
e ||lullo.q the L?(Q)-norm.
o H'(Q) = {u e L*(Q) Vu € L*(Q)} the Sobolev space endowed with the norm [|u||7 , = ||u|\22<g) +
Va2, -
e |ul1,0 = [[Vul|;2(q) the semi-norm on H'(Q).
o [|u]l1(q)r the norm on the quotient space H'(Q)/R.

e B,(x) the ball centered at x and of radius r, B, the ball centered at 0 and of radius r and B = B; denotes
the unit ball.

o Q. the perturbated domain defined by either (a) Q¢ = Q\{xo + €B} or (b) Q¢ = Q\{xo + £0(n)} where
o (n) is the straight segment of length 2 centered at 0 and of normal n.

[ ] -Q'O =Q
o Je(u) =J(Q¢,u).
e f:Q — Ris the observed image, u : Q — R the image to be recovered.

) R]}' models pixel j, where N is the number of pixels. We suppose that Q is the disjoint union of the
Rj’S.

o N =(<jen (esp. u¥ = (u)1<j<n) is a discrete version of f (resp. u) defined by f} = ﬁ Jev f
. . V] JR)
(resp. uljv = ﬁ ([Rf,y u.

Only the proof for a perforated domain (a) is performed since for a cracked domain (b) the explicit
dependency on the data is killed by the fact that the crack has a null Lebesgue measure.



2 A Bayesian approach

In this section we recall, in the discrete setting, the classical Bayesian approach allowing to deduce the
suitable variational model for restoring noisy images. The reasoning is as follows: we express the a priori
conditional probability P(u" = u| ¥ = f) and then we look for u" as the value maximizing P(u" = u|fN = f)
(a Maximum A Priori (MAP) estimator). Thanks to the Bayes rule, we have:

P(fN = flu¥ =u)P(u" =u
P =ulf = f) = P(fN=f)

0, otherwise

), it P(fN =f)>0

P(fN = flu" = u) depends on the noise model and P(u" = u) is an a priori density probability. Writing that
u" is a minimum of —log(P(u" = u|fN = f)) leads to looking for u" as the solution of

u = argmin EN (Q,u)
ueRN

where
EN(Q,u) = —log(P(fN = flu" = u)) — log(P(u" = u)) “4)

The a priori density P(u"¥ = u) plays the role of a regularizing term. In analogy to statistical mechanics,
a priori densities are frequently Gibbs functions [23] of the form:

P(u" =u)=Cx ef%GN(“), Y>0

where GV (u) is a discrete version of a non negative energy functional G(u) and C is a constant. Here we
will consider that GY (1) = JV (€, u) is a discretization of J(Q,u) defined in (1). The choice of the density
probability P(fN = f|u¥ = u) depends on the statistic of the model to be considered. Below we review
respectively speckle and Poisson models.

(i) Speckle model

For SAR images, the classical modeling is (see [40]): fV = sVu" where u" is the reflectance of the
scene (which is to be recovered) and sV the speckle noise. Let us explicit the law of sV. SAR images
are constructed from L € N observations %" with 1 < k < L and for each observations we have f&V =
R*NuN | Generally #5V is a random variable which follows a negative exponential law with mean 1.
Then, the observed image fV is construct from this L observations as:

v_ 1 < kN ¢ kN N
f :sz7 = Zzh u
k=1 k=1

We set sV = %):é:l R&N sV follows a gamma law with density P(sV = s) = %sble_“ l{s>0y With
['(L) = (L—1)! (the mean of s" is 1 and its variance }). Standard computations lead to
1
P(f" = flu" =u) = —P (sN = f) (5)
u u



Classically, it is assumed that fV and u" are independently distributed. Hence the density of fV|u" is
.. N N
the product of the densities ( fi |ue ; ) < e

case rewrites as (up to a multiplicative constant)

" By applying the —/og function we deduce that (4) in this

N Ly (1 1oy
E (Q,u):fz 7+log(uj) +§J (Q,u)+C
=1\ Y

for u € RN and u > 0, where C denotes a constant independent of u. The factor L can be neglected
since it can be scaled with the constant y. Passing to the limit as N — oo, we deduce the following
continuous energy

E(Quu) = /Q 17 (Z +log(u)> dx+ %J(Qu) ©)

(ii) Speckle with log of the image (Speckle-log model)

One drawback of (6) is that the data fidelity term is nonconvex. By setting, vV = log(u") and g" =
log(fN), we can still use the Bayesian reasonning with vV = g" + log(s"). The expression of the
data fidelity term is changed and taking the same Gibbs function (G" (v) = J¥(Q,v)) we deduce the
continuous energy:

E(Q,v) = /Q % (v+e*<V*g>) +%J(Q7v) 7

which is now a convex function of v. The recovered image is then u = e".

(iii) Poissonian model

This model is classical in astronomical and confocal microscopy imaging [20]. Poissonian statistic
is due to the stochastic nature of photons counts at sensors. We set N = Ny the number of sensors
which are modelled by the R?’O’s. To simplify notation, since Ny is fixed we drop the superscript Ny in
all variables and we assume that [R;| =1V € {1,..,No}. We assume that f is a piecewise constant
function equal to f; on each R;. The observed image f; is a realization of a Poisson statistic of mean

and variance equal to A; = ij u(x)dx where x — u(x) is the continuous image to be recovered. Thanks
to the independence of f; and A;, the conditional probability P(f|A) is given by:

No )ij —4;
PR =TT
j=1 i

and by applying the —log function, we have:

No
—log (P(f|A)) =} A; — filog(A;) +C
i=1



where C is a constant independent of u. We deduce the energy:

1Y

E@u)=-Y ( /R e flog ( /R ,- u(x)dx)> n %J(Q,u) @®)

Yj:]

3 Blurring modelling

In most imaging applications the optical material, the motion of the camera or of the target introduce a blur
on the observed image (see [36]). Generally spatially invariant, the blur is modelled as a positive convolution
operator u — Ku with K1 # 0. We denote by K"V the N x N matrix associated to a discrete version of K on
Q. From section 2 we can deduce the following models adapted to each kind of noise and taking into account
the blur:

1. Speckle model: the observed discrete image writes as ¥ = sV K" and the energy is
EQ )—/1 log(Ku) + - ) + L1(@.u) ©)
)= Jo o \los K+ 4+ 5T (Quu

2. Speckle-log model. We recall that the model writes as gV = vV + log(s") with vV = log (KNu"). The
deblurring cannot be handled simultaneously with the denoising process since in general the equation
W =log (KN u ) is not invertible. In this case, it is then preferable to use (9).

3. Poissonian model: the observed image f; is a realization of a Poissonian statistic of mean |, R; KuV (x)dx,
so the energy is "

E(Qu)= 71//1:20’1 </R_, Ku(x)dx— fjlog (/R_,- Ku(x)dx)) + éJ(Q,u) (10)

4 Speckle multiplicative noise

In this section we show that equation (2) admits a unique solution for a more general class of functions ¥
including the speckle-log model. For that we consider the minimization problem:

1
min E(Q,u) :z/ v (x, Ku)+ =J(Q,u) (11)
ueH(Q) Q 2

4.1 Well-posedness of problem (2)

We begin by stating the hypotheses defining the class of functions y(x,u) that we consider, including the
speckle-log model (11).

