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ABSTRACT
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As we move towards the 6G target of integrated sensing and communicating (ISAC), the re-
quirements for new and efficient sensing methodologies are increasing. This thesis aims to pro-
vide a viewpoint into the current methods and problems of radio sensing by utilizing radio SLAM
for doing material estimation, thus working toward a semantic SLAM solution.

Simultaneous Localization and Mapping (SLAM) is a scheme for autonomous robots to create
a location mapping and put themselves on the map. Radio SLAM does the same, but instead of
a robot, the localization is done, for example, in the mobile device of a user. This thesis explores
the ability to do environment sensing through using SLAM location estimates for the user equip-
ment (UE) and the physical objects present in an indoor environment, and how it is possible to
estimate the materials of these objects.

As part of the thesis a review of the background of the topic and recent research has been
done. A SLAM measurement dataset at 60 GHz has been used to do material estimations, which
have been visualized using MATLAB.
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Tulevien mobiiliverkkojen, eli 6G:n erdana tavoitteena on, ettd samanaikaisesti viestinnan ja
datasiirron kanssa olisi mahdollista tehda ymparistdn aistimista. Taman seurauksena kysyntaa
erilaisille sensing- eli aistimisratkaisuille on yha enemman. Tassa tydssa tutkitaan radioliikenteen
avulla tehtdvan aistimisen nykytilannetta ja haasteita SLAM-estimoinnin ja materiaalien
tutkimisen ndkokulmasta.

SLAM eli Simultaneous Localization and Mapping on metodologia, jolla esimerkiksi autonomi-
set robotit voisivat koostaa ymparistdstaan kartan, ja sijoittaa itsensa kartalle. Radioliikenteeseen
litettynd SLAM tarkoittaa sita, ettd esimerkiksi kayttajan mobiililaite tekisi vastaavanlaista
aistimista. Tassa diplomitydssa tutkitaan, miten ymparistén materiaaleja voidaan arvioida kayt-
tamalla SLAM-estimoinnissa saatua dataa seka kayttajalaitteen, ettd ympariston esineiden arvi-
oiduista sijainneista.

Ty6ssa on tutustuttu aiheen taustoihin ja viimeaikaiseen aiheeseen liittyvaan tutkimukseen.
Materiaaliestimoinnista on tuotettu visualisaatioita MATLAB-ohjelmistossa.
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1. INTRODUCTION

As of the writing of this thesis, the future of mobile networks is the so-called 6th Gener-
ation of mobile networks (6G). There are many potential use cases and fields of interest
for the new capabilities that could be offered by 6G networks, such as faster than ever
data speeds, sustainable networks, distributed Al, digital twins, extended reality, and

joint communicating and sensing [1].

As we move toward the next generation of mobile communications, 6G, more efficient
localization and mapping methods are needed. To realize the 6G target of Joint Com-
municating and Sensing (JCAS), the Metaverse, and Digital Twins it will be necessary to
develop new and ever the more accurate location mapping methods. One of these meth-
ods is Simultaneous Localization and Mapping (SLAM), which will be used in this thesis
to respectively localize and map targets in an indoor environment, as well as estimate
their material. The focus of this thesis is on the sensing aspect, particularly: How can the

contents of a room be sensed simultaneously with data transmission?
The target is to answer the following questions:

e How can radio signals be used to observe an environment?

e What are the main challenges in radio-based sensing?

e How do the transmitted signal parameters change in relation to a specific mate-

rial?

e Can different materials be distinguished from each other based on this infor-

mation?
e What are the main challenges in material recognition?

Sensing and Communicating is a research direction that is currently still saddled with
more than one umbrella term: Integrated Communicating and Sensing (ICAS), Integrated
Sensing and Communicating (ISAC), Joint Communicating and Sensing (JCAS), as well
as Joint Sensing and Communicating (JSAC). The benefit of doing sensing simultane-
ously with data transmission is that in the best-case scenario it enables us to gain sens-

ing information with no additional consumption of bandwidth or need to develop new



frame structures or signals. Thus, it is something that could be done with the already

existing amenities, as a side-product of what we already have.

Sensing means observation of an environment or the state of some entity within a time-
varying environment. Often the goal is to replicate human senses or extend them, re-
placing the need for a human observer. This can include things such as observing the
levels of gaseous substances within a space, observing the amount of people entering
a building, or as in our case, observing the interior and placement of objects within a
room. Multiple opportunities for sensing already exist. Temperature and humidity track-
ing Internet of Things (loT) devices have become commonplace, cameras are affordable

and accessible by most, and the list goes on.

While sensing can be done in many ways depending on the target of observation, radio
sensing offers certain benefits. Radio signals can be leveraged to see behind corners,
and their physical characteristics allow us to extract more information than what is obvi-

ous from the get-go.

Material estimation combined with radio sensing can open new use cases for radio.
Some benefits could be the ability to create a more accurate metaverse (a so called
“digital world”) with more realistic textures and objects, the ability to monitor tactically
relevant buildings, and even to enable faster security checks via recognition of unwanted
objects on a subject’s person. Another use case could help industrial automation by driv-

ing better recognition of materials and objects on production lines.

This thesis is structured as follows: The theory of radio sensing and SLAM is described
in the following Section 2, after which material detection and estimation methods are
described in Section 3. Section 4 describes the SLAM measurement data and measure-
ment campaign based on which this thesis is formed. Section 5 displays the results and
material estimates derived from the data, as well as provides visualizations. In the final
Section 6 the conclusions of the thesis are presented along with discussion about pos-

sible future research and open topics.



2. THEORETICAL BACKGROUND

Traditionally localization of mobile devices, also called user equipment (UE), has de-
pended on triangulation using multiple base stations (BS) [2, p. 76]. Since then, localiza-
tion methods have evolved. The Third Generation Partnership Project (3GPP) standard-
ization for 5G defines positioning as a "means to determine the geographic position
and/or velocity of the UE based on measuring radio signals” [3, p. 2]. This section strives

to explain how radio positioning can be utilized in radio sensing.

Subsections 2.1, and 2.2, revisit general background information related to radio sens-
ing, namely some general properties of radio waves and the radio channel. Subsection
2.3 describes positioning affordances provided by 5G, whereas the specifics of different
SLAM scenarios are explained in the following subsections. Subsection 2.4 introduces
the SLAM problem, while 2.5 discusses filtering solutions, which are one potential ap-
proach to solving the problem. Subsection 2.6 thereafter discusses radio-specific con-

siderations to implementing SLAM.

2.1 Properties of radio waves

Radio waves are electromagnetic waves. This means that they have an electric field and
a magnetic field, both of which are perpendicular to the direction of the wave propagation,
as well as toward each other. This also means that they are transverse electromagnetic
waves, otherwise known as TEM-waves. The magnitude of the magnetic and the electric
field are related through E = cB, where E is the magnitude of the electric field, B is the

magnitude of the magnetic field, and c is the speed of light in a vacuum. [4]

Figure 1 depicts a classic representation of a sinusoidal transverse electromagnetic
wave, where both the magnetic and the electric field oscillate in the pattern of a sine
wave. An electromagnetic wave such as the one depicted in the figure is called a linearly
polarized wave, as the electric field is parallel to an axis [4]. In this instance the figure

depicts a linear vertical polarization, as the electric field is parallel to the vertical axis.

As radio waves are electromagnetic waves, they transport energy from one place to an-
other [4]. Two main modes of radio propagation have been devised to describe this ten-
dency: line-of-sight (LoS) and non-line-of-sight (NLoS) propagation. Line of Sight (LoS)
radio propagation means that radio waves propagate through air in a direct path from

the transmitter to the receiver, without there being any obstacles in between the parties.



LoS propagation is the technology most widely used in wireless networks and mobile

phones [5].
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Figure 1. A transverse electromagnetic wave. The electric field oscillates vertically,
whereas the magnetic field (depicted in green) oscillates horizontally. Both are perpen-
dicular to the wave propagation direction.

