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Abstract

This thesis investigates the potential of using S»; parameter data for
human presence detection in indoor wireless environments, as part of
early research related to 6th generation (6G) communication systems.
By combining physical measurements from a vector network analyzer
with simulations generated using a digital twin of Chalmers’ antenna
lab in Ansys HFSS, the study evaluates signal behavior across the
4-40 GHz frequency range. Power-Angle-Delay Profiles (PADPs) were
created to visualize signal propagation and identify human-induced
reflections. A feed-forward neural network was trained on both mea-
sured and simulated Sy; data to classify human presence. The net-
work achieved high classification accuracy when trained and tested
on data from the same environment and on combined data, while
cross-environment testing revealed a significant drop in performance,
likely due to differences between simulated and real environments.
Additionally, frequency slicing and link budget analysis were used to
recommend suitable frequency bands for indoor sensing. The findings
indicate that a lower-range band around 5 GHz offers a good signal-
to-noise ratio and maintains the main features of the signal. The
study provides a proof of concept for RF-based human sensing using
communication signals and offers insights into simulation accuracy,
neural network training, and future development of 6G human-aware
systems.
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1 Introduction

1.1 Background

While 5G is widespread and commonly used today, the sixth generation (6G)
is being investigated as the next step in wireless communication. Building on
the foundation of its predecessors, the aim of 6G is to provide ultra-reliable,
low-latency and high-speed communication [1]. Researchers at Chalmers an-
tenna group are at the frontier in this field and this project aims to gather
valuable data that could help in this research. An important aspect of this
research is try to evaluate different frequency ranges in which 6G could op-
erate. In addition, as a potential part of future traffic safety, properties like
the amplitude and phase of a communications signal could be used to lo-
calize and identify a human. This is not possible with today’s technology,
instead, cars currently only use radar to scan the surrounding environment.
The 6G human sensing would operate through analyzing how the received
signal is altered when something passes through the signal path. For this
to work, it is essential that devices and base stations can detect and decode
differences in the signal path to be able to differentiate between if a human
or an object is present. The signal path between the transmitting and re-
ceiving antennas on the devices can be described using the Sy; parameter [2].

As of today, the channel state information (CSI) is used in many aspects
of modern communication systems, for example:

e Wireless Localization & Positioning
e Channel Estimation & Equalization in Signal Processing
e Wireless Security & Authentication
e Handover & Mobility Management

e Interference Mitigation & Dynamic Spectrum Allocation

There are multiple ways to describe, visualize and analyze wireless channels.
Central to these are scattering parameters, also known as S-parameters, these
describe how signals are reflected and transmitted in a multiport network.
To then visualize the signal, power-angle delay profiles (PAPD) can be used
to determine the strength and direction of a received signal.



The efficiency of transmissions can also be described by:

1.2

Channel capacity, the highest possible rate of information per second
while maintaining a low error probability. This depends on bandwidth
and signal to noise ratio.

Bandwidth, the range of frequencies used to transmit the signal. A
higher bandwidth allows for faster transfer of information since different
frequencies can be used to transport information at the same time

Signal to noise ratio (SNR) compares the energy of the received signal
with the background noise in the space [3]. A high SNR means that
the signal is easy to distinguish from noise while a low SNR means the
power of the signal is closer to the power to the noise, which increases
the error probability.

Purpose

The desired applications in this project is to find the best frequency range for
6G to transfer data between two antennas, and to use the CSI for detecting
obstacles in the signal pathway and determine if it is a human. To make it
easier to provide more data, a simulation software is used.

1.3

Problem description

During the project, several aspects of wireless channels are investigated. The
goal is to achieve the following points:

To provide measurement data of power angle delay profiles for different
frequency bands for indoor communication.

To give a recommendation for at least 5 frequency bands for indoor 6G
communication and sensing that are potentially interesting for future
research.

Construct a digital twin of Chalmers antenna lab in the provided sim-
ulation software.

Confirm the viability of using the provided simulation software to gen-
erate simulated data.

To investigate whether a simple neural network can be trained to reli-
ably detect human presence between a transmitting and receiving an-
tenna indoors.



1.4 Scope

Due to time constraints and available equipment, the project has the follow-
ing limitations:

e The studied frequencies range from 4-40 GHz.

Only indoor situations are considered.

This project does not develop a fully functioning system for human
presence detection, but a proof of concept.

Only static situations are measured.

2 Theory

In this section the relevant theory that is fundamental for this project is
presented.

2.1 Link budget

In order to investigate the gains and losses of a signal moving through a
channel from a sender to a receiver, a link budget analysis is useful. It
investigates how signal waves fade in the propagation process. The model
includes the gains of the transmitting and receiving antennas, feeder cables
and their related losses, free space loss, effective isotropic radiated power
and propagation loss. The equation used to calculate the link budget is as
follows:

Prx = Prx + Grx — Lrx — Lpx — Ly + Grx — Lex. (1)

Where Prx (dBm) is the received power, Prx (dBm) transmitted power
Grx and Grx (dBmi) are the antenna gains, Lrx(dB) and Ly are the
transmitter and receiver losses from cables and connectors etc, Lpg(dB) is
the free space path loss and L, (dB) are miscellanious losses. The free space
path loss is usually the most significant contribution to the total loss. It is
caused by the spreading of a signal when it passes through free space. The
equation for the path loss is:

d
LFS = 2()[0910 (47TX) (2)

Where d is the covered distance and A is the signal wavelength.



