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Abstract

In the context of future 6th generation (6G) and Integrated Sensing and Commu-
nication (ISAC) applications, this thesis explores the possibility of using data from
the Sy parameter for indoor detection of human presence in the 4 GHz to 16 GHz
frequency range. Physical measurements in Chalmers’ antenna lab were combined
with simulations in a digital twin of the lab environment to analyze how a station-
ary human affects the wireless channel. The Multiple Signal Classification (MUSIC)
algorithm was applied to both physical and simulated data in order to analyze di-
rections of arrival (DoA) and reflections caused by human presence. The results
show that the MUSIC algorithm was able to detect changes caused by a human
in the wireless channel, although the accuracy depended on the environment, the
placement of the antennas as well as the assumed number of sources. Additionally,
a Convolutional Neural Network (CNN) was trained on simulated and measured
data in several dataset combinations. As a result it could be observed that com-
bining simulated and real data in training improved the models ability to adapt to
realistic environments, while training on only simulated data resulted in reduced
transferability to the real measurements.
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1

Introduction

This chapter presents the background of the thesis and explains why it is relevant
for current sixth generation (6G) research. The purpose of the thesis is stated, as
well as the scope which includes important limitations and assumptions.

1.1 Background

The sixth generation of mobile networks is envisioned to not only extend current
network capabilities, but also to support future technology applications. Building
on fifth generation (5G) networks, 6G is expected to drastically increase throughput
and reduce latencies, as well as introduce new opportunities such as the internet of
things [1]. These opportunities may utilize integrated sensing and communication,
in which radio signals can be used for data transmission as well as for obtaining
information about the surrounding environment. 6G could therefore be used to
largely improve entire systems that require awareness of the physical environment
around them.

Wireless channels play a central role in understanding such systems, as they describe
the transmission path of the wave between the transmitter and receiver [2]. This
thesis will simulate these wireless channels in an indoor environment with a deter-
ministic model. The simulations will be compared with real-world measurements
done with a Vector Network Analyzer (VNA) to design efficient signal processing
algorithms.

This thesis focuses on human detection, which can be realized with integrated sens-
ing and communication (ISAC) [3][4]. Currently, infra-red sensors are widely used
for this purpose but are limited in their precision. 6G has the potential to replicate
this function with the help of software. The accuracy need further testing, which
this thesis will account for.

1.2 Purpose

The purpose of this thesis is to detect human presence in an indoor physical en-
vironment using a VNA and its Sy; parameter as a wireless channel between a
transmitting and receiving antenna. To support the physical measurements, human
presence is to be detected in a simulated digital twin of the laboratory that suffi-
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ciently matches the real environment’s parameters. The simulations are done with
the software ANSYS HFSS. The measurement data collected in both environments
are then inserted into a MUSIC algorithm and used to train a machine learning
algorithm, aiming to assist the cause of human detection.

1.3 Scope

e Only fixed and low power (<1 mW) measurements will be done, where the
position of the antennas will be fixed and the measured persons position will
be changed.

o The attenuation, such as multi-path fading, will be neglected because the
MUSIC algorithm primarily focus on the direction of the wave.

o The frequency span for the measurements will be limited to 4-16 GHz due
to the VNA’s range and the physical constraints from the antennas and the
coaxial cables.

e The scope will focus on trying to detect one human.

e Only compare measurements with the digital twin of the room and not with
other indoor environments. The simulations will also use the built-in compo-
nent library.

e Only one configuration will be used for the antennas position.
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Theory

The following section presents the necessary theoretical background for this thesis.
First, the fundamentals of 6G, Integrated Sensing and Communication, and the
multipath effect are introduced. Furthermore, the chapter covers S-parameters,
Vector Network Analyzer, the principle of Fourier Transform, the fundamentals of
the MUSIC algorithm, machine learning, and windowing.

2.1 Fundamentals of 6G

Understanding the evolution towards the 6th generation (6G) of wireless systems
requires evaluating both the achievements and limitations of 5th generation (5G)
systems. 5G was introduced as a key enabler of Internet of Everything (IoE), with
the goal of enabling large scale connectivity between users, devices, and machines
[5]. Tt was intended to operate at high-frequency millimeter wave, while support-
ing heterogeneous IoE services. Certain capabilities, such as basic IoE functionality
and Ultra-Reliable Low-Latency Communication (URLLC) for applications includ-
ing industrial automation, were not fully implemented at the large scale that was
initially anticipated. Future applications will require communication systems capa-
ble of providing URLLC for heterogeneous devices across both up-link and down-
link communication, while also integrating computing, control and communication
through end-to-end co-design. These requirements exceed the capabilities of 5G,
making it insufficient for supporting emerging IoE applications such as extended
reality, including mixed reality, augmented reality, and virtual reality.

Therefore, one expected cornerstone of 6G is that its design will inherently support
a true IoE, enabling an immersive and fully connected cyber-physical world [5][6].
This is expected to be achieved through capabilities such as extreme reliability and
determinism, digital twin environments, massive-scale IoE ecosystems, and Inte-
grated Sensing and Communication (ISAC). In addition to the IoE capabilities, 6G
is expected to introduce the use of new spectrum bands extending into the 1 tera-
hertz (THz) band. Although communication at these frequencies is associated with
challenges such as molecular absorption and severe path loss, 6G will provide sub-
stantial improvements in capacity, precision, and sensing integration. Furthermore,
terabit per second peak rates, sub-millisecond latency, and microsecond synchroniza-
tion are expected to enable advanced application such as holographic telepresence,
Tactile Internet 2.0, and brain-to-computer interfaces.
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In all wireless communication systems, the wireless channels are important [7]. They
can be defined as the proportion medium between a transmitter and a receiver,
where the transmitted signal is affected by both large-scale and small-scale propa-
gation effects. These effects are commonly modeled using geometry-based stochastic
channel models. In 5G millimeter wave systems, the small-scale fading is typically
represented by clusters of multiple propagation rays.

2.2 Integrated Sensing and Communication (ISAC)

ISAC is a key technology for the development of 6G networks, and it refers to wireless
systems that can perform data communication and environmental sensing simultane-
ously [8]. Traditionally, wireless systems are designed where communication systems
focuses on maximizing the data rate, reliability, and efficiency. Additionally, radar
systems aim to detect objects, estimate distance, velocity, and direction. ISAC seeks
to combine these functionalities into one unified system in order to improve spectral
efficiency, reduce hardware complexity, and enable new applications such as smart
environments, localization, and human presence detection.

The fundamental principle behind ISAC is that wireless signals interact with the
surrounding environment as they propagate between a transmitter and a receiver
[9]. During propagation, signals undergo reflection, scattering, diffraction and at-
tenuation by objects such as walls, furniture, and humans. These interactions create
a multipath propagation environment where multiple delayed versions of the signal
reach the receiver. As a result, the received signal contains embedded information
about the environment through the wireless channel response.

The wireless channel in conventional communication systems is often treated as a
distraction that must be estimated and compensated for in order to achieve reli-
able data transmission [9]. However, in ISAC systems the channel is considered a
valuable source of sensing-information where the changes in the environment, such
as the presence or movement of a human, lead to measurable variations in channel
characteristics including amplitude, phase, delay, and multipath structure. By an-
alyzing these variations, it becomes possible to detect objects and human presence
without the need for dedicated sensing hardware. By extracting parameters such
as the angle of arrival and time delay, ISAC systems reuse communication signals
and channel estimation data for sensing, which enables efficient use of spectrum and
hardware resources.

This integration of sensing and communication is expected to support a wide range
of future applications, such as indoor localization, security monitoring, smart homes,
and industrial automation [8]. Despite its potential, ISAC also introduces challenges
including balancing communication performance with sensing accuracy and address-
ing privacy and ethical considerations related to environmental monitoring or human
detection.
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2.3 Multi-path effect and human presence

In a wireless channel, the signal will travel from the transmitting antenna to the
receiving antenna through multiple paths rather than a direct trajectory [10]. This
occurs due to objects that act like reflectors and scatterers in the surrounding envi-
ronment. Each propagation path may differ in parameters such as amplitude, angle
of arrival, and phase, due to constructive and destructive interference caused by
these objects.

According to Friis transmission formula, the power received by a receiving antenna
as a function of distance can be expressed according to equation (2.1),

P,G,G.\?
PT(d) - k. Tz (21)
(4md)
where P, is the transmitted power, G, is the receiver antenna gain, G, is the trans-
mitter antenna gain, A represents wavelength in meters, and d represents distance
from the transmitter to receiver in meters [11].

When a human is introduced, the characteristics of the wireless channel are altered,
and the received signal will consequently include information about the humans
presence [11]. Additional paths are introduced by the human body and the total
power at the receiver can be represented by equation (2.2).

F,G,G.\?
(4m)% (d? + 4h2 + A?)

Pr(d) = (2'2)

The parameter A has been introduced, representing human body path length. A is
a parameter that accounts for the distance from the line of sight path to a reflection
point on the floor or the ceiling. As can be seen from equation 2.2, the received
signal will include changes in the propagation path when a human is present. A
human alters parameters such as phase and amplitude and causes doppler shift as
well as multipath fading.

When analyzing wireless signals for human detection, the wireless channel can be di-
vided into a target channel and a background channel [12]. The background channel
consists of multi-path components arising from environmental objects such as walls,
ceilings, and furniture. The target channel, in the scenario of sensing a human,
instead consists of all the propagation paths that are influenced by the human body.
The target channel itself can be interpreted as a concatenation of two segments, a
transmitter to human link, and a human to receiver link. Depending on the envi-
ronment, each segment may contain line-of-sight or non line-of-sight components.
The resulting propagation paths arriving at the receiver will subsequently include
direct human reflected components as well as indirect paths involving additional
reflections from other objects.
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2.4 S-parameters

Scattering parameters, which also are called S-parameters, are used to observe how
radio frequency signals behave in a system [13]. At radio and microwave frequen-
cies, direct measurement of voltages and currents becomes inefficient because of the
behavior of the wave, impedance mismatches, and distributed effects. Instead, net-
work behavior is described using S-parameters, which characterize how much of a
signal that is transmitted, reflected, and received between ports of a system. For a
two-port network, the S-parameters are described in matrix seen in equation (2.3),

by St Siz| |aa
M - [521 522] M (2.3)

where a; is the incident wave at port i, and b; is the reflected wave at port i.