The medium within which the wave travels is called the radio channel. The effects of the
channel to the propagating wave can be described in terms of path loss, as well as path
gain. Path loss is the difference of the signal power between the transmitter and the

receiver, and it can be described as

P
Prapy = 10 logqg P_i’ (1)

where P, 45 is the path loss in decibels, and P; and P. are the transmitted and received
signal power. The path loss is introduced by the transmission channel, and is usually a
non-negative number, as generally there aren’t any amplifying effects present in the

channel. Path gain on the other hand is the negative of the path loss, and is thus de-

scribed as P;(gpy = — Ppapy = 10 10g1o - [5]

Another way of looking at radio signals is to describe them from the antenna perspective.
Each radio signal is sent by a transmit antenna, with the goal of a receive antenna re-
ceiving it. A central parameter of an antenna is the antenna gain, which describes the
antenna’s capability to convert power to a signal format, or in the case of a receiving
antenna, vice versa. By describing these antenna gains as G, and G,, we are able to

formulate the free-space path gain given in [5] as



2
Grs = % = G,G, (ﬁ) ) (2)
where G, is the transmitting antenna gain, G, is the receiving antenna gain, 1 is the wave-
length of the transmitted signal, and d is the distance between the transmitter and the
receiver. The Eq. (2) is but one formulation of the Friis’ transmission formula, first intro-

duced in [6].

In addition to LoS propagation, there are also non-line-of-sight (NLoS) models for radio
propagation. These utilize phenomena such as reflections and scattering in order to es-
tablish a communication link. Reflections can be illustrated by representing the radio
wave as a ray, similarly as is done to represent the reflection of visible light. The angle
in which the signal arrives at the reflective surface is called the incident angle, and it is
equivalent to the angle of the reflected signal [4]. An example of this can be viewed in
Figure 2, where the incoming ray, the radio signal, is reflected at an angle of 6. The angle

of incidence, and reflection are described in terms of the reflective surface normal [4].

Figure 2. Specular signal reflection from a surface. The signal arrives at the reflection
point in the incident angle of 0, and is reflected at the same angle 0 as measured from
the surface normal.

These reflections can be multiple, or there can be just one reflection on the path from
the transmitter to the receiver. These reflected paths are the key to also sensing the
environment in addition to the communication via the signal. When compared to the LoS
path, each reflection increases the distance the wave has to travel, thus causing the
received power to decrease, as shown in Eq. (2). In addition, the reflective surface ma-

terial will itself affect the signal strength, which is discussed more in Section 3.



2.2 About the radio channel

In order to achieve accurate localization, it is necessary to have an accurate channel
model [7]. The channel model describes the effects applied to the signal by the space
and medium between the transmitter and the receiver. In the simplest scenario, this is
the earlier introduced free space loss, which assumes that there is a clear line of sight
path between the transmitter and the receiver, and that the transmission happens as in
a vacuum (or through air). However, even the most simplistic measurement setup is not
factually that simple. Air often holds different particles within, and can have different gas-
eous substances within it, which might affect the propagation especially at higher fre-
quencies [7]. Channel models for millimetre wave communication have been discussed
in [8], [9].

The channel model is often dependent on the sensing frequency used [10], as higher
frequencies are unable to pass through obstacles that are of no consequence to lower
frequencies. In addition, higher frequencies are more susceptible to differences in mate-
rial composition and the roughness of reflective surfaces [7]. MmWave and THz frequen-
cies above 30 GHz have wavelengths similar in size to surface irregularities and small
particles in air, leading to increased scattering of the signal power and thus additional
multipath components [7], which can, depending on the use case either be a nuisance
or a benefit. The more specific effects of material composition are discussed further later,

in Subsection 3.2.

One method for capturing channel characteristics is radio-based channel sounding, as
demonstrated in [10], [11]. In channel sounding based methods the focus is on capturing
the delay from transmitter to receiver, the angles of departure from the transmitter, as
well as the angles of arrival at the receiver. In [10] the measured characteristics of an
indoor radio channel are compared between the mmWave frequencies of 25.5 GHz, 28
GHz, 37.5 GHz and 39.5 GHz, and between different polarization setups of the receiving
and transmitting antennas. The root-mean-square delay spread of the channel was in-
versely correlated to the increase in frequency for vertically polarized antennas within
the environment described in [10], meaning that there were less reflection paths and thus
less multipath components for higher frequency transmissions. The opposite was true
for antennas of opposite polarizations: when using a vertically polarized transmitting an-
tenna and a horizontally polarized receiving antenna the delay spread increased in tan-
dem with frequency. This would indicate that higher frequency signals are more suscep-

tible to polarization change caused by the environment.



As a continuation of the results presented in [10], finite difference time domain (FDTD)
technique is used in [12] to characterize indoor radio wave propagation in the mmWave
band at 28 GHz. Important channel parameters and considerations discussed in [12]
include the path loss exponent (PLE), shadow factor, and cross-polarization discrimina-
tion. The PLE is a parameter describing the amount of path loss in relation to the distance
between the endpoints. The shadow factor is a parameter describing the amount of loss
caused by shadowing due to large objects within the environment [8], and the cross-
polarization discrimination describes the ability of the antenna to filter out signals of the
wrong polarization. In [12] the path loss exponent has been solved using a "close-in free

space reference distance” path loss model.

A finding in [12] was that the polarization of the signal affects the PLE: depending on
where and how many times the signal is reflected, the path loss exponent will either
decrease or increase. The experimental setup discussed in [10] demonstrated smaller
co-polarized PLE when the signal was reflected with high power near the transmitter,
and smaller cross-polarized PLE when the number of multipath components was high.
Both [10] and [12] thus highlight the effect of the specific measurement environment on
the measurement results: not only the amount of reflectors, but also their placement

within the environment can significantly affect received signal power.

Another way to gain channel information is as a side product of communication. As an
example, 4G and 5G implement frame structures, where part of the communication is
dedicated to “piloting” the channel by sending signals of certain standardized structures,
that the receiver is then able to use to evaluate some of the channel effects. An example
of this approach can be found in [13], where channel parameter estimation is done by

using beam reference signal received power measurements.

As channel measurement campaigns are tedious to implement, simulation tools such as
ray tracing [14] have been developed. Ray tracing is a method which assumes a known
amount of reflectors within the environment, which are then used to geometrically solve
the possible paths of multipath propagation [5]. As with any simulation tool these are not
always fully accurate but can be used to do channel estimations without doing actual
measurements. Thus, a good practice when using a simulation tool is to also investigate
its operating principles and if there are any common pitfalls about its estimates shared.

However, if accuracy is the main concern, channel measurements are still needed.



2.3 Positioning enablers in 5G

5G specification provides several methods and affordances for positioning. These in-
clude signal structures and specifications in the physical domain, as well protocols that
can be used for positioning purposes. Positioning can be done both by the base station
and the UE.

For UE positioning 5G supports the following methods: network assisted GNSS (Global
Navigation Satellite System) methods, utilization of different device sensors (such as
barometric pressure, motion), as well as WLAN and Bluetooth based positioning. 5G
also offers support for some techniques introduced in earlier generations of mobile net-
works, such as LTE based OTDOA (Observed Time Difference On Arrival) and en-
hanced cell ID methods. Positioning the UE involves 2 steps: the first one being signal
measurements, and the second one position estimate computation based on the afore-

mentioned measurements. [3]
Positioning-related techniques introduced in 5G include the following:
¢ NR enhanced cell ID methods (NR E-CID)
¢ Multi-Round Trip Time Positioning (Multi-RTT)
e Downlink Angle-of-Departure (DL-AoD)
e Downlink Time Difference On Arrival (DL-TDOA)
e Uplink Time Difference On Arrival (UL-TDOA)
e Uplink Angle-of-Arrival (UL-A0A),

as well as sidelink positioning methods [3]. Combinations of the above methods are also

supported by the standardization [3].

As the topic of this thesis is on indoor radio scenarios, the main focus is on the angular
and time difference -based positioning methods. This is because the global coordinates
will stay approximately the same in an indoor short range sensing scenario. As the sens-
ing data used later in the research methodologies is measured with a singular transmitter
and receiver, also cell-ID based methods are omitted, as they refer to localization based

on the network “cell” to which the UE is connected.

2.3.1 5G NR Reference signals

5G defines a localization system that uses positioning reference signals on the UE end

of the communication. This means that a part of every transmitted signal is dedicated to



localization services, transmitting data with angular and time information. Positioning ref-
erence signals in 5G networks are integrated with other localization systems such as
GNSS (Global Navigation Satellite System) to establish more specific location infor-

mation, e.g. the coordinates [3].

On the physical signal level 5G defines the following positioning signals: the positioning
reference signal (PRS), and the sounding reference signal (SRS). PRS is used on the
downlink side of the communication, whereas SRS is used on the uplink side of the
communication [3]. This means that PRS signals are transmitted by the base station (BS)
and received by the user equipment (UE), and PRS signals are transmitted by the UE
and received by the BS. Thus the user can do positioning by utilizing the received PRS
signal, while the network operator will be able to leverage the SRS signal to estimate

channel parameters and the user location.