Hypotheses 1. Let I be an interval of R and y : Q x I — R such that
(i) u— y(x,u) € C3(I)Vx € Q
(ii) x> Dyy(x,u) € CO(Q)Vuel

(iii) Infﬁwaﬁl[/(x, u) > 0 for each compact W of I.



(iv) y is bounded from below on Q x I
(v) 3a,b € I such that for all x, D,y (x,a) < 0 and D, y(x,b) > 0 with [a,b] C I.

Lemma 4.1. Let y(x,u) a function verifying Hypotheses 1, we assume that K is non decreasing and that
K1 #0, then (11) admits a unique solution ug € H! (Q). Moreover, we have Ka—]l <ug < Kb—l.

Proof. To shorten notations, when it is not ambiguous, we denote y(u) for y(x,u).

Existence: Let (u,) a minimizing sequence. There exists a constant C; such that E(Q,u,) < C|. As
Y (x,u) is bounded from below on Q x I there exists a constant C; such that [, y(x,u,) > C,. Therefore:

/ |Vu,,\2 <max(C;,C; — )
Q
Letbe d' = £ (s.t. Ka' = a), v, = max(u,,d’) and Q7 = QN {u, < d'}, we have v, > @’ and

E(Quv) ~E@un) == [ VP + [ y(@) = wiKu)

By convexity y(Ku,) — w(Ka') > D,y(a)(Ku, — Ka'), and from Hypothesis 1-(v) and using that K is not
decreasing we get o (a) — y(Kuy) < 0. We deduce that E(Q,v,) < E(Q,uy). Thus v, is still a minimizing
sequence and v, > @'. Similarly by setting b’ = & and w, = min(v,,b’), we get w, < b' and w, is a

minimizing sequence. Therefore we can suppose that any minimizing sequence u, verifies a’ < u, < b'.

2@
Thus u, is bounded in H'(Q) and up to a subsequence there exists u € H'(Q) such that u, 1) 4 and

1 1
uy, HQ) u (where HQ) stands for the weak topology). By using the lower semi-continuity of J(€,u) and

Fatou’s Lemma we obtain that u is a solution of (11). Moreover we have ' <u < b’ a.e. on Q.

Uniqueness: From the existence, we can work on the set #(Q) = {v € H'(Q),a’ <v<b'}. Since
w(u) is strictly convex on [a,b] C I and J(Q,u) is strictly convex on H'(Q), we deduce that E(Q,u) is
strictly convex on .7 (Q) and admits a unique minimum.

O

Since problem (11) and equation (2) are equivalent we deduce:

Corollary 1. Under the same hypotheses as in Lemma 4.1, (2) admits a unique solution ug € H'(Q).
Moreover, we have ¢ < ug < Kb—ﬂ.

We apply below Lemma 4.1 to the speckle-log model for K = 1.

Proposition 1. Let f be such that Jo,f e R | 0 < a < f < B. We assume that K = I, and y(x,u) =
u+ e “=80) where g = log(f). Then problem (11) has a unique solution u € H'(Q). Moreover we have

log(a) < u < log(B).

Proof. A standard computation leads to D, y/(u) = 1 — e~ (=8 and D2y(u) = e~ (“~8) > 0. Hence y(u) is
strictly convex on R. By using that 0 < o < f < 3, we get

1—e 108 B) < D y(u) < 1— e (ulos(@)
Let a =log(a) and b = log(f3), the following inequalities hold
Dyy(b) > 0and D,y(a) <0

From Lemma 4.1, there exists a unique function u € H ! (Q) solution of (11). Moreover we have a < u < b.
O



In the next subsection we give the topological gradients for perforated and cracked domains when K =1
and vy satisfying Hypotheses 1.

4.2 Computation of the topological gradient for a perforated domain

For a perforated domain Q. = Q\{xo + €B}, let u, be the solution of the problem

—Aug + D,y (x,us) =0in Q
({@8) € u l//( 8) € (12)
Ohtte =0 on 0Q¢
By setting J(Q, u) = — [¢, D, W(x,u)u, from the variational formulation of the equation verified by ue, computing

the topological gradient associated to J(Q, u) is equivalent to compute the one associated to J(Q,u). To give
the topological gradient expression we need (see [2, 22, 39]) to introduce an adjoint solution v, defined by

13)

—Avg —&—Dﬁw(x,uo)vg = —8J~(uo) =D, y(x,up) —|—D51//(x7 uo)up in Qg
(Ze)
Ive =0 on dQ

where ug denotes the solution of (12) for € = 0 and dJ (ug) the gradient of J(Q,.) at uy.

Theorem 4.2. Let y satisfying Hypotheses 1, then the topological gradient Ifa » associated to problem (12)
with the cost function Je(u) = Jq, |Vu|? for a perforated domain is

Ifap()q)) = —27Vugy(xp).Vvo(xo) + wD, W (x0,uo) (uo(x0) — vo(xo)) (14)
with uy and vy respectively solution (12) and (13) for € = 0.

Proof. The proof of Theorem 4.2 is given in [27, 22] under slightly different assumptions; see also [22]. [

Remark 1. The adjoint problem (13) is linear and we can notice that the strict convexity of u— y(x,u) is
necessary to (2g) be coercive. Since u v+ y(x,u) is C>(I) and thanks to Lemma 4.1 there exist two constants
A,B € R such that Vx € Q

A < Dy (x,uo) + D2y (x,up)up(x) < B

Hence (13) is well-posed. Moreover, we have the following inequality
A << B
N S T G
supo D2y (x,up) — © — info D2y (x,up)

4.3 Expression of the topological gradient for a cracked domain

For the cracked domain Q, = Q\x¢ + €0(n) the data fidelity term does not affect the topological gradient
expression since the crack has a 2d Lebesgue measure equal to 0. The asymptotic expansion of ue and v
are similar and the computation of the topological gradient is the same as in the linear case and is given in
[5, 22].

Theorem 4.3. The topological gradient Izap associated to problem (12) and to the cost function Je(u) =
Jo. |Vu|? for a cracked domain is

Iip(x0) = min .7 (xo,m)

Inf|=1
with % (xp,n) = —tVup(xp).nVvy(xo).n

15)

with uy and vg respectively solution of (12) and (13) for € = 0.



S Poissonian model with blurring

In this section we consider the Poissonian model (3) whose associated energy is given by:

min E(Q,u) Z‘I’/</ ) ;J(Q,u) (16)

ueH (Q)

with y;(x) = 71, (x— fjlog(x)). First we show that problem (16) is well-posed, then we compute the topological
gradient for a perforated domain and we give the expression for a cracked domain.

5.1 Well-posedness of problem (16)

Proposition 2. We assume that 0 < fj < 4o Vj € {1,..,No} and K1 # 0, then problem (16) with y;(x) =
x— filog(x) for j € {1,...,No} admits a unique solution u € H'(Q).

