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Abstract

Several classes of inverse reconstruction problems are written in the form of over-
determined boundary value problems. The general idea consists in rewriting them
as an optimization problem. Therefore, a cost functional measuring the misfit be-
tween observed and predicted data is minimized with respect to a set of admissible
solutions, leading to a non-iterative second order reconstruction algorithm. As a
result, the reconstruction process becomes very robust with respect to noisy data and
independent of any initial guess. In particular, we are interested in the spatial recon-
struction and characterization of (micro-) seismic events via joint source location
and moment tensor inversion from pointwise boundary measurements.

Keywords: Topological derivative method, non-iterative reconstruction method, full-waveform
inversion, seismic moment tensor, multiple micro-seismic events.

1 Introduction

The topological derivative has been specifically conceived to provide a precise informa-
tion on the sensitivity of a given shape functional with respect to topological domain per-
turbations. It appears in the first term of the asymptotic expansion of the shape functional
with respect to a small parameter measuring the size of the perturbation under considera-
tion, typically a hole, an inclusion, a source-term, or a crack. See, for instance, the books
by Novotny and Sokotowski [2013, 2020].

The origin of the topological derivative method in optimal design can be dated to the
work by Schumacher [1995] on the optimal location of holes within elastic structures. It
is nevertheless worth mentioning prior related mathematical developments on the asymp-
totic behaviour of solutions to singularly perturbed boundary value problems and on the
notions of polarization and capacity matrices. These objects are essential ingredients in
the formulation of topological derivatives. The first mathematical justifications for topo-
logical derivatives in the framework of partial differential equations are due Sokotowski
and Zochowski [1999] and Garreau et al. [2001], in the context of the Poisson equation
and the Navier system for Neumann and Dirichlet holes.

In the last decade, the topological sensitivity analysis has become a rich and fasci-
nating research field that combines the modern theory of calculus of variations, partial
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differential equations, differential geometry, numerical analysis, physics, engineering and
computational mechanics. The field grew up rapidly to develop many extensions and ad-
dress a variety of physical and industrial problems. The topological derivative method
has applications in shape and topology optimization [Novotny et al., 2007, Amstutz and
Novotny, 2010], inverse problems [Canelas et al., 2015, Ferreira and Novotny, 2017], im-
age processing [Auroux et al., 2007, Amstutz et al., 2014], multi-scale material design
[Amstutz et al., 2010, Giusti et al., 2010] and mechanical modelling, including damage
[Allaire et al., 2011] and fracture [Xavier et al., 2017] evolution phenomena. See, for
instance, the book by Novotny et al. [2019a] and the special issue on the topological
derivative method and its applications in computational engineering recently published
in the Engineering Computations Journal [Novotny et al., 2022], covering various topics
ranging from new theoretical developments [Amstutz, 2022, Baumann and Sturm, 2022,
Delfour, 2022] to applications in structural and fluid dynamics topology optimization
[Kliewe et al., 2022, Romero, 2022, Santos and Lopes, 2022], geometrical inverse prob-
lems [Bonnet, 2022, Canelas and Roche, 2022, Fernandez and Prakash, 2022, Louér and
Rapun, 2022a,b] synthesis and optimal design of metamaterials [Ferrer and Giusti, 2022,
Yera et al., 2022], fracture mechanics modelling [Xavier and Van Goethem, 2022], up to
industrial applications [Rakotondrainibe et al., 2022] and experimental validation of the
topological derivative method [Barros et al., 2022].

In this chapter, we are interested in the spatial reconstruction and characterization
of (micro-) seismic events via joint source location and moment tensor inversion from
pointwise boundary measurements. Seismic and micro-seismic source characterization is
a keen area of research in geophysics, engineering, hydrocarbon production, and ma-
terials science due to its central role in the understanding of earthquake and faulting
processes [Shearer, 2009]; monitoring of mines, highway bridges, and offshore plat-
forms [Koerner et al., 1981]; tracking the progress of hydraulic fracturing [Baig and Ur-
bancic, 2010], and investigating the failure of brittle materials [Grosse and Ohtsu, 2008].
Generally speaking any (micro-) seismic source, interpreted as a sudden material failure,
can be characterized by its spatial support, temporal variation, and the underpinning fail-
ure mechanism. In situations when the extent of a material failure is small relative to the
remaining length scales in the problem (e.g. seismic wavelengths and source-receiver dis-
tances), the seismic source can be interpreted as a point source [Scruby et al., 1985, Jost
and Herrmann, 1989]; a hypothesis that is implicitly assumed hereon. In this setting, the
accepted continuum mechanics description of a seismic source is given by a linear com-
bination of force dipoles [Aki and Richards, 2009] whose weights are specified in terms
of the so-called seismic moment tensor [Gilbert, 1973]; a second-order tensorial quantity
whose accurate reconstruction from remote wavefield measurements is the key point of
seismic source characterization.

