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Abstract

Characterization of the indoor radio environment (RE) is a prerequisite for advances in the
design and optimization of next-generation indoor wireless networks and for the construc-
tion of a digital twin of the building. The need for comprehensive and accurate indoor
characterization will be evident in the future hyper-connected mixed real-virtual world,
where emerging applications in various areas such as wireless communications, spatial un-
derstanding, localization, automation, mediated reality, etc., will be based on environmen-
tal awareness. Novel, parsimonious, and intelligent environment awareness methodologies
that do not rely on specialized infrastructure and manual intervention are needed.

The dissertation addresses the problem of indoor environment characterization using
state-of-the-art wireless technologies and machine learning (ML) approaches. A novel
methodology for identifying indoor RE properties based on channel state information (CSI)
using ML approaches is proposed, formalized, and evaluated. The methodology is based
on two assumptions: the received signal conveys a RE signature, and the RE signature can
be estimated by analysing the wireless link.

The procedure for constructing the RE identification model from RE signatures is
streamlined into a framework. The framework specifies the RE signature, RE signature
acquisition, feature selection from CSI, CSI processing and storage, ML task, and ML
workflow. A large data set of CSI data acquired using ultra wideband (UWB) technology
in the microwave frequency band and annotated with environmental properties is built.
The data set contains channel impulse response (CIR) from a large number of rooms with
different sizes and materials for the surfaces and different positions of radio nodes.

The experiments presented in the dissertation provide an evaluation of the proposed
methodology for identifying surface materials from CIR, acquired with ray tracing method
in plain indoor environments and a comparative analysis along three main aspects: room
size, CIR acquisition strategy, and learning method. The ability of the models to generalize
to CIR acquisition strategies and room sizes not considered in the training process is
evaluated. The results show that the methodology can be applied to identify the material
of a single wall as well as the material of all surfaces in plain indoor environments. The
impact of radio nodes’ position and room size on the model performance is also confirmed.

The methodology is one of the main contributions of the dissertation. The material
identification presented in the dissertation is an initial example of indoor RE using the
proposed methodology. The methodology can be considered separately or as part of a
larger methodology to create an accurate and detailed digital twin of the building. One
of its main values lies in its extensibility to different CSI properties, CSI estimation meth-
ods, indoor environments, and indoor characterization tasks. The methodology provides
the foundation (or environmental context) needed to develop state-of-the-art methods for
environmentally aware indoor wireless communications. Its importance is emphasized in
the era of next-generation communications, where a detailed description of the propaga-
tion environment is a prerequisite for improving communications performance to meet the
requirements of emerging applications.
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Povzetek

Opis in označba notranjega radijskega okolja (RE) je predpogoj za napredek pri načrtova-
nju in optimizaciji brezžičnih omrežij naslednje generacije v notranjih okoljih ter za izgra-
dnjo digitalnega dvojčka stavbe. Potreba po celoviti in natančni oceni in označbi notranjega
RE bo še posebej očitna v prihodnjem hiper-povezanem mešanem realno-virtualnem svetu,
kjer bodo nastajajoče aplikacije na različnih področjih, kot so brezžične komunikacije, pro-
storsko razumevanje, lokalizacija, avtomatizacija, posredovana resničnost, itd., temeljile na
zavedanju okolice. Zato potrebujemo nove, varčne in inteligentne metodologije zaznavanja
okolja, ki niso odvisne od specializirane infrastrukture in ročnega posredovanja.

Disertacija obravnava problem ocene in označbe notranjega okolja z uporabo najsodob-
nejših brezžičnih tehnologij in pristopov strojnega učenja (ML). Predlagana, formalizirana
in ovrednotena je nova metodologija za ugotavljanje lastnosti notranjega RE na podlagi
informacij o stanju kanala (CSI) z uporabo pristopov ML. Metodologija temelji na dveh
predpostavkah: sprejeti signal vsebuje podpis RE in podpis RE je mogoče oceniti z analizo
brezžične povezave.

Postopek izgradnje ML identifikacijskega modela RE iz podpisov RE je strnjen v ra-
zvojno ogrodje, ki določa podpis RE, pridobivanje podpisa RE, izbiro značilnosti iz CSI,
obdelavo in shranjevanje CSI, naloge in delovni tok ML. Ustvarili smo tudi velik nabor
podatkov CSI, pridobljenih z upoštevanjem ultra širokopasovne tehnologije (UWB) v mi-
krovalovnem frekvenčnem področju. CSI smo opremili tudi z oznakami lastnosti okolja.
Nabor podatkov vključuje podatke CIR velikega števila sob različnih velikosti, katerih stene
so iz različnih materialov. Podatke smo pridobili z različnimi položaji radijskih vozlišč.

Testni scenariji, predstavljeni v disertaciji, zagotavljajo oceno ustreznosti predlagane
metodologije za prepoznavanje površinskih materialov iz CIR, ki smo jih pridobili z metodo
sledenja žarkom v preprostih notranjih okoljih. Opravili smo primerjalno analizo glede na
tri glavne vidike, in sicer velikost sobe, strategijo pridobivanja podatkov CIR in metodo
učenja. Ocenjena je sposobnost posplošitve modelov na strategije pridobivanja CIR in
velikosti prostorov, ki niso bile upoštevane v postopku učenja. Rezultati kažejo, da se
metodologija lahko uporablja za identifikacijo materiala ene stene in materialov vseh sten
v preprostih notranjih okoljih. Rezultati tudi potrjujejo, da položaj radijskih vozlišč in
velikost prostora vplivata na lastnosti modelov.

Metodologija je eden glavnih prispevkov disertacije. Identifikacija materiala stene v
notranjih okoljih, predstavljena v disertaciji, je začetni primer uporabe predlagane me-
todologije. Mogoče jo je obravnavati ločeno ali kot del večje metodologije za izdelavo
natančnega in podrobnega digitalnega dvojčka stavbe. Ena od njenih glavnih vrednosti je
razširljivost na različne lastnosti CSI, metode ocenjevanja CSI, notranja okolja in naloge
opisovanja notranjih prostorov. Metodologija zagotavlja podlago (ali okoljski kontekst), ki
je potrebna za razvoj najsodobnejših metod za okoljsko ozaveščene brezžične komunikacije
v notranjih okoljih. Njen pomen je poudarjen v luči komunikacije naslednje generacije,
kjer bo podroben opis okolja razširjanja radijskih signalov predpogoj za izboljšanje komu-
nikacijske zmogljivosti za potrebe nastajajočih aplikacij.
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Chapter 1

Introduction

1.1 Motivation

Wireless communication networks will play a crucial role in smooth interaction between
people, data, processes, and things. To meet the requirements of a diverse range of Internet
of Everything (IoE) applications beyond just human use, wireless communications must
be intelligent, environmentally aware, and capable of adapting dynamically and rapidly to
the propagation environment. Therefore, a detailed radio environment (RE) description is
vital to support the development of wireless communication systems.

Current methods to characterize indoor environments are limited in the environmental
information they provide, only providing details such as object distance, surface and ob-
ject geometry, and isolated sample dielectric properties [1]. These methods are also costly
and time-consuming, making them impractical for larger spaces. Additionally, specialized
equipment and trained personnel are required, making them inaccessible for widespread use
and presenting logistical challenges. Furthermore, their inflexibility due to limitations in
adaptability, cost-effectiveness, and maintenance requirements makes them unsuitable for
the future intelligent world. To accurately and seamlessly characterize buildings in future
scenarios, it is more beneficial to use novel methods that reduce unnecessary complex-
ity, eliminate the need for manual intervention, and incorporate automatic environment
reconstruction techniques. These methods should also be efficient, flexible, and agile.

The motivation for the research presented in this doctoral dissertation is the need for a
comprehensive characterization of the radio propagation environments within a building,
with a specific focus on the electromagnetic (EM) characteristics of the building’s struc-
ture. Characterizing building properties at the radio signal propagation level is crucial for
designing and optimizing future wireless systems and enhancing their performance in in-
door environments. This information can also facilitate spatial understanding, automation,
and mediated reality in the future mixed real-virtual world. With the enormous number of
connected devices in future wireless networks and their widespread deployment in indoor
spaces with different geometries and EM properties, sensing the propagation environment
with radio waves has become an unprecedented opportunity. The large amount of data
that will be available paves the way for the joint use of wireless technologies and machine
learning (ML) techniques for the identification of indoor environment properties.

The use of the received signal properties to achieve ML-based characterization of indoor
radio propagation environment still needs to be investigated. A learning-based approach for
propagation environment characterization holds great promise in tackling complex issues
like material characterization, for which conventional methods are costly, time-consuming,
and dependent on specialized equipment. The theory of EM radiation provides the founda-
tion for understanding the impact of the indoor environment on radio propagation which is
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crucial for the tailored construction of ML models. Nonetheless, how to utilize the domain
knowledge to inform data-driven approaches, enhance the learning process, and ensure the
reliability of the models is not reported.

Having accurate information about the propagation environment is crucial for develop-
ing solutions that aid wireless communications by sensing and utilizing the environment.
This field of research holds immense potential for the future of environmentally aware
communications and is vital for meeting performance requirements while reducing envi-
ronmental pollution caused by EM waves. Furthermore, it has a wide range of benefits
for various applications in other domains that depend on a detailed description of the in-
door environment, ultimately facilitating human activities in future buildings. With the
increasing urban population, the prevalence of indoor structures, and people engaging in
indoor activities such as work, study, sport, and leisure, the importance of propagation
environment characterization for high-performance indoor communication is further high-
lighted.

The possibility of estimating the propagation environment using the RE signature in-
cluded in the received radio signals motivated our research toward radio-based scanning of
buildings. The interaction between the propagating waves and the propagation environ-
ment surrounding the wireless link leaves information about the multipath characteristics
of the indoor structure in the waves reaching the receiver. Recent advancements in wide-
band radio technologies, specifically in estimating CSI, allowing the received signal to be
utilized for characterizing indoor environments. The idea of using RE signatures and ML
models for RE characterization is illustrated in Figure 1.1. The large number of radio de-
vices operating in high-frequency bands, with sensing capabilities, deployed indoors opens
the possibility of sharing existing indoor wireless infrastructure for communication and
sensing. Therefore, the wireless sensing infrastructure could be used for RE acquisition.
The properties of the RE result in a unique distortion of the received signal, i.e., the RE
signature. It is foreseen that the ML algorithms can extract knowledge about the rela-
tionship between the RE signature and RE properties based on a corpus of RE signatures
from spatially distributed wireless links and learn a RE identification model. The RE
identification model is expected to accurately predict the RE properties (EM properties
of materials, size, shape, and roughness) from the RE signature for a new indoor environ-
ment. The detailed description of the RE properties could be included in a multi-layered
description of the building, which holds information about various aspects of the building
obtained from heterogeneous sensing methods, including cameras, infrared lasers, MIMO-
based sensing methods, ML-based methods, and new methods that will be developed in
the future. The enhanced RE awareness can serve as a basis for developing novel methods
toward environmentally aware wireless communications.

Indoor scanning methodologies that do not depend on a cumbersome and expensive
infrastructure for a specific environment scanning function are desirable for cost-effective
and ubiquitous sensing. The correlation between the received signal and the propaga-
tion environment properties makes the propagation environment characterization problem
adequate for ML analysis. Over the last decade, ML techniques gained prominence in
different domains concerned with data-intensive problems and have proven the ability to
extract knowledge from labeled data. To train models that can identify the propagation
environment from CSI, a large amount of data from different propagation environments
and communication system configurations is necessary.

In the hyper-connected world, the growth in data available across the infrastructure of
wireless communication systems will persist and even intensify with the ubiquitous indoor
deployment of emerging broadband wireless communication technologies. The expected
availability of a vast amount of data, with embedded information about the multipath



1.2. Aims and Objectives 3

Figure 1.1: Indoor RE characterization using RE signature and ML. Illustration of the
idea.

characteristics of the propagation environment, across the ubiquitous wireless infrastruc-
ture motivated our research in data-driven identification of the propagation environment
properties. The wireless network infrastructure will become an essential enabler for us-
ing ML techniques to tackle the problem of propagation environment characterization and
other complex problems from various verticals in smart buildings. The emerging wireless
technologies and infrastructure will enable the ML-based identification of the properties
of the propagation environment that affect indoor propagation by providing data that
conveys information about the multipath characteristics of the environment and will pro-
vide potential for communication performance optimization and environmental-awareness
enhancement.

1.2 Aims and Objectives

The main aim of this dissertation is to enhance environmental awareness about the physi-
cal inner building structure with information about the characteristics of the propagation
environment that affect indoor wireless communication by exploiting the indoor radio net-
works, the RE signature included in the received signal, and the capability of broadband
radio technologies to estimate the CSI. Environmental awareness is required to develop
wireless communication systems that cope with the increasing demand for connectivity
and elevate the user experience to a higher level. The wireless network infrastructure and
ML methods are essential enablers toward this aim. In particular, the future radio networks
deployed inside buildings will be the primary source of data containing the environmental
signature. Consequently, they will foster the use of ML for emerging problems in wireless
communications. ML is an essential tool to extract knowledge from the data to identify
the propagation environment based on CSI.

Hence, the main scientific objective is to formalize and evaluate a methodology for
the characterization of the indoor propagation environment in terms of the properties of
the bounding surfaces that affect the indoor propagation from RE signature (or CSI) by
taking advantage of the ubiquitous infrastructure of cutting-edge wireless technologies and
state-of-the-art ML approaches capable of learning models from data.

To achieve the main objective, the following specific objectives shall be accomplished:

• O1: Build relevant theoretical foundations from indoor radio propagation
and ML domains for domain knowledge-driven use of ML. The theoretical
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foundations of both wireless communication and ML are crucial for the develop-
ment of an optimal methodology that exploits the complementary strengths of both
domains. The communication perspective is imperative for the informative use of
powerful ML methods and accurate identification of the propagation environment.

• O2: Develop a method for radio-based acquisition of the propagation en-
vironment properties. Radio-propagation-based environment acquisition method
is essential for seamless environment scanning and constructing an open sensing
database.

• O3: Collect data sets with propagation characteristics from various phys-
ical environments and communication system configurations and make
them available to support research in intelligent wireless sensing. The
sensing database is imperative for constructing machine-learning models capable of
predicting the propagation environment.

• O4: Propose a ML workflow for propagation environment prediction based
on CSI.

• O5: Evaluate the proposed methodology for material characterization of
the inner building structure.

1.3 Hypothesis

The main hypotheses of the dissertation are as follows.

• H1: The channel impulse response (CIR) contains a signature of the indoor
RE. Due to the interaction of the radio waves with the surrounding, the CIR includes
information about the geometry and EM properties of the indoor environment.

• H2: Materials in the propagation environment can be predicted from CIR
with ML models. ML methods can build models capable of predicting the materials
in the propagation environment for input CIRs estimated for traced rays.

• H3: Due to the different EM properties, some materials can be identified
more accurately than others. Some materials have a greater effect on radio
propagation than others; thus, the environment information loaded in the CIR is
richer, and some materials can be identified more accurately than others.

• H4: The wireless link position relative to the room affects the prediction
performance. Based on the position of the transmitter/receiver, some wireless
links convey richer environmental information compared to others. Consequently,
the propagation environment can be predicted more accurately based on some links
than on others.

• H5: Including data from various rooms and radio node positions in the
training process results in more general models with wider practical ap-
plicability. Including CIRs from a large number of rooms with different sizes and
surface materials estimated with different radio node positions in the training process
results in models able to make accurate predictions for larger set of rooms.
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1.4 Scientific Contribution

This dissertation contributes to state-of-the-art interdisciplinary research on wireless tech-
nologies for seamless sensing of indoor radio propagation environments, using ML to an-
alyze the abundance of propagation data provided by emerging communication systems
and extract knowledge about the correlation between CSI and propagation environment
characteristics.

In particular, the scientific contributions of the dissertation are summarized as follows:

• C1: Use of RE signature for identification of the materials inside buildings.
We exploit the information the materials from the reflective surfaces leave on the
received signal.

• C2: Adoption of ML techniques as a tool for RE characterization. Adopting
ML methods for learning models capable of predicting the RE’s propagation-level
properties from RE signatures is an original unpublished/unattended approach.

• C3: Novel interdisciplinary method for intelligent (i.e., ML-based) wireless
sensing of radio propagation environment inside buildings using CSI. The
breakthrough provided by the proposed method is the ability to predict the indoor
propagation environment properties by taking advantage of the environmental infor-
mation embedded in the radio signals. Hence, the solution does not require dedicated
sensing equipment and human operator, which makes it seamless, cost-effective, and
less time-consuming.

This contribution is composed of several important contributions:

• C3.1: Indoor environments and communication system configurations
for training models. We select several indoor environment setups which
differ in the shape and dimension of the indoor structure and material of the
surfaces. We chose several communication system setups described by wireless
technology, wireless node location and setup, antenna configuration, frequency
and bandwidth, and channel state estimation methods for collecting propagation
data needed for building relevant models.