Moreover this solution verifies o < ij Ku<pB,Vje{l,..,No} with o = %ff] and B = [ f = Z]jvilfj.
Proof. Existence: We must add a priori to (16) the condition [p Ku >0, Vi € {1,...,No}, thus let us define
the space 72 (Q) = {u cH'(Q) | Jr Ku>0 Vie{l, ...,No}}. Then problem (16) rewrites as:

s [V T (/%)

Let (#,), a minimizing sequence of E(Q,u) in .77 (Q). There exists a constant D > 0 such that E(Q, u,,) < D.
If C = ¥ min,ejo . Wj(x) = X, f; — filog(f;) > —oo. then

0§/ |Vu,|* < 2max(D,D —C)
Q

Since [ |Vun\2 > 0, we have ):j Y (ij Kun) < D. Setting JZ; = Z#im,‘nx%., it is straightforward that
i (g, Kun) < D~ %5 and then

0<E§/KWSE (17)
Es |

with E; =max {y; '(D — %) } and E; = min { y; ' (D — %) } (we recall the notation y; ' (b) = {x €]0, o[ s.t. y;(x) = b})
. Hence the constraint fR[_ Ku, > 0 is fulfilled. We deduce that }, E; < [ Ku, = Y fR,- Ku, <Y ,E;. Then we

write u,, as u, = v, +w, where w,, = ﬁ Jo un. Since Vv, = Vu, and [, v, = 0, from Poincaré-Wirtinger,

there exists F' > 0 such that [|v,|;2(q) < F. Moreover, we have

‘/Kwn K]l|’/Kun §‘/Kvn Jr’/Kun
Q Q Q Q

Thus, since K1 # 0, we get that [, u, is bounded and thus u, is bounded in LZ(Q). So, there exist a

2(Q H'(Q
sub-sequence uy,, (still denoted u,) and u € H 1(Q) such that u, Li>) u and u, HLQ) u. We deduce that

Jo|Vul* < Timinf fo [Vu,|* and [ Ku, — [ Ku. By continuity, we have y; (fR,» Kun) — Y (fR’_ Ku) Vie
{1,...,No} and

< Kl 2@ F + LE:
1

E(Q,u) < liminfE(Q, u,)



which proves that u is a minimizer of E(Q,u).

Bounds: If u is the solution of (16) then D,E(Q,u).v=0 Vv H'(Q) i.e.

No
/w.vwxw; (/ Ku)/ Kv=0, WeH'(Q) (18)

. 1
with (ij Ku) =1- ijj](u'

(i) By taking v = 1, we get the equality Ny = Z/ﬁ' As ;‘Rf]ku >0, Vje{l,...No} and if ip =
IR, IR;

. fig . fzﬁo min; f;
arglmmfRi Ku, we have Ny > T Ka which leads to fRiO Ku > M > ~o > 0.

0

(i) By taking v = u, we obtain the inequality }; [z Ku — f; < 0 which leads to max; [ Ku <Y, [ Ku <
L fi

Uniqueness: From the two previous bounds we can minimize E (Q,u) over the convex set

VA {u EH'(Q),a< Jr, Ku < [3} Since ;(s) is strictly convex on [, 8] for all j € {1,...,No}, we

get that u — y; ( S, R; Ku) is strictly convex on H(Q). As \uﬁg is strictly convex, E(Q,.) is strictly convex

on “I/aﬁ (Q) and then E(Q,.) has a unique minimum. O
Since problem (16) and equation (3) are equivalent, we deduce:

Corollary 2. Under the same hypotheses as in Proposition 2, equation (3) admits a unique solution ug €

H'(Q). Moreover, we have a@ < ij Ku<B,Vje{l,..,No} with 0. = %{)b and B = [ f = ):Ijvilfj.

Remark 2.

We can show that Proposition 2 holds as soon as y; is bounded from below for j € {1,...,No} and strictly
convex on I C R. In the general case o and B are implicitly defined in function of ;.

5.2 Computation of the topological gradient for a perforated domain

We suppose that xo € Q\ U;j dR; and for € sufficiently small we set jo the index such that R, D Be(xo). For
j €{1,....No}, let RS be the domain equal to Rj,\Be(xo) if j = jo and R; otherwise. Finally, let u, be the
unique solution of problem (3) replacing Q by Q,:

— Aue + 7} (15 (Kue)) K*1 =0, in RS
(Ze) Ohtte =00n 0Q and [Mg]aRj =0

19)

where I (u) = fR;; u. As for the speckle-log model, by setting J(Q,u) = —Z[}/il v} (1j(Ku))1;(Ku), from
the variational formulation of the equation verified by u,, computing the topological gradient associated to
J(Q,u) is equivalent to compute the one associated to f(Q, u). To compute the topological gradient we need
to introduce an adjoint solution v, defined by:

{ ~ Ave + Y (1j(Kuo)) 1§ (Kve) K1 = =) = K1 in R 0)

Owve =00n0Q: and [Vg]aRj =0

10



where ;(u) = jkj u and 9J;(uo) denotes the gradient of J;(u) = —yi(1;(Ku))I;(Ku) at uo.
We now give the main result of this section.

Theorem 5.1. The topological gradient Ifap associated to problem (19) and to the cost function Je(u) =
Jo, [Vul? for a perforated domain is

Ifap(xo) = —Zﬁvuo(XO).VVO(xO) + 7171[/}/-0 (Ijo (Kuo)) (KMQ(XQ) —KVo(xO))

(2D
+ 7y (1, (Kuo)) Kuo(xo) (I, (Kuo) —1j,(Kvo))
with uy and vo are respectively solution of (19) and (20) for € = 0.
Proof. We split the proof in three steps and we assume without loss of generality that xg = 0.
Step 1 This step is dedicated to the computation of the difference Jg (ue ) — Jo(uo).
Using the variational formulation of u,: find ue € H' (Qg) s.t.
No
e(utg,v / Vue.Vv+Y / V) (15 (Kue)) Kv =0 Vv e H'(Q) (22)
=17k

we have Jg (1) = Je (1) with:
No
Z Ku)) Ku= Zl v} (15 (Ku)) I (Ku)
=

By denoting ¢;(s) = yj(s)s, the difference J¢ (ue ) — Jo(uo) writes

Je (ue) — Jo(uo) :J;(”s Je (o) Z ¢’J  (Kug)) — ¢;(1j(Kuo))

Using a Taylor expansion of ¢;(s) at I;(Kuo) and by remarking that I{ (Kue) —1;(Kuo) rewrites I (K (ug —uo))
when j # jo and I5 (K (ue —uo)) — [p, Kuo when j = jo, we have:

Je(ue)*JO(’/lO) :Le(uefuo)ﬂL///eJFéal (23)
with

Z ¢J i(Kuo)) I Ku) Me = ¢]/'0(Ijo (KMO))/B Kug
‘ (24)
Z ¢, ne - “O))2

where n{ €]1;(Kuo) 1% (Kue) [C [at, B].