In contrast to the classical approaches to moment tensor inversion in laboratory [Scruby
et al., 1985] and geophysical [Jost and Herrmann, 1989] environments that rely on prior
knowledge of the source location and possibly other simplifying assumptions (e.g. far
field hypothesis), recent attempts at seismic source characterization are increasingly based
on the full waveform analysis of multi-axial seismic observations [Cesca and Dahm,
2008]. In general, the latter can be pursued either via time- or frequency-domain ap-
proaches. As an example of the former class of inverse solutions, the paper by Song and
Toksoz [2011] deploys grid search for the source location — aiming to minimize the misfit
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between the observed and synthetic waveforms, followed by a least-squares solution for
the moment tensor that relies on an a priori premise of the source time function. In the
paper by Sjogreen and Petersson [2014], on the other hand, the investigators pursue simul-
taneous inversion for the source location, moment tensor, and two-parameter source time
function via nonlinear minimization of the germane waveform misfit, aided by adjoint-
field sensitivity estimates. In recent years, studies by Bazargani and Snieder [2015] and
Kawakatsu and Montagner [2008] have demonstrated the utility of time reversal methods
as a viable (time- or frequency-domain) alternative for exposing the seismic source loca-
tion. With the latter information at hand, a full-waveform reconstruction of the moment
tensor, including the underpinning source time function, can be conveniently pursued in
the frequency domain [Cesca and Dahm, 2008] by solving the underpinning linear system
of equations.

A common thread to the above and related inverse source analyses entails (i) the fun-
damental premise of a synchronous seismic source, where all components of its moment
tensor share the same time dependence (given by the source time function); and (ii) the
assumption of a single seismic (point) source, precluding the possibility that two events
— originating from distinct locations — may overlap in time. To provide an alternative to
the foregoing analyses that is free of such impediments, this work deals with spatial re-
construction and characterization of micro-seismic events in the frequency domain from
pointwise wavefield measurements, where the associated moment tensors are fully recon-
structed. Since the inverse problem at hand is (as expected) ill-posed, the idea is to rewrite
it as an optimization problem in which a functional measuring the misfit between synthetic
and observed waveforms is minimized with respect to a set of admissible point sources
representing the hidden faults. The necessary optimality conditions are derived in the
spirit of the topological derivative method as proposed by Novotny et al. [2019b] which,
in this context, consists in exposing the perturbation of the functional as a quadratic func-
tion of the germane moment tensor components. Then, the resulting expansion is trivially
minimized with respect to the sought source parameters, leading to a non-iterative re-
construction algorithm that is initial guess-free and robust with respect to perturbations
of sensory data. We test the proposed technique via numerical experiments designed to
examine its performance under a variety of source, sensing, and uncertainty scenarios.

The chapter is organized as follows. The germane (frequency-domain) forward prob-
lem and affiliated inverse problem, targeting the locations and moment-tensor “strengths”
of micro-seismic events from the observed acoustic emission data, are described in Sec-
tion 2. In Section 2.1 the germane cost functional, measuring the misfit between the
synthetic and sensory data, is expanded with respect to the set of admissible source densi-
ties. The resulting expansion is used to devise a novel reconstruction algorithm presented
in Section 2.2. A set of numerical experiments examining the effectiveness of the pro-
posed reconstruction algorithm is provided in Section 3. Finally, the chapter ends with
some concluding remarks presented in Section 4.

