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Abstract

Ecole Polytechnique de Louvain
Including UAV attitude in SKA calibration

by Alexandre Pierlot

The Square Kilometer Array will be one of the main astronomical instruments of the 21
century [1]. The Array will be composed of two types of telescopes, the SKA-Mid and
SKA-Low. The SKA-Low will consist of multiple stations, each station will be composed
of 256 SKALA (Square Kilometer Log-periodic Antenna) antennas [2].

In order to acquire high resolution images, a calibration of the arrays will need to be
achieved. The Far-Field calibration of such array will require artificial signal sources such
as antennas mounted on Unmanned Aerial Vehicle (UAV). Previous investigation has
proven that Far-Field calibration error was mainly due to the UAV attitude errors [3].
This thesis focuses on the reduction of the calibration error by calculating the UAV
attitudes using the SKALA elements composing the SKA stations. The HARP software
is used in order to calculate the embedded element pattern (EEP) of each antenna. The
calculation of the voltage received by the illumination of the array using the UAV is
detailed and verified. We develop a method to calculate the UAV attitudes allowing
to improve the calculation of the calibration coefficients of the array. The Levenberg-
Marquardt and Nelder-Mead algorithms are used and a performance comparison is carried
out for each algorithm. The impact of the thermal noise of the low noise amplifier (LNA)
and the sky is modelled in the received voltage. The impact of this thermal noise on the
accuracy of the calibration calculation, using the developed algorithm, focused on.
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Chapter 1

Introduction

Radio astronomy instruments evolved from simple structures composed of 2 antenna
interferometers to complex arrays composed of dozens of steerable elements [8]. The
increase in the size of telescopes, combined with ever more advanced technology, has
enabled astronomers to observe objects never before seen, pushing back the limits of the
observations even further. Recent years have seen the emergence of even more sophisti-
cated telescopes. One can note the James Webb Space Telescope, that recently observed
infrared galaxies 600 million years after the Big Bang [9] or the Event Horizon Telescope,
fruit of collaboration between several radio telescopes around the globe, that provided the
first image of a black hole in 2019 [10].

The extremely large arrays concept for radio astronomy was developed during the 90’s.
Those arrays would have allowed to reach even higher resolution imaging, with a collect-
ing area two orders of magnitude greater than before. Those radiotelescopes would be
composed of multiple arrays, with a baseline approaching 5000 Km [11].

The Square Kilometer Array The Square Kilometer Array (SKA) development
began in 1993 and will herald a turning point in the domain of radio astronomy. The SKA
is the result of an international project with the aim to probe a wide range of elements.
The SKA will make it possible to study the Cosmic Dawn and the Epoch of Reionisation,
the nature of Dark Energy and the evolution of galaxies [1]. This radio telescope will be
composed of two different telescopes, SKA1-Mid and SKA1-Low as shown in Fig. 1.1,
with different structures and antennas used. While the SKA1-Mid will operate between
350 MHz and 15.4 GHz, the SKA1-Low will be charged to detect signals from 50 MHz to
350 MHz [2].



(a) SKA1-MID array (b) SKA1-LOW multiple arrays

Figure 1.1: Artist impressions of SKA telescopes, from [4, 5].

The SKA-Low telescope will be composed of 512 stations placed in a central core and
along 3 spiral arms in Australia. As each station will be composed of 256 Square Kilometer
Array Log-Periodic Antennas (SKALA), the SKA-Low telescope will be composed of
131072 log-periodic, dual polarized antennas [2, 1]. Several versions of the antennas were
developed over the course of the project, resulting in version 4.1 of the antenna, as shown
in Fig. 1.2 [2].

Figure 1.2: Single SKALA4.1 antenna composing the SKA-Low telescope, from [2].

Several station prototypes, known as Aperture Array Verification System (AAVS), have
already been built serving as a test platform for the technologies and methods developed
for the design of the SKA-Low [2, 12, 13]. The AAVS0 was composed of 16 random sparse
distributed SKALA1 antennas [12] while the AAVS1 comprises 256 SKALA2 antennas
[13].



Calibration The instrumental and atmospheric factors generate distortions in the
received signals. The aim of the calibration is to remove those effects in order to synthesise
high-resolution images [8]. During the calibration procedure, the instrumental factors
such as antennas positions and axis misalignment, are supposed to be stable over time
[11]. As the SKA stations are large, using an anechoic chamber is impossible for those
arrays. One method proposed is to use an Unmanned Aerial Vehicle (UAV) and calibrate
the arrays, as explained in [14]. However, the UAV attitudes and positions are generally
biased during an UAV flyover [15], leading to generate errors in the calibration coefficients
of the arrays [3]. This text focuses on a method to estimate the UAV attitudes and then
increase the precision of the calibrations.

Structure of the thesis This work is organized as follows: first, the state-of-the-art is
presented, focusing on the Embedded Element Pattern computation and calibration of
the array. The Harmonic Polynomial (HARP) software used to calculate the Embedded
Element Pattern (EEP) is described.

Chapter 3 focuses on the implementation of the SKALA and UAV coupling, where the
SKALA array and UAV properties will be described. The calculation of the received
voltage on the SKALA antennas is explained and verified within simulations.

The next chapter is devoted to the calculation of the attitude of the UAV with a calibrated
SKALA array to prove such methods as possible. The algorithms used to calculate
the attitudes of the UAV are described. Then, a comparison of the effectiveness of the
presented algorithms is carried on. It allows to choose the most suitable algorithms for
the next chapters.

Chapter 5 focuses on the implementation of the rectification of the coefficients, using
the deduction of the UAV attitudes based on the measured voltages of the array. The
calibration errors with and without rectification are compared to confirm the choice of
the method used in the Chapter 6.

Finally, Chapter 6 describes the application of the chosen algorithm while including noised
signals. As the amplifiers and the sky indeed leads to interference in the measured voltage,
the modeling of those elements is described. Then the impact of the thermal noise on the
effectiveness of the proposed method is evaluated.



Chapter 2

State of the art

In this chapter the state-of-the-art of the numerical simulation and calibration of the SKA
stations will be developed.

The method used in HARP for calculation the Embedded Element Pattern (EEP) of each
SKALA antennas will be described. The principles of calibration for large arrays will then
be focused on, investigating on the calibration using artificial sources in far field.

2.1 EEP computation of SKALA antenna using HARP

Since the data of the measurements were not available, using simulations in order to
compute the EEP of each SKALA antennas was mandatory. Therefore, the HARP
software, standing for HARmonic Polynomial, was used to achieve those simulations. This
software allows fast simulations of the EEP of the SKALA antennas using Macro Basis
Functions (MBF) as explainted in [6]. The method used by HARP allows to accelerate
the calculation of the interactions between antennas. It has been tested on SKALA arrays,
allowing to simulate fields measurements and compute the impact of the error of the UAV
positions on the EEP reconstitution [14].

2.1.1 Method of Moments

Computing the radiation pattern of a SKALA antenna requires to deduce its radiated
electric field by solving Maxwells equations. However, these equations need to be inte-
grated on complex structures, which might not be solved analytically. A solution can still
be approached using computational methods such as the method of moments (MoM),
transforming the integral equations into a linear problem [7].

The Methods of Moments is fully explained in [7] and then won’t be detailed in this text.
Still, summarizing the main principles is important to understand the purpose of HARP.

As shown in Fig. 2.1, SKALA2 antennas have a complex geometry, integration the
Maxwell equations on the antenna is then not possible analytically. By decomposing the
domain of integration into N subdomains, as shown in Fig. 2.2, it is possible to divide
the problem into multiple simpler problems and linearize the integral equations.
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Figure 2.1: SKALA2 mesh, from [6]
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Figure 2.2: Division of a wire into N subdomains, from [7]

By supposing the integral of the complex domain as a sum of basis functions f, on all the
subdomains multiplied by a respective weight a,,, it is possible to linearize the problem as

N
f=) anfs (2.1)
n=1

where f is the unknown function. An example of the method is shown at Fig. 2.3
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Figure 2.3: Linearization of the problem by using simpler integrals f,, multiplied by a
weight a,,, from [7]

Applying a linear operator £ to the basis functions f,, and using an inner product or
moment <,> (such as multiplication of the integrals) with a testing function f,, lead to
rewrite the equation as

N
< [y g >R Y an < fu, L(fn) > Ym=1,...,M (2.2)
n=1

where g = L(f).
Calculating the value using N testing functions f,, results in a N x N equation system

Za=Db (2.3)

where z,,, =< fu, L(f,) > is called the impedance matriz in our case, a the vector
containing the weights a,, and b,, =< f,,, g >.