In wireless channel measurements, the most important parameter is So;. It describes
how much of the transmitted signal the transmitter that reaches the receiver. The
S91 parameter is mathematically calculated with equation (2.4).

Received signal at port 2 bo
Sa1 = —=

~ Transmitted signal from port 1 a4 (24)
When antennas are connected to the ports, So;(f) represents the wireless channel
transfer function between the transmitting and receiving antennas [13]. It includes
propagation effects such as reflection from walls and objects, scattering, diffrac-
tion, attenuation, and multipath propagation. When a person enters the area of
measurement, these effects change, which causes measurable variations in the So;
parameter.

2.5 Vector Network Analyzer

The Vector Network Analyzer (VNA) is a frequency domain channel sounder, used
to measure complex valued S-parameters in both magnitude and phase across a
specified frequency range [14]. Since the VNA measures both amplitude and phase
it allows reconstruction of the complete complex function of the system. A known
signal is first generated at port 1 by the VNA, and the signal propagates through the
environment via the transmitting antenna. Later on, the received signal at port 2 is
measured and the ratio between transmitted and received waves also meaning the
S1 parameter is computed. Finally, the procedure is repeated over many frequency
points.

Although it is a popular instrument, it has several limitations when it comes to
developing 6G [14]. VNA have flexible frequency and bandwidth settings within
their specifications, which can be extended to high radio frequencies near and above
1 THz, but they still function within hardware limits. The VNA’s measurement
range is limited because there is a need to use radio frequency (RF) cables to connect

6



2. Theory

remote antennas, which introduces high losses, specially when it comes to millimeter-
wave and sub-THz frequency bands. Most VNAs have only two ports, which restricts
their ability to support multi-antenna and multi-link 6G studies. In addition, VNA-
based channel sounding also requires long measurement times because frequency
sweeping is slow and becomes even slower when many antenna directions or spatial
positions are measured.

2.6 Fourier Transform and Time-Domain Conver-
sion

The Fourier Transform (FT) is used to convert signals from the time domain to
the frequency domain [15]. In the time domain, a signal is described as a function
of time and after applying the FT, the same signal is represented in terms of its
frequency components. This means that it decomposes a time dependent signal
into a sum of sinusoidal functions with different frequencies. Many signal processing
operations are easier to perform in the frequency domain. The original signal can be
reconstructed using the inverse Fourier Transform (IFT). When converting between
the domains, no information is lost.

For digitally sampled signals, the Discrete Fourier Transform (DFT) is used [16].
The DFT operates on a finite number of samples into its discrete frequency repre-
sentation. The DFT is given by equation (2.5),

Fvy=N">" f(7) e 2mNT (2.5)

where v = 0,1,...,N — 1 [17]. F(v) describes the amplitude and phase of the
frequency component with frequency /N and the factor N~! make sure that v = 0
corresponds to the mean value of the signal. In many applications, the DFT is used
to compute the power spectrum |F(v)|?, or to manipulate the frequency spectrum
by removing low frequencies, enhancing high frequencies, or filtering noise. After
such processing, the original signal can be reconstructed using the inverse DFT,
given by equation (2.6).

f(r) = Z F(v) e2TNT, (2.6)

Often, the Fast Fourier Transform (FFT) is used instead of the DFT, as it is a faster
algorithm [17]. Rather than computing the DFT directly, which can be expensive
for large data sets, the FFT divides the data into smaller parts. Once a signal is

transformed to the frequency domain with the FFT, it can be reconstructed with
the inverse FFT (IFFT), analogous to the inverse DFT.
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2.7 Windowing

Windowing is a technique commonly used in digital signal processing [18]. It uses a
function called a window function to truncate a signal. Given a long sequence x(n),
and if w(n) is a window function of length N, multiplying these together gives a
truncated, N-point sequence x,(n), which can be seen in equation (2.7).

xp[n] = xnjwln] (2.7)

This is equivalent to convolution in the frequency domain. As the sampling length
is not increased during truncation, the bandwidth of the signal is expanded. This,
in turn, results in spectral leakage. This is remedied by choosing a window function
with desired properties. Both the window function and the signal has to be consid-
ered when choosing window function, as different window functions have different
effects on different signals. A commonly used window function is the Kaiser window.
The Kaiser window is defined by the equation (2.8),

To(By1 - (“H5H)?
win) = 10(5)

where I is the zeroth-order modified Bessel function of the first kind, N is the win-
dow length, and f is a parameter defining the shape of the window [19]. Increasing
[ decreases the width of the main lobe, as seen in Figure 2.1.

0<n<N-1 (2.8)

beta=2

beta=6 ||

beta=10
08 \ =22
07k ) g ) \\
06— //

\

Figure 2.1: Three Kaiser window functions with different 3; blue for § = 2, orange
for § = 6 and yellow for 8 = 10.

2.8 MUSIC algorithm

To amplify the signal data of the Sy; parameter data, the algorithm Multiple Signal
Classification (MUSIC) can be used [20][21]. The algorithm uses the Sy; parameter
to derive a covariance matrix and linear algebra to find the eigenvalues of the matrix.
The eigenvalues then get sorted from highest to lowest and are separated into a
signal subspace and a noise subspace, where the amount of eigenvalues in the signal
subspace is decided by the number of sources set. From there, the directions of
arrival (DoA) are estimated and plotted as a MUSIC pseudospectrum.

8
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2.8.1 Direction of Arrival and MUSIC resolution

The DoA is dependent on certain parameters. Firstly, the receiving antenna needs
to be a uniform linear antenna array and isotropic [21]. Being a uniform linear
antenna array means having a row of antennas with the same characteristics and
being isotropic means receiving waves equally from all directions.

Other parameters are the number of sources set, the number of antenna elements
M in the uniform linear antenna array, as well as having the optimal spacing of
d < % between them [21]. The reason for having a spacing of less than a half of a
wavelength of the highest frequency is to avoid grating lobes, which are defined as
having a power value similar to the main lobe [22]. This decreases accuracy.

There are some parameters that increase the resolution of the algorithm [21]. The
number of array elements provides a more accurate beam but with higher computa-
tional effort. The number of snapshots also improves the resolution but needs more
computational effort. A greater Signal-to-Noise Ratio (SNR) and a coherent signal
also improves the resolution.

2.8.2 The math behind the MUSIC algorithm
For MUSIC, the input data can be represented in equation (2.9),

D

T (t) = sk (t)am(Or) + nm(t) (2.9)

k=1

. wdsin€
where s (t) = signal strength and a,, = e™ “5 s the response function [21].

It can be represented as a matrix seen in equation (2.10),

(m—1)

X = As(t) +n(t) (2.10)

where A = [a(6))...a(0p)]" and s(t) = [s1(t), ...sp(t)]"

The covariance matrix Rx = FE[XX¥] can then be created with a mathematical
model, where the assumption is that the signal and noise is uncorrelated with a zero
noise mean, which gives equation (2.11),

R, = AR,A” + RN (2.11)

where Ry is the signal correlation matrix and RN = ¢2I.

The eigenvalues can be retrieved from Ry by separating the weight attached to the
eigenvalue from equation (2.12),

Rxvi = A (2.12)
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and then sorted from highest to lowest [21]. The number of sources specifies the
number of signals in the signal subspace and sets the rest into noise subspace [20].

If the amount is unknown it needs to be estimated, which can be done by using
methods such as minimum description length (MDL) [23]. However, for low SNR
environments it starts to break down in finding the minimal similar sized eigenvalues,
due to a shorter spacing between the eigenvalues. Instead, an algorithm can be used
that orders the eigenvalues and then observes the difference between the eigenvalues
and finds the maximum difference between them. Then it can subtract the index
position of where the largest difference exists between two eigenvalues from the total
number of antenna elements to get an estimation of the number of sources.

To find the peaks of where an object is, the MUSIC pseudospectrum from equation
(2.13) is used,

1
al(0)U,U,"a(0)

Poou(6) = (2.13)

where Uy, = [Vp,1, ...V is represented by the basis for the noise eigenvectors when
the vectors contain low eigenvalues [21].

2.9 Machine Learning theory

Machine learning is a subset of artificial intelligence that enables algorithms to learn
from data and make predictions and decisions without being explicitly programmed
[24]. To achieve this, a model needs to undergo model training. The goal of training
is generalization, meaning that a model performs well not only on the data it was
trained on but also on new, unseen data.

Neural network models are used in machine learning to learn and identify patterns
from data by designing it with different layers [25]. One commonly used type is the
convolutional neural network (CNN), which is well suited for structured, grid-like
data [26].

Several types of layers can be used in a CNN [26]. The most relevant include convo-
lutional layers, which apply filters, also called kernels, to the input that can detect
patterns. Each filter produces a feature map, marking where a specific pattern oc-
curs in the data. In addition, activation functions, such as Rectified Linear Unit
(ReLlU), are used to add non-linearity, allowing the model to learn complex rela-
tionships better [27]. Batch normalization is another commonly used technique that
stabilizes the learning process by normalizing the inputs of each layer so they have
a mean of zero and standard deviation of one [28].

To reduce dimensionality, pooling layers can be applied [26]. It helps to reduce com-
putational costs and make the model more robust to small variations. Before passing
data to the fully connected layers, flattening is used to convert multi-dimensional
feature maps into a one-dimensional vector. Then, dropout is often used for regu-
larization, which helps to reduce overfitting [29].
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Methods

The methodology was divided into tasks which were carried out in parallel. Physi-
cal measurements were conducted in the laboratory both with and without human
presence, while simulations were used to support and complement the measurement
data. Using the data, signal processing and machine learning algorithms were used
to detect human presence based on the obtained data.