2 Full-Waveform Inversion of Seismic Moment Tensors

Following the original ideas presented in the paper by Amad et al. [2020], let us consider
an open and bounded domain {2 C IR? representing an elastic body. Its boundary is
denoted as 0f, such that 'y C 9Q and I'p, = 90\ Ty denote respectively the parts of OS2
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subjected to homogeneous Neumann and Dirichlet boundary conditions. In this setting,
we are interested in the inverse source problem of reconstructing the source density f*
such that

—divo(u) — pw?u = f* in Q,
u = u* on I',, CIy,
u = 0 on I'p, M
oluyn = 0 on Dy,

where u : 0 — R? is the elastodynamic displacement field; w denotes the frequency
of wave motion; p is the density; n is the unit outward normal on 0€2; I',, C 'y is
the measurement surface; and u* are the acoustic emission data from which we aim to
resolve f*. See Fig. 1. In addition, o(u) = C(Vu)® is the Cauchy stress tensor, with C
the elasticity tensor and (-)*® the symmetric part of a second order tensor (). Without loss
of generality, we assume the elastic body §2 to be homogeneous and isotropic, in which
case the elasticity tensor reads

C=2ul+AI®]), )

where A\ and p are the Lamé moduli, and I and I are the fourth and second order identity
tensors, respectively. The source density f* € Cj5(£2) to be reconstructed is given by a
superposition of a finite number of dipoles, where

@GD:{fﬂ%ﬁRﬂf@Qz}jMﬁ%&m—@&. 3)

Here, §(-) is the two-dimensional Dirac delta function; /N denotes the number of point
sources located at z; € Q (i = 1,2,..., N), and M; € R? x R? is a symmetric seismic
moment tensor characterizing the i-th point source. For completeness, we recall from the
continuum mechanics definition [Aki and Richards, 2009] that a generic seismic moment
tensor is represented as

M = aC([u] ©n), )

where a is the area of a newly created micro-fracture (giving rise to the acoustic emission)
whose unit normal is denoted by 7, and [[u] is the average displacement jump across the
micro-fracture. Finally, v © v denotes the symmetric tensor product between the vectors
wand v, namely u®v = %(u ®v+v®u). On the basis of (3), we write the sought source
density satisfying (1) as

N*

fra) =Y MVud(x - 17). (5)
=1

Now, let us rewrite the inverse problem (1) as an optimization problem. The associated
functional to be minimized in Cs(€2) is given by
1

)= [ | ©

where u : 0 — RR? solves the boundary value problem

—divo(u) — pw?u = f in Q,
u = 0 on Ip, (7
oluyn = 0 on Iy,
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I'n
I'p

Figure 1: Problem setting.

for a trial source term f € Cs(£2). In this setting, the relevant optimization problem can
be stated as

Minimize J (u), subject to (7). (8)
feCs(Q)

2.1 Sensitivity Analysis

The next step is to minimize the misfit functional (6) with respect to the set of admissible
solutions (3). In order to evaluate the germane sensitivities of this functional, the idea is
to perturb the trial source term f € C5(€2) in (7) by a fixed number N of point sources
with arbitrary locations x; and generic moment tensors M; as

N
fs(w) = flo)+ ) MV, 0(x — ), )
=1

where M; € R? x R? are symmetric. On the basis of (7) and (9), we can introduce the
forward solution us : 2 — R? as that solving

—divo(us) — pw?us = f5; in Q,
us = 0 on I'p, (10)
olus)n = 0 on Ty,

which gives rise to the perturbed cost functional

1 *
) =5 [ lhus =l ()
T
Assuming a sufficient number of micro-seismic source locations x; ( = 1,2,..., N),

we are interested in obtaining the variation of (6) with respect to the components of the
moment tensor M; at each location. To facilitate the analysis, one may decompose M;
into its Cartesian components using Einstein summation notation over repeated indexes
k,l = 1,2, namely

M; = MM (e, ® ¢), (12)

where ¢, and ¢; are the unit vectors of the reference Cartesian frame, and MZ-’“Z are the
components of M;. With such definitions, the solution of (10) can be conveniently de-
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composed as
N
v)+ Y MIpH (x), (13)

where pf! : 2 — R? solve the canonical boundary value problems of the form

—divo (pf') — pw?pf' = (ex ®e)Vyd(z—z;) in Q
pito= 0 on I'p, (14)
olpfn = 0 on [y,

for k,l = 1,2. Here it is useful to note that, thanks to ansatz (13), canonical problems
(14) are independent of the components M of the moment tensor M; in (12). Now we
have all elements needed to evaluate the variation of functional (6) with respect to Mfl.
Specifically, on substituting (13) in (11), we obtain

