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Learning-based physics-enhanced modeling and inline material char-
acterization for electromagnetics

SIMON STENMARK

Department of Electrical Engineering

Chalmers University of Technology

Abstract

This thesis explores data-driven modeling and inline material characterization meth-
ods for electromagnetic problems. In particular, it explores possibilities for combin-
ing physics-based and learning-based techniques to create efficient hybrid methods.
The field of computational electromagnetics (CEM) offers many numerical methods
to solve Maxwell’s equations. However, they tend to be computationally demand-
ing, especially in three spatial dimensions. In the first part of the thesis, we propose
and evaluate Gradient-Informed Attentive Normalization Training (GIANT), a neu-
ral network training procedure for constructing computationally efficient surrogate
models for CEM methods. GIANT consists of two parts: (i) Attentive Normal-
ization (AttNorm), a reparameterization procedure that enables efficient training
of very deep fully-connected neural networks; and (ii) gradient-informed training,
which is used to minimize the number of samples that are needed to train the neural
network. For the reciprocal microwave problems that we consider, we use continuum
sensitivity analysis to compute these gradients at a very low computational cost. We
demonstrate GIANT by constructing accurate surrogate models for a cylindrical res-
onator that is filled with an inhomogeneous dielectric and for an H-plane waveguide
filter. In the second part of the thesis, we develop two inline material characterization
techniques. The first is a method for determining unknown parameters that describe
the materials of an electric motor. The method is based on a computationally ef-
ficient physics-based model of the motor, to which we apply a Bayesian estimation
framework to exploit prior knowledge about the sought parameters. The second is
an auto-calibration method that, given uncalibrated observations of scattering pa-
rameters, simultaneously determines the averaged permittivity of an inhomogeneous
dielectric in the measurement domain and calibrates the measurement system. We
demonstrate the methods by applying them to both synthetic and measured data.

Keywords: Surrogate models, neural networks, deep learning, material
characterization, statistical signal processing, Bayesian estimation.
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CHAPTER 1

Introduction

The advancement of computer hardware makes it possible to solve increasingly
complicated tasks in engineering and science, where applications such as de-
sign optimization and physically accurate simulations often require significant
computational effort. The well-known Moore’s law predicts that the transis-
tor density on integrated circuits doubles roughly every two years, yielding
exponential growth in computing power. However, it becomes increasingly
challenging to continue this growth of computing power as transistors start to
reach atomic scales [1], [2], [3]. Simultaneously, new and more sophisticated
algorithms are at least as important for handling challenging computational
problems. In many scientific domains, the increase in algorithmic perfor-
mance has significantly outpaced the growth in computing power [4]. In the
post-Moore era, these advancements in algorithmic efficiency become more
important than ever to enable continued technological progress.

1.1 Computational electromagnetics

Maxwell’s equations form the foundation of electromagnetic theory [5], and
the ability to solve them efficiently is of great importance for the development



Chapter 1 Introduction

of novel solutions to electromagnetic problems. While analytical solutions
of Maxwell’s equations often provide valuable insight into the behavior of
a problem, they can typically only be derived for special cases. For most
practical problems, we have to resort to one of the many numerical methods
that form the field of computational electromagnetics (CEM) [6].

The finite element method (FEM) [7], [8], [9] is a popular method for solv-
ing Partial Differential Equations (PDEs). Here, we consider the frequency-
domain FEM with a single excitation frequency, which is a common formu-
lation for electromagnetic problems. In the FEM, the fields are expanded in
basis functions that are defined on finite elements, where curl-conforming ba-
sis functions |10] are used to avoid the occurrence of spurious modes. Next,
a weighted average of the residual of the PDE is set to zero. This results in
a system of linear equations Ax = b, where the sources of the problem are
associated with the right-hand side vector b. Here, the system matrix A is
typically sparse and symmetric, which is beneficial in terms of the memory
required to store the matrix. The bandwidth of the matrix is determined by
the order of the basis functions that are used for the field expansion, where
higher-order basis functions can allow for larger elements and thus fewer un-
knowns at the cost of a higher matrix bandwidth [11]. For sufficiently small
problems, we can factorize the matrix A and reuse the factorization as a differ-
ent waveguide port is excited or the angle of incidence changes in a scattering
problem. Thus, we can change the sources of the problem at the relatively
low computational cost associated with a forward and backward substitution
given a new vector b [12]. However, we need to perform a completely new
simulation for any changes to the frequency, materials or geometry of the
problem.

A second popular CEM method is the method of moments (MoM) [13],
[14]. Based on Maxwell’s equations and appropriate information on bound-
ary conditions, a so-called Green’s function is used to formulate an integral
equation [15], where the sources are expanded in divergence-conforming basis
functions [11], [L6]. The weighted average of the residual of the integral equa-
tion is set to zero, which results in a system of linear equations. The MoM
is well suited for situations where the sources are described by relatively few
degrees of freedom compared to the degrees of freedom that would be required
to describe the corresponding field, such as scattering problems and antenna
problems in free space. The MoM is also useful for truncating the computa-
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tional domain in hybrid methods such as the finite element - boundary integral
method [17], [1§], [19]. The frequency-domain MoM shares many properties
with the frequency-domain FEM with respect to the dependencies for the sys-
tem of linear equations Ax = b. However, the system matrix A is dense,
which is very demanding in terms of memory requirements. Similarly as for
the FEM, if we factorize the matrix A, we can reuse the factorization of the
matrix for any changes to the vector b, which corresponds to the sources of
the problem. However, we need to perform a completely new simulation for
any changes to the frequency, materials or geometry of the problem. As an
important extension to the MoM, the fast multipole method (FMM) [20], [21]
allows grouping of sources in close vicinity to provide a sparse factorization
of the matrix A, which can severely decrease memory requirements and the
computations needed to solve the linear system of equations. However, the
FMM is only appropriate for use with iterative solvers, meaning that we must
also perform a completely new simulation for any changes in the vector b.
The finite-difference time-domain (FDTD) [22], [23] scheme is one of the
most common methods for microwave problems. In the FDTD scheme, we rep-
resent the electric field and magnetic field on uniform grids that are staggered
with respect to space. We then use centered finite-differences [12] to approxi-
mate the derivatives in Ampere’s law and Faraday’s law and perform explicit
time-stepping by means of the leap-frog time-stepping scheme [9], where the
size of the time-step for stable time-stepping is limited by the Courant con-
dition. Common add-ons to the FDTD scheme include the perfectly matched
layer [24] for absorbing outgoing waves, near-to-far-field Transformation [22]
for computing electromagnetic fields in the far-field region from near-field data
and Huygens’ surfaces [22] to provide a plane wave excitation. An advantage
of the FDTD scheme is that the computer memory can be used almost ex-
clusively for the storage of the electromagnetic field, as no system matrix A
needs to be stored. Another advantage is that we can compute the response
for many frequencies in one simulation if we excite the problem with a pulse
of large frequency-bandwidth. However, we need to perform a completely
new simulation for any change in the materials, geometry, or excitation of
the problem. Another major drawback of the FDTD scheme is its difficulty
in resolving oblique and curved boundaries due to the discretization of the
computational domain by means of brick-shaped cells, which leads to the so-
called staircase approximation problem that can severely impact the accuracy
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of the results [25]. Approaches to mitigate the staircase approximation is-
sue include conformal FDTD-methods [26] and hybridization with the finite
element method [27].

Learning-based surrogate models for Maxwell’s equations

In many applications, we wish to know the behavior of the quantities of inter-
est as a function of material and/or geometry parameters for a specific (and
limited) region in the parameter space that describes the material and/or ge-
ometry of the problem. However, for all the considered CEM methods, it is
computationally costly to change the materials or geometry of the problem
and we can effectively only sample discrete points in this parameter space. An
approach to overcome this limitation is to use a so-called surrogate model [28],
a data-driven model that is tuned to fit data that is computed by a conven-
tional CEM method. The surrogate model can then be used to approximate
the conventional CEM method for intermediate parameter values. The trained
surrogate models can be used by themselves, or as a complement to a de-
tailed model in a space-mapping scheme [29|, [30]. Common methods used
to construct surrogate models include polynomial response surfaces, radial
basis function models, support vector regression, and Kriging [31], [32]. In re-
cent years, deep neural networks have been of particular interest as accurate
surrogate models for electromagnetic applications [33] due to their ability to
express complicated non-linear relationships between input and output.
Deep neural networks [34] can be structured in a variety of ways depending
on the application at hand. Architectures such as convolutional neural net-
works and auto-encoders [34] display impressive results for tasks such as com-
puter vision and anomaly detection. Transformer-based models [35] achieve
state-of-the-art results in tasks such as image classification [36] and machine
translation [37], and form the foundation of large language models such as
ChatGPT [38] and Claude [39]. Most specialized architectures assume that
the data is organized according to a certain structure. For example, convo-
lutional neural networks efficiently treat grid-like data such as images, while
recurrent neural networks efficiently treat sequential data such as text or time-
domain signals. Data derived from electromagnetic problems often feature
more complicated dependencies, which makes more agnostic neural network
architectures, such as fully-connected neural networks (FCNNs), attractive.



