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Abstract

This work focuses on fast and stable numerical methods for solving inverse source and

scattering problems, utilizing sampling-type methods and deep learning. Our objective is to

accurately reconstruct unknown sources or objects using measurements of outgoing waves,

focusing on two primary models: acoustic waves governed by Helmholtz equations and elec-

tromagnetic waves described by Maxwell’s equations.

We first propose a robust and computationally inexpensive sampling-type method for

reconstructing small acoustic sources from boundary Cauchy data at a single frequency. This

method efficiently identifies the location and intensity of sources, supported by a theoretical

foundation using the Green representation formula and an asymptotic expansion for small-

volume sources. We validate this approach through 2D numerical examples with synthetic

data.

We then expand this technique to address the acoustic inverse scattering problem, apply-

ing a versatile imaging function suitable for both near-field and far-field data. We provide a

rigorous analysis to establish the decay rate of the imaging function. Integration with a deep

neural network featuring a U-net architecture allows us to effectively solve the problem.

This combined method accelerates the training process, provides accurate reconstruction,

and excels in handling noisy and one incident wave data. Numerical examples in 2D using

synthetic data are provided.

Finally, we modify the orthogonality sampling method to accommodate a wider range

of polarization vectors associated with data for electromagnetic inverse scattering problems.

This method is analyzed using the factorization analysis for the far-field operator and the

Funk–Hecke formula. We validate its performance against 3D experimental data from Fres-

nel, comparing it to both its original formulation and traditional factorization methods.



Numerical studies demonstrate that our method performs better than these approaches on

this specific sparse and limited-aperture real dataset in a fast and simple manner.

The results are taken from my published papers1–3, coauthored with my advisor and our

collaborators.
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Chapter 1

Introduction

In this dissertation, we study fast and stable numerical methods for solving inverse source

and scattering problems associated with wave equations governed by partial differential equa-

tions. The inverse problems aim to reconstruct the physical and/or geometric properties of

unknown sources or scatterers using the measurement of outgoing waves. These problems

arise naturally and hold critical applications across various areas, including non-destructive

testing4, medical imaging5;6, geophysical exploration7, antenna synthesis8;9, pollution source

tracing10, and military surveillance11. The study of these problems has only emerged since

the 1980s. Inverse problems have presented considerable challenges for researchers due to

their inherent non-linearity and/or severe ill-posedness. In particular, even minor perturba-

tions in the measured data can lead to significant errors in the reconstruction results.

We investigate sampling methods that have garnered significant research interest over

the past two decades12–27. These numerical methods require less a priori information about

scatterers and are less computationally expensive than iterative approaches28–32. The Linear

Sampling Method (LSM) in33 and the Factorization Method (FM) in34 represent the earliest

sampling methods, initially applied in acoustic12 and electromagnetic13 scattering scenarios.

They offer rigorous mathematical analysis and simple computation. However, they require

scattering data with multiple incident waves and are sensitive to noise in the datasets. To

address this, we developed new sampling methods that provide more stable solutions to
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both inverse source and scattering problems. These approaches are flexible in measurement

distance and can be applied to data from arbitrary distances. Additionally, we study a

combined method that extends a sampling technique and integrates a deep convolutional

neural network to effectively solve the inverse problem under one incident wave data. We then

validate our methods through comprehensive testing with both simulated and experimental

data.

Our methods draw inspiration from the orthogonality sampling method (OSM) proposed

by Potthast in14 for sound-soft acoustic scatterers. This method has attracted attention

for its enhanced robustness against noise and its straightforward mathematical justification

of stability compared to traditional sampling methods. It was explored for the Helmholtz

equation in15–17 and Maxwell’s equations in18. However, its theoretical foundation still

needs to be developed. This has inspired our research to significantly enhance new sampling

techniques’ mathematical justification and numerical performance. We also refer to19–21 for

recently developed sampling methods sharing similar features to the OSM. The results in this

part are taken from my published paper, coauthored with my advisor and our collaborators.

Below, we outline the motivations for each chapter in the dissertation and summarize

their contents.

• In chapter 2, we will focus on solving the acoustic inverse source problem for the

Helmholtz equation using Cauchy measurements at a fixed frequency. The problem

has been studied by many researchers, although most approaches use data involving

multiple frequencies. Solving the problem with a fixed frequency is notably more com-

plex due to its non-uniqueness caused by non-radiation sources. Some iterative studies,

such as those found in28;29, required priori information about the sources to achieve a

unique solution. Stability is another challenging issue, as small errors in data can lead

to large errors in the reconstruction. We will introduce a sampling-type method with

a new imaging function to determine the number of unknown radiating point sources,

their locations, and intensities. As mentioned, sampling techniques offer robust com-

putation without initial source knowledge or additional regularization. In contrast to
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the direct sampling method in22, our approach uses a single integral, avoiding multi-

level sampling while providing comparably accurate reconstruction results. This offers

faster and easier computation, especially for large-scale search domains.

We will provide a theoretical justification of the proposed method using the Green

representation formula and the properties of the imaginary part of the Bessel functions,

alongside analyzing its stability estimation. Additionally, we will extend the method for

small-volume sources by using an asymptotic expansion of the radiated field. Finally,

we will present simulated numerical examples in 2D to demonstrate the method’s

effectiveness.

• In chapter 3, we will consider the acoustic inverse scattering problem for the Helmholtz

equation of determining the shape and location of objects from data generated by

one incident wave at a fixed frequency. This problem is more challenging than the

inverse source problem due to its inherent nonlinearity. It is known that in the case of

scattering data generated by one incident wave, the OSM can only provide reasonable

reconstructions for small scattering objects14. Traditional sampling methods like FM

and LSM are ineffective in these cases. This motivates us to combine our sampling-type

technique with deep learning to obtain better reconstruction results. The combined

method is stable, eliminating the need to train with noise, thus reducing the training

information, and preventing overfitting. Additionally, unlike previous methods that

required scattering data to be measured on the boundary of a sphere in 3D or a

circle in 2D (see18), our method allows for the measurement of data on any arbitrary

boundary. Several studies, including35–40, explored and physics-based reconstruction

methods to solve inverse problems. However, most of these studies relied on data from

multiple incident waves.

We will extend the sampling-type method in chapter 2, and then combine it with a

convolutional neural network to solve the problem under one incident wave data. The

resolution analysis of the imaging function will be analyzed where the explicit decay

rate of the function will be established. For the deep neural network, we use the U-
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Net-Xception style, one of the most recent architectures with extensive applications

in computer vision and medical imaging. Training processes and hyperparameter se-

lection will be discussed. This combination leads to a significant improvement in the

reconstruction results initially obtained by the sampling method. Numerical studies

for simulated data in 2D will be presented.

• In chapter 4, we will address the electromagnetic inverse scattering problem for Maxwell’s

equations in non-magnetic and magnetic media at a fixed frequency, using 3D experi-

mental data from the Fresnel Institute. There have been results on experimental data

verification for sampling methods. Most of these results are for 2D data. The 3D

data for two spheres from the Fresnel Institute was studied in41 with a direct sampling

method under a small volume hypothesis of well-separated inhomogeneities. Note that

the modified sampling-type method we study does not require this hypothesis. Some

other results on inverting these 3D experimental data can be found in30–32 and refer-

ences therein. Compared with these results, our method uses only co-polarized (PP)

datasets at a single frequency. In addition, the implementation of the OSMs is simpler,

faster, and less expensive than those of the iterative methods studied in the cited pa-

pers. Note that the method can only recover geometrical information of objects. The

main challenge in inverting these 3D real data is that these are sparse data, only the

third component of the electric field is measured, and it is measured on a circle. It is

shown in the experimental data verification that the proposed method can successfully

invert the real data and performs better than its original version and the classical FM.

We will first investigate a modified version of the OSM in27 to accommodate a wider

range of polarization vectors associated with the scattering data. We will analyze the

modified OSM using factorization analysis for the far-field operator and the Funk–Hecke

formula. The second goal is to apply the modified OSM, the original OSM, and the

classical FM, to the inversion of 3D experimental data. 3D experimental data valida-

tion will be provided.

• In chapter 5, we give a summary of the work in this dissertation as well as possible
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future work related to this topic.
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Chapter 2

Fast Identification of Small Radiating

Sources

2.1 Formulation of the acoustic inverse point source

problem

In this section, we study a sampling-type method for the inverse source problem of deter-

mining radiating point sources from Cauchy data at a fixed frequency for the Helmholtz

equation. We consider a set of N ∈ N point sources located at xj ∈ Rd for j = 1, 2, . . . , N ,

and d = 2 or 3. These point sources are represented by the Delta distribution δxj
and have

nonzero intensities αj ∈ C. In the context of the human brain, these point sources can

represent the active channels present within the nerve membrane. Let k > 0 be the wave

number. Suppose that the sources are well-separated, meaning that disti ̸=j(xi, xj) ≫ λ,

where λ = 2π/k is the wavelength.

We then assume that the sources generate the acoustic radiated field u : Rd → C that
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satisfies the following model

∆u+ k2u = −
N∑
j=1

αjδxj
, in Rd, (2.1.1)

lim
r→∞

r
d−1
2

(
∂u

∂r
− iku

)
= 0, r = |x|, (2.1.2)

with the Sommerfeld radiation condition (2.1.2) holds uniformly along all directions x/|x|.

It is well-known that the radiated u to (2.1.1)-(2.1.2) can be represented in terms of the

free-space Green function

u(x) =
N∑
j=1

αjΦ(x, xj), in Rd, (2.1.3)

where the Green function Φ(x, y) is the fundamental solution to the problem (2.1.1)-(2.1.2)

and is given by

Φ(x, y) =


i
4
H

(1)
0 (k|x− y|), in R2,

eik|x−y|

4π|x−y| , in R3,

(2.1.4)

for any x ̸= y. Here, H
(1)
0 is the first kind of Hankel function of order zero.

