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ABSTRACT. This paper is concerned with the numerical errors appeared in
the calculation of inverse medium scattering problems (IMSP). Optimization
based iterative methods are widely employed to solve IMSP, which are com-
putationally intensive due to a series of Helmholtz equations need to be solved
numerically. Hence, rough approximations of Helmholtz equations can signifi-
cantly speed up the iterative procedure. However, rough approximations will
lead to instability and inaccurate estimation. Inspired by mixture Gaussian
error construction used widely in the machine learning community, we model
numerical errors brought by rough forward solver as some complex mixture
Gaussian (CMG) random variables. Based on this assumption, a new nonlin-
ear optimization problem is derived by using infinite-dimensional Bayes’ in-
verse method. Then, we generalize the real valued expectation-maximization
(EM) algorithm to our complex valued case to learn parameters in the CMG
distribution. Next, we generalize the recursive linearization method (RLM)
to a new iterative method named as mixture Gaussian recursive linearization
method (MGRLM) which consists of two stages: 1) learn CMG; 2) solve IMSP.
Through the learning stage, numerical errors and some prior knowledge of the
true scatterer have been incorporated into the proposed optimization prob-
lem. Hence, both the convergence speed and the resolution of the obtained
result can be enhanced in the second stage. Finally, we provide two numerical
examples to illustrate the effectiveness of the proposed method.

1. INTRODUCTION

Scattering theory has played a central role in the field of mathematical physics,
which is concerned with the effect that an inhomogeneous medium has on an in-
cident particle or wave [16]. Usually, the total field is regarded as the sum of an
incident field and a scattered field. Then, the inverse scattering problems focus on
determining the nature of the inhomogeneity from knowledge of the scattered field
[9, [15], which have played important roles in diverse scientific areas such as radar
and sonar, geophysical exploration, medical imaging and nano-optics.

Deterministic computational methods for inverse scattering problems can be clas-
sified into two categories: nonlinear optimization based iterative methods [4} [33], [34]
and imaging based direct methods [I1], [37]. Direct methods are called qualitative
methods which need no direct solvers and visualize the scatterer by highlighting
its boundary with designed imaging functions. Iterative methods are usually called
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quantitative methods, which aim at providing some functions to represent the s-
catterer. Because a sequence of direct and adjoint scattering problems need to be
solved, the quantitative methods are computationally intensive.

This paper is concerned with the nonlinear optimization based iterative methods,
especially focus on the recursive linearization method (RLM) for inverse medium
scattering problems (IMSP) reviewed in [4]. In order to obtain global minima
in optimization, RLM was proposed in [I3], 14], which requires high computational
resources. Then, new and efficient RLMs have been proposed in a series of papers [2]
3,4, 516, [7], which used the differential equation formulation and highly reduced the
computational cost. However, a series of forward solver need to be solved and the
accuracy of the forward solver is critical for obtaining an acceptable computational
results, particularly for applications in seismic exploration [22] and medical imaging
[30). A lot of efficient forward solvers based on finite difference method, finite
element methods and spectral methods have been proposed [38, [40]. Here, we will
not propose a new forward solver to reduce the computational cost, but attempt to
introduce the ideas originated from the machine learning community. Specifically
speaking, our idea comes from mixture Gaussian based error construction method
which is an active research direction in the field of machine learning [8| B32] [42]
43, [44]. By combining mixture Gaussian error learning process with RLM, we
expect to obtain high resolution results when rough approximate forward solvers
are employed.

To provide a clear illustration, let us provide the abstract formulation of IMSP
in the following. Denote X to be some separable Banach space, then the forward
problem usually modeled as follows

d=F(m)+e, (1.1)

where d € CN¢ (N; € NT) stands for the measured data, m € X represents
the interested parameter and e denotes noise. For inverse scattering problems, m
is just the scatterer, F represents the solution operator of a Helmholtz equation
combined with some measurement operator. The nonlinear optimization based
iterative methods just formulate inverse problem as follows

1
nr?eigl({QHd—f(m)Hi—i—R(m)}, (1.2)
where R(-) stands for some regularization operator and |[|-||2 represents the £2-norm.

In real world applications, we would like to use a fast forward solver (limited
accuracy) to obtain an estimation as accurately as possible. Hence, the noise is
usually not only brought by inaccurate measurements but also induced by a rough
forward solver and inaccurate physical assumptions [12] [30]. Following [29] 30], let
us denote F,(-) to be the forward operator related to some rough forward solver,
then can be rewritten as follows

d = Fo(m) + (F(m) — Fa(m)) + €. (1.3)
Denoting & := (F(m) — Fo(m)), we find that
d=Fa(m)+E+e (1.4)

Following the mixture Gaussian based error learning, we adopt Bayes’ inference
method and the maximum a posteriori (MAP) estimate to deduce our nonlinear
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optimization problem. Hence, we model £ as a random variable which obviously
has the following two important features

e ¢ depend on the unknown function m;
e ¢ may distribute according to a complicated probability measure.

For the first feature, we relax this tough problem to assume that £ is independent
of m, but the probability distribution of £ and the prior probability measure of m
are related with each other [31]. For the second feature, to the best of our knowl-
edge, only Gaussian assumption has been studied in the field of inverse problems
with partial differential equations |27, [30]. Inspired by the mixture Gaussian error
learning, we provide a more realistic assumption about the random variable &.

Before going further, let us introduce the density function of mixture Gaussian
distribution as follow

K

> N ([ G, k), (1.5)

k=1
where N (- |k, k) stands for a Gaussian probability density function with mean
value (i and covariance matrix X and for every k, m € (0, 1) satisfy ZkK:l T =
1. Employing the ideas originated from the mixture Gaussian error learning, we
model £ as a random variable obeying a mixture Gaussian distribution which can
approximate any probability distribution in some sense [8]. Then, considering the
infinite-dimensional nature of our problem (usually finite-dimensional for machine
learning problems), we generalize Bayes’ inverse method developed in [I7, [I8] [26],
29, 39] to our case. Using general theory of the MAP estimate developed for white
Gaussian noise in [10, 19, 21], we prove the validity of the MAP estimate in our
case, which naturally leads to the following nonlinear optimization problem

K
min { —In (Zﬂ'k./\[(d — Fo(m)| G, T + z/I)) + R(m)}, (1.6)
meX Pt

where we assumed that the measurement noise € is a Gaussian random variable
with mean zero and covariance matrix vI (v € RT and [ is an identity matrix).
Through introducing the responsibilities appeared in some learning algorithms, we
can use the main ideas shown in Section 2.5 of [4] to deduce the adjoint problem.

In the field of machine learning, there are usually a lot of sampling data and
the forward problems are not computationally intensive compared with the IMSP.
Hence, they use alternative iterative methods to find the optimal solution and
estimate the modeling error simultaneously [43]. However, considering the lack
of learning data and the high computational cost of our forward problems, we
cannot trivially generalize their alternative iterative methods to our case. Actually,
the proposed method named as mixture Gaussian recursive linearization method
(MGRLM) includes two stages: 1) learn mixture Gaussian distribution; 2) solve
IMSP.

The first stage is based on an essential assumption that is we have some learning
examples obtained from historical data or constructed by some prior knowledge.
Here, we would like to clarify three confusing points. Firstly, we assume that the
learning examples are generated from a probability measure which can reflect some
key features of the true scatterer. However, the probability measure may not cap-
ture the full features of the true scatterer, that means the true scatterer may not
be a sample from the probability measure. Secondly, this stage is highly depending
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on the real problems we faced, so this stage should be performed for different ap-
plication areas. But the learning stage only performs once for a certain application
area, hence, the learning stage will not consume computational resources when we
solve IMSP for a specific problem. Thirdly, since the learning data contains some
information about the true scatterer, some prior knowledge will also be incorporat-
ed into the mixture Gaussian distribution, which accelerates the convergence speed
in stage 2.

The second stage consists of a modified RLM deduced from optimization problem
. With the parameters {my, (x, X} learned in the first stage for a certain ap-
plication area, both the convergence speed and the resolution of the computational
results can be enhanced.

In the end, we briefly review the main contributions as follows:

e Inspired by the studies on error learning, we firstly introduce mixture
Gaussian based error learning to enhance the performance of RLM for IM-
SP.

e We derive nonlinear-optimization problem rigorously from infinite di-
mensional Bayes’ inverse method.

e Relying on the relations between real valued Gaussian distribution and
complex valued Gaussian distribution, we rigorously deduce the mean and
covariance estimation formulas in EM algorithm for complex valued vari-
ables. From nonlinear-optimization problem , we derive a modified
RLM.