1.2 Aim of thesis

In between physics-based and learning-based models

The many physics-based methods that comprise the field of CEM allow for the
treatment of a wide range of electromagnetic problems. Physics-based models
provide an understanding of the underlying problem and allow for the anal-
ysis of novel situations for which no observations exist. However, apart from
being computationally demanding to evaluate, they typically require simpli-
fications of the problem that can affect the accuracy of the results. Unlike
physics-based models that are based on first-order principles, learning-based
models allow for learning the behavior of the problem from data. Today’s
powerful hardware and recent developments in data-driven algorithms open
up exciting new possibilities to model problems that are intractable to model
using physics-based methods. However, learning-based models typically re-
quire large amounts of data to train, which can be challenging to collect and
annotate. They also provide a limited understanding of the problem, and a
naive implementation may yield non-physical results.

In between purely data-driven and physics-based models, there are hybrid
models that include elements of both physics-based and learning-based mod-
els. Examples include physics-informed neural networks [40], knowledge-based
neural networks [41], [42], and neural networks that predict the poles and
residues of pole-residue-based transfer functions [43]. The additional structure
granted by the information about the physics can improve the interpolation
capabilities of the model and potentially allow extrapolation beyond the range
of the training data.

1.2 Aim of thesis

In this thesis, we explore possibilities to complement or replace full-wave
solvers with data-driven models that are computationally inexpensive to eval-
uate. In particular, we exploit neural networks to model the complicated
non-linear relationships present in microwave problems. We train the data-
driven models to emulate the full-wave solvers in a limited domain of the
parameter space, which provides a powerful complement to full-wave solvers.
We also explore methods to use physics-based and hybrid models to estimate
unknown parameters that caused a set of observations, and use the methods
to implement material characterization techniques for inline applications.
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Figure 1.1: The boundary value problem under consideration. The enclosed vol-
ume §? is surrounded by the PEC surface I'prc. The volume is con-
nected to P waveguides that are truncated by waveguide ports that co-
incide with the surfaces I'1,I'2,...,'p. Waveguide port ¢ is excited by
the incident wave E;. The local longitudinal coordinates (i, (2, ...,(p
are directed normally outwards from 'y, "2, ..., 'p.

1.3 Canonical electromagnetic problem

We consider the class of problems that can be represented by the general N-
port microwave network shown in Fig. Here, we have the perfect electric
conductor (PEC) surfaces I'pgc. The ports I'1,I'g,...['p are connected to
waveguides, which have identical, constant cross-sections and are filled with
a homogeneous dielectric. We assume that the frequency w is within the fre-
quency range where only the dominant mode of the waveguides is propagat-
ing, and that the length of the waveguide is sufficiently large for all evanescent
higher-order modes to have a negligible amplitude at the waveguide port.



1.8 Canonical electromagnetic problem

Given this setting, we consider the boundary value problem

1
V x (v X E> — (w?e — jwo)E=0 inQ, (1.1)
J7

nxFE=0 OanEc,
AxXVxE+yaxaxE=2yxnaxE, only,
nxVxE+ywmxnxE=0 onl, Vp#q (1.4)

Here, the electric field E is governed by the three-dimensional vector
Helmholtz” equation . The materials in the computational volume €2
are modeled by the permeability p, permittivity € and conductivity o, all of
which are allowed to be inhomogeneous and frequency dependent. The unit
normal 7 is directed outwards from the volume 2. We use a Dirichlet bound-
ary condition on the PEC surfaces I'pgc. On the surfaces I'1,I's,...T'p
that coincide with the waveguide ports, we use Robin boundary conditions
and . Here, v is the complex propagation constant of the dominant
waveguide mode m [44], which is used to excite port ¢ by the incident electric
field

E} = Ej "% m. (1.5)

The coordinate ¢, is the local longitudinal coordinate associated with port g,
as shown in Figure [[.I] This general formulation encapsulates a wide range
of wave-propagation problems within an enclosed computational domain.

Scattering parameters

We define the scattering matriz as the matrix S that contains the scattering
parameters

T
S _ EO,P
pqg — Ei
0,9

(1.6)

where E} = Ej e~ "»m is the reflected electric field at port S,. To compute
all scattering parameters, we need to excite each port once, meaning that we
need to solve P boundary value problems.
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Solution by finite element method

Here, we use the FEM to solve the boundary value problem (1.1})-(1.4). The
weak formulation is stated as: find the electric field E € Hp(curl; Q) such that

a(v, E) =b(v), Vwve Hy(curl;) (1.7)

where
H(cul,Q) = {E : (/Q |E?dQ < oo) and (/Q |V x E|?dQ < oo>} (1.8)
Hy(curl,Q) = {E € H(curl,Q) : & x E =0 on I'pgc} (1.9)

For the boundary value problem (|1.1)-(L.4), we have the bilinear form a and
linear form b as given by

a(v, E) = /Q {1(v xv)-(V x E) — (w?e — jwo)v - E} dQ

MP
+’ymZ/F (A x v) - (A x E)dl (1.10)
b(v) = 2%/ (A x v) - (A x B})dI. (1.11)
T

q

Next, we expand E in the curl-conforming basis functions IN; € Hy(curl, §2)
[7] according to

E(r) =Y E;N(r). (1.12)

We use Galerkin’s method and choose the weighting functions from the set of
basis functions IN;. Finally, Eq. (L.7) yields a system of linear equations Ax =
b formulated in terms of the unknown vector x with the sought coefficients
E;.

Sensitivity analysis for the scattering parameters

Given a parameter vector £ that contains parameters describing the materi-
als and/or geometry of the BVP (L.1)) - (1.4]), we can expand the scattering

10
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parameter (|1.6) around a linearization point &), as

Spq(&iin + 0&) = Spq(&1in) + 6.Spq(&1in, 08) + ... . (1.13)

Here, we have the sensitivity 0Spq(&in, 0&) of the scattering parameter S,
with respect to the linearization point &}, and perturbation §€, which is an
arbitrary infinitesimal perturbation of the parameter vector £. If we neglect
the higher order terms, we obtain the linear model

Spq(&iin + 0&) = Spg(&lin) + 0Spq(&in, 6E). (1.14)

If we have access to the sensitivity §.Spq(&iin, 0€), we can use as a locally
applicable model of Sp,.

We can apply continuum sensitivity analysis to compute the sensitivity
0Spq(&lin, 0€) from the field solutions of the original problem and of an adjoint
problem. To exemplify, we consider the situation where the waveguides of the
BVP - consist of coaxial cables, which is an example typical of
situations where scattering parameters are measured using a vector network
analyzer. Then, the sensitivity with respect to a perturbation d¢ is given
by [45]

1

ﬁéa(EadLEori;éE) (115)
Y Bty B3y

5Spq(£lin7 55) = -
where k is a constant that is computed from the geometry of the waveguide
port, and da refers to the perturbation of the bilinear form that is
associated with the field solutions E*J = E2di(g&;,) and E° = E° (&)
of the adjoint and of the original problem, as well as the perturbation §&.
For example, the perturbation da that is associated with a perturbation de =
0€(0€) of the permittivity e is given by

Sa(E* oM 6€) = —w? / Se E*Y . EOi Q). (1.16)
Q

For the reciprocal microwave problems that we consider, the field solutions

to all adjoint problems are available once the full scattering matrix is com-

puted. Then, we can compute all the corresponding sensitivities without the

need to solve any additional field problems. In comparison to the computa-

tional cost associated with the solution of the field problem, the additional
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computational cost associated with the evaluation of the sensitivity is neg-
ligible since it only involves a weighted inner product between two (already
available) field solutions.

1.4 Abstract formulation of the canonical
electromagnetic problem

We introduce the input vector
x = [, €] (1.17)

of length @ where we have the parameter vector &€, that contains parameters
describing the materials and/or geometry of the BVP - , and the
excitation frequency w. We also introduce an output vector y of length P that
contains quantities of interest for the specific problem, such as the scattering
parameters (|1.6)).

The input vector x and output vector y are related through a model f as

y=1fx), xeP. (1.18)

Here, the model f consists of the CEM method that is chosen to solve the
boundary value problem - , as well as any additional post-processing
steps that are needed to compute the quantities of interest. We refer to the
set P as the domain of the model, and the set of attainable y for x € P
as the range of the model. While this thesis only considers electromagnetic
problems that can be modelled by the boundary value problem - ,
this formulation encapsulates any type of frequency-domain problem where
one or more quantities y are deterministically dependent on the excitation
frequency w and the parameters £ that define the problem.