3.1 Physical measurements

Before conducting the measurements, a suitable method for collecting the data
needed to be defined. Firstly, the positions of the transmitting and receiving antenna
needed to remain fixed to ensure consistency in the measurements. To achieve this,
tape was used to mark their assigned locations on the floor of the lab. Additionally,
a 4 x 4 grid was marked on the floor using tape, where each of the 16 squares in
the grid had the dimensions of 50 x 50 cm.

The next step was to determine the parameters of the antenna and the settings of
the VNA. The transmitting and receiving antenna were both connected to the VNA
using coaxial cables with N type connectors. Due to the properties of the receiving
antenna array, the spacing between the elements was chosen to be approximately
half a wavelength in order to avoid grating lobes. The operating frequency range for
the measurements was set as 4 GHz to 16 GHz, which corresponded to an element
spacing of approximately 1 cm. The Si; parameter was measured using the VNA
to verify the frequency range, as can be seen in Figure 3.1.

Figure 3.1: Si; response of the antenna within the selected frequency range.

11



3. Methods

The receiving antenna’s aperture was 200 mm, which resulted in a total of 21 ele-
ments in the virtual antenna array. The number of measurement points was then
determined by considering the length of the room, the antenna aperture, and the
number of array elements, all of which were constrained by predefined system con-
straints. This resulted in a total of 1601 measurement points. Furthermore, the
intermediate frequency bandwidth was set. A value of 7 kHz was initially tested,
but was later reduced to 3 kHz in order to decrease measurement noise. The power
was set to 0 dBm, which provided sufficient signal strength for reliable measure-
ments. As a first test, the transmitting antenna was positioned on the floor in order
to maintain line-of-sight (LoS) between the antennas. This can be seen in Figure
3.2.

Figure 3.2: First set of measurements with antennas on the floor.

In Figure 3.3 it can be observed that the receiving antenna was placed more to the
left of the center of the grid. This was also in order to maintain LoS, and its specific
position was kept throughout all measurements. The first set of measurements were
then conducted, including three measurements per square on a stationary human.
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Figure 3.3: The position of the recieving antenna.

The same measurement procedure, including three measurements per square, was
then repeated with the difference that the transmitting antenna was placed on a
shelving unit. This was done to represent a more realistic human sensing scenario,
where a device may be placed on a wall or the ceiling. This setup can be seen in
Figure 3.4.
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Figure 3.4: The transmitting antenna standing on a shelving unit.

In addition, measurements were conducted on an empty room with no human
present. This was done to observe differences in the results, comparing the case
of an empty room with that of human presence.

The distances from the receiving antenna to the center of each square were measured
and are presented in Table 3.1. The distances were measured at approximately the
same height as the receiving antenna, and were to be used for comparison with the
results of the MUSIC algorithm. The rows and columns of the grid were defined as
illustrated in Figure 3.5 from the perspective of the receiving antenna. In order to
refer to these as coordinate positions on the form (x,y), the convention of writing
Row as the x coordinate and Column as y coordinate was decided.
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Table 3.1: Distance from the receiving antenna to the center of each square in cm.

Column 1 | Column 2 | Column 3 | Column 4
Row 1 380 365 358 359
Row 2 317 320 311 313
Row 3 293 274 263 261
Row 4 251 231 214 213

Column 1 Column 2 Column 3 Column 4

Figure 3.5: The grid seen from the perspective of the receiving antenna.

The transmitting antenna was kept on the shelving unit, and several more sets of
measurements were conducted throughout the course of the study, all following the
described setup with a stationary human in each square of the grid. When building
the datasets for machine learning, thirty additional measurements were performed
in each square as well as on an empty room.

3.2 Simulations

Along with the physical measurements, simulated data was gathered for testing with
the MUSIC algorithm and for comparison with measured data. This was done in
the software ANSYS HFSS, specifically using the SBR+ solver. ANSYS HFSS is an
electromagnetic simulation software made for simulating high-frequency electronic
products [30]. The SBR+ solver uses shooting and bouncing ray (SBR) technology
to compute how the simulated waves should bounce and scatter. Using this, the
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software analyzes the radiation patterns of antennas placed in a 3D-environment
and how other placed objects reflect and affect said patterns. Objects can either be
created directly in HFSS using elementary shapes, or created in another software
such as AutoCAD. The later option is more appropriate for complex shapes, such as
furniture, while simpler objects, such as walls, can be created directly in the HFSS.
As simulations were carried out to mirror the real world measurements, parameters
such as frequency range and step size were set to be equal in simulation and physical
data.

3.2.1 Antenna design

To improve the accuracy of the simulation data, a monopole trapezoidal antenna
was created and modified to match its return loss with the VNA’s Sy parameter.
Figure 3.6 shows the physical receiving antenna and the modeled one.

(a) The real antenna. (b) The modeled antenna.

Figure 3.6: Real and modeled antenna.

Because of limitations in modifying the dimensions of the model antenna, some
options such as having a different port, or making the antenna thin and tilted, were
not changed. The return loss was compared with the VNA Sy, parameter to make
sure the model gave a similar result.

3.2.2 The open environment

After designing the receiving antenna (Rx), the model was imported to an open
environment, where 5 bounces were used with a ray density of 2 per Min lambda,
and "Fast Frequency Looping" was enabled. The initial validation was performed
in a simplified open environment by introducing a single spherical object with the
material perfect electrical conductor (PEC) to study basic propagation behavior.
Rx antenna was placed in front of the human model and the transmitting antenna
(Tx) was located behind the human model. The distance between the antennas
was set to 4.25 m, where the z-coordinate for the Tx antenna was 1.25 m and the
z-coordinate for the Rx was 1.41 m. Later, a human model with the property of
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sea water was imported to the model instead of the metallic sphere, and the 4 x 4
spatial grid was defined with dimensions identical to those used in the laboratory
measurements, as seen in Figure 3.7.

Figure 3.7: The open environment with the grid and the human with sea water as
material.

Parametric sweeps were conducted using the Optimetrics module. The position of
the human model was controlled by the variables x _human and y_human, while
the Rx antenna position was defined by the variable y pos. The Rx antenna was
translated along the y-axis in 1 cm increments over 20 positions, consistent with the
experimental procedure. The human model was sequentially placed at all 16 grid
locations. For each configuration, simulation data were exported as magnitude and
phase in radians for further analysis.

Additional scenarios were evaluated to assess environmental effects. A cylindrical
object was introduced, and simulations were performed with the cylinder positioned
both near and at a distance from the human model. Furthermore, measurements
were conducted with only the cylinder present, positioned along the grid diagonal
at (1,1), (2,2), (3,3), and (4,4).

To improve realism, surrounding walls were incorporated with dimensions matching
the physical laboratory environment, as seen in Figure 3.8. The side walls were set
50 cm from the start of the grid. The wall close to the Rx antenna was located
at a distance of 1.4 m, while the wall next to the Tx antenna was positioned 1.75
m away. The same measurement procedure was repeated under these conditions to
enable direct comparison with experimental data.
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()

Figure 3.8: The environment after adding walls with asphalt as material, seen
from different angles.

The center coordinates for each position in the grid in the open environment were
measured based on the start position of the Rx antenna, which can be noted in
Table 3.2.

Table 3.2: Distance from the receiving antennas first element to the center of each
square with coordinate (x,y) in m.

Column 1 Column 2 Column 3 Column 4
Row 1 | (3.45; 0.75) | (3.45: 0.25) | (3.45; -0.25) | (3.45; -0.75)
Row 2 | (2.95; 0.75) | (2.95; 0.25) | (2.95; -0.25) | (2.95; -0.75)
Row 3 | (2.45; 0.75) | (2.45; 0.25) | (2.45; -0.25) | (2.45; -0.75)
Row 4 | (1.95; 0.75) | (1.95; 0.25) | (1.95; -0.25) | (1.95; -0.75)

3.2.3 The digital twin

To help evaluate the DoA of the real environment, a digital twin was used to com-
pare and support the data. The twin used was a modified version from a previous
bachelor’s thesis [31]. The Tx antenna was placed 2.63 m above ground, when stand-
ing on a shelf. The Rx antenna was placed 1.38 cm from the nearest wall and 1.41
m from the ground, in front of the human model, which gave an angle of around
12.5 degrees. The distance between the antennas was about 5.50 m LoS. The digital
twin can be observed in Figure 3.9.
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Ansys
2023R2

Figure 3.9: The digital twin, where the red and purple color objects are in material
pec, the green objects are asphalt, the yellow materials are wood, and the blue
objects are glass.

The antenna model was fully integrated into the digital twin, and the same Opti-
metrics based parametric sweeps were applied for both the human and Rx positions.
Simulations were performed for all grid configurations, ensuring consistency between
simulated and measured datasets.

During the HFSS simulation, Rx positions was swept in the intended spatial direc-
tion, from higher to lower positions. However, it was observed that the exported
CSV data did not preserve this ordering, and instead listed the samples starting
from the lowest Rx position. To ensure consistency with the physical measurement
setup and the simulation sweep direction, the data was reordered in post-processing
by sorting the samples according to the Rx position in descending order.

The center coordinates for each position in the grid was measured based on the start
position of Rx antenna, which can be noted in Table 3.3.

Table 3.3: Distance from the receiving antennas first element to the center of each
square with coordinate (x,y) in m.

Column 1 Column 2 Column 3 Column 4
Row 1 | (3.65; 1.30) | (3.65; 0.80) | (3.65; 0.30) | (3.65; -0.20)
Row 2 | (3.15; 1.30) | (3.15; 0.80) | (3.15; 0.30) | (3.15; -0.20)
Row 3 | (2.65; 1.30) | (2.65; 0.80) | (2.65; 0.30) | (2.65; -0.20)
Row 4 | (2.15; 1.30) | (2.15; 0.80) | (2.15; 0.30) | (2-15; -0.20)

Since the model was deterministic, only one sweep was necessary. This means that
the only thing that would change the data for one specific position was when other
obstacles were added or moved.
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3.2.4 Noise augmentation of digital twin data

To enable more data for machine learning and improve comparability with measured
data, stochastic noise was added to the simulated data obtained from the digital twin
model by writing a Matlab code. The original dataset, obtained from the digital
twin, consisted of magnitude and phase values that were first manually selected, but
later automatically identified based on their filenames. Both files were imported as
tables while preserving the original column naming and structure. A consistency
check was performed to ensure that the two datasets contained the same number of
rows and a minimum number of columns, guaranteeing that each magnitude sample
corresponded to a phase sample. These datasets were combined into a complex
representation of the electromagnetic field.