The outline of this paper is as follows. In Section 2, new nonlinear optimization
problems are obtained by using infinite-dimensional Bayes’ inverse method. During
the deduction, well-posedness of the posterior measure and MAP estimate with
mixture Gaussian noise are established. Then, the general theory is applied to the
inverse medium scattering problem under some appropriate conditions. In Section
3, we firstly generalize the real valued expectation-maximization (EM) algorithm
to the complex Gaussian case. Secondly, we provide the adjoint equation and
derive the Fréchet derivative of the objective functional. In Section 4, two typical
numerical examples are given, which illustrate the effectiveness of the proposed
method.

2. MODEL DERIVATION

In this section, we deduce the optimization problem from infinite-dimensional
Bayes’ inverse method, which provides a foundation for constructing the learning
algorithm and the modified RLM. The presentation has been divided into two sub-
sections. Firstly, we provide a general theory based on the infinite-dimensional
Bayes’ framework [I7) [I8] [39, 19]. Then, the general theory has been applied to
IMSP under appropriate conditions.

Before diving into the main contents, let us provide a brief notation list which
will be used in all of the following parts of this paper.

Notations:

e For an integer N, denote C as N-dimensional complex vector space; R
and NT represent positive real numbers and positive integers respectively;

e For a Banach space X, | - | x stands for the norm defined on X and,
particularly, || - ||2 represents the £2-norm of ¢? space.

e For a matrix ¥, denote its determinant as det(X);
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e Denote B(m, R) as a ball with center m and radius R. Particularly, denote
Bpr := B(0, R) when the ball is centered at the origin;

e Denote X and Y to be some Banach spaces; For an operator F': X — Y,
denote F'(x) as the Fréchet derivative of F at zp € X.

e Denote Re(¢), Tmag(¢), ¢7, ¢# and ¢ as the real part, imaginary part,
transpose, conjugate transpose and complex conjugate of & € CV respec-
tively;

e The notation 1 ~ p(n) stands for a random variable 1 obeys the probability
distribution with density function p(-).

2.1. General theory. Let MV (n|(,Y) represents the density function of Ny-dimen-
sional complex valued Gaussian probability distribution [23] defined as follows

N1 69 = g @ (= L) (2.)

where ( is a N4-dimensional complex valued vector, ¥ is a positive definite Hermit-
ian matrix and || - |4 is defined as follow

2 H
ln=¢lly=0-0" 57 (n-9), (22)
with the superscript H stands for conjugate transpose. Denote 1 := £ + €, then
formula (1.4) can be written as follows

d= Fu(m)+mn, (2.3)
where
K
dECNda ﬁNZWch(U|Ck»Zk+VI)7 (24)
k=1

with N4, K denote some positive integers and v € RT.

Before going further, let us provide the following basic assumptions about the
approximate forward operator F,.

Assumption 1.

(1) for some e > 0 there is M = M(e) € R, C € R such that, for all m € X,
|Fa(m)ll2 < Cexp(ellm|% + M).
(2) for every r > 0 there is L = L(r) > 0 such that, for all m € X with
|m|x <, we have
1Fe(m)llop < L,

where || - ||op denotes the operator norm.

At this stage, we need to provide some basic notations of the Bayesian inverse
method when m in some infinite-dimensional space. Following the work [I7), [39],
let pp stands for the prior probability measure defined on a separable Banach space
X and denote u? to be the posterior probability measure. Then the Bayes’ formula
may be written as follows

dp? 1
2 m) =
dpio

7(d) = /X exp (®(m d) ) po(dm). (2.6)

exp (‘P(m; d)), (2.5)



6 J.X.JIA, B. WU, J. PENG, AND J. GAO

where %(-) represents the Radon-Nikodym derivative and

K 1 2
pomsd) = o { kZﬂ-k e det(Sy, + vI) ¥ (_Hd ~Felm) Ck‘ Zk*”’) }
=1

In the following, we provide a theorem that gives a rigorous formulation of (2.5
and (2.6).

Theorem 2.1. Let Assumption 1 hold for some €, v, L and M. Assume that X
is some separable Banach space, po(X) = 1 and that po(X N B) > 0 for some
bounded set B in X. In addition, we assume [ exp(2e||m[/%)po(dm) < oo. Then,
for every d € CNe, Z(d) given by is positive and the probability measure p?
given by is well-defined. In addition, there is C = C(r) > 0 such that, for all
d15d2 € B(O?T)

dHell(/Ldlaﬂd2) < C”dl - d2||2a
where dge(-,-) denotes the Hellinger distance defined for two probability measures.
The proof of this theorem is postponed to Appendix.

Remark 2.2. The assumptions of the prior probability measure are rather general,
which include Gaussian probability measure and TV-Gaussian probability measure
[1] for certain space X.

In the last part of this subsection, we prove the validity of the MAP estimate
which links Bayes’ inverse method and regularization method. Firstly, let us assume
that the prior probability measure pg is a Gaussian probability measure and define
the following functional

1
— d(m;d) + §||mH% if m e E, and

J(m) = (2.7)

+ o0, else.

Here (E,|| - ||g) denotes the Cameron-Martin space associated to po. In infinite
dimensions, we adopt small ball approach constructed in [19]. For m € E, let
B(m,d) € X be the open ball centred at m € X with radius ¢ in X. Then, we
can prove the following theorem which encapsulates the idea that probability is
maximized where J(-) is minimized.

Theorem 2.3. Let Assumption 1 hold and assume that po(X) = 1. Then the
function J(-) defined by satisfies, for any mi,my € F,

d
lim B2 RS — exp (T (ma) = T(my) ).
3 1 (Blma,5)) — P\ (m2) = Jlm)
The proof of this theorem is postponed to Appendix.
Now, if we assume g is a TV-Gaussian probability measure, then we can define
the following functional

1
— ®(m; d) + N|m|rv + §||m||% if m € F, and

J(m) = (2.8)

+ 00, else.

Using similar methods as for the Gaussian case and the above functional (2.8)), we
can prove a similar theorem to illustrate that the MAP estimate is also the minimal
solution of min,,ex J(m).
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2.2. Applications to IMSP. Before applying the general theory to IMSP, let us
provide some basic settings of the inverse scattering problem considered in this
paper. In the following, we usually assume that the total field u satisfies

Au+r*(1+m)u=0 inR? (2.9)

where k > 0 is the wavenumber, and m(-) is a real function known as the scatterer
representing the inhomogeneous medium. As in [4], we assume that the scatterer
is compactly supported and the support contained in the ball B = {r € R? :
|rlle < R} with boundary Bg = {r € R? : |r|lz = R}, and satisfies —1 <
Mmin < M < Mpax < 00, where mpyin and mpax are two constants. Denote
d = (cosf,sinf) € {r € R? : ||r||2 = 1} as the incident direction with 6 € (0,27) is
the incident angle, we assume that the scatterer is illuminated by a plane incident
field

ue(r) = ¢ rd, (2.10)
Apparently, the incident field satisfies
Au 4 g% =0 in R?. (2.11)

Combining the incident field ¢ and the scattered field u*, we obtain the total
field u as follow

u = u™ + . (2.12)
It follows from , and that the scattered field satisfies
Au® + 21+ m)u® = —k*mu™  in R? (2.13)
with the following Sommerfeld radiation condition
lim /% (9,u —iru®) =0, (2.14)
llx[lz—o00
where r = ||r||2. In the following, we suppose that the scatterer m(-) appeared in

(2.9) has compact support and supp(m) C Q C Br where  is a square region.
Because the scatterer m(-) is assumed to have compact support, the problem
(2.13) and (2.14) defined on R? can be reformulated to the following problem defined
on bounded domain [4]
Au® 4+ K2(1 4+ m)u® = —k2mu'™  in Bp,
(1+m) f (2.15)
Opu® =Tu® on OBg,
where 7 is the Dirichlet-to-Neumann (DtN) operator defined exactly as (2.8) in [4].
For problem (2.15)), we define the map S(m, k)u"® by u* = S(m, k)u'™°. From
[1l [16], we easily know that the following estimate holds for equations ([2.15)

[0 || 2 (0) < Cllml| oo () lle™ | 22 (B0, R))- (2.16)

Considering Sobolev embedding theorem, we can define the following measurement
operator

M(S(m, k)u™)(z) = (u*(21),. .., u*(xn,)) " (2.17)

where x; € 09,1 =1,2,..., Ny, are the points where the wave field ©® is measured.