12



CHAPTER 2

Learning-Based Models for Electromagnetic Problems

Most conventional CEM methods are computationally costly, especially in
three space-dimensions. This can be a severely limiting factor in applications
where the model f must be evaluated a large number of times. For computa-
tionally demanding applications, an attractive alternative is to complement or
replace the CEM method with a data-driven model that is trained to emulate
the CEM method, a so-called surrogate model [28]. We define the surrogate
model f as

y=1£(x;0) (2.1)

where ¥ is an estimate of y and 0 is a set of tunable parameters. When we
train the model, we tune the parameters @ of the model such that

f(x;0)~f(x), xePCP (2.2)
where P is a subset of the full parameter domain P. If we choose a surrogate

model f that is inexpensive to evaluate, it can then be a very powerful and
useful complement to the conventional CEM method.

13
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Figure 2.1: Schematic overview of a fully-connected neural network. The input x
has @ elements and is followed by L fully-connected layers, where layer
(1) has the width N;. The output y has P elements and is given by the
final hidden layer with index (L).

2.1 Supervised learning workflow

In this work, we use supervised learning |46] to construct surrogate models. In
a typical workflow to construct a surrogate model using supervised learning,
we use a conventional CEM method to create a dataset that consists of input-
output pairs, or samples. To reduce numerical issues in the training process,
we preprocess the data to normalize the input and output features such that
each feature has zero mean and unit variance [12]. The dataset is split into a
training set, a validation set, and a test set. We then train a data-driven model
on the training set to make the response of the model match the provided data.
We use the validation set to evaluate the interpolation performance of the
trained model and tune the hyper-parameters of the model until satisfactory
performance is achieved. To obtain an unbiased estimate of the performance
on unseen data, we finally evaluate the trained model on the unseen data in
the test set.

2.2 Foundations of fully-connected neural networks
A neural network is a numerical model that consists of neurons, where each
neuron is a computational unit that produces a numerical output from one or

more numerical inputs. As illustrated in Fig. in a fully-connected neural
network (FCNN) the neurons are organized into layers and the output of each

14



2.2 Foundations of fully-connected neural networks

neuron is connected to the input of every neuron in the subsequent layer. The
number of layers L is referred to as the depth of the neural network, whereas
the number of neurons in a layer is referred to as the width of the layer. Given
a sufficient number of neurons, FCNNs can approximate any Borel measurable
function from one finite dimensional space to another to an arbitrary degree
of accuracy [47]. Contrary to more specialized neural network architectures
such as convolutional neural networks (CNNs) and recurrent neural networks
(RNNs) [34], the FCNN does not require the data to be organized according to
any particular structure. This property makes FCNNs well suited for general
regression tasks.
We can describe an L-layer FCNN as shown in Fig. as the function
composition
f(x) = (h<L> ohF Do . oh<1>) (x) (2.3)

where h® denotes the fully connected layer I. Here and in the following, we use
the super-index (I) in parentheses to indicate that a quantity is associated with
fully connected layer [. The operation f = g o h is the function composition
operation that takes two functions g and h and returns a function f such that
f(x) = g(h(x)). The fully connected layer [ is given by

h®(z) = g® (w<l>z n b<l>) (2.4)

where ¢() is an element-wise non-linear activation function, W a weight
matriz and b®) a bias vector. When we train an FCNN, we tune the elements
in the weight matrices and bias vectors to minimize a loss function and make
the function described by the FCNN match the input-output pairs in the
training set. Today, the availability of powerful GPUs and other massively
parallel computing architectures makes it possible to train very deep FCNNs
with the capability to express complicated non-linear relationships between
input and output.

The choice of activation function ¢(Y) has important implications for the
training and performance of the FCNN. The Rectified Linear Unit (ReLU)
[34] is a common choice. However, the derivative of the ReLU is discontin-
uous and piecewise constant, which is prohibitive in applications where the
second-order derivative of the activation function must be evaluated. Other
common choices include the sigmoid and the hyperbolic tangent functions [34],
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which are smooth but generally offers worse training performance than the
ReLU [48]. The Swish activation function [49] was found by means of rein-
forcement learning and offers improved performance when compared to the
ReLU on a number of tests. Klambauer et al. [50] proposed the Scaled Ex-
ponential Linear Unit (SELU) activation function, which has self-normalizing
properties. In the context of surrogate models for electromagnetic problems,
Jin et al. [51] proposed a smooth ReLLU activation function which they exploit
to successfully train fully-connected neural networks that are up to 14 layers
deep.

Increasing the depth of the neural network increases its expressivity much
faster than increasing its width [52], which is why much research effort has
concerned the training of increasingly deep neural networks. However, there
are several complications associated with training very deep FCNNs. For suf-
ficiently deep neural networks, we face the problem of vanishing or exploding
gradients [53], in particular when we use activation functions g for which the
derivative g’ can become much larger or smaller than unity [48]. An important
consideration in the training of neural networks is the choice of weight opti-
mizer, where optimizers that feature adaptive learning rates such as Adam [54]
can help mitigate the effects of vanishing or exploding gradients [55]. Another
technique that can mitigate the issue of vanishing or exploding gradients is
to introduce normalization between the hidden layers of the neural network,
where common examples of such techniques include BatchNorm [56] and Lay-
erNorm [57]. However, it has been noted that FCNNs in particular are dif-
ficult to train using these techniques, which Klambauer et al. attribute to
perturbations of the training process that are associated with updates of the
normalization parameters [50]. For deep FCNNs with very many degrees of
freedom, we also risk overfitting [46] the neural network to the training data,
which means that the neural network memorizes the samples of the training
set and does not generalize to unseen data. A clear indicator of overfitting
is when the error on the training set is much smaller than the error on the
validation set. To some extent, regularization can decrease the problem of
overfitting. Commonly used regularization techniques include explicit tech-
niques such as penalizing large weight matrices W® in the loss function [34]
and dropout [58|, but also implicit techniques such as early stopping [59].
However, the typical solution to the problem of overfitting is to add more
samples to the training set. These samples can be computationally expen-

16
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sive to obtain, which means that the number of samples is often the primary
limiting factor for how expressive FCNNs we can train.

2.3 The GIANT neural network training framework

In Paper A, we present Gradient Informed Attentive Normalization Training
(GIANT), a neural network training framework that enables efficient train-
ing of very deep FCNNs. GIANT features (i) a weight-bias reparametrization
procedure that is referred to as Attentive Normalization (AttNorm) and is de-
signed to reduce numerical issues that are associated with the training of very
deep neural networks, and (ii) a loss function that incorporates the deriva-
tives of the output y with respect to the input x in the training of the neural
network to significantly decrease the number of samples necessary for train-
ing. The two methods together makes it possible to train very deep neural
networks with comparatively few samples. We refer to an FCNN that was
trained using the GIANT framework as a GIANT network.

Attentive Normalization

In Paper A, we present a novel normalization procedure that we refer to
as Attentive Normalization (AttNorm). As illustrated in Fig. AttNorm
consists of normalization layers that are inserted between the hidden layers of
the FCNN and transform each element of the layer output as

7(l l l l
WY — s (9 - ). (25)

§‘l) and the scale factor sg.l) are normalization param-

eters and By) is element j of the normalized output of layer [. The statistics

Here, the centering term p

of h;l) shift during training of the neural network which means that ugl) and
)

s;’ need to be repeatedly updated during training for the normalization to

be effective.
To choose the scale factors, we introduce a novel low-variance preserving

(LVP) scaling function

o+e€

o2 +€

s(0) = (2.6)
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Figure 2.2: Architecture of an AttNorm-equipped neural network. We have the
normalization layers which normalize the input to each layer, where
the normalization layer [ is characterized by the sample mean values
n® and the scale factors s. The operator ”®” denotes an element-
wise product. The remaining layers are the fully-connected layers.
Note that the output fully-connected layer | = L uses the activation
function gou¢ which is chosen for the application at hand.

;l) based on the sample standard deviations O';Z).

The hyper-parameter €, which controls the scaling for small standard devia-
tions o, needs to be tuned for the application at hand. The scaling function
has its maximum at ¢ = y/e (1 + €) — € and reduces to unit scaling s(o) ~ 1
for o < €. Fig. [2.3]shows a comparison between the LVP scaling function and
a conventional scaling function Scony(c) = 1/v0? + €. The LVP scaling func-
tion is designed to preserve the variance of nearly constant signals with a very
small standard deviation and in Paper A we demonstrate that it improves the

to choose the scale factors s

stability of the neural network training process compared to a conventional
scaling function.

After updating the normalization parameters, the neural network as shown
in Fig. will represent a different function f. To lessen the perturbation of
the training process that is associated with the update of the normalization
parameters, we also update the weight matrices and bias vectors of the neural
network such that the function f remains unchanged by the update. AttNorm
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Figure 2.3: Low-variance preserving scaling function compared to a conventional
scaling function for different values of e. Solid lines: low-variance pre-
serving scaling function; and dash-dotted lines: conventional scaling
function.

is designed to be used with the Adam optimizer [54], and as part of the
procedure, we also update the internal variables of the optimizer to remain
consistent with the reparameterized weight-bias space. The procedure allows
us to efficiently train very deep FCNNs, and in Paper A we demonstrate
successful training of FCNNs that are 30 layers deep.

