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tions in Antenna Arrays
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Abstract

The advanced antenna systems used for telecommunication today utilize antenna
array structures. These structures consist of grids of antenna elements divided into
smaller subarrays of elements where each subarray is dynamically controllable, inde-
pendently from the others. Each subarray is typically mapped to a baseband port,
and the amplitude and phase of the signal on each of this baseband port can be
controlled independently, which is called excitation vectors or beamweights.

The main aim of this thesis was to investigate and develop a machine learning model
that can predict beamweights for unseen antenna arrays such that the radiated far
field of the antenna follows a specific pattern. The model was evaluated and com-
pared to a more common method, stochastic optimization. Furthermore, the model
was tested to see how stable the outputs are against noise and if the model is scal-
able to antenna arrays of different sizes.

The main conclusion from the thesis is that it is possible to train a complex val-
ued convolutional neural network (CV-CNN), a type of machine learning model,
to predict the desired beamweights. The results also show that the beamweights
generated from the two different methods result in far fields which favour different
performance metrics. An important difference in the models is the time it takes to
generate beamweights. A pre-trained CV-CNN generates beamweights in a fraction
of the time it takes to generate beamweights using the more common method. The
conclusion from the comparison is that the method should be chosen case by case.

The stability analysis shows that the model is more sensitive to noise in the phase
than noise in the amplitude of the input. The reason for this might come from
an approximation made while processing the data but a possible solution to this is
presented.

Finally, the results show promise of scalability of the model. The model must
however be optimized for each size of antenna array in order to get satisfactory
results.

Keywords: Advanced Antenna Systems, Antenna Arrays, Beamforming, Beamweights,
Machine Learning, Artificial Neural Networks, Complex Valued Convolutional Neu-
ral Networks.
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Nomenclature

Below is a list of notations used throughout the thesis.

Indices

t Time step index.

m,n Indices for numbering of subarrays.

pol Index for polarization.

i,] Indices for neurons in a layer.

l Indices for layers in a neural network.

D, q Indices for weights in kernels in convolutional layer.
Coordinates

{z,y, 2} Cartesian coordinates.

{x,¥,2} Cartesian unit vectors.

{r,0,¢} Spherical coordinates.

{r, 0, QAS} Spherical unit vectors.

co Unit vector for co-polarization.

Xp Unit vector for cross-polarization.
Antennas

A Amplitude.

P Phase.

P Power density.

E Electric field.
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Co-polar component of G2l (g, ¢).
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Wavelength.

Wave impedance.

Wavenumber.

Wavenumber vector.

Radiation pattern.

Directivity.

Gain.

Radiation efficiency.

Phase reference point, for n =1,2, ..., N.
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Amplitude noise.

Phase noise.

Reference curve.

Set of angles where a reference curve is above —10 dB.
Set of angles where sidelobe suppression is enforced.
Maximum amplitude of far field function.

Maximum sidelobe level.

Complex numbers

xii

The imaginary unit.
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Space of complex numbers.

Real part of complex number.
Imaginary part of complex number.
Complex function.

Differentiation of complex function.

Complex function in Wirtinger calculus.

Input value 7 to neural network, : = 1,2, ..., ng.

Value at hidden layer ¢ at neuron ¢, i =1,2,...,np, £ =1,2,..., L.

Output value ¢ from neural network, ¢ = 1,2, ....,np.
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Activation function.
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Input to convolutional layer.

Kernel in convolutional layer.
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Learning rate.
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Taper loss.

Far field difference.
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Introduction

In recent years, the global mobile broadband traffic has increased by 50 —70% yearly
and this trend seems to continue or even increase in the next coming years [1, p. 23],
[2]. To cater for this growth, technological advancements must be made in order for
the mobile network to support the needed capacity increase. [1, p. 23]

One of the technologies used to increase the capacity of the mobile network are
the Massive Multiple Input Multiple Output (MIMO) systems, a type of advanced
antenna system (AAS). The MIMO systems utilizes antenna arrays. These arrays
consist of groups of antenna elements arranged in various configurations. Figure 1.1
shows a planar antenna array consisting of 135 dual-polarized antenna element pairs
divided into subarrays. These subarrays are the smallest dynamically controllable
parts of the antenna array. They are each controlled by two radio chains, one for
each polarization. The amplitude and phase of the signal going to each of these
subarrays can be independently controlled in baseband software using beamweights.
[1, Technology Primer p. 13-23].

Baseband Radio

Figure 1.1: An example antenna array together with its radio and baseband unit:
Each cross in the picture represents a dual-polarized antenna element pair and three
of these elements enclosed in a rectangle represents a subarray. The color of the
crosses represents the polarization of the element.

An important technique enabled by AAS systems is beamforming, which allows
for better network coverage, capacity, and user throughput [1, p. 15]. Beamform-
ing is achieved by weighting the radiation contribution from the subarrays using
beamweights [1, Technology Primer, p. 17].
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A common set of methods for determining the beamweights are stochastic opti-
mization methods. An example of a stochastic algorithm is the genetic algorithm.
This can be used to fit the radiation to a specific desired pattern, maximize the
power throughput or to minimize the sidelobe levels, to name a few examples. In
[3], the NSGA-II algorithm was used to minimize the peak side lobe level while
simultaneously maximizing the directivity in order to improve the radiation pat-
tern. An improved version of the algorithm, INSGA-II, was used in [4] for a similar
purpose. Stochastic optimization algorithms are also used at Ericsson AB for their
beamweight optimization.

In recent years, other machine learning (ML) models such as neural networks have
been used to generate beamweights. In [5] a convolutional neural network (CNN)
was used for 2D beamforming of antenna arrays. The study showed that the CNN
was able to estimate nearly optimal Wiener array weights. In [6] a complex valued
CNN was used for a similar purpose, also showing promising results. However,
both of these studies trained and evaluated their models on simulated data. The
purpose of this thesis is to implement, train and evaluate similar ML models on
measurements of Ericsson AB AAS products.

1.1 Aim

The main objective of this thesis is to implement a predictive ML model which
generates beamweights for any given antenna array such that the resulting far field
resembles a predetermined shape. The model should be based and evaluated on
measurements of Ericsson AAS products.

The current implementation at Ericsson is a stochastic optimization algorithm and
part of the goal is to compare the performance of the two approaches.

1.2 Research Questions

To reach the goal of the thesis some research questions are to be answered. They
are:

o [s it possible to train a ML model to predict beamweights that generate any
given Gaussian reference beam?

o How well does the model perform on the data provided by Ericsson?

e How does the predictive model perform in relation to a stochastic optimization
algorithm used at Ericsson?

o Is the model scalable? How does the model perform on different sizes of
antenna arrays?

o How stable are the outputs of the model?
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1.3 Limitations

The scope of this thesis will be limited and therefore only consider the radiation of
the antenna in the far field as this is where all user equipment, such as mobile phones
are. The antennas will also be assumed to be in free space. Only measurements
of antennas from Ericsson and Ericsson vendors in the sub 6 GHz range will be
considered. The measurements provided are assumed to be correct. The thesis will
also be limited to only consider a linear antenna array, i.e. one row of subarrays.
The resulting far field will only be evaluated in a cut in azimuth. Lastly, only one
loss function will be considered.

1.4 Thesis Outline

The thesis consists of six chapters. After the introduction in chapter 1, is the neces-
sary theory explained in chapter 2. This chapter is divided into four main sections.
The first section contains the relevant antenna and electromagnetic field theory. The
second explains some necessary complex calculus. The third covers artificial neural
networks and the fourth covers some important optimization concepts.

The methodology is covered in chapter 3 and it includes the modeling of the project,
the data handling and the tests made to evaluate the final model.

Chapter 4 shows the results found during the tests defined in the method chapter.
The results presented are then discussed and analysed in chapter 5.

Finally, some conclusions from the analysis are presented in chapter 6 together with
some suggested further advancements.
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Theory

The following chapter will introduce relevant theory and concepts to the thesis.
First, the fundamentals of the antenna theory needed for the model will be described.
A brief overview of complex calculus is introduced followed by relevant concepts
of artificial neural networks. Furthermore, a description of how artificial neural
networks and complex calculus can be combined is included. Lastly the chapter
contains a brief introduction to optimization.

2.1 Antenna Theory

This thesis revolves around determining optimal beamweights for different antenna
arrays in different scenarios. The aim of this section is to explain these concepts in
detail and to give the necessary antenna and electromagnetic field theory needed to
complete the thesis task.

2.1.1 Coordinate Systems

Throughout this report two different coordinate systems will be used: Cartesian
coordinates and spherical coordinates. A visual representation of both coordinate
systems can be seen in Figure 2.1. These coordinate systems can be related through
the equations

x = rsinf cos ¢,
y = rsinfsin ¢,

z =1rcosb,

as stated in [7, p. 35]. In general the coordinate system will be placed such that
the antenna elements lies in the y-z-plane with rows parallel to the y-axis, columns
parallel to the z-axis and the lower left subarray centered in the origin. For the
purpose of this report, the angle # will be referred to as angle in elevation and
the angle ¢ will be referred to as angle in azimuth. These angles will both have a
respective unit vector pointing in their direction of increase. These are defined to
be

é(@,gb) =X cosfcosp—+ ycoshsing — zsinb,
QAS(QS) = —Xsin¢ + ¥ cos ¢.
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\7 (x,y,z) (T,9,¢)

T T

Figure 2.1: The coordinate systems used in the report: Left shows Cartesian
coordinates and right shows spherical coordinates. Source: [8], CC BY-SA 4.0

2.1.2 Decibel

Decibel (dB) is a logarithmic measure, in this case, of power. For antennas the dB
value is often presented as a relative measure of either amplitude or power density.
The calculations for the relative measures dB are

A A
‘ ’dB = 2010g |7’dB,
Aref 10 Aref
P P
’ |dB =10 log ’ |dB.
Pref 10 Pref

Where A is the amplitude, P the power density, A,.; and P,.s is the reference value
in amplitude and power density respectively [7, p. 9-10].

2.1.3 Frequency and Bandwidth

The frequency is a measure of occasions of something per time unit, the unit of
frequency is Hertz (Hz) which is equal to 1/second. Frequency in the sense of an-
tennas is how many times the electromagnetic wave oscillates per second. The wave
is travelling with constant speed, the speed of light, ¢ = 2.998-10® meters per second
in free space and ¢ = f - A. Where X is the length of one oscillation in meters and
f the frequency in Hertz. The frequency is then inversely proportional to the wave
length with a constant, ¢, the speed of light in free space [9].

Bandwidth is the range of frequencies which an antenna is able to transmit. An
antenna radiating between 2.5 and 2.6 GHz has a bandwidth of 0.1 GHz or 100
MHz. Normally antennas are divided in categories depending on which frequencies
they transmit. In telecommunication there are low-, mid- and high band. Low band
is below 1 GHz, mid band is 1 to 6 GHz and high band over 24 Ghz. High band is
sometimes referred to as millimeter wave (mmWave) [10].

6
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2.1.4 Field Regions

The electro-magnetic radiation of an antenna can be divided into different regions
depending on how far from the antenna a measurement is done. For the purpose of
this thesis, only the so called far field is considered and in this region the radiation
pattern, see section 2.1.6, does not change shape when moving further from the
antenna. Only considering the far field is reasonable since most antennas operate in
the far field [11], including the antennas examined in this report. To be in the far
field the following condition must be met
S 2D?

U
where r is the distance from the antenna, D is the maximum diameter of the antenna
and A is one wavelength [7, p. 33-34]. An important aspect of the far field is that
it shares properties of a plane wave [12, p. 605]. Therefore, at an observation point
in the far field we can always assume the radiation field to be a propagating plane
wave locally. In the same way, incident fields on a receiving antenna can most often
be considered as plane waves [7, p. 23].