Particularly for sensing purposes, the benefit gained from using positioning reference
signals is that the signal is known in advance by the receiver [15], as it is a standardized
physical signal. It is also repetitive by design, as it is transmitted at regular intervals,
which is needed in sensing in order to accurately capture changes in the channel. An
example of a positioning method that utilizes PRS signals is the DL-AoD positioning
method, which uses the received power of the reference signals coming from multiple
transmitters in combination with information about their geographical coordinates and

the angle of their departure from the transmitters [3].

Other signals that can be leveraged for positioning are the synchronization signals de-
fined by 5G. Similarly to PRS and SRS signals they are regularly transmitted, and the
expected content is known. Thus it is possible to use them for positioning through meth-

ods such as reference signal received power measurements.

Another consideration is related to Radio Resource Management (RRM) in 5G. UEs
have 3 modes: idle, connected, and inactive [16]. The different modes have been de-
signed to reduce power consumption and unnecessary network usage. This means that
different signals and methods for positioning are available at different times. Background
positioning should not have high power demand, as that will prevent efficient usage of
the UE for other user stories. Channel state information (CSl) signals for instance are

only available in connected mode.

As the location of a UE is often changing, it follows that positioning and sensing needs
to happen regularly to capture the changes in the UE location, as well as within the en-
vironment. This means that the signals best suited for sensing and positioning need to

be available at regular intervals. If the device is not connected or able to receive signals
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with which to do the sensing, it is not possible to know where the device is located, or if
there have been changes within the environment. Thus for sensing and localization pur-

poses it is logical to choose a signal that is available in regardless of the UE RRM mode.

The signals most readily available are PRS and SRS signals, as they are available both
in connected and inactive mode. The UE can transmit all location service messages in
inactive mode. The only mode where this is not possible is the idle mode, where the UE

can however perform measurements on pre-received data. [3]

2.3.2 Reference Signal Received Power (RSRP)

Reference signal received power (RSRP) is a measurement parameter that can be used

to estimate the radio path losses.

The UE has several 5G-defined methods with which it can sense the radio channel. Out
of these RSRP measurement are done on synchronization signals, CSI signals as well
as other signals. The specific measurement parameters for the previously mentioned
signals are Synchronization Signal Reference Signal Received Power (SS-RSRP), and
CSI-RSRP measurements [3]. Reference signal received power measurements are uti-

lized in positioning in [13], [17].

As 5G utilizes an orthogonal frequency division multiplexing (OFDM) signal structure, it
has certain requirements for RSRP measurements. As OFDM signals have a high peak-
to-average power ratio, the reference signal received power is measured as the average
power received over a time period. Reference signal received power is related to the use
of band: a band-limited signal is more susceptible to fading in certain bands, whereas a
signal of a wider band can more easily recover from fading in some portion of its’ band-
width. Thus by choosing a wider band for radio communication, or radio sensing, it is

possible to ensure more stable RSRP results than achieved with a narrow band.

However, both communication and sensing are possible also with signals of a narrow
band. This, however, requires for the total sensing period to be longer. This is to account
for temporary fades — with a longer observational period with more observations, tempo-
rary changes will be accounted for through the multitude of observations in the normal

state of the channel.

On the UE side RSRP measurements are used in DL-AoD positioning. In addition to it,
RSRP measurements can be utilized together with other measurements in DL-TDOA,
UL-TDOA, UL-AoA, and Multi-RTT positioning. Also the NR E-CID method uses RSRP

measurements based on the CSI signal and the synchronization signal. [3]
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2.3.3 Beamforming
In addition to positioning signals, 5G also caters to positioning and localization needs in

other ways. Another key technique used in 5G that can also be utilized for localization
purposes is beamforming and its related beam management operations. This allows for
angular information, such as AoA and AoD, to be collected at no additional cost [17].
Sensing solutions using radar beamforming have already demonstrated the capability to

sense a targets location as well as the respiration rate of a person [18].

Beamforming is a technique where transmit signal power is directed in a pre-determined
direction. The goal of beamforming in mobile communications is to more accurately direct
power in the direction of the receiver, as opposed to transmitting in all directions, and
wasting most of the energy, as the recipient is not there. Beam management operations
in the downlink, that is, from the base station to the user equipment, can be split into 4

different suboperations [17]. These are the following:
o Beam sweeping
e Beam measurement
¢ Beam determination, and
e Beam reporting.

Beam sweeping is a procedure where the base station sends sequential SSB blocks in
slightly differing directions from each other. The number of these different directions is
the number of the different "beams”, and their purpose is to cover a large area. Beam
measurement is then done on the user equipment, sequentially estimating the measured
power for each received beam. This is done to evaluate the quality of the received signal,
and to determine which direction offers the best coverage and connectivity to the base
station. After evaluating received beam strengths from all directions, the UE will usually
choose the beam with the best signal power to establish a communication link with the
BS. This is called the beam determination. After a decision has been made, the user
equipment will inform the base station which beam is best suited for their communication.
[17]

As the different beams correspond to different transmit and receive directions, it has
already been established what is the AoD from the transmitter and what is the AoA at
the receiver after the best beam has been found. In a sensing or a localization scenario
this would allow for geometrical tracing of the path within a target environment if the
environment layout is previously known. Also to be noted is that in a sensing scenario
we would most often be interested in more than one path, which means we would be

interested in more than one beam. Thus instead of just considering the optimal path for
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data transmission, it is also beneficial to evaluate the results of the other beamforming

paths.

Beamforming is often related to scenarios where there are multiple transmitting or multi-
ple receiving antennas within an antenna array. These are respectively called multiple-
input and multiple-output scenarios. Cases where both sides of the communication have
multiple antennas are called multiple-input-multiple-output (MIMO) scenarios. A key con-
sideration when designing massive MIMO for indoor scenarios is that as the antenna
array physical size increases, it is possible that not all antennas in the array are able to
receive all the same beamforming paths [19]. Subarray dependent paths can amount to
a significant amount of received signal power [19], which means that only choosing one
beam for transmission is suboptimal. For sensing, however, this could be beneficial, as

it opens the possibility of more paths to observe.

2.3.4 Bandwidth and spectrum

As 5G reaches higher frequencies than earlier mobile network technologies, it simulta-
neously allows for more precise positioning than its predecessors. This is as much due
to the interplay between frequency and wavelength, where a higher frequency equals a
smaller wavelength, as it is due to the denser spacing of base stations. However, higher
bandwidths also introduce challenges related to increased atmospheric effects such as

absorption by gases in the air, and scattering caused by raindrops in the air [7].

As the higher end of the 5G frequency spectrum, Frequency Range 2 operates in bands
from 24.25 — 71.0 GHz [20], it covers wavelengths from approximately 4 mm to 1.25 cm.
Longer wavelengths are also supported by Frequency Range 1. From a positioning per-
spective the millimetre wave range from 4 mm to 12 mm is the most interesting, as it

enables a higher positioning accuracy.

As presented earlier in Equation (2), path loss is related to both the distance between
the communicating endpoints and the wavelength of the signal. To combat increased
path loss caused by a high frequency, it is necessary to decrease the distance between
the endpoints. In practice this means that base stations need to be situated closer to
each other than before to ensure coverage in the high frequency band. This immediately
narrows down the area within which the UE can be located, if it is communicating with a

given BS.

24 SLAM

Simultaneous localization and mapping refers to doing localization of an entity, and the

map for the localization at the same time. SLAM is not a new concept, having traceable
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origins in the 1980s robotics research [21], where it was a means to develop autonomous
robots. The original idea of SLAM was that a moving robot would be able to map its
surrounding environment and its location on the map without any prior information of its
surroundings [21], [22], [23], [24]. Since then it has already been used in real-life scenar-
ios, such as to map the wreck of the RMS Titanic [25]. Nowadays SLAM has applications
in navigation, autonomous driving, household robotics, satellite navigation, industrial au-

tomation and augmented reality [22].

The SLAM problem can be presented mathematically in various ways. In probabilistic

format the SLAM problem can be described as

P(xy ,m|Zgy, Ugy, X0 ), (3)

meaning that the joint probability of the location x; of the sensor and the landmarks m
would need to be calculated given the landmark observations Z, done at time k, the
"driving instructions” U}, previously given to the robot, as well as the initial location x, of
the sensor [21]. The problem has been visualized in Fig. 3, where the movement of the
robot from the initial position x, to the position x has been illustrated. At the initial mo-
ment the robot makes the observations z,,z, and z; of the landmarks m. After the pas-
sage of time, the robot has moved in the direction of u,, and maps the landmarks again
at the time instant of k. The observations z, 4, z, , and z;, made from the landmarks m

are now different.