2.2 Vector Network Analyzer

A Vector Network Analyzer (VNA) is a fundamental tool in radio frequency
(RF) and microwave engineering, used to measure the electrical behavior of
networks and the characterization of S-parameters [4]. With a VNA, it is
possible to determine key properties such as Intermediate Frequency band-
width, frequency range and number of frequency points for a sweep. A higher
number of points provides finer detail across the measured band but may re-
quire longer measurement time.

Calibration is necessary in order to handle systematic errors. Systematic er-
rors occur in a reproducible manner due to inherent properties of the cables
and the VNA. Calibration is a way to remove these errors mathematically.
The interface between the cable from the VNA and the connecting device,
such as an antenna is called the reference plane [5].

2.3 S-parameters

Scattering parameters, also known as S-parameters are used to describe the
characteristics of an electrical network when it is being stimulated by an elec-
trical signal [6]. The S-parameters are represented in a n x n mathematical
S-matrix , where n refers to the number of input ports. Since the VNA used
in this project is a 2-port device the S-matrix is defined as:

S Sio
S = 3
[521 322} (3)

Each parameter represents different characteristics of the electrical network.

e Si1- Represents the input port reflection coefficient

e S, - Input port reflection coefficient, also refered to as reverse voltage
gain

e S5 - Transmission coefficient, forward voltage gain

e Sy - Output port reflection coefficient

Since the Sy parameter presents a ratio between received signal at port 2
with respect to the transmitted signal at port one it can effectively be used
to evaluate signal transmission losses through an antenna system [2].



2.4 Inverse fast Fourier transform

The inverse Fourier transform (IFFT) transforms a signal in the frequency
domain into its time domain form [7]. In order to utilize fourier transforms
and apply them to digital signals the digital fourier transform (DFT) has to
be applied. For a discrete time signal s[n| that has a period of Ty, = NTj,
where T is the sampling interval and N represents the number of samples
per period. The DFT is given by

N—-1
Skl = sln]e>7wF, (4)
The exponential term e 72" ~* is a complex phasor representation of a discrete
sinusoidal function. This function only contains one frequency component
which it oscillates at. Each time domain sample is multiplied with its corre-
sponding phasor. The sum of all multiplications over all n form 0 <n < N—1
transforms the signal into its frequency domain representation.

In a similar manner, the inverse discrete Fourier transform (IDFT) of the
frequency domain signal S[k] is given by

smy:§iswkﬂ%%% (5)

It converts the discrete frequency domain signal into its time domain form.
The fast Fourier transform is a faster and more efficient way of computing
the DFT of a signal. The calculation algorithm is made more effective by
reducing the complexity from O(N?) to O(NlogaN) [8]. Similarly, the fast
algorithm can be used to compute the IDFT, in other words, inverse fast
Fourier transform (IFFT).

2.5 Windowing

Window functions are widely used in signal processing. To understand the
basic functions of a window function, let x(n) be a long sequence and w(n)
a window function of length N, where N is the number of samples. The
purpose of the window function w(n) is to truncate the original signal x(n)
into a N-point sequence x,(n) according to the following equation:

zp(n) = z(n)w(n). (6)

The process of truncating the signal is equal to multiplying the given signal
with a window function, thus resulting in a finite variation of the signal [9].
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In the frequency domain this translates to convolution. The truncation of
a signal leads to expansion of the bandwidth resulting in spectral leakage.
Though leakage is inevitable, it can be reduced by applying a window func-
tion with desired properties. Some of the desirable properties of a window
function f(t), with duration 27 and it’s Fourier transform F(jw) are:

e f(t) should be a real and non negative function.

e f(t) should attain its maximum at t=0 and f(t) = 0 for all | ¢ |> T,
where 7 is the one sided duration of the window.

e F(jw) should have a main lobe around the origin and side lobes on
either side.

e The main lobe should contain the bulk of the total energy.

e The maximum side lobe level should be minimized relative to the main
lobe peak level.

Examples of window functions are the Kaiser window functions. They are
composed of zero-order Bessel functions. The modified zeroth-order Kaiser-
Bessel window is defined by:

finl = Iy [oz [O;[;](Fn) ] (1)

for n in range 0 <| n |< &. Iy(z) is the modified Bessel function of zeroth
order. It is defined as:

Io(z) = ﬁ(g)zm (8)

One advantage of the Kaiser windows are their flexible design. By adjusting
the parameters, wanted proportions between main and side lobes can be
attained [10].



2.6 Power angle delay profile

A power delay profile (PDP) gives the received power strength through a mul-
tipath channel as a function of propagation delay [11]. They are commonly
used in localization based applications due to their capability of characteriz-
ing a multipath channel [12]. The time resolution, At of the PDP is limited
by the bandwidth, B of the transmitted signal according to the relation:

At=—. 9)

Similarly the power angle profile (PAP) describes the received power at each
azimuth angle where ¢, is the azimuth angle and Pg(¢y) is the received power
at a certain angle.

N
PAP = Pr(¢x) = Y P(7a, ). (10)
1
A power angle delay profile (PADP) combines the temporal and spatial com-
ponents of the channel by integrating both PDP and PAP. As such it gives
a comprehensive view of how signal power varies with distance and angle.