Gradient-informed training of neural networks

In the standard approach, the neural network is trained only to match the
function value y for a given input x. Here, we extend the output data to
also contain the derivatives of the output with respect to the input, which is
a special case of so-called Sobolev training [60]. In this approach, we include
the Jacobian matrix J with the elements

_ 9%

JPQ - arq

(2.7)
for the samples in our data sets. Then, we include the misfit with respect to
J in the loss function that we use when we train the neural network. This
can massively reduce the number of samples needed to successfully train the
network. In situations where the derivatives are computationally inexpensive
to obtain, this can allow training much more expressive neural networks for a
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F(y,y) F+aGl—— 1L

Figure 2.4: Flowchart illustrating how the loss L is computed from the input x,
the output y and the Jacobian matrix J. Here, the neural network is

denoted by f(x). The Jacobian ¥ is computed using automatic differ-
entiation.

given computational budget.

In Paper A, we exploit automatic differentiation [61] to differentiate the
FCNN with respect to the input x as shown in Fig. As we evalu-
ate the neural network, we then obtain both the function values ¢, and the
Jacobian matrix

.9y
1= G
q

(2.8)

simultaneously. To include the derivatives in the training of the neural net-
work, we formulate the total loss function

L=F(y,y)+aG(J,Jd) (2.9)

which is a linear combination of two loss terms: F(y,¥) - the misfit of the
function values; and G(J,J) - the misfit of their derivatives. The weight «
is considered a hyper-parameter that needs to be tuned, where o = 0 yields
the conventional loss function based only on the misfit of the function values.
Here, we note that differentiating the loss function [2.9] with respect to the
weights or bias terms of the neural network includes computing the second

20



2.4 Surrogate models based on Padé approximants

derivatives of the activation functions g(*). Thus, the activation functions that
are used for gradient-informed neural networks must be twice differentiable,
which excludes piece-wise linear activation functions such as the ReLU. For
the test-problems that we consider, the number of samples that are required to
train the neural network is significantly reduced when we include the deriva-
tives in the loss function. As discussed in Section [1.3] continuum sensitivity
analysis can be used to compute these derivatives at a very low computational
cost for the reciprocal electromagnetic problems that we consider.

2.4 Surrogate models based on Padé approximants

Another important class of surrogate models for scattering parameters is the
Padé approrimant. Given the function f(z), a Padé approximant Ry y(x)
of order [M/N] is a rational function that approximates f(z) as

ZM:() bx™
z)~ R r)=—“—"=" 2.10
$o) = Rugto) = {Eg (2.10)

where M > 0 and N > 1. The tunable parameters @ consist of the coefficients
by and a,, which are learned from data. Padé approximants are useful in
the study of linear time-invariant systems, as their transfer functions can be
represented in the form of rational functions [62]. Here, the denominator
represents the differential operator while the excitation is contained in the
numerator. As opposed to Taylor expansions, Padé approximants have the
ability to accurately model poles, which makes them more suitable for global
approximation. Due to their strong non-linearity and ability to represent
poles, Padé approximants are also useful as learnable activation functions for
neural networks [63], [64].

In applications where we wish to interpolate scattering parameters with
respect to frequency, it is natural to set m = n — 1 [65]. In this case, we can
write the Padé approximant of a scattering parameter Sy as the pole-residue
expansion

K
Spalw) = 3 P2k (2.11)

w —w
k=1 k

where the scattering parameter Sp,(w) is characterized by the K poles wy
and the residues r,4. We assume that all scattering parameters share a
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common set of poles [66] and thus omit the indices pq in the denominator of
Eq. (2.11). With the help of algorithms such as FSID [67], vector fitting [68] or
Padé-via-Lanczos [65], we can identify the residues and poles from the samples
in the training set. The number of samples that are needed for identification
increases with model order K. However, it is often sufficient to identify the
dominant pole-residue pairs in the frequency range of interest, which presents
the opportunity for substantial reductions in model order K. For noisy data,
we can increase the number of samples that we use for identification to achieve
a more robust approximation.

Multi-variate Padé approximants can also be used for interpolation with
respect to parameters that describe the geometry and materials of a prob-
lem [69]. In Paper C, we use single-pole Padé approximants to locally interpo-
late scattering parameters with respect to the permittivity of a homogeneous
dielectric within a metal pipe. The coeflicients of the local Padé approxi-
mants are learned from samples that are computed for permittivity values
that are uniformly sampled on a grid. Given a realization of an inhomoge-
neous dielectric in the pipe, we then exploit the local Padé approximants in a
non-linear optimization algorithm to estimate the average permittivity of the
inhomogeneous dielectric.
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2.5 Towards global optimization

2.5 Towards global optimization

Efficient, accurate and robust global optimization is very desirable in many
engineering design challenges and inverse problems. Here, we discuss how
computationally efficient and sufficiently accurate surrogate models can be
used to achieve this objective. We formulate an optimization problem [70] as

Xopt = arigergin G(f(x)) (2.12)
ot {gl(x)g(), 92(x) <0,..., gu(x) <0
o hl(X):O, hQ(X):O7"'a hN(X):O

where we seek to find the global minimum X,p that minimizes the objective
function G under a set of inequality constraints g,, for m = 1,2,..., M and
equality constraints h,, for n = 1,2,..., N. An optimization problem is called
feasible if there is a vector x such that all constraints are fulfilled simulta-
neously, otherwise the optimization problem is called infeasible. For feasible
problems, the set of parameter vectors x where all constraints are fulfilled is
then called the feasible region. Furthermore, we distinguish between linear
and non-linear optimization problems, as they typically require different so-
lution methods. An optimization problem is only linear if the loss function
and all the constraints are linear functions of x. Many methods for non-linear
optimization are local optimization methods, meaning that they locate a mini-
mum in the vicinity of an initial guess [71]. For convez optimization problems,
the global minimum X, is the only minimum, but in general, there may be
local minima that does not correspond to the global minimum Xqp¢. To avoid
poor local minima, it is therefore necessary to find a sufficiently good ini-
tial guess for the optimization method, or to apply the method starting from
sufficiently many initial guesses.

For an optimization method supported by a surrogate model, the surrogate
model must be trained on the feasible region. For satisfactory interpolation
performance, we should also ensure that the parameter domain P is densely
populated in the vicinity of the minimum that we seek. For problems with
small parameter domains, we can simply densely populate the entirety of the
parameter domain. However, for problems with high-dimensional parameter
domains, the number of samples needed to densely populate the entire pa-
rameter domain may be prohibitively large. In some situations, we can use
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X1

Figure 2.5: Example of a grid-search method given a two-dimensional parameter
vector x. The local minima of the objective function is shown with
red crosses, while the global optimum is shown with a green star. The
black dots indicate the set of candidates x'*} for i = 1,2, ..., N which
are spaced on an equi-distant grid. The red circle shows the found
initial guess Xguess, Which is the candidate x1% that gives the lowest
value of G (f(x{i})).

conventional methods to obtain an initial guess for the minimum and populate
the data set densely in the vicinity of this guess. Another powerful alterna-
tive is to employ iterative resampling schemes where the data set is iteratively
populated in the vicinity of minima found by an optimization algorithm [72],
3]

In the following, we discuss how a computationally efficient surrogate model
can be used to massively sample the parameter domain to find a satisfactory
initial guess for local optimization methods. We also discuss how the Jaco-
bian matrix and higher-order derivatives, which can be readily computed
given a differentiable surrogate model, can be used to formulate iterative meth-
ods for local optimization.

Sampling strategies and zeroth-order methods

When we solve a non-linear optimization problem, we often have little to no
prior knowledge of the behavior of the loss function that we wish to minimize.
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When this is the case, we must sufficiently explore the parameter domain to
find a good initial guess before we apply any local optimization methods. A
simple and robust approach is to find an initial guess Xguess for the global
minimum as

Xguess = argmin Cv’(f()({"}))7 ie{l...N} (2.13)

x{i}

for some suitable set of candidates x" for i = 1,2,..., N. Fig. shows
an example of this, where the candidates x{? for a two-input model are cho-
sen on a Cartesian grid. With a sufficiently small grid-spacing, grid-search
methods allow thorough exploration of the parameter domain. However, the
number of function evaluations grows exponentially with the number of pa-
rameters. There are a number of alternative strategies to select the set of
candidates x*} that aim to mitigate the curse of dimensionality. Monte Carlo
methods [74] employ random sampling of the parameter domain, whereas
quasi-Monte Carlo methods base the sampling on pseudo-random sequences
such as Sobol sequences [75] to avoid clustering of the samples. Latin hy-
percube sampling [76] divides the range of each parameter into equiprobable
intervals and selects one sample in each interval for each parameter. Adaptive
sampling strategies [77] dynamically assess already observed samples to make
new samples target high-uncertainty regions of the parameter space.