• C3.2: CIR parameters as input for the learning task. We use domain ex-
pertise to select the CIR parameters as channel state characteristic that conveys
rich environment description that can be used as a data point in the sensing
data sets.

• C3.3: Suitable ML workflow. We adopt ML techniques as a tool to imple-
ment the RE characterization with the CIR. The problem is formalized as a
ML task, and we selected an appropriate state-of-the-art ML workflow for the
learning task. The workflow includes (i) designing the data sets and generating
features, (ii) selecting ML techniques suitable for the task and data, and (iii)
selecting evaluation metrics and evaluation scenarios.

• C3.4: Inside building material characterization. We evaluate the pro-
posed method for material characterization of plain rooms with two levels of
complexity in terms of the number of materials affecting wireless propagation.
We investigated several scenarios in terms of room sizes and link layouts in-
cluded in the learning process.

• C4: Ultra-wideband indoor CSI data sets available as part of the open
indoor sensing database. We collect a large and diverse set of CSI from wireless
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links located in various locations in numerous rooms with different sizes and EM
properties related to the materials used for the surfaces. We label the datasets with
environmental properties, i.e., the shape, dimensions, and material of each surface in
the room. Thus, we provide representative annotated datasets for training, validat-
ing, and testing ML models and make them available to the research community for
further characterization and modeling.

• C5: The proposed method provides environment context, which can en-
hance the buildings’ digital twin and contributes to developing pioneer-
ing methods for improved radio communication in the next-generation
communication era. The comprehensive description of the environment enables
solutions for many vertical applications in future smart buildings and methods for
predicting the radio channel beyond the current state of the art to improve indoor
wireless communications.

1.5 Dissertation Structure

In the introductory chapter, we give the motivation for identifying indoor RE proper-
ties based on CSI using ML approaches. Also, we state the aims and hypotheses of the
dissertation, followed by the original scientific contributions of the dissertation.

In Chapter 2, we provide an overview of the background knowledge from the radio
propagation and ML areas used for the dissertation. The theoretical foundations related to
indoor radio propagation, the impact of the indoor environment on radio propagation, the
use of ray tracing techniques in indoor environments, and ML with emphasis on approaches
for tackling classification learning tasks are covered.

In Chapter 3, we present a review of the state-of-the-art literature in the key research
areas related to our work: convergence of sensing and communication, characterization
of indoor environments, identification of indoor environment, and EM characterization of
materials, and we identify the gaps in the literature on environmental awareness.

In Chapter 4, we propose a novel methodology for intelligent CSI-based characteri-
zation of the indoor RE. First, we describe the identification of RE properties based on
RE signature using ML models. Next, we formalize the framework that streamlines the
procedure for the characterization of indoor RE with a RE identification model. Finally,
we expound upon the practical application of the RE identification model in characterizing
a specific indoor environment.

In Chapter 5, we elaborate on the procedure for experimental evaluation of the pro-
posed methodology for material characterization in indoor RE. Firstly, we delineate the
experimental questions that we consider. Secondly, we specify the relevant characteristics
of the indoor environments and communication system setup that are considered in the
experiments. Thirdly, we define the experimental scenarios, and we outline the procedure
for building the data sets, followed by a description of the data sets. Finally, we define the
evaluation measures for assessing the ML model’s performance.

In Chapter 6, we report the results obtained from the experiments and discuss them in
the context of the research objectives and questions.

Finally, we conclude the dissertation with Chapter 7, where we summarize the disser-
tation, emphasize the scientific contributions and give directions for future work.
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Chapter 2

Background

This dissertation addresses the problem of indoor environment characterization through
the use of wireless technology and machine learning. Wireless technology is used to acquire
indoor radio propagation data, and machine learning methods are utilized to learn models
capable of predicting the indoor RE properties from the RE signature. This chapter
provides the necessary background for this dissertation, covering indoor radio propagation
and machine learning tasks and methods. It begins with an explanation of how surface
materials affect radio wave propagation, followed by a description of the RE signature and
the ray-tracing method. The chapter continues with a formal definition of the multi-class
and the multi-label classification tasks and an overview of the learning methods used in
this dissertation.

2.1 Radio Wave Propagation in Indoor Environments

The transmission medium between the transmitter and the receiver in indoor wireless
communications is usually referred to as indoor radio channel [2], [3]. The indoor radio
channel causes impairments to the radio signals, which can be mitigated by the appropriate
design of transmitters and receivers. Another approach that can be used to mitigate
the challenges encountered indoors is to proactively reconfigure the wireless propagation
environment using reconfigurable intelligent surfaces [4]. The information that has to
be transmitted from the transmitter to the receiver is carried by radio waves. Several
wavelengths from the transmitting antenna, the radio waves are plane waves [3]. A plane
wave’s electric and magnetic fields are perpendicular to each other and the direction of the
propagation of the wave. These two fields are in phase at any point in time or space and
the wavefront is the plane normal to the direction of the propagation. Plane waves can be
represented by radio rays which are lines indicating the direction of propagation [5]. When
the ray concept is valid, the radio wave propagation inside buildings can be described with
the radio propagation mechanisms such as reflection, refraction, transmission, diffraction,
and scattering [3].

A radio link between a transmitter and a receiver with omnidirectional antennas in an
indoor environment is depicted in Figure 2.1. The indoor radio propagation depends on
the indoor environment geometry (size and shape), the EM properties of the construction
materials, the transmitter/receiver location, the number of floors and walls in-between the
transmitter and the receiver (in the case when the transmitter and receiver are located in
different floor or rooms), the height where the transmitter and receiver are mounted, the
distance between the transmitter and the receiver, the antenna parameters, the operating
frequency, the polarization, the layout of rooms, and the obstacles (furniture, furnishing,
plants, objects, and people) [3], [5]. The obstacles in the indoor propagation environment
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interact with the propagating radio waves. Due to the various indoor propagation mecha-
nisms, the transmitted radio wave often reaches the receiver through numerous propagation
paths [2]. These additional copies of the transmitted wave, known as multipath compo-
nents (MPCs), can be attenuated in power, delayed in time, and shifted in phase compared
to the line of sight (LOS) path. The MPCs arriving from indirect paths and the direct path
(if LOS exists) combine at the receiver, which often results in distortion of the received
wave relative to the transmitted wave. Depending on the phases of the components, they
can sum up as constructive or destructive.

Figure 2.1: Schematic representation of multipath propagation in an indoor environment.
The room is represented as a cube. The yellow stars show the rays’ interactions with the
surfaces. The direct path is denoted by a red line, single bounce reflections are illustrated
by green lines, and the scattering is represented with blue lines. Tx: transmitter, Rx:
Receiver, LOS: LOS.

When the obstacles have very large dimensions compared to the wavelength, the prop-
agating radio wave is reflected and part of the energy penetrates the interacting object.
Typically, inside a building, a reflection occurs from the large and smooth surfaces of the
walls. The propagation direction of the reflected and the transmitted rays is determined
by the law of reflection [3]. The magnitude of the reflected and transmitted fields is given
relative to the magnitude of the incident field by Fresnel’s reflection and transmission coef-
ficients [3]. The coefficients depend on the EM properties of the materials, frequency, and
polarization of the propagating radio wave, and angle of incidence [6]. If the surfaces of
the interacting object are rough, the reflected waves are scattered. The degree of scatter-
ing depends on the angle of incidence and the roughness of the surface in comparison to
the wavelength. The apparent roughness of the surfaces is reduced as the incident angle
comes closer to the grazing incidence. Scattering becomes much more significant for waves
with high frequencies. Diffraction is not a dominant indoor propagation mechanism, but it
emerges on the border between two different materials, e.g., at the edges of windows and
doors, where glass or wood meets with walls built of concrete, brick, or plaster, or on the
sharp change in the shape of the building structure, e.g., at the corners and edges between
walls or walls and ceiling.
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The geometric and dielectric characteristics of the indoor propagation environment
significantly vary for the various buildings in practice. For instance, the mechanisms behind
the radio propagation are different in open spaces with minimal obstructions, typically
factories in industrial environments, and enclosed spaces with many obstacles, typically
cubical rooms in office and residential environments [7]–[12]. The age of the building
and the area where the building is located may additionally determine the construction
practices applied.

Due to the motion of the obstacles and the multipath propagation, the transmission
medium varies strongly with time. In crowded and dynamic indoor environments, such
as shopping malls, airports, etc., the channel statistics change even when the transmitter
and the receiver are fixed. In residential and office buildings with low dynamics, it can be
assumed that the channel is quasi-static over a short period.

2.1.1 Effect of building materials on radio wave propagation

Inside the building, the propagating radio wave traverses from one media to another and
the boundaries between two media with different EM properties result in changes in the
amplitude, phase, and direction of the propagating radio waves [13]. Usually, one of the
media is air and the other is the construction material of the indoor structure. The
EM properties and the material structure affect the radio wave, which results in signal
attenuation. At high-frequencies, the propagation is affected also by the granularity on
the surfaces, which comes from the type of construction materials used, their texture, and
variation in density, and porosity.

The EM properties of materials have a dominant effect on the reflection from, and
transmission of, radio waves through building materials and on the absorption of radio
wave energy in these materials [3]. On the other hand, the EM properties of the building
materials are not of primary importance when determining the effect of diffraction and
scattering on the radio waves. A frequency-dependent assumption can be made that the
reflection is the dominant mechanism in buildings where the space is bounded by walls,
doors, and windows, which can be approximated as planar, quasi-two-dimensional struc-
tures with smooth surfaces compared to the wavelength. When the wave reaches the
plane interface between air and another material with different electrical properties, due to
changes in the wave impedance, part of the energy reflects while the remainder penetrates
through. The magnitudes of the reflected and transmitted components can be determined
from the incident field using the Fresnel reflection and transmission coefficients [3]. The
coefficients depend on the EM properties of the two media, properties of the incident wave
(frequency and polarisation), and the angle of incidence. The transmitted field exponen-
tially decreases with the distance traveled through lossy material. For multi-layer slabs,
multiple internal reflections occur in the layers. When the ends of the radio link are not
separated by a wall or partitions, through the wall penetration can be just considered
as transmission loss. Conventional building materials are non-ionised and non-magnetic,
therefore the electrical properties of the material (permittivity and conductivity) affect
the reflection. The evidence from practice shows that for many materials the real part
of the permittivity is constant in the range of 5-10 GHz and after that starts to fall with
frequency, while the conductivity strongly increases with frequency [13]. The frequency
dependence makes it hard to obtain representative data with material properties close to
the frequency of interest.

Some of the construction practices, mainly related to the construction method for the
walls and layering method for the windows, may vary in different regions because of com-
mon practices specific to an area or government regulations. In some buildings, materials
such as brick and concrete are usually used for the walls, regardless of whether they are
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load-bearing or not, inner or outer. In other buildings, reinforced concrete is commonly
used for load-bearing walls, plaster for interior partitions, and brick with insulation for
the outer walls. The need to improve thermal performance and energy efficiency, driven
by zero-carbon requirements in future smart buildings, means that different approaches to
layering surfaces are currently or will be used in the future. Wood is commonly used as
a building material, especially in residential buildings, but also in offices. Most often it is
used for flooring, but it is not uncommon for it to be used for wall surfaces for thermal
or interior design reasons. For windows, construction trends range from single-glazed win-
dows with a single pane of glass to energy-efficient windows with multiple layers of glass
and/or thin metal foils separated by a vacuum.

2.1.2 RE signature

The proposed methodology is based on the assumption that the received signal conveys RE
signature as a result of an environment-specific distortion of the propagating waves [14].
The RE signatures can be further analysed and used to understand the characteristics of
the space and the wireless propagation channel. We define the RE signature as distinc-
tively unique information about the propagation environment around a wireless link that is
specific to the layout and configuration of the end-nodes. The signature of the environment
is closely related to the rich multipath channel in indoor environments. The indoor chan-
nel is characterized by the presence of MPCs with different properties (amplitude, delay,
phase shift, and angle of arrival) that are created due to interactions between the waves
and structures composing the space, such as walls, floors, ceilings, and other objects. The
signature includes information about how the waves are reflected, absorbed, or scattered
by the materials and the structures within the space. The signature that the environment
leaves on the propagation of EM waves can vary significantly between different wireless
links due to a variety of factors that influence the behavior of these waves within a space.
One key factor is the frequency of the EM waves being used. Different wireless technologies
use different ranges of wavelengths and frequencies, and these can be affected differently
by the materials and structures within a space. For example, radio waves with longer
wavelengths may be more likely to penetrate walls and other structures, while waves with
shorter wavelengths may be more easily absorbed or scattered by these materials [3]. The
use of multiple antennas and placement of antennas at specific heights or orientations can
also affect the signature of the environment, as the waves may be reflected or absorbed
differently by the materials and structures within a space depending on the angle of inci-
dence. The layout and configuration of the space itself can also influence the signature. For
example, large flat surfaces like walls will reflect the waves. Depending on the materials
used and their texture compared to the wavelength, the walls may also absorb and scatter
the waves. The presence of people and other objects within a space can additionally affect
the signature. Therefore, each link depicts the surrounding in a unique way determined
by the position of the radio nodes, geometry and EM properties of the environment, and
configuration of the communication system.

2.1.3 Ray-tracing method

The ultimate details of the EM propagation characteristics could be exactly computed by
solving Maxwell’s equations with boundary conditions that express the physical properties
of the walls and other structures in the building that interact with the radio waves [3]. In
a real environment consisting of a large number of elements and made of materials with
various EM properties, precise consideration of Maxwell equations requires complex math-
ematical operations and considerable computing power. Therefore, approximate numerical
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methods are of interest [15].
Ray-tracing is a deterministic propagation prediction method based on Geometrical Op-

tics (GO) that can be used for approximate estimation of the high-frequency EM fields [16]–
[19]. Ray-tracing is less demanding in terms of computation than the numerical methods
for solving the Maxwell’s equation, such as Finite Difference Time Domain method (FDTD)
[20], Method of Moments (MoM) [21], and Finite Element Method (FEM) [22]. The ray-
tracing method is used to determine the MPCs including their amplitudes, time delays,
and phases. Detailed knowledge of the environment (geometry described with the location
of the facets and electrical properties of the building facets given with the permittivity,
conductivity, and the reflection and transmission coefficients), the location of the radio
nodes (transmitter and receiver), antenna patterns and frequency of operation are a re-
quired input for the ray-tracing method. The accuracy of the ray-tracing method depends
on the accuracy of the description of the propagation environment. It is most accurate
when the point of observation is many wavelengths from the nearest obstacles, and all
obstacles are large compared to the wavelengths and smooth (the surface irregularities are
small compared to the wavelength).

The concept of ray-tracing is based on the GO assumption that the energy can be
considered to be radiated through infinitesimally small tubes along a certain straight line
called ray. Therefore, high-frequency radio waves can be approximated with rays and the
radio wave propagation can be modeled as ray propagation. The direction of the radio
ray is perpendicular to the plane wave’s electric field vector and magnetic field vector [3].
The rays are launched from a transmitter location and the interaction of the rays can be
described with a theory of reflection and refraction. In GO only direct, reflected, and
refracted rays are considered. The GO theory is complemented by the Geometrical Theory
of Diffraction (GTD) and its uniform extension, the Uniform Theory of Diffraction (UTD)
by introducing new types of rays, called diffracted rays [23], [24]. Diffracted rays are
produced by incident rays that hit edges, corners, or vertices of boundary surfaces. Away
from points of diffraction, the diffracted rays propagate as GO rays. The Fermat principle
and the principle of the local field are two basic principles extensively used in the ray
models [25]. The Fermat principle states that a ray follows the shortest path from a source
point to a field point, while the principle of the local field states that high-frequency rays
produce reflection, refraction, and diffraction when hit on a facet. This depends only on
the electrical and geometrical properties of the obstacle at the point of interaction.

The principle of ray handling is an essential aspect of the ray-tracing algorithm. Based
on the ray handling approach, there are two main methods: the brute force method and
the method of images [15]. The methods are illustrated in Figure 2.2 and Figure 2.3.

The first method uses a brute force approach for tracing a large number of rays from
the transmitter in all directions in the scene. The rays interact with the environment
before they reach the receiver. The concept of a reception sphere with the adequate radius
(depends on the path length of a particular ray and the angle between neighbouring shot
rays) is used to detect the rays passing close to the receivers. The accuracy of the method
is determined by the number of rays and the distance from the transmitter to the receiver
location. The rays at the source point can be obtained using two-dimensional (2-D) and
three-dimensional (3-D) methods [26], [27]. In two dimensions, the rays are launched along
different directions in a plane with fixed angular spacing so that each ray carries similar
power. The selection of the angle depends on the required accuracy and the computation
time. In three dimensions, the rays are launched at an elevation and azimuth angle, and
antenna patterns are incorporated to include the effects of antenna beam width. The
ray-tracing algorithms that use this method refer to the principles of ray launching [28],
pincushion method [29] or shooting and bouncing rays (SBR) [30]. The computational
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Figure 2.2: Shooting and bouncing rays in an indoor environment—presentation in two
dimensions. Tx: transmitter, Rx: receiver.