In practice, we employ a uniaxial PML technique to transform the problem
defined on the whole domain to a problem defined on a bounded rectangular domain
[1], as seen in Figure|ll Let D be the rectangle which contain Q = [z1, z2] X [y1, y2]
with supp(m) C Q and let d; and ds be the thickness of the PML layers along z
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F1cURE 1. Geometry of the scattering problem with a uniaxial
PML layer.

and y, respectively. Let s1(z) = 1+ io1(z) and sa(y) = 1+ i02(y) be the model
medium property and usually we can simply take

p
xr—x
0’0( 2) for ro <z < 29 +dy

o1(x)=<¢0 for 1 <z < a9

p
0'0< 7 > for x1 —d; < x < xq,
1

and

_ p
0o (y yz) for yo <y < ys + do

oa(y) =40 fory1 <y <y

P

-

Uo(yd y) for yy —do <y <y,
2

where the constant gy > 1 and the integer p > 2. Denote

s = diag(s2(2)/s1(2), s1(2)/52(y)),

then the truncated PML problem can be defined as follow
{ V- (sVu®) + 515262 (1 + m)u® = —k*mu™®  in D,

2.18
u® =0 ondD. ( )

Similar to the physical problem ({2.15)), we introduce the map S,(m, ) defined by

us = S, (m, k)u™® where uf stands for the solution of the truncated PML problem

(2.18)). Through similar methods for equations (2.15)), we can prove that u? is a
continuous function and satisfies

4§ || o (D) < Climllzoe (o) ||| 22 () (2.19)
Now, we can define the measurement operator similar to (2.17)) as follow
in s s T
M(S,(m, k)u™) (z) = (ua(:cl), Coud(eny)) (2.20)

where x; € 0D, 1 =1,2,..., Ng.
In order to introduce appropriate Gaussian probability measures, we present the
following assumptions proposed in [20].
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Assumption 2. Denote A to be an operator, densely defined on the Hilbert
space H = L?(D;R?), satisfies the following properties:
(1) A is positive-definite, self-adjoint and invertible;
(2) the eigenfunctions {¢;};en of A, form an orthonormal basis for H;
(3) the eigenvalues satisfy a; < j2/¢, for all j € N;
(4) there is C' > 0 such that
1

sup <<Pj||L°° + jl/dLlp(soj)> <C,

where Lip(y;) represents the Lipschitz constant of the function ¢;.

At this moment, we can show well-posedness for inverse medium scattering prob-
lem with some Gaussian prior probability measures. For a constant s > 1, we
consider the prior probability measure to be a Gaussian measure po := N (1, A™%)
where m is the mean value and the operator A satisfies Assumption 2. In addition,
we take X = C' with ¢ < s — 1. Then we know that uo(X) = 1 by Theorem 12
shown in [20].

For the scattering problem, we can take F,(m) = M(S,(m, x)u"®) and let the
noise 7 obeys a mixture Gaussian distribution with density function

K
> N G, T + ).

k=1
Then, the measured data d € CNe are

d = Fa(m) + . (2.21)

Theorem 2.4. For the two dimensional problem (problem ), if we
assume space X, m ~ g and 1 are specified as previous two paragraphs in this
subsection. Then, the Bayesian inverse problems of recovering input m € X of

problem (pmblem ) from data d given as in is well formulated:

the posterior u® is well defined in X and it is absolutely continuous with respect to
Lo, the Radon-Nikodym derivative is given by and (@ Moreover, there s
C = O(r) such that, for all dy,dy € CNe with ||dy]|,||dz22 < T,

dHell(/’Ldl7/’Ld2) < C”dl - d2||2' (222)

Proof. Relying on the general theory, we easily know that Theorem holds when
Assumption 1 is satisfied. According to the estimates (2.19) and (2.20)), we find
that

[Fa(m)ll2 < Cllml| Lo ), (2.23)

which indicates that statement (1) of Assumption 1 holds. In order to verify state-
ment (2) of Assumption 1, we denote u$+0u = F,(m-+0m). By simple calculations,
we deduce that du satisfies

{ V - (sVéu) + s189x%(1 +m)du = —k20m(u™ + sysqus) in D,

2.24
ou=0 ondD. ( )

Now, denote F,(m) to be the Fréchet derivative of F,(m), we find that
Fl(m)dm = M(ou), (2.25)
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where du is the solution of equations (2.24)). Using similar estimates as for deriving

(2.19) to equation ([2.24)), we obtain

I8ul| Lo by < Cllémll oo oy (1w 22y + llug 122 (p))- (2.26)
Taking estimate (2.19) into the above inequality (2.26]), we obtain
[Fa(m)dmllz < (0]l poeipy < C(1 4 [Imll oo @) 10| L (D) (2.27)

where C depends on k, D, s; and sy. Estimate (2.27) ensures that statement (2)
of Assumption 1 holds, and the proof is completed by employing Theorem O

Remark 2.5. From the proof of Theorem we can see that Theorem holds
true for inverse medium scattering problem considered in this subsection. Hence,
we can compute the MAP estimate by minimizing functional defined in with
the forward operator defined in (2.21)).

Remark 2.6. If we assume pg is a TV-Gaussian probability measure, similar results
can be obtained. The posterior probability measure is well-defined and the MAP
estimate can be obtained by solving min,,cx J(m) with J defined in . Since
there are no new ingredients, we omit the details.

3. ALGORITHM CONSTRUCTION

In Section [2] we illustrate the theoretical foundations for nonlinear optimization
problems with functionals (2.7) and (2.8]). Here, we give a detailed description of
the two stage algorithm stated in the introduction.

3.1. Learn parameters of complex mixture Gaussian distribution. How to
estimate the parameters is one of the key steps for modeling noises by some complex
mixture Gaussian distributions. This key step consists of two fundamental elements:
learning examples and learning algorithms.

For the learning examples, they are the approximate errors e := F(m) — F,(m)
that is the difference of measured values for slow explicit forward solver and fast
approximate forward solver. In order to obtain this error, we need to know the
unknown function m which is impossible. However, in practical problems, we usu-
ally know some prior knowledge of the unknown function m. Relying on the prior
knowledge, we can construct some probability measures to generate functions which
we believe to maintain some important properties as the real unknown function m.
For this, we refer to a recent paper [24]. Since this procedure depends on specif-
ic application fields, we only provide details in Section [4] for concrete numerical
examples.

For the learning algorithms, expectation-maximization (EM) algorithm is often
employed in the machine learning community [8]. Here, we need to notice that the
variables are complex valued and the complex Gaussian distribution are used in
our case. This leads some differences to the classical real variable situation.

In order to provide a clear explanation, let us recall some basic relationships
between complex Gaussian distributions and real Gaussian distributions which are
proved in [23]. Denote e = (ey, ..., en,)T is a Ny-tuple of complex Gaussian random
variables. Let 75, := Re(ey) and ¢, := Imag(ey,) as the real and imaginary parts of
er with k =1,..., Ny, then define

7= (71,515, TNy SNa) (3.1)
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is 2Ng4-tuple of random variables. From the basic theories of complex Gaussian
distributions, we know that 7 is 2Ny-variate Gaussian distributed. Denote the
covariance matrix of e by ¥ and the covariance matrix of 7 by 3. As usual, we
assume Y is a positive definite Hermitian matrix, then ¥ is a positive definite
symmetric matrix by Theorem 2.2 and Theorem 2.3 in [23]. In addition, we have
the following lemma which is proved in [23].

Lemma 3.1. For complex Gaussian distributions, we have that the matriz 3 is
isomorphic to the matriz 23, e'Ye = 7157 and det(X)? = det().

Let Ny € N stand for the number of learning examples. Let e, = (e}, ..., e?{,d)T

with n = 1,..., N, represent N, learning examples. Then, for some fixed K €
N+, we need to solve the following optimization problem to obtain estimations of
parameters

min  Jo({mk, G, Sk}, (3.2)
{ﬂ-k’Ck’Zk}szl

where

N, K
To ({7, G TkHy) i= ) In { > meNelen | G, Em}. (3.3)
n=1 k=1

From the real valued case, we can easily infer the complex valued algorithm.
However, we can not find a rigorous proof for the mean and covariance estima-
tion formulas in the existing literatures. In the following, we provide a rigorous
calculation.