Let Ω ⊂ Rd be a regular bounded domain with the Lipschitz boundary ∂Ω, where the

radiated field is measured. Assume all point sources are within this domain, xj ∈ Ω for

j = 1, 2, . . . , N . Denote by ν(x) the outward normal unit vector to the boundary ∂Ω. We

now state the inverse source problem as below.

Inverse problem: Given the Cauchy data of u and ∂u/∂ν on the boundary measurement

∂Ω for a fixed wave numberk, determine the number of unknown point sources N , their

locations xj and intensities αj for j = 1, 2, . . . , N .

Note that when dealing with a single wave number k, the Cauchy data is crucial to

establish the uniqueness of the solution to this inverse problem (see10;28).
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2.2 A sampling-type method

We now investigate a sampling-type approach to solve the inverse source problem. The

Helmholtz integral representation below is helpful to the analysis of the method.

Lemma 2.2.1. Assume that W is bounded Lipschitz domain in Rd such that Rd\W is

connected. Let ν be a unit outward normal vector on ∂W . For any function w ∈ H2(W ),

we have

w(x) =

∫
∂W

(
∂w(y)

∂ν(y)
Φ(x, y)− w(y)

∂Φ(x, y)

∂ν(y)

)
ds(y)−

∫
W

(∆w + k2w)Φ(x, y)dy. (2.2.1)

Proof. We refer to [42, Chapter 2] for a proof of the lemma.

The next lemma is important for the theoretical justification of the imaging function in

the sampling-type method.

Lemma 2.2.2. The following identity holds for the radiated field u in (2.1.3)

∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
u(x)− ImΦ(x, z)

∂u(x)

∂ν(x)

)
ds(x) =

N∑
j=1

αjImΦ(xj, z). (2.2.2)

Proof. Substitute the Green representation of u in (2.1.3) to the left hand side of (2.2.2), we

have

∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
u(x)− ImΦ(x, z)

∂u(x)

∂ν(x)

)
ds(x) (2.2.3)

=

∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)

N∑
j=1

αjΦ(x, xj)− ImΦ(x, z)
N∑
j=1

αj
∂Φ(x, xj)

∂ν(x)

)
ds(x) (2.2.4)

=
N∑
j=1

αj

∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
Φ(x, xj)− ImΦ(x, z)

∂Φ(x, xj)

∂ν(x)

)
ds(x). (2.2.5)

Given that the imaginary part of the fundamental Green function solution satisfies

∆ImΦ(x, y) + k2ImΦ(x, y) = 0,
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for all x, y ∈ Rd, and ImΦ(x, y) is a regular function, the Helmholtz integral representation

in (2.2.1) implies that

∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
Φ(x, y)− ImΦ(x, z)

∂Φ(x, y)

∂ν(x)

)
ds(x) = ImΦ(y, z). (2.2.6)

This completes the proof.

We now propose a new imaging function for the recovery of small acoustic radiating

sources. Let z ∈ Rd be a sampling point, define

I(z) :=

∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
u(x)− ImΦ(x, z)

∂u(x)

∂ν(x)

)
ds(x). (2.2.7)

Therefore, from Lemma 2.2.2, we obtain that

I(z) =
N∑
j=1

αjImΦ(xj, z),

where the imaginary part of the Green function is given by

ImΦ(x, z) =


1
4
J0(k|x− z|), in R2,

k
4π
j0(k|x− z|), in R3,

(2.2.8)

for any x, z ∈ Rd. Here, J0 and j0 are respectively a Bessel function and a spherical Bessel

function of the first kind. In fact, ImΦ(x, z) attains its maximum at z = x and decays as z

is away from x with

J0(k|x− z|) = O(|x− z|−1/2) and j0(k|x− z|) = O(|x− z|−1), as |x− z| → ∞.

Thus, we can determine N as the number of significant peaks of |I(z)|p, where p > 0 is

chosen to sharpen the peaks of the imaging function. Then, xj can be determined as the

locations where |I(z)|p exhibits significant peaks. It follows that the resolution for imaging

9



the sources is within the diffraction limit

|I(z)|p = O
(
dist(z,X)

(1−d)p
2

)
, as dist(z,X) → ∞,

with X = {xj : j = 1, 2, . . . , N} represents the set of locations.

Additionally, once we obtain estimations for xj, their corresponding intensities αj can be

computed as below

αj ≈
I(xj)

ImΦ(xj, xj)
,

since under the assumption of well-separated point sources, ImΦ(xj, xi) ≈ 0 for any i ̸= j.

This method is robust against the presence of noise in data. In practice, experimental

data are always perturbed by noise. We assume the noisy Cauchy measurements denoted by

uδ(x) and ∂νuδ(x) satisfy

∥u(x)− u(x)δ∥L2(∂Ω) ≤ δ1∥u(x)∥L2(∂Ω),

∥∂νu(x)− ∂νuδ(x)∥L2(∂Ω) ≤ δ2∥∂νu(x)∥L2(∂Ω),

for some constants δ1, δ2 > 0 presenting the level of noise. We can derive the following

stability estimate.

Theorem 2.2.3. Denote by Iδ(z) the imaging function corresponding to the noisy Cauchy

data of I(z). Then, for any z ∈ Rd and an integer p > 0, when max (δ1, δ2) < 1,

||I(z)|p − |Iδ(z)|p| ≤ max (δ1, δ2)M,

for some constant M > 0 independent from δ1, δ2 and z.

10



Proof. By the triangle inequality and the Cauchy-Schwarz inequality, we have

|I(z)− Iδ(z)| ≤ ∥u(x)− uδ(x)∥L2(∂Ω)∥∂νImΦ(·, x)∥L2(∂Ω)

+ ∥∂νu(x)− ∂νuδ(x)∥L2(∂Ω)∥ImΦ(·, x)∥L2(∂Ω)

≤ δ1∥u(x)∥L2(∂Ω)∥∂νImΦ(·, x)∥L2(∂Ω) + δ2∥∂νu(x)∥L2(∂Ω)∥ImΦ(·, x)∥L2(∂Ω)

≤ max (δ1, δ2)C,

where C := ∥u(x)∥L2(∂Ω)∥∂νImΦ(·, x)∥L2(∂Ω) + ∥∂νu(x)∥L2(∂Ω)∥ImΦ(·, x)∥L2(∂Ω) < ∞.

For a positive integer p, using the triangle inequality, we estimate

||I(z)|p − |Iδ(z)|p| ≤ |I(z)− Iδ(z)|

∣∣∣∣∣
p−1∑
j=0

|Iδ(z)|j|I(z)|p−1−j

∣∣∣∣∣
≤ max (δ1, δ2)C

p−1∑
j=0

|Iδ(z)− I(z) + I(z)|j|I(z)|p−1−j

Note that for any two numbers a, b > 0, we have

(a+ b)p ≤ 2p−1(ap + bp) for any p > 1.

That leads to

||I(z)|p − |Iδ(z)|p| ≤ max (δ1, δ2)C

p−1∑
j=0

2j−1
(
|Iδ(z)− I(z)|j + |I(z)|j

)
|I(z)|p−1−j

≤ max (δ1, δ2)C

p−1∑
j=0

2j−1
(
max (δ1, δ2)

jCj|I(z)|p−1−j + |I(z)|p−1
)
.

11



In addition, we can show that |I(z)| ≤ C. Hence,

||I(z)|p − |Iδ(z)|p| ≤ max (δ1, δ2)C

p−1∑
j=0

2j−1
(
max (δ1, δ2)

j + 1
)
Cp−1

= max (δ1, δ2)C
p

(
2p−1 − 1 +

p−1∑
j=0

2j−1max (δ1, δ2)
j

)
.

When max (δ1, δ2) < 1, we get

||I(z)|p − |Iδ(z)|p| ≤ max (δ1, δ2)C
p

(
2p−1 − 1 +

p−1∑
j=0

2j−1

)
= max (δ1, δ2)M,

with M = Cp(2p − 3/2) > 0 independent from δ1, δ2 and z.

2.3 Reconstruction of small volume sources

We let D with Lipschitz boundary ∂D have a small volume in Rd such that |D| = O(ϵd). To

this end, we assume that the small volume source D is given by a collection of small volume

subregions

D = ∪N
j=1Dj with Dj = xj + ϵBj such that dist(xj, xi) ≫ λ,

for i ̸= j. The parameter ϵ is sufficiently small, satisfying 0 < ϵ ≪ 1. Here, Bj is a bounded,

radially symmetric domain with a Lipschitz boundary centered at the origin, and |Bj| = O(1)

for j = 1, 2, . . . , N . The points xj are assumed to be within Ω. We also suppose that Dj are

pairwise disjoint such that Dj ∩Di = ∅ for i ̸= j. Let the source f ∈ L2(D) and 1D be the

indicator function on the set D. We assume that the radiated field u ∈ H1
loc(Rd) generated

by these small sources satisfies

∆u+ k2u = −f1D, (2.3.1)
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along with the Sommerfeld radiation condition in (2.1.2).

It is well-known that the radiated field of this problem can be written as the following

integral form

u(x) =

∫
D

f(y)Φ(x, y)dy, (2.3.2)

where Φ(x, y) is the free-space Green function as given in (3.2.2).

Now, we consider the inverse source problem of determining the number of unknown

small sources N and center xj in each subregion for j = 1, 2, . . . , N , from the Cauchy data

measurements of u and ∂νu on the boundary ∂Ω.