Solving such equation systems can be done using Gaussian elimination. However, the
solution complexity of the MoM is O((N,N;)?) where N, is the number of antennas and
N, the number of basis functions [6]. Computing the EEP of each SKALA antenna
requires to calculate the impedance matrix multiple times, leading to high computation
time on large arrays.

2.1.2 Macro Basis Functions used in HARP

In order to reduce the computation time in the MoM, a compression of the impedance
matrix is done by replacing the basis functions by a new set of macro basis functions
(MBF). Those MBFs are obtained by solving smaller problems [6]. This method allows to
calculate the solution directly by avoiding iteration for multiple antennas [16, 17].

By replacing the set of basis functions by a set of MBF, the complexity of the sys-
tem of equations is then reduced to O((N,N,,)?), where N,, is the number of MBF. If
N,, < Ny, the MBF method highly accelerates the calculations [6]. Calculating all the
EEPs of 200 antennas composing an array can be done in 2 hours [18].

Even if the computation time of the EEP is highly reduced, the impedance matrix
filling complexity is still O((N,N;)?), becoming dominant in the computation time while



using fine mesh. The interactions between the MBF on two similar antennas can still
be interpolated using harmonic polynomial (HARP) expressions [17]. This technique
allows to compute the MBF interactions independently from the number of antennas, still
accelerating the calculation of the EEP.

The HARP method used was previously tested on SKALA arrays, allowing to calcu-
late the EEP of the antennas composing an irregular array with accuracy as well as the
mutual coupling of the antennas [17, 18, 19].

2.2 Array calibration using UAV

The calibration of radio telescopes is a critical step in order to acquire correct measurements.
This calibration has to take into account the phase and gain of the antennas and the
atmospheric disturbances [8].

Pattern calculation The calculation of the radiation pattern of the whole array is
equal to the sum of each EEP of the antennas. Due to coupling between antennas, each
element composing the array influences every EEP [3]. This impact of each antenna
is calculated via the MBF interactions. In other words, the N,, MBF of one antenna
influences the EEP of each other antenna surrounding it. HARP then computes the EEP,
centered to the origin, of the antenna ¢ using the following equation [6]

i Z Cf} P (0, p) e iatiztviatts) (2.4)

im=11=1

where cf] . is the coefficient for the MBF i, on antenna i, when only antenna i is ON,
Pi,, = Duv,in,€0 + Ph.i,, €, is the polarization vector (vertical and horizontal) of the MBF 4,,,
(xi,,Yi,) is the position of the antenna i, and (u,,u,, u,) is a unit vector in the direction
of interest (6, ¢).

Finally, the array pattern is calculated by summing each EEP multiplied by a respective
beamforming weight w;

Forray (0 Z w; F' (0 (2.5)

Calibration coefficients To compute the EEP of each antenna, each EEP requires

to be calibrated by multiplying the MBF interactions by a coefficient cz i € C. The
equation of the calibrated EEP of antenna ¢ then becomes [14]
C(Zl Z Z c Zm,laplm (lp)ejk(zzauac—"_ylauy)cla,lm (2'6)

im=11g=1

Supposing N, antennas, the N, EEPs are calculated using N,, MBF per antenna, the
number of calibration coefficients for the array is then N2N,,. If each antenna is modeled
using 20 MBF, a 256 antennas array then requires 256220 = 1310720 calibration coefficients.
Solving this number of unknown requires at least as much experiments, involving excessive

7



amount of resources, for both measurements and calculation. To reduce the complexity
of the calibration problem, one alternative is to suppose one coefficient per antenna c,fa
[14], leading to reduce the number of unknowns to N,N,, = 5120, which is a much more
affordable number of coefficients. The calibrated EEP of the antenna ¢ then becomes

cal Zm Za fzm,zapzm )ejk(ﬂﬂzauz—i-ymuy) ;a (27)

im=11g=1

This equation can be written in matrix form by taking each component of the polarization
pi,, one by one, as example for the vertical component of the radiation pattern of MBF

ima pv,im [3]

sz cal Z Z zm,zapv ’Lm ) 90> Jk(%aueryzauy)cia B;L)Cl (28)

ta=11m=1

where B! € CNm>Ne,

Because of the size of the AAVS0O and AAVS1, a method to deduce the EEP of each
antenna using Unmanned Aerial Vehicles (UAV) was developed to measure the array
properties. The illumination of the array can be done using mounted antennas on the
drone, leading to deduce the calibration coefficients for each antenna, as explained in [3].
This method will be developed in the next chapter.



Chapter 3
SKALA array and UAV coupling

This chapter focuses on the implementation of the SKALA array coupling with a dipole
placed on a UAV.

We will first explain the modeling of the SKALA arrays and the choice of each array
modelled. Then we will focus on the UAV modelling, such as its antennas and its path.
The method to compute the voltage from antennas interactions will then be explained as
well as the computation of the calibration coefficients. Finally, an analysis of the attitude
and position error of the drone on the voltage will be investigated, the error of voltage for
different configurations will be analysed, including the calibration error using different
number of positions.

3.1 SKALA array modelling

Since working directly on a 256 antennas array might have been time and resource-
consuming, testing the simulations with a reduced number of antennas were useful in
order to verify the correct implementation of the code. Four arrays, containing different
number of SKALA antennas, were used.

The first array was composed of only one antenna, mainly used to develop and rapidly
validate the simulations. The second one was composed of four antennas, it was used to
rapidly verify simulations for arrays composed of multiple antennas. The third configura-
tion was composed of 16 antennas, similarly to the AASVO array [12], used to validate
simulations on a more complex array configuration.

The last array considered corresponds to a SKA1-Low station, composed of 256 associated
SKALA2 antennas. The configuration of each arrays is shown in Fig. 3.1.
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Figure 3.1: Positions of the SKALA antennas for each simulated array

3.2 UAYV modelling

3.2.1 Frame and rotation axis

The UAV was modelled a as single point carrying two ideal, zero length, dipole antennas
oriented along the X and Y axis of the drone frame. Those dipoles were supposed to be
placed at the center of the UAV frame.

Instead of using Trait-Bryan angles «, 3,y corresponding to Z-Y-X intrinsic rotations
as explained in [3], a choice of «, 3,7 corresponding to Z-X-Y intrinsic rotations was
implemented. This choice was arbitrary and seemed easier to manipulate. The initial
orientation of the UAV frame was furthermore changed, with a Z axis pointing towards
the sky when the drone was not tilted. The illustration of those two frames is shown in
Fig. 3.2.

Figure 3.2: Rotation angles on UAV frame, left : Trait-Bryan, right : angles used
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3.2.2 UAYV path model

In order to perform a far field calibration, the UAV must be at a minimum distance given

by the Faunhoffer condition [20]
2

2
—_— 3.1
r > 3 (3.1)

with D the diameter of the array, A the wavelength of the signal.

Since the SKA1-Low will operate between 50 MHz and 350 MHz [12], in order to meet
the far-field criteria, the UAV must fly at a distance of about 3 km from the array, which
was considered to be unattainable in such conditions. A more realistic approach was to
consider a far-field overflight for the antennas, while remaining in the near field for the
array. The height of a SKALA antenna being approximately 1.8 m [21], the far field
condition gave a distance of about 7.5 m.

Ideal drone trajectory The entire drone flyby was assumed to be at a height of 100
m to ensure the far field criteria. The drone performed a series of circular trajectories
centred on the middle of the array. Experiments were performed at regular intervals
during the circular path. It was thus possible to vary the number of simulations by
increasing the number of circles or to increase the number of samples per circle performed.
An illustration of the trajectory is shown at Fig. 3.3.

T (RS
40 e I
20 — o 40
0 ~ //0 20
-20 40 T /////,,,:/—""' 20
< 40
Y [m] -60 60

60
X [m]

Figure 3.3: Typical trajectory of the UAV flying over the 16 SKALAs array

Error model of the drone trajectory As the calibration will take place in an outdoor
environment, it is necessary to take into account the position and orientation errors of
the UAV along the trajectory. The error in the measurement of the position of a UAV in
the context of antenna performance measurements has already been studied, typical error
values from [15, 22] were used and are listed in Table 3.1.

Since the orientation error of the UAV also affects the quality of the measurements,
it has been taken into account. The estimation of the average error of the measured
orientation [15], including the controlled orientation error, has also been investigated [23].
In this case, only the measurement error was taken into account, it is also listed in Table
3.1.
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Impacted element | X [m] Y [m] Z[m] o] B[] ~[]
Standard deviation error ‘ 0.02 0.02 0.05 1.93 0.141 0.156

Table 3.1: Error parameters on the drone position and attitude

The error was finally modelled, for each parameter taken individually, as a Gaussian
distribution with a mean equal to the objective position or orientation, adding this
distribution allowed us to generate noisy positions and attitudes.