Estimation of means: Setting the derivatives of Jg({mk, (x, Sk ;) with re-
spect to ¢y of the complex Gaussian components to zero and using Lemma [3.I] we
obtain

N
S o mNo(en | G, 2 . .
0=-> =k (En | Chy B St (= G, (3.4)
n=1 Zj:l 7Tj/\/c(ej [¢5,%5)
where 7, is defined as in 1} with e replaced by e,,, Ek also defined as in 1) with

e replaced by (; and Y is the covariance matrix corresponding to Y. Hence, by
some simple simplification, we find that

1 &
gk - = Z Ynk€n, (35)
Nk n=1

where
N,

- : mNe(en | iy 2
Ne = ks Yok = uc (€n] G %) .
ot > i1 miNe(ej [ G, Ej)

In the above formula, N}, usually interpret as the effective number of points assigned
to cluster k and +y,, usually is a variable depend on latent variables [§].

Estimation of covariances: For the covariances, we need to use latent vari-
ables to provide the following complete-data log likelihood function as formula
(9.40) shown in [g]

(3.6)

N

K
SO ] e + W Nen |G T} (3.7)

n=1 k=1
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In the following lemma, we give the maximum likelihood estimation of the covari-
ances, which is crucial for constructing the corresponding EM algorithm.

Lemma 3.2. Let {e,}0=, {m, G, Si}i, and {vnk}fﬁfl be specified as in ,
and (@) Then the maximization problem

Ns K
max { Z Z'Ynk(lnﬂ'k +InNe(en | Crs Ek)) }, (3.8)

b (2o

possesses a solution with the following form

N,
Y = Ni Z Yrk(€n — Cr)(en — Ck)Hv fork=1,... K. (3.9)
k n

Proof. Denote

N, K
L=33 (I + I N(en | G B) ). (3.10)
n=1k=1
Let
1 &
By = =— Z Yok (€n — Ce)(en — o) (3.11)
Nk’ n=1
and notice that
Ns K N, K
S mklen = G5 en = G = DD vkt (S (en — Ge)en — G0
n=1k=1 n=1k=1
K N,
- Ztr(zlzl 'Ynk(en - Ck)(en - Ck)H)
k=1 n=1
(')
= Z Ltr E;lBk s
k=1

where Ny, defined as in |D Then, using the explicit form of density function, we
obtain

~

K
Vi Indet(35,) — Z wtr(S, ' By) — Nalnm + > Nplnm.  (3.12)
k=1 k=1

|
gl
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Define p(¢, %) := Wet@) exp (—¢#X71€), then we have

K
- ;Nk/gp(f,E,jl)ln (p({,Bk_l)/p(f’ E;l))dg

{ (Indet(By) — £ By) p(¢, 2,1

~

— (Indet(Sx) — £7548) p(€, Zkl)}df (3.13)

K K
Z xIndet(By) + Y Nitr(I)
=1 k=1
K K
= Netr(3'Bi) — Y NiIndet(S5,),
k=1 k=1

where Corollary 4.1 in [23] has been used for the last equality. Comparing the final
result of (| - ) with @ , we observe that any series Hermitian positive definite
matrixes {2} i that maximize L maximize J and conversely. Now, Inu <u —1
with equality holding if and only if w = 1. Thus

K
/= ZNk / P& 27 n (pl€ By )/p(6 i) ) d
K
SZ / ) (v BN /ple =) — 1) dg =0,

If and only if p(&, ) = p(§, Bk) with k = 1,..., K, equality in (3.14] holds true.
Hence, ¥ = By (k=1,..., K) solves problem (3.8]). O

(3.14)

With these preparations, we can easily construct EM algorithm following the
line of reasoning shown in Chapter 9 of [8]. For brevity, the details are omitted and
we provide the EM algorithm in Algorithm

Remark 3.3. In Algorithm [T} if the parameters satisfy Ny < Ny, we can usually
obtain nonsingular matrixes {35 }H< . However, it is time consuming to generate a
lot of learning examples Ny and, in the mean time, the number of measuring points
Ny is large for some real world applications [35, B6]. Hence, we may meet the
situation Ny > N which makes {~;}X | to be a series of singular matrixes. The
determinants of X with £k =1,..., K will be zero, which is a troublesome problem
for calculating the normalization constant appeared in Gaussian probability density
function. In order to solve this problem, we adopt a simple strategy that is replace
the estimation of X; in Step 3 by the following formula

N,
new 1 - new new
M= ]\77 Z Ynk(€n — ) (en — (i )H + 01, (3.15)
k p=1

where § is a small positive number named as the regularization parameter.
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Algorithm 1 Complex EM algorithm

Step 1: For a series of samples e, € CN¢ (n = 1,..., Ny), initialize the means
Ck, covariances ¥ and mixing coefficients m, and evaluate the initial value of
the In likelihood.

Step 2 (E step): Evaluate the respounsibilities using the current parameter
values

_ mNelen | Gy )
fYnk - K

Zj:l 7rj-/\[c(en |G Zj)-

Step 3 (M step): Re-estimate the parameters using the current responsibilities

EE Ny 1 &
e e
Nk = Tnk, 77;@1 V= N’ lIc] V== Ynk€n,
n; S Ny ;1

N
new 1 - new new
= NTZ'Vnk(en_ R )(en — G° )H
k n=1
Step 4: Evaluate the In likelihood

Ng K
Z In { Zﬂ—k/\/‘c(en | Clm Ek)}
n=1 k=1

and check for convergence of either the parameters or the In likelihood. If the
convergence criterion is not satisfied return to Step 2.

3.2. Adjoint state approach with error compensation. By Algorithm [1}, we
obtain the estimated mixing coefficients, mean values and covariance matrixes.
From the statements shown in Section [2] it is obvious that we need to solve opti-
mization problems as follows

min { — ®(m;d) + R(m)}, (3.16)

meL> ()
2
)
Ye+vl

1, . Lgs
R(m) = 5[ A2m| Ty or R(m) = Amlrv + 5 [A7*m|72q)-

where

1
kNG det (g + v]

M=

sexp (= 5 la = Fum) -

>
Il
—

—®(m;d)=—1In {

Different form of functional R comes from different assumptions of the prior prob-
ability measures: Gaussian probability measure or TV-Gaussian probability mea-
sure. For the multi-frequency approach of inverse medium scattering problem, the
forward operator in each optimization problem is related to k. So we rewrite JF,(m)
and ®(m;d) as Fo(m, k) and ®(m, x; d), which emphasize the dependence of k. We
have a series of wavenumbers 0 < K1 < ko < --- Kk, < 00, and we actually need to
solve a series optimization problems

merggl(ﬂ) { —®(m, k3 d) + R(m)} (3.17)
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with ¢ from 1 to N,, and the solution of the previous optimization problem is the
initial data for the later optimization problem.

Denote F'(m) = —®(m, k;;d). To minimize the cost functional by a gradient
method, it is required to compute Fréchet derivative of functionals F and R. For
functional R used in , we can obtain the Fréchet derivatives as follows

JINmE 10

R (m)=A*m, or R'(m)= A°m +2)\V - Vim 3.18
(m) : (m) : (3.18)

where we used the following modified version of R

1
mezAleVmF+5+§Wﬁmmﬁﬂm (3.19)

for the TV-Gaussian prior case and § is a small smoothing parameter avoiding zero

denominator in (3.18]).

Next, we consider the functional F' with F, is the forward operator related to
problem ([2.18)). A simple calculation yields the derivative of F' at g;

K
F%no&nzik{AAQuLE:yﬁEk+¢Jy4uﬁffdn%m)fgw), (3.20)

k=1

where du satisfy

V - (sVéu) + s189k2(1 +m)du = —k20m(u™ + sysqus) in D, (3.21)

dou=0 ondD, '
and

, meNe(d — Fa(m) | G, Xk + 1)
k= =K
Zj:l miNe(d — Fo(m) | G, X5 + vI).
To compute the Fréchet derivative, we introduce the adjoint system:
Ng
V- (5V) + 515262 (1 +m)v = —kK7 ;5@ —xj)p; in D, (3.22)

v=0 onD,

where p; (j = 1,...,Ng) denote the jth component of fo:l e (X +vI)7Hd -
Falm, k) — () € CNe, Multiplying equation (3.21)) with the complex conjugate of
v on both sides and integrating over D yields

/ V - (sVou)o + s189k2(1 + m)ouv = —/ K2om (U™ + s159us ).
D D

By integration by parts formula, we obtain
/ ou (V (sVD) + 5159k (1 + m)@) = —n?/ Sm(u™C 4 s150us)0.
D D

Taking complex conjugate of equation (3.22) and plugging into the above equation
yields

2 [ ouy 8= apps =2 [ smia 4 sisauz)e,
D D
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which implies
K .
(M(@w), > 9S (d = Falm, ri) = ) = / om(u'™ + s1spul)v. (3.23)
k=1 D

Considering both (3.20) and (3.23)), we find that
F'(m)ém = Re/ Sm(u™ + s152us )0,
D

which gives the Fréchet derivative as follow
F'(m) = Re((@™ + 515u3)v). (3.24)
With these preparations, it is enough to construct mixture Gaussian recursive
linearization method (MGRLM) which is shown in Algorithm [2| Notice that for
the recursive linearization method (RLM) shown in [4], only one iteration of the

gradient descent method for each fixed wavenumber can provide an acceptable
recovered function. So we only take one iteration for each fixed wavenumber.