We have that for any x ∈ Rd\D, we can use a first-order Taylor expansion of the Green

function to approximate the radiated field u. Therefore, we notice that y ∈ Dj if and only

if y = xj + ϵω for some ω ∈ Bj which gives us that

u(x) =

∫
D

f(y)Φ(x, y)dy

=
N∑
j=1

∫
Dj

f(y)Φ(x, xj + ϵω)dy

=
N∑
j=1

(Φ(x, xj) +O(ϵ))

∫
Dj

f(y)dy.

Let fDj
denote the average value of f on the subregion Dj. In other words,

fDj
=

1

|Dj|

∫
Dj

f(y) dy for all j = 1, 2, . . . , N.

And by using the fact that |Dj| = ϵd|Bj|, we obtain that

u(x) = ϵd
N∑
j=1

fDj
|Bj|Φ(x, xj) +O(ϵd+1). (2.3.3)

This gives that, up to leading order, u acts like a radiated field generated by point sources

located at xj with intensity αj = ϵdfDj
|Bj|. Again, by using the representation in (2.3.3)
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and the Green formula for ImΦ(x, z), we derive that

∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
u(x)− ImΦ(x, z)

∂u(x)

∂ν(x)

)
ds(x) = ϵd

N∑
j=1

fDj
|Bj|ImΦ(xj, z) +O(ϵd+1).

(2.3.4)

As in the case of point sources, this identity allows us to use the proposed imaging function

I(z) defined (2.2.7) to determine centers xj of small volume sources. Specifically, they can be

determined as the locations where |I(z)|p has significant peaks. Moreover, up to the leading

order, if fDj
̸= 0 we have that for all z ∈ Rd\D

|I(z)|p = O
(
dist(z,X)

(1−d)p
2

)
, as dist(z,X) → ∞,

with the set X = {xj : j = 1, 2, . . . , N}.

2.4 Numerical results

We now present numerical results for the new sampling-type method to identify small sources

in two dimensions. In all of the numerical examples, the wave number is chosen as k = 20

and the Cauchy data is given at 256 points which are uniformly distributed on the circle

centered at the origin with a radius of 50 (which is about 159 wavelengths). The synthesis

data is computed in MATLAB using (2.1.3) and (2.3.2), respectively with 10% random noise

added to the data. The noise vectors N1,2 consist of numbers a+ ib where a, b ∈ (−1, 1) are

randomly generated with a uniform distribution. We consider the same noise level for both

u and ∂νu for simplicity. The noise vectors are added to u and ∂νu as follows

u+ 10%
N1

∥N1∥F
∥u∥F ∂νu+ 10%

N2

∥N2∥F
∥∂νu∥F ,

where ∥ · ∥F is the Frobenius matrix norm. The imaging function I(z) is computed at 256×

256 uniformly distributed sampling points on the search domain [−2, 2]2. That means the
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distance between two consecutive sampling points is about 0.05 wavelength. This distance

is small enough since the sources are supposed to be well-separated.

The reconstruction results for the location and intensity of different numbers of point

sources can be seen in Table 2.1 and Figure 2.1. The number of significant peaks of |I(z)|p

with p = 4 is clearly shown in Figure 2.1. We determine the number of sources N and xj

for j = 1, 2, . . . , N as the location of these peaks. Table 2.1 shows that the locations xj

of the point sources are computed with high accuracy. Additionally, the intensities αj are

recovered with reasonable relative errors, ranging from 1% to 10%. In particular, the method

can reasonably compute the location and intensity of two point sources located within a close

distance of a wavelength. It is noticed that the error gets worse as the number of sources to

compute increases.

We display in Table 2.2 and Figure 2.2 the reconstruction results of sources that are small

disks. The centers xj of these circular sources are again computed with very good accuracy.

It is worth noting that the magnitudes of source intensities considered in this section are

not significantly different from each other. If there is a large discrepancy in the magnitudes

of the source intensities, the method may not be able to determine the sources with smaller

intensities. This drawback, also highlighted in22, remains an open question that inspires our

future research.
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N True location Computed location True intensity Computed intensity

2 (close) (0.15, 0), (0.125, 0.000), 1− 2i, 0.942− 1.881i,

(−0.15, 0) (−0.125, 0.000) 1 + 2i 0.950 + 1.899i

2 (distant) (−1, 0.8), (−1.000, 0.796), 1− 2i, 1.007− 2.045i,

(0.7,−1) (0.703,−1.000) 1 + 2i 1.024 + 2.004i

3 (1,−1), (1.000,−0.984), 4, 3.912 + 0.023i,

(1.3, 1), (1.312, 0.984), 3.5− i, 3.431− 0.918i,

(−1.2,−0.25) (−1.203,−0.250) 3.5 + i 3.570 + 0.968i

4 (1,−1), (1.015,−1.000), 2.5 + 2i, 2.725 + 2.237i,

(1, 0.75), (1.015, 0.750), 2.5− 2i, 2.759− 2.158i,

(−1.2,−1), (−1.203,−1.000), 3.5− i, 3.532− 1.035i,

(−1.2, 0.75) (−1.203, 0.750) 3 + i 2.982 + 1.077i

Table 2.1: Reconstruction results for the location and intensity of point sources.

N True location Computed location

3 (1, 0.75), (−1,−1), (1.25,−1.5) (0.984, 0.734), (−0.984,−1.000), (1.234,−1.500)

4 (1, 1), (−1,−1.25), (0.984, 0.984), (−0.984,−1.234),

(1,−1), (−1, 0.75) (0.984,−0.984), (−0.984, 0.734)

5 (1.25, 1.2), (−1, 0), (1,−1), (1.265, 1.203), (−1.000, 0.015), (1.000,−1.015),

(−0.6, 1), (0.25, 0) (−0.609, 0.984), (0.250, 0.000)

Table 2.2: Reconstruction results for the center of small disks.
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Figure 2.1: Pictures of |I(z)|4 for point sources. The true locations of the sources are
displayed by the green crosses.
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Figure 2.2: The first row is the true profile of small volume sources (the color of the disks is
associated with the value of f on each disk that we are not able to recover using I(z)). The
second row contains pictures of |I(z)|4.
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Chapter 3

Deep Learning Enhanced Imaging of

Scattering Objects from Limited Data

3.1 Formulation of the acoustic inverse scattering prob-

lem

In this section, we focus on solving the inverse scattering problem for acoustic waves related

to the Helmholtz equation, which aims to recover the shape and location of a scattering

object from limited measurement data. We consider a penetrable inhomogeneous bounded

medium with Lipschitz domain denoted as D, characterized by a bounded index of refraction

function η(x) : Rd → C satisfying η = 0 in Rd\D, with d = 2 or 3. In our setup, an incident

wave, modeled as a time-harmonic acoustic plane wave uin(x) = eikx·din , illuminates the

medium. Here, k > 0 is the wave number, and din ∈ Rd is the direction of wave propagation.

Denote the total wave by u : Rd → C. Then, there arises the scattered acoustic wave

usc := u− uin. The following model describes the scattering phenomenon

∆u+ k2 [1 + η(x)]u = 0, in Rd, (3.1.1)

lim
r→∞

r
n−1
2

(
∂usc

∂r
− ikusc

)
= 0, r = |x|, (3.1.2)
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with the Sommerfeld radiation condition (3.1.2) holds uniformly for all directions x/|x| in

Sd−1 := {x ∈ Rd : |x| = 1}.

If Rd\D is connected and Re η ≥ 0, this scattering problem is known to have a unique weak

solution usc ∈ H1
loc(Rd), see42. Let Ω be a bounded Lipschitz domain such that D ⊂ Ω and

denote by ν(x) the outward normal unit vector to ∂Ω at x. Below is the inverse scattering

problem with one incident wave data that we are interested in solving

Inverse problem: Given the Cauchy data of usc and ∂usc/∂ν on the boundary measure-

ment ∂Ω from a single incident wave and at a fixed wave number k, determine the domain

D.

3.2 A sampling-type method

We now explore a sampling-type technique and integrate it with deep learning to solve this

problem. Similarly, the free-space Green function of the scattering problem (3.1.1)-(3.1.2) is

Φ(x, y) as defined in (2.1.3).

It is well-known that problem (3.1.1)-(3.1.2) is equivalent to the Lippmann-Schwinger

equation (see,42)

usc(x) = k2

∫
D

Φ(x, y)η(y)u(y)dy, x ∈ Rd.

We need to use the following Funk-Hecke formula to analyze the sampling method in this

section.

Lemma 3.2.1. Let Ym be the spherical harmonics of order m and jm be the spherical Bessel

functions of the first kind and order m. We have

∫
Sd−1

e−ikx·zYn(z)ds(z) =
4π

im
jm(k|x|)Ym

(
x

|x|

)
.

Proof. A proof of this lemma can be found in [42, Chapter 2].

Motivated by the definition of the imaging function for the inverse source problem in

(2.2.7), we introduce the imaging function for this inverse scattering problem. Let z ∈ Rd
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be a sampling point, define

I(z) :=

∣∣∣∣∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
usc(x)− ImΦ(x, z)

∂usc(x)

∂ν(x)

)
ds(x)

∣∣∣∣ρ (3.2.1)

where ρ = 1 or ρ = 2.

This function I(z) is designed to identify the domain D within Ω. We expect that I(z) is

relatively large when z is within the object D and small as z is away from D. The behavior

of the imaging function is analyzed in the following theorem.