Additive white Gaussian noise (AWGN) was then applied to the complex signal using
a SNR value of 15. The value of SNR was chosen based on the SNR from the physical
measurements. This approach ensures that both amplitude and phase are affected
simultaneously, ensuring a physically realistic perturbation. The noise level was
controlled with the help of the SNR parameter, allowing systematic variation of the
measurement uncertainty. To further emulate realistic measurement imperfections,
small random variations in amplitude scaling and phase offset were introduced before
adding noise.

To ensure physical consistency with the measurement setup, the data were reordered
such that the receiver positions followed a descending spatial sequence. This was
achieved by sorting the dataset based on the Rx positions and applying the same
ordering to both magnitude and phase data.

After adding noise, the noisy magnitude and phase data were written back to CSV
files while preserving the original data format. The output filenames were con-
structed to clearly indicate the addition of noise and the realization index, while
maintaining the original distinction between magnitude and phase data. The pro-
cessed datasets were also saved in MATLAB format for further analysis and visu-

alization. The Matlab code can be viewed in the drive link provided in appendix
A.3.

3.3 Signal processing with MUSIC

To determine which data was useful, the MUSIC algorithm was used together with
IFFT.

Since MUSIC requires choosing the number of sources, the algorithm for estimating
the number of sources mentioned in Chapter 2.8 was used. After the eigenvalues
were retrieved from the covariance matrix they were sorted in descending order. The
eigenvalues were then compared to find the largest difference between two eigenval-
ues. Then the estimated number of sources were determined by subtracting the
21 antenna elements from the index in the ordered eigenvalues. This index was
determined from where the two eigenvalues had the largest difference.
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For the open environment, the number of sources was known only when the human,
with or without a cylinder, was present. This was used to test the algorithm.
When testing the algorithm, it was concluded that the simulation takes one more
source into account. For this reason, if there was only one human in the open
environment, it provided two number of sources instead of three. The same pattern
was also present in some of the post-processing when the cylinder was added into
the environment. Therefore, the algorithm was modified so that it produced one
more than the calculated value, which also guaranteed that all of the signal was
accounted for instead of risking losing one in the noise subspace.

When implementing it into the code, some if-statements were also incorporated,
along with the three largest differences to obtain more estimations to compare with.
The if-statements were used to remove the bug when the algorithm gave two number
of sources on the more complex environments due to the big differences the largest
eigenvalue got from LoS. Hence, the storage of the second and third largest differ-
ences was also used to confirm that the number of sources was greater than four on
the digital twin and the physical environment.

Sub-bands were also implemented, where the code provided the possibility to choose
the length of the sub-band and the number of sources. For an effective comparison
between different sub-bands, 1 GHz was chosen. To determine how a different
number of sources affected the resolution, testing of the number of sources between
7 and 19 was conducted for position (1,1) on both the digital twins data and the
physical environments data. The reason for this was the assumption that its position
had less reflective materials and would therefore improve the likelihood of detecting
a human. When the lowest possible number of sources was found to get some
detection that aligned with the approximated distance, a larger number of sources
was used to compare the number of sources affect. Post-processing on position (4,4)
was also done with the same procedure of finding the lowest number of sources with
some resolution before using a larger number for comparison. The reason for only
choosing positions (1,1) and (4,4) was because they were furthest apart from each
other.

To get a sense of the distance, the data were first windowed with Kaiser using a
B before going through IFFT and then multiplied by the speed of light to get the
distance. The plot was also normalized to the actual distance by shifting the LoS
peak to match up around 5.6 m. The plot was decided to be between 5-7 m due to
the fact that the longest path between the antennas and the human was under 7 m.
The choice of using Kaiser was mainly due to optimization possibilities. Different
values were tested before setting the simulated digital twin data to f = 5 and the
physical data to 8 = 6. The code and the data used can be found in appendix A.3,
where the MUSIC algorithm is inspired by the code from a previous paper [21].

3.4 Implementation of machine learning

To create suitable conditions for training the model, both real and simulated data
were discussed and analyzed. The real measurement data reflected true real-world
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conditions, and therefore contained irregular and unpredictable noise patterns. Due
to this, simulated data was expected to provide more controlled conditions and
potentially improve the accuracy of human detection.

The primary software tools were Visual Studio Code (VSCode) together with Py-
Torch’s library, directly implemented in VSCode as an extension. ChatGPT was
consulted for guidance on data labeling, splitting, and class organization. For both
of the real and simulated datasets, a DataSet object was used to separate the com-
plex S5; parameter into a real and imaginary part. The full dataset was divided into
70% training data, 15% validation data, and 15% test data using a stratified split
to ensure even split of labels across each dataset. A normalizer function was only
applied on the training data, since it would cause data leakage applying it to the
other two sets. The split and classified data was then used as input to the neural
network.

The neural network was designed as a convolutional neural network and can be seen
in Figure 3.10 since this type of architecture is well suited for learning patterns and
spatial relationships in structured, grid-like data, which the input consisted of. The
input consisted of two channels representing the real and imaginary parts of the
measured signal.

CNN Feature Extraction Task-Specific Output Heads

Fully Connected
—>| Flaten  |—>| 2048 - 128

Adaptive AvgPool
L ReLU + Dropout

Stacked rectangles represent feature maps learned by convolutional layers.

Figure 3.10: The convolutional neural network.

The first part of the network consisted of three convolutional blocks, where each
block included a convolutional layer followed by batch normalization and a ReLLU
activation function. The three layers were chosen to provide sufficient depth for
learning both simple and more complex spatial features, while still keeping the
network relatively lightweight. Since the amount of real data measurement data was
limited, using a much deeper architecture could increase the risk of overfitting, where
the model memorizes the training data instead of learning patterns that generalize
to unseen data.

The first convolutional layer used a larger kernel size to capture broader spatial struc-
tures and global relationships in the input data, while the following convolutional
layers used smaller kernels to focus on more local and detiled features. Throughout
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the network, the number of feature maps increased, allowing the network to gradu-
ally learn more complex spatial features from the input data. Batch normalization
was applied after each convolutional layer to stabilize the learning process, while the
ReLU activation function introduced non-linearity for better computational perfor-
mance.

The first two convolutional blocks also included max pooling to reduce the spatial
dimensions, which helped the model find prominent features. However, to preserve
spatial information, max pooling was not applied after the third convolutional layer,
since excessive downsampling could remove important information needed for the
localization of the human.

Later on, an adaptive average pooling layer reduced the feature maps to a fixed
size. This ensured that the fully connected layer always received the same number
of input features. Since fully connected layers required a fixed input size, adaptive
pooling made the network robust to variations in earlier layers and simplified the
overall architecture.

Then the pooled feature maps were flattened and passed through a fully connected
layer with 128 neurons, which combined the learned spatial features into a global rep-
resentation. A ReLU activation function was again applied together with a dropout
to reduce overfitting and improve generalization.

After the fully connected layers, the network split into two output branches. The first
branch performed binary classification to determine whether a human was present
or not, which was stored as a metric called human/empty. The second branch
performed multi-class classification to estimate which position the human was in if
a human was present, and was shown as the position accuracy metric. In addition,
a third evaluation metric called the average distance metric was used, which was
the average euclidean distance between the predicted and true position.

During training, loss functions were also calculated to evaluate the performance of
the metrics human /empty, position accuracy, and average distance. This was later
combined into a metric expressing the total loss. All of the metrics were evaluated for
different combinations of training epochs when training on simulated data followed
by fine-tuning on real measurement data, as well as for training using only real
measured data and for training on a mixed dataset consisting of both simulated and
real data.

When training, different number of epochs were also evaluated together with dif-
ferent learning rates. The number of epochs determined the amount of training
iterations, while the learning rate controlled how much the model weights could
change per iteration.

3.5 Use of Al in the thesis

AT has mainly been used as a tool to get an introduction into the subject as well
for brainstorming in different stages of the project. The AI tools ChatGPT from
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OpenAl and Claude from Anthropic have also been used to create a groundwork
when writing the code for the MUSIC algorithm and the machine learning which
was then built on by the members of the thesis.
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Results

Based on physical measurements and simulations, this section presents results from
the MUSIC algorithm and the machine learning algorithm. The results are organized
to illustrate the impact of different environmental conditions and parameter choices.
This section will be used to draw further conclusions about human detection. .

4.1 Human detection using the MUSIC algorithm

Using the digital twin of the physical environment together with the physical envi-
ronment, forms a foundation to determine the possibility if a human can be detected
in the MUSIC spectrum. To complement the detection method, the distance will
also be plotted.

4.1.1 Simulation results with MUSIC

In this section the results from different environments with the MUSIC algorithm
will be presented. Each plot have a x-axis that is the angle of the DoA in degrees and
a y-axis that is the magnitude of DoA in dB. The frequency spectrum is between 4
to 16 GHz. The expected direction of the human is indicated by the approximated
DoA as the pointed gray line. The figure of the simulated environment will also be
presented again in this section.

Figure 4.1 shows the open environment used to simulate the following results, with
a modeled human placed at position (1,1) in the grid. The Rx antenna is placed in
front of the human and Tx antenna is located behind the human.
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Figure 4.1: The open environment with the grid and the human with material sea
water.

Figure 4.2 shows four plots corresponding to different positions of the human in the
diagonal of the grid. The human is located at (1,1) in 4.2a, at (2,2) in 4.2b, at (3,3)
in 4.2c, and at (4,4) in 4.2d. There are two spikes in each plot, where the highest
one represents the LoS and the other one represents the human. The approximated
DoA does not align completely with the humans position, except for 4.2d, but it is
located around the same area.
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Figure 4.2: MUSIC plots over four different positions of the human in an open
environment.