X
Uy k

X0

Figure 3. A simplified SLAM mapping scenario for a mobile sensor. The sensor
maps the landmarks m at different relative locations z at time k, as compared to
initialization at time Q.
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To find the location of the sensor at time instant k — 1, the distribution
P(xy_1,m|Zy,_1,Upyx_1 ) Needs to be solved. This requires that a motion model and

an observation model be determined. The motion model can be determined as

P(xy | xp—q1, Uy ), (4)

and the observation model as

P(zy | xy, m), ()

where x;, and x;_; describe the vehicle location, u, is the control or direction given, z,

is the observation done at time k, and m is the set of landmark observations. [21]

Using the above models, it is possible to present the SLAM problem in a time-update
and measurement update format. In [21] they are formulated as follows:

P(xy,m|Zoy-1,Upp,X0) = [P(xp | Xp—q, Ug ) X
P(xp—1 ,m|Zoy_1,Upr-1,%X0) dxy_q

(6)
for the time-update, and

P(Zk | Xk, m) P(xk ,m | ZO:k—l' UO:k'xO )
P( Zy | ZO:k—lr UO:k )
for the measurement update. Equations (6) and (7) can then be used to recursively solve

P(x,m|Zyy, Uy, Xxo) =

(7)

the Equation (3) for all observation time instants [21].

However, as the observations done in Equation (3) essentially represent a time series, it
introduces further localization problems. As the sensor moves around in the environment
and maps its location based on landmark observation done at certain time instants, it is
susceptible to environmental change. This means that new landmarks might be intro-
duced, of which the sensor will have no previous information. In the worst case this might
throw off the location estimate completely, if a new landmark is misappropriated to be

another, previously known, landmark [23].

To solve the SLAM problem, various methods have been developed. Processing is done
by filtering solutions such as Extended Kalman Filtering (EKF) and Rao-Blackwellized
filtering [21]. Graph-based SLAM methods are the alternative to filtering solutions, and
include Graph SLAM, Incremental Smoothing and Mapping (iISAM) and Occupancy grid
-based SLAM [22].

2.5 Filtering solutions to SLAM / SLAM methods

Filtering solutions refer to actual engineering implementations that aim to solve the SLAM

problematic. Filtering, in particular, refers to the processing of “noisy” input data (data
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that includes errors, the so-called noise) so that the noise is reduced in the output data.

This section introduces the main principles of the most commonly used solutions.

In [26] the most common methods for solving the SLAM problem have been divided into
three main categories: geometry-based, message passing-based and random finite set-
based. These are further described as follows: geometry-based methods mostly utilize
the geometry of the space and the locations of the landmarks, whereas message pass-
ing-based methods add additional information to the problem through, for example, by
considering the timing of the received signal [26]. Random finite set-based methods em-
ploy random finite sets for the modelling of the measurements and mapping [26], [27],
[28].

The basis for many of the filtering solutions is Kalman filtering, which is a recursive two-
step filtering process for evaluating the state of a linear system [29]. The 2 steps are the
prediction and correction steps, where the prediction step predicts the system state, and
the correction step weighs it based on measurement results [30, Ch. 6.5]. In digital and
analogue signal processing this often refers to removing or mitigating the noise effects
caused by the channel. Due to the generality of the Kalman filter as described, it has a
wide range of applications from space navigation to mobile user localization and even

stock-market predictions [31].

A method commonly utilized to solve the SLAM problem for a moving target is Extended
Kalman Filtering (EKF) [21], [22], [24]. The purpose of EKF is to extend the Kalman fil-
tering methodology for non-linear systems. The extended Kalman filter has the state up-

date model of

X1 = f (X, g, W, B), (8)

and the measurement model of

Z = h(xy, vy, t), (9)

where (as earlier), x;, and u; are the position and the controls, wy, signifies the process
noise, v, signifies the observation noise, and t signifies time [32]. As a function of the
extended Kalman filtering the state predictions and the measurements are represented
as Jacobian matrices, which can be obtained by partial derivation of the functions f (for

predictions) and h (for measurements) by state and the noise [32].

However, the plain extended Kalman filtering suffers from high computational require-
ments, as it requires for all landmarks and their joint covariance to be updated whenever

a new observation is made [21]. Additionally, as every new observed landmark has an
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effect on previous landmark estimates, EKF solutions are vulnerable to incorrect esti-
mates and variations in the environment [21]. More advanced methods have been de-
veloped based on the EKF to counter some of these issues, such as the extended Kal-

man multi-Bernoulli mixture filter designed for lower complexity, introduced in [24].

In comparison to the EKF approach, the Rao-Blackwellized filter (also known as
FastSLAM) utilizes a motion model that does not follow a Gaussian distribution, instead
using a simpler probability distribution [21]. With its’ basis in recursive Monte Carlo sam-
pling [21] FastSLAM relies on repeated samples of the same environment to cancel out

inconsistencies. A filter of this kind is a particle filter.

The benefit of FastSLAM over EKF is that the map is represented as independent Gauss-
ian variables with linear complexity, as opposed to the quadratic complexity and joint
map covariance of EKF [21]. This makes the filtering solution of FastSLAM faster in com-
parison, as each new observation does not require for all of the observed landmarks to

be updated, hence its name.

2.6 Radio SLAM scenarios

The fundamentals of radio SLAM are the same as in other methods of SLAM, which
means that the environment is observed, or 'sensed’, over time. The difference is that
instead of using lidars and visual light or cameras and image processing, the environ-
mental sensing is done by using radio waves and transmit and receive antennas. As
these already exist, are readily available, and are heavily utilized by consumers and in-
dustry alike, they could be utilized to provide mappings at no additional cost and without
any additional devices. However, as with other methods of SLAM estimation, environ-
mental change over time is challenging also in radio-based methods. Other challenges
encountered in radio-based SLAM implementations are channel estimation errors, the
unknown number of landmarks, association of observations to landmarks, signal pro-
cessing complexity, as well as the development of a mathematical model that would co-

herently address all these issues [24].

Radio sensing scenarios are classified by the movement or staticity of the communica-
tion endpoints. In the case of static endpoints (meaning the endpoints do not move with
the passage of time) the scenarios can be split into two main categories, monostatic
scenarios and bistatic scenarios. In the scope of this thesis non-static scenarios are omit-
ted for brevity, as in non-static scenarios the Doppler effect will cause additional pro-

cessing needs.
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In @ monostatic sensing scenario, the BS and the UE, or respectively, the transmitter and
the receiver, are located in the same place [24]. This could mean that they are the same
device, which would reduce the need for clock synchronization of different devices, as
both communication endpoints would be using the same clock. This kind of sensing
setup would gain a benefit from using a full-duplex radio, which can transmit and receive
simultaneously, thus being able to receive sensing data at the same time as transmitting
information data. Using a full-duplex radio would also remove the effect of carrier fre-
quency offset [33], which is normally caused by the receiver and the transmitter having
different local oscillator frequencies. While otherwise suited for sensing, the full-duplex
radio suffers from self-interference that is complex to cancel [33]. Therefore, most current

papers focus on half-duplex radios for sensing purposes.

Due to the nature of a monostatic scenario, a monostatic scenario is not able to accu-
rately capture the entire surrounding environment, as the antennas would always be di-
rected at the same directions, same landmarks, same walls. This means that a mono-
static scenario would mostly be able to detect change in the environment, such as some-
one passing by. While perhaps able to recognize the newly created landmark on the
fixed wave propagation path, a monostatic scenario would not be able to gain the accu-
rate full picture of the room, such as what is behind e.g. a fixed pillar. However, while
environmental change can be a challenge in creating an accurate location mapping, on
the other hand it can be beneficial. In sensing scenarios such as traffic monitoring, the

very change is the point of interest.

The challenge of limited number of landmarks is somewhat overcome by bistatic scenar-
ios, where the transmitter and receiver are located in different places. In a bistatic SLAM
scenario the UE will estimate its location in relation to a known BS location [24]. Addi-
tional landmark and obstacle locations can be estimated if the transmitted signal is re-
flected via them on the transmission path from BS to UE. These reflection points can

also be referred to as environment scattering points [13].