Theorem 3.2.2. The imaging function satisfies

I(z) =

∣∣∣∣k2

∫
D

ImΦ(y, z)η(y)u(y)dy

∣∣∣∣ρ .
Proof. From the Lippmann-Schwinger equation, we obtain that

∂usc(x)

∂ν(x)
= k2

∫
D

∂Φ(x, y)

∂ν(x)
η(y)u(y)dy.

Substituting these integral representations into the definition in (3.2.1)

∣∣∣∣∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
usc(x)− ImΦ(x, z)

∂usc(x)

∂ν(x)

)
ds(x)

∣∣∣∣ρ
=

∣∣∣∣∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
k2

∫
D

Φ(x, y)η(y)u(y)dy − ImΦ(x, z)k2

∫
D

∂Φ(x, y)

∂ν(x)
η(y)u(y)dy

)
ds(x)

∣∣∣∣ρ
=

∣∣∣∣k2

∫
D

∫
∂Ω

∂ImΦ(x, z)

∂ν(x)
Φ(x, y)− ImΦ(x, z)

∂Φ(x, y)

∂ν(x)
ds(x)η(y)u(y)dy

∣∣∣∣ρ .
Now, using the identity of the Green function in (2.2.6) gives

I(z) =

∣∣∣∣∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
usc(x)− ImΦ(x, z)

∂usc(x)

∂ν(x)

)
ds(x)

∣∣∣∣ρ
=

∣∣∣∣k2

∫
D

ImΦ(y, z)η(y)u(y)dy

∣∣∣∣ρ .
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We know that

ImΦ(y, z) =


1
4
J0(k|y − z|), in R2,

k
4π
j0(k|y − z|), in R3,

(3.2.2)

for any y, z ∈ Rd. Here, J0 and j0 are respectively a Bessel function and a spherical Bessel

function of the first kind. In fact, ImΦ(y, z) peaks at z = y and decays as z is away from y

with

J0(k|y − z|) = O(|y − z|−1/2) and j0(k|y − z|) = O(|y − z|−1), as |y − z| → ∞.

Therefore, we expect from Theorem 3.2.2 that I(z) takes larger values for z ∈ D and much

smaller values outside D, up to the leading order

I(z) = O
(

1

dist(z,D)ρ(d−1)/2

)
, as dist(z,D) → ∞.

This incomplete analysis is common for imaging functions of sampling-type methods

(see14–16;43–45). To our knowledge, a complete analysis of sampling-type methods is still an

open problem.

We now show a relation between I(z) and the imaging function suggested by Potthast

in14. To this end, we recall that the scattered field usc has the asymptotic behavior

usc(x) =
eik|x|

|x|d−1/2
(u∞(x̂) +O (1/|x|)) , as |x| → ∞,

for all x̂ ∈ Sd−1. The function u∞(x̂) is called the scattering amplitude or the far-field

pattern of usc(x). The imaging function of the orthogonality sampling method suggested

in14 is given by

IOSM(z) =

∣∣∣∣∫
Sd−1

eikz·x̂u∞(x̂)ds(x̂)

∣∣∣∣ .
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Theorem 3.2.3. The two imaging functions are related by

I(z) = γ|IOSM(z)|ρ,

where γ =


(√

πeiπ/4
√
2k

)ρ
, in R2,(

4π
k

)ρ
, in R3.

.

Proof. From the Lippmann-Schwinger equation for usc it is known that its scattering ampli-

tude is given by

u∞(x̂) = αk2

∫
D

e−iky·x̂η(y)u(y)dy,

with α =


eiπ/4
√
8πk

, in R2,

1
4π
, in R3.

Substituting u∞ in IOSM(z) implies

IOSM(z) =

∣∣∣∣αk2

∫
D

∫
Sd−1

eikx̂·(z−y)η(y)u(y)ds(x̂)dy

∣∣∣∣ . (3.2.3)

Using the Funk-Hecke formula in Lemma 3.2.1, we obtain that

∫
Sd−1

eikx̂·(z−y)ds(x̂) =


2πImΦ(z, y), in R2,

(4π)2

k
ImΦ(z, y), in R3.

(3.2.4)

Substituting (3.2.4) in (3.2.3) and comparing with Theorem (3.2.2), we complete the proof.

This Theorem also implies that I(z) is stable against noise in the data, following the

stability of IOSM(z) as demonstrated in14.

Remark 3.2.4. If ∂Ω is the boundary of some ball with a large radius, we can approximate

∂νusc ≈ ikusc using the radiation condition. Then I(z) can be modified to handle the far-field
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data usc(x) as follows

I(z) =

∣∣∣∣∫
∂Ω

(
∂ImΦ(x, z)

∂ν(x)
usc(x)− ikImΦ(x, z)usc(x)

)
ds(x)

∣∣∣∣ρ .

3.3 The deep neural network

We now use the sampling-type method along with a deep neural network of U-Net-Xception

style to form a combined method to solve the inverse scattering problem under one wave

incident data. Numerical simulation was done for both simulated and experimental scattering

data.

3.3.1 U-Net Xception style

Xception is an efficient architecture that relies on two main points: Depthwise Separable

Convolution and Shortcuts between Convolution blocks. Xception architecture is an alter-

native to classical convolution layers, which performs more efficiently in terms of computation

time and accuracy. See details of Xception architecture in46.

Firstly, Depthwise Separable Convolution includes two subnetworks: Depthwise Convo-

lution and Pointwise Convolution. Compared to conventional convolution layers, Depthwise

Separable Convolution does not need to compute convolution operations across all channels,

which will eliminate the number of parameters in the model and makes it simpler.

Secondly, there are residual (shortcut/skip) connections in Xception networks. Many

state-of-the-art Deep neural networks (Resnet, YOLOv3, MobileNetV2, Cascading Residual

Network) have shown that accuracy is much higher when residual connections are used,

see47–49.

3.3.2 Training the network

The training data set includes 60, 000 pairs of images, each pair consists of a true image

and a preliminary image. A true image represents a scattering object. We illuminate this
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object with an incident plane wave from one direction and apply the spectral method in50

to solve the direct problem, producing the associated scattering data. Using the proposed

sampling-type technique on this scattering data, we generate a computed image, referred to

as a preliminary image.

The true images are those of either one or two ellipses whose center and radii are randomly

generated using a uniform distribution within the square domain [−2, 2]2. More precisely, if

the object consists of only one ellipse, its center is uniformly distributed within the square

[−0.8, 0.8]2, and its radii are uniformly distributed within the interval [0.1, 1]. If the object

consists of two ellipses, the first one is generated in the same manner as before, while the

second one has its center uniformly generated within the square [−1, 1]2, and radii are uni-

formly distributed within the interval [0.1, 0.5]. Note that the two ellipses are allowed to

overlap each other.

The wave number is chosen to be k = 6, which means the wavelength is about 1. As for

the incident wave, we use

uin(x) = eik(x1 cos θ+x2 sin θ),

where θ = 90o for 30, 000 images and θ = 45o for the other 30, 000 images. The Cauchy

scattering data are computed on the circle of radius 100. We did not add any artificial noise

to the scattering data for the training and testing of the network. See Figure 3.1 for examples

of training data pairs.

All images are uniformly partitioned into 160×160 pixels. Define J = {1, 2, . . . , 1602} to

enumerate the pixel order within an image. The neural network is initialized with random

parameters. Using a preliminary image as input, the network produces the corresponding

output image ŷ = {ŷi}i∈J that will then be used along with the true image y = {yi}i∈J to

calculate the loss function for individual training pairs

L = −
∑
i∈J

(yi log ŷi + (1− yi) log(1− ŷi)),

The overall loss function is the average of this loss across a specified number of samples.
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Figure 3.1: Examples of three training data pairs: true images (top), preliminary images
(bottom).

After that, the parameters within the convolution layers are tuned using the Adam method

to minimize the cost function. This minimization process is done for one batch of size 32 at

a time. The initial learning rate is 10−2, and will be divided by 10 if the validation loss does

not decrease or validation accuracy does not increase after 5 epochs until it reaches 10−6.

The neural network’s architecture can be briefly described by the diagram in Figure 3.2.

Out of 60, 000 pairs of images, 50, 000 were used to train the network, 5, 000 were used

for validation and 5, 000 were used for testing. In Figure 3.3, we show the result of training

loss versus validation loss and training accuracy versus validation accuracy. The loss value

at each epoch is the average value of L over all paired images, whereas the accuracy value is

the ratio of the number of pixels in the predicted image that match their counterparts in the

true image to the total number of pixels. Those values for validation were computed over

5, 000 images in the validation set, and those values for training were computed over 50, 000

images in the training set.

26



Figure 3.2: Architecture of the neural network.

To enrich the training data set, we used data augmentation. More specifically, we pro-

duced five copies of each training pair by applying five types of transformations: horizontal

flip, vertical flip, 90o rotation, and −90o rotation.

Our choice for some hyperparameters was based on a direct comparison to other choices

in terms of validation loss and accuracy. For example, we trained the model with 10, 000

pairs of images through 5 epochs with different input image sizes, then we chose 160×160×3

because it gave the best values for loss and accuracy. We did a similar experiment for two

different optimization methods, which are Adam method and stochastic gradient descent

with momentum (SGD), and Adam method performed better for this problem. Detailed

results for the comparisons are given in Tables 3.1 and 3.2. As for the other hyperparameters

such as the number of hidden layers and units, we followed the same choice as in46. With this
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(a) Accuracy (b) Loss

Figure 3.3: Training and validation results after each training iteration over 50 epochs.

choice, we were able to get very good loss and accuracy values, see Figure 3.3. Therefore,

no adjustment was needed.