3.3 Voltage computation for Drone-SKALA interac-
tion

3.3.1 Voltage computation

The computation of the received voltage was done individually for each antenna in the
array and for each position p € {1,2,..., N, } of the UAV. Assuming an antenna k € {1, 2},
placed on the UAV, individually excited by a voltage source V}!, the voltage V; ., received
by the SKALA antenna i can be obtained by the following equation [3]:
2)\ZLFd Fle —3kRip
Jan Rip
where F¢ stands for the radiation pattern of the UAV mounted dipole k, F? corresponds
to the radiation pattern of the SKALA antenna ¢, R;, stands for the distance between the
SKALA antenna ¢ and the drone position p, Z; stands for the load impedance terminating
the SKALA antenna.

Vip = Vi (3:2)

P

From equation (3.2) and (2.7), the voltage equation can be written as

i QAZL d W ( Jk(xi, uztyi,u )e_ijia’p
V, = Vk Z F (Ui, ©2) - Z ¢ im,iapim(ea p)etTia ta Y R (3.3)
Jn a1 =1 iasD

The pondered N,, sum of the MBFs on antenna i, can be seen as a "macro" MBF con-
tributing to the EEP of antenna i. Applying the equation (3.2) on each macro MBF can
be seen as the contribution of each macro MBF ¢, to the voltage on antenna . Futhermore,
calculating those voltages contribution using this method doesn’t require to apply a phase
shift on each macro MBF to center the phase at the origin, since the direct interaction
between the UAV and the macro MBF is computed.

It is possible to use the following notation to write the equation (3.3) in compact form :

i 2)\ZL @‘ijia,p
P = Vi Z oo Pim (0, )~ (3.4)

im=1 a,P

All the elements used in eq (3.3) and (3.4) are supposed to be known except the calibration
coefficients, deducing the coefficients cﬁa is equivalent to solve the system of equations

Ng o
> Fidi,,, Q) Pic, =V, ¥p (3.5)

iq=1
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where f/pi is the measured voltage of antenna ¢ with the UAV a position p.

Since the calibration is carried on using p drone positions, equation 3.5 can be writ-
ten in matrix form :

F{, ... Fiy [P, ... Piy,
: ¢ =V (3.6)

d d 1 i
FNa,l “e. FNapr Np71 “ .. prNa

where Fja,p is the value of the radiation pattern of the UAV dipole at position p pointing
towards the antenna i,, P, the radiation pattern of the macro MBF of antenna i,
pointing towards the UAV at position p, multiplied by a constant as defined in eq (3.4).
Vi € CM stands for the column vector containing the voltages from the illumination of
the SKALA antenna by the UAV at the N, positions.

Resources and calculation cost The radiation pattern of each macro MBF requires to
be stored to calculate the voltage on each antenna. The radiation pattern of each N,, MBF,
calculated by HARP, is stored as a C?'*36! matrix. The radiation pattern of each macro
MBEF, used to calculate the N, EEPs, is then stored as a C9'*361xNaxNaX2 matrix, where
the "2" factor comes from the consideration of the vertical and horizontal polarizations of
the radiation patterns. This variable then requires a high amount of space in the memory,
especially when using 256 antennas, leading to store 2562 x 91 x 361 x 2 = 4305846272
complex values and then could not be used on a computer using 32 GB RAM. Since each
antenna EEP is defined by a C91*361x256x2 matrix, and the computation of the calibration
coefficient is independent from each antenna, it is still possible to decouple the problem
and calculate the coefficients of each EEP independently.

Furthermore, simulating the received voltage of each antenna using eq. (3.6) leads to a
matrix filling minimum complexity of O(N2) to solve N2 coefficients. The matrix filling
is then the dominant element in the calibration calculation time.

The computation time for the array composed of the 256 antennas could still be es-
timated from the simulations of the 4 antenna array. Simulations on a computer using a
processor Intel i7-12700 was used with a flyover of 16 positions. The simulation lasted
approximately 0.336 seconds for the 4 SKALA antennas. The calculation time of the
coefficients for 256 antennas was then estimated to 0.336 x (256/4)% &~ 88 x 10* seconds,
which corresponds to an entire day of simulations using a similar computer. For those
explained reasons, this text is mainly based on an array composed of 4 SKALA antennas.

Computation of the scalar product Since the antenna and dipole EEPs of the UAV
are expressed in their own spherical basis, it is necessary to perform basis transformations
in order to perform the scalar product. The radiation pattern of the macro MBF, associated
to their respective SKALA antennas, and the UAV dipoles are initially given in a spherical
base as shown in Fig. 3.4 [3].
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Figure 3.4: Sketch of the geometry, from [3]
Since the {e,, ey, e, } base of the SKALA antenna is expressed in spherical coordinates,

the radiation pattern can be re-expressed in Cartesian coordinates using the following
equation [3]

e, sinfcose sinfcosp cosf X X
e | = |cosbcosp cosOsing —sinf| |y | =U(p,0,¢) |y (3.7)
e, —sing CoS ¢ 0 V/ Z

The process is similar for the drone base {e/, ey, e/} with the coordinates {p’,¢', ¢’} to
change to the cartesian base {X',§’,2'} of the drone.

To express the respective Cartesian coordinates of the drone and the SKALA antenna in
the same frame, the rotations of the UAV have to be taken into account. By using the
rotation matrices associated to the rotation angles, shown at Fig. 3.2, it is possible to
express {X',¥y’,2'} into {X,¥,2} and vice versa using

!/ !/

X X X
y| = AZ<O‘)AI(ﬁ)Ay(7) V| =T(,3,7) ¥ (3.8)
2 2/ 2/

where A, A,, A, are the rotation matrices defining the intrinsic rotations around the
(Z,Y, X) axis respectively.

It is finally possible to compute the voltage from the scalar product using the EEP
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of the SKALA antenna and the drone dipole [3]:

i T (P,
FLo P = (Fle Flaw) U070, 8,07, 4)] ( o ) (3.9)
¥iPsta
However, since HARP calculates the radiation pattern of each MBF based on discrete
spherical orientations, an interpolation of the vertical and horizontal polarization of those
radiation patterns needs to be carried out. The interpolation method was computed using
2D linear interpolation for both polarizations.

3.3.2 Voltage computation results

As a first step, a voltage calculation was performed using a single antenna to verify the
correct implementation of the method.

We assumed here that the UAV trajectory is not biased, both in terms of positions
and orientation. The UAV followed a trajectory while keeping its reference frame parallel
to that of the antenna array.

Initially, only one antenna was considered to verify the validity of the code. The simulation
of the flyover was carried out with 4 different configurations. Those configurations are
shown at Table 3.2.

Parameter | Dipole orientation SKALA polarization frequency
Experiment 1 X X 140MHz
Experiment 2 Y Y 140 MHz
Experiment 3 Y X 140MHz
Experiment 4 Y X 110MHz

Table 3.2: Configuration for the different experiments simulated

Although the simulations did not take into account the phenomenon of antenna saturation,
the dipole excitation value has been adjusted to simulate voltage values closer to reality.
The excitation values for each experiment were therefore all assumed to be 5 mV. The
results of the simulations can be seen in Fig. 3.5.
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Figure 3.5: Calculation of voltages for a 5 mV dipole excitation, 1 SKALA antenna

Experiments 1 and 2, shown in Fig. 3.5a and 3.5b respectively, resulted in a higher
variation of the voltage as the drone moves along the X and Y axis respectively, which is
in line with expectations as the values of the radiation pattern of a dipole drop sharply as
one moves closer to its axis of orientation.

Experiment 3, carried out in cross polarisation, led to a very different result from exper-
iments 1 and 2. Firstly, the distribution of the voltage peaks were distributed in an X
shape. The order of magnitude of the voltages involved was also lower than with parallel
polarisation, simulated in experiment 1 and 2. When switching from 140 MHz to 110
MHz excitation, some voltage peaks tend to migrate towards the origin of the array while
others fade away.
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Finally, a simulation on the array of 16 antennas was performed. The conditions were
similar to the first experiment on a single antenna, except that the voltages of each
antenna is summed at each drone position. The results of this experiments are shown in
Fig. 3.6.
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Figure 3.6: Sum of the voltages for an array of 16 antennas, similar configuration to
experiment 1

As expected, the order of magnitude of the voltages was larger than in experiment
1, due to the addition of all the 16 voltages for each position and the interaction between
each SKALA antennas.