Algorithm 2 mixture Gaussian recursive linearization method (MGRLM)

Input: Initialize parameters: oq, di, do, p, {CG}E,, {Ze}i,, {m}E,, ¢,
wavenumbers (K1, ..., Ky, ) and incident angles (dy,...,dn,,).
Iteration: for i =1,2,..., N,
for j=1,2,...,N,,
solve one forward problem (2.18) with £ = k; and d = d;;
solve one adjoint problem (3.22)) with x = k; and d = d;;
compute the Fréchet derivative by formulas and ;
update the scatterer function;
end for
end for
Output: Final estimation of g.

4. NUMERICAL EXAMPLES

In this section, we provide two numerical examples in two dimensions to illustrate
the effectiveness of the proposed method. In the following, we assume that 2 =
{(z,y) e R? : =1 <z <land —1 <y <1} with Q C D where D is the PML
domain with d; = dy = 0.15, p = 2.5 and oy = 1.5. For the forward solver, finite
element method (FEM) with first-order elements has been employed. In order to
avoid the inverse crime, the scattering data are generated by using adaptive finite
element mesh method, whilst uniform triangular mesh has been employed for the
learning process and inversion. For the following two examples, we choose N,, =
20 and d; (j = 1,...,N,,) are equally distributed around 0D. Equally spaced
wavenumbers are used, starting from the lowest wavenumber ki, = 7 and ending
at the highest wavenumber Kp.x = 10m. Denote by Ak = (Kmax — fmin)/9 = 7
the step size of the wavenumber; then the ten equally spaced wavenumbers are
kj = jAk, j = 1,...,10. We set 400 receivers that equally spaced along the
boundary of € as shown in Figure[I] For the initial guess of the unknown function
m, there are numerous strategies, i.e., methods based on the Born approximation
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[4, @]. Since the main point here is not on the initial guess, we just set the initial
m to be a function always equal to zero for simplicity.

In order to show the stability of the proposed method, some relative random
noise is added to the data, i.e.,

u’laq = (1 + drand,,)u’|s, . (4.1)

Here, rand,, gives standard normal distributed random numbers and & is a noise
level parameter taken to be 0.02 in our numerical experiments. Define the relative
error by

Il = |2 (@)

, (4.2)
||m||L2(Q)

Relative Error =
where m is the reconstructed scatterer and m is the true scatterer.
For the reader’s convenience, we would like to summarize the notations and
variables employed in this section.
e O : The square domain [—1, 1] with supp(q) C [-1,1]%;
e D : The PML domain containing [—1,1]? with parameters d; = dy = 0.15,
p =25 and o = 1.5;
ed;(j=1,2,---,N,) : Incident directions equally distributed around 0D
with N, = 20;
kj = jAk (j =1,...,10): Equally spaced wavenumbers with Ax = m;
lw: Wavelength related to wavenumber through I, = 27/k;
m: The function of the true scatterer;
me: The random function employed to generate learning examples;
Ulb1,b2]: A uniform distribution with minimum value b; and maximum
value bs;
e K: The component numbers used in mixture Gaussian probability distri-
bution.

Before giving the two examples, we should provide some additional explanations.
The main point of this paper is to provide a new method incorporated learning
process into IMSP. For using the proposed method to some specific application
areas, a lot of work should be done for collecting historical data or constructing
learning examples by some prior knowledge. The proposed method is not restricted
to the case of the following two simple examples. Once enough learning examples
are available for some specific applications, the proposed method could also be
worked for more complicated situations.

During the iterative process, errors are accumulated from a lot of aspects [22],
e.g., the FEM approximation, the evaluation of the Fréchet derivative and the eval-
uation of a large number of point sources appeared in the adjoint equation. These
reasons make it difficult to decide the minimum element numbers for FEM should
be used for a specific problem. Noticing that, FEM (using second-order elements)
with 20000 and 28800 equal triangular elements have been used for Example 1 and
Example 2 in [I], respectively. For simplicity, we use similar scatterer models as
in [1] and only FEM with first-order elements, which is enough to show the effec-
tiveness of the proposed method. Actually, the proposed method is not relevant
to the specific method (e.g., finite element, finite difference) used for solving the
forward problem, and just relevant to a rough approximation and an accurate ap-
proximation for the forward problem. Based on these considerations, FEM (using
first-order elements) with 16204 equal triangular elements will be used to obtain
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Sa(m)u™® and FEM (using first-order elements) with 183198 elements will be used
to obtain accurate solutions which we recognized as S(m)ui™® for both of our two
examples.
Example 1: For the first example, let
my(z,y) =0.3(1 — :1:)26_7”2_(9“)2 — (022 — 23 — )™

and reconstruct a scatterer defined by

Syt 0,03 (@D y?

m(ac,y) = ml(nggy)
inside the unit square {(z,y) € R? : ~-1 <z <land —1<y <1}

True scatterer Learning example 1 Learning example 2

Learning example 3

FIGURE 2. True scatterer and five typical learning examples

Now, we assume that some prior knowledge of this function m have been known.
According to the prior knowledge, we generate 200 learning examples according to
the following function

3
me(,y) = 3 (1 — 22 (1 — ) Ead exp (— abe — al)® — ally - k>) (4.3)
k=1

where
ag,ai ~U[L3], @} ~U[-1,1],
ap,ad ~ U[8,10], a},al ~ U[—0.8,0.8].

In order to provide an intuitional sense, we show the true scatterer and several
learning examples in Figure [2]

Remark 4.1. Although learning examples reflect some key features of the true scat-
terer, we should notice that the true scatterer cannot be generated from function
(4.3). Hence, the true probability density of m is not assumed to be known.

It is instructive to show the residuals of the measurements when rough and
accurate FEM approximations are used respectively. In Figure [3] we show the
residuals when wavenumber equals to 2w, 57 and 77, respectively. Differences
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for rough and accurate FEM approximations are obviously increasing when the
wavenumber becomes large. Hence, compensating these errors should be useful to
provide a high resolution reconstruction.

Residual of measurements with rough and accurate FEM approximation (Real part)

T T T
Wavenumber is 27 |

=4
(=] W
T

Amplitude
S
o

50 100 150 200 250 300 350 400
Measurement points

0.5F Wavenumber is 57

Amplitude
(=}

-0.5F 1

50 100 150 200 250 300 350 400
Measurement points

Amplitude

50 100 150 200 250 300 350 400
Measurement points

F1cURE 3. Real part of measuring residuals for rough and accurate
FEM approximation with different wavenumbers. Top: residual
when x = 2m; Middle: residual when x = 5m; Bottom: residual
when k = 7.

Learning algorithm with K = 4 proposed in Subsection has been used to
learn the statistical properties of differences e!, := F(my,, k;) — Fo(mn, k;) with
ki =4 -m( =1,...10) and m, (n = 1,...200) stand for the learning examples.
Concerning the regularizing term, we take A = 0.01A, s = 1.5 and A = 0, which
can be computed by Fourier transform.

Remark 4.2. Here, we take A\ = 0 which means that only a Tikhonov type regu-
larization has been used for our numerical examples. For employing an elastic net
type regularization (corresponding to the aforementioned TV-Gaussian probabili-
ty measure), we need to choose A > 0, which may keep the sharp boundaries of
the scatterer and, in the mean time, avoid the staircasing effect [41]. To gain full
power of this type of regularization, choosing a proper A is crucial. Actually, how
to choose an effective regularization term is a sophisticated problem and has been
discussed in a lot of papers, e.g., [25] 28], 45]. However, it is not the main point of
our paper. Hence, we will not discuss regularization terms in detail and only em-
ploying a simple Tikhonov type regularization which, based on our understanding,
is enough to illustrate the effectiveness of our method.