Input image size Validation accuracy Validation loss

32× 32× 3 0.9718 0.0677

64× 64× 3 0.9762 0.0579

128× 128× 3 0.9728 0.0713

160 × 160 × 3 0.9822 0.0452

192× 192× 3 0.9749 0.0708

Table 3.1: Input image size comparison.

Optimization method Validation accuracy Validation loss

SGD 0.9751 0.0622

Adam 0.9822 0.0452

Table 3.2: Optimization method comparison.

We also compared the performance of the U-Net Xception style with a modified U-Net.

The result in Table 3.3 shows that the U-Net Xception style works better for our problem.

Model Validation accuracy Validation loss

Modified U-Net 0.9876 0.0299

U-Net Xception style 0.9932 0.0175

Table 3.3: Model comparison.
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3.4 Numerical results

In this section, we use the combined method to reconstruct objects from simulated scattering

data. We consider the types of objects varying from those similar to the training data set to

those entirely different. We also tested different wave numbers and incident wave directions.

3.4.1 Implementation of the sampling method

In our numerical study, the sampling domain is chosen as [−2, 2]2. The sampling domain

contains the unknown scatterer D and is uniformly discretized by 64 sampling points in each

direction. The imaging function I(z) in (3.2.1) is evaluated at each sampling point z of the

sampling domain. As mentioned in the section on training the neural network, the data

(usc, ∂νusc) are given at 32 uniformly distributed points on the circle of radius 100. With

the data given, the evaluation of I(z) is simple since after a change of variables using polar

coordinates, we numerically evaluate a single integral using the rectangular rule. In the

numerical simulation, the imaging function is normalized by dividing by its maximal value.

Note that we ensure that the sampling point z and the data point x are away from each

other so that the integrands are all regular functions. Recall that the scattering data are

measured on ∂Ω, meaning that we should look for the unknown scatterer D in a sampling

domain that is strictly contained in Ω.

3.4.2 Reconstruction of objects in the testing data set

In this part, we present the reconstruction results of the combined method for objects in

the testing data set. These objects were generated in a way that is similar to that of the

training data sets, meaning the objects consist of one or two ellipses. The wave number

k and incident direction θ were those the neural network was trained with. Moreover, the

scattering data generated by solving the direct problem was not perturbed by noise.

In Figures 3.4-3.5, four test objects are presented: one large disk, two ellipses of similar

sizes, two ellipses of different sizes, and two overlapping ellipses. We can see that the method
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was able to reconstruct very well the geometry of these test objects. As it was done for the

validation and training data sets in Figure 3.3, the accuracy for 5000 pairs of images in

the testing data set is also computed as 99.4%. This once again confirms that the training

process was effective as indicated by the training and validation accuracy in Figure 3.3.

(a) True geometry (b) Combined method

Figure 3.4: Reconstruction of objects in the testing data set with k = 6 and θ = 90o: one
disk (top) and two ellipses of similar sizes (bottom).

3.4.3 Reconstruction of objects outside the testing data set

In this part, we test the method for other types of objects with noisy scattering data. We

added artificial noise to the scattering data obtained from solving the direct problem with

wave number k = 6. Recall that the inverse problem with one incident wave is extremely ill-

posed, and there was no artificial noise added to the scattering data in the training process.

The tests with noisy data for non-elliptical objects show that the network can generalize its

training to more realistic situations that are unseen from the training process. We first used
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(a) True geometry (b) Combined method

Figure 3.5: Reconstruction of objects in the testing data set with k = 6 and θ = 45o: two
ellipses of different sizes (top) and two overlapping ellipses (bottom).

the same incident direction as in training, θ = 90o, to reconstruct an L-shaped object, see

Figure 3.6. The combined method was able to provide reasonable reconstructions for the

L-shaped object with different levels of noise.

Next, in Figures 3.7-3.8, we test the method with different non-elliptical shapes and

noisy scattering data associated with an incident direction different from what was used

in the training process. This is to further assert its flexibility. Recall that we trained the

neural network with θ = 90o and θ = 45o. We reconstructed a T-shaped object, and an

object consisting of a disk and a rectangle using incident direction θ = 220o. Again, we were

able to get satisfactory results regardless of the circumstances.

For scattering data from a single incident direction and a fixed wave number, it is almost

impossible not only for sampling methods but also for many other inversion methods to

reconstruct the shape and location of extended objects. Therefore, these results show that the
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deep neural network has significantly improved the reconstruction capability of the imaging

function under lack of data. Moreover, they also show that the combined method is flexible,

meaning it can work well in some situations that are unseen from the training process.

(a) True geometry (b) 5% noise (c) 15% noise

Figure 3.6: Reconstruction of an L-shaped object with k = 6 and θ = 90o, and different
noise levels added to the scattering data: 5% and 15%.

(a) True geometry (b) 5% noise (c) 15% noise

Figure 3.7: Reconstruction of a T-shaped object with with k = 6 and θ = 220o, and different
noise levels added to the scattering data: 5% and 15%.
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(a) True geometry (b) 5% noise (c) 15% noise

Figure 3.8: Reconstruction of a rectangle and a disk with k = 6 and θ = 220o, and different
noise levels added to the scattering data: 5% and 15%.
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Chapter 4

Imaging 3D Objects for Maxwell’s

Equations with Experimental Data

4.1 Formulation of the electromagnetic inverse scatter-

ing problem

In this section, we consider the time-harmonic electromagnetic inverse scattering problem

that aims to determine the shape and location of 3D objects from far-field measurements

provided by the Fresnel Institute. Let k > 0 be a fixed wave number from a possibly

anisotropic medium. Denote Ω as a bounded Lipschitz domain occupied by the medium.

Let ϵ, µ : R3 → C3×3 be the electric permittivity and the magnetic permeability of the

medium, respectively. Assume that R3\Ω is connected, and ϵ, µ and µ−1 are functions in

[L∞(R3)]3×3. The domain outside of Ω is assumed to be homogeneous. We hence assume

that ϵ = µ = I3 in R3\Ω, where I3 is the 3× 3 identity matrix. Denote by Ein,E : R3 → C3

the incident electric field and the total electric field, respectively. Let u := E − Ein be the
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scattered electric field. We consider the following electromagnetic scattering problem

curl [µ−1(x)curlE]− k2ϵ(x)E = 0, in R3, (4.1.1)

curlu× x

|x|
− iku = O(|x|−2), as |x| → ∞, (4.1.2)

where the Silver–Müller radiation condition (4.1.2) is assumed to hold uniformly with respect

to x/|x|. We refer to51 for the well-posedness of this scattering problem. To formulate the

inverse scattering problem, we introduce some notations. Denoting x̂ = x/|x|, we define

S2 = {x ∈ R3 : |x| = 1}, L2
t (S2) = {v ∈ [L2(S2)]3 : x̂ · v(x̂) = 0, x̂ ∈ S2}.

We consider the incident plane wave

Ein(x,d,q) = qeikx·d,

where d ∈ S2 indicates the direction of the incident propagation and q ∈ R3 is the polar-

ization vector such that q · d = 0. It is well-known that the corresponding scattered wave

u(x,d,q) satisfies

u(x,d,q) =
eik|x|

|x|
(
u∞(x̂,d,q) +O(|x|−2)

)
, as |x| → ∞, (4.1.3)

uniformly in all directions x̂ ∈ S2. The function u∞(x̂,d,q), which belongs to L2
t (S2) for

each incident and observation direction, is called the far-field pattern. We are interested in

the following inverse problem.

Inverse problem: Given measurements of u∞(x̂,d,q) for all x̂,d ∈ S2 at a fixed wave

number k, determine the shape and location of the scatterer, in other words, the domain of

Ω.
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4.2 Modified OSM for non-magnetic anisotropic media

4.2.1 Factorization analysis

In this non-magnetic case, µ = I3. We rewrite (4.1.1) in terms of the scattered field u as

curl curlu− k2ϵ(x)u = k2PEin, (4.2.1)

where the contrast P is defined by

P := ϵ− I3.

We now define the far-field operator F : L2
t (S2) → L2

t (S2) and Herglotz operator H :

L2
t (S2) → [L2(Ω)]3 as

(Fg)(x̂) =

∫
S2
u∞(x̂,d,g(d))ds(d), (Hg)(x) =

∫
S2
g(d)eikx·dds(d).

It is well-known that the Herglotz operator H is compact and injective. Its adjoint operator

H∗ : [L2(Ω)]3 → L2
t (S2) of H is given by

(H∗f)(d) = d×
∫
Ω

f(x)e−ikx·ddx× d, d ∈ S2.

The solution operator G : [L2(Ω)]3 → L2
t (S2) is defined by

Gf = v∞, (4.2.2)

where v ∈ Hloc(curl ,R3) is the solution to (4.1.2)-(4.2.1) with Ein = f . It is easy to see that

F has the factorization

F = GH. (4.2.3)
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We next define the operator T : [L2(Ω)]3 → [L2(Ω)]3 as

T f = k2P (f + v),

where again v ∈ Hloc(curl ,R3) is the solution to (4.1.2)-(4.2.1) with Ein = f .

The operators defined above are all linear bounded operators, see52. It is also known

from52 that the solution operator G can be factorized as G = H∗T . This leads to the

following factorization for F as

F = H∗T H. (4.2.4)

The following assumption on wave number k is necessary for the further results of the

factorization analysis in52, which is also needed for the modified OSM.

Assumption 1. We assume that the wave number k is not a transmission eigenvalue.

That means the only solution to the homogeneous system in [L2(Ω)]3 × [L2(Ω)]3

curl curlw − k2ϵw = 0 in Ω,

curl curlv − k2v = 0 in Ω,

ν ×w = ν × v on ∂Ω,

ν × curlw = ν × curlv on ∂Ω,

is the trivial solution.