3.3.3 Impact of drone position and attitude error on voltage

Since the position and orientation of the UAV is noised, it is interesting to verify the
impact of this noise on the quality of the signals received by the array.

A first re creation of the experiments 1 and 3 was carried out with noise in the po-
sition and orientation of the drone. The parameters of this noise are similar to the ones
considered in Table 3.1, leading to a bias in the voltage calculation. To characterize
the induced voltage noise, the relative error of voltage was calculated from the following
equation

ey = 10logyo || Vi pias — Vil — 101ogyq [[VE]] (3.10)

Where V!, is the biased voltage, ey is then expressed on a dB scale.
The relative errors are shown at Fig. 3.7.
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Figure 3.7: Relative error [dB] due to position and attitude noise on the UAV

While the first experiments led to uniformly distributed values of the errors, the third
experiment generated more localized high error values. Furthermore, the maximum error
values of experiment 3 were close to 20 dB larger than the experiment 1.

The error for the 16 elements array was also computed using, similarly as before, the same
parameters as in experiment 1. The results from this simulation are shown at Fig. 3.8.
Lower errors tends to be located along X and Y axes for this configuration.
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Figure 3.8: Relative voltage error [dB] for the array composed of 256 SKALA antennas
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3.3.4 Impact of UAV position and orientation error on calibra-
tion coefficients

Even if the error on the voltage might keep high values with noise on the position and
attitude of the UAV, it is still interesting to briefly analyse the impact of the number of
UAV positions on the calibration error.

In order to investigate the impact of error from those parameters, multiple variations
of the simulation using the 16 SKALAs array have been carried out. The simulations
covered 3 configurations involving different number of positions of the drone. The rel-
ative error of the calibration coefficient was computed and the results are visible in Fig. 3.9.
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Figure 3.9: Relative error of the calibration coefficients with different numbers of
positions, parallel X polarizations

Increasing the number of experiments seems to reduce the error in the calibration coeffi-
cients to a certain point. However, since the drone might be limited in terms of battery
autonomy and then in terms of experiments during the measurement campaign, increasing
the number of drone positions (and then measured voltages) is a difficult way to reduce
the relative error. Alternatives consist of using a higher precision in the drone position or
attitude. The latter option will be investigated all along those chapters using different
methods.
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3.4 Conclusion

In this chapter, the implementation of the illumination of a SKALA antenna array by a
dipole fixed on a UAV has been studied. Using several arrays containing different SKALA
antennas allowed for a progressive increase in computational complexity.

Using a single SKALA antenna allowed quick verification of the implementation of
the coupling between the antenna and the UAV. The llumination of the X-polarised
SKALA antenna by a dipole placed along the X-axis seems to give a similar result to a
Y-polarisation and a dipole along the Y-axis as well, except for a 90° rotation around the
vertical axis. Cross-polarisation appears to generate lower voltage around the antenna,
potentially resulting in greater sensitivity to noise.

The voltage noise induced by position and attitude noise was analysed using a sin-
gle SKALA antenna illuminated by the UAV. While the error remained uniform with
parallel polarisation, cross-polarisation appeared to result in concentrated error in specific
directions. The voltage error using an array composed of 16 antennas showed a less
uniform error than using a single SKALA antenna in the same conditions.

Finally, the impact of the number of measurements on the relative error of the ar-
ray calibration coefficients has been investigated. The error seems to reduce with the
number of measurements, as expected. Since the error values barely changed between
2.000 and 4.000 experiments, reducing the calibration error using this method might lead
to involve a lot of resources for a low impact on the error.
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Chapter 4

Attitude computation

In the previous chapter, the attitude noise was modelled using results of combination of
IMU and GPS from [23]. However, developing a method to deduce the attitude of the
UAV will help to reduce the said UAV attitude noise.

This chapter is devoted to the calculation of the orientations of the UAV based on
the signal received by the SKALA antennas. As the initial goal of this text is to reduce
the uncertainty on the calibration coefficients by reducing the error on the angles, it is
interesting to check first if these angles are well deductible with supposed known calibra-
tion coefficients. Calculating these angles results in finding the solutions of a non-linear
problem, it is then necessary to use specific algorithms to solve it.

In a first step, an analysis on a single angle per position will be performed, the Newton-
Raphson and Nelder-Mead algorithms are used. We will perform and analyse the error and
convergence rate of these algorithms. Then, the problem with three angles per position
will be analyzed, the methods of Nelder-Mead and Levenberg-Marquardt will be used to
solve the problem. A performance analysis of these algorithms will finally be carried on.

4.1 Single angle calculation per position

In order to find the orientation of the drone with a single angle per position, it is necessary
to define the problem correctly. As the measured and simulated voltages are related by
the calibration coefficients and assuming that only « is the unknown angle at each UAV
positions, it is possible to rewrite the problem in equation (3.6) as

i

Fij(o1) ... Fiyl(on,)] [Pl ... Piy,
: c =V (4.1)

Fle(CYl) Fﬁl\,mNp(aNp) P}'Vp,l PéVpJVa

where we assume that the position of the drone, the angles {3,v} and the calibration
coefficients are perfectly known. Calculating the orientation of the UAV at each position
during the flyover is equivalent to solving the following problem

minap”F?a,p(ap) . P;ia ¢l — f/p’H = ming,€,; Vp,i (4.2)
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where €, ; contains the absolute value of the error between the voltage from the calibrated
antenna 7 and its measured voltage when the UAV is at position p. Nevertheless, since
only one unknown is to be determined, it is possible to use a single antenna to find all the
o, angles, as long as the initial angles are close enough to the solution.

4.1.1 Used algorithms

Newton-Raphson algorithm The Newton-Raphson (N-R) method was implemented
in order to solve each attitude individually. At position p, an initial guess of o, was
based on the non biased orientation of the drone at the same position. At each iteration i,
we compute [24]
€ap(p;i)
Qi1 = g — 2 r) (43)
o " (o)
where €, (i) = 7‘15‘*&2:?”).
However, since €, , is difficult to calculate analytically, it is deduced using the secant

method [24]:

P

déq () ~ €ap(Qpi+h) = €aplapi —h)
dO{p,i 2h

If the error value was less than the termination tolerance, i.e. €,,(0p;) < €atol, the
algorithm assumed to have converged. However, if oy, ; fell precisely on a local minimum,
the derivative of the error was null or close to zero, leading to a division by zero while
calculating c, ;+1. In order to avoid this error, the algorithm considered to have converged
at a,; when ay, ;11 = to0.

(4.4)

Nelder-Mead algorithm Since Nelder-Mead (N-M) algorithm was already present in
the Matlab function fminsearch, no specific implementation of this algorithm was achieved.
However, as this method does not calculate the derivative of the error, the convergence
method might not be impacted by null values of the derivative.
Two termination tolerances were used in this algorithm, the step tolerance a4, and
tolerance on the error step €;,,; . The algorithm stopped if both criterions were met [25].
In our case, the criterions can be written as

{nap,z- — gl < a1+ [lal) (45)

[€ap(atpi) = €aplapis1)]| = €tor
where oy is the relative tolerance of the step ||a,; — @ i41||, and € is the tolerance of

the voltage error variation at the next iteration.

4.1.2 Results and performance analysis

The simulations involved a single SKALA antenna as well as the UAV dipole placed along
the UAV’s X axis. The UAV followed a noisy circular path with parameters similar to
those described in Table. 3.1.
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The drone performed a circular trajectory composed of six circles of radius progres-
sively ranging from 10 to 60 m. On each circle, an experiment was carried out every
proportional angle 7/100, leading to the generation of 1200 voltages values. The position
{X,Y, Z} of the UAV and its rotation angles {/3,v} were assumed to be known along the
path. Since o was assumed to be zero along the path, this zero value was used as the
starting point for the algorithms calculating oy, at each position p.

For the Newton-Raphson algorithm, the step size was adjusted to a value of h = 10~
while the stopping criterion is €, 40 = 107°.

For the Nelder-Mead algorithm, it is interesting to compare the performances using the
default tolerances and adjusted ones. Two values of the step tolerance have been used, a
first one using the default Matlab value, oo, init = 10~4, that was used as control method,
and a second one using adjusted tolerance ayo, = 1013, The error tolerance was set to
€100 = 1072 for both Nelder-Mead algorithms.