Figure 2.3: Method of images in an indoor environment—presentation in two dimensions.
Tx: transmitter, Rx: receiver.

complexity of the brute force method depends on the number of facets and objects in the
propagation environment for which an interaction test has to be made and the number
of shot rays. The method of images is based on image theory. It assumes each facet
of the indoor environment to be a mirror. The path of the ray reflected from a facet is
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represented as a ray radiated directly from the virtual source which is a symmetrical image
of the transmitter with respect to the plane that contains the facet.

The ray-tracing method is widely used for indoor propagation modeling. In this study,
a 3-D propagation model (X3D) that runs on a graphics processing unit (GPU) and uses
multi-threading to shorten the run times is considered [31]. The model includes reflections,
transmissions, and diffractions along with frequency-dependent atmospheric absorption.
After finding the SBR path, X3D implements Exact Path Calculator (EPC) algorithm
[31] to find the paths that reach the exact receiver location. This correction reduces the
errors in calculations without the longer run times required by the methods based on image
theory.

2.2 Machine Learning

Machine learning (ML) is a field of artificial intelligence that lays at the intersection be-
tween computer science and statistics and is the core of data science [32], [33]. It is
concerned with computer programs and systems that are able to leverage data to learn
and automatically improve through the experience without being explicitly programmed.
The ML field is intertwined with the field of data mining (also known as knowledge min-
ing) which uses ML algorithms/methods/schemes to discover useful knowledge from a vast
amount of data [34]. ML has progressed significantly over the past two decades in labora-
tory research but also in practical implementation in widespread commercial use [35]. The
progress was driven by the development of theory in the field and the availability of open
data and low-cost computation. Recently, methods based on ML have been successfully
applied in diverse fields ranging from science, engineering, biology, medicine, finance, mar-
keting, manufacturing, entertainment, agriculture, and more. ML is foreseen appropriate
for the identification of indoor RE properties from RE signature due to (i) the correlation
between the environmental information loaded in the signature and the indoor environ-
ment and (ii) the large amount of indoor propagation data in the next-generation wireless
networks.

Inductive learning is an important concept in ML, where the experience given as an
input to the ML algorithm is in the form of a training data set that contains the complete
set of data available as a set of examples/instances/records. The output produced by the
learning algorithm is a ML model [36]. The model is constructed based on available data
that is part of all data and is expected to generalize (to be applicable) from new instances
in data that were not seen during the learning. Each instance is an individual example
of the object of interest and it is characterized by a number of attributes/variables that
correspond to its properties. Since the size of the training data set and the predictive
performance are positively correlated, the largest possible training data set is preferred.
However, in practice, due to limited computational resources, scarcity of data, cost of an-
notation, or requirements of the particular application, the common practice is to limit the
size of the training data set. Traditionally, the training data set is given in the structured
form, most often as a flat table where each row is a training instance and each column is an
attribute, or alternatively as a relational database. Recently, emerging data sources (such
as Internet of things (IoT), multimedia, rich media, documents etc.) produce unstructured
data (data that does not fit in a table and is a conglomeration of many varied types of
data stored in different native formats) which requires specific processing to be converted
to structured and fed to available tools or development of new tools that are capable of
handling it in its native form.

The properties of an object can be represented with different types of variables that
have to be considered in the selection of a ML algorithm. The attributes may belong to two
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main types: (i) categorical/qualitative attributes that can usually be nominal, ordinal, or
binary, and (ii) numeric/quantitative that can usually be discrete or continuous [34]. Data
sets often contain variables that are categorized as ignore attributes, these are variables
that are not significant for the application but because of some reason are kept in the data
set.

In ML, data can be categorized into labeled and unlabeled. Labeled data is data
that has been assigned a specific attribute or label that represents a property for which
the ML system should learn to predict its value for unseen data samples. It is obtained
through a process known as data annotation where unlabeled samples are labeled (also
called marked/tagged) with outcomes that are used in the learning process. On the other
hand, unlabeled data refers to data that has not been assigned any label or category.

Depending on the specific learning goal and the characteristics of the available data, the
following ML approaches exist: supervised learning, unsupervised learning, semi-supervised
learning, and reinforcement learning [34], [36], [37]. Supervised learning is a mature and
widely researched area in ML that relates to concept learning [36]. The focus in supervised
learning is on modeling the relationship between the input properties (also called input, de-
scriptive, or independent attributes/features/variables) and output properties (also called
output, target, response, or dependent attribute/variable). The objective is to train a
model using a set of labeled examples to predict the target attribute value of new, previ-
ously unseen samples.

Based on the continuity of the target variable that has to be predicted, the learning
task can be a classification task, where the property to be predicted is a category from a
finite set of mutually exclusive categories (also called classes), or numerical prediction (also
called regression) where the property to be predicted is a real value [34]. The classification
approaches can be roughly grouped into three major groups: instance-based classifiers
that use the observations directly and do not build models (e.g. k Nearest Neighbors) [38],
classifiers based on generative models that build a generative statistical model (e.g. Naive
Bayes) [39], and classifiers based on discriminative models that directly estimate a decision
boundary (e. g. Decision Tree, Perceptron, Logistic Regression) [40].

Based on the number of target variables, the classification problem can be single-
output/target classification with just one target variable or multi-output/target with more
than one target variable. The single-output classification problems can be a binary classi-
fication or multi-class classification, while the multi-output classification problems can be
multi-label classification [41] or multi-target classification [42]. The binary classification
task is associated with a binary data set with only one target attribute that can take only
two different values, usually known as positive and negative, but can also be interpreted as
true and false, 1 and 0, or any combination of two values that are relevant for the applica-
tion domain. In binary classification, the example does or does not have some property i.e.
the presence or absence of a property has to be predicted. The multi-class classification
task is associated with a multi-class data set with only one target attribute that can take
any value from a finite set of predefined classes. In multi-class classification, the example
can belong to only one of the multiple (equal or higher than three) possible classes. A num-
ber of multi-class classification algorithms rely on binarization, where a binary classifier
is iteratively trained for each class against the others (One-vs-All (OVA) or One-vs-Rest
(OVR) approach), or for each pair of classes (One-vs-One (OVO) approach). The multi-
label classification task is associated with a multi-label data set that has multiple binary
target variables. Here, a set of target attributes (also called labels) are predicted for each
example. Finally, the multi-target classification task is associated with a multi-target data
set that has multiple multi-class target variables. This task is concerned with predicting
several targets, each of which can take a single value of several possible classes.
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2.2.1 Multi-class classification

The goal of multi-class classification is to induce a classifier for a training set with input
attributes and discrete target attributes. This is achieved with an entity referred to as an
induction algorithm (also known as inducer or learner) that forms a model generalizing
the relationship between the input attributes and target attribute. In prediction phase,
the classifier outputs a class for new data samples. The multi-class data set has only one
output attribute that can hold any of a set of predefined values. The meaning of each of
the values and the value itself are specific to the particular application. The set of classes
is finite and discrete.

2.2.1.1 Formal definition

The formal definition of a multi-class classification task is as follows. For a given:

• description space X, consisting of tuples of continuous values, ∀Xi ∈ X,Xi =
(xi1, xi2, · · · , xiD), where D is the size of the tuple, i.e., the number of descriptive
variables,

• target vector y, representing the target variable, consisting of discrete value yi rep-
resenting the class, ∀yi ∈ y, yi ∈ {c1 · · · cK}, where K ≥ 3 is the number of classes,

• instance space I, set of all instances, where each instance is a pair of tuples from
descriptive space and class value, respectively I = (Xi, yi)|Xi ∈ X,Yi ∈ y, 1 ≤ i ≥ N ,
where N is the number of instances in I,

• quality criterion q, which rewards models with high predictive accuracy and low
complexity,

find a hypothesis h : X → y that maximizes q.

2.2.1.2 Multi-class classification methods

In this dissertation, four distinct learning methods are considered: tree-based methods,
ensemble methods, kernel-based methods and neural networks. Implementations of Deci-
sion Tree1, Random Forest2, Support Vector Machine3 and Multilayer Perceptron4 from
Scikit-learn Python library are used [43], [44]. It has been shown in the literature that
these implementations produce reliable results in various applications [45].

Decision Tree Decision Tree (DT) is a non-parametric method that can handle both
categorical and numerical data, as well as nonlinear relationships between features and the
target variable. The algorithm constructs tree-like models with a hierarchical structure that
can be used for both classification tasks (classification tree) and regression tasks (regression
tree) [46]. The main advantage of these models is simplicity and comprehensibility, as the
tree structure provides a clear representation of the decision-making process.

A classifier tree is obtained by the recursive partition of the instance space and consists
of nodes (root node, intermediate nodes, and terminal/leaf nodes) and branches. The
root node corresponds to the whole instance space, the intermediate nodes contain tests
on input attribute with a branch for each outcome containing sub-space of the instance

1DecisionTreeClassifier
2RandomForestClassifier
3SVC
4MLPCLassifier
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space, the leaf nodes contain only instances that belong to the same class, and each branch
comprises the route from the root node to the leaf node.

Common algorithms for learning DTs are Iterative Dichotomiser 3 (ID3) [47], C4.5 [48],
and Classification and Regression Trees (CART) [46]. The ID3 algorithm uses an iterative
method based on subsets of the training data set to construct a tree. The test is made
on a categorical attribute that maximizes the information gain. The C4.5 is an evolution
of the ID3 algorithm with several improvements related to handling continuous attributes,
attributes with missing values, and noisy data. The CART algorithm is very similar to
C4.5 with the difference that it supports continuous target variables. It constructs binary
trees by performing splits on attributes that result in the largest information gain at each
node.

DT learning is based on a tree-construction algorithm known as Top-Down Induction
of DTs (TDIDT) [34], which uses a divide and conquer approach for the greedy recursive
growing of trees starting at the root node and proceeding down to the leaves. The growing
of the tree stops when a stopping criteria is satisfied. An important element of the tree-
growing process is the method to evaluate a certain split that will guide the learner to
construct small trees with good predictive performance. Usually, a uni-variate splitting
criterion is used, i.e., a node is split according to a value of a single attribute. Typically,
the learner uses an impurity measure to find the best attribute upon which to perform the
split. The main rationale behind this is to determine which attribute would split the data in
a way that the under-laying child nodes are most homogeneous or pure. Common impurity-
based criteria are information gain and gini index of diversity [34], [49]. The former uses
entropy as an impurity measure, while the latter measures the divergence between the
probability distributions of the target attribute values. Other, less-frequently used, uni-
variate splitting criteria exist, such as orthogonal criterion [50], Kolmogorov–Smirnov [51],
and mean posterior improvement [52].

Pruning of tree models is a common practice used to improve the predictive performance
of the models on unseen data. Large and fully grown trees may have limited generalization
capabilities. Pruning removes the knowledge captured by the tree that is very specific
to the training data and protects against overfitting the tree. Pruning methods that are
integrated into the growing process as stopping criteria are called pre-pruning methods.
The methods that prune the tree after it is constructed are called post-pruning methods.
In this dissertation, we use pre-pruning by specifying the maximum depth of the tree and
a minimum number of samples per leaf as pruning parameters. Maximum depth is an
integer value that is used to control the depth of the tree, i.e. the tree is grown until the
maximum depth is reached. The minimum number of samples per leaf is an integer value
that is used when considering tests at a specific node. The given test can be considered
for further evaluation if it produces subsets with more instances than the specified value
of this parameter. If there is no test that satisfies this condition, then the node is replaced
with a leaf. New instances are classified by navigating them from the root of the tree down
to a leaf node according to the tests along the path. When the instance reaches a leaf, it
is classified into the leaf class.

The main advantages of DT are related to the non-parametric induction process (no
requirements for prior assumptions about the probability distribution of variables in input
and output space), the small computational requirements even on large data sets, the
robustness of the learning process against noise and outliers, fast training and prediction,
comprehensibility, and good predictive performance.

Random Forest Random Forest (RF) is a tree-based ensemble method [53]. The al-
gorithm can be used for both classification and regression problems and can handle both
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categorical and numerical data. The underlying intuition of the algorithm is to create a
collection of DTs, each of which makes its own prediction. The final prediction is made by
aggregating the individual predictions of each tree. The trees in the ensemble are different
and each captures a different aspect of the data. Therefore, by combining the results of
multiple trees, the forest of trees provides a more reliable and robust prediction than a
single tree.

Ensemble methods are a category of ML techniques that involve constructing multiple
independent predictive models and integrating their predictions into a single prediction.
The individual predictive models are referred to as base predictive models, and the set of
these models is referred to as an ensemble. The concept of ensemble can be applied to both
classification and regression models. Roughly speaking, the basic hypothesis in ensemble
learning is that the predictive performance of an ensemble is better than that of a single
base model.

The most widely used methods for constructing ensembles are based on learning het-
erogeneous predictive models, manipulating the training set, or manipulating the learning
algorithm. For instance, RF is constructed based on changes in the instance and fea-
ture space. This approach is convenient in combination with unstable predictive models,
i.e., models that experience great challenges in their structure with small changes in the
training set, such as DT. In general, the manipulation is performed by manipulating the
training instances, the feature space, or both using various techniques such as bootstrap-
ping, boosting, or importance sampling. With manipulation, many sub-spaces are created
from the original instance or feature space and each of the base predictive models is learned
using a different sub-space. Manipulation of the instance space is expected to perform well
for data sets with a large number of instances, while manipulation with the feature space
is expected to perform well with high-dimensional data sets having a small number of
instances.

One of the most important aspects in ensemble learning is the scheme for combining
the predictions of the base predictive models into a single prediction [54]. Two approaches
exist to obtain a single prediction from an ensemble: model selection and model combina-
tion. The model selection approach first evaluates the performance of each base predictive
model and the prediction of the ensemble is the prediction of the best-performing model.
Although the final model is simple, understandable, and fast, the main drawback is that
the predictive performance is limited by the performance of the best predictive model.
The model combination approach overcomes this drawback by combining the prediction
of all base predictive models in an overall final prediction of the ensemble. A common
scheme for a combination of the base models is the voting scheme, with the majority vote
and probability distribution vote schemes being the most widely used. The generalization
performance of a forest of tree classifiers depends on the performance of the individual
trees in the forest and the correlation between them.

RF combines bootstrapping with feature sub-space selection. Bootstrap creates several
bootstrap replicas of the training data set by random selection with replacement [55].
Each tree in the ensemble is constructed using bootstrap sample of the training data set.
Furthermore, during tree construction, at each node of the tree, it considers splitting on a
different randomly selected subset of features.

In the implementation of the algorithm considered in the dissertation, the RF classifier
is a meta-learner that uses DT base-learner to grow a tree on bootstrap sub-sample of the
training data set [43]. The implemented algorithm is based on the perturb-and-combine
technique. The random instance and feature sub-spaces are used to decrease the variance
of the estimator. The randomness is used for constructing uncorrelated individual trees
with decoupled prediction errors. The main parameters that should be adjusted by the user
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are the number of trees in the forest and the number of features considered when splitting
a node. Increasing the number of base learners improves the predictive performance of the
ensemble model until some critical number of trees is reached. The values of these pa-
rameters affect the computation time and memory consumption. Additionally, parameters
that control the constituent trees, especially their sizes, such as the maximum depth of
the tree and the minimum number of samples per leaf, should be set. Here, the ensemble
prediction is obtained by averaging the probabilistic predictions of the base models.

The main advantages of RF are its versatility in terms of learning tasks and data types
it can handle, the ability to run the processes on multiple machines, good performance
on high-dimensional data due to sub-sampling the feature space, low bias, and moderate
variance. The disadvantages of RF are considerable computational cost with large data
sets, risk of overfitting due to too many deep trees or inadequate pruning, bias toward the
majority class in imbalanced data sets, and sensitivity to outliers and noisy data. In terms
of comprehensibility, while RF is not a complete black box, it can be difficult to interpret
the results.

The choice between DT and RF depends on the specific requirements of the problem.
In general, the DT is a good choice in situations where simplicity and interpretability are
paramount, while RF is a good choice when accuracy and robustness are paramount. The
randomization process used in RF makes the algorithm less prone to overfitting and can
improve the overall performance of the model. The DTs are easier to interpret than RF,
because the tree structure shows the conditions and decisions that lead to a particular
prediction, while the RF can be more difficult to interpret because it makes the final
prediction by combining the predictions of many trees. The large number of trees used
in RF makes this algorithm computationally intensive for large data sets. On the other
hand, the DT is relatively fast for training, but if the constructed tree model is deep and
has many branches, it can be slow in prediction phase.