Radio SLAM can utilize the angular and timing information provided by the radio com-
munication standard used, such as the earlier introduced 5G PRS [13], which provides
AoA and AoD information. The angle of departure is compared to the angle of arrival to
obtain the relative position of the UE from the BS. However, it should be noted, that from
the UE perspective it is not necessarily known if the signal has been reflected, or if it has
been transmitted through a LoS path. Thus, the estimated location might instead be mir-
rored by the reflective surface. This kind of mirror image is called the virtual anchor (VA),
and it is located at equal distance to the actual landmark from the reflection point, per-

pendicular to the reflective surface normal. This has been depicted in Figure 4, where
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the UE receives a signal from the BS. Unless specific information about the angle of
departure from the BS and the BS orientation is known, it is possible that the UE estimate

for the BS location will instead be at the location of the virtual anchor.

41 VA
/
7 L
/
/
/
/
/
rs /
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AoD
BS

Figure 4. A simplified bistatic SLAM scenario. In addition to plain LoS path, multipath
components are transmitted through surface reflections. Based on angular information
the UE cannot distinguish if the signal has been reflected.

Another method that can be used in radio-based SLAM is utilization of the transmission
time delay. The time delay can be used in combination with the frequency information in
order to solve the distance between the two points [33]. After the time delay 7 of a path

has been determined, the propagation range R can be solved as follows:

R = ¢, (10)

where c is the speed of light. If the transmitter and receiver locations are known as in a
passive bistatic sensing scenario, the propagation range R creates bounds for an ellipse,
upon which the reflection point has to be situated for a single-bounce multipath compo-
nent [33]. This provides the basis for a triangular localization principle. However, in a
SLAM scenario at least one of the endpoint locations is unknown, in which case there
are more possible locations for both the landmarks and the endpoints, leading to a cir-

cular rather than elliptical area for possible locations.

Two challenges for radio-based bistatic sensing are raised in [33]: sampling timing offset

(STO), and CSI estimation. Sampling timing offset is problematic due to signal design
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choices such as the addition of a cyclic prefix in OFDM signals, which are used both in
4G and 5G mobile communications. The very design of the cyclic prefix in OFDM is to
counter effects of multipath propagation, mainly the time delays caused by longer paths
on the reflected signal paths. To achieve successful data transmission, it is enough for
the signal to arrive (and be sampled) within the timeframe set by the cyclic prefix dura-
tion, as the nature of the signal is cyclic. However, even small timing offsets can cause
huge estimation errors in sensing, as multiple different reflection points would match the
area set by the timing offset. The solution posed by [33] to solve the challenge posed by

STO is to recognize the LoS path from the CSI, and use it to calibrate the other paths.

CSI estimation’s challenge lies in the number of reflections and multipath components.
As the antenna lobe covers a range, the received signal will also contain signal power
and interference from the other multipath components, in addition to the main path being
considered. Thus, the estimated channel state does not only represent the channel state
information of one path, instead representing some unknown amalgamation of the effects

of multiple paths.

As noted in [34], a problem with using stationary TX and a stationary RX (bistatic SLAM
scenario) is that due to basic geometry the reflection points always remain the same,
making it difficult to receive an accurate representation of the entire space. This has been
illustrated in Figure 5. As SLAM uses the landmark observations to create the environ-
ment mapping, it is important to be able to capture all the landmarks present. Figure 5
showcases a scenario with 2 static endpoints in an environment with 2 pillars and a wall.
While there are 2 pillars present, the UE is unable to observe them, as the only signals
it receives are through paths that are not reflected by them. In addition, also the wall is
only observed in one reflection point, which makes it impossible for the UE to know that

it extends beyond the observed point.
To combat this issue, it is either possible to
¢ try to recognize and utilize paths that are reflected several times,

e use a wide bandwidth (as different frequencies will have different propagation

and reflection characteristics), or
¢ have either the TX or the RX move in the space.

Each of these has their own challenges. While the utilization of multiply reflected paths
has been demonstrated to be able improve location mapping through introducing addi-

tional landmarks [35], it was noted that the use of multibounce paths made it more likely
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for there to be inaccurate ghost artefacts present in the mapping. This is due to the in-
creased complexity of the mapping, the difficulty in distinguishing between paths of dif-
ferent amounts of reflections, and multiple possible paths fitting within the same param-

eters, thus leading to observed landmarks that do not exist.

\
A\

UE BS

Figure 5. A bistatic scenario is only able to sense some of the reflection points.
Here the pillars would be left unobserved, and there would only be one observa-
tion of the wall, leading to an inaccurate representation of the environment.

On the other hand, when it comes to using a wider bandwidth for the sensing, we run
into a different problem. While a wider bandwidth would perhaps allow to capture more
characteristics of the environment, it would also require different processing for different
bands, leading to increased complexity. In addition to this, bandwidth use is limited due
to regulations, allocations of bandwidth to different operators, as well as end user equip-

ment capabilities.

With these considerations, it is perhaps most feasible to consider a localization scheme
that utilizes sensing data from several different locations within the room, whether it be
by the same UE or different UEs altogether. In a bistatic scenario, this would mean doing
several observations in different time intervals with the assumption that both endpoints
are unmoving at the measurement instant. This is the approach adopted in [13], [17],
[36].
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3. MATERIAL DETECTION

A material has characteristics that allow it to be distinguished from other materials. These
characteristics are (but not limited to) its density, weight, physical dimensions, composi-
tion, and colour. From the electro-magnetic perspective these characteristics could be
the reflectivity, permittivity, and the conductivity of the material. As permittivity describes
the materials proclivity towards polarization when an electric field is applied to it, and
conductivity describes the materials ability to conduct an electric current, they are im-
portant characteristics while trying to estimate the material quality via electro-magnetic
waves. Reflectivity on the other hand is particularly interesting, as the radio-sensing so-

lutions discussed rely on signal reflection from inanimate objects.

This section describes materials from the perspective of detecting them via radio signals.
Material properties are covered in Subsection 3.1, material composition and structure
are discussed in Subsection 3.2, radio solutions to material estimation are covered in

3.3, and the concept of Semantic SLAM is introduced in Subsection 3.4.

3.1 Material properties

To support material estimation, the International Telecommunication Union Radiocom-
munication Recommendation (ITU-R P.2040-3) offers a database of material permittivi-

ties for radio propagation ranging from 1-100 GHz [37].

A challenge related to radio-based material estimation is that the electro-magnetic prop-
erties of materials are dependent on the frequency used. The dielectric constant is de-
pendent on frequency: while it is constant from DC to 5-10 GHz, it starts to decrease in
higher frequencies. For conductivity, the reverse is true, as it usually increases with fre-

quency. [37]

In order to be able to determine materials, it is needed to define some basic parameters.
As already established, as we are discussing radio waves, we are discussing electro-
magnetic waves. Electro-magnetic waves are described by Maxwell’'s wave equation [4].
If the free charge density is set to 0 and the permeability of the material is set to be equal
to the permeability of free space, it is possible to represent Maxwell’'s wave equation as

follows:

. 92E aJ
VZE—E,MO% = ,Lloa—[, (11)
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where E is the electric field density (V/m), J; is the current density free of charges (A/m?),
¢ is the dielectric permittivity (F/m) and u, is the permeability of free space (N/A?), which

is by definition = 47 x 1077 [37].

If the material is a non-conducting dielectric, then the electric field will be unattenuated,
but if the material is a conducting dielectric, attenuation will happen during wave propa-
gation [37]. Ohm’s Law states that the electric field is related to current density through

the following equation:
J; = oE, (12)
where ¢ is the material conductivity. The electric field E is in exponential format
E = Eyel(0t=Fk7), (13)
where 7 is the vector spatial distance, k is the wave number magnitude, w is the angular
frequency, t is time and EO is the electric field when 7 and t are 0. [37]

As the wave number magnitude k can be solved by 2r/A, where 4 is the wavelength,

substituting equations (12) and (13) in (11) allows us to formulate the wave as

k? — sugw? + jouyo = 0, (14)
which describes the electric field as an attenuated sinusoidal wave [37].

Both the conductivity and the relative permittivity of a material are frequency-dependent
characteristics [37]. The conductivity ¢ and the real part of the relative permittivity n" are

respectively described in the following equations (15) and (16),

0 = ¢ [z (15)
n' = afuz (16)

where a, b, c and d are constants describing the material. The imaginary part of the com-
plex permittivity is described by n"" = 17.98 ¢ / f;u, [37], but is small for dielectrics, in
which case only the real part of the permittivity can be considered in some estimations.
However, the case is opposite in case of conductors, in which case the imaginary part

can be very large.