Step 2. In this step we introduce the adjoint problem in order to estimate the linear term Lg (ue — up) in (23).
For that we need to linearize (22) w.r.t u. A Taylor expansion gives:

1S (Kuee)) — 0 (o)) = WU (Kuo)) (1 (Kuee) — (Kiwo)) + 5 ™) (&) (1 (Kiee) — 1 (K))’

11



with & €]I j(Kuo), 15 (Kug)[C o, B]. As a consequence we have

Ag(ug,v) = X;(uo,v) +be(ue —ug,v) +ce(v) +de(v)
with

— No
Mwwzévmw+;%@mm4}v
be(u,v) = Vu Vv+ Z v (1;(Kuo)) IF (Ku) / Kv

Zq/j ( )18 Kug) —1;(Kug)) /Kv

de(v) =~ (oK) [ Kuo [ Kv
Be R

Let us introduce now the adjoint problem:
find ve € H'(Q¢) s.t. be(u,ve) = —Le(u)  Yu e H'(Q;)
It is easily seen that (26) is the variational formulation of (20). From (23) and (25), we obtain
Je(ug) —Jo(uo) = Le(ug — ug) + Me + & = —be(ug — up,ve) + Me + &
= —Ag(ug,ve) +;4\;(u0,v5) +ce(ve) +de(ve) + e+ &
= Ag(ug,ve) + &2+ No + Me+ &

with
& =ce(ve) and N =dg(ve)

By using an integration by parts and equation (19) for € =0, ;\: (uo,vg) expresses as

As (up, ve) / OpllgVe — / Auov8+ (I (Kuo))/ Ve

J
- / anMOVS
0B¢

(25)

(26)

27

(28)

In the sequel, we need to extend v, inside the ball B.. To do that, for ¢ € H 1/ 2(8B,g), we denote by lép the

harmonic function defined by

Alf =0in B
= @ on dB;

For v € H'(Qe) we set [;* = lve‘aBg By integration by parts, X; rewrites
Ag(MO,Vg / Opuplye = / Onuio (I +vp)
:_/(MM$+WHV%Vwme
JBe

= Au() (I¥e +vp) — / 10, (I¥e +vp) +/ upA (1¢ +vo)

/ Vf;o Jo K’/l() (/ Klwg‘F/ KVO) / uo(8nl}3”€+8nvo)+/8 AN

=He+ Le+E3+E

12



with i = ug — up(0), we = ve — vp and

S / o (Gpvo+ulle) , Le=—V (Ijy(Kup)) | Kvo
9B Be

(29)

@@32/3 uoAvg ‘534:_%0 (Ijo(Kuo)) 2 Kige

Step 3. In this step we give the asymptotic expansion of all the previous terms.

Proposition 3. Let 4, Nz, e, L, 81, &, &3 and &4 given by (24), (28) and (29), then we have the
following estimations:

4
Jg(ug) —J()(M()> = M +e/‘€‘+a%/s+$£+zéai
i=1

i=

Me = ne* (W (1 (Kuo)) + v}, (Liy (u0)) 1y (Kuo)) Kug(0) + o(€7)
Ne = —ne*y} (Lo (Kuo)) Kuo(0)1, (Kvo) + o(€?)

He = —2me>Vuy(0).Vvo(0) + o(€?)

Lo = —ne?y (Ijy(Kuo)) Kvo(0) +o(€?)

(30)

and & ~ o(€?) foric [[1..3].

Proof. The first equality is straightforward. A Taylor expansion of ug at O gives the first estimation. Again

a Taylor expansion of ug at 0, Lemma 9.4 (see Appendix A) and the fact that R‘?O E9R o give the second
estimation. For 7, from Lemmas 9.1 and 9.4 we have: ‘

o= [ (wr—10(0) (anzﬁp@ +anvO) (o)

Be

— €2V (0). /a AW+ T+ F
B

with
A(x) = —2Vv(0).n

T = /aBs(uo —up(0)) (d,vo — Vvo(0).n) = O(€?)

T = /a (g — 1o (0))dle = O(3\/—log(e))

Be

For .7, it suffices to make a change of variable and use the trace theorem on B, \B:

e, 1 e, 1 e,
| Onlee (€X) -1 /2,08 < P Iz (eX)] g = Ell (X))
Cc
< g”ee(SX)HHI/Z(aB)/R < Cllee(eX) 1 (5,\5)/m

Now from the equivalence of the H'(B,\B)/R-norm with the semi-norm and a change of variable, we get
|0nle® (X)) -1 /2,08 < Cleel1 .o, By using Lemma 9.4, we obtain .7, = 0(e3\/—log(g)). For & and &, we
use Lemma 9.3, the boundedness of [, KV, independently from € and the fact that 1 and &l arein]a, B[ :

2
|&] < C (/ K (ue —uo)> = 0(&*log(e)) for 1 <i<2
RE
J

13



By using that Avg = v/ (1, (Kuo))Ij,(Kvo) — K1 and a Taylor expansion of ug at 0 we get | 63| = o(e).
For &, by using a change of variable, the continuity of ¢ — [? from H'/?(dB) to H'(B), the trace theorem
on B;\B, again a change of variable and Lemma 9.4 we obtain:

|| < CE(|Ie (X)) 0.8 = CE* ") (X))o,
< Ce||we(eX) 12,08 < Cllwe(€X)|; 15

1
< e (GIveloa, +Iweha, ) < Ce*v/Togfe

O

From Proposition 3, we deduce the expression of the topological gradient at xo = 0. A simple change of
the coordinates system gives the result at any point xp € Q.
O

5.3 Expression of the topological gradient for a cracked domain

For a cracked domain the computations are similar. The data fidelity term does not affect the expression of
topological gradient because the crack has a 2d Lebesgue measure equal to 0.

Theorem 5.2. The topological gradient Iiap associated to problem (19) and to the cost function Je(u) =
Jo, [Vul? for a cracked domain is

Ilcﬂp(xo) = min ¥ (xp,n)
Inl=1 31
with 7 (xp,n) = —tVup(xp).nVvg(xp).n
with uy and vq are solution of (19) and (20) for € = 0.

Remark 3. The topological gradient is the same in the general case of functions y; € C3(I), strictly convex
on an interval I and bounded from below on 1. Just in the right hand-side of (20), K*1 must be replaced by

OH(Li(Kuo))K* 1 with ¢;(s) = yi(s)s.
6 Summary table of the topological gradient expressions

We summarize in Table 1, all the expressions of the topological gradient according to the type of noise and
to the infinitesimal perturbation.

14



Ball Crack

Speckle-log =27tV ug(x0)-Vvo(xo) + D, W (xo, uo) (o (x0) — vo(xo)) —7tVup(xp).nVvg(xo).n
(K=1 with y(x,u) = 5 (u—log(f(x)) + f(x)e ")
Poisson —27Vug(x0).Vvo(xo) + Ty, (Zjy(Kuo)) (Kuo(xo) — Kvo(xo))
(K#£1) +Ty (1j, (Kuo)) Kuo(x0) (I, (Kuo) —Ij, (Kvo)) —7tVup(xp).nVvg(xo).n

with v (x) = ¥ (x— fj,log(x)) and I}, (v) = fR.fo v, where R, 3 xo

Table 1: Summary of the topological gradient expressions

7 Restoration using the topological gradient for a cracked domain

As a by product the computation of the topological gradient I}, , for a cracked domain allows to restore images
degraded by blur or/and various noise statistics. Once /j,, is computed, we define for a fixed threshold 6>0,

the set E5 = {x € Y|lf,,(x)| > 6 } and the approximated characteristic function

) nifxeky
X)) =
X 1 otherwise

where 7 is a small positive parameter. Typically, we take 1 = 107> in the numerical experiments. From
the computation of I, we also get the normalized direction T = n of the edge. If n = (cos(@),sin(@)) is
the normal to the crack given by I7, ,, we have T = (sin(@), —cos(¢)). Then, if f is the degraded observed
image, we want to find a restored version u € H'(Q) of f as the solution of the following anisotropic PDE:

—div(P (x)Vu) + K*Dyy(x,Ku) = 0 in Q )
u=00onT
with
%, Z (/ u— filog (/ M)> 1g;(x)  (Poisson model)
l[/(x’ I/l) = JElind g ki (33)

f)

%/ <log(u) + > (Speckle model)
u

and where Pff (x) is a tensor constructed from ¢ (x) and xy(x) and 7y is a parameter to tune. More precisely,
we choose PY (x)Vu(x) = (Vu.T)T+ gy (x)(Vu.n)n. A simple identification shows that P (x) is the matrix

oy ( mramni  mma(xn(x) = 1)
Py (x) = ( n?nz(;n (x)l— 1) ”%+%nn(x)”% ) -

where nj = cos(¢(x)) and n, = sin(¢(x)). The interpretation of this matrix Pyl (x) is as follows:

15



(i) if x belongs to the background, thanks to the definition of jp(x), Py (x) writes as Py (x) =1, so
div(P§ (x)Vu) = Au and the smoothing is isotropic.