Analysis of error on angle The relative error on o was calculated using

o = 1010810 1|0 0a — ]| — 1010856 [l (4.6)

where v, 1q is the value of the angle found via the algorithm and a; jni is the angle used
to compute V,f . This error allowed to compare the errors magnitudes for each method.
The results are shown at Fig. 4.1. These simulations were performed using an Intel
[7-12700 processor and 32 GB RAM.
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Figure 4.1: Angle error ¢, (dB) using Newton-Raphson and Nelder-Mead algorithms,
1206 experiments

The angle error using the Nelder-Mead algorithm, with default tolerance v init = 1074,
was generally much larger than with the modified tolerance ayo, = 1077.
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The errors via adjusted Nelder-Mead and Newton-Raphson oscillate around -250 dB
and keep reducing while increasing the circle radius. Although the errors via the two
methods are initially relatively similar, the Newton-Raphson method tends to reduce the
error, and this phenomenon becomes more pronounced at around 700th position. The

average f. and maximum error max(e) values for each method were calculated and can
be found in Table 4.1.

One can notice several peaks of error appearing in a regular way throughout the use of the
algorithms. These peaks appeared with a more or less regular interval about every 200
position, which corresponds to a half circuit for each circles. These peaks are also valid
for both Newton-Raphson and Nelder-Mead adjusted methods. Several simulations have
been done and have confirmed their almost systematic and regular appearance, which
would suggest an UAV-SKALA configuration giving unstable errors in those directions.
This phenomenon explains the positive value of the maximum relative error max(e) for
both algorithm in Table 4.1, while maintaining a low mean error ..

‘ Newton-Raphson ‘ Nelder-Mead default ‘ Nelder-Mead adjusted
e [dB] -295 -0.146 -252
max(e) [dB] 6.24 3.93 0.131

Table 4.1: Mean and max errors for the 3 used method

Time computation analysis Although the Newton-Raphson and Nelder-Mead meth-
ods generates relatively similar error values, it is interesting to check how fast each
algorithm converges to a solution. The computation time for each position has been
extracted and is visible in Fig. 4.2.
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Figure 4.2: Computation time per position for Nelder-Mead and Newton-Raphson methods
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As the Nelder-Mead algorithm used as a control has a less strict tolerance than the other
ones, the computation time was reduced. Nevertheless, the computation time via the
Newton-Raphson algorithm required an order of magnitude less computation time than
the adjusted Nelder-Mead algorithm. Several spikes in the Newton-Raphson method can
be observed, corresponding to the angle error spikes from Fig. 4.1. These results showed
that Newton-Raphson was more efficient to solve the current problem.

4.2 Multiple angles calculation per position

Since the antenna array consists of more than 3 antennas, it is possible to find the
orientation of the drone based on the voltages measured in the array. The minimization
problem in equation 4.2 becomes

Nﬂ, . . ~ .
minapﬁp,vpn Z F?a,p(apaﬁpv'yp) 'P;m‘acéa - V;” = mmap,ﬁpﬁp(em) Vp, i (4.7)

iq=1

where we still assume that the calibration coefficients ¢! and the drone positions are
known.

4.2.1 Used algorithms

Two algorithms were used to solve the problem. Initially, the Nelder-Mead algorithm
was used. However, this algorithm only works on scalar-valued functions, requiring to
minimize the sum of the errors. The method then minimizes

Na NP
min&pvﬁpﬁp (Z Z epﬂ'<ap7 ﬁp? 7P)> (48>

i=1 p=1

The Levenberg-Marquardt (L-M) algorithm is generally used to solve systems of non-linear
equations. This method was also implemented natively in Matlab with the fsolve function
and was used in this way in our case. However, even if this method uses the same criterion
as Nelder-Mead, the algorithm stops if at least one criteria is met [26].

4.2.2 Error of pose estimation and performance analysis

In order to compare the efficiency of those three methods, a simulation of the drone flyby
has been carried on. Since 3 unknowns per position had to be solved, fewer positions
were implemented to reduce the simulation time. The drone then still lew at 100m high,
but this time, 50 positions were implemented. The UAV therefore travels in 5 circles of
radius ranging form 10 to 50 meters, one experiment is carried out every = /5 radians for
each circle. This configuration then generated 50 experiments for one flyby, giving 150
unknowns. The number of SKALA antennas composing the array was set to N, = 4, in
order to reduce the computation time.

The same tolerances were used for each algorithm in order to compare each error on
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the angles found, €, = 1072 and ¢y, = 1071, The orientation error for each angle

{a, By, Vp} was computed as follows

Eop = ||¢p - ¢p,m68|| (4-9)

with ¢, the angle deduced by the algorithm at position p, ¢, s the correct angle defining
the orientation of the drone at position p. The simulations were performed on an Intel
i7-12700 and 32 GB RAM. However, the Nelder-Mead didn’t converge and was stopped
after 7110 seconds. The error results of the simulations are shown in Fig. 4.3, 4.4 and 4.5.
The initial errors, considering the non biased attitudes, are shown in dashed lines for each

angles.
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The Nelder-Mead algorithm showed similar errors in the o angle than the initial values,
leading to no significant increase of the accuracy for this angle. The error using the
Levenberg-Marduardt algorithms showed multiple order of magnitude error differences
with the initial values. The error then oscillates between 107 and 10~7 degrees.

For both angles 8 and =, the Nelder-Mead algorithm (eq. 4.8) showed way higher
errors than the Levenberg-Marquardt algorithm and initial angles. The error of v angle
using th Nelder-Mead algorithm led to suppose that it tends to increase the initial error
of UAV attitude, in particular for the v angle. The Levenberg-Marquardt algorithm (eq.
4.7) shows a lower order of error for all the angles compared to the Nelder-Mead method.
The average and maximum values of those errors have been calculated and are shown in
Table 4.2. The Levenberg-Marquardt algorithm seemed to calculate the attitude with a
higher accuracy and a more stable maximum error than Nelder-Mead. Using an array
composed of more than 4 antennas might have even more reduced the angles error since
more voltages could be simulated. However, this configuration would have required more
computation time.

o B gl
freo [°] max(es) [ | pep [0l max(ep) [°] | pey [7] max(e,) [7]
Initial values | 1.50 4.80 0.189 0.533 0.190 0.441
Nelder-Mead | 1.50 4.80 0.188 0.556 0.484 1.31
L-M 3.0le—6  1.59e—5 | 2.29e—7  T.3e—7 | 4.29e—7  9.6e—T7

Table 4.2: Mean and maximum error on each angles for different algorithms

As the number of equations increases with the number of MBF considered by the algorithms,
it is interesting to check the rate of convergence and the computation time to achieve
this convergence. To do so, the computation time, the number of iterations and the sum
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of the residual errors were extracted at the end of the computations for each algorithm.
Those results are shown in Table 4.3

| Tterations | computation time [s] | ¥4,
Nelder-Mead 2400 7110 9.63e—8
Levenberg-Marquardt 15 264 2.01e—26

Table 4.3: Calculation characteristics for each method used

As expected from Table 4.2, the Levenberg-Marquardt with summed macro MBF showed a
higher performance to solve the non-linear equations. The method required fewer resources
while providing a more accurate calculation of the drone’s orientation.

4.3 Conclusion

In this chapter, an analysis of different algorithms was described in order to resolve the
orientation of the drone.

In a first case, only one angle per position was calculated using the voltage received
by one SKALA antenna. Each other variables, such as position and other angles defining
the attitude of the UAV, were supposed to be known. The Newton-Raphson algorithm
showed higher performance to solve the problem than the Nelder-Mead algorithm. The
Newton-Raphson indeed showed lower mean error while solving the equations faster
than the Nelder-Mead method using similar tolerances. However, error spikes appearing
regularly indicated error instabilities in specific directions. Those error spikes appeared
for both Newton-Raphson and Nelder-Mead with tight tolerances algorithms.

Calculating the complete attitude of the UAV for each position was made using two
algorithms. Nelder-Mead was used to reduce the sum of all the voltages error while
Levenberg-Marquardt was used to reduce the error on voltages at each UAV position.
The Levenberg-Marquardt algorithm showed higher performances than Nelder-Mead. It
indeed required less computation time and iterations while reducing the error by multiple
orders of magnitude. The efficiency of this method and its versatility make it a method of
choice for solving the problem involving the improvement of calibration coefficients by
deducing the UAV attitudes.
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Chapter 5

Computation of attitudes and
calibration coefficients

The purpose of this chapter is to verify the feasibility of improving the calibration
coefficients by performing an estimation of the UAV attitudes. First, we will discuss
the computational methods used to solve this problem. Then we will devote a section
to the rectification of the calibration by calculating a single angle and quantifying the
performance of the methods. Finally, we will discuss on the complete computation of the
UAV attitude and about the impact of the estimation of those attitudes regarding the
calibration coefficients.