2.7 Neural network

A neural network is a type of machine learning model inspired by the struc-
ture of the human brain. It consists of interconnected units called neurons,
making it capable of learning complex patterns and functions from data.
Neurons are organized into layers with each neuron being connected to neu-
rons in the subsequent layer. They are connected through weights which are
parameters used in training to minimize the errors. Every layer between the
input and output layers are called hidden layers [13][14][15]. An illustration
of how a neural network operates to determine a human presence is shown
in figure 1 below.



Figure 1: Basic neural network

A key algorithm used to train neural networks is backpropagation, which
adjusts weights based on the error gradient. Another training process used is
a learning algorithm. This uses the gradient descent and its variants, which
optimize the weights to reduce prediction error. In this project the learning
algorithm Adam was used. Adam is short for Adaptive Moment Estimation
and uses estimates of the gradient’s first and second moments to adaptively
scale the learning rate for each parameter [13][15][16].

There are different types of neural networks that are used for different types
of learning. In this project, a feedforward fully connected neural network was
used. A feedforward neural network (FNN) is the simplest type of network
where the information flows in one direction, from input to output. It is used
for tasks like classification and regression [17].

When training a neural network, different parameters can be modified to opti-
mize the training outcome. The number of epochs and learning rate. Epochs
refer to how many times the entire training dataset is passed through the
network. Learning rate determines the size of the steps the optimizer takes
to minimize the loss function [18].

In this project, PyTorch was used to build the FNN. PyTorch is a com-
monly used machine learning library made by Facebook. For python users,
it is easy to learn and has good flexibility in model building making it suitable
for research. [19]



3 Methodology

In order to investigate the research aims, this study implemented experimen-
tal methods that will be explained in this section.

3.1 Lab measurements

All physical measurements were made in the THz lab at Chalmers. The mea-
surement setup included a pair of vertically polarized antennas, a transmitter
(Tx) and a receiver (Rx) placed on a rotating table as seen in Figure 2.

Figure 2: Measurement setup in the THz lab at Chalmers.

The Tx antenna used in this project was a double rigged horn antenna and
the Rx antenna was a quad rigged horn antenna which can be seen in figure
3 and 4. The shape of the antennas promotes broadband measurements.



Figure 3: Transmitting antenna Figure 4: Receiving antenna

The antennas were connected to the VNA with cables. Before doing any
measurements a calibration of the VNA was done. All systematic errors
that come before the calibration plane are accounted for during calibration.
Each calibration was done by doing a short, open, broadband load and a
through measurement at the reference plane, which was at the cable ends
with attached adapters. The block diagram of the measurement setup can
be seen in figure 5 and the material specifications in table 1.

Table 1: Equipments for the lab measurements

Equipment Name Range
VNA Agilent E8363B 10 MHz to 40 GHz
Transmitting antenna | DRH50 from RF SPIN 3 GHz to 40 GHz
Receiving antenna QRHO0140 from RF SPIN | 4 GHz to 40 GHz
Rotating table Custom-made 0° — 360°

10



Figure 5: Block diagram of the lab measurement set up

Calculations and measurements were made to determine the link budget and
to check if the signal losses were too big in the higher frequency range. Due
to higher losses in the range 30-40 GHz, all measurement were made in the
range 4-30 GHz.

3.1.1 Measurements for PADP

In order to gather data for the PADPs a series of measurements were made.
For these measurements the VNA had the following settings:

e Frequency points: 2601
e IF Bandwidth: 10 kHz/1 kHz

e Power: 3 dBm (max output power)

The bandwidth of 10 kHz was tested at first to decrease measurement time.
To achieve good enough SNR to distinguish the wanted features in the PADP,
this value was adjusted to 1 kHz. The height of the Tx and Rx antennas was
set up to be 140 cm from the ground. Additional adapters were placed at the
cable ends in order to protect the VNA and antenna ports from mechanical
damage.
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Each measurement was done with a rotaton from 0° to 360° with a 15° degree
angle step through use of a programmable rotating table, visible in figure 2.
These broadband measurements were conducted at frequency sweeps from
4-30 GHz, providing a 26 GHz bandwidth. For these measurements a set of
different setups were used, including LOS and NLOS. The distance between,
and position of, the Tx and Rx antennas were varied between the measure-
ments. For each setup a measurement was conducted both with and without
a human being present in the signal path. A total of one hundred different
measurements were conducted to collect data for the PADPs.

The PADPs were built by post processing the data of the S5, parameter from
the measurements. Before applying a IFFT a Kaiser window function was
applied across the frequency domain data. The windowed Sy; data was then
transformed into the time domain by doing an IFF'T along the frequency axis.
For each angle, all of the frequency points were plotted with their correspond-
ing power level. Thus resulting in a PADP with distance on the horizontal
axis, the receiver angle on the vertical axis and power level visualized with a
color map. In order to estimate the communication quality from the PADPs
the data set was sliced into relatively narrow bands with 0.4 GHz bandwidth.
The slicing was made in the low, medium and high frequencies at 5, 14 and
26 GHz. The signal to noise ratio (SNR) in the different frequency bands
can be used to compare the different frequency bands. The intensity and
number of power peaks as well as the amount of noise that are visualized in
the PADPs can be used as a metric to compare the different frequency bands.