The grid-search strategies discussed above are examples of zeroth-order op-
timization methods [78]. Zeroth-order optimization methods are based only on
the value of the objective function G and do not require any explicit derivative
information. They are particularly useful when derivatives are computation-
ally expensive or unavailable, e.g. for discrete parameters. Global zeroth-order
optimization methods aim to find an approximation of the global minimum
of G, which can then be refined by means of local optimization methods.
Common examples include genetic algorithms [79], particle swarm optimiza-
tion [80] and simulated annealing [81]. A disadvantage of zeroth-order opti-
mization methods is that they typically require a very large number of eval-
uations of the objective function G. To employ such methods, it is therefore
very beneficial to have access to a computationally efficient surrogate model.

25



Chapter 2 Learning-Based Models for Electromagnetic Problems

Iterative methods for local optimization

Iterative optimization methods based on a search direction are an important
kind of local optimization methods that exploit the updating scheme

xln+1) — xln] _ o m)gln] (2.14)

where we, for each iteration n, take a step of length v["! in direction d!/ [82].
The choice of optimization method dictates how 4™ and dI" are chosen.
The methods are initialized with an initial guess x[% and attempt to locate a
minimum in the vicinity of this guess. Here, it is advantageous to use a global
search strategy as discussed in Section to obtain a good initial guess for
the global minimum.

First-order methods

In first-order optimization methods [83], the choice of direction d™ is based
on the gradient of the objective function VxG. Examples include line-search
methods and trust-region-based methods such as the Levenberg-Marquardt
algorithm and Powell’s dogleg method. In the Gauss-Newton method, which
is used to solve non-linear least squares problems, the gradient V4G is used
to compute an approximation of the Hessian matrix for the goal function G.
We note that

VxG =J'V,G (2.15)

and thus, as long as we can differentiate G with respect to the elements of y
to compute V,G, we can use the Jacobian matrix J to compute V4G.

For conventional CEM methods, the derivatives in J can be computationally
costly to obtain. Some derivatives can be obtained by means of continuum
sensitivity analysis as discussed in Section [I.3] but this is not always possible.
Another alternative is to estimate J through finite-difference approximations
of the derivatives, but this approach is computationally costly and prone to
numerical errors. Here, it is advantageous to use surrogate models for which
J can be evaluated cheaply, for example by means of automatic differentia-
tion [61] of a neural network.
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Second-order and higher-order methods

Second-order optimization methods include second-order derivatives in their
update schemes to improve the rate of convergence compared to lower-order
methods. It is possible to explicitly formulate such methods for Maxwell’s
equations [84], but it involves significant effort. Here, it is attractive to have
access to an easily differentiable surrogate model. A common example of
a second-order method is the Newton-Raphson method [83], which uses the
inverse of the Hessian matrix to scale the gradient step. Should even higher-
order derivatives be available, higher-order methods may further improve the
rate of convergence [85], [86].

The Hessian matrix is also useful to characterize stationary points located
by a first-order optimization method. By studying the eigenvalues of the Hes-
sian matrix, we can determine if the stationary point is a minimum, maximum
or saddle point. Should the Hessian feature zero (or small) eigenvalues, the
test based on only second-order derivatives is inconclusive and higher-order
derivatives should be evaluated and assessed. Again, automatic differentiation
applied to a neural network may be an attractive alternative for such a task.
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CHAPTER 3

Methods for Inline Material Characterization

Most conventional techniques for electromagnetic characterization of mate-
rials are offline methods, where a sample under test (SUT) is placed in a
custom measurement device that is designed for the characterization task at
hand. The measurement device is typically designed such that the quantity of
interest is clearly observable and simple to calculate from the observed quan-
tities. For the characterization of solid dielectrics, common methods include
cavity perturbation techniques [87] and waveguide measurements [88], while
liquids are typically characterized using coaxial probes [89]. For the char-
acterization of magnetic materials, common measurement setups include the
Epstein frame, single sheet testers, and ring sample methods [90]. However,
offline characterization methods are inappropriate for many applications. In
the manufacturing industry, discrepancies due to manufacturing tolerances
mean that the electric or magnetic properties of every individual product may
vary significantly from their desired values. Moreover, in process industries
where liquid or gaseous materials are continuously processed, it is desirable to
continuously monitor the properties of the materials to quickly identify any
potential issues.

Unlike offline characterization methods, inline characterization methods are
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integrated directly into the manufacturing or processing pipeline. This typi-
cally means that we have less control over the design of the measurement setup
and that potential issues with observability must be addressed. The methods
may also include the need to model complicated electromagnetic systems, and
significant calculations may be required to compute the parameters of inter-
est from the observed data. In this chapter, we describe how statistical signal
processing can be used to formulate material characterization methods that
exploit prior knowledge about the sought parameters.

3.1 Formulating the material characterization
problem

We formulate the material characterization problem as a parameter estimation
problem [91], where we wish to determine the underlying parameters € that
caused a set of observations of y. We complete the model problem (1.18]) to
form the signal model for the frequency-wise observation

Vn="Ff(w,, &) +w,, n=12....N (3.1)

where we may have observations for many different frequencies w, for the
same geometry and material description €. Here, we have the stochastic noise
vector w,, that contains the discrepancy between the output of the model
and the observed data, typically due to measurement noise. We combine the
frequency-wise observations to form the full observation

yi
N yo
v (3.2)

YN

which is characterized by the probability density function (PDF) p(Y;£) that
is parameterized by the parameter vector £. Depending on which parameters
are contained in &, this general formulation also includes other applications,
such as direction of arrival estimation and calibration of measurement systems.

For the following, we assume a simple noise model where we have complex
Gaussian noise w,, ~ CN (0,0':3113) where we use I,, to denote the identity
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matrix of size n X n. Thus, for a fixed parameter vector &, we have
Y ~ CN(p,02Inp) (3.3)
where the mean is determined by

f(wla E)

f w2,
p= ( : ¢ . (3.4)

Fwn. €)

Estimators

An estimator of € is a mapping that assigns an estimate 5 of the parameter
vector &€ to a realization of the observation Y. As the observation Y is a
stochastic variable, the estimate é will also be stochastic. An estimator is
unbiased if

Ew{é} =¢ (3.5)

where Ew{é } denotes the expected value of the estimate é with respect to the
random noise w. When we attempt to find an estimator, there are potential
complications that we must consider. All parameters may not be identifiable,
which means that there are multiple parameter vectors &€ that produce the
same probability distribution p(Y;€&). To obtain useful estimates for such
problems, we can apply a Bayesian framework to exploit prior knowledge
about the sought parameters as discussed in Section

Cramér-Rao lower bounds

It is often of interest to know the best possible performance of an estimator.
For unbiased estimators, the Cramér-Rao lower bound (CRLB) provide lower
bounds on the variances of the estimates &, as

Ew{(éq - fq)Q} > {F_l(gq)}qq £ CRLB,, Vq (3-6)

where F is known as the Fisher information matriz [91]. For the simple noise
model in (3.3), the frequency-wise observations are independent, which makes
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the Fisher information matrices additive for each frequency point yielding

N
F = Z_:l F,. (3.7)

Here, we have the frequency-wise Fisher information matrix F,, for the fre-
quency point w,. Further, the elements in F,, are given by

2 (of" of
Frgi = = 90; ' |
n,ij 05% { 90; 00, }’w_wn +

The CRLB can be used to derive theoretical bounds for the accuracy of
experimental setups [92], which is useful for experiment design [93], [94]. They
also allow us to make informed choices about which frequency points w,, to

use in the parameter estimation problem. In particular, this is valuable for
situations where the model f is computationally expensive to evaluate. Here,
a computational budget may limit the number of times we can evaluate f and,
in turn, how many frequency points N we are able to use for the parameter
estimation problem. Then, we can use the CRLB to choose the N frequency
points that provide the most information about the parameters of interest.

3.2 Bayesian estimation

In classical estimation, the parameters in & are viewed as fixed and deter-
ministic. However, in the context of inline material characterization methods,
we typically wish to estimate £ repeatedly for many different samples. In
Bayesian estimation, we view the parameters in & as stochastic variables,
which provides a way to make use of prior knowledge about the parameters
in the form of a prior PDF p(&).

In Paper B, we present a Bayesian estimation framework for electric ma-
chines. Here, we discuss how we can use this Bayesian estimation framework to
exploit prior knowledge about the sought parameters and approach otherwise
intractable estimation problems.
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3.2 Bayesian estimation

Choice of prior distribution

To make use of the prior knowledge, we must choose a prior PDF p(&). Typ-
ically, the prior knowledge is obtained by means of physical arguments or
empirical observations. In this work, we consider the parameters in & to be
independently normally distributed according to

p(&) ~ N (e, Ce) (3.9)
where
o2 0 0
0 o3 -+ 0
Ce=| . . s (3.10)
: : . :
0o 0 ... lors)

but other choices are also possible. Here, we can choose a very large variance
03 for parameters &, for which we have little or no prior knowledge.