5.1 Problem formulation and algorithms used

5.1.1 Problem formulation

Now that the calibration coefficients must be calculated at the same time as the angles,
the minimization problem from eq. (4.7) becomes

Na . . ~ .
Z Fi,p(amﬁp?%) : PL,iacia - V;H = MiNy, g, ~,.ci€p,i Vp, i (5.1)

tq=1

min@‘pvﬁpﬁpvcza
leading to 3N, + N2 unknowns.
In order to solve this problem, the minimum number of drone positions required can be
obtained. Considering that each position p gives N, N, voltages, the minimum number of
positions required to solve the system of equations is then

N,N, > 3N, + N? (5.2)
isolating the number of positions N, gives
NQ
N, > = 5.3
p Na, o 3 ( )

This equation is valid if only one calibration coefficient per antenna is calculated. If N,
MBF per antenna are considered, the number of positions for the drone becomes
N2N,,

N, > ——— 5.4
p Na—?) ( )
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However, in this chapter, only one calibration coefficient N,, per macro MBF is considered.
It is important to note that a network of 3 or fewer antennas will not be enough to solve
the problem. However, in the case of a 4-antenna array, only 16 positions seem to be
sufficient to find the unknowns. This configuration is likely to lead to large errors as the
calibration coefficients are linked to fewer data.

Algorithms used The algorithms used are similar to those previously analyzed in the
previous chapter. Since the number of variables has increased compared to the previous
chapter, it suggests an increase in computation time by the said algorithm. The tolerance
values (eq. 4.5) were kept at €, = 1073 and ay; = 1071,

Given that this time the algorithms take the coefficients into account, and that these are
calculated using the least squares method, each iteration is carried out in several steps.
The steps in the method are described below:

1. Simulation of the measured voltages using correct attitudes
2. Simulation of the voltages with the initial or new attitudes
3. Coeflicients calculation using least square method in eq (2.8)
4. New error voltages calculation using eq (5.1)
If converged, go to step 6, if not, go to step 5
5. Calculation of new angles using Nelder-Mead or Levenberg-Marquardt
If converged, go to step 6, if not, go to step 2
6. Final voltages simulations from deduced attitudes
7. Final coefficients calculation using simulated final voltages, similarly as step 3.

A diagram of the method is shown in the appendix in Fig. A.

5.2 Simulation results and performance analysis

5.2.1 Single angle per position

Since the vertical rotation of the UAV was considered as the attitude parameter with
the higher mean error, reducing the a error was supposed to have a higher impact on
the voltages than § and v angles. Several simulations were conducted to compare the
effectiveness of each algorithms. The array consists of 4 SKALA antennas. First, the
drone made a series of five circles with radius progressively increasing from 10 m to 50
m. On each circle, 10 voltages dedicated to simulating the measurement were simulated,
generating a total of 50 voltage values per antenna. A schematic of the UAV path and
the antennas positions is shown in the appendix, in Fig. B. No noise has been added to
the UAV’s positions, giving noisy values due solely to the drone attitude at each position.
The 8, and v, were however supposed to be perfectly known at each position p. The
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dipole on the UAV was excited by a 140 MHz, 5 mV amplitude voltage. The Nelder-Mead
method was manually stopped after 6998 iterations due to the computation time.

T T T T T T T T T
— Nelder-Mead
100 L —Levenebrg-Marquardt||
| Initial values
108} 1
g
m
s}
10-10 L 4
10-15 L ,
| | | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50

Positions

Figure 5.1: « error(degrees) whith one angle unknown while computing calibration
coefficients

The deduced angle error with respect to the correct angle was calculated at each position.
The relative error of the calibration coefficients ¢’ for each antenna was also obtained.
These results are shown in Fig. 5.1 and Fig. 5.2. The initial values are show in dashed
lines in both figures.

For a lower computational effort, the Levenberg-Marquardt algorithm led to a lower
error in terms of attitude calculation. The error indeed oscillated between 5 x 1075
and 1072 degrees approximately while using Levenberg-Marquardt. The Nelder-Mead
algorithm didn’t seem to significantly change the error behavior compared to the error
while considering o without noise.

31



40 F —Nelder-Mead
—Levenberg-Marquardt
20 - Initial values
0 | - —
-20 - a
o
S 40+ B
S
i -60 ]
-80 il
-100 [ 7
120} /\W\’/\ |
-140 = 1 | | 1 | ! 1 | =
0 2 4 6 8 10 12 14 16

Calibration coefficient

Figure 5.2: Absolute error [dB] of calibration coefficients, one unknown angle per position

Using the Levenberg-Marquardt algorithm led to much lower errors in the calibration
coefficients, close to numerical error. The Nelder-Mead approach showed a lower error
compared to the initial values, indicating that the calculation of the angles was still
effective. Multiple drops of the relative error were observed for the ith coefficient of
antenna ¢, corresponding in Fig. 5.2 to the coefficients 1, 5, 11 and 16 respectively. The
error pattern appeared in similar simulations, for both algorithms and the initial values,
leading to suppose a lower impact of the o error on those specific coefficients. A similar
behavior was observed for the array composed of 16 antennas, leading to suppose the
independence of this behavior on the number of antennas. Given ¢! corresponds to the
macro MBF used on the antenna ¢, this macro MBF is the one with the greatest impact
on the EEP model of antenna ¢. The calibration error is therefore smaller on the dominant
macro MBF of each EEP.

5.2.2 Multiple angles per position

Several simulations were carried out to compare the errors obtained for the different meth-
ods used. The problem of the previous subsection was extended to a problem including
3 angles per position for the UAV. The trajectory remained unchanged, calculating 50
positions, and the UAV orientation noise follows the values defined previously in Table
3.1. The 3-angles calculation allows the full orientation of the UAV to be recovered as
well as the rectification of a calibration coefficient for each macro MBF. The angle errors
at each position p and for the three different algorithms are shown in Figs. 5.3, 5.4 and 5.5.

As seen in the previous sections, the orientation errors of the UAV are more accu-
rately calculated by using Levenberg-Marquardt. This behavior was then also expected
with the 3 angles per position problem.

The LM algorithm showed an error similar to the initial conditions, oscilliating between
1072 and 5 degrees for the o angles. The 8 and ~ angles were however deduced with a
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higher precision than the other angles.

The Levenberg-Marquardt algorithm showed better performances for all the angles, which,
as explained before, was an expected result. The « angles were deduced with less accuracy
than 8 and v angles. The higher error on the a angles compared to [ and v for both
algorithms was supposed to be induced by a higher initial error.

10% J
100 ¢ ]
0—-10'2;’ - --Initial values
g —Nelder-Mead
ut_l E Levenberg-Marquardt
g0k .
106+ .
10—8 i 1 1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50

Position

Figure 5.3: a error (degrees) while rectifying the calibration coefficients
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102 F

- - -Initial values
—Nelder-Mead
Levenberg-Marquardt

[ Error [°]
3
S
T

108 3

10-8 L I I 1 I I 1 I I 1 I
0 5 10 15 20 25 30 35 40 45 50

Position

Figure 5.4: [ error (degrees) while rectifying the calibration coefficients
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Figure 5.5: 7 error (degrees) while rectifying the calibration coefficients

The mean errors of angles were also computed, the results are shown in Table 5.1

Angles ‘ feo [deg]  pep [degl  pe, [deg]  piccoers [AB]
Initial 1.92 0.209 0.186 —10.8
Nelder-Mead 1.51 0.275 0.302 —12.2
Levenberg-Marquardt | 1.22 107° 6.49 1075 5.08 10~° —65.7

Table 5.1: Mean error comparison for the 3 angles, while rectifying the calibration
coefficients.

The absolute error of the calibration coefficient was also calculated and compared to the
initial situation without attitudes estimations. The results from those simulations are
shown in Fig. 5.6. As expected from the angles calculation, the Nelder-Mead and initial
values showed similar errors. The Levenberg-Marquardt algorithm showed again higher
performances. This result can be explained by the fact that the angles deduced were more
precise. The error gap between initial conditions and the Levenberg-Marquardt algorithm
is close to 60 dB. A similar error pattern as previous section appears, even if it tends to
be less important with the Levenberg-Marquardt algorithm.

Using the Levenberg-Marquardt algorithm lead to way more accurate results than the

other proposed algorithms. The performance of this algorithm therefore makes it a prime
candidate for rectifying angles and calibration coefficients.
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Figure 5.6: Absolute errors [dB| from used algorithms considering 3 angles per position

5.3 Conclusion

In order to improve the calibration coefficients by deducing the attitudes of the UAV at
each measurement position, multiple algorithms were developed and tested. As a proof
of concept, the developed methods were simulated on an array composed of 4 SKALA
antennas. Each optimization problem was mathematically defined, as well as the minimum
number of UAV positions to solve each optimization problem correctly.