In order to investigate the human presence detection, similar measurements
were done but with an additional human placed in the setup in order to af-
fect the signal. All human presence detection measurements were conducted
under static conditions.

3.1.2 Measurements for Neural Network

In order to provide measurement data for the neural network the lab mea-
surements were simplified. These simplified measurements were made with
frequency sweeps from 4 to 30 GHz and an angle sweep from 0° to 30° de-
grees with 15° angle steps. For these measurements the antennas remained
in the same spot. To obtain a balanced data set, fifty measurements were
conducted with, and fifty without a human.
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The non-human measurement were made by adjusting the placement of ob-
jects in the lab environment such as chairs and other furniture. Half of the
measurements with human presence were made by varying the position of
the human, both in between the direct path and besides it. The other half
were conducted in a similar way with additional chairs being placed in the
signal path. All of the measurements that were made for the neural network
were LOS measurements. These measurements were not postprocessed into
PADPs but were purely made to train the neural network.

3.2 Simulation

To enable simulated measurements suitable for comparison with empirical
data, a digital twin of the Chalmers Antenna Laboratory was developed. The
modelling and simulation tasks were carried out using ANSYS HFSS SBR+,
an asymptotic high-frequency electromagnetic solver specifically designed for
the analysis of electrically large environments where conventional full-wave
methods are too slow due to heavier computation load. HFSS SBR+ employs
the Shooting and Bouncing Ray (SBR) technique, augmented with advanced
diffraction models (including the Physical Theory of Diffraction (PTD), Uni-
form Theory of Diffraction (UTD), and Creeping Wave (CW) physics) to
provide accurate and efficient electromagnetic field predictions [20].

Figure 6: The digital twin in ANSYS HFSS with transmitting antenna, re-
ceiving antenna and a human.
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The digital twin focused primarily on replicating large-scale structures such
as tables, boxes, and shelves, as illustrated in Figure 6. Complex furni-
ture components, such as table legs and shelving units, were designed in
AutoCAD and subsequently imported into HFSS. All measurements of the
furniture and the lab itself were made with a Bosch laser measurement tool
with an uncertainty of £2 mm. Due to the computational demands of the
simulations, a dedicated server was allocated to ensure uninterrupted pro-
cessing over extended periods.

Experiments were made with different parameters to find the best trade-off
between accuracy in the simulation compared to the real-life measurements,
and simulation time. Parameters such as the frequency span and resolution
were matched to those used in the physical experiments, specifically 4-30
GHz with 10 MHz frequency steps. Other parameters that were specific to
the simulation were ray density and bounces. Ray density can be explained
as how many rays were produced by the transmitting antenna. Bounces is
the number of times a given ray will be reflected on different materials be-
fore the signal is considered to have an amplitude equal to zero. These two
parameters were important because they had a big impact on the simula-
tion time as well as the accuracy of the measurement. The resulting Ss;
parameter data was visualized in a PADP (Power-Angle-Delay Profile) and
compared to corresponding real-world measurements. If the human presence
in the simulation’s PADP resembled that in the actual measurements, the
configuration was deemed sufficiently accurate.

3.3 Settings on the simulation software

Figure 7 and Figure 8 show the same antenna setup with and without the
presence of a human, respectively. Different ray density settings in HFSS
SBR+ were used in the simulations, along with the corresponding simulation
runtimes. The runtimes differed for the same setups but was used as an
approximation of how long many setups would take to simulate. Every setup
was simulated with and without a human and compared to lab measurements
and evaluated if the accuracy due to ray density was enough to recognize the
human presence in the PADPs.
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(a) Ray density = 0.3 (b) Ray density = 0.5 (c) Ray density = 0.75
Time ~ 2.5 h Time ~ 5.5 h Time ~ 11 h

Figure 7: Power Angle Delay Profiles at ray density Human Simulated

(a) Ray density = 0.3 (b) Ray density = 0.5 (c¢) Ray density = 0.75
Time ~ 2.5 h Time ~ 5.5 h Time ~ 11 h

Figure 8: Power Angle Delay Profiles at ray density No Human Simulated

Figure 7a shows that a human can be seen in the PADP plot. Thus the cor-
responding settings were used for collecting the data for the neural network.

As seen in Figure 9 the setting with 4 bounces were enough for rays to
reach the human and the receiving antenna. The image is simplified and
most rays are removed for increased visibility. In the actual simulation the
transmitting antenna (Tx) will transmit signal that will illuminate the room
and rays are seen all over the image.
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Figure 9: Rays bouncing between the transmitting antenna (Tx) and the
receiving antenna (Rx). Green is the first path, blue second, yellow third,
and red fourth and fifth.

To increase the efficiency and to be able to run the simulation over sev-
eral days without interruption, several measurement setups were prepared
in advance. This was made using the parameter sweep function in HFSS.
By assigning a coordinate system to each antenna and the human model, it
was possible to move all objects in x, y, z, ¢ and 6 direction (as in spherical
coordinates). For each configuration, a sweep across the frequency range of
4-30 GHz was conducted, along with a 360-degree rotation of the receiving
antenna in 15-degree steps to enable comparison between the PADPs of the
simulation and the lab measurements. For the dataset used in neural net-
work training, a reduced angular range of 45 degrees with 15-degree steps
was used to minimize simulation time.