Bayesian Cramér-Rao lower bounds

For a stochastic €, we can define a Bayesian Fisher information matrix [95]
Fg =F + Fp. (311)

Here, the Fisher information matrix represents the information provided
by the observed data, while Fp represents the information provided by the
prior knowledge. Given the Bayesian Fisher information matrix Fpg, we can
compute a Bayesian version of the CRLB for the Bayesian mean squared error
(Bmse) of the estimate &, as

Bmse {éq} - vag{(gq —éq)“'} > {F5'(ne.Ce)},,  BCRLB,, Vg
(3.12)

where the joint expectation Ey, ¢ is taken both with respect to the noise vec-
tor w and the parameter vector £&. For the Gaussian prior , the prior
information matrix Fp is given by Fp = Cgl.

In Paper B, we compute the BCRLB for parameters that describe the ma-
terials of an electric motor. First, we use the BCRLB to assess the variance
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Chapter 8 Methods for Inline Material Characterization

of the estimates for different numbers of frequency points NV to make an in-
formed choice about how many frequency points to use in the estimation
procedure. We also compare the performance of an estimator to the BCRLB
for the sought parameters, which allows us to demonstrate that the estimator
performs as expected.

Maximum a posteriori estimator

Given a prior PDF p(£), we apply Bayes’ theorem to find the posterior PDF

p(Y[€)p(€)

e ="

(3.13)

The mean of the posterior PDF gives the minimum mean square error (MMSE)
estimator €ynse = Be {p(€]Y)}, which minimizes the Bmse Ey ¢ {Hg y |§}
However, computing the mean of the posterior PDF typically involves inte-
gration, which can be very computationally demanding to implement.

In this work, we instead formulate the maximum a posteriori (MAP) es-
timator, which is a natural Bayesian generalization of maximum likelihood
estimation (MLE). Here, we maximize the logarithm of the posterior PDF
to obtain the MAP estimator

Eniap = arg max {log p(Y|€) + log p(€)} . (3.14)

The MAP estimator only includes a maximization, which is attractive for

numerical implementation. Should the posterior PDF be symmetric and uni-

modal, the MMSE estimator and the MAP estimator will be identical [91].
For the simple noise model and the Gaussian prior, the MAP estimator

(3.14) can be written as

niap = arg min {G&Y)} (3.15)
where
o2 Q 1
leyn— (wn, €15 + 711272 : (3.16)
a=1 74
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3.8 Choice of model parameterization

We can interpret this as the minimization of a cost function that is the
weighted sum of two terms: (i) the mismatch between the model and the
observation; and (ii) a regularization term based on the deviation between
the parameters £, and their prior mean values p4y. The weight between the
two terms is determined by the power of the measurement noise 05, while the
weight of term ¢ in the regularization term is determined by the variance 02.

It is often difficult or impossible to derive closed-form expressions for es-
timators such as the MAP estimator . In these situations, we have to
resort to numerical methods such as the Expectation-Maximization algorithm
or Fisher’s scoring algorithm [91] to compute the estimate. In Paper B, we
instead formulate the MAP estimator in terms of an optimization problem
(2.12). Here, we use the constraints g; and h; to limit the search space of the

optimization method to avoid non-physical parameter values.

3.3 Choice of model parameterization

An important consideration for the parameter estimation problem is how we
parameterize our model. Often, we need to estimate other unknown parame-
ters in addition to those in which we are interested. We refer to parameters
that affect the output of the model but are not the objective of the estimation
as nuisance parameters. In Bayesian estimation, one possibility is to marginal-
ize the nuisance parameters out of the posterior PDF to obtain a marginal
PDF for only the sought parameters [91]. For estimation problems with many
parameters, it is often the case that only a few linear combinations of param-
eters are identifiable [96]. In these situations, reducing the dimensionality of
the parameter space or including prior information as described in Section [3:2]
can help make the estimation problem tractable [97].

In Paper B, we wish to estimate the effective permeability of the laminates
of an electric motor. Here, we must also estimate the unknown magnetic
couplings of the parts of the motor windings that protrude outside of the
motor, which we consider to be nuisance parameters. Based on geometrical
arguments, we identify couplings that are of the same magnitude to signifi-
cantly reduce the number of magnetic couplings that we must estimate. The
model in Paper B is an example of a gray-box model, which is a physics-based
model with learning-based elements for parts of the model that are difficult
to represent accurately using conventional physics-based methods.
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CHAPTER 4

Applications and Results

Here, we present several applications for the proposed methods in material
characterization, computationally efficient modeling and design optimization;
along with results that validate the effectiveness of the methods.

4.1 Monitoring of inhomogeneous media in a
metal pipe

Figure 4.1: Inhomogeneous dielectric media that is pumped through a metal pipe
equipped with two microwave antennas.
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Pumped dielectric media are ubiquitous in process industry. Microwave
sensors provide a cheap and non-destructive method for monitoring material
properties of dielectric media, with important applications in quality control
and process monitoring .
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Figure 4.2: Geometry for a model of a six-port measurement device connected to
a circular cavity with a realization of a random dielectric medium.

In Papers A, C, and E, we consider an inhomogeneous dielectric medium
that flows through a metal pipe, as illustrated in Fig. Fig. shows
a cross-section of the pipe, where we model the antennas as parallel-plate
waveguides connected to the pipe. The flowing dielectric medium is modeled
by a random permittivity, where each realization of the random permittivity
corresponds to a new snapshot of the medium that is currently inside the pipe.

Estimation of statistical properties of dielectric medium

In Paper E, we train a fully-connected neural network to estimate the point-
wise mean and standard deviation of the permittivity of the dielectric medium
given observations of the scattering parameters at the waveguide ports. As
seen in Fig. the neural network significantly outperforms a linear model
in estimating the standard deviation of the permittivity.

High-dimensional histograms for detection problems

In Paper A, we first use a FEM solver to create a data set that contains the
scattering parameters at the waveguide ports for many random realizations of
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Figure 4.3: Estimated point-wise standard deviation of permittivity of dielectric
medium - left: linear model; and right: neural network. The x-axis
corresponds to the true standard deviation o, while the y-axis corre-
sponds to the estimated standard deviation 6. Discs - mean value of
the estimates; and vertical bars - standard deviation of the estimates.
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Figure 4.4: Slice of a high-dimensional histogram.

the random permittivity. We use continuum sensitivity analysis to compute
gradients of the scattering parameters with respect to the parameters that
describe the random permittivity, which we also include in the data set. As
described in Section [2:3] we then use this data set to train a GIANT networks
that are up to 30 layers deep to act as accurate and computationally efficient
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surrogate models for the FEM solver. The gradient-informed training allows
us to efficiently train GIANT networks that serve as very accurate surrogate
models with only a small fraction of the number of samples that are needed
to train a corresponding conventional neural network.

We use the GIANT networks to estimate high-dimensional histograms, as
seen in Fig. [4.4] High-dimensional histograms are useful in detection applica-
tions [99]; however, they require large amounts of data to construct. With the
FEM solver, it would take more than 6 years to compute all the samples that
are needed to construct a histogram of acceptable resolution. For a neural
network trained by the GIANT framework, it takes less than 6 hours for the
full process of creating training and test sets, training the neural network, and
computing the samples that are needed to construct the histogram.

Inline calibration and permittivity estimation

P
. Measurement
\ . I 1 b—
/ domain -’“"’(7)
/7 N v
I S

Figure 4.5: Near-field microwave measurement system with N ports, where each
port p is equipped with a two-port microwave instrument I,.

There are always errors associated with measurements. The errors can be
divided into three main types [100]: (i) random errors; (ii) systematic errors;
and (iii) drift errors. Random errors are typically caused by electronic noise.
Systematic errors come from imperfections in the measurement setup, for ex-
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4.1 Monitoring of inhomogeneous media in a metal pipe

ample, from cables and connectors. Drift errors are systematic errors that
vary over time, often caused by temperature fluctuations or other environ-
mental changes. We can compensate for systematic errors and drift errors
through calibration of the measurement system. To account for drift errors,
the calibration must be repeated in regular intervals. This can be problematic
in settings with limited access to the measurement system, such as production
settings.

In Paper C, we present an auto-calibration method for a near-field mi-
crowave measurement system, as illustrated in Fig. that eliminates the
need for a separate calibration phase. Here, we use observations of scatter-
ing parameters that are corrupted by systematic/drift errors, which we model
using unknown calibration parameters. Given the corrupted scattering pa-
rameter observations, we wish to determine the average permittivity of an
unknown medium under test. We assume that we have access to a series
of a-priori characterization observations of media with known permittivities,
where we use Padé approximants as described in Section for interpolation
in the permittivity domain between the characterization observations. Once
we collect observations on an unknown medium under test, we estimate the
calibration parameters and the average permittivity of the medium under test
simultaneously. As shown in Fig. the method works for a wide range
of Signal-to-Noise Ratios (SNR) and standard deviations o of the inhomo-
geneous permittivity. Since we gather the characterization observations in
advance, the method is well suited for inline applications with limited access
to the measurement system.
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Figure 4.6: Relative permittivity-estimation and calibration errors as functions of

SNR for true permittivity value for € = 60.4 — j13.2 and a series of
values of standard deviation of permittivity o’.
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4.2 Robust geometry optimization for microwave
waveguide filter

Waveguide filters are important components of communication systems that

can be realized by modifying the geometry of a waveguide. However, the char-

acteristics of the filters can be very sensitive to perturbations of the waveguide
geometry within typical manufacturing tolerances.

