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Abstract

In this paper, we propose a level set regularization approach combined with a split strategy
for simultaneous identification of piecewise constant diffusion and absorption coefficients from
a finite set of optical tomography data (Neumann-to-Dirichlet data). This problem is a high
nonlinear inverse problem combining together the exponential and mildly ill-posedness of diffu-
sion and absorption coefficients, respectively. We prove that the parameters-to-measurement
map satisfies sufficient conditions (continuity in the L1-topology) to guarantee regularization
properties of the proposed level set approach. On the other hand, numerical tests considering
different configurations bring new ideas on how to propose a convergent split strategy for the
simultaneous identification of the coefficients. Therefore, the proposed numerical algorithm is
stable and convergent as shows in the presented examples as well as it saves computational
effort.
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1 Introduction

Optical tomography has demonstrated to be a powerful tool to obtain relevant physiologically
information of tissues in a non-invasive manner. This puts optical tomography modalities very
popular and with a large range of application in medial images. See [1, 17] and references therein
for details.
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There are many different approaches to modeling the physics of light propagation in a medium,
e.g. [1, 17] and references therein. In this contribution we are interested in the so called diffusion
optical tomography (DOT). In other words, the DOT regime assumes visible (or near infrared)
light in the predefined wavelength to probe highly scattering medium. The aim of DOT is to
obtain quantitative information on optical properties of an object embedded in the medium. For
a complete overview on optical tomography modalities the reader can consult the topical review
[1, 17] and references therein.

A simple physical formulation of DOT, where light propagation is modeled by a diffusion approx-
imation and the excitation frequency is set to zero, is governed by the following boundary value
problem

−∇ · (a(x)∇u) + c(x)u = 0 in Ω (1)

a(x)∂νu = g on Γ , (2)

where Ω ⊂ R
N , N ∈ {2, 3, 4}, is open, bounded and connected with boundary Γ Lipschitz; the

diffusion and absorption coefficients a(x) and c(x), respectively, are measurable real-valued functions
and ν is the outer normal to the boundary of Ω, that we denote by Γ. Moreover, g ∈ H−1/2(Γ) is
the Neumann boundary data.

Although most of the physiological information is contained in the absorption coefficient, the
scattering coefficient in tissue is, in general, considerably larger. It is well known that the presence
of unknown scatter can lead to artifacts and false structure in the reconstruction of the absorption
properties of the medium [1, 17]. Hence, the problem of interest in DOT is the simultaneous
identification of absorption and the scattering properties.

Since the absorbed and scattered characteristic of the medium are unique determined by the
pair of coefficients (a, c) in (1)-(2) (see [1, 17]), in this contribution, we proposed an level set regu-
larization approach [15, 10, 7, 8] coupling with a split strategy for stable simultaneous identification
of the location and the shape of piecewise constant real-valued diffusion a(x) and absorption c(x)
coefficients in (1)–(2), from the knowledge of a finite set of available measurements of the potential
h := u|Γ, corresponding to the current profiles g ∈ H−1/2(Γ) in (2).

Related works: In [21], a Levenberg–Marquardt method for recovering internal boundaries of
piecewise constant coefficients of an elliptic PDE as (1) was implemented. The proposed method
is based on the series expansion approximation of the smooth boundaries and on the finite element
method. However, in [21], there is not a theoretical result that guarantees regularizing properties of
the iterated approximated solution. Indeed, as far as the authors are aware, there is not theoretical
regularization approaches in the literature for recovering the pair of coefficients (a, c) in (1) for data
in the boundary.

In [27], the authors did a carefully designed experiment aimed to provide solid evidence that
both absorption and scattering images of a heterogeneous scattering media can be reconstructed
independently from diffusive optical tomography data. The author’s also discuss the absorption
scattering cross-talk issue.

Although, it is well known that the identification of a and c (simultaneously) is not possible
in a general case, as is shown by Arridge and Lionheart in [2], recently, B. Harrach [18] obtained
uniqueness results of simultaneous determination of a and c in (1)-(2) assuming that a ≥ a0 > 0 is
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piecewise constant and c ∈ L∞
+

1 is piecewise analytic, from the knowledge of all pairs of Newmann

and Dirichlet boundary values a∂νu|Γ̃ and u|Γ̃, on an arbitrarily small open part Γ̃ of the boundary
Γ. The differences between B. Harrach [18] results and our approach is that we are considering a
more practical approach: we have access only to a finite number Newmann-Dirichlet pairs.

We also remark that the now well known QPAT (quantitative photo-acoustic tomography)
problem, in the diffusive approach, also aims to simultaneous recover (a, c) in an elliptic boundary
valued problem. See for example [25] and references therein. However, in the QPAT situation the
solution of the ”first inverse problem” generate internal data for the reconstruction. In this sense,
the QPAT problem is very different to the identification problem that we are facing here.

Novelties: The novelties of this contribution are divided as follows:

• We prove the continuity of the parameter-to-measurement (forward) map F (as defined in
(3)) in the L1(Ω)-topology. It is done in Theorem 3 in Section 2. This is possible thanks to a
generalization of Meyer’s theorem [22] for the regularity of the solution of (1)-(2) in W 1,p(Ω),
for some p > 2 (see Theorem 1). The generalization of Meyer’s theorem for the equations
(1)-(2) is presented in details in the Appendix 7.

In Section 3, we introduce a level set approach. In contrast to the seminal approach of
Santosa in [24] on level set for inverse problems, our approach consists in a parametrization
of the non-smooth admissible set of parameters with a pair of H1(Ω) functions concatenated
with a restriction of the search space using nonlinear constraints. Such approach allows us
to enforce the desired additional properties on the pair of parameters (a, c) (namely: (a, c) is
a piecewise constant pair of function, describing the high diffusion and absorption contrast
between the optical properties of the object) that are not smooth.

Given the continuity of F in the L1(Ω)-topology, it is now a standard result to prove that the
level set approach is a regularization method as in the classical theory of regularization [13],
e.g. [7, 8, 11, 10]. Therefore, we only point out the convergence and stability results without
a formal proof in Subsection 3.2.

• Another improvement of the proposed level-set approach is related to the numerical implemen-
tation in Section 5. It is worth to remind the reader that we aim to simultaneous reconstruct
the pair (a, c) of piecewise constant functions from a finite set of optical measurements. With
this aim, we first run several numerical experiments in order to recover the absorption coeffi-
cient c, based on either total or partial knowledge of a. From this experiments we saw that
the level set method for identifying c∗ performs well, even if a good approximation for a∗ is
not known. This is presented in Subsection 5.1. After that, in Subsection 5.2 we run another
set of experiments but know concerning the identification of the diffusion coefficient a, based
on either total or partial knowledge of c. In this case, we saw that the level set method for
identifying a∗ performs well if a good approximation for c∗ is available, but may generate
a sequence ak that does not approximate a∗ if the initial guess for the coefficient c is far
from c∗. Such features of the identification problems suggests one of the main results in the

1The subscript ′+′ denotes positive essential infima.
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numerical perspective presented in Subsection 5.3. Given the initial guess (a0, c0), we adopted
the strategy to freeze the coefficient ak = a0 during the first iterations, and to iterate the
algorithm only w.r.t to the coefficient c. We follow this strategy until the iterated sequence
ck stagnates. Then, we freeze” the absorption coefficient c = ck and iterate the algorithm
w.r.t. a after stagnation of the iteration. Finally, iterate both simultaneously. This numerical
strategy gives very good results and save computational effort as well.

We ended this contribution in Section 6 with some conclusions and further developments.

General Notation. We denote by R
N , N ≥ 2, the N -dimensional Euclidean space endowed

the usual scalar product x ·y =
∑N

i=1 xiyi and norm |x| =
√
x · x, where x = (xi)

N
i=1 and y = (yi)

N
i=1.

Given two normed vector spaces (X , ‖ · ‖X ) and (Y , ‖ · ‖Y) we always consider the product space
X × Y enwowed with the product topology generated by the norm ‖(x, y)‖ := ‖x‖ + ‖y‖ (or the

equivalent norms (‖x‖2 + ‖y‖2)
1/2

or max{‖x‖, ‖y‖}), where (x, y) ∈ X ×Y . We also use the short
notation X 2 = X × X .

2 The Parameter to Measurement Map

We start this section by assuming that a(x) is known for all x ∈ Γ. Then, for each input current
profile g ∈ H−1/2(Γ) in (1)-(2), we define parameter-to-measurement (forward) map

F := Fg : D(F ) ⊂ L1(Ω) × L1(Ω) → H1/2(Γ) (3)

(a, c) 7→ h := u|Γ,

where u = u(g) is the unique corresponding solution of (1)-(2), for the parameter space D(F )
defined as:

Definition 1. Denote by D(F ) the set of pairs of L1(Ω) functions (a, c) on Ω satisfying the following
condition:

0 < a ≤ a(x) ≤ a, 0 < c ≤ c(x) ≤ c ∀x a.e. in Ω, (4)

where a, c, a and c are known positive real numbers such that a ≤ a and c ≤ c.