Relative errors of RLM with rough forward solver, RLM with accurate forward
solver and MGRLM (K = 4) with rough forward solver are shown in Figure |4}
which illustrate the effectiveness of the proposed method. In addition, we also
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Relative errors with different parameters
1 - :

0.9% . - = = RLM with rough mesh |
AN MGRLM with rough mesh and K=1
0.8 NN —— MGRLM with rough mesh and K=4
0.71 N - o - RLM with fine mesh ]
e
e \ i
—
23}
o 4
2
= N . ]
E « ~ Relative Error =7.10%
S wlative Error = 0.26%)|
\°~\\___ - ”,
...................... RN
n ! - ®-=-0-= -
""""""""" 15 20 25 30
Wavenumbers
0.02 A : ‘
g
= 0.015+ B
=5} Relative Error = 0.64%
L 001+ 1
2
= 0.005 - :
& Relative Error = 0.50% -

0 . . .
10 105 11 115 12 125 13 135 14 145 15
Wavenumbers

FI1GURE 4. Relative errors with different parameters: green dashed
line are relative errors obtained by using the RLM with 16204
elements; cyan dashed line with circles are relative errors obtained
by using the RLM with 183198 elements; cyan dash-dotted line
are relative errors obtained by using MGRLM (K = 1) with 16204
elements; blue solid line are relative errors obtained by using the
MGRLM (K = 4) with 16204 elements.

show the relative errors of the recovered functions for MGRLM with K = 1 and
rough forward solver in Figure[d From Figure[d] we can see the following important

facts:

e When the wavenumber approaches 87, RLM with rough forward solver

cannot provide a better result and the errors are accumulated to make the
recovered scatterer deviates from the true scatterer.

Compared with MGRLM with K = 1, MGRLM with K = 4 is stable and
can provide a better reconstruction. Obviously, MGRLM with K = 1 may
increase the accumulation of errors when the wavenumber is larger than
47, which may be explained by Figure [3| When the wavenumber becomes
large, the measurement errors are increased and cannot be compensated
efficiently by using Gaussian assumption.

Compared with discontinuous scatterer, we usually can obtain a high reso-
lution reconstruction easier for smooth scatterer, which explains the reso-
lution enhancement is limited for this example. However, the computation-
al costs for Algorithm 2 increase little compared with the classical RLM.
Hence, it is paid off to use MGRLM once the learning process has been
done for some specific application areas.



MODEL ERROR LEARNING METHOD FOR IMSP

21

TABLE 1. Relative errors for RLM and MGRLM with different
mesh size and wavelength.

Relative errors ly,=0.6711,=033|1,=029 ][, =0.25
RLM, Mesh size = 0.0361 51.86% 9.78% 7.10% 7.80%
RLM, Mesh size = 0.0107 42.37% 4.45% 1.99% 0.87%
MGRLM, Mesh size = 0.0361 1.43% 1.04% 1.92% 2.92%

Usually, the mesh size and wavelength are used to compare the performance of
different methods. Since the mesh we employed is nearly a uniform triangular mesh,
the mesh size can be estimated from the size of the domain and the total element
number. Notice that the domain employed here is a square with side length of 2.3.
For the rough mesh with 16204 elements and fine mesh with 183198 elements, the
mesh size is approximately 0.0361 and 0.0107, respectively. Employing the formula
ly = 27/k with [,, represents the wavelength, we can calculate the corresponding
wavelength. In order to give a more clear illustration, we show the relative errors
and corresponding mesh size and wavelength in Table 1. From Table 1, we can
also see the three facts mentioned above. As the wavelength decreases, MGRLM
can compensate the numerical errors and make use of some prior information to
enhance the inversion. When the wavelength becomes too small, the forward solver
with mesh size 0.0361 departs from the accurate forward solver too much. Then
both of the RLM and MGRLM become unstable.

At last, we show results obtained by RLM and MGRLM with different param-
eters in Figure The true scatterer, the results obtained by RLM with rough
forward solver (k = 8m) and RLM with accurate forward solver (k = 107) are
shown on the top left, in the top middle and on the top right, respectively. On the
bottom left, in the bottom middle and on the bottom right, there are the results ob-
tained for k = 47 by MGRLM with rough forward solver, RLM with rough forward
solver and RLM with accurate forward solver, respectively. From these results, we
can visually see that the result obtained by MGRLM is comparable with the result
obtained by RLM using accurate forward solver.

Example 2: For the second example, let us firstly define the following two
squares

Q :={(z,y) €R? : ~0.1 <z <0.1and —0.1<y<0.1},
Oy :={(z,y) € R?: —03<z<03and —03<y< 0.3}.

Then the function of the scatterer can be defined as follow

0.7 for (z,y) € Q2\ 4,
—0.1 for (z,y) € 4,
0 for (z,y) € [-1,1]*\Qs.

m(z,y) = (4.4)

As in Example 1, we need to construct some learning examples. Here, we assume
that the support of the scatterer is a square in [—1,1]? with unknown position and
size. The function values of the scatterer is also unknown. Specifically speaking,
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FIGURE 5. Recovered functions with different parameters. (a) true
function; (b) minimum relative error estimate for the RLM with
16204 elements and the wavenumber computed to 87; (¢) minimum
relative error estimate for the RLM with 183198 elements and the
wavenumber computed to 107; (d) minimum relative error esti-
mate for the MGRLM with 16204 elements and the wavenumber
computed to 47; (e) recovered function for the RLM with 16204 ele-
ments and the wavenumber computed to 47; (f) recovered function
for the RLM with 183198 elements and the wavenumber computed
to 4m.

the learning examples are generated according to the following function
my, for (z,y) € [=L1 + x1,21 + L1] X [-=La + x2,x2 + L],

0 other areas in [—1,1]?,

me(x,y) = {

where 21 ~ U[-0.5,0.5], x5 ~ U[-0.5,0.5], L; ~ U[0,0.9 — |z1|], Ly ~ U[0,0.9 —
|z2|] and m,, ~ Uy[—1,0,1]x0.54+U[—0.3,0.3] with Uy[—1, 0, 1] represents a uniform
distribution that only take three values —1,0,1. As in Example 1, we generate 200
learning examples. To give the reader an intuitive idea, we show the true scatterer
and five typical learning examples in Figure [6]

Remark 4.3. As in Example 1, learning examples reflect some key features of the
true scatterer, but the true scatterer contains a small square which is not appeared
in any of the 200 learning examples. Hence, the true probability density of m is
not assumed to be known.

As in Example 1, we show the residuals when wavenumber equals to 27, 57 and
7w respectively in Figure[7] Differences for rough and accurate FEM approximations
are obviously increasing when the wavenumber becomes large. Relative errors of
RLM with rough forward solver, RLM with accurate forward solver, MGRLM (K =
4) with rough forward solver and MGRLM (K = 1) with rough forward solver are
shown in Figure 8] which illustrate the effectiveness of the proposed method. From
Figure [8) we can see the following important facts:



MODEL ERROR LEARNING METHOD FOR IMSP 23

True scatterer Learning example 1 Learning example 2

05+ i - i 05 05
i [
0 I ‘ I ‘ i 0 ] il I - 0 ‘Wm‘

e
_—< 1
05
}\///0
05
A

Learning example 3

FIGURE 6. True scatterer and five typical learning examples

Residual of measurements with rough and accurate FEM approximation (Real part)
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FIGURE 7. Real part of measuring residuals for coarse and accu-
rate FEM approximation with different wavenumber. Top: resid-
ual when k = 27; Middle: residual when x = 57; Bottom: residual
when k = 7.

e When wavenumber approaches 57, MGRLM with K = 1 cannot provide
a stable recovery, which indicates that the Gaussian assumption is not
suitable for high wavenumber case.

e Similar as in Example 1, when the wavenumber approximates 97, RLM
with rough forward solver cannot provide a better result and the errors
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Relative errors with different parameters
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FI1GURE 8. Relative errors with different parameters: green dashed
line are relative errors obtained by using the RLM with 16204
elements; cyan dashed line with circles are relative errors obtained
by using the RLM with 183198 elements; cyan dash-dotted line
are relative errors obtained by using MGRLM (K = 1) with 16204
elements; blue solid line are relative errors obtained by using the
MGRLM (K = 4) with 16204 elements.

TABLE 2. Relative errors for RLM and MGRLM with different
mesh size and wavelength.

Relative errors ly=06711,=033|1,=0.25|1, =0.22
RLM, Mesh size = 0.0361 75.82% 44.40% 36.49% 37.22%
RLM, Mesh size = 0.0107 66.27% 28.53% 16.89% 12.76%
MGRLM, Mesh size = 0.0361 | 23.93% 13.02% 12.06% 12.67%

are accumulated to make the recovered function deviates from the true
scatterer.

e When the wavenumber is smaller than 97, MGRLM with rough forward
solver provides recovered functions even better than the results obtained
by RLM with accurate forward solver. Our understanding of this is that
the learning process not only provides a compensation for the numerical
errors but also incorporate some prior information since the learning exam-
ples reflect some key features of the true scatterer. The prior information
incorporated into the mixture Gaussian distribution makes the MGRLM
converges even faster than RLM with accurate forward solver.