2.1.5 Plane Waves

A plane wave propagating in the positive z-direction in free space, is described by
its time-harmonic electric, E, and magnetic, H, fields by

E = Eie " = [E, %+ B, 3] e 7", (2.1)
1 , 1 ,
H=-(zxE)e " = [—E, &+ E,;y] e 7. (2.2)
n n
Where E; is the E-field vector without the propagation factor e 7**, k = 27/ is the

wavenumber in free space, 7 is the wave impedance [7, p. 23| and j is the imaginary
unit, such that j2 = —1.

More generally, a plane wave propagating in the direction of the unit vector ', is
described by its electric, E, and magnetic, H, fields by

E = E,e /%",
1 .
H=—(t x E,)e %",
n

Where k = kt is the wavenumber vector and r = X + yy + 22 is a radius vector
from the origin. An important aspect of plane waves are that E and H are normal to
both each other and the direction of propagation, ¥ [7, p. 23|, [12, p. 356, 361-363].

2.1.5.1 Polarization

The electric and magnetic fields propagating in the positive z-direction in equations
(2.1) and (2.2) have both z- and y-components. This electromagnetic wave is then
said to be polarized. This property is often used in antenna systems as it makes

7
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it possible to send two different signals on the different polarizations, F, and E,,
simultaneously in the same frequency. Generally, any pair of orthogonal polariza-
tions can be used to reuse the frequency by transmitting on both polarizations and
thus doubling the capacity. In these cases one of the polarizations is considered to
be desired and the other not. The desired polarization is often called co-polar and
the orthogonal undesired polarization is called cross-polar. Using these definitions
we can describe the E-field in terms of the desired co-polar component, E.,, and
a undesired cross-polar component, E,,. Both of these are parallel to a respective
unit vector, co and xXp, which are normal to both each other and the direction of
propagation. The E-field can then be written as

E = (E.Co + E,,Xp) e /*T,

where r is a radius vector from the origin [7, p. 23-24]. Another use of the polariza-
tions is a technique called dual-polarized beamforming (DPBF) [13] which makes it
possible to generate broader beams, see section 2.1.6, from antenna arrays with less
power lost [14].

In words, the polarization of a plane wave describes how the electric field intensity
vector at a fixed point in space varies with time. If an electric field is confined to
a plane in the direction of its propagation, r, then the wave is said to be linearly
polarized. An example of this is an electric field propagating in the z-direction that
is fixed in the z-direction [12, p. 364]. Linearly polarized waves are often referred to
as being horizontal or vertical in reference to the ground [7, p. 24]. It is common for
AAS and user equipment products to use dual-polarized antenna setups with two
linearly polarized elements [1, Technology Primer, p. 32], such as the one in Figure
1.1 with £45° polarizations.

2.1.6 Radiation Pattern

The radiation pattern, F'(6,¢), of an antenna describes the antennas relative far
field power at a fixed distance from the antenna as a function of the direction away
from the antenna, in this case using spherical coordinates. In general, a radiation
pattern is three-dimensional, varying with both 6 and ¢, but is often presented in a
combination of two dimensional plots, one for the radiation in azimuth and one in
elevation [12, p. 607-608].

A radiation pattern that is equal in all directions is often called isotropic, or that
of a point source. These patterns are often used as a reference point in comparison
with practical antennas [7, p. 10].

The radiation pattern of a practical antenna generally has a major maximum and
several minor maxima, as in Figure 2.2. The region containing the major maximum
of such a pattern is often denoted the main beam and is defined to be the region of
maximum radiation between the first null points around it. The similar regions
around the minor maxima are often called sidelobes. When comparing various
antenna patterns, there are a three characteristic parameters that are of importance,

8
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directivity, main beamwidth and sidelobe levels [12, p. 608-609]. These will be the
topic of the next sections as they are crucial for the understanding of this thesis.

-10

Normalized Pattern [dB]

-60 —-40 =20 ¢?n] 20 40 60
Figure 2.2: Example radiation pattern: The figure shows a peak normalized radi-

ation pattern of a linear antenna array with 8 antenna elements arranged along a
straight line in azimuth.

2.1.6.1 Directivity and Gain

Directivity is a measure of how focused the radiation pattern is towards a point,
a narrower radiation pattern gives higher directivity and a wider radiation pattern
gives lower directivity. The directivity is calculated by

47
3T T IF (0, ¢)|2sin(0)d0de

Where 0 is the angle in elevation, ¢ is the angle in azimuth and F'(6,¢) is the an-
tenna’s normalized radiation pattern as a function in spherical coordinates. The
radiation pattern in F'(, ¢) is normalized such that it’s peak value in magnitude is
equal to 1 [15].

The gain of an antenna describes the radiated power in the peak direction to that of
an isotropic source. The gain, G, of an antenna is related to it’s directivity through

gZERD

where € is the radiation efficiency of the antenna [16]. The antenna radiation
efficiency can in turn be expressed as the ratio of the radiated power to the input
power of the antenna, or

ep — Pradiated
R — 9
Pinput

as stated in [12, p. 612].
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2.1.6.2 Beamwidth

As described above, the width of the main beam, or beamwidth, is of much impor-
tance as it describes the directivity of the main radiation region. The beamwidth is
often measured in the angle where the radiated power is halved compared to the di-
rection where the maximum power is radiated. This is called half power beamwidth
(HPBW) and is measured in angle between the points where the relative gain is -3
dB (half power).[12, p. 610].

2.1.6.3 Sidelobe Levels

The sidelobes are power radiated in another direction than the main beam. These are
usually smaller than the main lobe and unwanted. Because of this they should have
as low levels as possible. In general, the levels of the sidelobes closest to the main
beam are the highest. Therefore, one usually refers the sidelobe level to the level of
the sidelobe that is highest and closest to the main beam. In practice the location
of the sidelobe might also be of interest [12, p. 610]. The sidelobes may interfere
with other antennas such as satellites. Because of this there are requirements on
sidelobe suppression [17].

2.1.6.4 Radiation Pattern of Antenna Arrays

The radiation pattern of an antenna array is highly dependent on the number of
antenna elements in the array. It affects the shape but also the gain of the antenna.
A uniform linear antenna array consists of equidistant elements with identical radi-
ation patterns that are spread out in a line. For such an antenna the gain of the
antenna array is proportional to the number of elements in the array. If the elements
of the linear array is spread out in azimuth, then the main beamwidth in azimuth is
proportional to the inverse of the number of elements in the array. The beamwidth
in elevation is however unchanged, but the gain is still higher. For a linear array
with elements spread out in elevation the opposite properties are true [1, Technology
Primer, p. 17-18].

A uniform planar array consists of a grid of elements instead of a line. For such
an antenna the gain scales with both the number of elements in elevation and in
azimuth but the beamwidth in elevation and azimuth is still only proportional to
the inverse number of elements in elevation and azimuth respectively [1, Technology
Primer, p. 19].

2.1.7 Far Field Function

If the radiated field of an antenna is observed in the far field then the field variations
with distance r, and direction = r/r from the antenna become separable [7, p.
33]. The electric field can then be expressed as

E(R) = Le " G($), (2.3)

r

10
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where 1/r is called the divergence factor, e7*" is the phase factor and G(#) is the so
called complex far field function. The radiation field is often expressed in spherical
coordinates, in that case the direction vector is expressed as

T = sin 6 cos ¢X + sin 0 sin ¢y + cos 0z,

and the far field is expressed as

E(r,0,¢) = iejkTG(H, b)), (2.4)

as stated in [7, p. 35]. Since the far field is locally a plane wave we can divide it
into co- and cross-polar components as done in section 2.1.5.1, [7, p. 38-39].

An important note is that e /*" in equation (2.3) and (2.4) is only valid in free space
[7, p. 33]. For the purpose of this report however, only antennas in free space will
be considered.

The phase of the radiation field in (2.4) is determined by both the exponent of the
phase factor as well as the phase of the far field function G(6, ¢). The phase of the
radiation field at a given point in space must be equal regardless of where the origin
is located under the assumption that the antenna is located in the same point in
space. Therefore, the far field function must have a phase reference point, usually
the origin. If the phase reference point is moved from the origin to an arbitrary
point rog = xoX + Yoy + 20z then the far field function G’(0,¢) with ry as phase
reference point is given by

G'(0,$) = G(0, p)eIFroT,

using the Fraunhofer approximations, where G(0, ¢) is the far field function with
reference in the origin [7, p. 37].

If instead the antenna is moved from the origin to a point r4, then the far field
function of the antenna at the new location becomes

GA(6,0) = G(8, p)elkrat (2.5)

where both G 4(6, ¢) and G(6, ¢) has the origin as the phase reference point [7, p.
38,

The complex far field function can be related to the radiation pattern by

as stated in [7, p.41].

2.1.7.1 Beamweights and Far Field Function of a Planar Antenna Array

An antenna array with elements arranged in a planar two-dimensional grid is often
referred to as a planar array. Now consider a planar array with N elements oriented
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in the same direction that are located at their individual phase reference points, r,,
forn=1,2,..., N. Then the radiated far field of element n is given by

1 . I
E(r,0,¢) = ;e‘f’”Gn(é’, ¢)elt T,

using equation (2.4) and (2.5) where G,,(0, ¢) is the far field function of element n
with phase reference point r,,. If the fields radiated by all elements are superimposed
then the far field function of the entire array becomes

N
Ga(0,0) = > A" G, (0, ¢)e/ T, (2.6)
n=1

where A,, is the amplitude and ®,, is the phase of the current or voltage excitation
of element n [7, p. 335, 356-357]. In this report the factors A,e’®" n=1,...,N
will be referred to as beamweights, as done in [1].

2.2 Complex Calculus

A complex number is on the form a+j-b where j is defined as j2 = —1 and a,b € R.
The space of complex numbers is defined as C = {(a,b) : a,b € R} where a and b
are pairs of real numbers. Two different complex numbers a 4+ 7 -b and = + j - y has
addition and multiplication as

(a+jb)+ (z+jy) = (a+2)+j+y),
(a+ jb) - (z + jy) = (xa — yb) + j(zb+ ya).

From this it follows that complex numbers are a field under these operations and
that R C C. Define Re(a + jb) = a and Im(a 4 jb) = b, the real and imaginary part
of a complex number [18, p. 1-3].

2.2.1 Differentiation

A complex function is defined as f : G — C where G is a subset to C. As for
the complex numbers a complex function can be represented as two real valued
functions by f(z) = f(z,y) = u(z,y) + jv(z,y) where (z,y) is a pair defining a
complex number. The definition of the derivative of a complex function f(z) at zg
is given by

. f(zo—h) — f(20)

/ —

f (ZO) - }lbl_)l'% h )

if f is differentiable in all points in a open disc around zy the function is called holo-
morphic. If a complex function f(z,y) is differentiable it must satisfy the Cauchy-
Riemann equations

12
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ou  Ov
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where f(z,y) = u(z,y) + ju(z,y) [18, p. 19-24]. However, many commonly used
functions does not satisfy the Cauchy-Riemann equation so the theory of Wirtinger
calculus is used. In Wirtinger calculus a complex function is rewritten to a function
with two variables, which is always holomorphic. It is rewritten as f(z, z*) where
z* is the complex conjugate of z and the real and imaginary part of z is

z—z
Re(z) = * =,
z—z*
Im(z) = 2
This results in the derivatives
of _of _of
or 0z 0z
af . (of of
oy T\az " o)
which results in
of _1(of .of
0z 2 (5):)0 J@y) ’ (27)
of _1(of | of
dz* 2 (81’ 38y> ’ (28)

as stated in [19].