3.3.1 Materials

To be able to simulate how the transmitted signal was reflected on the dif-
ferent structures and furniture in the lab, all items were assigned to different
materials from the HFSS library. As seen in figure 6 all items were color coded
with corresponding materials. red for metal, orange for wood, and blue for
glass. The human model was also sourced from the HFSS library and was
primarily composed of salt water to approximate human tissue properties.
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Figure 10: Close up on the simulated human and the settings on the model
in HF'SS.

As seen in figure 10, the human model consists of numerous small geometric
components arranged at various angles to emulate realistic signal reflections
from a human body. The surface of the human model was approximated
as a one sided impedance layer. That means that only the reflection of the
signal that hit the surface was included in the calculations and the remaining
radiation that entered the model was neglected. The reflection of the human
surface was dependent on the permittivity which in turn is dependent on
frequency. To correctly represent the human reflection, the impedance value
was calculated for the whole frequency sweep. As a sample value 10 GHz
generated an impedance value of Z = 41.7 + 1.855 €.

In addition to metal, glass, and wood, the simulation model also incorpo-
rates concrete and plastic. Table 2 summarizes the electromagnetic and
physical properties assigned to each material. These values are based on
HF'SS library defaults, which are approximations; in particular, metallic sur-
faces are modeled as perfect electric conductors (PEC), meaning they reflect
all energy.

17



Table 2: Material properties used in the simulation (units omitted as shown
in the software).

Dielectric

Relative Relative Bulk Loss Mass
Material Permittivity | Permeability | Conductivity | Tangent | Density
Concrete 2.84605 1 9.97E—12 0.0158114 | 2481.93
Glass 5.5 1 0 0 2500
Metal (PEC) 1 1 1.00E+30 0 0
Plastic 2.99333 1 1.00E—14 0.00591618 | 1029.81
Wood 7.34281 1 9.12E—-07 0.0860814 | 666.333

3.3.2 Antenna characteristics

The antennas that were used for physical measurements were measured in
an anechoic chamber to get the radiation pattern (see Figure 11). Antenna
radiation patterns were defined in HFSS as the angle where the main lobe
lost 3 dB of the signal. This resulted in a vertical beam width of 40° and a
horizontal beam width of 50°. The match port impediance was set to 50 (2.

Figure 11: Measurement of the far-field characteristics of both antennas.

D2

Using the formula 2 - = far-field, the minimum far-field distance was
calculated. That distance was much smaller than the length of the chamber
which allowed for far-field measurements. In the formula ”"D” is the width of
the opening of the horn antenna and A is the wave length of the test signal.
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3.4 Ciriteria for frequency bands to be recommended

Once measurements were made the results of different frequency bands were
compared to provide a recommendation. The main factor that was considered
was the PADP which visualizes the transmission (S51) parameter. Visual
analysis of the graphs allows for comparison of loss, the amount of noise and
the clarity of the main multipath components. Little loss, little noise, and
clearly distinguishable signal features were desired.

3.5 Structure of neural network

The network consists of three fully connected layers. The input layer is a
flattened version of the Sy matrix, which has frequency points-anglesteps =
2601-3 = 7803 points. The first hidden layer has 1024 neurons and the second
512 neurons, with a final output of 2 classes. Each hidden layer is followed
by a ReLU activation function and a dropout layer to prevent overfitting.
The Adam optimizer is also used while training. The resulting output is a
vector z = [z 21].

3.6 Training of neural network

Ninety out of a hundred real life measurements were used to train the net-
work. The last ten were later used to test the FNN. During the training, the
number of epochs and learning rate were modified to find values that makes
the FNN as confident as possible.

A similar approach was used when training with the simulated data, where

the majority was used for training while saving a small part for inference to
be able to properly assess the network’s capabilities.
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4 Result

In this section, the main results of this project are presented.

4.1 Link budget

Figure 12 below showcases the theoretical free space path loss (FSPL) versus
measured FSPL for the setup. The theoretical values are calculated according
to equation 2 and the measured path loss is data from a basic LOS setup.

Figure 12: Expected vs Measured path loss

4.2 PADPs

The difference between the first (13a) and a refined version (13b) of a PADP
plot can be seen in figure 13. Dynamic range and color was chosen to increase
visual clarity.
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(a) First PADP (b) Refined PADP

Figure 13: Power Angle Delay Profiles at different stages of the project

In the PADPs the horisontal axis represents the covered distance, vertical
axis represents the angle of arrival and the color map represents the signal
strenght expressed in dB.

4.2.1 Visualization of human detection

Figure 14 shows an example of how a human could appear in a PADP.

(a) No human (b) Human

Figure 14: Comparison between human presence and absence
The main difference in the PADP with and without human is an additional

reflection from the human which appears as a power peak. This is highlighted
in the red circle.

Figure 15 below shows an example of how a human could appear in a PADP
from the simulation.
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(a) No human (b) Human

Figure 15: Comparison between human presence and absence in simulation

The PADPSs in figure 15 is the simulated variation of the PADPs in figure
14. Similarly to figure 14, the red circle highlights the reflection from the
simulated human. Noted that the dynamic range differers in the simulated
case. The simulated variation has a larger dynamic range, where the power

ranges from -100 to -60 dB while the measured data ranges from -90 to -50
dB.