The plots in Figure 4.3 show the MUSIC spectra for two configurations in an open
environment with both a human and a metallic cylinder. For each configuration,
results are shown using three number of sources and four number of sources. For
4.3a the human is located at (1,1), and the cylinder at (1,4), and the spectrum has
three sources. In that plot one can clearly see the LoS and a secondary peak that is
perfectly aligned with the approximated DoA of the cylinder, but the peak that is
close to the approximated DoA of human is extremely weak. The positions for the
human and the cylinder in 4.3b are the same as in plot 1 but the number of sources
are 4. It can be noted that the peak that is close to the approximated DoA of
human is bigger when the number of sources increased. In 4.3¢ and 4.3d the human
is positioned at (4.4) and the cylinder at (4,1). The number of sources are three
for plot 4.3c and it can be noted that there is almost no peak at the area close to
the approximated DoA of human, but there is a clear peak near the approximated
DoA of the metallic cylinder. For plot 4.3d, with 4 sources, additional peaks appear
in the spectrum, with responses observed near both the approximated human and
cylinder directions.
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Figure 4.3: MUSIC plots over two different positions of the human and a metallic
cylinder in an open environment, one with three sources and one with four sources.

Figure 4.4 shows the environment used to simulate the following result after adding
walls, with the human placed at position (4,3) in the grid.

Figure 4.4: Picture of the environment after adding walls, with material asphalt.

28



4. Results

The Figure 4.5 shows the MUSIC spectra for the same human positions in the diago-
nal of the grid, in an environment with walls. The red curve shows the DoA with the
highest peak being the LoS. A secondary peak would be expected due to scattering
from the human. However, across all four positions, no strong peak is observed at
the approximated DoA compared to the results from the open environment without
walls. For the positions in 4.5b and 4.5c, where the human is located close to the
LoS direction, the main peak appears broadened and slightly shifted relative to the
reference DoA. For the positions in 4.5a and 4.5d, the human is located further
from the LoS, smaller secondary responses can be observed in the same area as the
approximated DoA. These responses are not perfectly aligned with the reference but
there are some peaks near the reference, which might indicate the human’s presence.
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Figure 4.5: MUSIC plots over four different positions of the human in an environ-
ment with walls.
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The plots in Figure 4.6 show the MUSIC spectra for two configurations, where both
a human and a metallic cylinder are present in an environment with walls. In both
plots, the dominant peak corresponds to the LoS. In 4.6a, the human is located
at position (1,1) and the cylinder at (1,4). Some additional secondary responses
appear that are not perfectly aligned with the reference angles. They appear in the
angular regions corresponding to the approximated direction of the human and the
cylinder, and are represented as gray lines. In 4.6b, the human is positioned at (4.4)
and the cylinder at (4.1). The secondary responses, near the approximated DoA of
the human and the cylinder, are weaker compared to 4.6a, but the lines are more
aligned with the peaks, where the approximated DoA for the human is perfectly
aligned with a secondary peak.
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Figure 4.6: MUSIC plots over two different positions of the human and a metallic
cylinder in an environment with walls.

Figure 4.7 shows the digital twin used to simulate the following result, with the
human placed at position (1,1) in the grid.

=

Figure 4.7: The digital twin, where the red and purple color objects are in material
pec, the green objects are asphalt, the yellow materials are wood and the blue objects
are glass.

The plots in Figure 4.8 present the MUSIC spectra obtained from the digital twin of
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the room for two cases. Plot 4.8b shows the DoA when the human is positioned at
(1,1), and 4.8a shows the DoA of the digital twin without the human. In both cases,
the dominant peak corresponds to the LoS. The peak close to the approximated
DoA of human has slightly smaller amplitude when the human is present, plot 4.8b,
compared to 4.8a, where the human is not present.
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Figure 4.8: Two MUSIC plots of the digital twin, one when human is not present
and one with the human at position (1,1).

Figure 4.9 present the MUSIC spectra obtained from the digital twin of the room,
with the human positioned at (2.2) in 4.9b and without the human in 4.9a. In both
cases, the highest peak corresponds to the LoS. When the human is present, and
close to the LoS, the peak close to the approximated DoA of human has a slightly
bigger amplitude compared to when no human is present, and is almost perfectly
aligned with the approximated DoA of human.

UEnvironment without human with 7 sources b Human position in 2.2 with 7 sources
= = Approximation DOA
o o :
A=k o
B B
o -10 o -10
= =
£ £
o-15 o-15
@ @
g -20 g -20 :
S S :
Z 95 Z .05 ‘
1
'
30 -30 :
40 20 0 -20 -40 40 20 0 -20 -40
Angle ¢ (deg) Angle 0 (deg)
(a) (b)

Figure 4.9: Two MUSIC plots of the digital twin, one when human is not present
and one with the human at position (2,2).

The two plots in Figure 4.10 show the MUSIC spectra obtained from the digital
twin of the room, where 4.10a is without the human and 4.10b is with the human
positioned at (3,3). There is a clear dominant peak in both cases, indicating the
LoS. A secondary peak is present close to the approximated DoA of the human,
but they do not completely align with each other. The peak that is close to the
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approximated DoA of human is sharper and has a slightly bigger amplitude when
the human is not present, compared to the when the human is present.
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Figure 4.10: Two MUSIC plots of the digital twin, one when human is not present
and one with the human at position (3,3).

Figure 4.11 present the MUSIC spectra obtained from the digital twin of the room
when the human is positioned at (4.4) in plot 4.11b and without the human in 4.11a.
The highest peak corresponds to the LoS, which can be noted in both plots. The
approximated DoA of human does not align with any peak, but there is a slight
change in the highest peak when comparing the two plots.
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Figure 4.11: Two MUSIC plots of the digital twin, one when human is not present
and one with the human at position (4,4).

4.1.2 Simulation results with IFFT

In this section, the simulated data is analyzed in the distance domain using IFFT.
The IFFT enables estimation of the propagation distances associated with different
signal components. The resulting plots show the normalized power in dB on the
y-axis as a function of the distance in meters on the x-axis. The pointed gray line
is the expected distance of the human.

Figure 4.12 shows the distance profiles using IFFT for the two cases when a human is
present at position (1,1) in 4.12b, and without a human in 4.12a. In both cases there
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is a dominant peak at approximately 5.7 to 5.8 m, indicating the LoS. There is a
slight change in the amplitude in the range between 6-6.5 m where the approximated
distance is located. In 4.12b a larger amplitude can be observed in that, range
compared to 4.12a, where the human is not present. One can also notice that 4.12b
only has one big peak, while 4.12a has multiple small peaks.
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Figure 4.12: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (1,1).

Figure 4.13 shows the IFFT-based distance profiles for the digital twin without the
human in 4.13a and when the human is positioned at (2,2) in 4.13b. Similar to
before the highest peak can be observed at approximately 5.6-5.7 m in both cases,
corresponding to the LoS. Differences between the two cases are visible in the region
between 5.8 m and 6.3 m. When the human is present, this region becomes more
irregular and contains several local peaks, suggesting additional contributions to the
signal. In particular, the variations around 6 m are more pronounced compared to
the environment without human, which aligns with the approximated distance of
the human.
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Figure 4.13: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (2,2).

The IFFT plots for the human positioned at (3,3) and for the environment without a
human are shown in Figure 4.14. In both cases, the dominant peak appears around
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5.6 to 5.7 m like before, indicating the LoS. More noticeable differences occur in the
interval between 6.2 m and 6.4 m. When the human is present in 4.14b, this region
exhibits a more regular pattern, with the lowest peaks having higher amplitude
compered to the environment without human in 4.14a. It is also a slight change in
the amplitude of the secondary peak that is located around 5.8 m, which aligns with
the approximated distance which shows the presence of the human.
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Figure 4.14: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (3,3).

Figure 4.15 shows the IFFT for two cases, where 4.15a shows without the human
and 4.15b shows the human placed at position (4,4). Similar to before, there is a
dominant peak at approximately 5.7-5.8 m in both cases, indicating the LoS. There
is a slight change in the peaks at the range between 6.1 to 6.5 m, with 4.15b having
three relatively uniform small peaks in that range compared to 4.15a where the
peaks are less regular and more uneven in amplitude. There is also a slight change
at 5.7 m in the secondary peak next to the approximated distance, where the peak
is shorter in plot 4.15b.
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Figure 4.15: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (4,4).

34



4. Results

4.1.3 Results after dividing the frequency band into sub-
bands.

This section present the results obtained from the digital twin when observing sub-
bands with different number of sources. In the plots, the red curve shows the
DoA when a human is present and the black curve shows the DoA obtained in the
environment without a human. The gray dotted line is the approximated position
of the human.

The MUSIC spectra for different frequency sub-bands between 6 and 10 GHz are
shown in Figure 4.16, with the human positioned at (1,1), and 9 assumed sources.
In 4.16a, the two spectra largely overlap, with only a small difference observed near
the approximated human direction. The human contribution is therefore weak and
difficult to distinguish in this frequency range. In 4.16b more overlap occurs with
almost no difference, which also indicates that the human contribution is difficult to
distinguish. The variations becomes evident in 4.16¢, where there is a clear difference
at the peak that is near the approximated human distance. In 4.16d, there is still
a difference around the approximated human distance, but it is less strong. Among
the considered sub-bands, the 8-9 GHz interval provides the most distinguishable
differences between the cases with and without the human for 9 sources.
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Figure 4.16: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 9 number of sources, when the human at position (1,1).
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The corresponding MUSIC results for 12 assumed sources are shown in Figure 4.17
for the same case as previously, where the human is positioned at (1,1). In 4.17a,
the 6-7 GHz sub-band exhibits the most pronounced difference between the two re-
sponses. A peak can clearly be observed at the approximated position of the human.
In 4.17b the two spectra largely overlap, with only a small difference observed near
the approximated human direction. In 4.17c¢ the spectra becomes more complex,
with multiple peaks and increased variability. There is a clear peak at the approx-
imated DoA but the LoS, that should be around zero degrees, is not the highest
peak anymore making the plot inaccurate. In 4.17d the two spectra slightly overlap
and there is no clear peak at the approximated position for the human. Overall, for
12 sources, the 6-7 GHz sub-band provides the clearest plot and separation between
the two cases.
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Figure 4.17: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 12 number of sources, when the human at position (1,1).
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The results for sub-bands in position (4,4), with the same number of sources as (1,1)
as in Figure 4.16 and 4.17, did not give clear detection. These plots can be viewed
in the appendix chapter in Figures A.1 and A.2 .