2.3 Optimization

Optimization is a field in mathematics which aims at finding an optimal value to a
specified goal within constraints. Often this goal is to find the minimum or maxi-
mum of a function, called objective function, within a space of interest. Different
types of optimization exists, one is classical optimization which works well for some
problems. Another type of optimization is stochastic optimization which incorpo-
rates stochasticity into the optimization which can be of help when working with
highly nonlinear objective functions [20, p. 1-5]. The objective function can be multi
dimensional and optimize towards multiple values at one. This is known as multi
objective optimization [21].
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2.3.1 Stochastic Optimization

Stochastic optimization is an optimization technique often inspired by biology, the
inspiration comes from different adaptations in nature. The adaptation to an en-
vironment can be seen as optimization with the goal of surviving. A stochastic
optimization algorithm inspired by this is genetic algorithms (GAs) as the inspira-
tion for it is evolution of species. A GA is based on a set of chromosomes, such
a set is called a population and the chromosomes are built by genes. The popula-
tion is randomly initialized. The chromosomes are a representation of the objective
function and their values are known as fitness. The chromosomes are manipulated
to find better and better solutions. The manipulation is made by mutation and
crossover, mutation is randomly changing genes and crossover is randomly switch-
ing genes between different chromosomes. The algorithm tends toward better values
as the probability for crossover is higher for better chromosomes [20, p. 35-44].

Another stochastic optimization algorithm is differential evolution (DE) which also
uses a randomly initialized population. The population in DE consists of vectors
that are a representation of the objective function with a connected fitness. To
update the population for each individual in the population two other random in-
dividuals are chosen and a vector difference between them is computed. If the new
vector has better fitness than the old individual, the old individual is replaced [22,
p. 189-191].

A third stochastic optimization algorithm is simulated annealing (SA) which is in-
spired by thermodynamics. The standard SA does not include population as the
others, only a state. In each iteration a random neighbour to the current state is
chosen, if the new state has better fitness than the current, move to the new state.
If the new state has worse fitness it can be accepted by an acceptance probability
given by the current temperature. The temperature is decreasing in each step in
order to decrease the acceptance probability with time [23, p. 1-39].

2.3.2 Multi Objective Optimization

When optimizing towards multiple objectives there could be many optimal solutions,
some perform well on one objective and bad on another and vice versa. The set of
optimal solutions can be found using Pareto fronts. To define Pareto fronts we must
first define, as in [21, Definition 5]:

Definition 2.3.1 (Pareto Dominance). Given two points in the objective space,
x,y € R™, then the point x is said to Pareto dominate the point y if and only if

Vie{l,....om}:x;<y;and I € {1,...,m}:z < y.

Where the objective space is the set of possible solutions to objective function. A
Pareto front can then be defined, as in [21, Definition 8]:

Definition 2.3.2 (Pareto front). Denote the set of attainable objective vectors with
Y = F(X). The set of all non-Pareto dominated objective vectors in Y is called

14



2. Theory

Pareto Front.

Here X is the search space, the set of feasible points, and Y is the objective space.
The Pareto front is then the set of optimal solutions to the objective function [21].

One stochastic optimization algorithm to find the Pareto front is the NSGA-II,
Non-dominated Sorting Genetic Algorithm. NSGA-II uses a randomly initialized
population. Then until a termination criterion stops the algorithm, the population
generates a child population. The previous population is then known as the parent
population. The individuals, in both populations, which has fewest Pareto dom-
inating individuals becomes the new population. When the termination criterion
is fulfilled the current population has a subset of individuals considered the Pareto
front [21].

2.4 Artificial Neural Networks

An Artificial Neural Network (ANN) is inspired by the neural networks in a mammal
brain. These networks are built on connected neurons which perform computations
in order to process data. The artificial neural networks are simplified both in the
connections and the neurons, however the underlying concept is the same. A neuron
in an ANN receives a number of weighted inputs. It has an activation function and
a threshold, also known as bias, as can be seen in Figure 2.3. The output of the
neuron is the activation function computed on the sum of the weighted inputs and
a threshold connected to the neuron. [24, p. 1-12].

2.4.1 Artificial Neurons

An ANN with these type of neurons has an input layer where the data is parsed,
the inputs are then connected to a number of neurons. These neurons are called
a layer. The neurons in the first layer are then connected with the neurons in the
second layer and so on. The last layer is known as the output layer and the layers in
between are known as hidden layers [24, p. 75-95]. An example of a neural network
with this structure can be seen in Figure 2.4, however the number of hidden layers
is not limited to three.

2.4.2 Feed-Forward Neural Network

A feed-forward neural network is an ANN with m layers and n, neurons in layer ¢
where neurons in layer ¢ are connected to one or more neurons in layer ¢ 4 1 for all
m layers. If each neuron in layer ¢ is connected to each neuron in layer ¢ 4 1, the
feed forward neural network is called fully connected [24, p. 114-140]. An example
of a feed-forward fully connected neural network is shown in Figure 2.4 where each
neuron in a layer is connected to every neuron in the following layer. The input
layer denoted x; can be considered as Vi(o) and the output layer y; as V;(L where

15



2. Theory

L =m+ 1 and m is the number of hidden layers as these nodes can be represented
in the same way as hidden neurons.

Input Threshold /bias
bi
V(é—l)

\?o

Activation Output
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o 7
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Figure 2.3: A single neuron: The figure shows a single neuron in an ANN with
ne_q inputs and their respective weights together with the threshold and activation
function. This is neuron ¢ in layer (¢).
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Figure 2.4: Fully connected feed forward neural network: The figure shows a
fully connected neural network with ngy inputs, three layers of ny, ny and ns hidden
neurons respectively and an output layer with ny outputs. Adapted from [25], CC
BY-SA 4.0.

2.4.3 Convolutional Neural Network

A Convolutional Neural Network (CNN) differs from a fully connected neural net-
work as it has fewer connections between nodes. This reduces the number of com-
putations in training and reduces the risk of overfitting. CNNs are commonly used
when the input data is an image and is popular for image classification and pattern
recognition. A CNN has the following structure, one or more convolutional layers,
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one or more pooling layers and a fully connected feed forward neural network [24,
p. 141-156].

2.4.3.1 Convolutional Layers

In the convolutional layer the input connects to a hidden layer by a kernel, the kernel
is of fixed size m x n and relates each m x n part of the input to a single value in
the hidden layer. The layers in the hidden layer are known as feature maps. If there
is more than one feature map there is one kernel for each, however the size of the
kernel is the same. In Figure 2.5 a convolutional layer is visualized with a 3 x 3
kernel to one feature map. In the figure the kernel is applied to each 3 x 3 squares
moving one square at the time. It could be valuable to move more than one square
at the time, the number of squares moved is called stride. Stride [2,2] is two steps
horizontally and two step vertically. This is sometimes referred to as stride two,
when the stride is the same in both directions. Padding could also be added to the
input. It is an extra row or column of zeros added to the beginning or end of the
input. The weights in the convolutional layer are the values in the kernel. The case
in Figure 2.5 therefore has 9 weights, and one threshold. Assuming equal stride s
horizontally and vertically and kernel size P x ) the computation for the feature
map is

P Q
V;j =49 (Z Z WpqTpts(i—1),q+s(j—1) — b) ) (29)
p=1qg=1

where b is the threshold, z the two dimensional input and g is an activation function
(24, p. 141-156].
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Figure 2.5: Convolutional layer in a convolutional neural network: The figure
shows an example of a CNN with input size 8 x 8 and kernel size 3 x 3 and threshold
1. The activation function g in this layer is the ReLLU function covered in section
2.4.4. This convolutional layer has zero padding and stride one. It visualizes how a
convolutional layer takes an input on which the kernel is applied and how a single
feature map is computed from that. Adapted from [26], MIT-license.
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2.4.3.2 Pooling Layers

Following the convolutional layer is the pooling layer, the pooling layer compresses
values neighbouring each other in the feature map. A pooling layer do not have any
weights or thresholds. A 2x 2 pooling layer takes 4 values in a square and compresses
them to one value in the output layer from the feature maps. The pooling layer uses
stride and padding in the same way as the convolution layers. A common set of
pooling functions are the max-pooling units. These takes the maximum of the
values in the pooling unit [24, p. 141-156]. Figure 2.6 shows an example of a max-
pooling layer. The figure shows that the information is compressed as the number
of features are reduced from 36 to 9.

Feature map

114]3]4]|172L Max-pooling
11214(3(3]2] &
12341“2“*—312
113[3[1/1]1 515
313|1]1]0]0
21112]0(2]1

Figure 2.6: A max-pooling layer: The figure shows a single feature map with a
max-pooling unit applied to it. The max-pooling unit is of size 2 x 2 with stride
[2,2] and no padding.

Another set of common pooling functions are the Lo-pooling units, these return the
root mean square of the values. After the last pooling layer the convolutional neural
network connects to a fully connected neural network, as the one in Figure 2.4,
where the output of the pooling layer is connected to the nodes in the first hidden
layer in the fully connected network [24, p. 141-156].

2.4.4 Activation Functions

The activation function in the neuron is a function of the sum of inputs and a
threshold. Lets denote the inputs as Vk(efl), the weights associated with them as
wji, and the threshold b;. The inputs can be either the inputs to the ANN or outputs
from a previous layer. The output from a single neuron given an activation function

g(f]@)) is then
v =g (Z w VY — bi> : (2.10)
k

where Vi(z) is neuron ¢ in layer . The equation fi(g) => wika(Z*l) — b; is known as
the local field of the neuron Vj(g). If this is a hidden layer the output becomes input
to the next layer. If it is the output layer this is the output of the network [24, p.
75-95].
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The activation function is dependent on the kind of problem the ANN is used for,
some common activation functions is the rectified linear unit (ReLU) function and
the hyperbolic tangent function, tanh. The ReLLU function is given by

9(f) = maz{0, f}, (2.11)

also ReLU is inspired by neurons in the brain [24, p. 1-12, 96-113].

2.4.5 Loss Functions

A loss function in an ANN is the function which measures how well the network
performs. The loss function takes the output of the model and a target as input
and return a measure of how close the output is to the target. The lower the loss
function the better the performance of the network. When training a network the
loss function is minimized using an optimizer [24, p. 27-30, 114-140]. The loss
function can also be referred to as the energy function.

2.4.6 Optimizers

The training of a network is updating the trainable parameters, the weights and
thresholds, for each neuron. The updating is done with an optimizer applied to the
loss function. There are different optimizers which have unique updating rules. Two
optimizers relevant for this thesis are stochastic gradient descent (SGD) and Adam
optimizer (Adam) which both are described below.

2.4.6.1 Stochastic Gradient Descent

One optimizer is stochastic gradient descent which initializes the weights and thresh-
olds randomly. During training the weights and thresholds are updated by deriva-
tives of the loss function. The weights and thresholds are updated each iteration
from a random subset of inputs, therefore the name stochastic gradient descent. The
updates are computed by w) = w9 + swl®) and bY) = b¥) + 5b©) with

oc
Jwly), = LPwon (2.12)
oL
{4
) = =1 (2.13)

where 7 is the learning rate, a hyperparameter chosen by the user and L is the loss
function defined by the user to fit the specific case. The partial derivative of the
loss function is calculated for the output of the network as the goal is to minimize
the difference between the output and the target. Since the weights and thresholds
in layer [ is dependent on each neurons weights and thresholds in layer [ 4+ 1 which
is dependent of layer [ + 2 and so on until the output layer, these derivatives are
heavily dependent on the chain rule for derivatives. One way to reduce the number
of updates to compute is the concept of batching. A batch is a collection of inputs
and the loss function for the batch is the sum of the loss functions for outputs of each
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input in the batch. Then the updating of the parameters is analogous to function
(2.12)-(2.13). The term epoch is used when all training data is fed to the network
and trained on, so 10 epochs is training the network on all data 10 times [24, p.
96-102].