4.3 Frequency slicing
4.3.1 Frequency slicing on lab measurement data

Frequency slicing on the lab measurement data was made for LOS and NLOS
as seen in figure 16 and figure 18. The datasets were sliced into low, medium
and high frequency slices with 0.4 GHz bandwidths at 5, 14 and 26 GHz for
both LOS and NLOS.

(a) 5 - 5.4 GHz (b) 14 - 14.4 GHz (c) 26 - 26.4 GHz

Figure 16: Power Angle Delay Profiles at different frequency bands for LOS
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The main differences of the properties of different frequency bands are vi-
sualised in figure 16. In regards to the SNR, it gets lower with increasing
frequency. It is also clear that some of the main features are lost in both the
middle and high frequency slices.

The radiation patterns of the antennas at different frequencies were measured
in the lab and the result can be seen in figure 17.

(a) 5 GHz (b) 14 GHz (c) 26 GHz

Figure 17: Corresponding antenna radiation pattern at different frequencies.

The radiation pattern for the transmitting antenna for different parts of
the frequency band is plotted in figure 17. The blue graph represents the
vertically polarized antenna measurement and the red graph represents the
horizontal variation. The antenna gain is normalized so that the highest
gain is equal to 0 dB. It can be seen that the beamwidth gets narrower as
the frequency increases.

(a) 5 - 5.4 GHz (b) 14 - 14.4 GHz (c) 26 - 26.4 GHz

Figure 18: Power Angle Delay Profiles at different frequency bands for NLOS

The frequency slicing that is visualized in 18 is similar to the slicing that is
presented in figure 16. The difference is that the prior is constructed from
NLOS data. A consequence of the NLOS case is lower power intensity of the
received signal.
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4.3.2 Frequency slicing on simulated data

Frequency slicing on the simulated data was made for LOS as seen in figure
19.

(a) 5 - 5.4 GHz (b) 14 - 14.4 GHz (c) 26 - 26.4 GHz

Figure 19: Power Angle Delay Profiles at different frequency bands for Sim-
ulated LOS measurement with a human.

In the sliced PADPs the received signal strenght decreases with increasing
frequency.

4.4 Human presence detection using neural network

The human presence detection results for the simulation and the lab mea-
surements using a neural network are presented below. The confidence of
classifications are calculated using the softmax function. This function con-
verts the vector outputs from the neural network into probabilities according
to equation 11. Since the calculation based on exponentials, the probability
can never equal zero, or one hundred percent for any class. Therefore, any
such probabilities presented below are rounded up.

esi

Do €7
Table 3 displays resulting confidence when training the neural network purely
with the simplified lab measurements mentioned in section 3.1.2. The per-
centages shown are the average confidence of 5 inferences of the network, for
both human and non-human situations. The measurements were done to be
able to optimize the settings for the neural network.

softmax(z;) = z = [z 2] (11)
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Table 3: Confidence depending on learning rate and epochs

Learning Rate (LR) | Epochs | Human (%) | No-Human (%)
1e-05 10 50.55 51.50
1e-05 20 63.26 53.01
1le-05 30 84.80 56.47
le-05 40 95.51 54.58
le-04 10 99.44 51.50
le-04 20 99.91 69.07
le-04 30 99.98 70.39
le-04 40 99.99 65.65
de-04 10 99.98 64.50
be-04 20 100.00 79.29
be-04 30 100.00 74.85
be-04 40 100.00 93.71
le-03 10 99.98 80.60
le-03 20 100.00 83.46
le-03 30 100.00 92.01
le-03 40 100.00 84.33
5e-03 10 99.82 78.18
oe-03 20 99.99 69.58
oe-03 30 50.56 50.56
5e-03 40 100.00 70.11

Table 4 shows the results from training the neural network using different
combinations of training and test datasets, either from simulated data, labo-
ratory measurements, or a combination of both. The confidence and variance
were calculated based on multiple training runs using data that had not been
included in the training process. Testing has been performed as in Table 3

to optimize the settings for the learning rate and number of epochs.
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Table 4: Results from the Neural network with different environments

Training Data | Test Data | No. of Epoch | Learning rate (%) | Confidence (%) | Variance
Lab Lab Human 6 5e-4 99.78 0.0587
Lab Lab No Human 6 5e-4 98.90 8.0316
Sim Sim Human 6 5e-4 99.99 0.000001006
Sim Sim No Human 6 5e-4 99.97 0.001798
Lab + Sim Lab Human 6 5e-4 99.72 0.5632
Lab + Sim Lab No Human 6 5e-4 99.92 0.0648
Lab + Sim Sim Human 6 5e-4 99.99 0.00004182
Lab + Sim Sim No Human 6 5e-4 99.84 0.1566
Lab Lab Human 22 5e-4 99.99 0.00004538
Lab Lab No Human 22 5e-4 99.99 0.0002415
Sim Lab Human 6 5e-4 3.10 -

Sim Lab No Human 6 5e-4 96.98 -

Lab Sim Human 6 5e-4 77.52 -

Lab Sim No Human 6 5e-4 21.60 -

5 Discussion

This section provides a critical analysis of the main results, exploring their
implications, limitations, and potential for future development.

5.1 Lab measurements

The comparison between expected and measured free space path loss (FSPL)
as seen in figure 12 revealed a consistent offset, which likely results from prac-
tical imperfections such as cable loss and reflections in the lab environment.
In particular there is a lot of loss at higher frequencies compared to the theo-
retical values, likely due to limitations in the hardware. Despite calibration,
minor errors in measurement setup may persist. This shows that the link
budget model works well in theory, but also highlights how important it is
to confirm the results with real measurements.