We now make some comments about Definition 1 and the definition of the forward map F . First, it
is easy to check that D(F ) is a convex subset of [L1(Ω)]2. Second, the forward map F is well-defined
because for each (a, c) ∈ D(F ) there exists a unique solution u ∈ H1(Ω) of (1)–(2) (see e.g. [6]).
Third, since D(F ) depends on the scalars a, c, a and c, it turns out that F also depends on the
latter scalars. However, we are assuming the scalars to be known, fixed and independent of each
given current g. Fourth, we are not assuming any smoothness condition on the pair parameters
(a, c) ∈ D(F ). In particular the latter fact allow us to consider solutions of (1)–(2) corresponding
to piecewise constant coefficients.

This section is devoted to prove the continuity of the forward map F in the L1(Ω) - topology.
In order to make such proof easy to understand we will consider the parameter-to-solution map Gg
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defined as

G := Gg : D(F ) ⊂ [L1(Ω)]2 −→ H1(Ω)

(a, c) 7−→ Gg(a, c) := u(g) , (5)

where u(g) ∈ H1(Ω) is the (unique) solution of (1)–(2) for each input data g ∈ H−1/2(Γ) and
parameters (a, c) ∈ D(F ) (see [6]). Moreover, we will uses the following well know result: any weak
solution u = u(g) ∈ H1(Ω) of (1)–(2) satisfies the (weak) formulation (see [6])

∫

Ω

a∇u · ∇ϕdx+

∫

Ω

cuϕdx =

∫

Γ

gϕdS ∀ϕ ∈ H1(Ω). (6)

Remark 1. Given the definition of the forward map F in (3), its turns out that it can be written
as

F = γ0 ◦G, (7)

where γ0 : H1(Ω) → H1/2(Γ) is the trace operator of order zero [6]. Since the trace operator γ0 is
linear and continuous [6], it follows that the continuity of F follows from the continuity of G.

In order to prove the continuity of the operator G defined in (5) in the desired topology, we will
use a generalization of Meyer’s theorem [16] on the regularity of the solution of (1) - (2). Since
the proof follows the general lines of presented in [16], we will show the main differences in the
Appendix.

Theorem 1 (Meyer’s theorem generalized). Let Ω ⊂ R
N , N ∈ {2, 3, 4}, be a connected bounded

open set with a Lipschitz boundary Γ and let (a, c) ∈ D(F ). Then, there exists a real number
pM > 2 depending only on Ω, a and a) such that the following condition hold for every p ∈ (2, pM):
If g ∈W 1−(1/q),q(Γ)′, where q := p/(p−1), then the unique solution u of (1)– (2) belongs to W 1,p(Ω).

Next we will present a lemma that is used in the main theorem of this section.

Lemma 2. Let h(x) be a measurable function such that M ≥ |h(x)| for all x a.e. in Ω, for some
constant M > 0. Then, h ∈ Ls(Ω) for all 1 ≤ s <∞ and

‖h‖Ls(Ω) ≤M (s−1)/s‖h‖1/s
L1(Ω).

Proof. Note that

‖h‖s
Ls(Ω)

=

∫

Ω

|h(x)||h(x)|s−1dx ≤Ms−1‖h‖
L1(Ω)

,

which readily implies the desired result.

In the next theorem we will prove the continuity of the forward map F in the [L1(Ω)]2 topology.
The latter result, will follow as a direct consequence of the continuity of the operator G defined in
(5).
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Theorem 3. Let p ∈ (2, pM), where pM > 2 is given by Theorem 1, and let q := p/(p− 1). Then,
for any g ∈ W 1−(1/q),q(Γ)′ the operator Gg defined in (5) is continuous (in the [L1(Ω)]2 topology).

As a consequence, for any g ∈W 1−(1/q),q(Γ)′, the forward map F defined in (3) is also continuous
in the [L1(Ω)]2 topology.

Proof. Let g ∈W 1−(1/q),q(Γ)′ and consider the corresponding solutions u′ = u(a′, c′) and u = u(a, c)
of (1)–(2) with parameters (a′, c′), (a, c) ∈ D(F ), respectively.

Since (a′, c′, u′) and (a, c, u) satisfy the identity (6) for all ϕ ∈ H1(Ω) we have

∫

Ω

(a∇u− a′∇u′) · ∇ϕdx+

∫

Ω

(cu− c′u′)ϕdx = 0 . (8)

Defining w := u− u′ ∈ H1(Ω) and using (8) with ϕ = w we obtain (after some algebraic manipula-
tions)

∫

Ω

[a− a′]∇u′ · ∇wdx+

∫

Ω

a∇w · ∇wdx+

∫

Ω

[c− c′]u′wdx+

∫

Ω

cwwdx = 0,

which in turn is equivalent to

∫

Ω

a(x)|∇w|2dx+

∫

Ω

c(x)|w|2dx =

∫

Ω

[a′ − a]∇u′ · ∇wdx+

∫

Ω

[c′ − c]u′wdx. (9)

In view of Theorem 1 (for a′(x) and c′(x)) we have u′ ∈W 1,p(Ω). Thus, defining s := 2p/(p− 2), it
follows from (9), (4), Lemma 2 and the Holder inequality (note that 1/s+ 1/p+ 1/2 = 1) that

min{a, c}‖w‖2
H1 ≤ ‖a′ − a‖Ls‖∇u′‖

p
‖∇w‖

2
+ ‖c′ − c‖Ls‖u′‖

Lp‖w‖L2

≤
(

‖a′ − a‖Ls‖∇u′‖p + ‖c′ − c‖Ls‖u′‖Lp

)

‖w‖H1

≤ 2 max{a, c}
)(s−1)/s‖u′‖

W 1,p

(

‖a′ − a‖
L1 + ‖c′ − c‖

L1

)1/s ‖w‖
H1 .

The latter inequality combined with the facts that Gg(a
′, c′) = u′, Gg(a, c) = u (see (5)) and

w = u− u′ gives

‖Gg(a, c) −Gg(a
′, c′)‖

H1 ≤M‖u′‖
W 1,p

(

‖a− a′‖
L1 + ‖c− c′‖

L1

)1/s
, (10)

which proves the continuity of Gg in the L1(Ω) topology, where M :=
2 max{a, c}

)(s−1)/s

min{a, c} . The last

statement of the theorem now follows easily from the first one and Remark 1.

We now make a few comments about Theorem 3. First, according to Theorem 1, the real number
pM > 2 depends on Ω and, in the present setting, on a, c, a and c. Second, since q < 2, it follows that
W 1−(1/q),q(Γ)′ ⊂ H−1/2(Γ). As a consequence of the latter inclusion, we have that the condition on g
that appeared on Theorem 3 is stronger that the usual inclusion g ∈ H−1/2(Γ). Third, condition (10)
gives that both operators G and F are (locally) Holder continuous in the L1(Ω) topology.
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3 The level set framework with a finite number of experi-

ments

It is already known that in diffusive optical tomography the full Neumann-to-Dirichlet map (equiv-
alently, the boundary data h at Γ corresponding to the a∂u

∂ν
) are required to obtain uniqueness of

the parameters (a, c) in (1)-(2)(see [18]). However, in real applications, only a finite number of
observations/measurements are available. Therefore, we are strongly invited to make a quantity ℓ
of well-placed experiments in order to obtain reconstructions of acceptable quality. In other words,
the inverse problem that we are shall to deal with consists in identification of the pair of coefficients
(a, c) from a finite number ℓ of experiments, where the inputs gm := a∂um

∂ν
(x) are chosen in an

appropriate way such that the corresponding measurements um(x) = hm for x ∈ Γ, are available,
for m = 1, · · · , ℓ. As before, the corresponding potential um satisfies

∇ · (a∇um) + cum = 0 , in Ω , m = 1, · · · , ℓ , (11)

a
∂um

∂ν
(x) = gm at Γ.

This problem is known in the literature as the inverse problem for the Neumann-to-Dirichlet
operator with a finite number of experiments. In this context, the identification problem can be
written in terms of the system of nonlinear equations

Fm(a, c) = hm , m = 1, · · · , ℓ , (12)

where Fm := Fgm is defined as in (3), for each m ∈ {1, · · · , ℓ}.
Moreover, given the nature of the measurements, we can not expect that exact data hm ∈ H1/2(Γ)

are available. Instead, one disposes only an approximate measured data hδ
m ∈ L2(Γ) satisfying

∥

∥hδ
m − hm

∥

∥

L2(Γ)
≤ δ , for m = 1, · · · , ℓ (13)

where δ > 0 is the noise level.

Remark 2. From Theorem 3, we know that each forward map Fm in (12) is continuous in the
L1-topology.