4.1.4 Physical results with MUSIC

The results from the physical environment using the MUSIC algorithm are presented
in this section. The positions that were observed are the positions on the diagonal
between (1,1) to (4,4). Figure 4.18 shows when the human is positioned at (1,1).
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Figure 4.18: MUSIC plots when a human is present and not between 4-16 GHz.

When comparing 4.18a with 4.18b, it can be observed that the same peaks are
present with a slightly larger peak where the human is positioned. In addition,
the peak around -15 degrees have a higher normalized power when the human is
presence, which could point at the detection of a human. In Figure 4.19, the human
is positioned at (2,2).
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Figure 4.19: MUSIC plots when a human is present and not between 4-16 GHz.

In this case, the human has moved closer to the LoS. A lower peak at 17 degrees
can be observed and a higher peak at -30 degrees for 4.19b, compared with 4.19a.
In Figure 4.20, the human has the position (3,3).
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Figure 4.20: MUSIC plots over when a human is present and not between 4-16
GHz.

The human is now positioned under the LoS, which can be indicated by 4.20b, and
similar peaks can be observed around 17 degrees and -30 degrees as in 4.19b. The
last position in the diagonal, (4,4), can be seen in Figure 4.21.
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Figure 4.21: MUSIC plots over when a human is present and not between 4-16
GHz.

The human in 4.21b resulted in a peak at -17 degrees, compared to 4.21a. The
fourth peak is also higher, which is similar to when the human was positioned at
(2,2) and (3,3).

From the results for the diagonal some changes can be observed in the spectra, which
indicates detection of a human. It is most noticeable at the positions (1,1) and (4,4),
which are the furthest away from the LoS. It can also be observed that the positive
direction of arrivals, e.g the ones that are on the left side of the LoS, have a greater
impact than the right side, where the metallic anechoic chamber is present. The
number of sources are stabilized around 7 sources from the implemented algorithm.

4.1.5 Physical results with IFFT

The distance of the human was also approximated with IFFT, and is presented for
the positions on the diagonal of the grid.
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Figure 4.22 shows the human positioned at (1,1).
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Figure 4.22: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (1,1).

A comparison between 4.22a and 4.22b shows no significant change around the
approximated distance line. However, when the human is in position (2.2), as seen
in Figure 4.23, there is a change.
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Figure 4.23: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (2,2).

It can be observed that around the approximated distance, the normalized power
are slightly stronger in 4.23b, where the human is present, compared to 4.23a, where
the human is not present. When the human is in position (3,3) as seen in Figure
4.24, the result is similar to when the human is in position (1,1).
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Figure 4.24: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (3,3).

When comparing 4.24a with 4.24b, there is no significant change in the normalized

power. Finally, at position (4,4), the same results occur, which can be seen in Figure
4.25.
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Figure 4.25: Two plots of IFFT on the digital twin, with one being without the
human and one with human at position (4,4).

The result between 4.25a and 4.25b are too similar to deduce a difference. From the
plots of position (1,1) to (4,4) it can be concluded that position (2,2) was the plot
that gave a significant change, while the others stayed the same. Similar findings
was also observed when changing the g from 3 to 12.

4.1.6 Results after dividing the frequency band into sub-
bands

Similarly to the post-processing on the digital twin data, the data of the full band-
width of the physical measurements are post-processed into 1 GHz sub-bands. Given
the same number of sources as the sub-bands from the digital twin, the plots in Fig-
ure 4.26 are retrieved, where the magenta curve represents the MUSIC spectra for
the DoA with a human, while the black curve represents the absence of a human.
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Figure 4.26: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 9 number of sources, when the human at position (1,1).

A small difference can be observed in 4.26a, except around the area where the human
should be present. However, since the peak is not aligned with the approximation
of the human position, it could indicate that other objects in the environment are
stronger. In 4.26b, no significant detection of the human’s present is shown, instead
the curve with the human has a lower normalized power compared to the empty
environment. This could be due to the MUSIC algorithm itself. In 4.26¢ and 4.26d,
there is no significant difference between when a human is present or not.

When the number of sources increased to 12 sources, the plots with a human and
without a human starts to diverge more compared to when 9 number of sources were
used, which can be observed in Figure 4.27.
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Figure 4.27: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 12 number of sources, when the human at position (1,1).

When the number of sources increased to 12 sources, 4.27a was affected similarly
as the sub-band for 7-8 GHz with 9 number of sources. In 4.27d, there is a peak
near the estimated human position that begins to slightly differ from the physical
environment. However, similar to 4.27c, the overall curve remain similar for both
the cases when a human is present and not present. A greater distinction between
when a human is present or not, is shown in 4.27b, but similar to 4.26a, it has a
close peak, but not aligned with the approximated human position, which can be
the result of other objects.

When increasing the number of sources to 14 sources the distinction between the
plot with a human and without a human becomes more differentiated, which is
observed in Figure 4.28.
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Figure 4.28: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 14 number of sources, when the human at position (1,1).

From the four subfigures between 6-10 GHz, it is only 4.28b the has no peak around
the approximated human position. Both 4.28a and 4.28c have a slight peak at the
position where the human should approximated be. Of the four subfigures, 4.28d
has the greatest difference between normalized power when a human is present and
not present.

When comparing with the sub-bands for position (4,4) with 12 and 14 number of
sources, it can be observed that for 12 number of sources it becomes as can be seen
in Figure 4.29.
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Figure 4.29: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 12 number of sources, when the human at position (4,4).

It can be observed that there is a peak around the approximated human position in
4.29a, compared to the curve with no human. However, it is not aligned. In 4.29b
and 4.29c¢ no significant peak is observed, and in 4.29d a lower peak is observed
when the is human present. When increasing the number of sources to 14, the

curves changes as presented in Figure 4.30.
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Figure 4.30: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 14 number of sources, when the human at position (4,4).

In comparison to using 12 sources, it can be observed in 4.30a that there still is
a significant peak around the approximated human position but still not aligned
with the approximated position of the human. In 4.30b and 4.30c there is more
separation between the curves. A peak can be observed in 4.30c, but since it is not
on the approximated position line for the human, it could be due to other objects
in the environment. In 4.30d a significant peak can be seen on the approximated
line for the human position.

4.2 Machine learning

Different combinations of epochs with a learning rate of 5 x 10~ for the simulated
data and 1073 for the real data resulted in the metrics seen in table 4.1.
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Table 4.1: Comparison of performance metrics after simulated training and after

fine-tuning on real data for different epoch configurations.

Epochs Human/Empty Position AvgDist
Train Fine-tune | Train Fine-tune | Train Fine-tune
20 sim / 50 real | 94.12%  94.32% | 36.25%  42.50% 1.43 1.05
20 sim / 100 real | 94.12%  98.86% | 36.25%  43.75% 1.43 1.16
50 sim / 50 real | 94.12%  90.91% | 96.25%  40.00% 0.04 1.02

A mixed training set consisting of 80 epochs, with a ratio of 70% of real data, and
training only on real data with 70 epochs resulted in the metrics seen in Table 4.2.

Table 4.2: Metrics after training on mixed data and real data.

In Figure 4.31, which relates to Table 4.1, the loss from each combination of simu-
lated and real epochs can be seen. In Figure 4.32, which relates to Table 4.2, the

Human/Empty | Position | Average distance
Mixed training set 95.45% 55.00% 0.81
Real training set 98.86% 45.00% 1.04

loss from the mixed dataset and only real dataset, can be seen.
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(f) 50/50: real validation loss.

Figure 4.31: Validation loss curves for different combinations of real and simulated

training data.
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Figure 4.32: Validation loss curves for the mixed dataset model and the model
trained only on real data.
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Discussion

This section aims to analyze and discuss the results and methods utilized to achieve
them, as well as investigate what could be improved in a future study and ethics. The
result from the physical and simulated measurements with the MUSIC algorithm
and the result from machine learning will be discussed and compared in this section.

5.1 Physical Measurements

Looking at the results from Chapter 4.1.5, using IFFT on the physical data did
not provide any clear results. In Figures 4.22 to 4.25, the difference between the
environment without a human and with is barely distinguishable. This is likely due
to the large amount of objects in the physical environment, where nearly all of which
reflect some amount of signal to the receiving antenna, which may as well be noise
when trying to discern the human. This is one reason for the use of the MUSIC
algorithm, as it removes the noise sub-spaces, giving a clearer result. However, the
MUSIC spectrum, unlike the IFFT-plots, does not show distance. Combining these
plots could lead to data that are easier to discern with the human eye. However,
this was not done for the purpose of this thesis, as the neural network was deemed
the more optimal way to find the human.

During the gathering of physical data, the impact of the cables became evident. At
first, a faulty cable was used from the VNA to the transmitting antenna. This led to
a high amount of noise and likely reflections within the cable, which became evident
as post-processing was performed on the data. For example, when the IFFT of the
faulty data without a human was analyzed, two large peaks were displayed at about
3.5 meters and 7 meters, as opposed to 4.22a, where a large peak is present around
5.7 meters. A large peak at 3.5 meters should in theory be impossible, as that would
mean that the electromagnetic waves were traveling faster than the speed of light.
In addition, the amount of noise was much greater. This clearly shows the impact
of choosing the proper and non-faulty cables.