N
1
J (uz) —J(u)—kZMi’d/ pH )+ QZZM“MW‘/ P (15)
=1 i=1 j=1

assuming implicit summation over repeated indexes k,[,m,n =1, 2.
For a systematic treatment of (15), we next introduce the vector of trial source loca-

tions
¢ = (21,79,...,25) € RPN (16)

and the affiliated strength vectors
= (05170427"'7041\/)—r €R3N7 (17)
collecting the respective components of M;, where
o = (MM, M2 M2 = M T
With such definitions, the residual in (15) can be rewritten more compactly as

U(a) = J(us) — J(u) (18)
= h~oz—|—%[—[a-a. (19)

Here, vector h € R3N and matrix H € R3* x R3" are respectively defined as

hl Hll H12 HlN
h Hy Hy ... H

he=| 2|, ad H=| "® TF® 2 (20)
hN HNl HN2 HNN

whose entries are given by

! HIY HZ . H
h,’ = h? s and Hij = HZQJl Hz2]2 H23 s (21)
h3 Y HR P
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;) ;:/ pitpt, HY ::/1“ PP, HY ;:/ pit - () + 03,

21 . 22 11 22 22 922 23 . 22 12 21
Hij ':/ P Py Hz'j ‘:/ pb; -Pjs Hij ':/ i ’(pj + pj )7

2.2 Reconstruction Algorithm

For each fixed pair (NN, ), we seek « that minimizes ¥ according to (19). Since V¥ repre-
sents a quadratic form with respect to «, sufficient optimality condition

(D, ¥(a),60) =0, Vdae€R¥, (22)

lead to the linear system
Hoa = —h. (23)

In this setting, the solution « of (23) is implicitly a function of the vector (16) of source
locations &, namely o = a(§). On substituting (23) into (19), the optimal vector of source
locations £* can be trivially obtained via combinatorial search over a prescribed grid, X,
of M > N trial source locations geared toward solving the minimization problem

¢ = argmin { W(a(6)) = 3h-a(o)}. 24)

£CX

On resolving £*, the components of N reconstructed moment tensors M are then given
by the optimal strength vector o* = a(&*). The associated optimal value of the objective
function is denoted as ¥* := W(a*). We remark that when the true number of micro-
seismic sources, /N*, is less than /N, numerical simulations show that a number N — N*
of components ¢, in the solution set o*, take near-trivial values.

To complete the analysis, we next introduce a second-order optimization algorithm
that synthesizes the process of obtaining £* and a* from the computational point of view.
The input of the algorithm is listed below:

e Upper bound N on the number of (micro-seismic) point sources.
e Grid X of M > N trial source locations.

e Canonical solutions p¥! for each grid point z; € X.
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Algorithm 1: Micro-seismic source reconstruction
input : N, X, p¥' Vz; € X
1 Initialization: £* < 0; o* +— 0; U* < o0; M « card(X)
2 fori; < 1to M do

3 for io < i; +1to M do

4 foripy < iny_1 +1to M do
) Hiiy Heiny - Heiy)

: P A
h(iN) H(iNil) H(iNiz) T H(iNiN)

6 oz<——H_1h;\I/<—%h'oz

7 I(-(il,ig,...,iN); 6(—1_[(1_)

8 if U < U* then

9 | &6 ot U U

10 end if

1 end for

12 end for

13 end for

14 return £*, o*, U*

The algorithm returns the optimal set of source locations £* and respective moment tensor
components given by a*. The above procedure, originally developed in the paper by
Canelas et al. [2014] in the context of inverse potential problems, is shown in Algorithm 1
using pseudo-code format. Therein, IT : {1,2,..., M} — X maps the vector of source
indices Z = (41,12, ...,iy) to the corresponding vector of source locations £ C X. For
further applications of this algorithm, we refer to the paper by Novotny et al. [2019b].

In Algorithm 1, optimal source locations £* are obtained through a combinatorial
search over M trial points sampling the set of admissible locations X. As a result, the
computational complexity C(M, N) of the algorithm can be evaluated by the formula

M M

C(M,N) =~ (N)N3:m .

In Fig. 2, the graphs of N x log,,(C(M, N)) for M = 100 and M = 400 are plotted as
solid and dashed lines, respectively. As can be seen from the display, the computational
cost of the algorithm may become prohibitive for a large N, with N ~ M /2. In the
ensuing numerical examples (Section 3), we set N < M, so that Algorithm 1 runs in a
few seconds for all examples.
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Figure 2: Complexity order of Algorithm 1: N x log,,(C(M, N)) for M = 100 (solid)
and M = 400 (dashed).