3.1 Modeling the parameter space: The level set framework

In contrast with the previous section, now we assume that the pair of parameter (a, c) are piecewise
constant function assuming two distinct values, i.e. a(x) ∈ {a1, a2} and c(x) ∈ {c1, c2} a.e. in
Ω ⊂ RN , but, still (a(x), c(x)) ∈ D(F ). Hence, one can assume the existence of open and mensurable
sets A1 ⊂⊂ Ω and C1 ⊂⊂ Ω, with H1(∂A1) < ∞ and H1(∂C1) < ∞,2 s.t. a(x) = a1 , x ∈ A1,
c(x) = c1 , x ∈ C1 and a(x) = a2 , x ∈ A2 := Ω − A1, c(x) = c2 , x ∈ C2 := Ω − C1.

Consequently, with the assumption that the conductivity and the absorption coefficients are
piecewise constant, the pair of parameter distribution in (1)–(2) can be modeled as

(a(x), c(x)) = (a2 + (a1 − a2)χA1
(x), c2 + (c1 − c2)χC1

(x)) , (14)

where χS is the indicator function of the set S.

2Here H1(S) denotes the one-dimensional Hausdorff-measure of the set S.

7



Level set framework: In order to model the space of admissible parameters (the pair of piecewise
constant function (a, c), we use a standard level set (sls) approach proposed in [15, 9, 7, 8, 10]. We
remark that many other level set approaches are known in the literature, e.g., [11, 10, 9, 7, 12, 5, 21,
28, 26]. In particular, the analysis of level set approach for the pair of parameter that have many
piecewise components follows essentially from the techniques derived in [8]. Finally, if aj, cj are
assuming unknown then one can use the ideas of the level set approach in [7] to recover the levels
values as well. Recently in [9, 10, 11], piecewise constant level set approaches (PCLS) were derived
for identification of piecewise parameters. The (PCLS) approach consists in introducing constraints
in the admissible level set function s.t. it becomes piecewise constant. In the (PCLS) approaches,
we do not need to introduce the Heaviside projections H (see below) to model the parameter space.
However, the introductions of constraints imply in other difficulties in the level set regularization
analysis [9, 10]. Advantages and disadvantages of (sls) and (PCLS) approaches were discussed in
[9, 10].

According to the (sls) representation strategy, level set functions φa, φc : Ω → R, in H1(Ω), are
chosen in such a way that its zero level-set Γφa := {x ∈ Ω ; φa(x) = 0} and Γφc := {x ∈ Ω ; φc(x) =
0} defines connected curves within Ω and that the discontinuities of the parameters are located
’along’ Γφa and Γφc , respectively.

Introducing the Heaviside projector

H(t) :=

{

1, if t > 0

0, if t ≤ 0
,

the conductivity/absorption parameter distribution (a(x), c(x)) is represented in the form

(a(x), c(x)) = (a1H(φa) + a2(1 −H(φa)), c
1H(φc) + c2(1 −H(φc))) =: P (φa, φc) . (15)

Notice that (a(x), c(x)) = (ai, cj), x ∈ Ai ∩ Cj for i, j ∈ {1, 2}, where the sets Ai and Cj are
defined by A1 = {x ∈ Ω ; φa(x) ≥ 0}, A2 = {x ∈ Ω ; φa(x) < 0}, C1 = {x ∈ Ω ; φc(x) ≥ 0} and
C2 = {x ∈ Ω ; φc(x) < 0}. Thus, the operator P establishes a straightforward relation between
the level sets of φa and φc and the sets Ai and Cj representing our a priori knowledge about the
solution (a, c).

As already observed in [8], the operator H maps H1(Ω) into the space

V0,1 := {z ∈ L∞(Ω) | z = χS , S ⊂ Ω measurable, H1(∂S) <∞} . (16)

Therefore, the operator P in (15) maps H1(Ω) ×H1(Ω) into the admissible class V defined by

V := {(z1, z2) ∈ (L∞(Ω))2 | (z1, z2) := (a1 + (a2 − a1)χA1
, c1 + (c2 − c1)χC1

) , A1,C1 ⊂ Ω} . (17)

Within this framework, the inverse problem in (12), with data given as in (13), can be written
in the form of the system of operator equation

Fm(P (φa, φc)) = hδ
m m = 1, · · · , ℓ. (18)

Let we make the following general assumption
(A1) Equation (18) has a solution, i.e. there exists (a∗, c∗) ∈ L∞(Ω) × L∞(Ω) satisfying
F ((a∗, c∗)) = h; there exists a pair of function (φa

∗, φc
∗) ∈ [H1(Ω)]2 satisfying |∇φa

∗| 6= 0 and
|∇φc

∗| 6= 0 , in a neighborhood of {φa
∗ = 0} and {φc

∗ = 0} such that H(φa
∗) = za ∈ L∞(Ω),

H(φc
∗) = zc ∈ L∞(Ω) such that P (za, zc) = (a∗, c∗).
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Since an approximate solution (φa, φc) of (18) is calculated, a corresponding approximate solu-
tion of (12) is obtained in a straightforward way: (a, c) = P (φa, φc).

3.2 Leve set regularization

Since the unknown coefficients (a, c) are piecewise constant function, a natural alternative to obtain
stable solutions of the operator equation (12) is to use a least-square approach combined with
a total variation regularization. This corresponds to a Tikhonov-type regularization [7, 8, 10].
Within the level-set framework presented aboveHowever, in real applications, only a finite number of
observations/measurements are available, the Tikhonov-type regularization approach for obtaining
a regularized solution to the operator equation (18) is based on the minimization of the energy
functional

Fα(φa, φc) :=

N
∑

m=1

‖Fm(P (φa, φc)) − hδ
m‖2

Y + αR(φa, φc) , (19)

where

R(φa, φc) =
(

|H(φa)|BV(Ω) + |H(φc)|BV(Ω) + ‖φa − φa0‖2
H1(Ω) + ‖φc − φc0‖2

H1(Ω)

)

and α > 0 plays the role of a regularization parameter. This approach is based on TV-H1 penal-
ization. The H1–terms act simultaneously as a control on the size of the norm of the level set
function and as a regularization on the space H1(Ω). The BV(Ω)-seminorm terms are well known
for penalizing the length of the Hausdorff measure of the boundary of the sets {x ∈ Ω : φa(x) > 0},
{x ∈ Ω : φc(x) > 0} (see [14]).

In general, variational minimization techniques involve compact embedding arguments on the
set of admissible minimizers and continuity of the operator in such set to guarantee the existence of
minimizers. The Tikhonov functional in (19) does not allow such characteristic, since the Heaviside
operator H and consequently the operator P are discontinuous. Therefore, given a minimizing
sequence (φk

a, φ
k
c ) for Fα we cannot prove existence of a (weak-*) convergent subsequence. Conse-

quently, we cannot guarantee the existence of a minimizer in [H1(Ω)]2 × R2. In other words, the
graph of Fα is not closed in the desired topology.

To overcome this difficulty in [15, 7, 8] was introduced the concept of generalized minimizers were
the graph Fα becomes closed. It allow us to guarantee the existence of minimizers of the Tikhonov
functional (19). For sake of completeness, we present the concept of generalized minimizers below.

The concept of generalized minimizers: For each ε > 0, we define the smooth approximation
to H given by:

Hε(t) :=

{

1 + t/ε for t ∈ [−ε, 0]
H(t) for t ∈ R/ [−ε, 0]

and the corresponding operator

Pε(φa, φc) := (a1Hε(φa) + a2(1 −Hε(φa)), c
1Hε(φc) + c2(1 −Hε(φc))) . (20)
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Definition 2. Let the operators H, P , Hε and Pε be defined as above.
a) A vector (z1, z2, φa, φc) ∈ [L∞(Ω)]2 × [H1(Ω)]2 is called admissible when there exists sequences

{φk
a} and {φk

c} of H1(Ω)-functions satisfying

lim
k→∞

‖φk
a − φa‖L2(Ω) = 0 , lim

k→∞
‖φk

c − φc‖L2(Ω) = 0

and there exists a sequence {εk} ∈ R+ converging to zero such that

lim
k→∞

‖Hεk
(φk

a) − z1‖L1(Ω) = 0 and lim
k→∞

‖Hεk
(φk

c ) − z2‖L1(Ω) = 0 .

b) A generalized minimizer of the Tikhonov functional Fα in (19) is considered to be any admis-
sible vector (z1, z2, φa, φc) minimizing

Gα(z1, z1, φa, φc) :=
N

∑

m=1

‖Fm(Q(z1, z2)) − hδ
m‖2

H1/2(Ω) + αR(z1, z2, φa, φc) (21)

over the set of admissible vectors, where

Q : [L∞(Ω)]2 × R
2 ∋ (z1, z2) 7→ (a1z1 + a2(1 − z2), c

1z2 + c2(1 − z2)) ∈ [L∞(Ω)]2 ,

and the functional R is defined by

R(z1, z2, φa, φc) := ρ(z1, z2, φa, φc) , (22)

with

ρ(z1, z2, φa, φc) := inf
{

lim inf
k→∞

(

|Hεk
(φk

a)|BV(Ω) + |Hεk
(φk

c )|BV(Ω) + ‖φa − φa0‖2
H1(Ω) + ‖φck − φc0‖2

H1(Ω)

)}

.