Simulations were carried out in order to reduce the « rotation error of the UAV and the
calibration error. Those simulations showed that Nelder-Mead do not lead to a significant
reduction of the error on the angles, not any reduction of the error on the calibration
coefficients. However, using Levenberg-Marquardt showed much better results, in terms
of a calculation and of calibration accuracy. Patterns appeared in the calibration error,
leading to reduce the calibration error associated to the dominant macro MBF of each EEP.

Finally, calculations of the complete attitude information of the UAV at each position
and the coupling of this problem with array calibration was carried on using two methods.
The Nelder-Mead algorithm showed higher attitude errors than without rectification,
leading to generate similar errors than in the non rectified angles. The calibration error
was also similar to the case without rectification. However, using Levenberg-Marquardt
algorithm showed much better results than the other method. The algorithm allowed us
to drastically reduce the error of each UAV attitude and, in turn, to increase the accuracy
of the calibration coefficients.

35



Chapter 6

Impact of thermal noise on
coefficients rectification

This chapter is dedicated to the analysis of the impact of thermal noise on the reception
quality of the antenna and the angle correction of the UAV during the measurements.

First, the average error voltage induced by the thermal noise of the sky and the Low
Noise Amplifier (LNA), used to measure the voltage across the SKALA antennas, will
be calculated. Then an analysis of the impact of the noise on the voltage and on the
signal to noise ratio (SNR) will be carried on. Afterwards, the impact of this thermal
noise on the accuracy of the drone attitudes estimation and the calibration coefficients
will be focused on. Finally, the differences between the measurements of real, absolute
and imaginary error in the algorithm will be focused on.

6.1 Thermal noise calculation

In the previous sections, noise from the LNA and sky radiation were not taken into
account in the calculations. It is nevertheless interesting to take these imperfections into
account to verify if these values have an impact on the calculation of the angles and on
the rectification of the calibration coefficients.

The AASVO is equipped with a LNA providing a gain of approximately 40 dB at a
temperature of 40 K at 140 MHz [13]. In addition, the sky is supposed to have an impact
on the voltage received in the SKALA antenna and is considered as a black body for the
further calculations.

Sky noise calculations From the Nyquist theorem, it is possible to compute the power
from a resistor temperature, which is equivalent to compute the noise power of an antenna
surrounded by a black body at uniform temperature 7' (Kelvin) [20] :

Prus = kpTAf (6.1)

with kg the Boltzman constant and A f the bandwidth of the observation. The observation
bandwidth was supposed to be obtained by a perfect band-pass filter, passing frequencies
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between fy, — Af/2 and fsq + Af/2 only, with fy;, the excitation frequency of the UAV
dipole.
The power across a resistor R can be calculated using P = V?/R, allowing to rewrite the

equation as
kg RTAf
Vi, ="t (62)
where V.5 is the mean voltage received by the illumination of the antenna by the black
body surrounding it. Therefore, by supposing this voltage as additive white Gaussian
noise, the sky noise temperature can be added to the signal transmitted from the UAV to
the SKALA antenna

‘zavpvsky = ‘zaap + N(07 ‘/TSky) (63)

A sky temperature model allows to calculate the impact of the sky on the voltage received
by the SKALA antennas. The sky temperature model for the SKA was already calculated
from previous experiments and is approximated as Ty, = 2.734 20(408/ farn.)*™ (Kelvin)
[27].

LNA noise calculations The LNA noise voltage was obtained using the same equations
as the sky thermal noise (eq. 6.2). Even if the temperature of the amplifier changed
slowly with the frequency between 100 and 350 MHz [13], it was supposed to be constant
and equal to 40 K over this bandwidth. The total measured voltage for an antenna i,
illuminated by the UAV at position p then becomes

‘/;;devtOt = f/(;avp + N<O’ ‘/sk’y) + N(()) VLNA) (64)

SNR dependence of the central frequency Since the power of the thermal noise
is proportional to the bandwidth used, tight bandwidth tends to increase the signal to
noise ratio (SNR). Futhermore, the noise thermal power and the signal voltages depends
on the frequency of observation, it might exist a measurement frequency maximizing the
SNR. Simulations calculating the SNR were made using different frequencies. The drone
was supposed to follow the same path as previous chapter, i.e. five circles leading to 50
measurements. The observation bandwidth was supposed to be constant and equal to
Af =1 KHz for all the measurements. The excitation voltage was set to 5 mV and the

calibration coefficient were supposed unitary. The results of those simulations are shown
in Table. 6.1.

Frequency | 50 [MHz] | 74 [MHz] | 140 [MHz] | 200 [MHz] | 350 [MHz]
SNR N, =4 | 2.56 108 | 9.7210° | 1.68 10'° | 2.69 10 | 1.97 10°
SNR N, =16 | 1.01 10'° | 1.87 10'* | 1.15 10" | 9.86 10'° | 4.22 10'°

Table 6.1: SNR calculated for different frequencies supposing a 1 KHz bandwidth.

The maximum SNR for the 4 antennas array was at 200 MHz, with a value of 2.69 10'°.
However, the 16 antennas array led to a maximum SNR at 74 MHz, with a value of 1.87
10'*. The maximum SNR value was expected to be greater for a 16 antennas than 4
antennas array, since the number of antennas increased. This result might indicate that
the maximum SNR, and then optimal excitation frequency, might also be different for a
256 antennas array.
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6.2 Impact of thermal noise on calibration and angles
error

Since thermal noise impacts the measured voltage error, it is interesting to analyse the
impact of this thermal noise on the developed method. Several simulations were carried
out in order to highlight the impact of SNR on the error of the angles and calibration
coefficients found. Still based on 50 positions of the UAV ( appendix Fig. B), the
observation bandwidth was changed for each simulation, leading to variations of the
SNR. Nevertheless, the simulated positions of the UAV remained unchanged between
simulations, as did the value of the calibration coefficients calculated by the algorithm. In
this way, the drone’s initial orientation errors were similar, allowing to generate similar
initial conditions for the algorithms. The excitation frequency of the antenna placed on
the UAV was simulated at 350 MHz. The 3 angles defining the attitude of the drone and
the calibration coefficients were calculated for each simulation. The error of those angles
for the different bandwidth are shown at Fig. 6.1, 6.2 and 6.3.

---Initial values
—1 MHz bandwidth |1
100 KHz bandwidth(]
101 L —10 KHz bandwidth H
—1 KHz bandwidth [
7. . ]
_ AN PRI
g 100+ ; D
) ‘ y
3
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102 ]
| | | | | | | | | |

0 5 10 15 20 25 30 35 40 45 50

Figure 6.1: « error (degrees) calculated for different bandwidth
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G error [°]

~ error [°]

Increasing the bandwidth led to drastically increase the error in terms of the angles
deduced, which might have an impact on the calibration performances of the array. Using
300 Hz bandwidth led to lower angle mean error. This result was expected since the SNR
reduced with the increase of the band-pass filter bandwidth. However, the « rotation
calculation error is higher than the g and v angle error. This behavior does not depend
on the bandwidth used, which let suggest a link with the geometry or the initial error of
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Figure 6.2: 3 error (degrees) calculated for different bandwidth
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Figure 6.3: 7 error (degrees) calculated for different bandwidth

the UAV attitudes or the mean « error.
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Mean error comparisons The mean error was extracted for each bandwidth, those
results are shown in Table 6.2. Below 1 KHz bandwidth, each mean angle error is reduced,
inducing correct convergence of the algorithm. However, the mean error of the 100
KHz and 1 MHz bandwidth highly increased compared to the non rectified angles, each
mean error was approximately multiplied by 7 for the 1 MHz bandwidth. Those results
indicate that the algorithm won’t be able to reduce the calibration error while using those
bandwidth. Using a 1 KHz bandwidth reduced the mean « error but increased the 5 and
Y errors.

He o [deg] He [deg] He [deg] He coef f [dB]
Not Rectified 1.60 0.233 0.220 /
300 Hz 0.634 0.223 0.152 -27.8
1 KHz 1.01 0.251 0.245 -26.3
10 KHz 2.43 0.543 0.498 -19.2
100 KHz 4.31 1.14 0.922 -14.9
1MHz 8.80 1.60 1.38 -11.3

Table 6.2: Comparison of mean errors for different bandwidth used

0 T 2 ‘
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Coefficients

Figure 6.4: Absolute calibration error [dB] for different bandwidth

The larger bandwidth analyzed tends to increase the error of the calibration coefficients,
as shown in Fig. 6.4. This result is also expected since the angles error increased and the
SNR was reduced. The mean values of the calibration errors are shown in Table 6.2. Once
again, the 300Hz bandwidth showed higher performances in terms of reduction of the error.