Support Vector Machine Support Vector Machine (SVM) is a parametric, kernel-
based method [56]. It can solve both linear and non-linear problems for classification and
regression tasks. The main intuition behind the algorithm is to find the best boundary
that separates the classes in the data in such a way that the margin between the classes
is maximized, considering only the most influential data points. In the case of linear data,
the classes are linearly separable in the low dimension, while in the case of non-linear
data, there is not a linear boundary that separates the classes but the algorithm can be
still used by further manipulating the data using kernel function. The kernel function is
used for mapping the input vectors from the training data set in higher-dimensional space.
The main idea is that in this higher-dimensional space, a linear boundary that separates
the classes and ensures high generalization can be found. The separation boundary in
the original input space corresponds to a non-linear decision function determined by the
kernel. Consequently, the boundary in the original space can then be obtained by mapping
the higher-dimensional boundary back to the original space. The use of kernels allows all
necessary computations to be performed directly in the input space. The main advantage
of this type of model is that they are complex enough for real-world applications and still
simple enough to be analyzed mathematically.

The use of the kernel function is essential for transforming the input space into higher-
dimensional space where the data may become linearly separable. There are several com-
monly used kernel functions in SVM, including the linear kernel [57], polynomial kernel
[58], radial basis function (also known as Gaussian) kernel [59], and sigmoid kernel [60].
The choice of kernel depends on the nature of the data and the problem being solved. In
general, the linear kernel is a good starting point and more complex kernels can be tried
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if the linear kernel does not produce satisfactory results.
In the context of SVM, the decision boundaries used to separate the classes are referred

to as hyper-planes that divide the space into disconnected parts. For separating the classes,
there may exist many separation hyper-planes, so the optimal one has to be selected. The
optimal hyper-plane is defined as the one with a maximal margin of separation between
classes and is called the maximal-margin hyperplane. The maximal margin is the distance
between the hyperplane and the closest samples in the data, called support vectors. Only
the support vectors are relevant in defining the hyperplane. The margin ensures that the
boundary between the classes is well-defined and robust. The hyperplane is learned from
training data using an optimization procedure that maximizes the margin. For messy real-
world data that cannot be separated perfectly with a hyperplane, the concept of soft margin
is used. In such cases, tolerance for margin violations is introduced. The objective is to
find a trade-off between keeping the margin as wide as possible and limiting the margin
violations. The degree of tolerance for margin violations is controlled by a regularization
parameter called C. A lower value of the parameter allows more margin violations but
results in a wider margin, while a larger value of C results in fewer margin violations
but also a narrower margin, and the goal is to find the right balance that will prevent
overfitting. Learning an SVM model is achieved using optimization procedures. Numerical
optimization procedures for searching the coefficients of the hyperplane are inefficient.
Thus, procedures that reformulate the problem as a quadratic programming problem are
rather used, such as the Sequential Minimal Optimization (SMO) algorithm [61].

One of the prominent advantages of the SVM is its scalability, which enables it to
handle high-dimensional data effectively. Additionally, it possesses non-linear capabilities,
allowing it to address non-linear dependencies between variables. The algorithm is also
capable of handling imbalanced data sets, where one class has more samples than the
other. Its consideration of only the most influential data points, referred to as support
vectors, in the optimization process leads to robustness in the presence of irrelevant or
noisy data. Furthermore, the algorithm demonstrates versatility through the ability to
specify different kernel functions, both common and custom, thereby providing flexibility
to the model. Despite its advantages, there are also some drawbacks associated with the
algorithm. It can be computationally expensive and memory-intensive for large datasets.
Additionally, SVM is highly sensitive to parameter selection, such as the regularization
parameter selection, which balances the model’s complexity and performance, and can
significantly affect the algorithm’s overall performance.

Multilayer Perceptron A perceptron is a single-neuron linear model that combines
the given inputs and weights in a weighted sum and produces output if the sum exceeds
a predefined threshold [62]. The neurons are also known as linear threshold units. The
threshold in this case represents the activation function [63]. A perceptron can be trained
by calculating the errors between predicted outputs and true outputs and adjusting the
weights. The perceptron cannot be applied to non-linear data [64]. In order to tackle this
limitation the MLP is developed [65].

Multilayer Perceptron (MLP) is a type of feed-forward neural network in which the
mapping between inputs and outputs is non-linear. The main intuition behind MLP is to
model complex relationships in data by combining multiple simple functions through the
use of weights and biases, and optimizing the parameters of these functions through the
training process so that the network can accurately predict outputs based on the input
data. Essentially, the network can be viewed as a non-linear function approximator where
the input data is transformed into an output prediction through a series of transformations
in the hidden layers. The weights and biases in the network determine the strength of each
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activation function and the relationships between the inputs and the outputs. The training
process of an MLP involves adjusting the weights and biases. This is usually done using
optimization and automatic differentiation in an iterative manner.

The MLP network consists of a large number of interconnected artificial neurons ar-
ranged in a layered architecture. Each artificial neuron within the network represents a
computational unit that computes the weighted inputs and applies a non-linear activation
function to produce an output. The first layer in the MLP network is referred to as the
input or visible layer. This layer receives the input data and serves as an entry point for
information into the network. Typically, the input layer has one neuron per input variable
in the data set. The final layer in the MLP network is referred to as the output layer
and is responsible for generating the network’s predictions. The information within the
MLP network flows in the forward direction, from the input layer to the output layer.
The number of neurons in the output layer depends on the nature of the problem being
modeled. There may be one or more hidden layers between the input and output layers.
These layers process the data and make intermediate predictions that are critical to the
overall functionality of the network. The number of hidden layers in the MLP network de-
pends on the complexity of the task and can be increased arbitrarily. When the number of
hidden layers is significant, the network is called a deep neural network [66]. The neurons
within the MLP network are interconnected, and each connection is assigned a weight that
dictates the importance of the relationship between the neurons.

The role of the weights associated with each connection and the activation function
used in each neuron are crucial for the modeling capabilities of the network. The weights
dictate the importance of a particular connection, while the activation function affects the
non-linearity of the network and its ability to prevent under-fitting in the case of non-
linear data. Some commonly used activation functions in MLP networks are the sigmoid
function, the hyperbolic tangent function (Tanh), the reflected linear function (ReLU), the
leaky-reflected linear function (Leaky ReLU), and the the Softmax function [63]. Each
activation function has different properties, strengths, and weaknesses, and the choice of
activation function depends on the specific problem being addressed. The sigmoid function
maps values from a nearly infinite range to probabilities in the range between 0 and 1. The
Tanh function is similar to the sigmoid function, but maps values in the range between
-1 and 1. The ReLU function outputs zero for inputs below zero and follows a linear
relationship as the input increases above zero. The Leaky ReLU function is a modification
of the ReLU function that addresses the dying problem of the ReLU activation function
by following a linear equation with a small gradient for negative input values, instead of
setting them to zero. The Softmax function maps real values to probabilities in the range
between 0 and 1 and is often used in the output layer for multi-class classification tasks.

The training process of an MLP network involves several phases aimed at finding the
optimal values for the network’s parameters in order to minimize the loss function and
thus, reduce the prediction error of the model. The phases of the training process include
feed-forward, cost computation, back-propagation, and weight update. In the feed-forward
phase, the training data is passed through the network in order to generate predictions for
each input example. The values of the network parameters are initially random, although
other initialization techniques can be used. Once predictions have been generated, a loss
function is used to measure the match of the predictions against the correct target. The loss
function is then used to calculate the gradients of the loss with respect to the weights of the
network through the back-propagation phase. Optimization algorithms, such as stochastic
gradient descent, are then applied to update the weights of the interconnections using the
calculated gradients. The steps of feed-forward, cost computation, back-propagation, and
weight update are repeated multiple times until the lost function reaches a minimum and
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the model has been sufficiently trained.
The training of a neural network involves the consideration of several hyper-parameters,

including the network architecture, learning rate, and the number of epochs. The network
architecture refers to the number of hidden layers, the number of neurons in each layer,
and the type of activation function used, while the learning rate determines the step size
of weight updates and the speed of learning. The number of epochs defines the number of
times the training data is passed through the network. The selection of hyper-parameters
before the training process is important for adjusting the algorithm so that the models
train better and faster. The choice of hyper-parameters should be guided by prior knowl-
edge of the problem and the data, as well as experimentation and comparison of different
configurations. The ultimate goal is to select optimal hyper-parameters that result in an
MLP network that generalizes well to new, unseen data while minimizing overfitting.

Neural networks offer several advantages in the analysis of data, such as the ability
for universal approximation, the ability to handle non-linear relationships, proficiency in
learning from large data sets, and stability in the presence of high-dimensional data. How-
ever, they also have some disadvantages, such as the risk of overfitting, high computational
cost, difficulty in interpreting results and understanding the reasoning behind predictions,
sensitivity to initialization, and the requirement for large amounts of data.

2.2.2 Multi-label classification

Multi-label classification is a learning task in which a predictive model is trained from
a data set with multiple binary target variables. The model can predict the presence or
absence of multiple labels simultaneously [41]. Multi-label classification differs from single-
target classification in the number of outputs expected from the trained models. While the
single-target classifier returns only one output value, the multi-label classifier returns mul-
tiple output values. Therefore, the multi-label classification task is more difficult because
of the additional complexity in the output space. The multi-label classification can be
viewed as a collection of several binary classification tasks and is different from the multi-
target classification task [42] where several targets have to be predicted, each of which can
take only one value of several possible classes.

The multi-label learning is associated with several specific aspects, such as dependencies
between labels, high dimensionality in the output space, and label imbalance, that affect
the learning complexity. The first aspect refers to the relation between the labels and how
they can be used for designing better multi-label classifiers. The second aspect refers to
the high number of dimensions in the output space as a result of having one output for
each label. Finally, the imbalance is even more emphasized because when a large number
of labels exist, it is usual that some labels are more frequent than others (for instance,
some environment properties are more common than others) and also when the original
multi-label data set is transformed, the imbalance is increased (due to taking all examples
where one label appears as positives and all other examples as negatives).

2.2.2.1 Formal definition

Multi-label classification tasks can be formally defined as follows. For a given:

• description space X consisting of tuples of continuous values, ∀Xi ∈ X, Xi =
(xi1, xi2, · · · , xiD), where D is the size of the tuple, i.e., the number of descriptive
variables,

• label space Λ = {λ1, λ2, · · · , λQ} which is a set of Q possible labels. P (Λ) denotes
the powerset of Λ, containing all possible combinations of labels λ ∈ Λ including the
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empty set and λ itself,

• target space Y consisting of tuples of binary values, ∀Yi ∈ Y, Yi = (y1, y2, · · · , yQ)
where each element is 1 if the label is relevant and 0 otherwise,

• set of instances I where each instance is a pair of tuples from the description and
the target space, respectively I = (Xi, Yi)|Xi ∈ X,Yi ∈ Y, 1 ≤ i ≥ N , where N is the
number of instances in I, and

• quality criterion q, which rewards models with high predictive performance and low
complexity,

find a function h: X → Y , such that h maximizes q.
Therefore, for a given input instance, the multi-label classifier will return a binary

vector indicating the relevant labels.

2.2.2.2 Multi-label classification methods

The methods for learning from multi-label data can be grouped into: problem transforma-
tion methods and algorithm adaptation methods [67].

The first group of methods aims to solve the complex multi-label task by transforming
the original multi-label classification problem into several simpler single-target classification
sub-problems that can be solved using existing algorithms. The multi-label data set is
transformed into several single-target data sets (one for each label in the target space).
The data sets share the same descriptive space. These data sets are then approached with
single-target binary classification methods and individual classifiers are built for each data
set. At prediction phase, all binary classifiers are invoked and their individual predictions
are joined to obtain the final set of labels. In this approach, complete independence between
the labels is assumed. However, when the presence of one label could determine whether
another label is likely to be present, the exploitation of the dependencies between labels
may improve the performance of the learning method.

The second group of methods is based on adaptation techniques that aim to adapt the
proven algorithms to tackle the multi-label classification problem. The adaptation com-
plexity depends on the type of the original method and the way in which the several labels
will be considered. Multi-label classification methods adapted from tree-based (Multi-label
C4.5 [68], Multi-label Alternate DTs [69], Predictive Clustering Trees [70]), kernel-based
(Twin Multi-Label Support Vector Machine [71]), instance-based (Multi-label k-Nearest
Neighbor [72]), and neural networks (Multi-label Back-propagation [73], Multi-label Ra-
dial Basis Function Network [74]) are reported in the literature. For the experiments
conducted in this dissertation, problem transformation approach is considered and the
classification methods described in Section 2.2.1 are used.
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Chapter 3

Related Work

In this chapter, we present a detailed review of the state-of-the-art literature in the key
research areas related to our work: convergence of sensing and communication, character-
ization of indoor environments, identification of indoor environment and electromagnetic
characterization of materials; and identify gaps in the literature on environmental aware-
ness.

3.1 Convergence of Sensing and Wireless Communication

Among the many visionary projections about next-generation networks (e.g., beyond 5G
and 6G), a significant paradigm shift is anticipated to support ubiquitous sensing, connec-
tivity, and intelligence [75], [76]. Radio sensing, which uses the communications system
as a sensor that exploits the propagation of radio waves (transmission, reflection, and
scattering) to obtain information about the surrounding, has the potential to become an
essential component of the solution for creating authentic digital twin representations of
the physical world [77]. In addition, the sensing capability can be combined with artificial
intelligence to enable a fusion of the physical environment with its digital counterpart [78].

To meet all the sensing needs in the next-generation communications era, solutions
must be developed that combine radio sensing with non-radio sensing by other sensors,
such as those ubiquitously used in devices like accelerometers, gyroscopes, and cameras,
to create multi-layered maps of the environment. This has attracted the research interest
from academia and the wireless industry in the convergence of communications and sens-
ing [79]. The concept has been explored for point-to-point communications used primarily
in vehicular networks with applications for autonomous driving [80] and cellular networks
[81]. Introducing sensing functionality into the communication network provides an addi-
tional dimension to its capabilities, allowing it to evolve into a perceptual network that
provides sensing along with uncompromised communication [82], [83]. Large-scale sensing
is important to industry and society, enabling IoT applications and a range of innovative
initiatives such as smart city and smart transportation [84].

Although the two operations of sensing and communication are based on similar phys-
ical phenomena, both were developed in parallel for decades. Communication systems
aimed to accurately convey information to a receiver [85], while radar systems aimed to
sense (i.e., obtain information about) a target [86]. Initially motivated by the similarities
between the two systems in terms of underlying phenomena, hardware, signal processing,
and working bandwidth, and later by the advances in the next-generation networks, the
introduction of meta-materials [87], massive reconfigurable smart antennas [88], [89], recon-
figurable surfaces [90], and high carrier frequencies [91], to name a few, the research focus
shifted over the years to different levels of integration of the two functionalities. Various



24 Chapter 3. Related Work

research communities have discussed the idea under different names, e.g., radar commu-
nications [92], joint communications and radar [93], joint radar and communications [94],
[95], and dual-functional radar-communications [96], [97].

The integration of communication and sensing functionalities is a paradigm shift in
which the two operations are no longer viewed as separate end goals, but are optimized
together in a spectral, energy, and cost-efficient manner for mutual benefit. The systems
communicate and sense over a common waveform, a single hardware platform, a signal pro-
cessing framework, and a network infrastructure. This addresses the problem of spectrum
congestion while reducing the hardware and signaling costs, referred to as integration gain.
By exploiting the ability to design the two functions together, communication-assisted
sensing and sensing-assisted communication are enabled. This can significantly improve
sensing and communication performance, which is referred to as coordination gain. The
ultimate degree of integration of both functionalities will be driven by the limited spec-
trum, which is a scarce resource to be dedicated just for a single functionality, a dense
network with ubiquitous infrastructure over a large area, wide signal bandwidth that pro-
vides high-resolution sensing capabilities, massive multiple-input multiple-output (MIMO),
and spatial processing techniques [98].

Based on the degree of integration between sensing and communication systems, two
categories of approaches can be distinguished: coexistence and joint (integrated) design
[99], [100]. The coexistence approaches consider separate systems for sensing and com-
munication that are mutually interfering [101]. Depending on the amount of information
shared between the systems, coexistence can be cooperative [102], [103] or non-cooperative
[104]–[106]. Cooperative coexistence can be considered as the initial stage in the devel-
opment of jointly designed systems, where the cooperative performance depends on the
characteristics of both systems. Several coexistence schemes have been proposed in the
literature, the most common of which are coexistence with spectral overlap and coexis-
tence by transmitting separate signals in time, frequency, or code. The main drawback
of the coexistence with spectral overlap is the strong mutual interference and the need
for interference mitigation techniques to ensure satisfactory performance for both func-
tions, while the main drawback of the coexistence by transmitting separate signals is the
low spectral efficiency. The systems can negotiate for resources using cognitive techniques
[107]. However, the complexity of finding gaps in the spectrum and the non-guaranteed
performance of the secondary system are drawbacks of the coexistence scheme. A more
recent architecture is functional coexistence based on the information embedding strategy
using waveform diversity [108], phase modulation [109], side lobe amplitude modulation
[110], and multi-waveform amplitude shift keying [111]. The joint design category includes
approaches in which the two systems are designed together so that they behave as a unified
system [112]. The main advantages of these approaches are high spectral efficiency, simul-
taneous operation without interference, and mutual benefits from information sharing.