It is well-known that the set of real transmission eigenvalues is at most discrete for a

real-valued permittivity, see53 for more details about the transmission eigenvalue problems.

The following coercivity result from54 is important for our theoretical analysis.

Lemma 4.2.1. If either Im (P ) is uniformly positive definite or there is a constant γ > 0

such that Re (P )+γIm (P ) is uniformly positive definite and Im (P ) is positive semidefinite,

then T is coercive on Range(H).
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We close this part with an important lemma for analyzing the imaging function defined

in the next part.

Lemma 4.2.2. There exists a positive constant σ > 0 such that

|(Fg,g)| ≥ σ∥Hg∥2, for all g ∈ L2
t (S2).

Proof. Using the factorization of F in (4.2.4) and the coercive property of T we obtain

|(Fg,g)| = |(H∗T Hg,g)| = |(T Hg,Hg)| ≥ σ∥Hg∥2.

This completes the proof.

4.2.2 The imaging function and its properties

Let z ∈ R3 be the sampling points in the imaging process and p ∈ R3 be a fixed nonzero

vector. We define the imaging function IMOSM for the modified OSM as

IMOSM(z) :=

∫
S2

∣∣∣∣∫
S2
u∞(x̂,d,h(d))e−ikd·zds(d)

∣∣∣∣2 ds(x̂), (4.2.5)

where

h(d) = α1d× p+ α2d× p× d,

with any α1, α2 ∈ C such that |α1|2 + |α2|2 > 0.

To analyze the behavior of the imaging function IMOSM , it is necessary to connect IMOSM

with the far-field operator F . This can be seen in the following lemma. An advantage of

the modified function is that it allows us to connect to F directly and naturally, and thus

enables the use of polarization vectors h(d) instead of only (d × p) × d as for the imaging

function of the OSM in27.
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Lemma 4.2.3. The imaging function IMOSM satisfies

IMOSM(z) = ∥Fϕz∥2, (4.2.6)

where ϕz(d) = h(d)e−ikd·z.

Proof. Recall that h(d) = α1d×p+α2d×p×d. It implies that ϕz(d) ·d = 0 for all d ∈ S2,

hence ϕz ∈ L2
t (S2). Now, since u∞(x̂,d,h(d)) is linear in h, we can rewrite the imaging

function as

IMOSM(z) =

∫
S2

∣∣∣∣∫
S2
u∞(x̂,d, ϕz(d))ds(d)

∣∣∣∣2 ds(x̂) = ∥Fϕz∥2.

The following theorem is the main theorem for our analysis of the behavior of IMOSM .

Theorem 4.2.4. For all z ∈ R3 the imaging function satisfies

IMOSM ≤ ∥G∥2
(
|α1|2∥Wz∥2 + |α2|2∥Vz∥2

)
,

and

IMOSM ≥ σ2

∥h∥2
(
|α1|2∥Wz∥2 + |α2|2∥Vz∥2

)2
> 0,

where h is given in (4.2.5), σ is the positive coercive constant in Lemma 4.2.2 and

Wz(x) = W̃ (z− x), Vz(x) = Ṽ (z− x), for all x ∈ Ω, (4.2.7)
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with

W̃ (w) = 4πi(w × p)
cos(k|w|)− j0(k|w|)

k|w|2
, (4.2.8)

Ṽ (w) = −4π
p|w|2 − (p ·w)w

|w|2
j0(k|w|)

+ 12π
(p ·w)w − 1

3
p|w|2

k2|w|4
(cos(k|w|)− j0(k|w|)). (4.2.9)

Remark 4.2.5. The functions |W̃ (z− x)|2, |Ṽ (z− x)|2 peak when |z− x| < r for small r > 0

and decay rapidly when |z − x| > r (see Figure 4.1). This implies that ∥Wz∥2 and ∥Vz∥2

should have large values for z ∈ Ω and are significantly small for z is away from Ω. See

Figure 4.2 for an illustration of when Ω is a ball. We can also derive the decay rate as

IMOSM(z) = O(dist(z,Ω)−2) as dist(z,Ω) → ∞.

This Theorem shows that IMOSM(z) should work as an imaging function for the scatterer

Ω and it works for all polarizations h(d) = α1d × p + α2d × p × d with |α1|2 + |α2|2 > 0.

We now present its proof.

Proof. We recall a special form of the Funk–Hecke formula (see55) that is important for the

proof

∫
S2
e−ikd·zds(d) = 4πj0(k|z|), (4.2.10)

where j0(t) = sin(t)/t is the first kind of spherical Bessel function of order 0.

Using this integral formula we can calculate that

∫
S2
d× pe−ikd·zds(d) =

4πi

k
curl z(pj0(k|z|)) = W̃ (z),∫

S2
d× p× de−ikd·zds(d) = −4π

k2
curl 2z(pj0(k|z|)) = Ṽ (z).

It can be checked that W̃ (z) = Ṽ (z) = O(1/|z|) as |z| → ∞. We define Wz(x) := W̃ (z −
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(a) |W̃ |2 (b) |Ṽ |2

(c) Top view of (a) (d) Top view of (b)

Figure 4.1: An illustration of |W̃ |2, |Ṽ |2 for z ∈ [−2.5, 2.5]3, k = 10,p = (0, 0, 1).

x), Vz(x) := Ṽ (z− x). Recall that ϕz(d) = h(d)e−ikd·z. It follows from the definition of the

Herglotz operator H that

Hϕz(x) = α1Wz(x) + α2Vz(x), x ∈ Ω.
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(a) ∥Hϕz∥2 (b) Top view of (a)

Figure 4.2: An illustration of ∥Hϕz∥2 for z ∈ [−2.5, 2.5]3,Ω = {z ∈ R3 : |z| ≤ 0.5}, k =
10, α1 = α2 = 1,p = (0, 0, 1).

Rewrite Ṽ (z) as

Ṽ (z) = z

(
4π

p · z
|z|2

j0(k|z|) + 12π
p · z
k2|z|4

(cos(k|z|)− j0(k|z|))
)

− p

(
4π + 4π

cos(k|z|)− j0(k|z|)
k2|z|2

)
,

thus we can deduce that

Ṽ (z) · W̃ (z) = 0, for all z ∈ R3.

Therefore,

∥Hϕz∥2 = |α1|2∥Wz∥2 + |α2|2∥Vz∥2. (4.2.11)

Now consider z ∈ R3, by Lemma 4.2.6 and the factorization of F

IMOSM(z) ≤ ∥Fϕz∥2 ≤ ∥G∥2∥Hϕz∥2,
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which implies the first estimate of the theorem.

From Lemma 4.2.3 and the Cauchy–Schwartz inequality, we have

∥Fϕz∥∥ϕz∥ ≥ |(Fϕz, ϕz)| ≥ σ∥Hϕz∥2.

Thus, using (4.2.11), the other estimate follows. This lower bound is strictly positive thanks

to the injectivity ofH and the relation (4.2.11). This completes the proof of the theorem.

Now recall that the imaging function of the OSM studied in27 is defined by

IOSM(z) =

∫
S2

∣∣∣∣∫
S2
u∞(x̂,d)((d× p)× d) · (x̂× p)× x̂eikx̂·zds(x̂)

∣∣∣∣2 ds(d)
where p ∈ R3 is some polarization vector. We provide a relation between the imaging

functions IMOSM and IOSM in the case α1 = 0.

Corollary 4.2.6. When α1 = 0, the two imaging functions satisfy

IOSM(z) ≤ |p|2

|α2|2
IMOSM(z)

for all z ∈ R3.

Proof. The proof follows from a combination of Lemmas 4 and 5 in27, and the Cauchy–Schwarz

inequality.

This method is stable with respect to noise in the data. Indeed, assume that we only

know the far-field data F up to a perturbation Fδ such that

∥F − Fδ∥ ≤ δ∥F∥,

for some δ > 0. Denoting by IMOSM,δ, the imaging function corresponding to Fδ, we can

derive the following stability estimate as in theorem 7 in27
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Theorem 4.2.7. The imaging functions IMOSM and IMOSM,δ satisfy

|IMOSM(z)− IMOSM,δ(z)| ≤ (δ2 + 2δ)∥F∥2∥h∥2,

for all z ∈ R3.

4.3 Modified OSM for magnetic anisotropic media

In this magnetic case, we have µ = µ(x). As in the previous section, we first study the

factorization analysis for the far-field operator and then analyze the imaging function for the

modified OSM.

4.3.1 Factorization analysis

Recall that P = ϵ− I3. Denote Q = I3−µ−1. We rewrite the problem for the scattered field

u as

curl curlu− k2u = k2P (f + u) + curl [Q(g + curlu)], in R3 (4.3.1)

curlu× x

|x|
− iku = O(|x|−2) as |x| → ∞. (4.3.2)

Here, the general (f ,g) ∈ [L2(Ω)]3× [L2(Ω)]3 in the right-hand side is convenient for our pre-

sentation. If (f ,g) = (Ein, curlEin), we have the original scattering problem. The following

assumption is important for the analysis in this section.

Assumption 2. Assume that there exist C1, C2 > 0 such that for all z ∈ C3

Im (Qz · z) ≥ C1|z|2, Im (Pz · z) ≥ C2|z|2,

almost everywhere in Ω.