(23)
Here the infimum is taken over all sequences {εk} and {φk

a, φ
k
c} characterizing (z1, z2, φa, φc) as an

admissible vector.

3.3 Convergence analysis of the level set approach

In this subsection we present the regularization properties of the proposed level set approach to
the inverse problem of identifying (a, c) in the diffusive optical tomography model (1)–(2). Since
the resutls follows straightforward arguments presented before in [7, 8, 10] we do not strave in
presenting the proves.

Theorem 4. The following assertions hold true.
i) The functional Gα in (19) attains minimizers on the set of admissible vectors.
ii) [Convergence for exact data] Assume that we have exact data, i.e. hδ = h. For every α > 0
denote by (z1

α, z
2
α, φaα, φcα) a minimizer of Gα on the set of admissible vectors. Then, for every

sequence of positive numbers {αk} converging to zero there exists a subsequence, denoted again by
{αk}, such that (z1

αk
, z2

αk
, φaαk

, φcαk
) is strongly convergent in L1(Ω) × L2(Ω). Moreover, the limit

is a solution of (18).
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iii) [Convergence for noise data] Let α = α(δ) be a function satisfying limδ→0 α(δ) = 0 and
limδ→0 δ

2α(δ)−1 = 0. Moreover, let {δk} be a sequence of positive numbers converging to zero and
{hδk} ∈ H1/2(∂Ω) be corresponding noise data satisfying (13). Then, there exists a subsequence,
denoted again by {δk}, and a sequence {αk := α(δk)} such that (z1

αk
, z2

αk
, φaαk

, φcαk
) converges in

[L1(Ω)]2 × [L2(Ω)]2 to solution of (18).

Proof. The proof follows straightforward the arguments in [8], Theorem 6, Theorem 8 and Theorem 9,
respectively and therefore will be omitted.

4 Numerical realization

In this section we introduce the functional Gε,α, which can be used for the purpose of numerical
implementations. This functional is defined in such a way that it’s minimizers are ’close’ to the
generalized minimizers of Fα in a sense that will be made clear later (see Proposition 5). For each
ε > 0 we define the functional

Gε,α(φa, φc) :=

N
∑

m=1

‖Fm(Pε(φa, φc)) − hδ
m‖2

Y + αRε(φa, φc) , (24)

where

Rε(φa, φc) :=
(

|Hε(φa)|BV(Ω) + |Hεk
(φc)|BV(Ω) + ‖φa − φa0‖2

H1(Ω) + ‖φc − φc0‖2
H1(Ω)

)

.

The next result guarantees that for ε→ 0 the functional Gε,α attain a minimizer. Moreover, the
minimizers of Gε,α approximate a generalized minimizer of Fα.

Proposition 5.
i) Given α, ε > 0 and φa0, φc0 in H1(Ω), then the functional Gε,α in (24) attains a minimizer on
[H1(Ω)]2 × R

2.
ii) Let α, be given. For each ε > 0 denote by (φaε,α, φcε,α) a minimizer of Gε,α. There exists a
sequence of positive numbers {εk} converging to zero such that (Hεk

(φaεk,α), Hεk
(φcεk,α), φaεk,α, φcεk,α)

converges strongly in [L1(Ω)]2 × [L2(Ω)]2 and the limit is a generalized minimizer of Fα in the set
of admissible vectors.

Proof. The proof follows the ideas in [8], Lemma 10 and Theorem 11 respectively. Therefore we
will not present the details it in this paper.

Proposition 5 justify the use functional Gε,α in order to obtain numerical approximations to
the generalized minimizers of Fα. It is worth noticing that, differently from Fα, the minimizers
of Gε,α can be actually computed. In the next subsection we compute the first order conditions of
optimality for the functional Gε,α, which will allow us to compute the desired minimizers.

4.1 Optimality conditions for the Tikhonov functional Gε,α

For the numerical purposes we have in mind, it is necessary to derive the first order optimality
conditions for a minimizer of the functionals Gε,α. To this end we consider Gε,α in (24) and we look
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for the Gâteaux directional derivatives with respect to φa, φc. For simplicity of presentation, we will
assume that the values a1, a2, c1, c2 are known. Since H ′

ε(ϕ) is self-adjoint,3 the optimality conditions
for a minimizer of the functional Gε,α can be written in the form of the system of equations

α(∆ − I)(φa − φa0) = L1
ε,α(φa, φc) , α(∆ − I)(φc − φc0) = L2

ε,α(φa, φc) , in Ω (25a)

(φa − φa0)ν = 0 , (φc − φc0)ν = 0 , at Γ (25b)

where ν(x) is the external unit normal vector at x ∈ Γ, and

L1
ε,α(φa, φc) = (a1 − a2)H

′
ε(φa)

[

l
∑

m=1

(

∂Fm(Pε(φa, φc))

∂a

)∗

(Fm(Pε(φa, φc)) − hδ
m)

]

−αβ1

[

H ′
ε(φa)∇·

( ∇Hε(φa)

|∇Hε(φa)|

)]

(26a)

L2
ε,α(φa, φc) = (c1 − c2)H

′
ε(φc)

[

l
∑

m=1

(

∂Fm(Pε(φa, φc))

∂c

)∗

(Fm(Pε(φa, φc)) − hδ
m)

]

−αβ2

[

H ′
ε(φc)∇·

( ∇Hε(φc)

|∇Hε(φc)|

)]

(26b)

Note that, in order to implement the numerical algorithm for solving the optimal condition (26),
we need to calculate the adjoint of the derivatives ∂Fm

∂a
and ∂Fm

∂a
. Moreover, for any φa, φc ∈ H1(Ω),

the residual Fm(Pε(φa, φc)) − hδ
m ∈ L2(Γ).

Remark 3. Note that, if we define (ak, ck) := Pε(φ
k
a, φ

k
c ), we have that (ak, ck) ∈ D(F ). We will

use this fact in the next Lemma and in the level-set algorithm below.

Remark 4. Let (ak, ck) ∈ D(F ) and rk
m ∈ L2(Γ). Then,

(

∂Fm

∂a
(ak, ck)

)∗

(rk
m) = ∇uk

m · ∇wk
m (27)

and
(

∂Fm

∂c
(ak, ck)

)∗

(rk
m) = −uk

mw
k
m (28)

where uk
m and wk

m are the unique solutions of the elliptic BVP of Neumann type

−∇(ak∇uk
m) + cku

k
m = 0 , in Ω (29)

ak
∂uk

m

∂η
= gm , on Γ ,

−∇(ak∇wk
m) + ckw

k
m = 0 , in Ω (30)

ak
∂wk

m

∂η
= rk

m , on Γ ,

for m = 1, · · · , l, respectively.

3Notice that H ′
ε
(t) =

{

1/ε t ∈ (−ε, 0)

0 else
.
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1. Evaluate the residual [rm]lm=1 := [Fm(Pε(φ
k
a, φ

k
c ))−hδ

m]lm=1 = [us|Γ−hδ
m]lm=1, where

[us]
l
m=1 ∈ [H1(Ω)]l solves (29)

2. Evaluate

[(

∂Fm(Pε(φa,φc))
∂a

)∗

rm

]l

m=1
:= [∇wm · ∇um]lm=1 ∈ [L2(Ω)]l, and

[(

∂Fm(Pε(φa,φc))
∂c

)∗

rm

]l

m=1
:= −[wm um]lm=1 ∈ [L2(Ω)]l, where [um]lm=1 is the

function computed in Step 1. and [wm]lm=1 ∈ [H1(Ω)]l solves (30)

3. Calculate L1
ε,α(φk

a, φ
k
c ) and L2

ε,α(φk
a, φ

k
c ) as in (26).

4. Evaluate the updates δϕ, δψ ∈ H1(Ω) by solving (25) and (25b)

5. Update the level set functions φk+1
a = φk

a + 1
α
δφk

a, φk+1
c = φk

c + 1
α
δφk

c.

Table 1: An explicit algorithm based on the iterative regularization method for solving the identi-
fication problem in diffusive optical tomography.

In the sequel we describe an explicit algorithm to implement the iterative regularization method
for the coefficient identification problem (see Table 1). Each iteration of this algorithm consists of
five steps:

• In the first step the residual vector [rm]lj=s ∈ [L2(Γ)]l corresponding to the iterate (φk
a, φ

k
c ) is

evaluated. This requires the solution of l elliptic BVP’s given by (29).
• In the second step the solutions [wm]lm=1 ∈ H1(Ω) of the adjoint problems for the residual
components [rm]lm=1 are evaluated. This corresponds to solving l elliptic BVP given by (30).
• The third step is the computation of adjoint of partial derivatives of Fm applied to the residual.
It consist in to computing l scalar product and l inner-product in L2 (namely −[umwm]lm=1

and [∇[wm · ∇um]lm=1.
• The fourth step consists in the computation of L1

ε,α(φk
a, φ

k
c ) and L2

ε,α(φk
a, φ

k
c ). Each computa-

tion requires the sum of l inner products in L2.
• Finely, the updates δφk

a, δφ
k
c ∈ H1(Ω) for the level-set functions φk

a and φk
c are evaluated.