2.4.6.2 Adam Optimizer

The Adam optimizer is another algorithm using stochastic gradients to minimize the
loss function. The algorithm for updating one parameter is outlined in algorithm 1
which requires a stepsize, two decay rates, the loss function and the current value
of the parameter to update. Usual values for the stepsize is @ = 0.001 and decay
rates are 81 = 0.9, B2 = 0.999. The current value of the parameter is as previously
w) for the weights and b¥) for the thresholds [27].

Algorithm 1 Adam optimizer algorithm: A stochastic gradient algorithm for min-
imizing the loss function by updating the parameters in the neural network. The
following algorithm is outlined for updating a single parameter and need to be ap-
plied for each trainable parameter in the network. The value of € is assumed to be
1078 [27].
Require: a: Learning rate
Require: (1, f5: Decay rates for the moments
Require: L£: The loss function
Require: pg: Either a weight or a threshold
mg < 0
vg <+ 0
t<+<0
while p; not converged do
t<t+1
gt < a%,['(pt—l)
my < Bimy—1 + (1 — B1)ge
v <= Bavy 4 (1 = P) g7
My <= me /(1 — Bi)
b < v/ (1= 3)
P Pt — iy / (VO + €)
end while
return p;

The Adam optimizer algorithm is related to the stochastic gradient descent as the
step for calculating m; has the component (1 — /31)g; which is closely related to
equation (2.12) if n was set to 1 — 1. The components m; and v; are known as
the mean and uncentered variance of the gradient which are biased towards the
initialization at 0. The bias is corrected by calculating m; and 0; which are bias-
corrected estimates of the moments. The term g¢? is the squared derivative of the
loss function, in case of it being a vector the square is element wise [27].
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2.4.7 Complex Valued Convolutional Neural Networks

The functions used in a neural network are defined for real valued input, and the
functions themselves are real. There exist multiple variations to extend the CNN
structure for complex values. There are variations for the different activation func-
tions and variation in the convolutional and pooling layer. The different variations
can be used to suit different types of problems [28].

2.4.7.1 Rectified Linear Unit

The standard ReLU function was defined in Equation (2.11). A common ReLU
function for complex inputs known as CReL.U is given by

9(x) = f(Re(z)) +j - f(Im(z)), z € C, (2.14)

where f is the real ReLLU function defined in equation (2.11) and Re(x) and Im(x)
are the real and imaginary parts of the input x [28], [29].

2.4.7.2 Hyperbolic Tangent

A common implementation of the complex hyperbolic tangent function is defined in
the same way as the ReLU function by (2.14), with f(z) = tanh(x) [29], [30].

2.4.7.3 Convolutional Layer

The complex convolutional layer is defined as

g(x) = [f(Re(z)) = f(Im())| + [ f(Im(2)) + f(Re(x))], (2.15)

where Re(z) and Im(z) are the real and imaginary parts of the input = and f is the
real convolutional layer from section 2.4.3 [28], [29].

2.4.7.4 Maximum Pooling

For the complex maximum pooling the absolute value of the input is given as input
to the real maximum pooling and it returns the complex value which corresponds
to the largest absolute value [29], [31].

2.4.7.5 Optimizers

Both SGD and Adam use a variation of

Tyl = Tp — aa—ﬁ, (2.16)

ox

for step size @ € R and input x € R but if the loss function, input or both is complex
this can be written as
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a 0L
ol = Ty — = 2.17
a 0oL
el = Y — = 2.18
Ynt+1 =Y 2y ( )
The complex update equation is then written as
oL
n — <n Pt 2.19
Tt =t oo (2.19)

which means that to compute the updates for the optimizers only the derivative of
z* need to be evaluated from equation 2.8 [19].
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Methods

The model developed is a one dimensional complex valued convolutional neural net-
work, CV-CNN. The model input consist of the antennas array factor kernel (AFK)
described in section 3.1, together with a reference curve. The CV-CNN then outputs
beamweights for this antenna and reference curve. The beamweights together with
the AFK are used to calculate the radiated far field in a DPBF approach. The far
field and the reference curve is then input to the loss function which calculates the
loss for this input. The loss is then used with Adam optimizer to train the CV-CNN.
The outline of the process is shown in Figure 3.1.

AFK

Tupyy, Y

CV-CNN Output —>£Beamweights]—>[ Far field }
S0
1op Trainjn
Reference g \ﬁv

'

Figure 3.1: Outline of the process: The figure shows how the entire model is built.
It illustrates how the input is connected to both the CNN and its connection to
the loss function. The figure also shows how the loss function is connected to the
training of the CNN.

The aim of this chapter is to explain each step in Figure 3.1 in detail as well as the
tests performed in order to evaluate the model.

3.1 Input and Data Handling

The data used in this thesis was provided by Ericsson and it contained information
of the antennas construction as well as measurements of the far field excited from
each port of the antennas. The far field was measured at angels § = 0°,1°, ..., 180°
and ¢ = —180°, —179°, ..., 180° at two polarizations defined by the unit vectors

(6+6)/v2,
(0-0)/v2.

co

Xp
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where 6 and ngS are the unit vectors defined in section 2.1.1. The measured co- and
cross-polar components of the far field are denoted as

Gl

m,n,pol
pr P )(

0,0), (3.1)
0,0), (3.2)

where (m, n, pol) denotes the excited port mapped in accordance to Figure 3.2 where
m denotes the subarray row, n the subarray column and p = 4+45° the polarization.

S XX XXX XK XXX XX
= XXX XXX XXX XXX
DO XXX XXX XXX XXX
QO XXX XXX XXX | XXX
| XXX XXX XXX XXX
Y XXX XXX XXX XXX
S XXX XXX XXX | XXX
=J| XXX XXX XXX XXX

Figure 3.2: Port Mapping: The figure shows an example of how the rows and
columns of subarrays are indexed when mapping the ports to the antenna arrays.

In total there were measurements from 62 antennas and all the measured anten-
nas have 8 columns of subarrays but have a varying amount of subarray rows. A
limitation of this project is to only consider a cut in azimuth, at § = 90°, of the
resulting far field. Recalling from section 2.1.6.4, the shape of the peak normalized
radiation pattern in azimuth only depends on the subarrays in azimuth, assuming
that all rows of the array are equal. Another simplification was then to assume
that azimuth and elevation excitation vectors can be treated independently, that
means it is enough to optimize azimuth beamweights for a single row of subarrays.
To increase the number of data points, each row of the antenna arrays can then
be thought of as a separate antenna. If the £45° polarizations are assumed to be
identical for a given antenna then the measurements of one polarization can be used
for both when calculating the final far field. In this way the data can be doubled.
This simplifies the problem and it allows the model to train on larger amounts of
data but some information is lost in the process.

Each of the measured antennas are excited and measured at a varying number of
different frequencies. The frequency of the excitation will impact the resulting far
field of the antenna array through the wavenumber k& = 27/\ in equation (2.6). Be-
cause of this, each row of each antenna excited at each frequency will be considered
as a data point to increase the number of data points further. In total this resulted
in 1764 data points.

The goal of the thesis is to construct a predictive model that can output beamweights
for any given antenna such that the resulting far field mimics the shape of any given
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reference curve. To do this the input of the model must then contain the information
of the antenna as well as the reference curve.

The information from the subarrays needed to calculate the resulting far field of the
antenna array using equation (2.6) is contained in the factors

Gn(0,9)e?*™ T forn=1,..,8. (3.3)

This will then be part of the input to the model. Using the notation from equation
(3.1) and (3.2), then for a given row m and polarization pol we can rewrite equation
(3.3) as

G (9, )T forn=1,..,8. (3-4)

The antenna arrays are constructed such that the phase difference between the far
fields of the subarrays are minimized, assuming that they are excited with the same
phase and have phase reference points in the center of the respective subarray. Using
this we can approximate the far field functions in equation (3.4) using

Glmreel (9, g) ~ [Glmmeel (9, )| = \/ Gl o, ¢)]2 + |GE (0, ¢)\2-

The final input to the model containing the information of the antenna will be a
matrix containing eight columns where column n contains

Gl (g, )| e for § = 90°, ¢ = —180°, ..., 180° (3.5)

where m and pol are given. This matrix will be referred to as the array factor kernel
or AFK.

The reference curves used are Gaussian curves capped at -25 dB with different
HPBW. An example of such a reference with a 65° HPBW is shown in Figure 3.3.
Each of the 1764 antenna data points AFK were combined with 46 reference curves
with HPBW = 20°,25°,...,65° creating the data used as input for the model. In
total it resulted in 81144 data points.

In the end the dataset was split into three subsets. The first set was called the
test set and contained data from 5 randomly chosen antennas with a total of 248
data points. This data was not used under any of the modeling stages, it was only
used to give an unbiased evaluation of the final model. The rest of the data was
split into two subsets, a test and a validation set using an 80/20 split. The training
dataset was used for training the model and the validation dataset was used to give
an unbiased evaluation of the trained model while determining the hyperparameters
of the model.

3.2 Model and Output

The artificial neural network was developed using the package PyTorch version 2.2.1
[32] in Python version 3.12.2 [33] due to the flexible framework for developing neural
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Figure 3.3: A peak normalized reference curve with 65° HPBW.

networks. To adapt PyTorch to the project, the functions was rewritten to work for
complex valued input. The convolutional layer, max pooling layer, ReLU and hy-
perbolic tangent were implemented as described in section 2.4.7 [29]. The CV-CNN
was developed to perform well while keeping the number of trainable parameters as
low as possible. To find the optimal hyperparameters of the model Ray Tune was
used, which will be described in section 3.5.

The CV-CNN takes the AFK and a reference curve as input, where each column in
the AFK is considered as a one dimensional layer with 361 points. The last input
layer is the reference curve which also is one dimensional with 361 points. An an-
tenna with 8 subarrays in azimuth therefore has 9 input layers. The input layers is
connected with a hidden convolutional layer. This is a one dimensional complex val-
ued layer. A one dimensional layer is analogous to the normal two dimensional layer
but the kernel and stride are scalars instead of vectors. The activation function is
CReLU which is connected to a complex valued one dimensional max-pooling layer.
There are a total of three convolutional layers in the CV-CNN; all with the same
structure but with different hyperparameters.

The output from the last convolutional layer is connected to a fully connected feed
forward neural network with one hidden layer. The hidden layer uses CReLU as
activation function as the convolutional layers, the output layer however uses the
complex valued hyperbolic tangent in order to correctly scale the final output.

The desired final output of the CV-CNN are the beamweights

A, forn=1,.. 2N

from equation (2.6) where N is the number of subarrays in the linear antenna ar-
ray. The size of the final output is then two times the number of subarrays which
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corresponds to beamweights for each polarization of each subarray. This is desired
since it can be used to calculate the far field of the antenna array using the DPBF
technique. These beamweights will also be limited such that A, € [—4,4]dB and
®,, € [—m,m|. The reason for this is that the phase is periodic so it has full freedom
even if limited to [—m, 7| and the amplitude is limited in the same manner in an
implementation of a stochastic optimization algorithm currently used at Ericsson.
Further, by using the same interval it is easier to compare the two methods.