Note that unlike in the non-magnetic case, this assumption excludes the transmission

eigenvalues in the scattering problem. We now define the far-field operator F : L2
t (S2) →
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L2
t (S2) and the solution operator G : [L2(Ω)]3 × [L2(Ω)]3 → L2

t (S2)

(Fp)(x̂) =

∫
S2
u∞(x̂,d,p(d))ds(d), G(f ,g) = u∞,

where u∞ is the far-field pattern satisfying (4.1.3) and

∫
R2

curlu · curlv − k2u · vdx

=

∫
Ω

[k2P (u+ f)] · vdx+

∫
Ω

Q(curlu+ g) · curlvdx, (4.3.3)

for all v ∈ H(curl ,R3) with compact support. It is known in56 that equation (4.3.3) is

equivalent to the integro-differential equation

u(x) = (k2 +∇div)

∫
Ω

Φ(x,y)[P (u+ f)](y)dy + curl

∫
Ω

Φ(x,y)[Q(curlu+ g)](y)dy,

where Φ(x,y) = exp(ik|x − y|)/(4π|x − y|) is the free-space Green function of the scalar

Helmholtz equation. Let H1,2 : L
2
t (S2) → [L2(Ω)]3 be defined by

(H1p)(y) =

∫
S2
p(d)eikd·yds(d) and H2p = curlH1p.

The Herglotz operator H : L2
t (S2) → [L2(Ω)]

3 × [L2(Ω)]3 in the magnetic case is defined by

Hp = (H1p,H2p). (4.3.4)

The adjoint operators H∗
1,2 of H1,2 are given by H∗

1,2 : [L
2(Ω)]3 → L2

t (S2)

(H∗
1g)(d) = d×

∫
Ω

g(y)e−ikd·ydy × d, (H∗
2g)(d) = ikd×

∫
Ω

g(y)e−ikd·ydy.

Then, the adjoint operator H∗ : [L2(Ω)]3 × [L2(Ω)]3 → L2
t (S2) of the Herglotz operator is

given by

H∗(f ,g) = H∗
1f +H∗

2g.
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As in the non-magnetic case, we can factorize the far-field operator as

F = GH.

For (f ,g) ∈ [L2(Ω)]3 × [L2(Ω)]3, the middle operator T : [L2(Ω)]3 × [L2(Ω)]3 → [L2(Ω)]3 ×

[L2(Ω)]3 is defined by

T (f ,g) := (k2P (u+ f), Q(curlu+ g)),

where u is the solution to (4.3.3) with (f ,g) on the right-hand side.

Lemma 4.3.1. The middle operator T is a linear bounded operator on [L2(Ω)]3 × [L2(Ω)]3.

Proof. Consider (f̃ , g̃) ∈ [L2(Ω)]3 × [L2(Ω)]3 and let ũ be the solution with this right-hand

side in (4.3.3). Then,

T (f̃ , g̃) = (k2P (ũ+ f̃), Q(curl ũ+ g̃)),

Therefore, for any a, b ∈ C, we obtain

aT (f ,g) + bT (f̃ , g̃) = (k2P (bũ+ au+ bf̃ + af), Q(bcurl ũ+ acurlu+ bg̃ + ag))

= T (a(f ,g) + b(f̃ , g̃)),

thanks to the linearity of the problem (4.3.3).

For (f ,g) ∈ [L2(Ω)]3 × [L2(Ω)]3, since (4.3.3) is well-posed, there exists a constant C > 0

such that

∥u∥H(curl ,Ω) ≤ C∥(f ,g)∥.

We can deduce the boundedness of T from the following additional estimates

∥P (u+ f)∥ ≤ ∥|P |F∥L∞(∥u∥H(curl ,Ω) + ∥f∥),

∥Q(curlu+ g)∥ ≤ ∥|Q|F∥L∞(∥u∥H(curl ,Ω) + ∥g∥),

where | · |F is the Frobenius matrix norm. This completes the proof.
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Lemma 4.3.2. The far-field operator F can be factorized as

F = H∗T H.

Proof. Since F = GH, it is sufficient to show that G = H∗T . We have

H∗T (f ,g) = x̂×
∫
Ω

k2[P (u+ f)](y)e−ikx̂·ydy × x̂

+ ikx̂×
∫
Ω

[Q(curlu+ g)](y)e−ikx̂·ydy.

It is known that45 the right-hand side of the above equation is the far-field pattern of the

scattered field u given by

u(x) = (k2 +∇div)

∫
Ω

Φ(x,y)[P (u+ f)](y)dy + curl

∫
Ω

Φ(x,y)[Q(curlu+ g)](y)dy.

This implies that H∗T (f ,g) = u∞ = G(f ,g). Therefore, G = H∗T .

For the convenience of the presentation of the proof of the following theorem, we will use

(·, ·) and ∥·∥ indistinctively for the inner product and norm of [L2(Ω)]3 and [L2(Ω)]3×[L2(Ω)]3.

Lemma 4.3.3. There exists γ > 0 such that

(Im T (f ,g), (f ,g)) ≥ γ∥(f ,g)∥2, (4.3.5)

for all (f ,g) ∈ Range(H).

Proof. Denote h1 = g + curlu,h2 = f + u. We have

(T (f ,g), (f ,g)) =

∫
Ω

Qh1 · (h1 − curlu)dx+

∫
Ω

k2Ph2 · (h2 − u)dx

= (Qh1,h1) + k2(Ph2,h2)− (Qh1, curlu)− k2(Ph2,u). (4.3.6)
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From Assumption 2 we obtain that

Im (Qh1,h1)) + k2Im (Ph2,h2) ≥ C1∥h1∥2 + k2C2∥h2∥2.

We now estimate the imaginary parts of the last two terms on the right-hand side of (4.3.6).

Since u is the radiating solution to (4.3.3) we have

∫
R3

(curlu · curlv − k2u · v)dx =

∫
Ω

(Qh1 · curlv + k2Ph2 · v)dx. (4.3.7)

for all v ∈ H(curl ,R3) with compact support.

Let ρ be a positive constant such that Ω is contained in the ball {x ∈ R3 : |x| < ρ}. Now

we take v = ϕu in (4.3.7) where ϕ ∈ C∞(R3) is a cut-off function with ϕ = 1 for |x| < ρ and

ϕ = 0 for |x| ≥ 2ρ, then

∫
Ω

Qh1 · curlu+ k2Ph2 · udx =

∫
|x|<ρ

|curlu|2 − k2|u|2dx

+

∫
ρ<|x|<2ρ

curlu · curl (ϕu)− k2|u|2ϕdx.

Using Stokes’ theorem and taking the imaginary part of the right-hand side of the above

equation we obtain

Im

∫
Ω

Qh1 · curludx+ k2Ph2 · udx = Im

∫
|x|=ρ

(x̂× curlu) · uds(x).

Using the radiation condition (4.1.2) and the asymptotic behavior (4.1.3), we obtain

lim
ρ→∞

∫
|x|=ρ

(x̂× curlu) · uds(x) = − ik

(4π)2

∫
S2
|u∞|2ds(x).

Therefore, we can now estimate the imaginary part of the left-hand side of (4.3.6) as

Im (T (f ,g), (f ,g)) ≥ C1∥h1∥2 + k2C2∥h2∥2 +
k

(4π)2

∫
S2
|u∞|2ds(x).
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From the fact that (Im T (f ,g), (f ,g)) = Im (T (f ,g), (f ,g)), we imply

Im (T (f ,g), (f ,g)) ≥ C1∥h1∥2 + k2C2∥h2∥2.

Now assume that there is no γ > 0 such that (4.3.5) holds. Then, there exists a sequence

{(fj,gj)}j ⊂ [L2(Ω)]3 × [L2(Ω)]3 such that (fj,gj) = 1 and

(Im T (fj,gj), (fj,gj)) → 0 as j → ∞.

Then, it follows h
{j}
1 = fj +curluj → 0 and h

{j}
2 = gj +uj → 0 in [L2(Ω)]3 as j → ∞, where

uj is the solution to

uj(x) = (k2 +∇div)

∫
Ω

[P (uj + fj)]Φ(x,y)dy + curl

∫
Ω

[Q(curluj + gj)]Φ(x,y)dy.

By the boundedness of the integro-differential operators (see56), we obtain

∥uj∥H(curl ,Ω) ≤ C3(∥|P |F∥L∞∥gj + uj∥) + C4(∥|Q|F∥L∞∥fj + curluj∥),

where C3 and C4 are positive constants. Thus uj → 0 as j → ∞ in H(curl ,Ω) and

therefore (fj,gj) → 0 as j → ∞ in [L2(Ω)]3 × [L2(Ω)]3. The latter is a contradiction

with ∥(fj,gj)∥ = 1.

From this coercivity property and the factorization of F , the following lemma, which is

similar to Lemma 4.2.2, is satisfied in the magnetic case.

Lemma 4.3.4. There exists a positive constant γ > 0 such that

|(Fg,g)| ≥ γ∥Hg∥2,

for all g ∈ L2
t (S2).

This lemma is again important for the analysis of the imaging function in the next part.
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4.3.2 The imaging function and its properties

We consider the same imaging function IMOSM(z) and this function also satisfies Lemma

4.2.6. We now prove the main theorem for the analysis of the imaging function in the

magnetic case.

Theorem 4.3.5. For all z ∈ R3 the imaging function satisfies

IMOSM(z) ≤ ∥G∥2[(|α1|2 + k2|α2|2)∥Wz∥2 + (k2|α1|2 + |α2|2)∥Vz∥2],

and

IMOSM(z) ≥ γ2

∥h∥2
[(|α1|2 + k2|α2|2)∥Wz∥2 + (k2|α1|2 + |α2|2)∥Vz∥2]2 > 0,

where h is given in (4.2.5), γ is the positive constant in Lemma 4.3.4, and Wz, Vz are given

by (4.2.7).