For several years, a great research effort has been undertaken to investigate vari-
ous aspects of coexistence, focusing on several main themes: (i) underlying operational
method—investigation of different underlying schemes, the most common of which are
waveform design [113], software-defined networks [114], and reinforcement learning [115];
(ii) mutual impact—analysis of the effects of radar systems on communication performance
[116]–[118] and the effects of communications systems on radar performance [119], [120];
(iii) performance—estimation of the performance of the coexisting system [121]; and (iv)
mutual interference—development of techniques to cope with and suppress mutual interfer-
ence [106], based on estimation of the interference channel using classical methods such as
least squares estimation and minimum mean squared error, coordination with a dedicated
control center connected to both systems [122], and use of pilot signals [123].
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In the area of cooperatively coexisting systems, most of the research focused on the
analysis of performance tradeoffs [99], [124] and methods to achieve cooperation using
various approaches such as beam control [111], waveform diversity [108], frequency diverse
array [125], and modulation techniques [126], [127].

Based on the design approach, the jointly designed systems can be divided into the fol-
lowing three categories: (i) radar-centric systems, where the communication functionality
is integrated into a primary radar system [128], [129]; (ii) communication-centric systems,
where the sensing functionality is integrated into a primary communication system [76],
[130]; and (iii) jointly designed systems without an underlying system [131], [132]. Research
in radar-centric systems is mainly concerned with embedding information in pulsed or con-
tinuous radar signals and, more recently, in novel radar waveforms, e.g., MIMO orthogonal
frequency-division multiplexing (OFDM) [133] and frequency-hopping radar [134], with a
signal format similar to modern communication systems, usually with index modulation
that does not change the basic radar waveform and signal structure [135]. Other impor-
tant areas not covered in depth in the literature include the development of communication
protocols for radar-centric systems and receiver signal processing techniques to extract the
embedded information from the signal. The literature on communication-centric systems
mainly reports studies on the application in vehicular networks [136], wireless local area
networks [137], and large cellular networks [82]. The fundamental issues concern full-duplex
operation in a monostatic setup [138] and mitigating the effects of clock asynchronization
between spatially separated transmitters and receivers [139]. Preliminary research on joint
design of communication and sensing systems without constraints on existing communi-
cation or sensing systems addresses high-frequency systems, particularly millimeter and
terahertz waves, which provide both high data rate communication and high accuracy
sensing [77], [140]. Initial studies focused primarily on the feasibility and potential of
beamforming [141] and uniform waveform design [142].

Although the vision and benefits of integrating the communication and sensing func-
tionalities are clearly laid out in many preliminary studies that are paving the way to a true
digital twin of the physical environment, there are still many open challenges related to
the theoretical and technical foundations, the interplay with other emerging technologies,
and practical implementation [143].

3.2 Characterization of Indoor Environments

Knowing indoor scenes with high fidelity is highly important in architecture, engineering,
and construction domains. A precise description of the buildings is needed for spatial
understanding, automation, localization, and positioning of robots and mobile terminals.

Research in the field of indoor characterization has been active for decades and is
largely based on advances in various fields, such as sensor technologies [144], photogram-
metry [145], laser scanning [146], computer vision [147], robotics [148], massive antennas
[149], [150], radar [151], to name a few. For many years, the focus of indoor mapping has
been on describing the geometry of the indoor structure. The geometry can be represented
in a variety of formats depending on the level of detail: 2-D building drawings [152], [153],
3-D models [154], point clouds [155], [156], meshes [157], [158], and graphs [159]. Indoor
characterization methods have evolved over time in response to the development of new
technologies. Initially, manual methods are used to create 2-D drawings and 3-D models
[160], [161]. With the development of digital tools, models are created using specialized
software and stored in an electronic format [162]. Later, an environmental reconstruction
based on light or radio technologies emerges as a suitable method for characterizing exist-
ing buildings [155], [163]. In addition, the literature reports a combination of indoor scene
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estimation and localization, an approach known as simultaneous localization and mapping
(SLAM) [164], [165]. The simultaneous creation of an environment model and localization
is particularly associated with the use of robots. Traditionally, SLAM involves simultane-
ously estimating the state of a robot equipped with on-board sensors, and building a model
of the environment sensed by the sensors. Recently, wireless sensing has been introduced
as a method to characterize a remote object by analyzing the received signal [166], [167].

For many years, construction drawings, a term that generally refers to any floor plan
in the blueprint, whiteprint, or digital drawing file format, have served as the primary
means of describing building design [161]. Building plans are generally part of construction
documentation and are prepared during the design phase of a construction project to
document and visually represent the building design, including the layout, dimensions, and
structural components. While construction drawings have been suitable for communicating
information between engineers, architects, and other parties involved in construction, they
are unsuitable for emerging applications in various fields that rely on accurate and precise
descriptions of the building [168]. This is due to their 2-D format, which cannot represent
the full complexity of indoor spaces, lack of information about actual conditions in the
physical building, e.g., materials used in construction, presence of obstacles and hazards,
potential inaccuracies due to changes made during construction or modifications made to
the building over time, and limited accessibility and updatability.

With the development of digital technologies and tools, 3-D models have become com-
mon, usually created manually using computer-aided design software (CAD) [169]. The
3-D models have several advantages over conventional drawings, including better visual
representation and greater accuracy. In the construction industry, building information
modeling (BIM) is used to create comprehensive digital models that are used through-
out the life cycle of a building, from design to construction, operation, and maintenance.
These models are created using software that enables the creation of highly detailed and
accurate building models that contain information about the architectural, structural, and
mechanical designs, as well as cost estimates.

Manual modeling is typically used for new buildings during the design and construc-
tion phases. Because of the slow, lengthy, and costly creation process, creating manual
models for existing buildings is a challenging task, especially for large or complex build-
ings. The description of existing buildings is often captured by manually surveying the
site. This involves collecting and documenting data about the physical features of the
building, such as its size, shape, and location, which usually involves sending a team of
surveyors to the site to conduct a physical inspection of the building. Manual surveying
is very time-consuming, labor-intensive, and of limited accuracy. Therefore, many studies
have focused on an automated and efficient approach for reconstructing the environment
based on environment scanning with various technologies [170], [171]. The conventional
reconstruction process consists of two main steps: environment sensing and environment
identification. In the first step, indoor data is acquired using various environment scanning
methods, while in the second step, the raw data from the acquisition step is processed to
obtain a reconstructed scene of the indoor geometry. In addition, topological, e.g., adja-
cency, connectivity, containment, and semantic, e.g., type, function, material, information
can be added to the reconstructed features [172].

The methods of environment acquisition based on the underlying wave can be divided
into two main groups: light-based and radio-based methods [146], [173]. The light-based
methods have been considered for a long time because of the laser properties such as
narrow beam, stability, longevity, etc. The main problem with these methods is scanning
under variable light conditions, which is often the case indoors. On the other hand, radio-
based methods can be used in poor visibility conditions [174]. The studies in the field of
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light-based environment scanning mainly investigate the use of range sensors such as Light
Detection and Ranging (LiDAR) [175] and infrared lasers [176] as well as photographic
sensors such as read-green-blue (RGB) cameras combined with a depth sensor [177]. LiDAR
is a remote sensing method that uses light in the form of a pulsed laser to measure the
distance to the target. It is used to create high-resolution maps of indoor environments.
Laser scanners use infrared light to estimate the distance to an object based on the time-of-
flight principle. Infrared scanners supplemented with software tools for processing points
are commercially available [1]. RGB depth sensors combine RGB colour information with
depth information per pixel. Depth per pixel is determined using an infrared camera with
time-of-flight measurement. The low-cost Microsoft Kinect camera is commonly used to
capture point clouds in research projects [178].

Much of the research in indoor mapping considered SLAM [179]. Currently, the focus
of the fundamental research is on the robot/environment/performance combination, since
the available SLAM algorithms can easily fail if either the robot’s motion or the envi-
ronment is too challenging [180]. The progress in SLAM is related to the availability of
new sensors such as 3-D LIDAR, depth, light-field, and event-based cameras. Recently,
the consideration of high frequencies in the millimeter-wave and terahertz bands, and the
integration of a large number of directional antennas with an ability to electronically steer
narrow beams has led to active research in radio scanning [181], [182]. The characteris-
tics of the millimeter waves, such as the wide bandwidths, the quasi-optical propagation
pattern with predominant LOS component, and the sparse angular spectrum that allows
separation of MPCs, provide the technical basis for an accurate sensing [149], [183]. Early
studies are paving the way for terahertz sensing to potentially become a central topic in
wireless communications and sensing in the coming years [184].

The broad term wireless sensing refers to various methods of gathering information
about distant objects by analyzing their effects on propagating EM waves. In most studies,
wireless sensing is investigated in terms of using existing wireless links [185]. The low-cost
and non-intrusive sensing enabled with this approach has attracted much attention, and
various solutions based on different wireless technologies with versatile application scenar-
ios have been proposed [94]. Most of the solutions are based on physical properties such
as received signal strength indicator (RSSI), CSI, frequency shift for frequency modulated
carrier wave (FMCW), and Doppler shift. These studies examine the effects of the propa-
gation environment on signal strength, channel conditions or wireless link characteristics,
and frequency shift. The widespread use of unlicensed wireless local area network (WLAN)
technologies and wireless sensor networks in the IoT paradigm has led to a growing num-
ber of publications addressing theoretical foundations, methods, and techniques, use of
off-the-shelf and custom hardware, limitations, and more [185]. As the propagation data
generated by the dense wireless networks becomes high-dimensional and complex, a need
arises for intelligent sensing that takes advantage of ML techniques [186]. In the literature,
intelligent sensing is highlighted as one of the central topics in 6G networks with artificial
intelligence; however, this topic is not yet mature [187].

The development of other fields that use spatial information has shifted the research
focus to the development of methods to capture different aspects of space. The active
research resulted in several research areas that address different topics related to environ-
mental characterization, including (i) building content retrieval systems—to capture the
objects that make up the environment, including furniture, fixtures, and other relevant
objects [188]; (ii) human detection systems—to detect the presence and position of people
[189], [190]; (iii) topological modeling—to capture the topological relationships between
elements in space [191]; and (iv) semantic modeling—to semantically label elements with
relevant attributes [192].
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A considerable amount of research has already been published on conventional build-
ing reconstruction techniques and indoor mapping. However, recent technological advances
have created the opportunity to explore unconventional approaches, particularly those that
are data-driven and intelligent, that can provide a comprehensive description of indoor
structures, and that can enable the combined use of different sensing methods. The next
decade is likely to see a surge in research into intelligent and efficient sensing techniques
that do not require human intervention, are inexpensive, and do not require specialized
equipment. These methods are expected to gain increasing attention due to their con-
venience in terms of effortless sensing. While ML offers a wide range of techniques that
have proven successful in a variety of research areas, the workflow for intelligent detection
of indoor environments has yet to be determined. In addition, a taxonomy of the types
of indoor structures in future smart buildings may be important for developing optimal
indoor sensing workflows. Developing accurate methods for detailed characterization of
the environment will pave the way for creating a digital twin of the physical environment
[193] that encompasses all aspects of the environment relevant to the emerging use cases.

3.3 Identification of Indoor Environment

The identification of indoor environments using radio measurements is a new area of re-
search on which only a few studies have been conducted [194], [195]. However, research
interest in this topic is increasing due to the need for accurate indoor environment informa-
tion obtained using a fast, efficient, and data-driven approach. The great success of ML in
various fields additionally encourages studies that propose methods that use the techniques
of ML to build models that can identify the environment with high accuracy. Several initial
publications on this topic focused on the identification of the indoor environment category
defined in terms of obstacles in the room. The identification was studied in the context of
classifying different environment classes using ML models [196]. In the published studies,
the environment classes represent the indoor structure as a whole. Although this approach
may be practical for some application scenarios, it is limited to predefined environment
classes. Approaches to identifying the properties of the facets that compose the space as
well as the objects within the space are still lacking.

Several publications are documenting the identification of a few environment classes
that differ from each other in the level of clutter [194]–[196]. In the aforementioned stud-
ies, the authors investigate the use of several properties of the received signal and ML
algorithms for classifying the environment in the WiFi band associated with IEEE 802.11g
standard from Vector Network Analyser (VNA) measurements data obtained in campus
building under stationary channel conditions. In the experimentation, the use of RSSI,
Channel Transfer Function (CTF), and Frequency Coherence Function (FCF) for feature
engineering as well as DT, SVM, k-Nearest Neighbor (k-NN), and convolutional neural net-
works (CNN) as algorithms for constructing predictive models were reported. The main
motivation behind the particular research was the development of a time-efficient solution
that is suitable for real-time deployment scenarios in the Internet of Things.

The earliest work published on this topic investigates the suitability of CTF and FCF as
a signature for environment classification considering the spatial correlation coefficient [194]
and evaluates the proposed approach for only two environments: a highly cluttered labo-
ratory, and a sport hall using the SVM algorithm with different kernel functions. Later,
the authors extend their work by investigating different combinations of RSSI, CTF, and
FCF as signatures, additional algorithms (DTs and k-NN), and a wider variety of indoor
environments: highly cluttered—laboratory, moderately cluttered—narrow corridor, low
cluttered—lobby, and open space—sports hall [196]. Their results show that a combina-
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tion of CTF and FCF is suitable to achieve the satisfactory performance of the learned
classifiers. Finally, in their latest work [195], they explore the power of deep learning for
extracting features from measured data instead of manually selecting signatures and build
on previous findings to develop an indoor localization approach that takes advantage of
environmental classification.

3.4 Electromagnetic Characterization of Materials

The necessity for proper indoor planning is confirmed with the studies showing that most
of the wireless connections are performed indoors [197]. Detailed EM characterization
of the materials in a particular indoor structure is one of the crucial requirements for
planning and deploying an indoor radio system. Since all conventional building materials
are non-magnetic and non-ionised, only the dielectric properties of the materials have to
be estimated [198]. Permittivity characterization of materials is extensively studied in the
literature and the proposed methods for obtaining the permittivity of a material can be
divided into two groups: permittivity characterization of material samples and permittivity
characterization of materials inside buildings [199], [200].

The working principle for permittivity characterization of a given material sample in-
cludes: (i) isolated measurements with measurement systems that include network ana-
lyzers (to display the reflection and transmission measurement response as a function of
frequency), impedance analyzers, and inductance-capacitance-resistance (LCR) metres for
measuring material properties at lower frequencies, (ii) measurement fixtures suitable for
the chosen measurement technique and the physical properties of the material to ensure
that the electromagnetic field is applied in a predictable manner, and (iii) specialized soft-
ware to convert the measurement data from the instrument to appropriate terminology and
format. Depending on the measurement principle described in the literature, the available
methods can be divided into five groups: (i) coaxial probe method—best suited for liq-
uids and semi-solids; (ii) transmission line method—best suited for low-loss magnetic and
anisotropic materials; (iii) free space method—best suited for large and flat samples; (iv)
resonant cavity method—best suited for small samples with low loss; and (v) parallel plate
method—best suited for thin, flat sheets [199]. The methods stated previously are not
specific to building materials, but each of them is limited to certain types of materials and
has advantages in terms of accuracy, cost of equipment, the frequency range of measure-
ments, etc. Of all the methods mentioned, the free-space methods, in which a material
plate is placed between the transmitting and receiving antennas, are the most suitable for
characterising conventional building material samples [201]. System calibration, minimiza-
tion of spurious reflections from other materials, and multiple measurements are required
to obtain good results with this method.

Isolated measurements of material samples are inappropriate for determining the rela-
tive permittivity of materials used for indoor structures because of the cost of the methods
(use of high-quality equipment and other costs associated with laboratory measurements)
and the properties of the materials incorporated into indoor structures (which may differ
from the isolated material samples depending on the size and type of structure). Several
conventional studies have made on-site measurements of the reflection coefficient and es-
timated the relative permittivity of the materials based on the reflection loss [202]–[204].
In recent work, the inverse reflection problem was combined with the identification of the
reflecting surfaces from a point cloud to obtain a 3-D permittivity map of an empty office
environment at 60 GHz [200].

The critical analysis of the most relevant publications in the literature on EM character-
ization of materials shows that the reported methods focus on characterization of building
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material samples with specialized equipment and on-site measurements. The studies found
in the literature focus mainly on frequency bands with practical relevance in the period
when the experimental studies were performed. The methods used to characterize material
samples are not suitable for EM characterization of indoor propagation environments in
the next generation scenarios. Various approaches to on-site estimation of EM properties
of materials have been described in detail in the literature. In general, the methods are
based on procedures for measuring the reflection loss.