This corresponds to solving two non-coupled elliptic BVP’s of Neumann type, namely (25) and
(25b).

A similar algorithm was successfully used in [15, 8] to solve the inverse potential problem under
the framework of level-sets and multiple level-sets respectively. However, what concerns the identifi-
cation problem in diffusion optical tomography the method outlined above becomes disadvantageous
if the number of physical experiments l in (11) is large. Indeed, in each iteration one has to solve
2l + 2 elliptic BVP’s.
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5 Numerical Experiments

In this section we implement numerical algorithms based on the levelset approach derived in the
previous sections for identifying the coefficient pair (a, c) in (1)-(2). The separate identification
of the absorption coefficient c, based on either total or partial knowledge of a, is considered in
Section 5.1. The separate identification of the diffusion coefficient a, based on either total or partial
knowledge of c, is considered in Section 5.2. The simultaneous identification of the pair (a, c) is
investigated in Section 5.3.

(a) (b) (c) (d)

Figure 1: (a) Exact coefficients for the first experiments in Sections 5.1 and 5.2. (b) Number of iterations
needed for the identification of the absorption coefficient c∗, starting from distinct initial guesses c0 (a∗ is
given; see Section 5.1). (c) Number of iterations needed for the identification of the diffusion coefficient a∗,
starting from distinct initial guesses a0 (c∗ is given; see Section 5.2). (d) Exact coefficients for the second
experiments in Sections 5.1 and 5.2.

5.1 Identification of the absorption coefficient

In what follows we consider the identification of the absorption coefficient c, based on either total or
partial knowledge of a. In the first set of experiments, we consider problem (1)-(2) in the unit square
with four sets (l = 4) of DtN experiments,4 and exact solution (a∗, c∗) as shown in Figure 1 (a)

a∗(x) =

{

10 , inside blue inclusion
1 , elsewhere

, c∗(x) =

{

10 , inside red inclusion
0 , elsewhere.

As initial guess for the leveset method we choose distinct piecewise constant functions c0, whose
supports are depicted in Figure 1 (b). The constant values assumed by the exact solution c∗ are
assumed to be known, as well as the exact diffusion coefficient a∗. Moreover, exact data are used
for the reconstruction (i.e., δ = 0).

Thus, the inverse problem reduces to a shape identification problem for the absorption coefficient.
Notice that, for each initial guess c0 in Figure 1 (b), a corresponding number of steps is plotted. It
stands for the number of iterations needed to compute an approximation of c∗ (starting from the
corresponding c0) with a precision of 10−2 in the L2-norm.

4Four distinct L2-functions are used as Dirichlet boundary condition, in order to compute the corresponding
Neumann data for the DtN operator. Each of these functions is supported at one of the four sides of ∂Ω.
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This experiment allow us to determine the computational effort necessary for the reconstruction
of c∗ w.r.t. distinct choices of c0. The identification problem for the absorption coefficient
is known to be mildly ill-posed [13, 20]. This fact is in agreement with the values plotted
in Figure 1 (b), in the sense that the number of iterations necessary to achieve a good quality
reconstruction do not strongly oscillate with the initial guess.

We conduct yet another experiment for identifying only the absorption coefficient. This time, we
assume the exact solution of problem (1)-(2) to be given by the coefficient pair (a∗, c∗) in Figure 1 (d).
The setup of the inverse problem remains the same (domain, available data, parameter to output
operator, . . . ).
On the first run of the algorithm, see Figure 2 (a)–(c), the diffusion coefficient a∗ is assumed to be
exactly known. The levelset method is able to identify the absorption coefficient (see Figure 2 (a)
for the evolution of the iteration error), and the iteration stagnates after that. The corresponding
iteration errors for the initial guess c0 and for the final iterate c5000 are plotted in pictures (b) and (c)
respectively.
On the second run, see Figure 2 (d)–(f), we use the approximation ā(x) ≡ 1 for diffusion coefficient
a∗ and iterate to recover c∗. The levelset method is still able to identify the absorption coefficient,
however with a poorer accuracy. Once again the iteration stagnates after the numerical convergence
is reached (see Figure 2 (d) for the evolution of the iteration error). The corresponding iteration
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Figure 2: Section 5.1, 2nd example. (a)–(c) Identification of c∗ from exact knowledge of a∗. (a) Evolution
of the iteration error. (b) Difference between the initial guess c0 and c∗. (c) Difference between c2500 and
c∗. (d)–(f) Identification of c∗ from partial knowledge of a∗. (d) Evolution of the iteration error. (e)
Difference between the initial guess c0 and c∗. (f) Difference between c2500 and c∗.
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errors for the initial guess c0 and for the final iterate c2500 are plotted in pictures (e) and (f)
respectively.
Notice that the number of iteration steps needed to recover c∗ (approximately 2000 in both runs)
is much larger than in the previous experiment. This can be explained by the complexity of the
geometry of the support of c∗ in this experiment [15].

5.2 Identification of the diffusion coefficient

In what follows we consider the identification of the diffusion coefficient a, based on either total
or partial knowledge of c. In the first set of experiments, we consider problem (1)-(2) in the unit
square with four sets of DtN experiments, and the same exact solution (a∗, c∗) as in Section 5.1 (see
Figure 1 (a)).

As initial guess for the levelset method we choose distinct piecewise constant functions a0, whose
supports are depicted in Figure 1 (c). Analogous as in Section 5.1, the constant values assumed
by the exact solution a∗ are assumed to be known, as well as the exact absorption coefficient c∗.
Moreover, exact data are used for the reconstruction (i.e., δ = 0).

This time, the inverse problem reduces to a shape identification problem for the diffusion
coefficient. Once again we plot, for each initial guess a0, a corresponding number of steps (see
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Figure 3: Section 5.2, 2nd example. (a)–(c) Identification of a∗ from exact knowledge of c∗. (a) Evolution
of the iteration error. (b) Difference between the initial guess a0 and a∗. (c) Difference between a5000 and
a∗. (d)–(f) Identification of a∗ from partial knowledge of c∗. (d) Evolution of the iteration error. (e)
Difference between the initial guess a0 and a∗. (f) Difference between a5000 and a∗.
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Figure 1 (c)). It stands for the number of iterations needed to compute an approximation of a∗

(starting from the corresponding a0) with a precision of 10−2 in the L2-norm.
This experiment allow us to determine the computational effort necessary for the reconstruction

of a∗ w.r.t. distinct choices of a0. The identification problem for the diffusion coefficient
is known to be exponentially ill-posed [13, 19]. This fact is in agreement with the values
ploted in Figure 1 (c), meanig that the number of iterations necessary to achieve a good quality
reconstruction does strongly oscilate with the initial guess.

We conduct yet another experiment for identifying only the diffusion coefficient. This time, we
assume the exact solution of problem (1)-(2) to be given by the coefficient pair (a∗, c∗) in Figure 1 (d).
The setup of the inverse problem remains the same (domain, available data, parameter to output
operator, . . . ).
On the first run of the algorithm, see Figure 3 (a)–(c), the absorption coefficient c∗ is assumed to
be exactly known. The levelset method is able to identify the diffusion coefficient (see Figure 3 (a)
for the evolution of the iteration error), and the iteration stagnates after that. The corresponding
iteration errors for the initial guess a0 and for the final iterate a5000 are plotted in pictures (b)
and (c) respectively.
On the second run, see Figure 3 (d)–(f), we use the approximation c̄(x) ≡ 1 for the absorption
coefficient c∗ and iterate to recover a∗. The levelset method is no longer able to identify the diffusion
coefficient. The iteration once again stagnates, this time at some configuration close to the initial
guess (see Figure 3 (d) for the evolution of the iteration error). The corresponding iteration errors
for the initial guess a0 and for the final iterate a5000 are plotted in pictures (e) and (f) respectively.

5.3 Identification of both diffusion and absorption coefficients

In this last set of experiments we consider the levelset algorithm for the simultaneous identification
of the coefficient pair (a, c) in (1), (2). Three examples are considered; the corresponding exact
solutions are shown in Figure4. The setup of the inverse problem is the same as in Sections 5.1
and 5.2 (domain, available data, parameter to output operator, . . . ).

(a) (b) (c)

Figure 4: Section 5.3. (a)–(c) Exact solution for the first, second and third examples.
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In the first example, the solution pair (a∗, c∗) is the one shown in Figure 4 (a). In order to devise
an efficient iteration strategy for the simultaneous identification of both coefficients, we must take
some facts into account:
F1) From the 2nd example in Section 5.1, we learn that the levelset method for identifying c∗

performs well, even if a good approximation for a∗ is not known (see Figure 2 (d)–(f)).
F2) On the other hand, from the 2nd example in Section 5.2, we learn that the levelset method for
identifying a∗ performs well if a good approximation for c∗ is available, but may generate a sequence
ak that does not approximate a∗ if ‖ck − c∗‖ is large.
F3) In the first run of the levelset algorithm for simultaneous identification of (a∗, c∗) we updated
both coefficients (ak, ck) in every step, and observed that the iteration error ‖ck−c∗‖ decreases from
the very first iteration. However, the iteration error ‖ak −a∗‖ only starts improving when ‖ck − c∗‖
is sufficiently small.