(i) if x belongs to an edge (i.e. x € Ej), then x;(x) is close to zero and Pf]p(x)Vu(x) ~ (Vu.7)t and
the diffusion is in the direction of the edge. As we will see in section 8 on numerical examples, the
restoration results obtained when applying equation (32) are very good.

To compute a numerical solution of equation (32), we consider the associated strictly convex energy :

E(u)z/ngfVu.Vu—&—(l[/(Lu)

that we discretize by using a classical finite differences scheme. Then we compute the minimizer of the
discrete energy by applying a Scale Gradient Projection (SGP) type algorithm described in Algorithm 2
below.

8 Numerical application to 2D imaging

In this section we illustrate the theory of the topological gradient by giving various experimental results for
models (2) and (3).

The topological gradient expressions for the two models are stated in sections 4 and 5 and are summarized in
section 6 (Table 1).

For each model, to compute the topological gradient (TG) we use Algorithm 1. The computation of the
direct and adjoint solutions is specific to each model.

Algorithm 1 Computation of the topological gradient
1: Computation of ug and vg by using Algorithm 2 below.
2: Computation of the derivatives of uy by convolution with derivative filters.
3: Computation of the TG relatively to the model by using Table 1 and/or Theorems of section 4 and 5.

Remark 4. For a cracked domain, indicators I}
2 X 2 symmetric matrix:

ap (15) and (31) are given by the minimal eigenvalue of a

I ap = Amin(Mo)
with

. VuOva + VVOVug
2
We first perform the discretization of problems (11) and (16) and then we give the experimental results.

As the adjoint problems (13) and (20) are linear with non constant coefficients we discretize them by a finite
difference scheme and we compute the discrete solution by using a sparse solver.

My=—

8.1 Solving numerically Poisson and Speckle-log models

In this section, we assume that f and u are vectors of RV and min f > 0. By Proposition 1 and Proposition 2,
problems (11) and (16) can be discretized as:

(Speckle-log model) min  J(u), o >0 (35a)

u>log(ots)

16



(Poisson model) n>1in Jp(u), a,>0 (35b)
uiotp

min f .
N 9

where o, = min f and o, =
.

During the construction of a minimizing sequence u(¥), the condition u(*) > o, for the Poisson model
(respectively u® > log(a) for the speckle model) must be fulfilled at each step. Hence a projection ensures
this condition. To solve these problems we use an iterative algorithm based on the SGP algorithm [18]. Let
us write the discrete cost functions:

Jp(u) and J;(u) are respectively the discrete versions of energies (10) and

N
Jy(u) = —%/MTAM+ Z <ui —gi +e*(“f’gi))
i=1

N
Tpl) = = 2u" Au+ Y (Ku); filog((Ku),)
i=1
where A is the Neumann Laplacian matrix, K is a discretization of the blurring operator (circulant block
matrix if we assume that the image is periodic) and we recall that g; = log(f;). Let us give the main ideas of
the SGP algorithm. The discrete energies J; and J,, are denoted by J as soon as we do not use their expression
and 0 will be the number equal to a for the Poisson model and equal to log(a) for the Speckle-log model.
We set A= {u€RY,u>6}. We want to find u* € A such that V.J(u*) = 0. At step k, a first order Taylor

expansion at point u = u(¥) leads to the following equation
VI (u®) + V21 () (u—u®)y =0

If det (VzJ (u(k))> 240, we getu=u® —V2J(u®)~1vJ(uX)). We deduce by this reasoning that the direction

of the descent algorithm can be given by V2J(u))~1VJ(uX)), but the computation of this direction is very
costly. We denote by &, the compact set of symmetric positive definite N x N matrices such that |D|| < L
and |[D~!|| < L. The main idea of the SGP algorithm is to construct two sequences ¢y and Dy € Z, such that

oyDy, approximates V2J(u®)) and to project each iterate on A with respect to the norm ||u|p = v/uT Du. We
set Py -1 for D € 7, the projector on A with respect to the norm |[.||p. For more details on Algorithm 2, we
refer the reader to [18] and we only give some explanations on the construction of the sequences Dy and o.
We choose Dy = diag(d¥) with d* = min (L,max (%, z—izj(u(k))’l)) The approximation of the Hessian
matrix Vzl(u(k)) is B(0y) = agDy. By using a first order Taylor expansion of VJ(u) at point u*=1) we get
that

VI(u®) — VI ® D) = V27 ). — w0y 4o ((u<k) - u<k*1>)2)

Hence two possible choices of ¢ can be made:
DT =111 (k-1
_ gk=1) D;'D; gk=1)
Dy S(k—l)TDkflz(k—l)
st=0T p, Ak=1)

D k=0T, py k1)

ol = arng%n HB(ak)s(kfl) — 7k

o = argn}xin Hs(kfl) —B(Otk)flz(kfl)‘

where s~ = 4 ®) — =1 and =D = vJ(u®)) — VJ(u*=1)). In [18] the choice of a is the output of an
algorithm called SGP-SS Algorithm (SGP step length selection) which uses two thresholds 0 < Qi < Oy
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Algorithm 2 SGP algorithm

1: Setu® > a, B,6 €]0,1], 0 < Gpin < Onax, L > 0, and fix a positive integer M.

2: for k=0: k;,, do

3: Choose the parameter 0 € [O4yin, Oimax] and the scaling matrix Dy € P,

4. Projection: y*) Py p; (u® — oy DV £ (u®)

5 if y©) = 4% then
6: Stop, u® is a stationary point.
7: end if
8
9

K _ (k)

-
u
: Ak = 1 and Jyayx < MaXo< j<min(kM—1) J(u®=9)

10: A fixed by backtracking:

11: while f(u® + 1,d®) < Jpaw + BAVI(u®)Td®) do

Descent direction d*) = y(

)

12: lk — 9)Lk

13: end while

14 kD y®) 4 q®)
15: end for

The derivative of the discrete cost functions J,, and J; are:

f T
VI, =—yAu—K' — +K'1
b YAu Ku+

V2J, = —YyA+K'di S \«k
Jp YA + dlag<(Ku)2)

Vi, =—yAu+1—¢ /)
V2, = —yA +diag (e7<“7f))
where 1 € RY denotes the vector whose each coordinate is equal to 1, diag(x) for x € RY is the diagonal
matrix with diagonal entries equal to x. For x € RV and ¢ : R — R, ¢(x) stands for the vector (Q(x;))1<i<n-
The choice of the parameters in Algorithm 2 is the following: B = 107, 8 = 0.4, kyu = 600, M = 1 and
for the Poisson model (16) we set Gpin = 10710, a0 = 10° while for the Speckle-log model (11) we set
Omin = 1075, Qpax = 1012, The initial value of u0 is either the observed image for the Poisson model or

its logarithm for the Speckle-log model. Let us note that in the case of equation (32), the matrix A is the
finite differences discretisation of the operator div(Pff V.) and for the speckle model of restoration we use the

function y(u) = log(u) + 5

8.2 Comparison of our method with some classical models

We compare the results given by the topological gradient approach with the ones performed by the Mumford-Shah
and TV models. We will also compare our detection process with the well-known Canny edge detector.