3.5 Environmental Awareness Research Gap

Wireless communications in future smart buildings can take advantage of environmen-
tal awareness to dynamically adapt and meet the various demands that the wide range
of applications may pose. Accurate, detailed maps of buildings are one of the essential
requirements for achieving state-of the-art performance in future indoor wireless commu-
nication networks. In the context of wireless communications, environmental awareness
is at the propagation level and provides insight into how the environment affects radio
propagation. Awareness of the RE properties, the site geometry, the surface roughness,
and the EM properties of the materials, serves as foundation for an improved radio channel
prediction and plays important role in the development of the future intelligent wireless
networks. The EM properties of the materials used for the surfaces that bound the space
are essential because they directly determine the propagation mechanisms and the ex-
tent to which each of the mechanisms occurs. The state-of-the-art literature on building
characterization lacks parsimonious methodologies, simple and elegant, yet accurate, for
identifying materials in a given room. This underscores the need for a new methodology
that provides comprehensive and accurate materials characterization of indoor structures.

An accurate model of the physical structure in the form of a multi-layer map, where
each layer describes a different aspect of the building, is of utmost significance, primarily
to enable a more holistic understanding of the space, but also to enable the development
of solutions in different areas that expand the building’s ability to operate more efficiently,
flexibly, interactively, sustainably, and improve occupants comfort. In the future, the
creation of these maps will require a combination of advanced sensing methods and tech-
nologies capable of capturing various aspects of the structure and making efficient use of
time and resources. For improved indoor wireless communications, the map of the building
should include a thorough and accurate description of the propagation characteristics of
the site. This level of environmental awareness will be critical to future advances in indoor
environment-aware communications, as it will provide the necessary ground for developing
unprecedented approaches to radio channel prediction beyond what can be achieved with
current resources (environmental information) and will enable next-generation wireless
networks to adapt their configuration to the specific environment.

We propose to use the radio communication network and the methods for a compre-
hensive characterization of the propagation level properties of an inner building structure.
Future networks using heterogeneous wireless technologies will be deployed everywhere in
buildings. Therefore, next-generation networks will represent a data source that contains
a signature of propagation environment characteristics left on signals from a wide range
of typical environments in residential, office, and commercial setups, at various frequency
carriers traveling between radio nodes at different locations relative to the bounding struc-
ture. The availability of large amounts of versatile data in terms of the communication
system setup and propagation environment properties opens up the possibility of using
ML techniques to discover knowledge about the materials in the surrounding of a wireless
link with the use of ML techniques. In essence, the large number of connected radio de-
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vices forms the basis for collecting huge data sets, which are essential for learning models
capable of making accurate predictions, with generalization capabilities to unseen data
and robustness to noise in the data due to outliers and random fluctuations. When a large
database of sensing data is available, the ML can automate the process of data analysis and
find the relationship between the radio environment signatures in the received signal and
the materials in the radio environment. The ML-based methodology reduces the need for
manual intervention and increases efficiency. In addition, it can scale up to large datasets
containing data from numerous indoor setups, allowing the algorithms to learn complex
relationships between the material and the propagation, which would otherwise be difficult.
Finally, the use of ML techniques is well-suited to dynamic and changing scenarios, such
as indoor environments, as the ML models can adapt and improve over time as they are
exposed to new data. By using wireless technologies and ML together, the complementary
strengths of both, i.e., the ability of the wireless network to sense and the ability of the
ML algorithms to learn from sensing data can be leveraged for improved environmental
awareness.
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Chapter 4

Methodology for Intelligent
CSI-Based Characterization of
Indoor Radio Environment

In the dissertation, we propose a novel methodology for the characterization of indoor RE
based on the RE signature embedded in the received signal using ML. In order to tackle the
indoor RE characterization problem, we propose to formalize the problem as a supervised
learning task. A predictive model is developed to make predictions about the RE properties
based on the input RE signature represented by the propagation characteristics of a wireless
link. RE characterization based on RE signatures using ML models is a novel approach
presented in this dissertation and, to the best of our knowledge, it has not been studied,
published, or patented up to now.

4.1 Concept

We propose to use a data-driven methodology to address the indoor RE characterization
problem. It is formalized as a supervised learning task, where the algorithms learn a model
based on the relationship between the distortion of the received signal and the RE. The
adoption of ML automates the environment characterization process, leading to a reduction
in the time required to characterize a particular RE. In contrast to existing approaches,
the proposed methodology obviates the necessity for dedicated equipment, by leveraging
the existing indoor radio infrastructure as a source of data for learning a model. A crucial
aspect of the methodology is the incorporation of knowledge and experience in the field of
indoor radio propagation at all stages, to learn accurate models that are relevant to the
problem being addressed.

The proposed concept relies on two assumptions: (i) inside buildings, the received sig-
nal conveys a RE signature, and (ii) the CIR can be accurately estimated for each wireless
link. The environmental information is in the form of environment-specific distortion of
the received signal. This information is included in the received signal as a consequence
of the interaction of the transmitted waves and the surrounding, resulting in a discernible
signature left on the propagating waves. The CIR is used for the calculation of other prop-
agation characteristics that represent the multipath effect of the propagation environment
and the RE signature.

A corpus of diverse RE signatures structured in format appropriate for ML and an-
notated with environmental information is used as training data. The RE signature can
be associated with any property of the RE that affects the radio propagation, such as the
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shape of the room, size, material of the facets, and surface roughness. A suitable state-of-
the-art algorithm uses the data to (i) analyse the complex relationships between the RE
signatures and the properties of the indoor RE and (ii) learn a model capable of making
predictions about the RE properties when a new RE signature is input. This dissertation
focuses on RE properties with discrete values. The identification of RE properties inside
buildings with a ready-to-use ML model that has been trained, evaluated, and optimized
for the specific application is illustrated in Figure 4.1.

Figure 4.1: Identification of indoor RE properties. The illustration shows how a ready-to-
use model predicts the RE properties when fed with RE signature. This illustration serves
to clarify the concept of RE identification using the ML model.

4.2 Framework

To streamline the procedure for characterization of indoor RE based on RE signature
we developed a framework. A schematic representation of the framework architecture is
presented in Figure 4.2. The framework enables the construction of RE identification
model using expertise from the wireless communication area and approaches from wireless
communications and ML. The radio identification model outputs a subset from a set of
predefined RE properties for an input RE signature example. The framework has four
components, i.e., modules:

• Domain knowledge,

• RE acquisition,

• Propagation characteristic processing and storing,

• ML-based modeling.

The domain knowledge has a crucial role in all stages since it provides expertise to
ensure that the real-world problem of indoor RE characterization is well defined and aligned
with the needs for improved environmental awareness, the workflow is effective, and the
resulting model is addressing the indoor environment characterization problem. First, a
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Figure 4.2: Schematic diagram of the framework for the construction of RE identification
model.

large amount of representative and diverse radio propagation data is acquired for training
and evaluating the models. Next, the raw propagation data is processed to a structured
form that is suitable for ML analysis, annotated with environmental properties, and stored
in a structured and organized manner. Finally, the indoor environment characterization
problem is formalized as a ML problem, a suitable ML workflow is selected, and a predictive
model capable to predict the properties of the RE for a given RE signature is constructed.
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4.2.1 Domain knowledge

This module is responsible for incorporating domain knowledge provided by radio com-
munication experts in the methodology for indoor RE characterization for ensuring that
the developed model is relevant to the problem and useful for the intended application,
i.e., RE characterization. Specifically, the domain knowledge is used for learning problem
specification, guidance in various stages of the methodology, and results interpretation.

Important aspects of this module are the source of the knowledge and its points of
use. The source of the knowledge are experts with specialized knowledge in the field
of radio propagation and channels who have an in-depth understanding of how (i) the
radio signals behave in indoor environments, (ii) the physical characteristics of indoor
environments can affect and attenuate the radio signal propagation due to absorption,
reflection, diffraction, and scattering, (iii) the radio waves interact with the obstacles, and
(iv) the communication systems have to be configured to be able to estimate the multipath
propagation characteristic of a wireless link.

The expertise is used for providing directions about the acquisition of propagation char-
acteristics, such as which (i) REs to be included (in terms of geometry, roughness, irregu-
larities, building materials, and obstacles), (ii) configurations of the radio communication
systems to be considered, and (iii) methods for estimating the propagation characteristics
to be used. Additionally, it is used for selecting meaningful features from the raw propaga-
tion data, while preserving most of the environmental information originally embedded in
the received signal. Finally, it is used for providing a deeper understanding of the factors
that may drive the model outcomes.

4.2.2 Radio environment acquisition

The purpose of the module is to acquire a large amount of indoor radio propagation data
that is representative and diverse in terms of propagation environment characteristics and
wireless system configuration.

This module is of pivotal significance for the success of data-driven RE characteriza-
tion, since it provides data for learning and evaluating ML models. The quality of the
propagation data acquired is a major limiting factor for the capabilities of the learned
models. The data should be representative and diverse enough in terms of the properties
of the RE and configuration of the communication system used to capture the propagation
characteristics and to cover the various scenarios that the model is likely to encounter in
a real-world use cases. Such data allows the model to capture enough variability in the
correlations between the propagation characteristics and propagation environment without
overfitting. The module includes three steps: (i) selecting REs, (ii) specifying acquisition
infrastructure, and (iii) performing an RE acquisition campaign.

In the first step, a set of indoor scenes in residential and office environments is selected
for RE signature acquisition. The set includes rooms with different levels of complexity,
geometry, materials, and roughness. In the selection process, the real-life construction
practices are considered. It is important that the set is large enough in order to provide
sufficient experience for the ML algorithms.

In the next step, a set of system setups used for obtaining the propagation character-
istics is selected. The radio system setup includes radio technologies, carrier frequencies
and bandwidths, antenna configurations, and link layouts. The setup enables estimation
of the propagation characteristics of the MPCs, therefore wide-band technologies should
be considered. For instance, ultra wideband (UWB) communication systems are able to
estimate multipath channel power delay distribution. The link layout is selected in a way
that allows the multipath effect of the environment to be captured in a wide range of posi-
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tions. Thus, we propose placing the radios on a grid with uniform-length cells covering the
whole room. The distance between the radio nodes is selected according to the wavelength
of the radio wave, to ensure that the small-scale variations are captured.

In the final step, an acquisition campaign is performed for estimating the propagation
characteristics of spatially distributed radio links in the pre-specified set of REs using the
pre-specified setups for the radio acquisition infrastructure. Synthetic and experimental
methods, such as ray tracing, specialized radio equipment, off-the-shelf radio devices, and
wireless networks, can be used to estimate the propagation characteristics of the wireless
link. The methods can be used individually, or several methods can be combined.

The output of the module is a large corpus of propagation characteristics, i.e. spatially
distributed CIRs from various indoor REs acquired with various communication system
configurations. The raw propagation data is an input for the propagation characteristic
processing and storing module.

4.2.3 Propagation characteristic processing and storing

The purpose of this module is to process and annotate the raw propagation characteristics
provided by the RE acquisition module and to provide structured, labeled data sets that
are suitable as input for the ML algorithms. The module includes three steps: (i) selecting
features from the raw propagation data, (ii) annotating the formatted RE signatures with
environmental properties, and (iii) storing the data.

In the first step, relevant features are identified from the raw propagation characteristics
based on domain knowledge. The propagation characteristics of the MPCs in the CIR are
considered as features. The number of descriptive variables and the input features of the i-
th data point is given in Eq. 4.1 and Eq. 4.2, respectively. In particular, three propagation
characteristics, (i) the received power P , (ii) the phase shift Φ, and (ii) the excess delay τ
of the R MPCs reaching the receiver are considered as input features of the data point.

The number of descriptive variables is

D = kR, (4.1)

where k is the number of propagation characteristics per MPC. In this study, k is three.
The input features of the i-th data point can be expressed as

Xi = (Pi,1,Φi,1, τi,1, · · · , Pi,R,Φi,R, τi,R). (4.2)

The data point is considered to be a formatted representation of the signature that the RE
has left on the particular radio link. Looking only at a subset of R informative MPCs that
convey most of the energy, and thus, hold most of the environmental information, leads
to reduced dimensionality of the descriptive space. Consequently, the time and resources
needed for training are reduced.

In the next step, the formatted RE signatures are associated with categorical environ-
mental properties (material, shape, size, and roughness). The annotation is a crucial step
as it provides the ground truth, i.e., correct output for the input RE signatures data used
for training a classification model that learns the mapping between the RE signature and
the RE properties, and a benchmark for evaluation of the model’s performance. In order
to represent the output space as a matrix, each column in the output corresponds to a la-
bel, i.e., environment property. Practically, after the annotation, the input feature vector
is associated with a binary indication vector that indicates the presence or absence of a
particular label in the surrounding of the wireless link. For instance, when the materials
used for the surfaces that bound the space around the radio link are in focus, each RE
signature is associated with the materials in the surrounding. The label space is

Λ = {M1, · · · ,MQ}, (4.3)
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where M is the material label and Q is the number of all possible materials that can be
used for constructing the surfaces. The source of labels depends on the radio acquisition
method. When a synthetic method is used, a description of the environment can be found
in a file used for environment modeling. On the other hand, when radio measurements are
conducted in a realistic indoor environment, the information about the properties of the
space can be found in the building construction documentation. In both cases, a solution
has to be developed to annotate the propagation on a specific radio link with the properties
of the surrounding.

In the final step, the data is stored to ensure that it can be easily accessed and analyzed
with ML tools. A suitable data organization, data format, and storage solution have to be
selected. The former two are concerned with how the data is structured and represented,
while the latter is concerned with where the data is physically stored. Regardless of the
specific choice for storing the data, it is important to ensure that the data is accurate,
organized in a consistent way, and easily accessible. This ensures that the ML algorithms
can effectively process the data. We suggest the use of a flat tabular form for organizing
the data, represented in the form of comma-separated values (CSV). The data is stored on
a local hard drive and available in open databases [205]. The tabular data organization has
been identified as a well-suited approach due to its ease of manipulation and processing.
The CSV format is widely recognized for its simplicity, efficiency, and compatibility with a
broad range of tools and libraries for ML analysis. Each row represents one instance of RE
signature from a particular radio link operating at a particular frequency and placed inside
a building labeled with binary values indicating the presence/absence of RE properties.
The columns in the descriptive space represent the particular property of the multipath
propagation while the columns in the output space represent the categorical property of the
RE. The output of the module serves for training, validation, and testing in the ML-based
modeling module.

4.2.4 Machine learning-based modeling

This module is responsible for outlining the stages of the ML-based process for constructing
the RE identification model. The purpose is to provide a clear and structured approach to
the ML-based modeling that includes the best practices appropriate for the RE character-
ization problem.

The module includes two components: problem formalization and ML workflow de-
velopment. The components form the core of the model-building process. The former is
responsible for the indoor RE characterization problem to be adequately defined as an ML
problem that can be solved using ML algorithms, and appropriate learning and evaluation
approaches are selected; while the latter provides a structured workflow for developing a
model ensuring that the set of tasks related to training, evaluation, refinement and final
evaluation are performed sequentially, and the final model is accurate and reliable.

To be more specific, the problem formalization is responsible for (i) defining the RE
identification task, (ii) selecting data for learning and evaluation, (iii) selecting a ML algo-
rithm, and (iv) selecting evaluation metrics and evaluation schemes; while the ML-workflow
development is responsible for the training, evaluation, tuning, and final evaluation of a
model. In the training stage, the model is trained on a labeled data set. The goal is to
learn relationships between the input and output space in the training data so that the
model is able to make predictions on new, unseen data. Once the model is trained, it is
evaluated following the selected evaluation scheme to measure its performance. State-of-
the-art evaluation measures are considered [34]. Based on the evaluation results, in the
tuning stage, the model is fine-tuned by adjusting the hyper-parameters. This workflow is
iterative and the tuning and evaluation stages are repeated several times until satisfactory
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performance is achieved. Finally, the fine-tuned model is evaluated on a separate test set
that has not been used in the training and tuning stages, to obtain a final estimate of the
model’s performance. The goal of this workflow is to develop a model that is not overfitted
to the train data and can accurately make predictions on new CIR data.

The task of RE properties identification belongs to supervised learning and is for-
malized as multi-label classification where a model outputs a subset from a predefined
set of RE properties for a given RE signature as input. The task is approached with
problem-transformation methods where the separate binary classifier is trained for each
label. Algorithms from various algorithm families (tree-based (DT), ensemble-based (RF),
neural networks (MLP), and kernel-based (SVM)) are considered as base learners. The
proposed ML workflow is depicted in Figure 4.3.

Figure 4.3: The design of the ML workflow.