Here, as in Example 1, we show the relative errors and corresponding mesh size
and wavelength in Table 2. From Table 2, we can also see the three facts mentioned
above. Similar to Example 1, compared with the classical RLM, MGRLM can
provide better estimations. Both of the RLM and MGRLM become unstable when
the forward solver with mesh size 0.0361 departs from the accurate forward solver
too much.
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FIGURE 9. Recovered functions with different parameters. (a) true
function; (b) minimum relative error estimate for the RLM with
16204 elements and the wavenumber computed to 87); (¢) mini-
mum relative error estimate for the RLM with 183198 elements and
the wavenumber computed to 107; (d) minimum relative error es-
timate for the MGRLM with 16204 elements and the wavenumber
computed to 8m; (e) recovered function for the RLM with 16204 ele-
ments and the wavenumber computed to 8m; (f) recovered function
for the RLM with 183198 elements and the wavenumber computed
to 8.

Finally, we provide the image of true scatterer on the top left of Figure )] On
the top middle, the best result obtained by RLM with rough forward solver is
given. From this image, we can see that it is failed to recover the small square
embedded in the large square. The best result obtained by RLM with accurate
froward solver is shown on the top right. It is much better than the function
obtained by the algorithm with rough forward solver. At the bottom of Figure [0
we show the best result obtained by MGRLM with rough forward solver on the
left and show the results obtained by RLM (compute to the same wavenumber
as MGRLM) with rough and accurate forward solver in the middle and on the
righthand side respectively. The recovered function obtained by MGRLM is not as
well as the recovered function obtained by RLM with more than eleven times of
elements and higher wavenumber. However, beyond our expectation, it is already
capture the small square embedded in the large square, which is not incorporated
in our 200 learning examples. If we think the large square to be some human organ
and the small square to be a small cancer tissue, the recovered scatterer obtained
by MGRLM is good enough to detect the cancer tissue.

In summary, the proposed MGRLM converges much faster than the classical
RLM and it can provide a much better result at the same discrete level compared
with RLM.
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5. CONCLUSIONS

In this paper, we assume that the modeling errors brought by rough discretiza-
tion to be a mixture Gaussian random variable. Based on this assumption, we
derive a new nonlinear optimization problem by employing the infinite-dimensional
Bayes’ inverse method and the theories of MAP estimates. Specifically speaking,
for the inverse medium scattering problem, well-posedness in the statistical sense
has been proved and the related MAP estimate has been obtained. In order to ac-
quire estimates of parameters in the mixture Gaussian distribution, we generalize
the EM algorithm with real variables to the case with complex variables, which in-
corporate the learning process into the classical inverse medium scattering problem.
Finally, the adjoint problem has been deduced and the RLM has been generalized
to MGRLM based on the previous illustrations. Two numerical examples are given,
which demonstrate the effectiveness of the proposed method.

This work is just a beginning, and there are a lot of problems need to be solved.
For example, we did not give a principle for choosing parameter K appeared in the
mixture Gaussian distribution. In addition, in order to learn the model errors more
accurately, we can attempt to design new algorithms to adjust the parameters in
the mixture Gaussian distribution efficiently during the inverse iterative procedure.

6. APPENDIX

Here we gather the proofs of various conclusions stated in this paper. Including
these proofs in the main text would break the flow of main ideas.

Proof of Theorem [2.1]

Proof. In order to prove this theorem, we need to verify three conditions stated in
Assumptions 1 and Theorem 16 in Section 4.1 of [20]. Since

K
1 2
—|ld— — <
kZ:kaWNd det(Zg + vI) P ( Hd Fal(m) <k‘ Ek+vl> =1
we know that
®(m;d) <O0. (6.1)

In the following, we denote
Fildym) = (d = Falm) — o)™ (S + 1) ™" (d = Fulm) — G).
Then, we have
Vafild,m) = (d = Fu(m) = G (Sp 4+ vI) ™" + ([d = Falm) — Go)H (S + 1) 1
- 2Re((d — Fu(m) — G)H (S, + I/I)_1>.

Through some simple calculations, we find that

K
Vab(mid) = - ngRe((d — Fa(m) — G)H (S + y1>—1), (6.2)
k=1
where
FkNC(d - ]:a(m) | C, g +vI)

Ik = =R . (6.3)

Zj:l miNe(d — Fo(m) | G, X5 + vI)
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From the expression (6.2)) and (1) of Assumption 1, we can deduce that
IVa®(m;d)|la < C(1 + [|d]|2 + exp(e[lm[%)). (6.4)

where the constant C' depends on K, {¥;}X | and {¢,}X ;. Considering (6.4)), we
obtain

|®(m; dr) — @(m;d2)| < O(1 47+ exp(ellm|%)) [di — da|2. (6.5)
By our assumptions, the following relation obviously holds
C2(1+r + exp(e|m|%))” € LL, (X;R), (6.6)

where L1 (X;R) is the space of functions f : X — R with norm

Ho

£y, cxm = [ 1@l

At this stage, estimates (6.1)), (6.5) and verify Assumptions 1 and conditions
of Theorem 16 in Section 4.1 of [20]. Employing theories constructed in [20], we
complete the proof. O

Proof of Theorem 2.3

Proof. In order to prove this theorem, let us verify the following two conditions
concerned with ®(m;d),

(1) For every r > 0 there exists M = M (r) > 0 such that, for all m € X with
|lm|lx < r we have ®(m;d) > —M.

(2) For every r > 0 there exists N = N(r) > 0 such that, for all my,my € X
with ||my|lx, |lmz||x < r we have |®(my;d) — ®(ma;d)| < N|jmi — ma||x.

For the first condition, by employing Jensen’s inequality, we have

®(m;d) = (Zm\/ (d = Fa(m )ICk,Ewﬂ))

k=1

K
2
T N G )

;
Z (‘ |d = Fa(m) — CkH;kJﬂ/I — NyIn(7) — In(|S% + V]|))

> —C(l + [|dl3 + exp(er?)),

where C is a positive constant depending on K, {ms} |, {Zp}, {¢:HE, and
Ng4. Now, the first condition holds true by choosing M = C(1 + ||d||3 + exp(er?)).
In order to verify the second condition, we denote

freld,m) i= (d = Fa(m) = G) " (Sk +vI) ™" (d = Falm) — ),

then focus on the derivative of f; with respect to m. Through some calculations,
we find that

Vo fie(d,m) = ~2Re((d = Fo(m) = G)" (Sp +vD) T Fym)). (6.7)
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Hence, we have

K
Vin®(mid) = = 3 2geRe((d = Fa(m) = G (Sp +vD) T Fo(m)),  (65)
k=1

where g;, defined as in (6.3]). Using Assumption 1 and formula , we find that
|®(my;d) — ®(ma;d)| < CL(1 4+ ||d||2 + exp(er?))|Jm1 — ma||x. (6.9)

Let N = CL(1 + ||d||2 + exp(er?)), obviously the second condition holds true.
Combining these two conditions with (6.1), we can complete the proof by using
Theorem 19 in [20]. O

ACKNOWLEDGMENTS

The authors would like to thank the anonymous referees for their comments
and suggestions, which helped to improve the paper significantly. This work was
partially supported by the NSFC under grant Nos. 11871392, 11501439, 11771347,
91730306, 41390454 and partially supported by the Major projects of the NSFC
under grant Nos. 41390450 and 41390454, and partially supported by the post-
doctoral science foundation project of China under grant no. 2017T100733. The
first author would like to thank Prof. Deyu Meng and Dr. Qian Zhao’s helpful
discussions.