The CNN uses complex values and the output will also be complex valued. In order
to achieve the limits discussed above it is then easier to define the output of the
network as

In(A,) +j®,, forn=1,..,2N (3.6)

and then use the activation function

g(z) = tanh(Re(2)) - In(10%%) + j - tanh(Im(z)) - 7 (3.7)

for the output layer. The final beamweights are then found using

eln(An)+jq>n — Anejq)", for n = 17 ceny 2N. (38)

3.3 Loss Function

The purpose of the loss function is to calculate how far off the resulting far field of
an antenna array is from a given reference curve. Thus far, the reference curve is
given, the AFK is calculated as in section 3.1 and the beamweights are outputted
from the model as in section 3.2. The first thing to do in the loss function is then to
calculate the far field using equation (2.6). Note here however that the AFK only
have N columns but the model outputs 2N beamweights. This is solved using the
assumption that the polarizations are identical, the AFK can then be used for both
polarizations.

The second step is to measure how well the resulting far field corresponds to the
reference curve. This is done using two measures which in this thesis will be called
far field difference and sidelobe loss. The final step is to measure how much of the
maximum power output of the antenna is lost while forming the beams. This is done
by calculating the so called taper loss. The output of the loss function is finally the
sum of these three losses. All three losses have a minimum value of zero and the
higher the loss the worse the model has performed. The measures will be defined in
detail in the following sections.

3.3.1 Taper Loss

Taper loss is a measure of how the beamweight amplitudes varies and it indicates
how much power is lost due to having non-uniform excitation amplitudes. The desire
is to maximize the power output of the antenna. This is then done by exciting all
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elements with uniform amplitudes. In practice, the amplitude vector is normalized
before the practical implementation so only the relative amplitude levels are of
importance. Taper loss is defined as

2N |A | 2
Lr=—10-log;, | Y (’”) /2N |,

n=1 m7?“X|ATL’

where A,, is the amplitude of the beamweights and 2/N is the number of outputs
from the model.

3.3.2 Far Field Difference

The far field difference is a measure on how well the main lobe of the resulting
far field corresponds to the reference curve. This is done by calculating the mean
squared error (MSE) between the reference curve and the resulting far field where
the reference curve is above -10 dB. If the reference curve at ¢ is denoted as R(0).
Then the set of angles where the reference curve is above -10 dB can be defined as

o

> —10, ¢ = —180°, —179°, ..., 180°},
dB

where

Rref = mgx |R(¢>| y

and if the resulting far field of the antenna array at # = 90° and ¢ is denoted G 4(¢).
Then the far field difference is defined as
2
Nl

ey (B) 7)) - (B

PpEF Gref
Gref = max 1Ga(9)].

R(¢)
Rref

R(¢)
Rref

, —_
dB dB ‘

with

3.3.3 Sidelobe Loss

To minimize interference with other antennas the sidelobes should be suppressed,
a threshold of —10 dB was set to ensure this. The threshold was enforced at 10°
outside of the main lobe at —10 dB beam width and over the entire plane forward
from the antenna, i.e. from —90° to 90°. The loss was measured as the maximum
value of the sidelobes above the threshold in these areas, if no sidelobe were above
the threshold the value was set to 0.

This can be defined in terms of the reference curve, R(¢), and the far field, G 4(¢).
First the angle ¢_19q8 > 0 is defined such that
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= —10.
dB

R<¢—10dB)
Rref

The set of angles where the threshold was enforced is then defined as

Fiidze = {—90°,—89°, ..., —¢_10a — 10°, ¢_10a5 + 10°, ...,89°,90°} .

Using this, the maximum sidelobe level can then be defined as

Ga(9)
Gref

Gsige := max

)
¢efsidc

dB

and the sidelobe loss is then defined as

Ls = max (Ggiqe + 10,0) .

3.3.4 Total loss

The final loss function optimized by the network, called the total loss is defined as
the sum of the taper loss, the far field difference and the sidelobe loss. Using the
notation from section 2.4.6.1 and above, the loss function in this case is defined as

L=Lr+Lr+ Lg.

3.4 Training

To train the model, Adam optimizer [27] was used together with Autograd which is
a way of automatically differentiate functions in PyTorch. Autograd uses Wirtinger
calculus as described in section 2.2.1 [19]. The model was trained on the training
dataset for 100 epochs as the loss had decreased enough after that many iterations
and more computational resources was deemed unnecessary.

3.5 Hyperparameter Tuning

The structure of the CV-CNN was decided by initial trials. However, the hyperpa-
rameters was optimized using the package Ray Tune [34] to find a set of hyperpa-
rameters that minimized the loss function evaluated on the validation set. Ray Tune
samples instances of hyperparameters from a predetermined search space, trains the
model using these parameters on a training set and then evaluates them over a
validation set using a so called scheduler in order to find the best performing one
[34]. In order to reduce computational waste, the Asynchronous Successive Halving
Algorithm (ASHA) Scheduler [35] was used to stop samples early if they performed
worse than others.

There were hyperparameters to optimize in both Adam and the CV-CNN. The hy-
perparameters to optimize in Adam was the learning rate and [-values. For the
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CV-CNN the hyperparameters were the kernel sizes, stride and number of output
channels for the three convolutional layers, the kernel sizes and stride for the pooling
layers and the number of hidden neurons in the fully connected layer. The search
spaces for each parameter can be found in Table 3.1. For the learning rate the search
space was set between the two closest exponents of ten from the standard value 1073.
Also the two [-values search spaces was set to values around the standard values
at f; = 0.9 and (B = 0.999. The other search spaces were set to values which had
shown promise during initial testing to perform well on and then expanded out to
both higher and lower values to extend the search space.

The model was trained for a maximum of 50 epochs per sample in one Ray Tune
run and 100 epochs in another. Each run contained 300 samples. All samples were
given two epochs to learn before ASHA Scheduler was allowed to stop it, then the
ASHA Scheduler had the opportunity to break at epoch 2,4, 8,16, 32, 64.

Table 3.1: The hyperparameter search space for Ray Tune: The table shows the
search space used when optimizing the hyperparameters using Ray Tune. Most of
the parameters had sets of values while the learning rate and [S-values was sampled
uniformly over a continuous interval.

Hyperparameter Search space
Learning Rate [0.01,0.0001]
b1 [0.7,95]

Ba [0.9,999]

Convolutional kernel size layer 1 {5, 10, 15,20}
Convolutional kernel size layer 2 {5, 10, 15,20}
Convolutional kernel size layer 3 {5,10, 15,20}

Convolutional stride layer 1 {1,2,3}
Convolutional stride layer 2 {1,2,3}
Convolutional stride layer 3 {1,2,3}
Output channels layer 1 {2,4,6,8}
Output channels layer 2 {2,4,6,8}
Output channels layer 3 {2,4,6,8}
Pooling kernel size layer 1 {2,3,4}
Pooling kernel size layer 2 {2,3,4}
Pooling kernel size layer 3 {2,3,4}
Pooling stride layer 1 {1,2,3,4}
Pooling stride layer 2 {1,2,3,4}
Pooling stride layer 3 {1,2,3,4}
Number of hidden neurons {8,16, 32,64}
3.6 Tests

In order to test how the CV-CNN performs, various tests were performed. These
included a comparison with an existing method and statistical tests for certainty
and stability. Finally the model was tested how it scaled to other sizes of antenna
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array. All tests were done with the 248 data points in the test set which were never
used in any training.

3.6.1 Performance on Test Set

To evaluate the performance of the CV-CNN it was tested on each degree HPBW
reference curve from 20° to 65°. Then a 95% confidence interval was calculated for
each loss and the total loss to evaluate the uncertainty of resulting losses for each
reference width.

3.6.2 Comparison to Stochastic Optimization

In order to compare the result with an existing method the testing data points were
optimized with one of the methods used by Ericsson, a stochastic optimizer called
GODLIKE [36]. GODLIKE is a single- and multiobjective optimizer implemented
in MATLAB. It uses a combination of the NSGA-II algorithm together with other
algorithms to generate the population at each iteration. These algorithms include
GA, DE and SA [36]. It is used as a multiobjective optimizer, optimizing far field
difference, taper loss and sidelobe loss simultaneously, creating a Pareto front. This
allows the user to pick out the solution best suited to the problem. In this report

the solution in the Pareto front closest to the origin was used as a comparison to
the solution found by the CV-CNN.

Beamweights were calculated using both GODLIKE and CV-CNN over the entire
test set with reference curves with 20° and 65° HPBW. The loss was then calculated
and compared for the resulting far fields using beamweights from both models. The

hyperparameters used in this thesis for GODLIKE were equal for all runs and can
be found in Table A.1 in Appendix A

3.6.3 Scalability

To test the scalability of the model, the same model structure optimized for an
antenna array with 8 subarrays in azimuth was trained on antenna arrays with
4,16,32 and 64 subarrays in azimuth as well. These were simulated from the real
data of antenna arrays with 8 subarrays. For 4 subarrays the two outermost and
the two center subarrays were considered as one antenna array with 4 subarrays, as
the middle antenna array in Figure 3.4. For the antenna array with 16 subarrays in
azimuth the first four subarrays from the measured 8 subarray was considered the
first four in the larger array. The following four subarrays were copies of the fourth
subarray and the ninth to thirteenth subarrays were copies of the fifth subarray.
The last four subarrays were the last in the measured antenna array as well, as the
bottom antenna array in Figure 3.4. For the larger antenna arrays the simulation
was analogous, but with more copies of the two center subarrays. All models were
then evaluated on the test set after it was adapted as above to include the respective
number of subarrays.
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Figure 3.4: Simulating different antenna array sizes: The figure shows the original
measured linear antenna array on top, followed by the simulated antenna arrays
with 4 and 16 subarrays.

3.6.4 Input and Output Stability

A desirable system or model should be stable, meaning that small measurement
errors in the input or small hardware errors affecting the output should not have
detrimental effects in the performance. To test how stable the system is, noise was
introduced to both the input and the output. The results from this also gives an
indication to what requirements the measurements and hardware should have in
order to be compatible with the model.

To test how the model reacted to measurement errors in the input, a noise was added
to the AFK. This was done by multiplying each column, n, by a random noise factor

A . e.jq)n,noise
n,noise 9

where A, 0ise Was drawn from a uniform distribution over the interval [1 — AA, 1+
AA| and @, ,5i5c Was drawn from a uniform distribution over the interval [-A®, Ad].
The intervals was chosen such that

AA €{0,0.005,0.01, ...,0.1},
A® €{0°,0.5°,1°, ..., 10°},

and for each combination of AA and A®, 100 samples of the noise factors were
drawn and multiplied with the AFK. The AFK with noise was then used in the in-
put of the model and the beamweights obtained were compared to the beamweights
obtained when inputting the AFK without noise. The beamweights from the noisy
AFK were then used together with the noisy AFK to generate a far field and the
loss of that far field was noted. This entire process was repeated for all data points
in the test set with reference curves with a HPBW of either 20°, 40° or 65°.

To test how the system reacted to noise in the output a similar approach was utilized.
This time the AFK was left untouched but the beamweights were multiplied by 100
random noise factors in the same intervals as above. These noisy beamweights were
then used together with the AFK to generate a far field and the loss of that far field
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was noted. This process was also repeated for all data points in the test set with
reference curves with a HPBW of either 20°, 40° or 65°.
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Results

In this chapter the results from the thesis will be presented, beginning with the
hyperparameter tuning. There will be a comparison to stochastic optimization in
computational cost and performance. Following that the results of the CV-CNN
on the test set and the results of scaling the model to 4, 16, 32 and 64 subarrays.
Lastly, the stability results when applying noise to both the input and output of the
model is presented.