In addition to the impact of the cables, other potential sources of errors could have
been present in the measuring process. The main source was interference from
other electromagnetic sources in the vicinity. Aside from the equipment used for
the necessary measurements for this thesis, other pieces of measurement equipment,
communication devices, and other various electrical devices were present in the
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laboratory. The electromagnetic energy these sources radiate could have affected
the results.

Another potential source of errors would be changes in the environment being mea-
sured. As not all measurements were done in a single day, others with access to the
laboratory may have moved objects in the room between measurements. Although
no large pieces of furniture or similar were moved between measurements, smaller
objects on tables, in shelves etc. could have been moved. Despite these objects be-
ing small they could affect the measurements, changing reflections and absorptions
in the room. However, based on the results in Tables 4.1 and 4.2, a high precision
was achieved despite these potential sources of errors, and the effect they had could
likely be considered negligible.

5.2 Simulations

Looking at the results from Chapter 4.1.2, using IFFT on the simulated data gave
clearer results compared to using it on the physical data. In Figure 4.12 for example,
a peak very close to the approximated human distance is created when the human
is introduced. This is a large contrast to IFF'T used on the physical data, where the
human was barely distinguishable. A probable cause for this is the absence noise in
the simulation compared to the physical measurements, both due to fewer objects
in the model and other sources of noise that were present in the physical twin. The
fact that the IFFT was clear with the simulated data but not with the physical
indicates that the data itself was the main factor for the vagueness of the results,
not the IFFT itself. To remedy this, lowering the amount of noise in the physical
data would be beneficial.

In Section 4.1.1 it can be seen that the MUSIC algorithm is able to differentiate the
human’s presence in the different positions, but with varying precision. It can be
said that the simulated human produces detectable reflections to the received signal.
Instead of creating its own peak, the human’s presence is often depicted as a slight
change of height in the smaller peaks or as a broadening of the main peak. This was
somewhat expected, since the LoS signal is supposed to be stronger than human
reflection. However, the chosen location of the antennas could alter the clarity of
the result. It can be seen that the graphs depicting some of the locations further
away from the LoS have peak alterations closer to the approximate position of the
simulated human. This suggests that moving the antennas, and therefore the LoS,
to the edge of the grid could make the grid positions produce more usable results.

The results suggest that the number of sources are vital in the level of detail one
can visualize the room in. A higher number reveals more peaks, which could help
pinpoint the position of the human but also details more unnecessary peaks, which
can make the main interpretation more challenging. It should be noted that further
optimizing the number of sources could yield clearer results in future pursuits.

It is also worth noting the differing behavior when walls are introduced, as shown
in Figure 4.5. This seems to add several reflections and multi-path propagation.
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While LoS is still the most prevalent peak, the simulated human becomes even less
prominent and aligned with the approximation. The changes in the nearby peaks
and overall level seem to suggest the human presence.

5.3 MUSIC

Comparing the MUSIC algorithm’s DOA estimation for physical and simulated data,
they differ noticeably. For example, compare the physical lab with the simulation
of the digital twin, both without any human presence in Figure 5.1.
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Figure 5.1: Two MUSIC plots without a human, one from the digital twin (left)
and one from the physical room (right). These are retrieved from 4.8a and 4.18a in
the result section.

The MUSIC plot of the simulated data in 5.1a has a much larger variation between
the peaks than the plot from physical data in 5.1b, which can be observed around
15°. In the simulated example, it peaks around -11 dB, while the same peak in
the physical data peaks at about -23 dB. A probable reason for this, as well as the
inconsistencies of the other peaks, is the material choice in the simulation. In Figure
3.9, the model for the digital twin is shown. There, the metallic surfaces correlate
to the high peaks to the right and left of LoS in the plots of Figure 5.1.

In the simulation, metallic surfaces are considered perfect reflectors. They therefore
reflect all incoming energy unlike real-life metals and thus the surfaces in the lab.
Unlike in the simulation, these surfaces are not completely flat, which disrupts the
reflections in the physical twin. The right wall can be seen in Figure 3.2.

It is also evident that the part of the room to the right of the receiving antenna is
more similar between simulated and physical data than the left. The difference of
the left peak between simulated and physical data is more than 10 dB, while the
difference between the peaks to the right of LoS is between 5-10 dB, depending on the
peak. This indicates that the cabinet to the left perhaps shouldn’t be estimated as a
perfect reflector, while that approximation is more accurate in the case of the right
side. This larger variation in the simulated data is still present when introducing a
human in the environment, which can be seen Figure 5.2.
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Figure 5.2: Two MUSIC plots with a human at position (1,1), one from the digital
twin (left) and one from the physical twin (right). These are retrieved from 4.8b
and 4.18b in result section.

Comparing these with the environment without a human in Figure 5.1, the introduc-
tion of the human at position (1,1) shifts the peaks slightly. However, note that the
change is in opposite directions. For the simulated data the peak shifts downward,
while for the physical data the peak shifts upward. This seems to indicate that while
the human is less reflective than the surface closest to it in the simulation, it is more
reflective than in reality. It could also be due to the different properties between the
human model in the simulation and the real human in the physical measurements.

The number of sources chosen in the MUSIC algorithm is one of the most important
parameters. It governs how many transmitters and reflectors of the signal that the
algorithm should show as the output, considering the rest as noise that should not be
included. As the number of sources directly correlates to the amount of peaks shown
in the plot, choosing a lower amount of sources may omit important information.

In Figure 4.3, which has a completely open environment except for the human and
a metallic cylinder, the difference of going from 3 to 4 sources is very noticeable.
Although the difference would be less pronounced in a more complex environment
with more objects reflecting the signal, this clearly shows the importance of not
selecting an amount of sources that is too few. Choosing an excessive number of
sources is also not preferable however, as then it would run the risk of including
the noise subspace in the output. For the 4-16 GHz band in the simulations on the
digital twin and on the physical data, 6 or 7 sources were chosen. Although the
physical laboratory has numerous small objects that were excluded from the digital
twin that do function as reflectors and thus sources of signal, the amount reflected
from these is so small that it can be considered as noise. The physical data then
does not need a higher number of sources than the simulated data, despite having
more reflectors.

5.3.1 MUSIC on sub-bands

Comparing the different sub-band MUSIC spectra, they have very distinct differ-
ences. For example, by observing Figure 4.26 it shows sub-bands taken from physical
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data with 9 sources. While all four have a clear LoS, the other peaks differ signifi-
cantly from each other. Figure 5.3 below shows the 8-9 GHz sub-band for 9, 12 and
14 sources in particular.

MUSIC DOA Spectrum between 8-9 GHz MUSIC DOA Spectrum between 8-9 GHz MUSIC DOA Spectrum between 8-9 GHz
Co ison with and without human for 9 sources DComparison with and without human for 12 sources 0Comparison with and without human for 14 sources
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Figure 5.3: MUSIC plots with 9, 12 and 14 number of sources, in the 8-9 GHz

sub-band, with the human at position (1,1). These are retrieved from 4.26¢, 4.27c
and 4.28c.

-20 -40 40 20

40 20

0 20 -40
Angle 0 (deg)

In 5.3a, the MUSIC spectrum changes very slightly around the approximated human
position. Similar behavior is present in the case with 12 sources in 4.27¢. It is evident
that this frequency band is particularly poor at reflecting off of humans. Increasing
the number of sources to 14 as in 5.3c, there is now a clearer peak where the human
is, but if possible a lower amount of sources is preferable. The 8-9 GHz band is thus

suboptimal for human detection, requiring a higher number of sources to discern the
human.

It is notable however that the human seems to appear in the sub-band 8-9 GHz in
the simulated data for 9 sources as in 4.16¢, while the human is not distinguishable
in the 7-8 GHz sub-band as in 4.16b. Increasing the number of sources to 12 in
Figure 4.17, there is now a slight difference in the 7-8 GHz sub-band, but it is not
as striking as the 8-9 GHz sub-band. A probable cause for this is the properties of
the human model in the simulation and how it differs from reality. As was stated in
Chapter 3.2.2, the human has the same properties as sea water in the simulation.

Although this is an acceptable approximation, in the case of the sub-bands some
flaws seem to show themselves.

One sub-band that is of interest is the 6-7 GHz sub-band when a human is standing
in the (4,4) position, see Figure 5.2.
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Figure 5.4: MUSIC plots of the 6-7 GHz sub-band with a human at position (4,4),
one with 12 sources and the other with 14. These are retrieved from 4.29a and 4.30a.

The introduction of the human in the environment shifts the entire graph except LoS
upwards, instead of just shifting a single peak as in most MUSIC spectra. As the y-
axis is normalized to the highest peak, the shifting of all peaks except LoS indicates
that the LoS peak has become lower in amplitude. Position (4,4) is relatively close
to LoS, so the human partially blocking it is possible.

It is of note that no sub-bands above 10 GHz is shown in the results. This is due
to the higher amount of noise in the physical measurements when the sub-bands
frequency increases. In Figure 3.1, the Si; response of the transmitting antenna
is shown. The amount of noise present increases as the frequency increases, being
especially prominent from 10 GHz to 16 GHz. This leads to less clear MUSIC
spectra, as the noise overpowers other signals. Plots of the 10-16 GHz sub-band can
be found in A.2.

5.4 Machine learning

The results show clear differences between training on simulated data, real data, and
a combination of both. By comparing the metrics positional accuracy, average dis-
tance, and validation loss, it is possible to evaluate how well the model learns spatial
patterns and how well the learned features transfer to real-world measurements.

The human/empty metric remained consistently high across all experiments, likely
due to class imbalance in the dataset, where most samples contained a human.
As shown in Table 4.1, the prediction accuracy for human/empty after training
remained 94.12% for all configurations, which corresponds to 16/17 samples. This
suggests that the model largely relies on predicting the dominant class and therefore
predicts the presence of a human in most cases. As a result, this metric becomes
less informative for evaluating the overall model performance.