3 Numerical Results

Thanks to the fact that the moment tensor M; € R? x R? is symmetric, its eigenvalues
can be conveniently written as

1,2 1 /

in terms of the volumetric tr(A/;) and deviatoric M components of M;, with

MP =M, — %tr(Mi)I. (26)
In the sequel, we denote the affiliated eigenvectors by vil 2,

For the purposes of source inversion, we next consider three types of micro-seismic
events given by the moment tensors M} € R* x R? (i = 1,..., N*) featuring [Aki and
Richards, 2009]: (i) real amplitude 7; € IR, (ii) unit normal to the micro-crack 7; € R?
(when applicable), and (iii) Lamé moduli ;» and A of the background solid. Specifically,
when generating the synthetic data v* according to (1) and (5), we allow for

1. Cavitation:

M =2%(u+ NI = mp® = 23(p + ); 27)

2. Mode I crack:
M7 =5Qu(n @m) + A1) = my = %2+ A), mi =y (28)

3. Mode II crack:
M} =yip(nt @mi+m@nt) = mp® =ty (29)
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(@ ml=m?>0 () m; >m? >0 (¢) mj >0>m?

Figure 3: Representation of the moment tensors in terms of their eigenvalues and
eigenvectors: (a) cavitation, (b) mode I crack, and (c) mode II crack.

For future reference, the moment tensors given by (27)—(29) are depicted graphically in
Fig. 3.

The elastic body 2 used for numerical simulations is taken as an ¢ x ¢ block of rock
with mass density p and Lamé moduli A = p (Poisson’s ratio v = 0.25), fixed at the
bottom corners. The pointwise motion sensors are assumed to be distributed along the
boundary 0f) with various densities and apertures as described in the sequel. The dimen-
sionless frequency of acoustic emission is taken as

wl

Vilp

resulting in the specimen-size-to-shear-wavelength ratio of //\; = 5. With reference
to (4), (9) and (27)—(29), we also introduce the dimensionless coordinates y = ¢ ‘x;
we consider the dimensionless source strength 5 = ¢~3~, and we specify the unit nor-
mal to the micro-crack as n = (cos®,sinf), where @ is the angle measured counter-
clockwise from the horizontal axis. The forward elastodynamic problem is solved via
standard Galerkin finite element method. To handle the germane wave propagation with
sufficient accuracy, domain (2 is first subdivided into a uniform 10 x 10 grid of square
subdomains. Then, each subdomain is discretized via 4" triangular finite elements with
n = 7. Next, the set of admissible source locations X is taken as the union of vertices
of like triangles with n = 1, giving M = 221 in Algorithm 1. Finally, the dipoles are
represented by a Gaussian distribution of the form

W= = 107,

.1 o — ai|?
(5(1' — xl) = ll_r)I(l) 271'52 exXp (_2—52 . (30)
The gradient of (x — x;) with respect to x; can be obtained as follows
V(o — o) = lim = oxp (LTl G1)
20— ) =lim ——exp | ———— |,
! e—0 2met P 2e2

where the parameter ¢ = 1072 x h€ for the numerical purposes, with h¢ used to denote
the size of the finite element.

To illustrate the performance of the inversion algorithm, we adopt the graphical rep-
resentation of moment tensors introduced in Fig. 3, and we denote the true (resp. recon-
structed) sources by thick red (resp. thin blue) arrows. Finally, the pointwise sensors are
represented by black dots.
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3.1 Example 1

In this example, we pursue reconstruction of one, two and three micro-seismic sources
representing: (i) cavitation, (i1) mode I and mode II cracks and (iii) cavitation, mode I
and mode II cracks. More precisely, in Fig. 4 there are: (a) y; = 0.02; (b) 43 = 0.04 and
0, = 20°, 4, = 0.01 and 65 = 15°; and (c) 7; = 0.01, 42 = 0.03 and 6, = 20°, 73 = 0.02
and ;3 = 15°. As sensory data, we consider the biaxial motion measurements captured by
one, two and three pairs of sensors, respectively. As expected, the sources reconstructions
shown in Fig. 4 are nearly exact in all cases.