4.1 Hyperparameter Tuning

The lines in Figure 4.1 illustrates how the validation loss decreases with the number
of epochs for 50 and 100 epochs respectively. For both cases the first 50 epochs had
similar loss and decreased with similar rate. In both cases the trend of the validation
loss is decreasing which indicates that neither of the models overfit the data. The
model for 50 epochs has larger fluctuations of the loss between epochs due to larger
learning rate.

50 Epochs 100 Epochs

0.3 0.3

0.2 0.2

Validation loss

0 25 50 75 100 0 25 50 75 100
Epoch

Figure 4.1: Validation loss per epoch for the best models: The figure shows the
total validation loss development over epochs. The left figure highlights the loss for
the best model trained over 50 epochs with a subtle line for the total validation loss
for the model trained over 100 epochs. The right figure shows the same thing with
the loss for the model trained over 100 epochs highlighted.
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The hyperparameters which results in the lowest loss of the validation data when
trained over 50 and 100 epochs respectively can be found in Table 4.1. Most hyper-
parameters differ between the number of epochs.

Table 4.1: Optimal hyperparameters: The table contains the optimal hyperparam-
eters found using Ray Tune [34] when training a CV-CNN model for 50 and 100
epochs over 300 samples each.

Best Parameters Best Parameters
Hyperparameter

50 Epochs 100 Epochs
Learning Rate 0.000715 0.000196
B 0.858205 0.797510
Ba 0.914448 0.999000
Convolutional kernel size layer 1 10 5
Convolutional kernel size layer 2 10 5
Convolutional kernel size layer 3 5 15
Convolutional stride layer 1 1 1
Convolutional stride layer 2 2 1
Convolutional stride layer 3 1 1
Output channels layer 1 8 6
Output channels layer 2 8 2
Output channels layer 3 6 8
Pooling kernel size layer 1 3 2
Pooling kernel size layer 2 2 2
Pooling kernel size layer 3 2 3
Pooling stride layer 1 1 1
Pooling stride layer 2 3 1
Pooling stride layer 3 2 3
Number of hidden neurons 64 64

Since the model trained for 100 epochs achieved the lowest loss on the validation
set, this model will be chosen as the final model used in the remaining of the tests.
Therefore, all other results in this chapter comes from this model.

4.2 Comparison to Stochastic Optimization

This section contains a comparison of results between the CV-CNN and the stochas-
tic optimizer GODLIKE. How the antennas far field difference is distributed for 20°
and 65° HPBW of reference curve and for each model is shown in Figure 4.2. A
trend over all antennas is that the narrower reference curve has less far field differ-
ence than the wider one. For all antennas, except the last, the two models perform
similarly for the narrower reference. On Antenna 5 however GODLIKE performs
better for both reference curves. For the wider reference curve the variation of far
field difference is larger compared to the narrower, for both models.
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Figure 4.2: Comparison between CV-CNN and GODLIKE in far field difference:
The figure shows violin plots containing the far field difference between a reference
curve with either 20° or 65° HPBW and the far field from each measured antenna
array in the test set. The beamweights used to generate the far field was obtained
using a CV-CNN and GODLIKE. The result was split by antenna, HPBW of refer-
ence curve and model used to get the beamweights.

The structure of Figure 4.3 is similar to the structure in Figure 4.2 but with taper loss
instead of far field difference. The CV-CNN shows better taper loss than GODLIKE
for all test antennas. Note that this figure is on logarithmic scale.
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Figure 4.3: Comparison between CV-CNN and GODLIKE in taper loss: The
figure shows violin plots containing the taper loss from beamweights optimized for
the antennas in the test set against two different reference curves with 20° and
65° HPBW. The beamweights was obtained using a CV-CNN and GODLIKE. The
result was split by antenna, HPBW of reference curve and model used to get the
beamweights. Note that the taper loss is presented in logarithmic scale.

The violin plots in Figure 4.4 displays the total loss for each test antenna, model
and reference curve. The total loss is the sum of the three loss measures, far field
difference, taper loss and sidelobe loss. The sidelobe loss was zero for all beamweights
from all data points obtained from the CV-CNN. The sidelobe loss was zero for all
beamweights from all data points obtained from GODLIKE except for four data
points, these sidelobe losses can be found in Table 4.2. From Figure 4.4 it is clear
that for most antenna and reference combinations the CV-CNN is less varying than
GODLIKE, with the exception of Antenna 5. The loss for the CV-CNN in Figure
4.4 is almost equal to the far field difference from Figure 4.2. The loss for GODLIKE
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in Figure 4.4 is more influenced by the taper loss in Figure 4.3. This is the reason
for the smaller variations in loss for the CV-CNN.
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Figure 4.4: Comparison between CV-CNN and GODLIKE in total loss: The
figure shows violin plots containing the total loss from beamweights optimized for
the antennas in the test set against two different reference curves with 20° and
65° HPBW. The beamweights was obtained using a CV-CNN and GODLIKE. The
result was split by antenna, HPBW of reference curve and model used to get the
beamweights.

The subarray separation in azimuth, dY', is measured in wavelengths, A, in order
to combine frequency and antenna design to one measure. The antennas selected
for the test set have subarray separation dY € [0.454,0.587]A. To compare results
between the models for different antenna characteristics the test antennas was split
in quartiles of subarray separation. Figure 4.5 show how the two models far field
difference varies for the different subarray separation. This is the same figure as
Figure 4.2 but split by subarray separation instead of antenna. The figure shows
how the CV-CNN fits the far field better for the second and third quartile than the
first and fourth. GODLIKE show less variation for different subarray separations.
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Figure 4.5: Comparison between CV-CNN and GODLIKE in far field difference
for each quartile of subarray separation: The figure shows violin plots containing
the far field difference between a reference curve with either 20° or 65° HPBW and
the far field from each measured antenna array in the test set. The beamweights
used to generate the far field was obtained using a CV-CNN and GODLIKE. The
result was split by quartile of subarray separation, HPBW of reference curve and
model used to get the beamweights.
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The violin plots in Figure 4.6 show the taper loss for each quartile, reference width
and model. As this is the same data as in Figure 4.3 the CV-CNN has lower taper
loss for all antennas and the figure is in logarithmic scale. The taper loss does
not follow the same tendency for CV-CNN with higher losses for the first and last
quartile as the far field difference from the CV-CNN in Figure 4.5.

0.454A < dY < 0.493A 0.493A < dY < 0.545A 0.545) < dY < 0.563A 0.563A < dY < 0.587A

Model
-~ CV-CNN
] GODLIKE

Taper Loss

.

20 65 20 65 20 65 20 65

Half Power Beam Width of Reference Curve [*]

Figure 4.6: Comparison between CV-CNN and GODLIKE in taper loss for each
quartile of subarray separation: The figure shows violin plots containing the taper
loss from beamweights optimized for the antennas in the test set against two different
reference curves with 20° and 65° HPBW. The beamweights was obtained using a
CV-CNN and GODLIKE. The result was split by quartile of subarray separation,
HPBW of reference curve and model used to get the beamweights. Note that the
taper loss is presented in logarithmic scale.

The total loss for quartiles of subarray separation can be found in Figure 4.7. In the
figure, the total loss is lower for the CV-CNN than GODLIKE for the second and
third quartile, for both reference curves. it can also be seen in the figure that the
highest density of distribution for all subarray separations and reference curves is
lower for the CV-CNN than GODLIKE, but for the smallest subarray separations
there are outliers which are larger than all losses from GODLIKE.
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Figure 4.7: Comparison between CV-CNN and GODLIKE in total loss for each
quartile of subarray separation: The figure shows violin plots containing the total
loss from beamweights optimized for the antennas in the test set against two different
reference curves with 20° and 65° HPBW. The beamweights was obtained using a
CV-CNN and GODLIKE. The result was split by quartile of subarray separation,
HPBW of reference curve and model used to get the beamweights.
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Table 4.2: High sidelobes: The table shows all occurrences where the solution
found by GODLIKE had a maximum sidelobe level above -10 dB.

Antenna SEBW OF 4y 1\ Sidelobe loss [dB]
Reference

2 20 0.56300 0.001293

2 20 0.58658 0.001629

4 20 0.49000 0.000489

5 20 0.46823 0.002728

4.2.1 Time Comparison

An important aspect of the models is their time consumption. To test this, first
the number of function evaluations of the loss function was recorded when training
the CV-CNN for 100 epochs on the training set. Then the number of function
evaluations performed in an interval of typical runs of GODLIKE was recorded.
The results can be found in Table 4.3.

Table 4.3: Number of function evaluations per model: The table shows how many
function evaluations each model uses, for the CV-CNN the number is for 100 epochs
of training and for GODLIKE it is an interval when optimizing one antenna.

Model Period Function evaluations
CV-CNN 100 epochs of training 5578900
GODLIKE One optimization [5000000, 8000000]

4.3 Performance of CV-CNN

In this section the results of the performance of the CV-CNN on a range of HPBW
of the reference curve is presented. The sidelobe loss never exceeded zero and is
therefore omitted. Figure 4.8 show how the mean far field difference loss varies
over HPBW of reference curve for each antenna. Inn the figure the shaded area
shows the 95% confidence interval (CI) of the result. From the figure it is clear that
all antennas result are better for narrower reference curves and degrades for wider
reference curves.
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Figure 4.8: Far field difference per HPBW for each test antenna: The figure
shows how well the far field calculated by the output of the CV-CNN model fits
the reference curve in far field difference. The results are split by antenna. As each
antenna has multiple measurements the mean is presented together with a 95%
confidence interval.

The results in Figure 4.9 show how the mean taper loss varies over increasing HPBW
of reference curve together with a 95% CI for each antenna. From the figure it can
be seen that for all antennas the taper loss is largest around 40° HPBW reference
curve and lower at the ends, 20° and 65° HPBW reference curve. The magnitude of
the taper loss in Figure 4.9 is at the order of 1073, in comparison with the far field
difference at 107! from Figure 4.8.
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Figure 4.9: Taper loss per HPBW for each test antenna: The figure shows the
taper loss from beamweights outputted from the CV-CNN for each HPBW of ref-
erence curves. The results are split by antenna. As each antenna has multiple
measurements the mean is presented together with a 95% confidence interval.

The total loss per HPBW of reference curve for each antenna together with a 95%
CI is shown in Figure 4.10. This figure is similar to Figure 4.8 as the taper loss is
small and the sidelobe loss is zero.
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Figure 4.10: Total loss per HPBW for each test antenna: The figure shows the to-
tal loss from beamweights outputted from the CV-CNN for each HPBW of reference
curves. The results are split by antenna. As each antenna has multiple measure-
ments the mean is presented together with a 95% confidence interval.

How the far field difference varies over different HPBW of reference curve is illus-
trated in Figure 4.11. The figure is split in quartiles of subarray separation. As
in Figure 4.8, all cases has increasing far field difference with increasing HPBW of
reference curve. The second quartile in the figure show a lower loss and a narrower
CI while the first and forth quartile show higher losses and wider Cls.
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Figure 4.11: Far field difference per HPBW for each quartile of subarray separation
from the test antennas: The figure shows how well the far field calculated by the
output of the CV-CNN model fits the reference curve in far field difference. The
results are split by quartile of subarray separation. As each quartile contains multiple
measurements the mean is presented together with a 95% confidence interval.

How the taper loss is related to the width of the reference curve is shown in Figure
4.12. Tt is also separated by quartiles as Figure 4.11. It has the same tendency as
Figure 4.9 with a peak of taper loss in the middle but with narrower CI.
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Figure 4.12: Taper loss per HPBW for each quartile of subarray separation from
the test antennas: The figure shows the taper loss from beamweights outputted from
the CV-CNN for each HPBW of reference curves. The results are split by quartile
of subarray separation. As each quartile contains multiple measurements the mean
is presented together with a 95% confidence interval.