Several configurations were evaluated when training on simulated data followed by
fine-tuning on real data. Increasing the number of epochs for real data generally
improved the position accuracy, indicating that additional exposure to real mea-
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surements helps the model adapt to real-world conditions. In contrast, increasing
the number of simulated epochs did not consistently improve the results. Using a
large number of simulated epochs could tend to reduce the positional accuracy after
fine-tuning, suggesting that the model learned patterns specific to the simulated
environment that do not transfer well to real data. Better results were instead ob-
tained when fewer simulated epochs were combined with more epochs on real data.
This indicates that simulated data is useful for learning general spatial features,
while real data is essential for the model to adapt to real measurements.

The results before fine-tuning further support this observation. As seen in Table 4.1,
the model achieved very high positional accuracy and a very low average distance
when evaluated directly on simulated data. This suggests that the model learned the
simulated data very well, likely due to simulated data being cleaner and contains less
noise than the real measurements. However, the performance decreased significantly
after fine-tuning and evaluation on real data, where the positional accuracy dropped
and the average distance increased. This indicates that a domain gap exists and that
the model may overfit to the simulated data.

In addition to fine-tuning experiments, the model was also trained on only real data
and on a mixed dataset containing both simulated and real data. The best overall
performance was achieved using the mixed dataset. This indicates that simulated
data helps the model learn broader general spatial patterns and underlying struc-
tures, while real data improves its ability to handle real-world conditions. Training
only on real data resulted in poorer performance, likely due to the limited amount
of data. Including simulated data therefore appears to improve the model’s ability
to generalize to unseen real-world environments.

The validation loss curves further indicate that the model learned meaningful fea-
tures, as the curves generally decreased over the epochs. The decrease was also
relatively consistent, which suggests that the training process was stable and that
the chosen CNN architecture and learning rates were appropriate. A noticeable dif-
ference was however that the validation loss for simulated data decreased faster and
reached lower values than the validation loss for real data, which also indicates that
the simulated environment was easier for the model to learn from.

5.5 Comparing MUSIC and Machine learning

When comparing MUSIC with machine learning, there were several strengths and
weaknesses to each approach. As could be seen in the results, both were capable of
detecting changes caused by human presence in the wireless channel, but the two
algorithms achieved this in fundamentally different ways.

Firstly, a significant difference was that the MUSIC algorithm was grounded in the
actual physics relating to the wireless channel characteristics. The output peaks in
the MUSIC spectrum could be directly linked to a physical propagation path such
as line of sight or the reflection caused by a human. The machine learning algorithm
did not explicitly model physical phenomena like DOA and multi-path propagation.
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It instead worked by learning patterns directly from the data, and was therefore
somewhat less physically interpretable compared to MUSIC regarding the process
of achieving their respective results.

A limitation of MUSIC was that performance changed depending on the number of
assumed sources as well as the selected sub-band. It could be concluded that MU-
SIC requires more prior knowledge of the physical environment in order to achieve
reliable results. Machine learning instead learned statistical relationships between
the Sp; data and the presence or position of a human. Its advantage was therefore
that machine learning implicitly learned multi-path effects, reflections and phase
distortions without needing to explicitly model them in the algorithm code. How-
ever, a significantly larger amount of data was needed to obtain a valuable result
from machine learning, compared with MUSIC where only a few measurements per
square in the grid were needed to ensure consistency and reliability.

The results further showed that even when machine learning made incorrect pre-
dictions, they tended to be close to the true position of the human which could be
seen in the average distance results in Tables 4.1 and 4.2. In contrast, the MUSIC
algorithm did not provide information about such errors when the wrong number of
sources was set, making it’s results more difficult to interpret when no distinct peak
clearly corresponded to human presence.

Another important distinction was that the MUSIC algorithm produced a spectrum
that needed to be visually analyzed to identify human presence. Machine learning
provided a direct and more automated output that immediately showed whether a
human was present or not according to its prediction. For real applications, machine
learning may therefore be seen as more practical since it removes the need of manual
analysis.

5.6 Future Studies

This section presents possible improvements and possibilities for future work, based
on the obtained results.

Overall it can be seen from the results that the positions further away from the LoS
of the receiving and transmitting antenna gave slightly stronger indications of human
presence. As noted before, the receiving antenna is placed further off-center, which
resulted in clearer results in position (1,1) and its column. This possibly indicates
that shifting the entire LoS to the edges of the grid would yield stronger results
in all positions. The shift could be relevant if any future studies are conducted
within approximately the same area as in this study’s scenario. However, if the area
is significantly larger, the effectiveness of the grid itself may deteriorate. Another
system of labeling positions might have to be implemented.

Additionally, the lab environment in which the measurements were conducted had
a large amount of electronic equipment and furniture, which was superfluous in
pursuing this specific purpose. The disturbances, in the shape of extra reflections
and noise, that this might have caused in the results, are difficult to estimate. In
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any future pursuits, it would be optimal to perform these measurements with the
minimum equipment and furniture in the room. Another part of the measurements
that could be improved in future studies, is having an algorithm that more accurately
could estimate the number of sources especially for the sub-band measurement.

For machine learning, to further improve the model robustness and generalization
capability, a larger dataset containing a wider range of measurement scenarios would
be required. In addition, the simulated environments should be refined to better rep-
resent real-world conditions and thereby reduce the domain gap between simulated
and measured data.

Another improvement would be to normalize both the physically measured data and
the simulated data in order to mix them better. One way to achieve this could be
to use the data processed by MUSIC.

5.7 Ethics

The main ethical concerns, if implemented as a practical system, are privacy con-
cerns. A person’s presence could be detected without their knowledge, especially
when combined with third-party devices, such as smartphones. Addressing these
ethical risks requires user consent, limitations on data usage, and transparency.
However, from the results it can be stated that this system mainly detects if some-
thing has changed in the environment, which can be that a human has entered the
room. This reduces the risk of identifying and profiling the person significantly. An-
other concern could be the radio waves emitted from the antennas, and its influence
on the human body. However, because of the low power it is non-ionizing which
makes this setup harmless to humans.
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Conclusion

The main goal of this thesis was to identify human presence in an indoor environment
by analyzing data from the Sy; parameter. Utilizing the IFFT did not give clear
results, mainly due to noise in the physical environment. The MUSIC-algorithm
successfully produced spectra in which the human could often be seen as a slight
shift in one of the existing peaks. The MUSIC algorithm was seen to be highly
dependent on the chosen number of sources, which gave insight into the possibility
of developing a more efficient algorithm that could correctly identify the optimal
number of sources needed to find the human. Another factor that affected the ability
to detect the human was the bandwidth within the MUSIC algorithm was applied.
The placement of the antennas was also an important factor, since graphs with
locations further away from line of sight were more accurate on depicting the humans
position. Nevertheless, the results demonstrated that human-induced changes in the
wireless channel could be observed and analyzed through DoA estimation.

The machine learning algorithm was another task of this thesis, which provided
further understanding of how to use S5; data for human presence detection, as well
as its potential for future sensing applications. It could be concluded that simu-
lated data was valuable for helping the model learn general spatial patterns of the
environment. The approach of fine-tuning demonstrated promising potential, since
training on simulated data allowed the model to learn fundamental characteristics
before adapting to the real measurements. Training on a mixed dataset, where no
fine tuning was involved, provided the highest accuracy, which supports the conclu-
sion that simulated data is useful to help the model generalize to unseen data. While
several improvements are still required, the neural network showed that combining
simulated and measured data is a promising approach for future sensing systems.
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Appendix 1

A.1 Sub-band for 4.4 on simulated data
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Figure A.1: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 9 number of sources, when the human at position (4,4).
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Figure A.2: MUSIC plots with different sub-bands frequency from 6 to 10 GHz,
with 12 number of sources, when the human at position (4,4).
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A.2 10-16 GHz sub-band for 1.1 for simulation

and physical
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MUSIC DOA Spectrum between 10-11 GHz
C’C:omparison with and without human for 14 sources

-5

g
‘g -10
3
2 -15
o
_g -20
©
E-25
o
= — DOA with human

-30 1 —— DOA without human

! = = Approx. human position
-35 !
40 20 -20 -40

0
Angle 0 (deg)

MUSIC DOA Spectrum between 11-12 GHz
C’C:omparison with and without human for 14 sources

-5

g
‘5 -10
3
S -15
T
.g -20
©
E-25
o
< 30 1 — DOA with human

3 1 ——DOA without human

! = = Approx. human position
-35 !
40 20 -20 -40

0
Angle 0 (deg)

MUSIC DOA Spectrum between 12-13 GHz
OComparison with and without human for 14 sources

-5

g
- -10
[}
g 15
S-
K
N -20
©
E-25
=} 1
=z 1 — DOA with human

-30 I ——DOA without human

! = = Approx. human position
-35 !
40 20 -20 -40

0
Angle ¢ (deg)

MUSIC DOA Spectrum between 14-15 GHz
OCr.)m;mariscm with and without human for 14 sources

-5

g
= -10
@
g
£ -15
el
_g -20
S 1
E-25 |
<] 1
= 1 === DOA with human

-30 1 = DOA without human

! = = Approx. human position
-35 !
40 20 -20 -40

0
Angle 0 (deg)

MUSIC DOA Spectrum between 13-14 GHz
C’(.‘,c>m|:1zlrisc>n with and without human for 14 sources

-5

g
- -10
[
g 15
02
ki
N -20
©
E-25
o
= ——DOA with human

-30 ——DOA without human

! = = Approx. human position
-35 !
40 20 -20 -40

0
Angle ¢ (deg)

MUSIC DOA Spectrum between 15-16 GHz
OCompariscm with and without human for 14 sources

1
1
—_— -5 !
% 1
T-10 .
g |
O -15 !
o 1
hel 1
B2 !
©
E-25 i
<] 1
= 1 === DOA with human
-30 1 ——DOA without human
: = = Approx. human position
-35
40 20 -20 -40

0
Angle 0 (deg)

A.3 Google Drive link to the thesis code and data

Link to Google Drive with code and data used for the MUSIC algorithm and machine
learning. The link will be available for use until 2027.

IV

https://drive.google.com/drive/folders/10I4mMFH1RrA4P1dVnmKabkOs_
uG6fsjH?usp=share_link
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