Mumford-Shah model of segmentation/restoration and its approximation
Let u be the image of support Q, the functional introduced by Mumford and Shah in 1989 (see [34]) is:

Fuy) = [l +a [ val+an' ()
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where f is the observed image, u is a function defined on Q\¥ (the restored version of f) and y C Q is the set
of discontinuity of u. .7 is the Hausdorff measure of 7, A and « are positive parameters. The difficulty is
that the unknown are not of same nature: « is a function and 7 is a set. Ambrosio and Tortorelli [1] proposed
an approximation of this functional as follows:

2
Fe(u,b) = /Q [Mf|2+7tb2|Vu|2+a <£|Vb|2+(l’481)ﬂ

We will change the data fidelity term |u— f|? according to the a priori model (speckle and Poissonian models)
i.e. we will compare (32) with the solution of (see [37]):

_ b—1)2
ueH'(g)nhneHl(Q)/Q {l]/(x,Ku)+lb2|Vu2+Ot (8|Vb|2+( 48) )] (36)

where K is the blur operator, u(x) is the restored image, 1 — b(x) = 0 is the characteristic function of the edges
and y(x,u) is given in (33). We will call this model the Mumford-Shah model (MS).

TV model of restoration

The TV model is well-known: we search for a restored version # minimizing an energy functional which
is the sum of the total variation ||Du|| and a data fidelity term which depends on the a priori model (see [6]
for the speckle model and [17] for the Poisson one). TThus, we will compare model (32) to:

i Du|+ Ay(x,K 37
ue@n}}yn(g)/gl ul + Ay (x, Ku) (37)

where A is a parameter, K the blur operator, and y(u) is given in (33). In the sequel we call this model the
TV model.

The Canny edge detector

We will also compare the edge detection performed by our approach with the Canny edge detector which
is the norm of the gradient of a regularization of the image by a Gaussian convolution at scale G.
For more details on these models we refer the reader to [17, 6, 37, 34] and for the numerical approximations
to [9] and the references therein.

For restoration comparisons on synthetic images we use two indicators:

e the PSNR which is defined for a noisy observation 7 of an image Iy by
2557
PSNR(I) = 10Log <2)
11 =1Ioll2/N
where N is the number of pixels in the image.

o the SSIM defined as
(2urpgy +c1)(2cov(l,Iy) +c2)
(W7 + N,% +c2)
where 1, stands for the mean of x, cov is the covariance operator and ¢ and ¢, are constants given for
RGB images by ¢ = (255k;)? and ¢, = (255k;)? with k; = 0.01 and k, = 0.03.

SSIM(I) =
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8.3 Numerical results for the speckle-log model. Comparisons

In this section we illustrate the detection process given by I, » (15), Ifap (14), b(x) (computed with the MS
model (36)) and the Canny edge detector. All edge detectors are displayed up to a normalisation in order to
have edges in black and the background of the image in white. We also display the restoration performed by
(32), the MS model (36) and the TV model (37).

On Fig. 1, we compare Ij,, (15) and Ifap (14) for different values of ¥ with b(x) and with the Canny
edge detector for a synthetic speckled image. I,ljap seems more adapted to detect isotropic structures and we
deduce that y must be tuned with respect to the noise and to the size of structures to detect. Comparing 17, ,,
MS and the Canny edge detector, similar results are obtained for the cheetah.

(a) Initial image

I ki WL
Wirae 007, 2 M e
» b
(b) 12,,(14) (y=1) © I, (15 (y=1) @ 12,,(14) (y=10)
2o g PO g S ey, 8

-

"Qe x ” T ;' = "‘ o)
\ i "“;L‘ ":“"’140,\ 3
. ;-.' - \-
P ' i 1 “« -
e : \ ' ! a" »
(e) Izap (15) (y=10) (f) MS (36) (A =0.1, & = 10, £ = 1079) (g) Canny edge detector (o = 3)

-

fa.—v-’

Figure 1: Comparison of (14) and (15) for different values of y with the MS edge detection (36) and the
Canny edge detector for an initial speckled image (L = 6) containing mainly isotropic small structures.

Remark 5. Let us note that for large vy an edge doubling phenomena appears for Izap on Fig. 1-(e). As
shown in [4], in the linear case (Gaussian noise), the edge doubling can be avoided by using as cost function
the opposite of the square of the Ly-norm. More generally we have remarked that the edge doubling can
be avoided for the speckle-log model by adding in the cost function the term [ y(u). Let us recall that

the direct and adjoint models given in (12) and (13) are associated to the auxiliary cost function J (Q, u) =
— JoDuW (x,u)u. Fig. 2 shows profiles of the direct and adjoint models and If,, (15) associated to J (€2, u)
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and to Jo(Q,u) = J(Q,u) + [ w(u).

-05

& F —e—image to recover -2
140 ¥

L - + -direct model
* - adjoint model
0 10 20 30 40 50 60 70 2% 10 20 30 40 50 60 70
(b) (© (d
x10°
280

—e—image to recover
= + ~direct model
* - adjoint model

0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70

(e) ® (€3]

Figure 2: (a) The cut on the speckled image (L = 6), (b)-(e) the topological gradients Iiap (15) (y = 30),
(c)-(f) a transverse cut displaying the image to recover, the direct and the adjoint models, (d)-(e) a tranverse
cut of I, . (b)-(c)-(d) are associated to J (Q,u) and (e)-(f)-(g) to J2(Q,u)
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The result given in Fig. 3 for a real SAR image is similar to the one of Fig. 1. Here we see that Ifap and
I, ,» can be used for different objectives: particularly on small isotropic structures we see that Ifap detects the
entire object while /7, and the other indicators detect its edges. Let us notice that /7, detects only edges

while the Canny edge detectors is also sensitive to texture.

=1 )  ZECN e 35

(©) I’L’ap 14) (y=1 (d) Iiap (15 (y=1) (e) MS (36) (A =0.07, x =1, (f) Canny edge detector
£=107%) (c=2)

%
bt
-
.

5\

LI 2 ¥ £ &
- % s
' l.- : =
e _-.-.- b ;
.t ~ .
i =Lyl il
] - Rl =R ]
i - % s k - - - " o -n -"i’ o
(g) Zoom on Ifap(14) (h) Zoom on Izap (15) (i) MS (36): Zoom (j) Canny edge detector: Zoom

Figure 3: Comparison of (14) and (15) with the MS edge detection (36) and the Canny edge detector for a
real SAR image.

Fig. 4 and Fig. 6 compare the restoration performed by (32), (36) and (37) respectively on a real SAR
image and on a synthetic speckled image. Restoration given by the MS degrades contours while (32) and the
TV model (37) are nearly equivalent. However, on Fig. 6, we can notice that the restoration performed by
(32) is better than the TV one and computation times are equivalent (see section 8.5).
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(a) Initial image (b) Restored version (32), (c) MS (36) (A =0.05, x =1, (d) TV(37) (A = 800)
(y=5x10"%) £=10"9)

Figure 4: Comparison of the restored versions (32), (36) and (37) for a real SAR image (Zoom on Fig. 3-(a)).