The constants a, b, c and d are listed in the ITU-R recommendation as in the following
Table 1. Some other tabled experimental measurement values regarding common build-

ing materials are penetration loss measurements done at 6.75 GHz and 16.95 GHz in
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[38], as well as conductivity and permittivity measurements done at mmWave, laser, and
visual light in [39] .

Table 1. Material permittivities and conductivities as described by ITU-R P.2040-3 [37].

Relative permittivity Conductivity Frequency

Material a b c d GHz
Vacuum (air) 1 0 0 0 0.001-100
Concrete 5.24 0 0.0462 0.7822 1-100
Brick 3.91 0 0.0238 0.16 1-40
Plasterboard 2.73 0 0.0085 0.9395 1-100
Wood 1.99 0 0.0047 1.0718 0.001-100
Glass 6.31 0 0.0036 1.3394 0.1-100
Metal 1 0 107 0 1-100
Others

These values can thus be used to evaluate the material of an object observed with a
radio signal of the specified radio frequency. However, it is to be noted that the charac-
teristics of indoor objects are affected by their material composition also outside of their
baseline material: for example, lacquered wood and sanded wood could give very differ-
ent measurement results. In addition, these are just some of the materials encountered.
As the ITU recommendation focuses on building materials, it does not comment on ma-
terials otherwise present in indoor environments. One notable material missing from the
ITU tabled values are plastics, which are used indoors in the form of placards, painting

frames, and furniture finishers as well as even their baseline material.

3.2 Effects of material composition

Material composition plays a role in determining how much the signal is attenuated, as

well as affecting the observed angle of reflection from a surface.

Stratified materials such as paint-covered plaster, painted or lacquered wood, and dou-
ble paned windows are often present in indoor environments. In the case of stratified
materials, multiple reflections need to be considered [34], [40]. When considering the
sub-THz radio frequencies from 100 — 500 GHz, even paint colour can play a role and
affect the refractive index [40]. From this it follows that accurate estimation of stratified
materials is not a trivial problem, but rather one that requires highly sophisticated esti-

mation algorithms.

Another common material encountered indoors is glass. From windows to doors, walls
and even sculptures it is abundant. Characteristics of single, double and triple layer glass
windows at 100 GHz are investigated in [41]. Insulation coating (pyrolytic metallic coat-
ing) was found to cause attenuation when compared to uncoated windows — uncoated

windows caused an attenuation of approximately 4 dB, whereas coated windows caused
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an attenuation of 35 dB. Also, the insular design of multilayered windows was a great
contributor to attenuation, as a multi-layered design causes multiple reflections between
the glasses, leading to an oscillating transmission power, where the reflections either

affected each other constructively or destructively [41].

Surface roughness should also be considered when approaching higher frequency com-
munication. It has been demonstrated that the same data rates are not achievable in
locations with rougher surface materials as in locations with smoother surfaces, due to
increased number of diffuse components encountered in rough surface scenarios [42].
As the rough surface causes more diffuse scattering of the incoming signal, this leads to
increased path loss in the NLoS propagation [42]. From the material detection and recog-
nition perspective this would mean that the same material could have a different effect
on the signal power depending on the shape of the surface. For example, plaster is a
material that has different finishes with varying roughness, from smooth-to-touch to very

coarse surfaces.

Other common indoor materials are textiles from natural fibres, such as cotton and wool,
synthetic fibres, and different composites of the earlier. For these the estimation may
prove frickier, as for many textiles it is more likely for the signal to pass through or be
absorbed by the material instead of being reflected from it. In fact, different kinds of car-
peting have been used as an absorber of radio signals [43], showing that polyamide and
polypropene carpets can provide up to -40 dB attenuation to the reflection component
when observed at 310 GHz.

Another problem with estimating soft textiles is that the material structure is often not
uniform, and different threads of a fabric might have completely different characteristics.
This characteristic has even been embraced in development of new fabrics to deliber-
ately shield from electro-magnetic radiation [44], [45]. Thus, to accurately distinguish tex-
tiles from each other it might be required to consider larger areas of reflection and scat-
tering points together. However, due to high reflection attenuation and transmission
through the material it is possible that no observations can be made from these materials,

leading to a gap in any environmental mapping where fabrics are abundant.

3.3 Material estimation via radio

Material detection and analysis via radio waves has been a research topic for some time
already. For example, the permittivity of food in various temperatures has been analysed
in relation to utilization of microwaves for cooking [46], and microwaves have been used

to determine the moisture content inside containers [47], as well as inside food items
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such as beans and grain [48]. Now for the purposes of ISAC, it is more interesting to turn

that focus on larger scale physical environments.

A common method for channel estimation is ray tracing, which has been used in [14],
[39], [49]. Ray tracing refers to visualizing each propagation path as a “ray” beginning at
the transmitter, bouncing some number of times from different obstacles in the environ-
ment, and ending at the receiver. To do that, it is required to have a pre-existing model
of the environment [50], which is a disadvantage of the ray tracing method. However, if
an accurate representation of the environment exists, ray tracing can be utilized to iden-
tify the reflection points of the signal, thus opening the opportunity for analysing further

channel characteristics such as the material of the reflector.

Unfortunately, as mentioned in [49], pre-existing representations of the environment are
not always accurate enough, as even small (and temporary) objects are capable of caus-
ing reflections in higher frequency bands. Thus, say, a building blueprint will often lack
the sufficient information about the furniture or other movable objects present to accu-
rately predict the reflection points. Additionally, publicly available blueprints are often
sanitized, meaning that some elements are deliberately omitted for tactical safety. As the
ray tracing method involves a lot of calculation to find and identify possible propagation
paths, it also suffers from high computational complexity, which currently still prevents

wider spread applications, as noted in [39].

A ray tracing solution has been used in [39], where mmWave radars were used to rec-
ognize materials and their characteristics in an outdoor scenario. An indoor scenario was
studied at 60 GHz in [49], where the permittivities of the reflection points were estimated
using ray tracing. In the methodology introduced in [49] a pre-existing geometrical data-
base of the environment (a meeting room) was used to identify reflecting surfaces. This
environmental knowledge was then utilized together with channel sounding to compare

the received signal strength to verify the computer-generated ray tracing estimates.

The permittivity of the reflection point has been solved in [49] in the following way. For

multibounce specular reflections the Friis’ formula introduced in (2) is

1
l 2
Grmuitibounce = GGy (ﬁ) leilzp (17)
i=1

where G; and G, are the gains of the transmitter and the receiver, 1 is the wavelength of
the signal, d is the length of the path, and T; is the Fresnel reflection coefficient of the i
bounce. By solving Eq. (2) for the shortest LoS path d, we are then able to solve the

magnitude of the reflection coefficient ' as
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where Ggs is the equivalent path gain for no reflections, that is, the path gain in free
space. The Fresnel reflection coefficients are given for the different polarizations in [37],
[49] as

cosf — /e, — sin? 6

cosf + /e, — sin2 6

for the trans-electric reflection and

(19)

—€,cos0 — /e, — sin? @

I = (20)

)
€-cos0 + /€, — sin? 0

for the trans-magnetic reflection, when ¢, is the relative permittivity of the reflecting ma-

terial and when the first medium is air. Thus the permittivity can be solved for the trans-

electric as

2
1 .2 21
1+l“||] + sin“ 6. (21)

€, = cos? 6 [
Another approach to material estimation has been described in [51], where the electro-
magnetic permittivity and conductivity of an object is determined through utilization of
OFDM pilot signals. The ISAC method described in [51] is comprised of 3 phases: target
detection, target location evaluation, and material electro-magnetic property sensing. As
already established; to be able to determine material parameters using received radio
signals it is necessary for the signal to either pass through the material or be reflected
from it. Thus in [51] beamforming was used to direct the used OFDM pilot signals in the

direction of the target, in order to "bounce” the signals off of the target item.

The methodology used in [51] relies on estimating the channel matrix, and solving the
effect caused by the individual material at the reflection point. Simplifying from [51] to
only consider 1 subcarrier, the received signal y can be represented as y = Hwx + n,
where H denotes the channel matrix describing the effects of the channel, w denotes the
beamforming weights given to each transmit antenna, x denotes the normalized pilot
symbol, and n is complex Gaussian noise at the receiver. By breaking down the channel

matrix further, it is possible to represent the channel matrix H as

H = H,XH,, (22)

where H, represents the channel effect on the path from the transmitter to the target

item, X represents the effects caused by the item itself, and H, represents the channel
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effect from the target item to the receiver [51], as illustrated in Figure 6. The figure show-
cases how the received signal has been thrice affected, first by the path from the trans-
mitter to the reflecting item, then by the item itself, and then by the path from the item to
the receiver. Thus, to solve the channel effects caused by the item, it is necessary to
also solve the effects of paths H; and H, to be able to extract it from the channel estimate
H.