REFERENCES

[1] G. Bao, S. N. Chow, P. Li, and H. Zhou. Numerical solution of an inverse medium scattering
problem with a stochastic source. Inverse Probl., 26(7):074014, 2010.
[2] G. Bao and P. Li. Inverse medium scattering for the Helmholtz equation at fixed frequency.
Inverse Probl., 21(5):1621-1641, 2005.
[3] G. Bao and P. Li. Inverse medium scattering problems for electromagnetic waves. SIAM J.
Appl. Math., 65(6):2049-2066, 2005.
[4] G. Bao, P. Li, J. Lin, and F. Triki. Inverse scattering problems with multi-frequencies. Inverse
Probl., 31(9):093001, 2015.
[5] G. Bao, J. Lin, and F. Trikic. A multi-frequency inverse source problem. J. Differ. Equ.,
249(12):3443-3465, 2010.
[6] G. Bao, S. Lu, W. Rundell, and B. Xu. A recursive algorithm for multi-frequency acoustic
inverse source problem. SIAM J. Numer. Anal., 53(3):1608C1628, 2015.
[7] G. Bao and F. Triki. Error estimates for the recursive linearization of inverse medium prob-
lems. J. Comput. Math., 28(6):725-744, 2010.
[8] Christopher M. Bishop. Pattern Recognition and Machine Learning. Springer, New York,
2006.
[9] N. Bleistein, J. K. Cohen, and J. W. Stockwell, Jr. Mathematics of Multidimensional Seismic
Imaging, Migration, and Inversion. Springer-Verlag, New York, 2001.
[10] M. Burger and F. Lucka. Maximum a posteriori estimates in linear inverse problems with
log-concave priors are proper Bayes estimators. Inverse Probl., 30(11):114004, 2014.
[11] F. Cakoni and D. Colton. Qualitative Methods in Inverse Scattering Theory. Springer-Verlag,
Berlin, 2006.
[12] D. Calvetti, M. Dunlop, E. Somersalo, and A. M. Stuart. Iterative updating of model error
for Bayesian inversion. Inverse Probl., 34(2):025008, 2018.
[13] Y. Chen. Inverse scattering via Heisenberg’s uncertainty principle. Inverse Probl., 13(2):253—
282, 1997.
[14] Y. Chen and V. Rokhlin. On the riccati equations for the scattering matrices in two dimen-
sions. Inverse Probl., 13(1):1-13, 1997.
[15] D. Colton, J. Coyle, and P. Monk. Recent developments in inverse acoustic scattering theory.
SIAM Rev., 42(3):369-414, 2000.



[16]
(17)
(18]
(19]
[20]
21]
(22]
23]
24]
(25]
[26]

27]

(28]
29]

(30]

(31]
(32]

33]

34]
(35)
(36]
37)
(38]

(39]
[40]

[41]
[42]

[43]

MODEL ERROR LEARNING METHOD FOR IMSP 29

D. Colton and R. Kress. Inverse Acoustic and Electromagnetic Scattering Theory, volume 93
of Applied Mathematical Sciences. Springer, New York, 2013.

S. L. Cotter, M. Dashti, J. C. Robinson, and A. M. Stuart. Bayesian inverse problems for
functions and applications to fluid mechanics. Inverse Probl., 25(11):115008, 2009.

M. Dashti, S. Harris, and A. M. Stuart. Besov priors for Bayesian inverse problems. Inverse
Probl. Imag., 6(2):183-200, 2012.

M. Dashti, K. J. H. Law, A. M. Stuart, and J. Voss. MAP estimators and their consistency
in Bayesian nonparametric inverse problems. Inverse Probl., 29(9):095017, 2013.

M. Dashti and A. M. Stuart. The Bayesian approach to inverse problems. Handbook of Un-
certainty Quantification, pages 311-428, 2017.

M. M. Dunlop and A. M. Stuart. MAP estimators for piecewise continuous inversion. Inverse
Probl., 32(10):105003, 2016.

A. Fichtner. Full Seismic Waveform Modelling and Inversion. Springer, Berlin Heidelberg,
2011.

N. R. Goodman. Statistical analysis based on a certain multivariate complex Gaussian dis-
tribution (An introduction). Ann. Stat., 34(1):152-177, 1963.

M. A. Iglesias, K. Lin, and A. M. Stuart. Well-posed Bayesian geometric inverse problems
arising in subsurface flow. Inverse Probl., 30(11):114001, 2014.

K. Ito, B. Jin, and J. Zou. A two-stage method for inverse medium scattering. J. Comput.
Phys., 237:211-223, 2013.

J. Jia, J. Peng, and J. Gao. Bayesian approach to inverse problems for functions with a
variable-index Besov prior. Inverse Probl., 32(8):085006, 2016.

J. Jia, S. Yue, J. Peng, and J. Gao. Infinite-dimensional Bayesian approach for inverse s-
cattering problems of a fractional Helmholtz equation. J. Funct. Anal., 275(9):2299-2332,
2018.

B. Jin, D. A. Lorenz, and S. Schiffler. Elastic-net regularization: error estimates and active
set methods. Inverse Probl., 25(11):115022, 2009.

J. Kaipio and E. Somersalo. Statistical and Computational Inverse Problems. Springer-Verlag,
New York, 2006.

J. Koponen, T. Huttunen, T. Tarvainen, and J. P. Kaipio. Bayesian approximation error
approach in full-wave ultrasound tomography. IEEE T. Ultrason. Ferr., 61(10):1627-1637,
2014.

S. Lasanen. Non-Gaussian statistical inverse problems. Part I: Posterior distributions. Inverse
Probl. Imag., 6:215, 2012.

D. Meng, Q. Zhao, and Z. Xu. Improve robustness of sparse PCA by L1-norm maximization.
Patterm Recogn., 45(1):487 — 497, 2012.

L. Métivier, R. Brossier, Q. Mérigot, E. Oudet, and J. Virieux. An optimal transport ap-
proach for seismic tomography: application to 3D full waveform inversion. Inverse Probl.,
32(11):115008, 2016.

F. Natterer and F. Wubbeling. A propagation-backpropagation method for ultrasound to-
mography. Inverse Probl., 11(6):1225, 1995.

R-E. Plessix. Three-dimensional frequency-domain full-waveform inversion with an iterative
solver. Geophysics, 74(6):WCC149-WCC157, 2009.

R. G. Pratt. Seismic waveform inversion in the frequency domain, Part 1: Theory and veri-
fication in a physical scale model. Geophysics, 64(3):888-901, 1999.

F. Qu, J. Yang, and B. Zhang. An approximation factorization method for inverse medium
scattering with unknown buried objects. Inverse Probl., 33(3):035007, 2017.

T. Reginska and K. Reginski. Approximate solution of a Cauchy problem for the Helmholtz
equation. Inverse Probl., 22(3):975, 2006.

A. M. Stuart. Inverse problems: a Bayesian perspective. Acta Numer., 19:451-559, 2010.

Z. Wang and S. F. Wu. Helmholtz equation-least-squares method for reconstructing acoustic
pressure fields. J. Acoust. Soc. Am., 102(5):3090, 1997.

Z. Yao, Z. Hu, and J. Li. A TV-Gaussian prior for infinite-dimensional Bayesian inverse
problems and its numerical implementations. Inverse Probl., 32(7):075006, 2016.

H. Yong, D. Meng, W. Zuo, and L. Zhang. Robust online matrix factorization for dynamic
background subtraction. IEEE T. Pattern Anal., PP(99):1-1, 2017.

Q. Zhao, D. Meng, Z. Xu, W. Zuo, and Y. Yan. L1-norm low-rank matrix factorization by
variational Bayesian method. IEEE T. Neur. Net. Lear., 26(4):825-839, 2015.



30 J.X.JIA, B. WU, J. PENG, AND J. GAO

[44] Q. Zhao, D. Meng, Z. Xu, W. Zuo, and L. Zhang. Robust principal component analysis with
complex noise. In Proceedings of the 31st International Conference on Machine Learning
(ICML), pages 55-63, 2014.

[45] H. Zou and T. Hastie. Regularization and variable selection via the elastic net. J. R. Statist.
Soc. B, 67:301-320, 2005.

SCHOOL OF MATHEMATICS AND STATISTICS, XI'’AN JTAOTONG UNIVERSITY, XI’AN 710049, CHINA
E-mail address: jjx323@xjtu.edu.cn

SCHOOL OF MATHEMATICS AND STATISTICS, XI’AN JIAOTONG UNIVERSITY, XI'AN, 710049, CHI-
NA
E-mail address: bangyuwu@xjtu.edu.cn

SCHOOL OF MATHEMATICS AND STATISTICS, XI’AN JIAOTONG UNIVERSITY, XI’AN 710049, CHINA
E-mail address: jgpeng@xjtu.edu.cn

SCHOOL OF ELECTRONIC AND INFORMATION ENGINEERING, XI’AN JIAOTONG UNIVERSITY, XI'AN
710049, CHINA
E-mail address: jhgao@xjtu.edu.cn



	1. Introduction
	2. Model derivation
	2.1. General theory
	2.2. Applications to IMSP

	3. Algorithm construction
	3.1. Learn parameters of complex mixture Gaussian distribution
	3.2. Adjoint state approach with error compensation

	4. Numerical examples
	5. Conclusions
	6. Appendix
	Acknowledgments
	References