L I I I3 P I L

R 3

Figure 4.7: Geometry of waveguide filter.

In Paper A, we study a pass-band H-plane waveguide filter as shown in
Fig. [£.7] First, we use a FEM solver to create a data set that contains the
reflection coeflicient Sy; of the waveguide filter for many random realizations
of the parameters that describe its geometry. We use continuum sensitivity
analysis to compute gradients of the scattering parameters with respect to
the geometry parameters, which we also include in the data set. As described
in Section [2.3] we then use this data set to train a GIANT network as a
surrogate model for the FEM solver. Finally, we use the GIANT network to
find filter geometries that match given filter specifications and are robust with
respect to perturbations of the geometry. We iteratively augment the data
set with geometries in the vicinity of the optimized geometries to ensure good
performance of the GIANT network.

Fig. shows the magnitude of the reflection coefficient |S1;| for an opti-
mized filter geometry. The red shaded areas indicate the filter specification,
where the reflection coefficient should be above the shaded area in the stop-
bands and below the shaded area in the pass-band of the filter. The blue solid
curve shows |S11| as estimated by the neural network. The blue dashed curve
shows the corresponding |S11| as computed by the FEM solver, which is con-
sidered the ground truth. The red dash-dotted curve indicates the magnitude
of the error between the neural network and the FEM solver. Additionally, the
green dotted curve shows the |S11] that best matches the filter specification
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Figure 4.8: Magnitude of reflection coefficient for a filter that is robust to perturba-
tions of the filter geometry where the filter specification is indicated by
the red shaded areas. Solid curve — output of neural network; dashed
curve — output of FEM solver; red dash-dotted curve — magnitude of
error between output of neural network and FEM solver; and green
dotted curve — best match of training set.

out of all the filters in the training set. We see that even the best filter of the
training set shows a very poor match to the filter specification, which indicates
that the neural network is capable of interpolating between the geometries of
the training set to find novel geometries of interest. To ensure that the filters
are robust to perturbations of the geometry, we also evaluate perturbed filter
geometries within typical manufacturing tolerances of a waveguide filter. To
rapidly evaluate the many perturbed filter geometries, it is of great benefit to
have access to a computationally efficient surrogate model.

4.3 Electromagnetic compatibility for electric

drivelines
Electromagnetic Compatibility (EMC) is the ability of electric systems to
coexist without causing or suffering from Electromagnetic Interference (EMI).

It is desirable to detect and treat EMC-related issues in the early stages of
product development, where costly redesigns can be avoided. Here, it is of
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great benefit to have access to efficient and accurate models to easily evaluate
component designs.

Due to the ongoing shift towards electric drivelines, EMC considerations
are of increasing concern for the automotive industry . If not handled
properly, EMI associated with the large currents and high voltages present
in electric drivelines may cause malfunctions in the many sensitive electrical
components that are part of modern control and entertainment systems. In a
typical electric driveline, a power inverter uses pulse width modulation (PWM)
to convert the direct current (DC) power of a battery to alternating current
(AC), which feeds the electric motor. The battery, along with the power
inverter, constitutes a source of EMI due to the rapid switching of the power
inverter. Common-mode (CM) currents are particularly problematic with
regard to radiated emissions . The electric motor constitutes a coupling
path through which the CM currents can propagate to the vehicle chassis and
cause issues with EMI, overvoltages and bearing discharging currents. Here,
the CM impedance Zcy of the motor is an important quantity for predicting
and understanding potential issues with CM currents.

Perturbation analysis for model of hairpin electric motor

Figure 4.9: Welded end windings of an electric motor with hairpin windings. The
hairpin windings consist of so-called hairpins, rectangular copper wires
with a hairpin shape, that are welded together to form the windings.

In Paper D, we model an electric motor that is equipped with hairpin wind-
ings as shown in Fig. [£.9] Hairpin windings have rectangular cross-sections

44



4.8 Electromagnetic compatibility for electric drivelines

and offer improved performance and efficiency when compared to conventional
windings [103]. The objective of the model is to compute the common-mode
impedance Zcy of the motor for frequencies up to 100 MHz.

104

103 4

102 4

|Zem| (Q)

101 4

100 T T T
103 104 10° 10 107
f (Hz)

Figure 4.10: Common-mode impedance Zcy for uncertainty in the permittivity
of the insulation material of an electric motor: solid blue curve —
er = 4.5; dashed orange curve — ¢, = 9.0; and dashed-dotted green
curve — €, = 2.3.

A full 3D model is costly, both in terms of labor to construct and computa-
tional resources to evaluate. Here, we instead exploit the cylindrical symmetry
of the motor to decompose the model into a 2D model of the cross-section to-
gether with a 1D model along the motor axis, where the details of the model
are discussed below in relation to Paper B. We use the model to determine
the sensitivity of the CM impedance Zcy to perturbations in the parameters
that describe the materials and geometry of the motor. We conclude that the
CM impedance is sensitive to perturbations in the permeability of the motor
laminations and in the permittivity of the insulation materials, as shown in
Fig. However, the CM impedance is robust with respect to perturba-
tions of the positions of the hairpin conductors within typical manufacturing
tolerances, which we determine to be an advantage of hairpin electric motors.
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Figure 4.11: Flowchart of the electric motor model.
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Parameter estimation for model of hairpin electric motor

In Paper B, we complete the model of Paper D with a description of the
couplings between the parts of the windings that are external to the motor.
Fig. shows a flowchart that describes the complete model of the electric
motor. The model is parametrized by parameters (i) &, that describe the mag-
netic properties of the materials and yields an effective permeability pegs(€,,)
of the laminations of the motor; (ii) & that describe the electric properties
of the materials; and (iii) &ew that describe the magnetic couplings between
the end windings of the motor. The per-unit length impedance matrix Z and
admittance matrix Y are computed from two-dimensional magnetostatic and
electrostatic problems in the cross-section of the motor. The per-unit length
matrices Z and Y are then used in the transmission line equations

M= (R4 jeL)i(z) = ~Zi(2) (+1)
% = —(G + jwC)u(z) = —Yu(z) (4.2)

which describe the currents i and the voltages u along the windings of the
motor. We complete the transmission line equations with boundary conditions
that are derived from the parameters &, that describe the couplings of the
end windings. Finally, we discretize and solve the transmission line equations,
which allows us to compute the common-mode impedance Zcy of the motor.
We implement an MAP estimator as described in Section [3.2] to estimate
the parameters in §,,, £ and &.. given measurements of scattering parameters
between the phases of an electric hairpin motor. Here, we use separate low-
frequency measurements and simple analytical models to obtain prior values
for the parameters that are to be estimated. As shown in Fig. [£.12] the CM
impedance Zcy computed by the model displays good agreement with the
measurements for the whole frequency range under consideration.
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Figure 4.12: Common-mode impedance estimated by the motor model compared
to measurements
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CHAPTER b

Author Contributions to Included Papers

This chapter provides a summary of the author contributions to the included
papers.

5.1 Paper A

Simon Stenmark, Thomas Rylander, Tomas McKelvey, Andrei Ludvig-
Osipov

GIANT Networks: Very Deep Fully-Connected Neural Networks Ap-
plied to Microwave Problems

Published in IET Microwaves, Antennas & Propagation,

vol. 20, e70077, 2026.

DOTI: 10.1049/mia2.70077 .

Simon Stenmark invented the low-variance preserving scaling function
and derived the update of the Adam optimizer parameters. Simon Sten-
mark and Tomas McKelvey jointly developed the update scheme for the
normalization parameters. Simon Stenmark, Andrei Ludvig-Osipov and
Thomas Rylander jointly developed the Sobolev-training technique based on
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continuum sensitivity analysis. Simon Stenmark performed all implementa-
tion, developed all test cases, tuned the hyper-parameters, trained the neural
networks and generated all results of the paper, which involved analyzing
the results in collaboration with the other authors. Simon Stenmark and
Thomas Rylander co-wrote the paper with input from the other authors and
revised the paper based on feedback from reviewers.

5.2 Paper B

Simon Stenmark, Thomas Rylander, Jan Carlsson, Mats Viberg,
Matthys M. Botha

Parameter Estimation for Electric Machines with Hairpin Conductors
Utilizing Hybrid Modeling

Submitted for publication in IEEE Transactions on Energy Conversion.