To quantify the effectiveness of the method, the error improvement for each bandwidth

was calculated by subtracting the initial error to the error obtained after using algorithm.
The results of those calculations are shown in Fig. 6.5.
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Figure 6.5: Error improvement for each bandwidth [dB]

Only the method applied on the 300 Hz bandwidth showed significant reduction of the
error. The error indeed was reduced by approximately 10 dB for this simulation. All
the other bandwidths showed a reduction of calibration coefficients accuracy, with the 1
MHz bandwidth increasing the error by up to 25 dB. Those results are expected since
the attitude errors increased for all the bandwidths excepting the 300 Hz one. Those
observations lead to suppose that the algorithm used might reduce the calibration error if
the filter bandwidth is narrower than 1 KHz.

As the array was composed of 4 SKALA antennas only, the SNR had a large impact on
the estimation of the UAV attitude and then on the calibration improvements. As shown
in previous section, an array composed of 16 antennas multiplied the SNR by a factor
close to 10. The deduced attitudes and the calibration was then supposed to be more
accurate using more antennas.

6.3 Taking into account Real and Imaginary parts of
the voltages

Even if the 300 Hz bandwidth led to better results in the calculation of the attitudes
and coefficients, different approaches of the used algorithm might change the error of the
calibration. Indeed, all the previous simulations using the Leveberg-Marquardt algorithm
computed the absolute value of the voltage difference (eq. 5.1). However, as the voltages
computed are complex values, computing the absolute value of the error doesn’t allow to
take into account the real and imaginary parts of the voltages individually. By separating
the imaginary and real parts, the optimization problem then becomes

(6.5)

%[Via,p(ap’ﬁp»%)cia - ‘:/ia,p] =0 Vp,i,
S Viap (@, Bps Vo) Cia — Viapl =0 Y, 4
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This reformulation of the problem then allows to generate 2N,N, equations to solve
3N, + N2 unknowns.

To compare the effectiveness of the described methods as well as the rectification using
300Hz bandwidth, simulations taking into account the absolute value, real value and both
real and imaginary values of the simulations were made. Those results were compared to
the coefficient without rectification algorithm. The results of those simulations are shown
in Fig. 6.6, the non rectified coefficients are shown in dashed lines.
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Figure 6.6: Absolute calibration error [dB] considering absolute, real and imaginary parts
of the voltages

The algorithm using real voltages values only tends to reduce the higher errors but
increasing the lower ones, leading to error oscillations between -35 and -15 dB. This
method might then not be suited for the rectification of the calibration coefficients in
those conditions. The error indeed increases for the calibration coefficients ¢!, associated
with the macro MBFs that have the higher impact of the antenna radiation pattern,
as explained previously. The Levenberg-Marquardt algorithms considering the absolute
and complex values of the voltages showed better error performances than using initial
values. The error in the calibration coefficients calculation is indeed reduced for each
coefficient using each algorithms. The algorithm using the complex values of voltages
however showed more stable error values than using complex voltages measurements.
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6.4 Conclusion

In this chapter, a brief analysis of the thermal noise and its modelisation was made.
The mean error voltage due to the thermal noise of the sky and the LNA was taken
into account in the voltage measurements as a Gaussian white noise. The SNR was also
calculated for different excitation frequencies with a bandwidth of 1 KHz for an array
composed of 4 antennas and the AAVSO model.

The impact of the thermal noise on calibration and angles rectification was also in-
vestigated at 350 MHz frequency with a 5mV UAV voltage excitation. The SNR was
adjusted using different bandwidth and the remaining relative error after rectification
was compared between each bandwidth. The 300 Hz and 1 KHz bandwidth showed
improvements in the precision of the attitudes calculations. However, using more than 10
KHz bandwidth with this method led to induce higher angles error than in the initial case.
Those results indicate a minimum SNR required to effectively deduce the UAV attitudes.

Finally, comparing the error with and without rectification with a 300 Hz bandwidth
showed improvements in the precision of the calculations. Using the real part of the
voltages led to lower performances than using absolute or complex values of the voltages
measurements.

As the developed method was applied on an array composed of 4 antennas, the voltage
was more impacted than using a 16 antennas array. The SNR was indeed increased with
the 16 antennas array, leading to suppose better performances using an array composed
of more antennas.
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Chapter 7

Conclusion

The calibration of the Square Kilometer Array stations will be a critical step and constitutes
a challenge in order to generate high-resolution images [8]. The SKA-Low calibration
will then require to develop calibration methods using artificial sources, such as the use
of UAVs, to model the interactions between each antennas composing the stations. The
far-field calibration using UAV is dominated by attitude errors as explained in [3], which
generates bias in the deduction of the calibration coefficients. This work then focused on
the deduction of the UAV attitudes using the SKA-Low stations, allowing to increase the
accuracy of the calibration.

UAYV attitudes estimation The estimation of the UAV attitudes during the flyover
was achieved using multiple algorithms. Each algorithm was based on the voltages errors
between the simulations and the simulated voltages measurements.

In the case where only one component of the drone’s orientation had to be calculated,
the Newton-Raphson algorithm produced promising results. The algorithm was able to
deduce the component at each position with an error close to -300 dB. These errors also
required fewer resources than the Nelder-Mead algorithm. However, error peaks were
observed at regular orientations, suggesting configurations generating instabilities in the
erTors.

The drone’s orientation was also accurately deduced on the basis of an array of 4 SKALA
antennas. The methods developed enabled us to find the drone’s orientation with errors of
less than 10~ degrees, for each position, using the Levenberg-Marquardt algorithm. This
algorithm converged more quickly than the Nelder-Mead algorithm, making it a method
of choice for improving the calibration during the rest of the work.

Calibration improvement by UAV attitudes deduction The Nelder-Mead and
Levenberg-Marquardt algorithms were used to develop a method for reducing the error in
the calibration coefficients. By recalculating new drone orientation values for each posi-
tion at each iteration, it was possible to improve the accuracy of the calibration coefficients.

Initially, only one angle per position was evaluated at the same time as improving
the calibration error. The Nelder-Mead algorithm did not give significant results in
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solving this problem, either in solving the orientation or in calibration. However, the
Levenberg-Marquardt algorithm showed a significant improvement in the accuracy of the
angles and calibration coefficients. A pattern of error in the calibration coefficients was
observed independently of the methods used. The coefficients associated with the macro
MBFs having the greatest impact on each EEP were systematically subject to a smaller
error.

The problem was then extended to the complete calculation of the UAV orientations, which
allowed us to verify the feasibility of the method. The Nelder-Mead algorithm showed
no significant improvement in the error and even increased the error in estimating the
angles of the UAV. The algorithm did, however, reduce the average error of the calibration
coefficients by around 2 dB. The Levenberg-Marquardt algorithm showed much better
results, with angle errors of around 10~° degrees and an average error in the calibration
coefficients of around -65 dB.

Impact of the themal noise on the calibration The impact of thermal noise on
the quality of the calibration coefficients calculated was analysed. The thermal noise of
the sky and the LNA were modelled and the SNR was calculated for different frequencies
and different numbers of antennas. In the case of an array consisting of 4 antennas,
the maximum SNR calculated was obtained with an excitation frequency of 200 MHz.
In the case of 16 antennas, the maximum SNR was obtained at around 74 MHz. This
suggested that the configuration of the array had an impact on the maximum SNR and
the associated excitation frequency. It was therefore assumed that the maximum SNR for
an array of 256 SKALA antennas would be higher than with 16 antennas and would also
be obtained at other frequencies.

The impact of calibration quality was linked to the frequency band used. A narrower
bandwidth reduced the error better than a wider bandwidth. An increase in error for all
the frequencies larger than 1 KHz was observed, leading to suppose a restriction of the
developed method in narrow bands.

Finally, different error calculation were compared in order to deduce the most effec-
tive method for the calculation of the coefficients. Considering the real part of the voltage
errors led to an increase of the calibration coefficients error associated to the most impact-
ing macro MBF, the method still reduced the error of the other calibration coefficients.
The methods considering the absolute and complex values of the errors showed better
performances, calculating the calibration coefficients with more accuracy than the previous
method. The overall calibration error was indeed reduced.

As the simulation time mainly limited the number of simulated antennas composing
the arrays, further researches to accelerate those simulations needs to be carried out.
Extending the methods developed to a complete SKA needs also to be done in order to
confirm the previously taught hypotheses.

45



Appendix A

Resolution method diagram
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Figure A.1: Diagram of the method used to compute the calibration and drone attitudes
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Appendix B

UAYV positions
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Figure B.1: UAV path and antennas positions for the calibration and attitudes calculations
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