Thus, in order to save computational effort, we adopted the strategy to ”freeze” the coefficient
ak(x) = a0(x) ≡ 1 during the first iterations, and to iterate only w.r.t to ck. We follow this strategy
until the sequence ck stagnates (this is an indication that the iteration error ‖ck − c∗‖ is small). In
Figure 5 (a) and (e) this stage corresponds to the first k1 = 250 iterative steps (notice that ‖ak−a∗‖
remains constant for k = 0, . . . , k1, while the difference ck1

− c∗ is plotted in (g)).
After this first iteration stage, we freeze ck = ck1

and iterate only w.r.t. ak. This characterizes
the second stage of the method. A natural question at this point would be: Why not to iterate
with respect to both (ak, ck) for k ≥ k1? We tried to proceed this way, but what we observed is
that: as long as ‖ak − a∗‖ does not significantly improve, the iterates ck stagnate with ‖ck − ck1

‖
almost constant.
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Figure 5: Section 5.3, 1st example. (a)–(d) Iterative reconstruction of a∗. (a) Evolution of the iteration
error. (b) Difference a0 − a∗. (c) Difference a750 − a∗. (d) Difference a2500 − a∗. (e)–(h) Iterative
reconstruction of c∗. (e) Evolution of the iteration error. (f) Difference c0 − c∗. (g) Difference c250 − c∗.
(h) Difference c2500 − c∗.
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This second stage of the iteration can be observed in Figure 5 (a) and (e). Notice that ‖ak − a∗‖
decreases significantly, while ‖ck − c∗‖ remains constant for k = k1, . . . , k2 = 750 (the difference
ak2

− a∗ is plotted in (c)).
After the conclusion of the second iteration stage, the pair (ak, ck) is already a good approxima-

tion for (a∗, c∗) (see Figure 5 (c) and (g)). As a matter of fact, this approximation is so good that,
proceeding with the iteration simultaneously w.r.t both (ak, ck), the iteration errors ‖ak − a∗‖ and
‖ck − c∗‖ are monotone decreasing. However, having in mind the convergence of the diffusion coef-
ficient ak to the correct solution a∗ takes more iterations than the absorption coefficient ck, in this
third stage we decided that iteration step consist in one iteration w.r.t. the absorption coefficient
ck and two iterations w.r.t the diffusion coefficient ak. (see Figure 5 (a) and (e) for k ≥ k2).

The introduction of this 3-stage iteration is motivated by the above mentioned facts (F1) –
(F3). The calculation of optimal transition indexes k1, k2 between the three stages is a difficult
task. However, since the degree of ill-posedness of the separate inverse problems for a and c is very
distinct from each other it’s not hard to get approximate values for k1 and k2 that will lead to a
large gain in computational effort by using this 3-stage strategy.

The following second and third examples in this section do belong together. The corresponding
exact solutions are shown in Figure 4 (b) and (c) respectively. Our goal is to investigate how the
distance between the supports of components a∗ and c∗ of the exact solution pair may interfere with
the quality of the reconstruction of each single coefficient. In the second example there is a positive
distance between optimal , while in the third example both supports overlap.

Although the distance between supp(a∗) and supp(c∗) in example 2 is smaller than in example 1
above, the 3-stage iteration behaves similarly in both examples. The 1st-stage is ended after k1 =
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Figure 6: Section 5.3, 2nd example. (a)–(d) Iterative reconstruction of a∗. (a) Evolution of the iteration
error. (b) Difference a0 − a∗. (c) Difference a750 − a∗. (d) Difference a1500 − a∗. (e)–(h) Iterative
reconstruction of c∗. (e) Evolution of the iteration error. (f) Difference c0 − c∗. (g) Difference c250 − c∗.
(h) Difference c1500 − c∗.
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250 iterations, when the residual for the iterates ck stagnate (see Figure 6 (g)). The 2nd-iteration
stage corresponds to k1 ≤ k ≤ k2 = 750; the residual for the iterates ak stagnate after k2 steps (see
Figure 6 (c)). The 3rd-stage of the iteration corresponds to k ≥ k2, where a substantial decrease
in the iteration error ‖ak − a∗‖ can be observed (Figure 6 (a)), while ‖ck − c∗‖ decreases faster and
stagnates after 2000 steps (Figure 6 (e)).

The third and last example reveled itself as the most difficult identification problem among all
three considered in this section. The solution pair (a∗, c∗) is chosen such that the supports of a∗

and c∗ intersect (see Figure 4 (c)). We start the iteration once again keeping ak constant during the
first stage, until the residual stagnates with k = k1 = 250. This part of the method is successful,
since ck1

delivers a good approximation for the solution c∗ (Figure 4 (g)). For k ≥ k1 we start
iterating w.r.t. ak. This is the point where the difficulties arise. No matter how many iterations
we compute w.r.t ak, the approximation does not get better than the one plotted in Figure 4 (c),
which is computed after k2 = 750 steps (when the residual once again stagnates). For k ≥ k2 we
have the configuration (ak, ck) shown in Figure 7 (c) and (g), and iterate further until the residual
once more stagnates. After 1500 steps, no significant improvement can be observed in the iteration
error (see Figure 7 (a) and (e)). The reconstruction of the absorption coefficient is very precise, but
the obtained approximation for the diffusion coefficient is a poor one.

It is worth noticing that the poor reconstruction of a∗ is not due to non-stable behaviour of our
3-stage algorithm. The particular exact solution (a∗, c∗) in this example (with intersecting supports)
leads to a very hard identification problem. As a matter of fact, if we assume c∗ to be known (as in
Section 5.2) and try to identify only a∗ in example 3 (starting from the same initial guess a0), we
experience exactly the same difficulty.

It is worth mentioning that all problems presented in this Section were solved using the standard
levelset method described in Section 3.2, i.e., updating both (ak, ck) in every iterative step (and
neglecting the 3-stage strategy). The final results of these iterations were the same as the ones
presented here. However, the computational effort involved in the computation was by far much
larger.

6 Conclusions

In this paper, we develop a level set regularization approach for simultaneous reconstruction of
the piecewise constant coefficients (a, c) from a finite set of boundary measurements of optical
tomography in the diffusive regime. From the theoretical point of view, we prove that the forward
map F is continuous in the L1-topology. Hence, follows the standard argumentation in previous
papers of the authors (see [8]) we get that the proposed level set strategy is a regularization method.
The main result behind the continuity of F is the generalization of Meyers Theorem for our case.
On the other hand, given the acknowledgment acquired assuming that one of the two parameters
is known, we propose a split strategy (that consist in frizzing a = a0 and first iterate w.r.t. c until
the iteration stagnate; then keep c = ck and start to iterate the level set approach w.r.t. a) for
the simultaneous identification. Such strategy produces convergent results when a∗ and c∗ have no
crossing sections. This strategy also reduces significatively the numerical computation effort.

The situation of non-convergence of the level set algorithm, i.e, when the solution (a∗, c∗)) have a
crossing section (as in Subsection 5.3) is not a easy problem as was already reported in [27, 21, 3]. We
conjecture that the level set algorithm will perform well if enough data (Newmann-Dirichlet pairs)
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are available (remember that we shall have a uniqueness of identification under our assumptions
[18]). However, we did not carefully explore this situation numerically. Since the numerical situation
with many measurements is numerically demanding, a strategy like the one proposed in [23] become
more appropriated. We let this problem for future and careful investigation.
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7 Appendix

The main propose of this appendix is to show that under mild assumptions on the boundary
(Neumann) data g, the solution u of (1), (2) belongs to W 1,p(Ω), for some p > 2 (therefore better
than the standard regularity u ∈ H1(Ω)).

7.1 On the regularity of the solution of elliptic problems

As far as we know, this type of regularity, namely u ∈ W 1,p(Ω), goes back to pionering the work
of Meyers [22], for elliptic BVPs with Dirichlet boundary conditions. Later on, Gallouet and
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Figure 7: Section 5.3, 3rd example. (a)–(d) Iterative reconstruction of a∗. (b) Difference a0 − a∗. (c)
Difference a750−a∗. (d) Difference a1500−a∗. (e)–(h) Iterative reconstruction of c∗. (f) Difference c0−c∗.
(g) Difference c250 − c∗. (h) Difference c1500 − c∗.
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Monier [16] generalized Meyers’ result to Neumann BVPs was presented. However, for the best of
the authors acknowledgment there is no proves of such a result for the the solution u of (1)–(2).

In what follows, we show that: a) Meyers’ theorem can be generalized for the problem Dirichlet (34)–
(35); b) Gallouet and Monier’s result can be generalized for the Neumann problem (34)–(35). The
latter result in presented in Theorem 1, the proof follows the same outline of [16, Theorem 2].