The total loss when splitting the data into quartiles of subarray separation is shown
in Figure 4.13. As in Figure 4.10 the total loss in Figure 4.13 is very similar to the
far field difference as the taper loss and sidelobe loss is close to or equal to zero.

0.454) < dY < 0.493A 0.493) < dY < 0.545) 0.545A < dY < 0.563A 0.563A < dY < 0.587A
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Figure 4.13: Total loss per HPBW for each quartile of subarray separation from
the test antennas: The figure shows the total loss from beamweights outputted from
the CV-CNN for each HPBW of reference curves. The results are split by quartile
of subarray separation. As each quartile contains multiple measurements the mean
is presented together with a 95% confidence interval.

4.3.1 Differently Sized Antenna Arrays

The losses for the differently sizes antennas is presented in Figure 4.14. In the figure,
the mean total loss for each size and for all test antennas for each degree of HPBW
of reference curve together with the 95% CI. From the figure it can be seen that for
the smallest antenna the model gets issues for the narrower reference curves. Both
the mean loss and the uncertainty is large for the largest antenna. In Figure 4.14,
it is clear that the total loss is significantly higher for 4 and 64 subarrays compared
to the others. Further inspection showed that the total loss is dominated by the
sidelobe loss for 4 and 64 subarrays.
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Figure 4.14: Total loss for antennas with 4 to 64 subarrays: The figure shows
how the total mean loss changes with increasing HPBW of reference curve together
with the 95% CI. The figure is separated by the number of subarrays in the antenna

ranging from 4 to 64.

As 4 and 64 subarrays show much larger loss than 8, 16 and 32 subarrays in Figure
4.14, the plots for 8, 16 and 32 subarrays are shown in Figure 4.15. In this figure
the mean loss is slightly increasing with increasing number of subarrays and the
uncertainty is increasing more rapidly. From the figure it can be seen that a pattern
is that all sizes has increasing loss with increasing reference HPBW.
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Figure 4.15: Total loss for antennas with 8, 16 and 32 subarrays: The figure
shows the average of the total loss with the 95% CI for each degree of HPBW of
reference curve. This is the same as Figure 4.14 without 4 and 64 subarrays, note

the magnitude of the loss.

4.4 Stability Analysis

The results of the stability investigation is presented in the following figures. First
the stability when applying noise to the beamweights outputted of the CV-CNN is
presented in Figure 4.16. For the three different reference curves in the figure the
loss increases with increased noise, both with noise in phase and amplitude. In the
figure, the loss increases faster the wider the reference curve.
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Figure 4.16: Stability of loss with noised beamweights: The figure shows how the
loss changes when noise is applied to the beamweights outputted from the model.
The loss was calculated as an average over 100 samples of noised beamweights for
each data point in the test set for each combination of the phase noise and amplitude
noise for 20°, 40° and 65° HPBW reference curves.
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In Figure 4.17, 4.18 and 4.19 the results of applying noise to the input to the model
is illustrated. Figure 4.17 shows how the total loss is affected by noise in the input.
The figure shows that the loss is correlated to the phase noise but not the amplitude

noise. The figure also shows that a wider reference curve corresponds to a larger
loss.
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Figure 4.17: Stability of loss with noised AFK: The figure show how the total
loss changes when noise is applied to each subarrays radiation when inputted to the
model. The loss was calculated as an average over 100 samples of noised AFK for
each data point in the test set for each combination of the phase noise and amplitude
noise for 20°, 40° and 65° HPBW reference curves.
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In Figure 4.18 the difference in amplitude of the beamweights is shown with in-
creasing amount of input noise. The figure shows that the impact is very low for
a 20° HPBW reference curve, a bit higher for a 65° HPBW reference curve and
significantly higher for a 40° HPBW reference curve.
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Figure 4.18: Stability of amplitude with noised AFK: The figure show how the
amplitude without noise varies when noise is applied to each subarrays radiation
when inputted to the model. The loss was calculated as an average over 100 samples
of noised AFK for each data point in the test set for each combination of the phase
noise and amplitude noise for 20°, 40° and 65° HPBW reference curves.

In Figure 4.19 the results of how the beamweights phase changes with increasing
amount of noise is illustrated. The average phase difference for the beamweights is
increasing with noise in both amplitude and phase, however quicker with increasing
noise in phase. The figure show that the phase difference is highly correlated to the
phase noise but not as correlated to the amplitude noise.
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Figure 4.19: Stability of phase with noised AFK: The figure show how the phase
varies from the input without noise when noise is applied to each subarrays radiation
when inputted to the model. The loss was calculated as an average over 100 samples
of noised AFK for each data point in the test set for each combination of the phase
noise and amplitude noise for 20°, 40° and 65° HPBW reference curves.
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Discussion

This chapter aims to discuss the results presented in the previous section. It is
divided into four sections which discusses the results from the corresponding sections
in the previous chapter.

5.1 Hyperparameter Tuning

The resulting validation loss for the models trained over 50 and 100 epochs shown
in Figure 4.1 is very similar for the first 50 epochs. Both models are nearly equally
as good but the learning continues with more epochs which is the reason that the
100 epoch model is better in the end. The fact that the loss is still decreasing with
the number of epochs also show that the model is not overfitted to the training data.

Most of the hyperparameters between the two models are not equal as can be seen
in Table 4.1. The learning rate is one parameter that differ where the model trained
over 50 epochs have a larger learning rate than the one for the model trained over
100 epochs. This can be seen in Figure 4.1 as the variation in validation loss between
epochs is much larger for the 50 epoch model. Almost all other parameters differ
as well. However, the validation loss is very similar, this could mean that there are
many different sets of hyperparameters that gives good results, or that there is a set
of hyperparameters not found yet that is even better for the problem. The learning
rate for the best model is close to the lower end of the search space which shows
that the search space could be expanded to include lower values of the learning rate.
Furthermore, both models use the maximum amount of hidden neurons allowed
in the search space. This indicates that the search space for the number of hidden
neurons could be increased to potentially find better solutions. In general, the search
space for all hyperparameters could be expanded for a more thorough search which
could lead to finding better solutions that are now outside the search space. Another
way to extend the search space could be to include the number of hidden layers and
the number of convolutional layers. This could potentially increase the likelihood of
finding a better model than the one found.

5.2 Comparison to Stochastic Optimization

To compare the results of the far field difference between the CV-CNN and GOD-
LIKE the violin plots in Figure 4.2 and Figure 4.5 were studied. In Figure 4.2 the
results are split by antenna for two reference curves. It can be seen that for Antenna
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1 and 5 the CV-CNN struggles a bit. For the 20° reference curve for Antenna 1 and
5 the loss is higher and the spread is bigger for the CV-CNN than GODLIKE. For
65° the average results are quite alike but the CV-CNN has larger spread in the
results. For Antenna 2, 3 and 4 the results are quite equal between the models
for both references. The CV-CNN has some bad outliers and some results that are
very collected. When looking at the far field difference split by quartile of subarray
separation in Figure 4.5 it is clear that the CV-CNN mostly struggles when the
subarrays are closer to each other. The first quartile of subarray separation the
CV-CNN is varying a lot for both reference curves, the same can be seen for the
wider reference curve for the fourth quartile. For the second and third quartile the
results between the models are similar and in some cases the CV-CNN performs a
bit better. This might be due to having more training data for the CV-CNN with
subarray separation in quartile two and three or that the model might be biased
towards the mean value in the data set.

The taper loss seem to be completely independent of antenna and subarray separa-
tion, for both models. This can clearly be seen in Figure 4.3 and Figure 4.6. This
is reasonable as the taper loss is less dependent of antenna design than the far field.
The values of the taper loss can be found in Figure 4.3 and Figure 4.6 and it is clear
that the CV-CNN outperforms GODLIKE. The taper loss in the figures is conse-
quently 100 times lower for the CV-CNN than GODLIKE, regardless of subarray
separation, antenna or reference curve HPBW. The sidelobe levels can be neglected
as the sidelobe loss was zero for all antennas optimized using the CV-CNN and only
four antennas optimized by GODLIKE had a sidelobe loss over zero. The sidelobe
losses above zero are presented in Table 4.2 and it is clear that the sidelobe loss is
very low for all four antennas.

The total loss for the two models is compared by antenna in Figure 4.4 and by
subarray separation quartiles in Figure 4.7. As previously the CV-CNN has more
trouble with Antenna 1 and 5, which is noticeable as a much larger spread between
the results. However, apart from some outliers the CV-CNN has lower total loss than
GODLIKE for all antennas, subarray separations and HPBWs. This is mostly due
to the low taper loss for the CV-CNN. For the second and third quartile of subarray
separation in Figure 4.7 the CV-CNN seem to perform much better than GODLIKE
for all data. For the fourth quartile the CV-CNN performs marginally better while
for the first quartile the average performance is better but there are some antennas
performing worse than GODLIKE. However, whether or not the CV-CNN performs
better than GODLIKE or not depends on what the goal is. If minimizing the far field
difference is of most importance then GODLIKE might be better, and if minimizing
the taper loss is of most importance then the CV-CNN might be better. The CV-
CNN is also deterministic and will give one set of beamweights while GODLIKE
presents a Pareto front of solutions which the user can chose from depending on
what is mostly valued in that case.
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5.2.1 Time Comparison

The number of function evaluations needed to train the CV-CNN and evaluate
GODLIKE are of the same magnitude as can be seen in Table 4.3. This is however
not all computations done in either of the models. GODLIKE performs a stochastic
amount of computations in order to improve the population and these are directly
connected to the number of function evaluations, hence the range in the table. One
important aspect is that once the CV-CNN is trained, only one feed through the
network is needed in order to get a set of beamweights. This is simply a number
of matrix multiplications. No function evaluations is needed unless the loss is of
interest.

5.3 Performance of CV-CNN

It is easier for the CV-CNN to fit a narrow reference beam rather than a wide one.
This can be seen for all antennas and different subarray separation in Figure 4.10
and Figure 4.13. The uncertainty is also larger for the wider reference beams when
they are separated by antenna, as seen in Figure 4.8. From the figure, it can be seen
that the far field difference is larger for Antenna 1 and 5 than the others. This is
most likely due to a large spread of subarray separation for these antennas as the
split over quartile of subarray separation in Figure 4.11 shows that the uncertainty
is more constant over all widths of reference beam. This also shows that separating
the data by characteristics is more informative about the model than separating by
antenna. In Figure 4.11 the mean far field difference and uncertainty is better for the
second and third quartile, especially for the second. This shows that the CV-CNN
is much better at predicting beamweights for antennas with subarray separation
in this interval. This could be because most points in the training data having a
subarray separation in this interval or that there is a compromise leading the more
extreme values of subarray separation to get worse results.

As can be seen in Figure 4.9, the taper loss is almost negligible as it is below 1072
while the far field difference is around 10~!. The CV-CNN learns taper loss well,
however the peak in loss around 40° seen for all antennas and subarray separations
lack clear explanation. When comparing the taper loss when split by antenna and
quartile of subarray separations in Figure 4.9 and Figure 4.12 respectively it is clear
that the uncertainty is much narrower when separated by quartile. This shows that
the taper loss is correlated to dY. Again, this is a result showing that splitting data
by antenna characteristics is more informative as results of the model than splitting
by antenna, as for far field difference. The sidelobe loss is constantly zero over all
test antennas and can therefore be seen as an assurance of not getting any unwanted
sidelobes over the set limit.