The point of plotting PADPs is to be able to visualize a human with the naked
eye. To enhance the visualization of the first PADPs plotted as seen in figure
13, some adjustments were made. The color map was improved along with
the range in the color bar to highlight the components more clearly. The
resulting PADPs provided clearer insights into the dominant signal paths
and reflections, making it easier to identify human-induced distortions.

26



Regarding the lab measurements, there was some potential sources of er-
ror that were inevitable. During most of the measurements conducted to
construct the PADPs there were people present in the room apart from the
test person. Thus resulting in unwanted human presence in some of the an-
gle slices. Reflections induced by this were not prominent features in the
PADPs, but they could cause disturbances in the training of the neural net-
work. Therefore the PADP data were not used for that purpose. During all
of the the lab measurements electronic communication devices were present
in the room. Consequently interfering with the Sy; data due to contributing
with broadband noise. Though this may have affected measurements, the
neural network was still able to distinguish human presence, and the PADPs
contain all main features expected.

5.2 Simulation

When comparing LOS measurements done in the lab (Figure 16) compared
to the simulation (Figure 19), both the amplitude of the received signal and
the signal to noise ratio differs significantly. The simulated data does not
contain noise and the maximum number of bounces are set to 4 which means
that the signal will suddenly disappear after 4 bounces. This result in a
very clear image quite different from the real lab measurements. However,
the main reflections are present and a human can be seen. A big difference
is the amplitude of the received signal. One reason for this could be the
approximations of the materials in the simulation. For example is metal ap-
proximated as a perfect electric conductor which means that it reflects 100%
of the signal. In reality there were very few objects in the lab that were only
made of metal and the would probably not reflect the signal in the same way:.

One of the differences in the PADP plots is that the main reflection is broader
in the angle domain in the measurement compared to the simulation. That
could be because the antennas used in lab measurement have side lobes seen
in Figure 17 compared to the simplified antenna model used in the simulation.
As they were defined as described in section 3.3.2, they have no side lobes
and will therefore have a narrower reflection seen in fewer number of angles.
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As described in Section 3.2 the interior of the digital twin was constrained
to large objects. Smaller objects in shelves and handles and details on fur-
niture were neglected. This was done due to the assumption that a higher
frequency than 30 GHz was needed to be able to see that level of detail in the
PADPs. It might be hard in general to evaluate small details in the PADPs
and assess what they represent in reality. After the processing of the data,
only amplitude, distance and receiving angle are presented and it would be
hard to know if a reflection comes from a small detail or from the larger
object the detail was attached to.

One of the main reasons for doing a twin was to evaluate if the simula-
tion worked relative to the lab measurements. While the main features are
the same for both, there is still some further refinement to be done with the
simulation to make it representative of real life. One potential advantage
with the differences however is that if the simulation and lab measurements
are not exactly equal, training the neural network with both types of data
would make the network less specialized, and in theory it may perform better
in general cases. This has however not been tested.

The main limitation from the result of the simulation and the result from the
neural network trained with it’s data, is that it is not clear if the simulation
actually improves the model. Even though this could be due to the lack
of normalizing the data between simulation and real world measurements
it could also be a consequence of the lack of accuracy or noise. The limited
amount of bounces and ray density could have produced a result too far from
reality. More research can be done to evaluate the best process to normalize
the data and to see if there are other ways to acquire a reasonable simula-
tion time without sacrificing accuracy in therms of bounces and ray density.
Another limitation in the simulation is that it is a model of a relatively small
room. Increasing the size of the model and introducing other materials and
setups might be a good choice to increase the quality of the neural network.
In the case of this report, all measurements and simulation have been done in
the same environment and there is a risk that the neural network would only
work with tested data from this environment. Therefore, future research is
needed to extend the dataset to a wider range of setups and environments.
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Many of the decisions regarding the simulation accuracy were a direct conse-
quence of the time it took to execute one simulated setup. The project had
limited access to a server with high processing power and most simulations
in the beginning of the project (made on a slower server) took long enough
to finish that real world measurements was a more efficient way of collecting
data. This raised the question if a simulation actually help to collect data for
a neural network. However, the access to a better server enabled to collect
350 setups with and 350 setups without a human. This was considered a
good amount compared to the real world measurements that was 50 setups
of each measurement.

Simulations were performed using the same setup but with varying ray densi-
ties to determine the optimal configuration for subsequent runs, as described
in Section 3.3. A ray tracing plot was also generated to visualize the number
of bounces. These plots was analyzed to evaluate how changes in ray density
affect the results. The human subject remained clearly visible even at lower
ray densities; therefore, the ray density was reduced to decrease simulation
time while still enabling the collection of a significant amount of data.

5.3 Neural network

The neural network achieved high accuracy when trained and tested on data
from the same environment. This indicates that the model effectively learned
to recognize patterns in the S5 parameter data that correlate with human
presence. A network trained on a combination of both measured and simu-
lated data also achieved high confidence when tested on both types of data.