We start by considering the (elliptic) boundary value problem (BVP):

−∇ · (A(x)∇u) = f in Ω (31)

u = 0 on Γ , (32)

where Ω ⊂ RN is a bounded connected open set with boundary Γ Lipschitz, and the diffusion matrix
A(x) ∈ L∞(Ω)N×N satisfies the following conditions for some α, β > 0:

A(x)ξ · ξ ≥ α|ξ|2 (a.e.) ∀x ∈ Ω ∀ξ ∈ R
N , ‖A‖∞ ≤ β. (33)

The following theorem is due to Meyers [22].

Theorem 6. (Meyers) Let Ω ⊂ RN be a bounded connected open set of class C2 and let α, β > 0.
Then, there exists a real number p0 > 2 (depending on Ω, α and β) such that the following condition
hold for every p ∈ [2, p0):

If A(x) satisfies (33) and f ∈ W−1,p(Ω), then the unique solution u of (31)– (32) belongs to
W 1,p

0 (Ω). Moreover, there exists a constant C(p) > 0 such that

‖u‖W 1,p
0

≤ C(p)‖f‖W−1,p.

Our goal now is to generalize Theorem 6 to the followsing class of BVPs:

−∇ · (A(x)∇u) + c(x)u = f in Ω (34)

u = 0 on Γ , (35)

where Ω ⊂ RN satisfies the same assumptions of Theorem 6, N ∈ {2, 3, 4}, the diffusion matrix
A(x) satisfies (33) (for some α, β > 0) and c(x) is real-valued measurable function satisfying the
following condition:

0 < c ≤ c(x) ≤ c a.e. ∀x ∈ Ω, (36)

for some 0 < c ≤ c.

Proposition 7. Let Ω ⊂ RN be a bounded connected open set of class C2, where N ∈ {2, 3, 4}. Let
also α, β > 0 and 0 < c ≤ c. Then, there exists a real number p0 > 2 (depending only on Ω, α and
β) such that the following condition hold for every p ∈ (2, p0):

If A(x) and c(x) satisfy (33) and (36), respectively, and f ∈ W−1,p(Ω), then the unique solution
u of (34)– (35) belongs to W 1,p

0 (Ω).

Proof. Let p0 > 2 be the real number given by Theorem 6 (which depends only on Ω, α and β).
Take p ∈ (2, p0), let q := p/(p− 1) be its conjugate and assume that f ∈W−1,p(Ω) = W 1,q

0 (Ω)′, and
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that A(x) and c(x) satisfy (33) and (36), respectively. We know, in this case, from the Lax-Milgram
Theorem, that the unique solution u ∈ H1(Ω) of (34)–(35) satisfies

∫

Ω

A(x)∇u∇ϕdx+

∫

Ω

c(x)uϕdx = 〈f, ϕ〉H−1×H1
0

∀ϕ ∈ H1
0(Ω). (37)

Define f̃ : W 1,q
0 (Ω) → R by

〈f̃ , ϕ〉 := 〈f, ϕ〉H−1×H1
0
−

∫

Ω

c(x)uϕdx ∀ϕ ∈W 1,q
0 (Ω). (38)

Since f ∈ W−1,p(Ω), it follows that 〈f, ϕ〉H−1×H1
0

is well-defined for every ϕ ∈ W 1,q
0 (Ω). In what

follows, we shall prove that the map h : ϕ 7→
∫

Ω
c(x)uϕdx is also well-defined for every ϕ ∈W 1,q

0 (Ω)
and belongs to W−1,p(Ω). To this end, consider first the case N = 2. In this case, since q < 2,
we have the continuous embedding [4, Corollary 9.14] W 1,q

0 (Ω) →֒ W 1,q(Ω) →֒ Lq∗(Ω), where q∗ =
2q/(2 − q) > 2. Letting s := q∗/(q∗ − 1) be the conjugate of q∗ we have s < 2 (because q∗ > 2)
and, as a consequence, the continuous embedding [4] H1

0(Ω) →֒ L2(Ω) →֒ Ls(Ω). Using the latter
inclusions, the fact that u ∈ H1

0 (Ω), condition (36) and the Holder inequality, we obtain (for all
ϕ ∈W 1,q

0 (Ω)):

|〈h, ϕ〉| =

∣

∣

∣

∣

∫

Ω

c(x)uϕdx

∣

∣

∣

∣

≤ c‖u‖Ls‖ϕ‖Lq∗

≤ c‖u‖Ls‖ϕ‖W 1,q
0

, (39)

which proves that h ∈W−1,p(Ω). Consider now the caseN ∈ {3, 4} and let q∗ := qN/(N−q) > 1 and
(as before) s := q∗/(q∗ − 1) its conjugate. In this case, we have also the continuous embeddings [4,
Corollary 9.14] W 1,q

0 (Ω) →֒ W 1,q(Ω) →֒ Lq∗(Ω) and, since 1 ≤ s ≤ 2∗ := 2N/(N − 2), H1
0 (Ω) →֒

H1(Ω) →֒ Ls(Ω). Using the same reasoning as in the case N = 2 we find that (39) also holds when
N ∈ {3, 4}, which in turn proves that f̃ is well-defined and belongs to W−1,p(Ω). Using the latter
fact, conditions (37) and (38) and the definition of h we obtain that u satisfy

∫

Ω

A(x)∇u∇ϕdx = 〈f̃ , ϕ〉H−1×H1
0

∀ϕ ∈ H1
0 (Ω), (40)

where f̃ = f − h ∈ W−1,p, i.e., u is a solution of (31)–(32) with f = f̃ given by (38). The result
now follows as a direc application of Theorem 6 to A(x) and f̃ .

We note that, unlike Theorem 6, in Proposition 7 we have 2 ≤ N ≤ 4 and p > 2. Moreover, the
scalar p0 > 2 depends only on Ω, α and β and no longer depends on c and c.

Consider now the BVP (1)-(2), where Ω ⊂ RN satisfies the same assumption as in (31)–(32),
N ∈ {2, 3, 4}, and the diffusion and absorption coefficients (a(x), c(x)) ∈ D(F ). Then, we are ready
to present a proof for Theorem 1.

Proof of Theorem 1 The proof presented here follows the same outline of [16, Theorem 2]. We
will skip some details of the proof that are analogues to the ones presented in the latter reference,
whenever we fell that clarity is not sacrificed. It follows from [16, Proposition 1] that there exits a
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family {Ui}k
i=0 of open sets in RN satisfying U0 ⊂ Ω, Ω ⊂

⋃k
i=0 Ui, and a family of homeomorphisms

Ji : Ui → B sucht that (for all i = 1, · · · , k) Ji and Hi := J−1
i are Lipscthitz continuous and

Ji(Ω ∩ Ui) = B+ and Ji(Γ ∩ Ui) = BN−1, where B := {x ∈ R
N | |x| < 1}, B+ := B ∩ {(x′, xN) | x′ ∈

RN−1, xN > 0} and BN−1 := B ∩ {(x′, 0) | x′ ∈ RN−1}.
For 2 < p < 2∗ := 2N/(N − 2), q := p/(p − 1) and g ∈ W 1−(1/q),q(Γ)′, let u := u(a, c) be the

(weak) solution of (1)–(2), for some pair (a, c) ∈ D(F ). We know that u satisfies (6) (The existence
of such u is given by the Lax-Milgram theorem and the definition of D(F )).
Step 1: Localization. Let {θi}k

i=1 be a partition of unity associated to the family of open sets
{Ui}k

i=1. For each i ∈ {1, · · · , k}, define
ui = θiu.

Since u satisfies (6), it follows that ui satisfies (for all i = 0, · · · , k)
∫

Ω

a(x)∇ui∇ϕdx+

∫

Ω

c(x)uiϕdx =

∫

Ω

a(x)∇θi[u∇ϕ−∇uϕ]dx+

∫

Γ

(θiϕ)gdσ ∀ϕ ∈ H1(Ω).

(41)

For ϕ ∈ H1(Ω) and i ∈ {0, · · · , k}, consider a function γ ∈ C∞(RN) such that supp(θi) ⊂ supp(γ) ⊂
Ui and γ(x) = 1 for all x ∈ supp(θi). Direct calculations yields

∫

Ω

a(x)∇ui∇(γϕ)dx+

∫

Ω

c(x)uiγϕdx =

∫

Ω∩supp(θi)

a(x)∇ui∇ϕdx+

∫

Ω∩supp(θi)

c(x)uiϕdx

=

∫

Ω∩Ui

a(x)∇ui∇ϕdx+

∫

Ω∩Ui

c(x)uiϕdx.