On Fig. 5 we compare Ilfap, b(x) computed with MS (36) and the Canny edge detector for a very noisy
synthetic image (L = 1 i.e. the worst case for this model). Here I}, , gives a quite good result with respect to
MS where edges are spread out and the Canny edge detector which detects a lot of noise.

A
) N . GERY
| \ e
A SV :
(a) Initial Image (b) I,fap (15) (y=1.8) C)MS@B6)(A=1,x=1, (d) Canny edge detector
£=1079) (c=17/2)

, : SePGE S
7. f . 2’ y P 5\\ I/

(e) Zoom Initial Image (f) Zoom on Iiap (15) (g) MS (36): Zoom (h) Canny edge detector: Zoom

Figure 5: Comparison of the topological gradient (15) with the MS edge detection (36) and the Canny edge
detector for a synthetic speckled image (L = 1).
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(a) Initial Image, (b) Restored version (32) C)MS@BO)A=1,a=1, (d) TV (37) (A =90),
PSNR=9.6dB, SSIM=0.304 (y=0.002), PSNR=24dB, e =10"%), PSNR=14.5dB, PSNR=22dB, SSIM=0.927
SSIM=0.945 SSIM=0.924

Figure 6: Comparison of restored versions (32), (36) and (37) for a speckled synthetic image (L = 1).

Finally Fig. 7 shows the 1D profiles of the image to recover, its noisy version, the restored version (32)
and I7, p» (15) across an edge. The restored version matches very well the image to recover and edges are not
degraded except on strong angular point with low contrast where the direction of the diffusion in (32) is not
well defined and the topological gradient /7, is low in magnitude. This shows that (32) is a good restoration
process.
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Figure 7: (a)-(d) Image and transverse cut of the speckled image (L = 1), (b)-(e) the restored version (32)
(y=0.01) and (c)-(f) Iiap (15 (y=1.8).

8.4 Numerical results for the Poisson model. Comparisons

In this section we compare the edge detection performed by Ifap (31, Ifap (21), the MS model (36) and the
Canny edge detector. We also compare the restoration computed with (32), the MS and the TV model.

Fig. 8 and Fig. 10 show respectively the edge detection results in the case of a synthetic Poissonian image
and of a real confocal image of a rat’s neuron. Ij, » (31) detects edges quite well compared to the MS model.
Results performed by the Canny edge detector are similar to those obtained with /j,, for small y while for

large y an edge doubling phenomena still appear. We see that I,ljap fills small structures (the size of these
structures is related to 7y as for the speckle case).
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(b) I, 1) (y=3x107%) © If,, B (y=3x107%) @) 1,21 (y=3x10"2)
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@ If,, 31 (y=3x 1072) (f) MS (36) (A =0.07, a = 1, se = 1079) (g) Canny edge detector (¢ = 5/2)

Figure 8: Comparison of (21) and (31) for different values of y with the MS edge detection (36) and the
Canny edge detector for a Poissonian image containing mainly isotropic small structures.

Remark 6. We can still do a similar remark as Remark 5 for Fig. 8-(e). Here also we have remarked that the
edge doubling can be avoided for Poissonian model by adding in the cost function the term Z =1 v;(1;(Ku)).

Let us recall that the direct and adjoint models given in (19) and (20) are associated to the auxiliary cost
function J(Q,u) = — NO Jo W' (I1j(Ku)l;(Ku). Fig. 9 shows profiles of the direct and adjoint models and

Ii,, 31) associated to J(Q u) and to Jo(Q,u) = J(Q, u)+21 LW (Ku)).

Fig. 12 compares I7,, (31) with b(x) performed by the MS model (36) and the Canny edge detector, for
a Poissonian image blurred by a Gaussian convolution. Similar results are obtained from the MS model and
I, » while edges detected by the Canny edge detector are more spread out (if we decrease the scale parameter
o texture is detected significantly). Fig. 11 and Fig. 13 display the restoration computed by (32), (36) and
(37) on respectively a real confocal image and a synthetic Poissonian image blurred by Gaussian convolution.
We notice that (32) and (37) restore very well the image preserving edges unlike to the MS model (36) which
degrades contours and which does not annihilate the blur effect.
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Figure 9: (a) The cut on the Poissonian image, (b)-(e) the topological gradient Iiap B (y=3x 10°h, (©)-(H)

a transverse cut displaying the image to recover, the direct and the adjoint models, (d)-(g) a transverse cut of
Lap - (0)-(c)-(d) are associated to J(Q,u) and (e)-(f)-(g) to J>(Q, u)
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Figure 10: Comparison of (21) and (31) for different values of y with the MS edge detection (36) and the
Canny edge detector for a Poissonian real image containing rat’s neurons.

(a) Initial image (b) Restored version (32)  (¢) MS (36) (A =0.01, o =1, (d) TV (37) (A =5)
(y=0.03) £=1079

Figure 11: Comparison of the restored versions (32), (36) and (37) for a real Poissonian image of rat’s

neurons.
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(a) Initial image (b) Ifap (31) (y=0.001) (c) MS (36) (A =0.07, (d) Canny edge detector
e=10%a=1) (c=2)
/ ~ /
N, By 1/ \ )
\ g
(e) Zoom on Initial image (f) Zoom on Ifap 31 (g) MS (36): Zoom (h) Canny edge detector:

Zoom

Figure 12: Comparison of I}, (31) with the MS edge detection (36) and the Canny edge detector on a
synthetic Poissonian image blurred by a Gaussian convolution of scale o = 3.

(a) Initial image, (b) Restored version (32) (c) MS (36) (A =0.001, (d) TV (37) (A = 40),

PSNR=23.8dB, SSIM=0.940  (y = 0.005), PSNR=29.1dB, a=1e=1e—6), PSNR=29dB, SSIM=0.976
SSIM=0.976 PSNR=28.3dB, SSIM=0.971

Figure 13: Comparison of the restored versions for a Poissonian image blurred by a Gaussian convolution of
scale o0 = 3.

Finally, Fig. 14 shows the 1D profiles of the image to recover, its degraded versions (blurred, blurred +

Poissonian process), the restored version (32) and Iiap (31) across an edge. We see that (32) allows to recover
the initial image and that /7, , detects very well the edge.
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Figure 14: (a)-(d) Image and transverse cut of the Gaussian blurred (¢ = 3) Poissonian image, (b)-(e) the
restored version (32) (Y = 0.005) and (c)-(f) Iiap (31D (y=0.001).

8.5 Computational time comparisons for the three methods

On Fig. 15 are compared the three methods for K = I (no blur): Mumford-Shah (MS), TV and the topological
gradient method (TG). The experiments are performed on a computer equipped with a processor Intel Core
1.9 GHz and all algorithms are implemented in Matlab. The computation time for the Canny edge detector is
not displayed because it just consists in a convolution which is very fast and so it would be very close to the
y-axis compared to other methods.