H1

X

H2

Figure 6. The channel effects described in Eq. (22). In a NLoS scenario also the
reflecting item causes changes to the channel matrix, as well as the signal power.

The parametrization of the channel and the material in this way is fairly complex, as it
requires for the channel to be estimated in more detail than in the previously introduced
method that relies on the Friis formula and Fresnel reflection coefficients. The method in
[51] is perhaps closer to an actual implementation of material sensing via utilization of
OFDM signals, as via the additional channel estimation it is possible to account for and
recognize also other disturbances to the signal than the free space propagation and re-
flective material induced changes. However, the basic principle is the same in both meth-
ods: there are effects caused to the signal also prior and post reflection from the item of

interest.
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3.4 Semantic SLAM

Semantic SLAM is an extension of the basic SLAM approach. It combines spatial aware-
ness and mapping with semantic information, in order to gain a broader understanding
about the environment [22]. Similarly to SLAM itself, also semantic SLAM has its basis
in robotics research, focusing on recognition of objects in addition of environment map-
ping. Particularly in robotics, this has enabled robots to recognize objects such as doors,
furniture and other obstacles inside their operating environment [22]. Thus semantic
SLAM would deviate from the basic idea of SLAM in that the sensor would have some
prior information at the beginning of a sensing scenario — namely, the semantic infor-
mation required to recognize obstacles and other things from the area mapping created
by SLAM.

Semantic radio SLAM is a fairly novel research area, as existing radio SLAM research
has mainly still focused on providing the basic functionality of SLAM, localization and
mapping [34], and robotics related solutions have utilized different methods of sensing,
such as cameras [52] in place of radio. As mentioned earlier, while some research has
been done to evaluate semantic information via the radio path, such as materials present
in the environment, these have relied on pre-existing mapping of the operating environ-
ment, such as the ray-tracing method used in [49]. By extending the ray tracing method-
ology with radio SLAM methodology will enable environment sensing also in locations,

where no pre-existing knowledge exists, leading to a semantic SLAM solution.

A semantic SLAM solution has been developed in [34], where material estimation has
been done as part of the SLAM estimation. After the SLAM algorithm has created esti-
mates for the UE location and the landmarks, the estimated coordinates of the transmit-
ter, receiver, and the landmark are used to solve the distances from each endpoint to
the landmark, and the incident angle upon the reflective surface. These in combination
with the received signal power has then been used to solve the material estimate for the
landmark. However, as the locations for the UE and the landmark are only that, esti-
mates, there is no certainty that the material is present at the estimated landmark. In [34]
this has been countered by clustering the landmarks from a certain area, and evaluating

them together in order to estimate the material in the larger area.



29

4. METHODOLOGY AND DATASET

This section describes the ways in which sensing and material estimation has been done
in this thesis. The dataset used for the investigation is introduced and visualized in the
following Subsection 4.1, and the material estimation methods utilized have been dis-

cussed thereafter in Subsection 4.2.

4.1 Dataset description

This thesis utilizes a pre-existing dataset [53] gathered in Spring 2023 in a measurement
campaign on premises at Tampere University Hervanta Campus. The dataset is open
source and publicly available to view at IEEE DataPort. The measurements are com-
prised of raw I/Q measurement data, channel parameter estimates and the powers for
different propagation paths. In tandem with the dataset, some auxiliary code for creating
visualizations via MATLAB is provided, which is also used as the basis for the visualiza-

tions done in this thesis.

The measurements have been gathered by utilizing a 60 GHz OFDM radar, 5G PRS
signals, and a bistatic measurement scenario. Beamforming and angular sampling are
used to gather both LoS and NLoS (multipath) components. 5G positioning reference
signals and beamforming have been discussed in Section 2.3., and bistatic measure-
ment scenarios in Section 2.6. Measurement campaign details can be viewed in Table
2. More specific information on the devices used during the measurement campaign can

be found in the dataset description.

Table 2. Measurement campaign parameters as described in [53].

Centre frequency 60 GHz
Bandwidth 400 MHz
TX & RX antenna array field of view (FOV) 90°
Number of beams per 90° FOV 63
Beam sweeping angular step 1,5°
TX 3 dB beamwidth 8,6°
RX 3 dB beamwidth 12,8°
Total TX FOV with rotations 180°
Total RX FOV with rotations 360°
AoD range [-90°, 90°]
AoA range [-225°, 135°]

The measurement setup consists of 45 separate bistatic sensing measurements. The
receiver is set on a pre-determined trajectory, as illustrated in Figure 7. During the meas-
urement campaign the receiver is first set to a certain location, here to the left-most

square as depicted in Figure 7. SLAM measurements are then taken, during which the
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receiver remains stationary. After the measurements are taken, the receiver is moved to
the following position on the trajectory of 45 positions. This is repeated until the receiver

has reached the end of the trajectory.

B L]

DDDDDDDDDDDDBGDDDDDDDDD%D

= O:;,:,‘:ﬁf::p Ett%jz s
>
6 E]E]E]EFFPD

O

-10

-12

-5 0 5 10

Figure 7. The actual trajectory of the receiver in the measurement setup described in
[13], [53]. The blue squares depict the different positions of the receiver at the individual
measurement phases.

By using the results given in the dataset it is possible to directly visualize the SLAM
estimation results for single bounce paths. Figure 8 presents the estimated receiver lo-
cations, as well as all the landmarks observed from all the different positions of the re-
ceiver. As can be observed, there are some inaccuracies to the receiver location esti-
mates, as well as the placement of some of the landmarks; some landmarks are floating
up in the air when compared to the floor plan. Figure 9 presents the same landmarks as
a function of the received signal power of the associated path. Figure 10 visualizes the
different received powers from the landmarks in the upper right corner of the map visu-
alized in Figure 8 and Figure 9. Figure 11 presents the landmarks in 3D, to form a better
special awareness of the room being measured. Figure 12 showcases the landmark ob-
servations done in different time instances. It is possible to observe changes in the re-

ceived power in what is seemingly the same location.

These landmarks form the basis for the material estimation part of this thesis.
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Figure 8. The results of the SLAM estimation. The actual trajectory is overlaid by the
position estimates for the receiver and the landmarks. The position estimates are de-

picted with a cross symbol, and the estimated landmarks are depicted with stars.
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Figure 9. The landmarks depicted as a function of their associated propagation path’s
received signal power.
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Figure 10. A magnified view of the landmarks in the upper right centre of Figure 9.
Variation in the received signal power is visible between the landmarks, as is some clus-
tering of paths of similar received power.
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Figure 11. 3D-presentation of the received signal powers of the propagation paths
corresponding to the estimated landmarks.
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Figure 12. The progression of the receiver and the estimated landmarks at positions
1, 6 and 10. The received signal strengths from nearby landmarks change as the receiver
progresses through the environment.
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As can already be observed from the previous figures, the landmark estimates are not
completely accurate in comparison to the floor plan. Especially Figure 10 showcases the
separation of all the landmarks from the wall, from which they are most likely to have
been reflected from. In addition to this, there are multiple landmarks of different received
powers closely clustered together. While this might mean that there are different materi-
als present in close quarters, they might also be caused by scattering and estimation

errors.

Another way to visualize this uncertainty is by mapping the covariances of the landmarks

and the UE position estimates. This is illustrated in the following Figure 13, where the
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Figure 13. The covariances of the landmarks and the UE position as plotted with
80% certainty. On the left the results in position 20, on the right the results in pos. 28.

uncertainty of the landmark and UE positions is displayed via ellipses based on the 80%
certainty. Thus depending on the landmark observation and the UE position, the estimate

might be up to 1 metre off from the actual location.

4.2 Method of material parameter extraction

To be able to detect different materials utilized in the space from the measurement data,
it is necessary to process the data. The processing methods utilized in this thesis are

described below.

As the ITU-R P.2040-3 provides tabled values for different building materials (as previ-

ously listed in Table 1), the proposed method of material estimation is as follows:

1. Choosing an area of interest

2. Calculating the path distances and reflection angles for each landmark within the
area
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3. Calculating the reflection coefficients for each of the different materials by using
the path lengths and reflection angles of the landmark

4. Calculating approximates for the received signal power by using the reflection
coefficients solved in step 3

Comparing the actual received power of the landmark path with the approximates

Choosing the material which provides the nearest estimate for the received
power.