Combining the latter identity with (41) for γϕ in the place of ϕ, we obtain the following identity
for all i = 0, · · · , k and ϕ ∈ H1(Ω ∩ Ui),

∫

Ω∩Ui

a(x)∇ui∇ϕdx+

∫

Ω∩Ui

c(x)uiϕdx =

∫

Ω

a(x)∇θi[u∇(γϕ) − (γϕ)∇u]dx+

∫

Γ

(θiγϕ)gdσ

:= 〈fi, ϕ〉H1(Ω∩Ui)′×H1(Ω∩Ui), (42)

where γϕ is extended by zero on Ω. Since p < 2∗, it follows from the Sobolev embedding theorem
that fi ∈W 1,q(Ω ∩ Ui)

′ for all i = 0, · · · , k.
Step 2: Interior estimates. Let BR be a open ball with radius R > 0 such that U0 ⊂ BR.
Extending u0 by zero outside U0 and noting that f0 ∈ W−1,p(BR), we conclude from (42) that
u0 ∈ H1

0 (BR) satisfies the following condition:
∫

BR

a(x)∇u0∇ϕdx+

∫

BR

c(x)u0ϕdx = 〈f0, ϕ〉H1(BR)′×H1(BR) ∀ϕ ∈ H1
0 (BR) (43)

u0 = 0, on ∂BR. (44)

Thus, using Proposition 7 for Ω = BR, α = a, β = a, A = a and f = f0 we conclude that there
exists p0 > 2 such that u0 ∈W−1,p(BR) whenever p ∈ (2, p0) (we can assume that p0 < 2∗).
Step 3: Estimates near the boundary. Fix i ∈ {0, · · · , k}, define v = ui and denote f = fi,
U = Ui, J = Ji, etc. In this case, (42) becomes

∫

Ω∩U

a(x)∇v∇ϕdx+

∫

Ω∩U

c(x)vϕdx = 〈f, ϕ〉H1(Ω∩U)′×H1(Ω∩U) ∀ϕ ∈ H1(Ω ∩ U). (45)
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Defining w = v ◦H , y = Jx (for all x ∈ Ω ∩ U) we have v = w ◦ J and x = Hy (for all y ∈ B+).
For ψ ∈ H1(B+) define also ϕ = ψ ◦ J . Direct calculations yields the following identities, for all
∀x ∈ Ω ∩ U :

(a) ∇v(x) = ∇J(x)T∇w(Jx);

(b) ∇ϕ(x) = ∇J(x)T∇ψ(Jx);

(c) a(x)∇v(x)∇ϕ(x) = ∇J(x)a(x)∇J(x)T∇w(Jx) · ∇ψ(Jx).

Using (a), (b), (c) and the formulae of change of variables, we find
∫

Ω∩U

a(x)∇v(x) · ∇ϕ(x)dx =

∫

B+

Λ(y)∇w(y) · ∇ψ(y)dy, (46)

and
∫

Ω∩U

c(x)v(x)ϕ(x)dx =

∫

B+

C(y)w(y)ψ(y)dy, (47)

where

Λ(y) := a(Hy)|det∇H(y)|∇J(Hy)∇J(Hy)T , C(y) := c(Hy)|det∇H(y)| ∀y ∈ B+. (48)

Since H = J−1 is Lipschitz continuous, it follows that ∇H(y) (which is defined almost everywhere)
and det∇H(y) are uniformly bounded. Therefore, using (??), we conclude that there exist α′, β ′ > 0
and 0 < C ≤ C such that

Λ(y)ξ · ξ ≥ α′|ξ|2
(

∀ a.e. y ∈ B+, ∀ξ ∈ R
N

)

, ‖Λ‖
∞

≤ β ′, 0 < C ≤ C(y) ≤ C ∀ a.e. y ∈ B+.
(49)

Now, let us look at the right hand side of (45). Since f ∈ W 1,q(Ω ∩ U)′, it follows from the Riez
Representation Theorem that there exist f̃ ∈ Lp(Ω ∩ U) and F ∈ Lp(Ω ∩ U)N such that

〈f, φ〉W 1,q(Ω∩U)′×W 1,q(Ω∩U) =

∫

Ω∩U

f̃φdx+

∫

Ω∩U

F (x) · ∇φ(x)dx ∀φ ∈W 1,q(Ω ∩ U). (50)

Using the latter identity, (b) and the formulae of change of variables, we obtain for ψ ∈ H1(B+)
(recall that ϕ = ψ ◦ J):

〈f, ϕ〉W 1,q(Ω∩U)′×W 1,q(Ω∩U) =

∫

B+

f̃(Hy)|det∇H(y)|ψ(y)dy+

∫

B+

|det∇H(y)|∇J(Hy)F (Hy) · ∇ψ(y)dy

=: 〈h, ψ〉H1(B+)′×H1(B+), (51)

where h ∈W 1,q(B+)′. It follows from (45)–(47) and the latter idendity that w satisfies the following
conditions:

w ∈ H1(B+),
∫

B+

Λ(y)∇w(y) · ∇ψ(y)dy +

∫

B+

C(y)w(y)ψ(y)dy = 〈h, ψ〉H1(B+)′×H1(B+) ∀ψ ∈ H1(B+). (52)
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Step 3a: Extention of w(y) and h. The funcion w(y) and the functional h are extended by
reflection. Let w∗ ∈ H1

0 (B) and h∗ ∈ W−1,p(B) be defined, respectively, by

w∗(x′, xN ) =

{

w(x′, xN ), if xN ≥ 0

w(x′,−xN ), if xN < 0,
(53)

and

〈h∗, φ〉W 1,q(B)′×W 1,q(B) = 〈h, φ〉W 1,q(B+)′×W 1,q(B+) + 〈h, φ(x′,−xN )〉W 1,q(B+)′×W 1,q(B+) ∀φ ∈W 1,q(B).
(54)

Step 3b: Extension of Λ(y) and C(y). Denote Λ(y) = (αi,j(y)) for y ∈ B+, where Λ(y) is
defined in (48), and define Λ∗(x) = (α∗

i,j(x)) (for x = (x′, xN ) ∈ B) as follows:

α∗
i,j(x) =



















αi,j(x) if xN ≥ 0,

αi,j(x
′,−xN ) if i, j < N − 1 and xN < 0,

−αi,j(x
′,−xN) if i = N or j = N but (i, j) 6= (N,N), and xN < 0,

αN,N(x′,−xN ) if i = j = N and xN < 0.

(55)

Using the above definition of Λ∗(y) and (53) we have that

∫

B−

Λ∗(x)∇w∗(x) · ∇φ(x)dx =

∫

B+

Λ(y)∇w(y) · ∇φ(y′,−yN)dy ∀φ ∈ H1(B), (56)

where B− := {x = (x′, xN ) ∈ B | xN ≤ 0}.
Analogously to w(y), the coeffient C(y) is also extended to B by reflection. Define for all

x = (x′, xN ) ∈ B:

C∗(x) =

{

C(x) if xN ≥ 0,

C(x′,−xN ) if xN < 0.
(57)

It follows from (48), (49) and from the definitions of Λ∗(x) and C∗(x) that there exist α∗, β∗ > 0
and 0 < C∗ ≤ C∗ such that

Λ∗(x)ξ · ξ ≥ α∗|ξ|2
(

∀ a.e. x ∈ B, ∀ξ ∈ R
N

)

, ‖Λ∗‖
∞

≤ β∗, 0 < C∗ ≤ C(x) ≤ C∗ ∀ a.e. x ∈ B.
(58)

Step 4: Conclusion. Using the latter facts in Step 3, one can show that

∫

B−

C∗(x)w∗(x)φ(x)dx =

∫

B−

C(x′,−xN )w(x′,−xN )φ(x′, xN )dx

=

∫

B+

C(y)w(y)φ(y′,−yN)dy ∀φ ∈ H1(B). (59)
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From (53)–(59), we find

∫

B

Λ∗(x)∇w∗(x)∇φ(x)dx+

∫

B

C∗(x)w∗(x)φ(x)dx =

∫

B+

Λ(y)∇w(y)[∇φ(y) + ∇φ(y′,−yN)]dy

+

∫

B+

C(y)[φ(y) + φ(y′,−yN)]dy

= 〈h, φ(y) + φ(y′,−yN)〉H1(B+)′×H1(B+)

= 〈h∗, φ〉H1(B)′×H1(B) ∀φ ∈ H1
0 (B).

The latter identity proves that w∗ ∈ H1
0 (B) is the (unique) solution of the problem

−∇ · (Λ∗(x)∇w∗) + C∗(x)w∗ = h∗ in B (60)

w∗ = 0 on ∂B. (61)

Let 2 < pi < 2∗ (recall that i ∈ {0, 1, · · · , k} is fixed in Step 3) be given by Proposition 7 (for
Ω = B, α = α∗ and β = β∗). Assuming that p ∈ (2, pi) and using the latter theorem with A = Λ∗,
c = C∗ and f = h∗, we conclude that w∗ belongs to W 1,p

0 (B). Using a restriction argument we
conclude that v = ui ∈W 1,p

0 (Ω) for all i ∈ {0, · · · , k} and 2 < p < pM := mini=0,··· ,k pi. The desired

regularity result for u follows from the latter inclusion and from the fact that u =
∑k

i=0 ui.
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