The multi-label data set that includes all indoor REs and radio acquisition setups also
referred to as the main data set is sampled in sub-sets that contain a selection of REs
and acquisition setups. The train and test set are created by selecting instances from the
subset using the following strategy. Each room is divided into 1 m2 regions. From each
region, one radio node position is selected for training and one radio node is selected for
testing. Consequently, both sets include radio nodes that uniformly cover the room (one
radio node from each region in the room). The distribution of samples per class is the
same in the train and test set since all the rooms that are included in the original sub-set
are represented in both sets (train and test).

In the second stage, referred to as hyper-parameter tuning, a 5-fold-cross validation is
performed on the train set to find the optimal hyper-parameter configuration for each of
the classifiers. The technique involves defining a search space as a set of possible values
for each hyper-parameter that we want to consider and exhaustively searching through all
possible combinations of the hyper-parameter values in the space to find the combination
that yields the best performance. A detailed description of the specific hyper-parameters
values evaluated in this study is provided in Table 4.1.

In the third stage, the selected optimal hyper-parameter combination is used for learn-
ing a model on the whole train set. In the final stage, we evaluate the predictive perfor-
mance using the test set. The test set is used only for evaluation of the predictive per-
formance of the trained model and it has not been used at any other stage. For learning,
hyper-parameter tuning and evaluations we used MultiOuptutClassifier as meta-learner
with DecisionTreeClassifier, RandomForestClassifier, MLPClassifier, and SVC as base-
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Table 4.1: Hyper-parameter search space used in the tuning stage of the ML workflow
for the base algorithms (Decision Tree (DT), Random Forest (RF), Multilayer Perceptron
(MLP), and Support Vector Machine (SVM)).

Algorithm Implementation* Hyper-parameters and their values

DT DecisionTreeClassifier
max_depth=[2, 5, 10],

min_samples_leaf=[25, 50, 75],

criterion=[’gini’, ’entropy’]

RF RandomForestClassifier
max_depth=[2, 5, 10],

min_samples_leaf=[25, 50, 75],

n_estimators=[50, 100, 200, 300]

MLP MLPClassifier

hidden_layer_sizes=[(25,), (22, 11), (32, 8), (16,8)],

activation=[’logistic’, tanh’, ’relu’],

solver=[’sgd’, ’adam’],

learning_rate=[’constant’, ’adaptive’],

max_iter=[4000, 5000, 6000]

SVM SVC
kernel=[’linear’, ’rbf’],

C=[0.01, 0.1, 1, 10, 100],

max_iter=[1000, 2000]

*The implementations are part of the scikit-learn Python library [44].

learners, GridSearchCV and scores implemented in Scikit-learn Python library [43]. The
output of the module is a trained RE identification model that can be used for predicting
the properties of the RE on new RE signatures from radio link positions and propagation
environments that were not represented in the training process.

4.3 Methodology Use Case

The trained RE model can be used independently for identifying the properties of new
indoor RE, or it can be integrated as a component in emerging methodologies for com-
prehensive indoor environment characterization to provide predictions about the RE that
enriches the digital twin of the physical space. Consequently, the RE model is assumed
to be one of the most important enablers of environmentally aware indoor wireless com-
munications. The RE identification models can be used in design and optimization of
indoor wireless communication networks, as indoor structure geometry and materials are
an imperative requirement when deploying wireless systems inside buildings. The use of
predictive models shortens the time to characterize (in terms of properties that affect the
indoor radio propagation) a particular indoor RE in next-generation scenarios, which is
essential for the dynamic adaptation of the next-generation wireless systems to the propa-
gation environment. Additionally, the RE identification model can be used as part of other
methodologies for the comprehensive characterization of indoor structures. Due to the ver-
satility of the requirements for spatial description, the emerging methodologies integrate
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heterogeneous approaches to provide multi-layered description of the indoor structure.
The procedure for the characterization of particular indoor RE with RE identification

model is shown in Figure 4.4. It includes the following steps:

• RE signature acquisition,

• Propagation characteristic processing, and

• RE properties identification.

In the first step, the RE signature is acquired. The RE signature can be obtained from
a radio propagation characteristic database or with a RE acquisition (when propagation
data for that RE is not available). The propagation characteristic database contains radio
propagation characteristics of indoor environments with different geometry and materials
for different configurations of the wireless communication system (frequency, antenna con-
figuration, polarization, and position of the radio nodes). The database initially contains
data from ray tracing simulations and on-site measurements with equipment based on ra-
dio devices that can estimate the CIR. In the future, data from next-generation indoor
wireless networks capable to estimate the CIR can also be included. When there is no
available data for the particular RE, the RE signature can be acquired with ray tracing
tools or measurement campaigns. The data included in the propagation characteristics
database, as well as the new data obtained from site-specific simulations or measurements
is raw.

In the second step, the raw propagation characteristic is processed and organised in
tabular format to be appropriate as input for ML models. In the next-generation scenarios,
solutions for the transformation of the raw CIR estimates (from emerging radio technolo-
gies) and extraction of relevant features (propagation characteristic per path), need to be
developed. The output of the propagation characteristic processing step is formatted RE
signature.

In the third step, the trained RE identification model is used to predict the RE prop-
erties (shape category, size category, material category, and roughness category) based on
the input RE signature.
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Figure 4.4: Procedure for indoor RE characterization with RE identification model.
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Chapter 5

Evaluation Procedure

In this chapter, we describe the procedure for experimental evaluation of the proposed
methodology for material characterization in indoor RE. We evaluate the methodology for
predicting indoor materials based on CIR. First, we collect CIR data from many different
indoor REs that differ in the materials of the facets using computer simulations based on
ray tracing. We then conduct initial experiments with an initial set of rooms, in which we
build ML models that predict the material of a particular facet in a room based on CIR.
Finally, we perform exhaustive experiments with a larger number of rooms with different
combinations of materials. In these experiments, we build ML models that predict all
materials in a room based on CIR.

5.1 Experimental Questions

In this study, we investigate the ability of ML algorithms to learn predictive models from
CIR data to predict the materials in indoor RE from unseen CIR. We investigate the
predictive performance of models in indoor environments with varying complexity with
respect to the material used. By experimenting with several ML algorithms and different
train/test settings in terms of the size of the rooms and the position of the radio links, we
compare different strategies for approaching the indoor material prediction problem and
investigate the effects of room size and link position on prediction performance. Specifically,
we consider the following questions:

• Capability to predict the material of single facet: What is the predictive performance
of ML models in predicting the material of a single wall?

• Capability to predict all the materials in a room: What is the predictive performance
of ML models in predicting all the materials present in a room?

• Specific or more general approach to train the predictive models: What is the optimal
approach for constructing a material prediction model: training a model tailored to a
specific room size/layout of radio links, or training a more general model for multiple
room sizes/layouts of radio links? Under what conditions should each approach be
preferred?

• Impact of the room size and position of radio links on the ability of the models to
accurately predict the materials: Do the room size and the position of the radio links
considered in the training phase affect the ability of the trained models to make
accurate predictions about the materials for data from link positions and room sizes
that were not included in the training process?
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5.2 Indoor Environment

We considered the following factors to describe the indoor propagation environment:

• Geometry:

Geometry refers to the overall shape, dimensions, and spatial layouts of the indoor
space. It includes the position, dimensions, shapes, and relation between all archi-
tectural features, such as floors, ceilings, walls, columns, windows, and doors. In
general, the space is enclosed with cuboids and the thickness of each cuboid is also
the geometrical property of the structure important in through-the-wall radio prop-
agation. However, since we are not interested in the wave energy that penetrates
the structure as a result of the transmission mechanism, we approximate the cuboids
with facets.

We look at common and basic indoor structures (rooms), defined with four walls
forming an enclosure around the floor and ceiling. Each room is considered as a
separate entity and it is not related to an entire floor composed of many rooms. This
geometry is basic, yet representative of the most common rooms inside residential
and office buildings. The geometry of an empty room is schematically represented
in Figure 5.1. The facet’s names, the number of facets per room, and their position
within the room layout, considered in the experiments, are summarized in Table 5.1.
The overall geometrical properties of the rooms are summarized in Table 5.2.

Figure 5.1: Schematic representation of the room geometry. This scheme represents the
facets (floor, ceiling, and walls) that define the room, the dimensions (length and width)
of the floor/ceiling, and the vertical distance between the floor and ceiling (height).
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Table 5.1: Description of the facets that enclose the indoor space.

Facet name Total number of facets
per room

Position in the room
layout

floor 1 horizontal-bottom

ceiling 1 horizontal-top

wall 4 vertical-lateral

Table 5.2: Summary of the geometrical properties of the rooms. S: small, M: medium, L:
large, w: width, l: length, h: height.

room-size floor/ceiling
surface

floor/ceiling
dimensions
(w × l)

wall
dimensions
(l × h)

floor/ceiling
shape

walls
shape

S 9 m2 3 m × 3 m 3 m × 3 m
square

square

M 25 m2 5 m × 5 m 5 m × 3 m rectangular

L 49 m2 7 m × 7 m 7 m × 3 m rectangular

With respect to the shape, we looked at rooms with a square shape in terms of the
floor shape. With respect to the size of the room, we looked at three room-size
categories. Each category is determined by the area of the floor and the vertical
distance between the floor and ceiling. The area of the floor in rooms with different
sizes is 9 m2, 25 m2, and 49 m2. The area corresponds to floor dimensions of 3 m
by 3 m, 5 m by 5 m, and 7 m by 7 m, consequently. In the later text, the rooms
with floor surface equal to 9 m2 are referred to as small (S) rooms, the rooms with
floor surface equal to 25 m2 are referred to as medium (M) rooms, and the rooms
with floor surface equal to 49 m2 are referred to as large (L) rooms. The vertical
distance between the floor and ceiling is 3 m, for all rooms. The dimensions of the
walls depend on the overall dimensions of the room. Therefore, in S rooms, the walls
have a square shape, length of 3 m and height of 3 m; in M rooms, the walls have a
rectangular shape, length of 5 m and height of 3 m; and in L rooms, the walls have
a rectangular shape, length of 7 m and height of 3 m.

• Roughness of the surfaces:

The irregularities on the surface of the facets scatter the radio wave in multiple direc-
tions. This propagation mechanism should be considered in high-frequency regimes
because even physically small variations on the surfaces can scatter the radiation
[206]. We assume that the surface of the facets is smooth, i.e., the surface’s varia-
tions are so small compared to the wavelength that they do not scatter the waves.

• Materials:

The materials present in a room belong to several categories, such as structural
materials used to construct the room, surface materials used to cover the facets and
other structural components in the room, and materials of the objects present in the
room. We focus on the materials used to construct the facets. More specifically,
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we look at rooms where the same material that is used for constructing the facets
appears on the surface, i.e., there is no additional cover on the surface made of a
different material. The materials are observed from the perspective how they affect
the propagation.

Each material is described with its constitutive parameters (electric permittivity,
magnetic permeability, and conductivity), and the reflection coefficient [206]. The
constitutive parameters describe how EM waves behave as they interact with the
specific material and propagate through it, while the reflection coefficient expresses
the ratio of the reflected electric field to the incident field on the boundary between
two media with different permittivities and permeabilities. The electric permittivity
and magnetic permeability determine the speed at which EM waves travel through
the medium, as well as the amount of energy that is absorbed or reflected by the
medium [6]. The conductivity determines the amount of energy that is lost due to
electrical resistance in the medium [6]. Other intrinsic properties of the material
itself are not considered. The rationale behind this comes from fundamental electro-
magnetism theory and Maxwell’s equations showing the medium properties impact
on the strength of the fields [6]. The electric permittivity is expressed relative to the
permittivity in free space as

ϵ = ϵ0ϵrFm
−1, (5.1)

where ϵ0 is the permittivity in free space (ϵ0 = 8.854 × 10−12Fm−1), and ϵr is the
relative permittivity. The relative permittivity is a dimensionless, complex-valued
quantity:

ϵr = ϵ
′
r + jϵ

′′
r , (5.2)

where ϵ′r, and ϵ′′r are the real and imaginary parts, respectively. The imaginary part
is:

ϵ
′′
r =

σ

ϵ0ωc
, (5.3)

where σ is conductivity measured in Siemens per meter [Sm−1], and

ωc = 2πfcrad/s (5.4)

is the angular frequency. The magnetic permeability is expressed relative to the
permeability in free space as

µ = µ0µrHm
−1, (5.5)

where µ0 is permeability in free space (µ0 = 4π × 10−7Hm−1), and µr is relative
permeability. The reflection coefficient Γ of a material is a function of the relative
permittivity of the material ϵr and the angle of incidence α. When the angle of
incidence is equal to the angle of reflection, the reflection coefficient for horizontal
polarization (HP) and vertical polarization (VP) can be calculated as

ΓHP =
cosα−

√
ϵr − sin2 α

cosα+
√
ϵr − sin2 α

, (5.6)

ΓV P =
ϵr cosα−

√
ϵr − sin2 α

ϵr cosα+
√
ϵr − sin2 α

(5.7)

Although there are various materials available for indoor construction, some of them
are more frequently used in practice, and usually specific facets tend to be associated
with particular materials. In the general indoor construction practice, the floors are
commonly constructed of hardwood, tile or concrete, and the ceilings are typically
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constructed of concrete, but also gypsum boards or suspended ceilings are used often,
and when it comes to walls, brick, concrete, plaster, and glass are used. The choice of
materials depends on various factors, such as function, need for durability, aesthetic,
etc., and also on the specific regulations and building codes that must be followed.

In this study, we considered a set of five materials with different permittivity: brick,
concrete, glass, plaster, and wood. The frequency-dependent values of the relative
permittivity and conductivity of the materials are summarized in Table 5.3. We
used the material electrical properties at the frequencies of interest provided by the
International Telecommunication Union (ITU-R) [13]. The materials are considered
to be non-ionized and non-magnetic. Therefore, the density of free charge is set to
zero and the permeability for all materials is set to the permeability of free space.
The reflection coefficients of the materials for vertical and horizontal polarization
are plotted in Figure 5.2. The plot shows the reflection coefficient in decibels as a
function of the incidence angle.

Table 5.3: Electrical properties of materials [13].

material relative
permittivity

conductivity frequency
range [GHz]

brick 3.75 0.038 1-40

concrete 5.31 0.120 0.001-100

glass 6.27 0.029 0.1-100

plaster 2.94 0.036 1-100

wood 1.99 0.026 0.001-100
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Figure 5.2: Reflection coefficients of brick, concrete, glass, plaster, and wood. The solid
lines represent the reflection coefficients in the case of vertical polarization, while the dashed
lines represent the reflection coefficients in the case of horizontal polarization. VP: vertical
polarization, HP: horizontal polarization, f=3494.4 MHz.

Within the selected set of materials, we identified three groups of materials that
are commonly used for particular facets (floors, ceilings, and walls). We refer to
the materials used for constructing the floors as floor-materials, to the materials
used for constructing the ceilings as ceiling-materials, and to the materials used for
constructing the walls as wall-materials. In Figure 5.3, the relation between the
material groups and the facets of an empty room is schematically represented. The
floor-materials group includes concrete and wood; the ceiling-materials group includes
concrete, plaster, and wood; and the wall-materials group includes brick, concrete,
glass, plaster, and wood.

• Other obstacles:

While large objects in the building, such as the floor, ceiling, and walls, have a
dominant effect on radio propagation, the obstacles with smaller sizes, such as tables,
chairs, cabinets, and people, can also affect the propagation. The frequency of the
radio signal is a major factor that determines the extent to which the small objects
interact with the propagating wave. Also, the effect of a specific object depends on
the size and shape of the object and its material, as well as its position relative to
the transmitter and receiver.

We consider only the reflected paths that are the result of the reflection that occurs
when the waves are incident onto smooth, large (relative to the wavelength) facet.
Therefore, we look only at empty rooms. By simplifying the environment, the propa-
gation characteristics of the paths that convey most of the environmental information
can be obtained, without the need to process propagation characteristics that are not
relevant to the learning task.

In our study, we included 11,250 rooms in total. In particular, based on the materials
used for constructing the facets in the room, these rooms belong to 3,750 distinct room
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Figure 5.3: Schematic representation of the materials considered for constructing floors,
ceilings, and walls.

types and each room type is considered in the three room sizes defined earlier in this
section. The number of distinct room types comes from the materials used for the floor
and ceiling, having six floor-ceiling material combinations; and the materials used for the
walls, having 625 wall materials combinations.

5.3 Communication System

The communication system has a crucial role in the RE acquisition process. Appropriate
configuration is essential to ensure that the propagating waves convey sufficient environ-
mental information for environment characterization. The configuration refers to the selec-
tion of system parameters, such as frequency, bandwidth, transmission power, and receiver
sensitivity, as well as the number of antennas and their characteristics, and geometry of
antenna arrays.