After all the landmarks within the area have been estimated, a combined estimate is
derived to evaluate whether the area can be considered to be comprised of 1 material,

or if it is likely for there to be several present.

The path length and the reflection angle are geometrically solved similarly to [34] by
using the coordinates of the receiver, the transmitter and the landmark in question. After
this, the reflection coefficient is solved by using the Equations (17) and (18) as described
in Section 3.3. In order to do this, it is first necessary to solve the relative permittivity of
the material. For dielectric materials this is done by using Eq. (16) in combination with
the tabled values listed in Table 1. The estimates done in this thesis are done by only

considering the real part of the complex permittivity.

As all the measured transmissions are performed with linear vertical polarization, we
assume that the surfaces in the direction of propagation are mainly parallel to the electric
field. With this assumption the reflection problem can be simplified to only consider trans-
verse electric polarization at the reflection points, thus being able to utilize (19) for solving
the reflection coefficient for the dielectric materials. For metal, which is the only listed
non-dielectric in Table 1, the reflection coefficient is estimated to be -1, as in the case of

metals the reflection loss is considered to be small.

As the measurement setup in [53] involves no use of automatic gain control, the gain of
the receiving antenna and the gain of the transmitting antenna are assumed to be con-
stant between the different path measurements. Similarly assuming a constant transmit
power, this enables the reformulation of the Eq. (2) for a LoS path to

p-k() (23)

where K is a constant describing the antenna gains and factors of free space path loss,
as they are constant for all line-of-sight paths. As the SLAM estimation provides us with
estimated LoS path received powers and the associated coordinates of the receiver and

the transmitter, the value of K can thus be solved.

This further simplifies also the received power equation given in Eq. (17), which is thus

reformulated as follows,
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I
1 2
Y 12
p=k(3) |_Ju1|, (24)

and as we consider only single-bounce scenarios, Eq. (24) thus becomes
2

p=k(3) I, (25)

which is in logarithmic format as presented in Eq. (26):

P. = K — 20logyo(d) + 20 log,o(IT]). (26)

Following this approach, the comparisons between the approximated received powers

and the actual received power are made for each landmark.
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5. RESULTS AND DISCUSSION

This section describes the results of the material estimation. The key findings of the es-
timation results are explained and potential errors and inaccuracies are evaluated graph-
ically from the derived visualizations. In addition, some particular examples from the es-

timation results are explored more in depth.

The material estimates achieved through the method explained in 4.2 are fully visualized
in Figure 14. The estimation method has identified landmarks in all of the 9 different
materials listed in the ITU-R recommendation [37], which are valid for the frequency of

60 GHz, which is the frequency used for the measurements. With the exception of the
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Figure 14. The material estimates for the single bounce path landmarks identified by
the SLAM algorithm. As can be observed, some clustering of similar estimates is present.

landmarks in range x > 8, y > 0, which can visually be classified as impossible single

bounce paths, all the other landmarks are considered single bounce paths.

Figure 15 depicts two chosen areas of interest from within the material estimation map
earlier depicted in Figure 14. On the left side of Figure 15 the material estimation can be
visually interpreted to be at least somewhat reliable, within the limitations of the material

database in our disposal. Landmarks of similar estimated materials are positioned in an
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Figure 15. A closer look at the material estimates within some areas of interest. On
the left the upper right area visualized in Figure 14, and on the right the pillars near the
centre of the area.

orderly manner, for example in the case of the 4 landmarks estimated to be metal at the
lower part of the picture, and in the case of the 6 landmarks estimated to be marble near
the centre of the image. However in addition to these seemingly accurate estimates for
marble and metal, some other materials such as the ceiling board are scattered more

widely, making it difficult to estimate if the material is actually present or not.

On the other hand, on the right side of Figure 15 the material estimates derived for the
two pillars near the centre of the measurement area can be viewed. Here it can be ob-
served that landmarks located very closely together (in range of 0.5 metres) receive
many different material estimate values. Plasterboard, chipboard, ceiling board, as well
as floorboard have been estimated as potential materials for the landmarks located at or
near the pillars. Partially this can be attributed to the similarity of the permittivities of the
materials: the real part of the permittivity for plasterboard is 2.73 and 2.58 for chipboard.
However, this does not explain the estimates for floorboard and ceiling board, their per-

mittivities being 3.66 and 1.48 respectively.

Further investigation reveals that the estimates for plasterboard are received in the spe-
cific position indexes 12, 14, 19 and 45 of the UE, which are — incidentally — each located

right next to the pillar with estimated incidence angles of less than 14 degrees.

As in our methodology we assumed transverse electric polarization at all incident reflec-
tion points, the problem is as a result over-simplified. With our assumption we mostly
considered the walls and other such landmarks and obstacles that are perpendicular to
the floor. In most environments, however, there are complex surfaces in various orienta-
tions when compared to the wave propagation. This is even more accurate for small

objects of spherical shapes, which cause reflections in all kinds of directions, removing
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us from the 2D-plane wave environment. Both slanted surfaces and irregular shapes in
the environment can cause the polarization to change. An example for permittivity esti-

mation for slanted surfaces has been provided in the appendix of [49].

Moreover, the current estimations cannot efficiently evaluate the structural and compo-
sitional properties of the materials discussed in Section 3.2. In order to effectively capture
these characteristics, it is necessary to develop more highly sophisticated models and
databases for material properties in different configurations of surface coarseness, and
in different layered structures. Another consideration is to extend the measurement cam-
paign to three dimensions, in which case it would be possible to estimate also the re-
ceived power caused by reflections and scattering away from the plane environment. As
expected, coarser materials cause more of the aforementioned effects, thus enabling

more efficient evaluation of the surface material.

Particularly related to the usage of SLAM data for doing material estimation, the estima-
tion accuracy suffers from the estimation uncertainty introduced by uncertain landmark
locations. While it is possible to extract material estimates and guesses based on the
landmark positions and path received powers, it is still necessary to consider several
landmarks in combination, to ascertain the material estimate is not misplaced, a result of
multibounce propagation. In addition, with the error margin in landmark locations in the
range of metres, it is difficult to ascertain which landmarks are in fact erroneously placed,
and which are caused by objects of different materials clustered closely together within

the error margin range.
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6. CONCLUSION AND FUTURE RESEARCH

This thesis investigated the opportunities for sensing and material estimation through the
means of utilizing the SLAM methodology. SLAM estimation was used as a basis for
doing material estimation from a bistatic sensing scenario. The key findings of this thesis

are the following:

Radio signals can be utilized for environmental sensing through leveraging the multipath
components of the transmitted signals. Different multipath components travel through
different paths, often being reflected from the items within the environment. These re-
flections cause attenuation to the signal strength, which information can be used together

with, most commonly,

the line-of-sight signal strength

the received signal’'s angle of arrival,

the transmitted signal’s angle of departure, and

the time delay

to geometrically solve the location of the reflection point. These reflection points can then
be used to formulate a map of the environment in which the communication is taking
place, by for example utilizing the SLAM filtering methods. For estimating the needed
parameters 5G already offers some methods, such as the existing UE positioning
schemes, which include the shared knowledge of the angle information, as well as meth-
ods for sharing the timing information between the transmitter and receiver. Moreover,
beamforming enables the communicating endpoints to more accurately distinguish the

direction where the signal is coming from.

Radio based sensing faces challenges in the high computational complexity of the map-
ping solutions used in SLAM, particularly at the UE end of the communication. Research
is ongoing for finding efficient solutions with lower computational complexity. Other chal-
lenges faced are the inability to gather information from all “corners” of the environment
being sensed, without having the UE travel through the entire room. The development of
an end-to-end system that would formulate the sensing data simultaneously with SLAM
data and communication remains a future topic, as do solutions combining the sensing

data from several sensing UEs.

From the material estimation perspective, the material of a reflection point was estimated

by leveraging the reflection coefficient of several materials. Thus it was possible to arrive
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to a broad estimate for the potential material. The material estimation results further
showcase, that this method is able to separate a material from another. However for
estimation accuracy it is required to consider several measurements, several landmarks
at once to account for the inaccuracies of the SLAM method used. Another challenge for
accurate material estimation is the need for literature values for different materials and
their parameters, particularly in relation to stratified materials and different surface struc-
tures. Thus the derivation of a database of values for the attenuations caused by reflec-
tions and scattering from a material with several degrees of surface granularity could be

named as a potential future topic.
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