-+ X % AR

(a) single micro-fault (b) two micro-faults (c) three micro-faults

Figure 4: Reconstruction of one, two and three micro-faults using different configu-
rations of biaxial motion sensors.

At this point, it is worth noting that the reconstruction fails if a smaller-than-featured
number of sensors is deployed in each of the foregoing examples. Qualitatively speaking,
this suggests the use of at least two sensors per (micro-seismic) source. When using S
sensors in a laboratory setting, one should accordingly expect to reliably reconstruct up
to S/2 simultaneous sources. In situations where the reconstruction algorithm consis-
tently exposes more than S/2 contemporaneous events, the above result suggests either
(i) deploying additional motion sensors, or (ii) retaining only the ”strongest” S/2 events,
as quantified e.g. in terms of Frobenius norm of the moment tensors M;, ¢ =1,2,..., N.
For completeness, we note that in conventional acoustic emission (AE) testing [Grosse
and Ohtsu, 2008], micro-seismic events are reconstructed one at a time, which precludes
the existence of contemporaneous sources.

3.2 Example 2

In this second and last example, we examine the robustness of the reconstruction algo-
rithm with respect to random modeling errors. To this end, we assume the true material
parameters to be corrupted with White Gaussian Noise according to

Mr = :U’(]- + T@) ) >\T - )‘<1 + TQO) and Pr = IO(]- + T(p) ) (32)

where ¢ : Q — (0, 1) is a random variable and 7 specifies the amplitude of fluctuations.
The domain €2 is subdivided into 10 x 10 subregions. To have a meaningful representation
of material heterogeneities, each subregion is discretized by 4* triangular elements where
the corrupted material parameters are evaluated according to (32). In this way, the average
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heterogeneity size dj, can be computed as dj, /A, = (5/10)/4% ~ 0.03, i.e. 3% of the shear
wavelength. For consistency, such material distribution is then projected onto a finer
mesh with 47 triangular elements per subregion, leading to a finite element discretization
that is commensurate with those in the former example. As before, the reconstruction
algorithm assumes a homogeneous background model with Lamé parameters A = ; and
mass density p. The perturbation function (1 + 7¢) is plotted in Fig. 5 with 7 = 1. For
completeness of discussion, we next introduce the effective noise level in the data due
to (32) as

o o = urllz2

(33)

|uol| 2

where ug = u, | _, and u, is the acoustic emission field due to exact source distribution (5)
computed assuming (32) for the background solid.

Figure 5: Corrupted background with White Gaussian Noise.

In this scenario, let us reconstruct a single mode II event with 4; = 0.05 and #; = 15°
using the six sensors shown in Fig. 6. We assume that the number of faults is not known,
and we set N = 2 > N* = 1. The results of source reconstruction for 0.5%, 1.0% and
2.0% are shown in Fig. 6. For 7 = 0.0%, the reconstruction is nearly exact and thus the
result is not reported. For 7 = 0.5% (7% = 10%), the reconstruction is still good, but there
is a minuscule artifact in the form of a phantom second event as permitted by the premise
N = 2. This type of solution degradation continues to grow for 7 = 1.0% (7% = 21%)
and 7 = 2.0% (7* = 51%) as can be seen from the respective displays.

(@) 7=05% (7* = 10%) (b) 7 =1.0% (* = 21%) () 7=2.0% (* = 51%)

Figure 6: Reconstruction of a single micro-fault under varying levels of noise.
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4 Concluding Remarks

In this study, we propose an algorithm for the frequency-domain reconstruction of micro-
seismic events using full-waveform analysis of the acoustic emission data. The inversion
approach integrates a combinatorial grid search for source locations with the sensitivity
analysis in terms of moment tensor components to arrive at an effective algorithm that
simultaneously returns both micro-seismic source coordinates and respective tensorial
strengths. We investigate the performance of the algorithm, assuming pointwise wave-
form observations, via numerical examples that include both isolated and multiple point
sources. Under ideal testing conditions, the results suggest that two point receivers per
acoustic emission source may provide sufficient information for accurate moment ten-
sor inversion. For generality, we also investigate the micro-seismic source reconstruction
under the adverse condition of randomly perturbed background medium, whose local fluc-
tuations are unavailable as prior information. The results show a significant resilience of
the reconstruction algorithm to this type of modeling errors.
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