Proof. Due to the presence of H2 in the Herglotz operator H in (4.3.4) we need to calculate

curl
∫
S2 d × pe−ikd·zds(d) and curl

∫
S2(d × p) × de−ikd·zds(d). Using the formula (4.2.10)

again, we derive

curl

∫
S2
d× pe−ikd·zds(d) =

4πi

k
curl 2z(pj0(k|z|)) = −ikṼ (z),

where Ṽ (z) is given by (4.2.9). Using (4.2.10) and the facts curl 2 = −∆+∇div, ∆j0(k|z|)+

k2j0(k|z|) = 0, we can compute

curl

∫
S2
(d× p)× de−ikd·zds(d) =

−4π

k2
curl 3z(pj0(k|z|))

=
4π

k2
curl z(p∆j0(k|z|))

= −4πcurl z(pj0(k|z|)) = ikW̃ (z),

where W̃ (z) is given by (4.2.8).

Recall Wz, Vz from (4.2.7) and H1ϕz = α1Wz + α2Vz. Thanks to the above calculations,
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we derive that

Hϕz = (α1Wz + α2Vz, α1ikVz − α2ikWz).

As proven in the proof of Theorem 4.2.4, Wz and Vz are orthogonal. Therefore, we have

∥Hϕz∥2 = ∥α1Wz + α2Vz∥2 + ∥α1ikVz − α2ikWz∥2

= (|α1|2 + k2|α2|2)∥Wz∥2 + (k2|α1|2 + |α2|2)∥Vz∥2.

Recall from Lemma 4.2.6 that IMOSM(z) = ∥Fϕz∥2. As in the proof of Theorem 4.2.4, we

complete the proof of this theorem using the following inequalities

σ2

∥h∥2
∥Hϕz∥4 ≤ ∥Fϕz∥2 ≤ ∥G∥2∥Hϕz∥2.

Here, the first inequality follows from the Cauchy–Schwarz inequality and Lemma 4.3.4, and

the second inequality follows from the factorization of F .

We also have similar properties of the imaging function as in Corollary 4.2.6 and Theorem

4.2.7.

4.4 Numerical results

We apply the classical FM57, the OSM in27 and the modified OSM to invert the 3D

experimental database provided by the Fresnel Institute, France58. More precisely, we

invert the calibrated co-polarized datasets (TwoSpheres-PP, TwoCubes-PP, Cylinder-PP,

CubeSpheres-PP, IsocaSphere-PP) for all the examples in this section. The sampling meth-

ods are implemented using the computing software Matlab. We rescale 40 mm to be 1 unit

of length in our Matlab simulations. From now on we will use scaled lengths in the presen-

tation instead of actual lengths, for example, 2 instead of 80 mm. The sampling domain

is the cube [−2.5, 2.5]3 uniformly divided into 32 × 32 × 32 sampling points. The far-field

pattern is computed from the measured scattered field via (4.1.3). The distance from the
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origin to the receivers (and the sources) is 44.9, which is large enough to guarantee a good

approximation in (4.1.3).

In the experiments the targets are illuminated by 81 incident sources that are located

far away, see Figure 4.3(a) for the distribution of the sources. However, due to technical

reasons, the scattered electric field was collected at only 36 points on S2 ∩ {z = 0}, see

Figure 4.3(b), and only the third component of the scattered field was measured. This is

certainly the main challenge for the sampling methods which typically require full-aperture

data. When computing the integrals to evaluate the imaging functions, the points where no

data is present are treated as 0. Note that the measured data can be enhanced using the

reciprocity property of the far-field pattern, but here we would like to test the performance

of the sampling methods for the original limited-aperture data.

(a) Sources (b) Receivers

Figure 4.3: The experimental setup for incident sources and data receivers.

To help the readers understand better the reconstruction results, we use the information

provided by the Fresnel Institute to create 3D objects mimicking the true 3D targets used in

the experiments. The isovalue used in the 3D isosurface plotting for the case of IsocaSphere is

0.78 (78% of the maximal value of the imaging functions that are normalized). This isovalue

is 0.5 in all of the other cases.

The real data should correspond to the non-magnetic case (µ = I3). The analysis of
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the MOSM in this case requires Assumption 1 about the transmission eigenvalues. Finding

these eigenvalues is by far a nontrivial task, see59. Thus we cannot verify whether the wave

numbers used in the real data validation are transmission eigenvalues. However, the chance

of having these transmission eigenvalues could be small since it is known that the set of such

eigenvalues is at most a discrete set. Furthermore, Assumption 2 may not hold for the real

data since the imaginary part of the permittivity ϵ is probably small and negligible according

to58.

TwoSpheres-PP dataset (Figure 4.4) and Cylinder-PP dataset (Figure 4.5). For the first

two datasets, we can see that the OSM seems to be able to reconstruct only information in the

(x, y)-plane of the targets. This can be due to the lack of measured data in the z-direction.

However, the FM and the MOSM are able to provide more reasonable reconstructions. The

FM can locate the targets but fails to provide reasonable shapes, while the MOSM can

not only locate targets but also provide a good shape reconstruction in the case of the

TwoSpheres-PP dataset. Its result for the Cylinder-PP dataset also looks more reasonable

than that of the FM. The cylinder object has the largest volume among all the targets and

is challenging to reconstruct. Only the data set at 3 GHz gives a reasonable result for this

target.

TwoCubes-PP dataset (Figure 4.6), CubeSpheres-PP dataset (Figure 4.7). For these

datasets the OSM provides similar performance as in the first two cases. It fails to reconstruct

the z-direction of the targets. The reconstruction results of the FM again can provide the

location of the targets. Moreover, the FM can even resolve and provide a reasonable size

of the two cubes for the TwoCubes-PP dataset, see Figure 4.3(b). From the reconstruction

results of the MOSM, we can see that the MOSM are again slightly better than those of the

FM. The MOSM can locate the targets and provide more accurate information about the

shape of the targets.

IsocaSphere-PP dataset (Figure 4.8). This is also known as the Mystery object and is

the most complex in the database. It consists of twelve small spheres but is not as evenly

distributed as those of the CubeSpheres-PP dataset. Compared with the OSM and FM, the

MOSM again performs better. The OSM again fails to image the z-direction of the target
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(a) Target (b) FM (c) OSM

(d) MOSM (e) MOSM on {y = 0} (f) MOSM on {z = 0}

Figure 4.4: Reconstruction with TwoSpheres-PP dataset at 4 GHz.

while the FM cannot reconstruct any information for this case. The MOSM can recover

the location of the target and provide a rough estimate of the shape of the target in the

(x, y)-plane.
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(a) Target (b) FM (c) OSM

(d) MOSM (e) MOSM on {x = 0} (f) MOSM on {z = 0}

Figure 4.5: Reconstruction with Cylinder-PP dataset at 3 GHz.

(a) Target (b) FM (c) OSM

(d) MOSM (e) MOSM on {z = 0.9} (f) MOSM on {z = 1.6}

Figure 4.6: Reconstruction with TwoCubes-PP dataset at 7.5 GHz.
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(a) Target (b) FM (c) OSM

(d) MOSM (e) MOSM on {y = 0} (f) MOSM on {z = 0.4}

Figure 4.7: Reconstruction with CubeSpheres-PP dataset at 4.75 GHz.

(a) Target (b) FM (c) OSM

(d) MOSM (e) MOSM on {z = 0} (f) MOSM on {z = 0.4}

Figure 4.8: Reconstruction with IsocaSphere-PP dataset at 5.75 GHz.
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Chapter 5

Conclusion

In conclusion, this work presents fast and stable numerical methods for solving inverse source

and scattering problems associated with time-harmonic acoustic and electromagnetic waves.

In chapter 2, we introduce a sampling-type method for solving the acoustic inverse source

problem for the Helmholtz equation at a fixed frequency from Cauchy data. We justify the

behavior of the new imaging function, provide stability estimation, and present numerical

results in 2D. The method accurately locates point sources and determines their intensities

with a low relative error of 1 − 10%. We also extend the results to locate small volume

sources using the asymptotic expansion of the radiated field. Compared to existing inversion

techniques, this method is more computationally efficient and robust against noise.

In chapter 3, we successfully combine a sampling-type technique with a U-net Xception

deep neural network to address the challenges of solving the inverse scattering problem using

one incident wave data at a fixed frequency. We expand the analysis of the imaging function

from chapter 2 and relate it to the original OSM. The combined method accurately inverts

objects similar to those in the training dataset and complex objects with differing geome-

tries from the training set. It is applicable to both near-field and far-field measurements.

Additionally, the results remain efficient and robust despite variations in the incident wave

or noise in the testing data.

In chapter 4, we analyze a modified version of the OSM studied in27 for both non-magnetic
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and magnetic cases for anisotropic Maxwell’s equations. Compared with its original version

the modified OSM is proved to be applicable to more types of polarizations associated with

the electromagnetic scattering data. We provide a validation of the modified OSM, its

original version, and the FM for 3D experimental data from the Fresnel database. The

results indicate that the modified OSM performs better than the other two methods and is

a promising imaging approach in inverse scattering.

Moving forward, we plan to extend these theoretical and numerical results to solve more

general and complex inverse problems. For inverse source problems, we will address the

challenging task of identifying sources with significantly different magnitudes of intensity.

We will also study more complex problem settings, including inverse source problems for

electromagnetic and elastic waves, as well as those in waveguide domains. For inverse scat-

tering problems, we plan to extend and enhance sampling-type techniques to reconstruct

more complex scatterers, such as electromagnetic bi-anisotropic media with general consti-

tutive relations. We are also interested in studying inverse scattering problems associated

with elastic waves in both two and three dimensions. Furthermore, we intend to combine

these inversion methods with machine learning to address questions that traditional methods

cannot tackle.
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