However, as shown in Table 4, a significant performance drop occurred when
the model was tested on data from an environment different from that on
which it was trained. In one case, the network trained on simulated data and
tested on measured data consistently predicted the presence of a human, even
when none was present. In contrast, a network trained on measured data and
tested on simulated data failed to detect a human entirely. The probable rea-
son is that there were differences in the simulated and measured data and a
possible solution to that could be to normalize the data to make the differ-
ent environments more alike without affecting patterns in the data. When
the network is trained with both datasets, the network is able to handle the
difference between them and correctly tell if there is a human or not. A pos-
sible explanation could also be that the human model used in the simulation
differs from a real human, and the corresponding reflections were to different
for the neural network to understand.
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The variance in the network’s confidence was higher when trained and tested
only on measured data compared to when simulated data was included in
the test set. While increasing the number of training epochs could reduce
this variance, it may also lead to overfitting, resulting in a less generalized
model that performs poorly on previously unseen data.

5.4 Frequency slicing

Frequency slicing revealed clear differences in signal propagation characteris-
tics for LOS measurements. Only the higher frequency PADP exhibits clear
noise before the 2-meter mark as seen in figure 16 which are absent in the
lower frequency PADPs. However, all three images show signals that could
be mistakenly interpreted as noise after the two meter mark. The absence
of any such readings before two meters however means that it is caused by
reflections from the surrounding room or environment, not background noise.
With this in mind, high frequencies do not seem suitable in this specific sit-
uation and project.

On the other hand, at higher frequencies the main lobe of the antenna is
narrower and more directional, which can be helpful for more accurate lo-
calization and better separation of signals coming from different directions.
Higher frequencies also allow for wider bandwidths which indicates better
time resolution and the ability to tell apart closely spaced reflections. One
solution to potentially utilize higher frequencies while maintaining a strong
SNR is using a higher gain antenna or simply implement the usage of ampli-
fiers. Using a higher gain antenna or amplifiers would both boost the signal,
thus improving SNR. The amplifier would increase the signal strength more
than using a more directional antenna, with the trade-off of adding a little
bit of noise. However, due to limitations in this project, this is left for future
research.
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5.5 Future research

For future research, some things could be explored further. A dynamic mea-
surement setup would be possible at the cost of a more complex project.
The S5, data would no longer be steady with time and instead show tem-
poral variations with movement, like Doppler shifts. Doppler shifts occur
due to motion-induced changes in frequency. These changes could be used
to estimate human movements, velocity and direction. This opens the possi-
bility for the neural network to find movement of the human, like breathing
or walking, and not just presence. The combination of presence and specific
human movement could make the neural network more confident in classi-
fying a human. A dynamic situation, however, would be harder to simulate
and would require a more advanced neural network and measurement setup.

Future research on static situations could be to improve the neural network,
collect more data and fine-tune the simulator. A normalization processing
strategy for the simulations could make the datasets more similar to the
real-life measurements. This could make the neural network more confident
despite training or testing on simulation or real-life datasets.
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6 Ethical aspects

When examining wireless channels for communication and the ability to de-
tect people through these channels, the issue of privacy arises. This form
of detection can be seen as a form of surveillance and therefore a breach of
privacy. Compared to other popular means of presence detection such as
cameras or radar however, detecting through communication channels has
notable advantages. Compared to cameras this method would be far less
invasive since it would not be able to identify a person on its own. The
advantage compared to radar is that you do not need the same amount of
equipment since the communications part of a vehicle and other “already-
installed” communication equipment would be all you need. Furthermore
you would be able to communicate and detect people using the same frequen-
cies which would mean that the frequencies that vehicle radars currently use
would be available for other uses, which makes it more sustainable than radar.

Despite not being very invasive on its own, the ability to detect persons may
also be combined with other communication methods such as the mast com-
municating with the individual’s phone. This could provide a more precise
position and opportunity to identify the individual. This creates a situation
where a mast not only detects a human but also knows their exact location
and potentially their identity.

7 Conclusion

One of the goals of the project was to recommend five frequency bands for
indoor 6G. However, due to gradual changes in amplitude and features over
the frequency span it was more practical to divide the whole spectrum into
three parts and look into a small span in every section. The chosen span
would then be the one with highest SNR while still including all the main
multi-path features. The recommendation would be 5-5.4 GHz according to
the result of this project. The middle frequency band is ruled out due to it
losing some features of the signal. Higher frequencies were not effective due
to poor SNR, which made it difficult to distinguish the presence of a human.
The higher frequencies do however have advantages in potential information
rates and angular resolution which may still make them interesting for further
research.
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A digital twin of the Chalmers antenna lab was constructed and simulations
were performed like the measurement and PADP where compared and re-
gardless of some differences the main features like shelves, desks and walls
were similar in PADP from both measured and simulated data.

Even though the simulation could output usable data and the fact that a
human could be observed both in the PADP plots and by the neural net-
work, the data was not similar enough to reality to enable cross testing of
the neural networks. When testing the lab measurement of a setup includ-
ing a human on a neural network trained on exclusively simulated data, the
confidence was around 3 %. This does not mean that the simulation did
not work but that it is probably not similar enough to reality to be able
to detect a human with the neural network trained on simulated data. As
mentioned earlier, this could also be due to the lack of normalisation of the
data. Overall the neural network was able to recognize a human with high
precision both with trained and tested on measured and simulated data in
the scenarios that were tested.

The project leaves room for future research, such as adapting the setup for

higher frequencies, further refining the simulation, or exploring more ad-
vanced environments.
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