For Poisson and speckle models, the computation of the topological gradient still remains the fastest but
the restoration step performed by (32) takes approximately the same time as for a restoration given by a TV
model. Let us notice that the TV model is implemented by using an iterative algorithm (explicit schema with
fixed step length with at maximum 1000 iterations) and that the Mumford-Shah model solution is computed
by minimizing the approximate functional alternatively with respect to u and . The minimization with
respect to u (at b fixed) is made by using Algorithm 2 and we perform 15 iterations. Finally let us precise
that we present on Fig. 15 the computation time only for the Poissonian model because similar results are
obtained from the speckle one.
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Figure 15: Comparisons of the computational time (in sec.) of the three methods of restoration in function of
the number of pixels in the Poissonian case

9 Appendices
In these appendices we give the asymptotic expansion of the differences ue — 1y and v¢ —vq for the non linear

problems (Poisson and Speckle-log models). Some proofs are similar to the linear case and so we will refer
the reader to [5]. To establish these asymptotic expansions we need the following exterior problem

AP =0inR*\B
(Pext){ WP =gondB (38)
P—0ate

where g € H~'/2(dB) and [, gdc = 0. For the computation of the topological gradient we will use the two
following lemma. We omit the proofs and we refer the reader to [22] for more details

Lemma 9.1. The solution of (38) expresses as a single layer potential:
Pl)= | ADE(-y)do

with E(x) = —5-1og(|x|) is the fundamental solution of the Laplace operator and A(y) = —2g(y). Denoting
by ¥ the solution of

A’ =0inB
{ d,01f =00n oB
we have the jump relations through 0B
P-1"=0
0P —If = -1
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and [P expresses as 17 (x) = [, A(y)E (x — y)do.
The following asymptotic estimations holds.

Lemma 9.2. Let P the solution of (38), then:

()| < ﬁ , IVP(x)| < ﬁ
[Pl o, =0 (VTost@) |92 (3)]],q =0®

9.1 Appendix A

In this appendix we perform the asymptotic expansion of ue (19) in H' (Q¢)-norm when & — 0. We assume
along this appendix that xo = 0.

Lemma 9.3. Let X = ue — ug where ue and ug are respectively given by (19) for € > 0 and € = 0, then we
have:
Xe = €P ( ) +ee

where P is defined by (38) with g = —Vup(0).n and where |leg|1 o, = O(€2). Moreover we have the
estimation:

IXello.c. = O(e?/~log(e))

Proof. First, let us write the Euler equations checked by X¢. By substracting equations (19) for € > 0 and for
e =0, we get for j € {1,...,No}:

—AXe + </R£Ku€> -V (/R Kuo) =0in RS, j€{1,...,No}
i i

8X5 :_a nlig, ONn aBg
0,Xe =0,onT

(39)

Then, by a Taylor expansion, there exists éé €]/, R; Kuy, [re Kug[ such that
J

) o) v o )

From Proposition 2, it is straightforward that 0 < a < &/ < B where o = %’f’ and B =Y, fi. (Z¢) rewrites
for je{1,...,Np} as

—AX5+WJ ég / KX, = / _ Kuyg mR
j\R;

(Ze) 0nXe = —duug, on 0B,
0 Xe =0, 0nT

with [, AR Kug = 8j,(j) J, Kuo, where § is the Dirac function. Let e = Xe — &P (%) where P is defined by
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(38) with g = —Vuy(0).n. eg, then e, verifies the following equation

—Nee+ (&) / Kee = ey (&) / kP (3)
inkfjé {1,...,No}
dnee = g1(x) = O(|x|) on IBe

2
€
Onee = g5(x) =0 (|x|2) onT

where g1 = dytto(x) — Vup(0).n(x) € H~'/2(dB,) and g§(x) = —9,P (2) € H~'/2(I"). We set:
—ew)(&) [ KP(2) =00, forj # jy

Fl =

i X . .
/ Kug— € J;(gg)/s KP (E) = 0(&?), for j = jo
Be R

Now we split e, into the sum e; = e} + 2 + ¢} with

(i) el € H'(Q¢)/R solution of

—Ael =0, in Q,
dher = g1(x), on IBg
dhel =0, 0nT
(ii) e2 € H'(Q¢)/R solution of
Aeg =0, in Q¢

(9”6‘% =0, on dBg
Ohe2 =g5(x), onT

(iil) e} € H'(Qe) solution of

—Aei+w;’(§g)/R Kel =7 — w;/(égf)/REK(eéjLeg) inR%, je{l,..
i J

3
(&) &neg =0, on dB,
dhe2 =0, onT

Standard computations (see [5, 22] for more details) lead to the following estimations:

lleg | o)/r < CE ezl oom < CE?

To estimate e, we take the variational formulation of (&7):

7N0}

No . No . )
/ Veg.VerZw;’(ég)/ Keg/ KV:Z%/ Kv—qf;’(gg)/ K(e§+e§)/ Kv
Qe = U N K R

An easy computation of ¥ and Proposition 2 give for € < &

_ i maxieqn Noyfi

minjci. NS
(&2~ o?

ﬁZ

<v/(&)

33

(40)

(41)



By taking as test function v = e} in (41), we deduce the following estimations:

<Y |7

+|wEd)

3 1 2 3

| Ke: | (Kell+IKe) |/K
Re Rj R;

No

/j Ke?9

RE

< C (& +lletll(a m + et 2ianm)

j=1
K 3
e

Then, thanks to the following inequality which stands for any sequence of real numbers (g;);

No
<ce?y
j=1

2 No
( Y a,,-l) <No Y laj?
=1

iG{l,...,No}
and the positiveness of [o_ |Vel|?, we obtain
No

Z /RéKeg

J=1

<ce?

3 2 oo o3 3_(3_ 1 3 1 3 : : Wit
and then |e;| o, < Ce~. By splitting ¢, into the sum e; = (e(S o] Jo. e£> T Jo, €z and using Poincaré-Wirtinger

inequality and the fact that K1 # 0 (as in Proposition 2) we get ||e2||; o, < C€2.
From the inequality ||e¢||1,0, < ||eé||H1(Q€)/R + ||e§HH1(Q£)/R +|l€2]|1.q.» We obtain the estimation. For

the L?(Q¢)-norm estimation of X, it suffices to take the L%(,)-norm of its asymptotic expansion and to use
the first point of Lemma 9.3 and Lemma 9.2. O

Lemma 9.4. Let we = ve — vy where ve and vo are given by (26) for € > 0 and € = 0, then we have:
We = 8P (f) + re
€
where P is defined by (38) with g = —Vv(0).n, and where ||re||1.0, = O(€2\/—log(€)). Moreover we have:

[wello.q. = O(e*\/—log(e), [we 1,0, = O(€)

Proof. By substracting equations (20) for € > 0 and for € = 0, the Euler equations associated to wg are:

—Awe + v} (Ij(uo))/RE Kwe =0in R; with j # jo
j
(#e) { —Awe+ Vi (1 (Kuo)) /Rs_ Kwe = v, (Ljy (Kuo)) /B Kvo=0(?) in RS, 42)
Io
OyWe = —0pvo on 0B
Owe =00nT
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This problem is linear and from Proposition 2 we have:

minjeqr, Nt fi oy o fi o Meqr Nopfi
ﬁz = V’; (I/(MO)) - ]j(u())z — o2

Then the topological expansion of we can be deduced from the proof of Lemma 9.3 or from the linear case
with constant coefficient [5]. See also Nedelec [35] for details on the analysis.

The two last estimations are straightforward by using the topological expansion of we and Lemma 9.2.
O
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