The total loss is almost the same as the far field difference, this is the case for all
antennas, subarray separations and HPBW as can be seen in Figure 4.10 and Figure
4.13. The far field difference is therefore by far the most difficult loss-measure to
learn for CV-CNN structure.
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5.3.1 Differently Sized Antenna Arrays

The results for antennas with different number of subarrays were quite varying as
seen in Figure 4.14. For the antenna with 64 subarrays the loss were in general
very high. This is probably due to the model being hyperparameter optimized for 8
subarrays and not that a model of this type is unable to handle the larger antenna.
Figure 4.14 shows that for four subarrays the model had a hard time with the nar-
row reference curves, which is expected as the physical limitations for using fewer
subarrays restricts the opportunity to generate narrower beams. As the sidelobes
are the dominating loss for both 4 and 64 subarrays the CV-CNN has issues to
suppress the sidelobes. In the case with 4 subarrays it might be a physical limita-
tion that gives this result. For reference curves over 30° HPBW the results appear
to be quite close to the larger antenna arrays and therefore 4 subarrays might be
worth to train for wider references only. As the complexity for the larger antenna
is higher the model might be too simple to learn enough to optimize a 64 subar-
ray antenna. Tuning a CV-CNN for the larger antennas should return better results.

When observing the three antenna array sizes with better results in Figure 4.15 it
seems like the difference is quite small. The mean total loss increases slightly with
more subarrays and the uncertainty increases a bit more, however the increase in
both is small. It is interesting to note that for 16 and 32 subarray antennas the
model struggles with the wider reference curves in the same way as the results for
8 subarrays in section 5.3. The model seem to be able to scale up to a bit larger
antennas but hyperparameter tuning is to recommend to improve its performance.

5.4 Stability Analysis

Figure 4.16 shows how the loss behaves when a noise is introduced to the beamweights
outputted from the CV-CNN. The figure clearly shows that noise applied on both
the amplitude and the phase affects the total loss, which is expected. From Figure
4.16 the loss seems to be higher in general for wider reference curves but also that
the total loss increases faster with the increase of noise for a wider reference curve.
The on average worse results for wider reference beams can be explained by the fact
that the model generally performs worse on wider reference curves as can be seen in
Figure 4.10 and Figure 4.13. This fact might in part explain the steeper increase in
loss for wider reference curves but otherwise the reason is unknown. From Figure
4.16 it can also be seen that the loss increases a bit faster with phase noise than
amplitude noise even though one part of the total loss, taper loss, only depends on
the amplitude. This might be due to the amplitude and the phase being in different
scales.

The effect on the loss when introducing noise in the AFK, used for both the input
to the model as well as the total loss function, can be seen in Figure 4.17. The
figure shows once again that the model performs worse on wider reference curves.
However, the figure also shows that the loss seems to be highly dependent on the
phase noise but not at all to the amplitude noise. This can be a result from the ap-
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proximation G,, =~ |G,,| in the AFK in equation (3.5). This approximation removes
all irregularities in the phase from the measurements which results in that the phase
difference between the subarrays in the AFK only depends in their physical sepa-
ration that is assumed to be equal. This means that the model is only trained on
uniform phase differences which might explain why it is sensitive to irregular phase
differences. The model is however trained to handle irregularities in the amplitude
which might explain why it is robust to the noise in amplitude. To get a more
robust model one might then remove the approximation used in the AFK and train
the model to handle irregular phase differences.

How the amplitude of the outputted beamweights is affected by noise being intro-
duced in the input AFK is shown in Figure 4.18. The first thing to note in the
figure is that the differences in amplitudes are very low. The maximum difference
lies around 0.6%, which corresponds to a maximum of 0.098 in taper loss. That
the amplitude differences are low are quite expected since the model is optimized
against taper loss which is directly correlated to this. From Figure 4.18 it is clear
that the effects in amplitude difference depends on how wide the reference curve is.
The results from the 20° HPBW reference curve shows that the amplitude is almost
completely unchanged regardless of the noise level. For the 40° HPBW reference
curve there are a lot of difference and for the 65° HPBW reference curve the effects
are somewhere in between. This can be explained through Figure 4.9 and Figure
4.12. In these figures it is clear that the taper loss and thus the amplitude variance
is the highest for reference curves with HPBW around 40°. The uncertainty of the
taper loss is also highest around reference curves with 40° HPBW which further im-
plies that the amplitude varies much for reference curves with around 40° HPBW.
This might then explain why the amplitude differences in Figure 4.18 are the highest
for the 40° HPBW reference curve. In the Figure 4.9 and 4.12 it is clear that the
taper loss is the lowest for narrower reference curves which might explain the low
values of amplitude difference in Figure 4.18 for the 20° HPBW reference curve.

How the phase of the outputted beamweights is affected by noise being introduced in
the input AFK is shown in Figure 4.19. From the figure it seems like the differences
in phase are not as correlated to the width of the reference curve as the differences
in amplitude were. The difference in phase does seem to be strongly correlated with
the phase noise and weakly correlated to the amplitude noise. This might again
partly be explained by the approximation used in the AFK making the model less
robust against phase noise. It can also be partly explained by the fact that a phase
noise should be compensated with a change in phase, if the phase of one input is
shifted by one degree then the corresponding output phase should be shifted by one
degree to compensate. A last remark is that the effects in phase difference is quite
significant as the average can reach as high as 5°.

To summarize, the results in Figure 4.19 and Figure 4.18 indicates that noise in
the input affects the outputted beamweights from the model, especially in phase. If
these differences are thought of as noise to the beamweights then Figure 4.16 shows
that a maximum average difference in amplitude around 0.6% does not have a large
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effect on the loss but a maximum average difference in phase of around 5° can have
quite large implications on the loss. This together with the observation that the
phase difference in Figure 4.19 correlates with the phase noise but not as much with
the amplitude noise indicates that a measurement error in the input phase can have
large implications to the performance of the antenna in practice. It also indicates
that the model is not as robust against noise in the phase of the input as it is to noise
in the amplitude of the input. This might partly be explained by the approximation
made in the AFK.
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Conclusion

A general conclusion of the project is that it is possible to predict beamweights for
an unseen antenna using a ML model. The beamweights also seems to generate a
satisfactory far field in relation to any given Gaussian reference curve.

A conclusion of the hyperparameter tuning is that it appears that there are mul-
tiple combinations of hyperparameters resulting in equally good models. With an
extended search space, including the number of convolutional layers and number
of hidden neurons an even better model could possibly be found. An increase in
samples and epochs could also find better solutions.

The main conclusion of the comparison between the models is that which model
is best depends on what the user is interested in. The CV-CNN performs better
on total loss by lower taper loss while GODLIKE is better on far field difference.
The difference in far field difference is larger for small and large values of subarray
separation. If the GODLIKE parameters were more adapted to the specific antenna
they were optimized against, it could potentially perform even better. GODLIKE
returns a set of solutions which makes it more flexible than the CV-CNN. The CV-
CNN is very much quicker than GODLIKE, once it is trained.

The results of the performance of the CV-CNN shows that the far field loss is dom-
inant, especially for wider reference curves. The far field loss is very dependent on
the subarray separation. The lowest subarray separation gives the worst result. The
model returns low taper loss and no sidelobe loss for all antennas. The differences
in taper loss is only dependent on the width of the reference curve and subarray
separation. The conclusion is that the total loss is only dependent on the far field
difference and that the farfield difference is worse for wider reference curves and
narrow subarray separation.

The CV-CNN model was evaluated on different sizes of antenna arrays, but the
hyperparameters in the model for all tests were optimized for antenna arrays with 8
subarrays in azimuth. The results showed that the model performed similarly on 8,
16, and 32 subarrays in azimuth, regardless of the element separation or the HPBW
of the reference curve. For 4 subarrays in azimuth the model performed significantly
worse for reference curves with lower HPBW this is most likely explained by the
physical limitations of an antenna with 4 subarrays, it can not easily generate such
narrow beams. For 64 subarrays, the model generally performed a lot worse than
for the other sizes. The reason for this might come from the fact that the model was
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optimized for 8 subarrays. The final conclusion is then that the model is scalable to
different sizes of antenna arrays but the hyperparameters should be optimized for
each size.

The results from the stability analysis shows that the CV-CNN is generally stable
to amplitude errors in the input but that it is sensitive to phase errors in the input.
A phase error in the input results in a low difference in the outputted beamweights
amplitude but a significant difference in the beamweights phase. The results also
shows that the system is sensitive to both amplitude and phase noise in the out-
put beamweights. This indicates that phase noise in the input results in a loss in
performance of the resulting far field. These effects can in part be explained by an
approximation made in the calculation of the array factor kernel. Removing this
approximation might then be a good step to improve the stability of the model.

6.1 Further Work

An improvement that could be done is to expand the search space in the hyperpa-
rameters tuning, one way is by including lower values of learning rate and including
more hidden units in the hidden layer. Another is to include the number of convo-
lutional layers and the number of hidden layers to the search space.

To improve the performance for differently sized antennas hyperparameter tuning
should be done for each antenna array size.

As the taper loss is consequently low, the amplitude could be completely omitted in
the optimization. This halves the number of degrees of freedom in the output which
might improve the results from the optimization.

The input data to the model was approximated to not include phase differences from
the measured subarrays. This could be included which might lead to a better, more
stable model. Another improvement to the input could be to include the measure-
ments of each polarization instead of assuming that they are equal. These changes
might lead to a more reasonable modeling of the problem. Testing the different
models of the problem can be done by generating beamweights from both models
for the same antenna and then measure the resulting far field.

An interesting test would be to evaluate how a CV-CNN model performs on ele-
vation as the characteristics of an antenna array in elevation is different from the
characteristics in azimuth, as the subarrays used contains only one element in az-
imuth but several in elevation.

Another interesting extension is to see if the model can be extended to find beamweights
for a 2D planar antenna array. The output can then be evaluated against a 3D
reference curve. Then the far field is evaluated in both azimuth and elevation si-
multaneously.
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6. Conclusion

In the thesis, only one loss function was used. An interesting extension is then to
see how the beams and the system is affected when using different loss functions. A
simple change is to weigh the different losses used to see if the model then minimizes
some losses more than others. Another change is to lower the threshold used in the
sidelobe loss to see if the model can minimize the sidelobes further. Apart from that
the possibilities are endless and the loss function can be adapted to fit the need of
the intended implementation.

An interesting extension of the project is to try out different reference curves than
the one used. In the project, only Gaussian reference curves pointing straight for-
ward from the antenna is used. Other forms of curves could be used and they could
also be pointed in other directions than straight forward.

Another interesting analysis is to see how the model behaves when trained on dif-

ferent amount of data, maybe the model performs significantly better with more
training data.
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Appendix 1

A.1 GODLIKE Parameters

The parameters used in GODLIKE are all given standard values, most of the ones
used are standard. However MaxFunEvals, popsize, Minlters and which algorithms
to use is custom values. PSO is not recommended for multi-objective optimization
and is therefore omitted and therefore also the parameters used for PSO. In table
A.1 it is specified that ASA is used, however the ASA algorithm implemented in
GODLIKE is SA [36]. The parameters for ASA are estimated by GODLIKE and
there is no reason to change these, therefore also they are omitted. Also the pa-
rameters for single-objective optimization is omitted as there are multiple objective
functions.

Table A.1: Parameters in GODLIKE optimizer: The table contains all parameters
used in the GODLIKE optimizer when generating results.

Paremeter Value
Algorithms used DE, GA, ASA
MaxFunEvals 5- 108

MaxIters 20
Minlters 20
ItersLb 10
ItersUb 100
popsize 5000
Flb —1.5
Fub 1.5
CrossConst 0.95
CrossProb 0.25
MutationProb 0.1
Coding Binary
NumBits 52
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