Simon Stenmark, Thomas Rylander, Jan Carlsson and Matthys M. Botha
jointly developed the mathematical description of the model for the electric
machine. Simon Stenmark conceived the idea to apply the Bayesian esti-
mation framework and the mathematical description of the MAP estimator
was developed by Simon Stenmark and Mats Viberg. Simon Stenmark
implemented the model of the electric machine and the MAP estimator, cre-
ated the synthetic data sets, developed the test cases and generated all the
results of the paper. The novel measurement setup was conceptualized Simon
Stenmark, Thomas Rylander and Jan Carlsson. All the measurements were
performed by Simon Stenmark and Jan Carlsson. Simon Stenmark and
Thomas Rylander co-wrote the paper with input from the other authors.

5.3 Paper C

Andrei Ludvig-Osipov, Simon Stenmark, Thomas Rylander,

Tomas McKelvey

Auto-calibration of near-field microwave measurements for complex per-
mittivity estimation

Published in Progress In Electromagnetics Research M,

vol. 136, pp. 46-56, 2025.

DOI: 10.2528/PIERM25090302 .
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5.4 Paper D

Simon Stenmark selected and computed all data sets used in the paper
based on relevant applications in process industry. This included the imple-
mentation of parallelized code for the parameter sweeps and performing the
computations on the Vera compute cluster at Chalmers. Simon Stenmark
and Thomas Rylander developed the model for the measurement system. All
co-authors of the paper jointly developed the estimation theory with the gen-
eralized average and Mdobius transforms. Andrei Ludvig-Osipov implemented
the methods and generated all the estimation results of the paper. Andrei
Ludvig-Osipov wrote the original version of the paper with input from the
other authors. Simon Stenmark and Thomas Rylander revised the paper
based on feedback from the reviewers.

5.4 Paper D

Simon Stenmark, Thomas Rylander, Matthys M. Botha, Jan Carls-
son

Common-Mode Impedance of an Electric Motor and the Impact of Ma-
terial and Geometry Uncertainties

2024 International Symposium on Electromagnetic Compatibility — EMC
Furope,

Brugge, Belgium, 2024, pp. 895-900.

DOI: 10.1109/EMCEurope59828.2024.10722688 .

All co-authors jointly developed the mathematical description of the model
for the electric machine. Simon Stenmark implemented and validated the
model of the electric machine, developed the test cases and generated all the
results, which involved analyzing the results in collaboration with the other
authors. Thomas Rylander wrote the paper with input from the other authors.

5.5 Paper E

Simon Stenmark, Thomas Rylander, Tomas McKelvey

Neural Networks for the Estimation of Low-Order Statistical Moments
of a Stochastic Dielectric

2021 IEEFE International Instrumentation and Measurement Technology
Conference (I2MTC),
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Glasgow, United Kingdom, pp. 1-6.
©2021 IEEE DOI: 10.1109/I12MTC50364.2021.9459996 .

Simon Stenmark created the data sets, implemented the methods, tuned
the hyper-parameters, trained the neural networks and generated all results
in the paper, which involved analyzing the results in collaboration with the
other authors. All co-authors jointly developed the feature extraction scheme.
Simon Stenmark and Thomas Rylander co-wrote the paper with input from
Tomas McKelvey.
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Summary and Concluding Remarks

Machine learning has revolutionized many technological fields, where today’s
powerful hardware and recent developments in data-driven algorithms open
up exciting new possibilities to approach problems that are difficult to handle
with conventional physics-based methods. However, learning-based methods
typically require large amounts of data to train. As a powerful alternative, hy-
brid models that combine learning-based methods with conventional physics-
based methods benefit from the strengths of both types of methods. In this
thesis, we explore possibilities to combine and complement the methods of
Computational Electromagnetics (CEM) with learning-based methods, with
applications in computationally efficient surrogate modeling and methods for
inline material characterization.

The wide array of CEM methods can treat many types of electromagnetic
problems. However, a downside of most CEM methods is that they are com-
putationally demanding, especially for three-dimensional problems. In the
first part of the thesis, we present Gradient-Informed Attentive Normalization
Training (GIANT). GIANT is a novel neural network training framework that
allows us to efficiently train very deep fully-connected neural networks (FC-
NNs) that we use as accurate and computationally efficient surrogate models
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for CEM methods. The first component of GIANT is Attentive Normaliza-
tion (AttNorm). AttNorm consists of normalization layers that are updated
by means of a novel update procedure, where the normalization parameters
are updated intermittently throughout the training by means of a novel low-
variance preserving scaling function. After the update, the weight-bias pa-
rameters of the FCNN are updated such that the output for any given input
remains unchanged. AttNorm decreases problems that are associated with the
training of deep FCNNs and allows for efficient training of very deep FCNNss.
The second component of GIANT is gradient-informed training , where we
use a loss function that is a linear combination of the misfit in (i) the output
of the FCNN and (ii) the derivatives of the outputs of the FCNN with respect
to its inputs. By including the misfit of the derivatives in the training of
the neural networks, the number of samples required for training is substan-
tially reduced. For the reciprocal microwave problems that we consider, we
use continuum sensitivity analysis to compute these derivatives at a very low
computational cost.

In the second part of the thesis, we develop and evaluate inline material
characterization methods. Most conventional methods for the electromag-
netic characterization of materials are offline methods, in which a sample of
the material under test is removed and placed in a specialized measurement
device. In applications where continuous monitoring of material properties
is of interest, offline material characterization methods are of limited use. In
particular, we develop and evaluate a method for the characterization of the
effective permeability of the laminations of an electric machine. The method is
based on a computationally efficient hybrid model of the machine, which con-
sists of three main parts: (i) a one-dimensional transmission-line (TL) model
along the machine axis; (ii) two-dimensional models of the cross-section of
the machine, which are based on the finite element method (FEM); and (iii)
circuit models that are used to represent external circuits and the magnetic
couplings of the end windings of the machine. Then, we apply a Bayesian es-
timation framework to the model and obtain a maximum a posteriori (MAP)
estimator for the sought parameters. The MAP estimator allows us to include
prior knowledge about the electric and magnetic properties of the machine in
the form of a prior distribution. We also develop an auto-calibration method
that simultaneously determines (i) a set of unknown calibration parameters of
a measurement system and (ii) the mean permittivity of an unknown medium
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under test. We assume that we have access to a set of a-priori characteri-
zation observations to which we compare uncalibrated scattering parameter
observations for the medium under test. As all characterization observations
are gathered in advance, the method is well-suited for in-line measurement
applications with limited access to the measurement system.

We demonstrate the methods on several applications. The first two ap-
plications consider a type of microwave measurement device intended for
an inhomogeneous dielectric medium transported through a metal pipe [99)],
[104]. The test-problem consists of a circular cavity connected to a number
of parallel-plate waveguides, where the circular cavity contains an inhomoge-
neous dielectric. As the first application for this test-problem, we use a GIANT
network to model the device and estimate high-dimensional histograms, which
are useful in detection problems [99]. We demonstrate that using the CEM
method to train a GIANT network provides significant computational savings
compared to using the CEM method to directly populate the histograms. As
the second application for this test-problem, we apply the auto-calibration
method to determine the mean permittivity of the inhomogeneous dielectric,
given observations of the scattering parameters that are corrupted by un-
known amplification factors. We demonstrate the robustness of the method
for several levels of measurement noise and stochastic perturbations of the
permittivity. For the third application, we train a GIANT network to model
the frequency response of an H-plane waveguide filter. We use the GIANT
network to optimize the geometry of the filter to achieve a band-pass filter
that meets the given filter specifications and is robust to perturbations of the
geometry within typical manufacturing tolerances. Here, we benefit from the
ability to massively parallelize the evaluation of the GIANT network, which
allows us to thoroughly explore the design space to find a good starting guess
for the optimization algorithm. Fourth, we apply the Bayesian estimation
procedure to the stator of an electric motor. In addition to the effective
permeability of the laminations, we also estimate properties related to the
dielectric materials and magnetic couplings of the end windings of the stator.
We determine the parameters of the prior distribution using a combination
of low-frequency measurements and simple analytical models. The method is
evaluated on both synthetic and experimental data and is found to yield mod-
els that are accurate for frequencies up to 50 MHz, which makes it suitable
for applications in Electromagnetic Compatibility (EMC).
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Chapter 6 Summary and Concluding Remarks

In conclusion, the methods in this thesis provide tools for computationally
efficient surrogate modeling and pave the way for inline methods for quality
control in an industrial context. While at first glance, the many methods
developed throughout this thesis may, to some extent, appear disjointed; they
all include tuning the parameters of a model so that it matches observed data.
For learning-based surrogate models, the parameters correspond to abstract
weights of a generic function; while for the material characterization meth-
ods, the parameters correspond to physically meaningful material parame-
ters. The many similarities between the methods provide the opportunity
for further hybridization and novel combinations of methods for the research
community to explore. For example, parameter estimation methods that ex-
ploit computationally efficient surrogate models may present opportunities
for significant computational savings. By continuing to explore the domain
between learning-based and physics-based methods, we can benefit from the
rapid developments in machine learning, while still being able to exploit the
vast amount of experience and knowledge in the research community about
the physics of electromagnetic waves.
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