The operating frequency is a fundamental parameter since it determines the behav-
ior of the radio waves as they travel through and interact with the indoor environment.
The bandwidth has a significant impact on the capability to distinguish MPCs. A wider
bandwidth allows more precise time-domain resolution, which means that the receiver can
distinguish between the different MPCs arriving at different times. This is important for
extracting features for each propagation path that is used for training the ML models.
The transmission power affects the distance that the wave can travel and the strength of
the received signal while the receiver sensitivity affects the receiver’s ability to detect weak
signals. These two parameters have to be set to achieve the desired range and received
signal strength while minimizing the noise.

The parameters of the communication system are specified so that the study can be
upgraded with the experimentally measured RE signatures in a real environment. We
consider UWB radio technology according to 802.15.4-2011 standard, thus we selected
carrier frequency equal to 3494.4 MHz [207].

Omnidirectional antennas are used due to their equal radiation and reception in all
directions, which makes them adequate for distributing the signal through the space and
acquiring the properties of the indoor RE. Additionally, the omnidirectional antennas re-



50 Chapter 5. Evaluation Procedure

quire minimal setup and calibration which makes them a suitable choice for collecting large
amounts of propagation data for ML analysis. We select the mounting height according to
the common real-life positioning of the radio devices, thus antenna is mounted 1.5 m above
the floor. The input power is set to 0 dBm, the polarization is vertical and the threshold
for the receiver is set to -250 dBm. The configuration of system parameters is summarized
in Table 5.4.

Table 5.4: Wireless system parameters configuration. Tx: transmitter, Rx: receiver.

system parameter configuration

frequency 3494.4 MHz

bandwidth UWB

polarization vertical

antenna type omnidirectional

Tx/Rx height 1.5 m

One fixed radio node and a portable node that can change its location are used in the
standard channel measurement procedure for estimating indoor and outdoor CSI estima-
tion. A uniform grid is defined in room, indicating the possible location of the portable
node, while the three possible topologies of the fixed nodes in the room are considered,
namely (1) one node in the center of the room, (2) one node in the center of the room
but equipped with multiple antennas arranged in a circle, and (3) four nodes located near
the room corners. The first two fixed node topologies correspond to CSI estimation for
training purposes, while the last one is very common for wireless systems in operation,
where the access points or the base stations are located at the room corners. In order
to study the impact of CSI estimation for training and testing, the three link layouts are
specified, namely L1 corresponding to the node topology 1, L2 corresponding to topology
2, and L3 corresponding to topology 3.

In Figure 5.4, a schematic representation of the radio nodes positions relative to the
room geometry is given. The layout-specific and grid positions of the nodes are presented
in two separate top views of the room. In L1, the layout-specific radio node is placed in the
center of the room. In L2, the layout-specific radio nodes are evenly spaced in a circular
pattern around a central point which is in the center of the room. The distance from the
center of the room to the circumference of the circle is 0.5 m, and the spacing between the
radio nodes is π/4 rad. In L3, the layout-specific nodes are placed close to each corner of
the room. The coordinates of the layout specific nodes for the defined room sizes are given
in Table 5.5.

The portable nodes are arranged in a grid pattern with equal distance between the
nodes and covering the whole room. The corners of the grid are 0.25 m apart from the
walls and the distance between the nodes is also 0.25 m. Since the grid size is defined
relatively to the room size, the total number of grid nodes is different in rooms with
different sizes. For rooms belonging to S, M, and L room sizes, the total number of grid
nodes is 121, 361, and 729, respectively. The number of radio links per room size is given
in Table 5.6.

An example of the 15 strongest rays between the layout-specific radio nodes in L1,
L2, and L3 and one grid node in M room are illustrated in Figure 5.5, Figure 5.6 and
Figure 5.7.



5.3. Communication System 51

Figure 5.4: Schematic representation of the locations of fixed and portable radio node.

Table 5.5: Cartesian coordinates (x, y) of the positions of layout-specific nodes. The
coordinates are in meters.

radio-link layout
room size

S M L

x y x y x y

L1 1.50 1.50 2.50 2.50 3.50 3.50

L2

2.000 1.500 3.000 2.500 4.000 3.500

1.850 1.850 2.850 2.850 3.850 3.850

1.500 2.000 2.500 3.000 3.500 4.000

1.150 1.850 2.150 2.850 3.150 3.850

1.000 1.500 2.000 2.500 3.000 3.500

1.150 1.150 2.150 2.150 3.150 3.150

1.500 1.000 2.500 2.000 3.500 3.000

1.850 1.150 2.850 2.150 3.850 3.150

L3

0.375 0.375 0.375 0.375 0.375 0.375

2.625 0.375 4.625 0.375 6.625 0.375

2.625 2.625 4.625 4.625 6.625 6.625

0.375 2.625 0.375 4.625 0.375 6.625
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Table 5.6: Number of radio links.

radio-link layout room size

S M L

L1 121 361 729

L2 968 2888 5832

L3 484 1444 2916

Total number of radio-links per room: 1573 4693 9477

Figure 5.5: Strongest radio rays between single radio node of layout L1 and a single grid
node.
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Figure 5.6: Strongest radio rays between eight radio nodes of layout L2 and single grid
node.

Figure 5.7: Strongest radio rays between four radio nodes of layout L3 and single grid
node.

5.4 Data Collection

The workflow for building a data set with CIR values for radio links in different positions
within an indoor environment is depicted in Figure 5.8. It included the following steps:

• Design of simulation scenarios.
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• Development of a solution for automation of the simulation input parameters modi-
fication and simulation execution.

• Ray-tracing and CIR calculation.

• Integrating and processing the simulation output.

Figure 5.8: Workflow for building CIR data set.

In the first step, a tool for indoor radio simulation is selected and the simulation sce-
narios are defined according to the description of the rooms given in Section 5.2, and the
communication system given in Section 5.3. A commercially available 3-D wireless predic-
tion software, Remcom Wireless InSite, is chosen for predicting the effects of buildings on
the propagation of the EM waves and generating accurate values for the specific propaga-
tion characteristics [31]. Wireless InSite is a 3-D wireless prediction software for analysis of
site-specific radio wave propagation. The calculations are based on shooting rays from the
transmitters and propagating them through the indoor geometry, evaluating the complex
field of each ray, and combining the contributions of arriving ray paths to determine the
propagation quantities. The field estimates, when the parameters of the propagation envi-
ronment and the wireless system are given, are representative of the fields associated with
the ray paths in a real-life scenario with the corresponding parameters. The key features of
this tool suitable for our study are (i) modeling capabilities—accurate ray-tracing models
and support for indoor environments; (ii) site-geometry editors—creation and modification
of indoor environments; (iii) import functionality—import of indoor geometries from CAD
files and antenna patterns from common formats; (iv) databases of waveforms, antennas,
and materials; (v) large set of outputs that can be calculated and written to ASCII-based
files; (vi) support for facet-level material definition; (vii) GPU acceleration and multi-
threading; (viii) support for user-defined input files; and (viii) command-line execution of
the calculation engine. The description of the simulation scenarios is stored in scenario files.
The scenario files include a (i) description of the propagation environment—geometry and
materials; and (ii) transmitter/receiver configuration—location relative to the geometry of
the room, carrier frequency, bandwidth, antenna type, mounting height, orientation, and
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configuration; as necessary inputs for the simulation tool. The Wireless Insight workflow
includes a setup and calculation phase as shown in Figure 5.9 [31]. In the setup phase,
the RE, transmitter/receiver location, antennas, waveforms, and propagation model are
defined and the output type is selected, while in the calculation phase, the geometry is
processed, the propagation paths are determined, the field associated with each path is
evaluated, the requested propagation quantities are calculated and the generated output
is written to files.

Figure 5.9: Workflow for propagation characteristic estimation based on ray-tracing.

In the second step, since data from a large number of scenarios has to be collected, a
solution is developed to control the tool, i.e., the input parameter modification, running the
simulation’s engine from the command line and output storing. In particular, we develop
a Python script for automatic change of the Wireless InSite input parameters, simulation
execution, and output storage [208]. Data and parameters that should be configured to
perform the simulation refer to the floor plan, materials, antennas, waveforms, transmitters,
receivers, and outputs.

In the third step, the simulation project is set using the Python script for input param-
eter setup, the ray paths from the transmitter to the receiver are found using ray-tracing,
and the CIR is calculated. The indoor environments are defined with coordinates of the
vertices and materials for each facet in an ASCII floor plan file that can be exported for
further use. The floor plan file contains four sections:

• File header—specifies the type of geometry;

• Location section—specifies the origin of the floor plan in Cartesian coordinates;

• Material section—specifies the materials that are referenced to the facets with their
parameters; and
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• Structure-groups section—specifies the facets that define the geometry. Each facet
is described with a set of vertices and an assigned material.

The materials are stored as part of the floor plan in the floor plan file. Each material is
defined with its EM properties (conductivity and relative permittivity), from which the
reflection coefficients are calculated.

The waveform properties are defined in a waveform file format that includes the type
of the waveform and its specific values, like the waveform shape. We consider the sinu-
soidal type of waveform which is described by the carrier frequency, bandwidth, and initial
phase shift. The omnidirectional antennas are defined by specifying the antenna type, the
reference to the waveform assigned to the antenna, gain, polarization, transmission line
loss, receiver threshold, and voltage standing wave ratio. The properties of the transmitter
and the receiver are stored in transmitter and receiver files, respectively. The transmit-
ter/receiver files have four sections: header, location, antenna, and additional properties.

The region in which to perform simulations, the propagation model to be used and the
outputs to be generated are defined with the Wireless InSite study area. The size and
the location of the study area are selected to include the entire indoor environment. The
selected propagation model is X3D [31]. This is 3-D propagation model with no restrictions
on geometry shape or transmitter/receiver height. It includes reflections, transmissions,
and diffractions along with atmospheric absorption and diffuse scattering and supports
frequencies up to 100 GHz. The selected ray-tracing method is SBR with exact path
correction which reduces error in calculated power and phase [31], [209].

All the predictions for the CIR values per ray are generated by the Wireless InSite cal-
culation engine. The electric field is evaluated in the far zone of the transmitting antenna.
In 3-D calculations, the polarization of the incident electric field Ei is neither completely
parallel nor completely perpendicular to the plane of incidence at each reflection, so the
reflected field Er is then calculated from the two reflection coefficients Γ∥ and Γ⊥ where the
components of the reflected electric field parallel Er∥ and perpendicular Er⊥ to the reflection
plane are calculated as followsEr∥

Er⊥

 =

Γ∥ 0

0 Γ⊥

Ei∥

Ei⊥

 . (5.8)

At each receiver site, the CIR component is calculated per ray path and written to
ASCII-based files. Each file has header rows that describe the transmitter and receiver and
per-ray CIR values. Each row has a separate column for each of the three CIR parameters
(time of arrival in seconds, phase in degrees, and received power in dBm). We keep the
CIR for the 15 strongest paths, including the direct path, single-bounced paths, and paths
with multiple bounces.

The CIR of the i-th MPC si is

si = Pie
jΨi , (5.9)

where Pi is the power carried by the i-th MPC and

Ψi = tan -1(
Im(Vi)

Re(Vi)
) (5.10)

is the phase of the i-th MPC [31]. The complex voltage at the feed point of the receiving
antenna due to the i-th MPC Vi is proportional to

Vi ∝ Eθ,igθ(θi, ϕi) + Eϕ,igϕ(θi, ϕi), (5.11)
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where θ and ϕ are theta and phi coordinates in global spherical coordinate system, Eθ,i
and Eϕ,i are the θ and ϕ components of the electric field of the i-th MPC at the receiver
point, and gθ and gϕ are the direction of arrival in terms of θ and ϕ. The θ component of
the direction of arrival is given by

gθ(θ, ϕ) =
√

|Gθ(θ,ϕ)|ejψθ , (5.12)

where Gθ is the θ component of the receiving antenna gain and ψθ is the relative phase of
the θ component of the far zone electric field. The ϕ component of the direction of arrival
is calculated analogously. The CIR from radio links in two different rooms in terms of the
materials used is shown in Figure 5.4.
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Figure 5.10: CIR of radio link in two example rooms. Room 1—floor: concrete, ceiling:
concrete, wall 1: concrete, wall 2: concrete, wall 3: concrete, wall 4: brick. Room 2—floor:
wood, ceiling: plaster, wall 1: wood, wall 2: glass, wall 3: brick, wall 4: concrete.

Finally, the simulation output is integrated and organised in a tabular data set. Or-
ganising the simulation output, which is stored in multiple proprietary file formats, into a
structured data set appropriate for ML analysis is a crucial step for leveraging the simu-
lation data for ML modeling. The relevant CIR values are extracted from the simulation
output files and integrated into a single, structured data set using Python to read, process,
and integrate data.

5.5 Experimental Scenarios

The study includes both initial and advanced experimental scenarios in terms of goal,
indoor environment complexity, and evaluation setup (radio links and rooms in the training
and testing process). The implementation of both scenarios enables the development of an
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informed approach to data-driven indoor environment characterization based on CIR. The
iterative process of defining and refining the experimental scenarios is essential because the
problem is previously unexplored and there are no approaches in the literature for using
CIR to predict the materials in the indoor propagation environment with ML models.

An initial experimental scenario, referred to as Baseline Scenario is defined, to

• develop a foundational understanding of how to approach the problem,

• investigate the feasibility of the concept, and

• study the potential of ML models to predict materials in basic propagation environ-
ments based on CIR.

This scenario serves as the foundation for refining the subsequent experimental design.
Specifically, data is collected from an initial, carefully selected set of rooms, chosen based on
the materials used, to enable a more focused analysis of the research problem. The decision
to use a reduced number of rooms is guided by pragmatic and methodological consider-
ations. In particular, a smaller data sample facilitates a more efficient and manageable
validation of the concept’s feasibility, while requiring fewer computational resources.

A more detailed experimental scenario, referred to as Comprehensive Scenario is de-
fined, to

• study the ML-based material prediction in a larger set of rooms with varying com-
plexity in terms of the number and combination of materials, and

• assess the generalization performances of the models in various evaluation setups in
terms of link positions and room sizes.

When a problem that has not been previously addressed using ML techniques is ap-
proached, it is important to evaluate different learning algorithms. The effectiveness and
suitability of different learning methods for constructing models that capture the relation-
ships between the CIR and the materials in the propagation environment is enabled by the
evaluation of multiple algorithms. Several factors, such as the complexity and nature of
the problem, the characteristics of the data, the available computational resources, and the
requirement for model interpretability, determine the selection of a suitable ML algorithm.

In both experimental scenarios, four different classification algorithms, as representa-
tives of tree-based (DT), ensemble (RF), neural network (MLP) and kernel-based (SVM)
learning methods, are used. Given the novelty of the problem and, consequently, the lack
of sufficient data and the interpretability requirement, deep learning methods are not con-
sidered. The algorithms and their implementations are described in Section 2.2.1.2. In
order to assess the ability of the models to generalize to new CIRs, independent test data
that has not been used in any of the previous phases of the model development process is
considered. All trained models are tested with new data from radio links other than those
used in the training and tuning phases.

5.5.1 Baseline scenario

In this scenario, a subset of 48 rooms from the set of rooms described in Section 5.2 is
selected for the initial investigation of indoor material identification. The set comprises 16
rooms for each of the three room size categories (S, M, and L). Careful consideration is
given to the effects of different materials on indoor radio propagation when selecting the
propagation environments for the initial experiments. Rooms are chosen where concrete
is the predominant building material for the floor, ceiling, and three walls, while one
wall is made of a different material from a predefined set of materials, including brick,
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glass, plaster, and wood. More detailed explanations of the selection of materials are
given in Section 5.2. The objective is to identify the material of the different wall, given
that concrete is present in all rooms. The learning task is formalized as a multi-class
classification and a predictive model is learned that outputs a material class representing
the material of the wall for the input CIR. The formal description of the task and the
methods for multi-class classification are provided in Section 2.2.1.

During the predictive model developing, the selection of the data for training the model
is crucial. Initially, it is important to investigate how the problem can be approached,
either by (i) training specific models for different room sizes and radio link layouts, or (ii)
constructing more general models that can be used for a wide range of rooms and layouts.

Both specific and general approaches in terms of link location and room size are being
considered. In terms of the room size,

• specific models – using data from a single room size, i.e., S, M, and L, and

• more general models – using data from different (two and three) room sizes, i.e., SM,
ML, SL, and SML, are being trained.

The specific approach is employed to examine how the model performance is affected by
room size, whereas the general approach is utilized to investigate the effects of combining
data from different room sizes. To construct a more general model that is not tailored
to a single room size, the inclusion of room sizes in the training phase is an important
consideration, as the performance of the model can be influenced by the range of sizes rep-
resented in the training process. Different combinations of room sizes are being considered
to examine the effects of combining different sizes on model performance. In terms of the
link layout,

• specific models – using data from a single link layout, i.e., L1, L2, and L3, and,

• more general models – using data from multiple layouts, i.e., L1+L2+L3 (ALL), are
being trained.

The specific approach is used to study how the link layout affects model performance,
while the general approach is used to study the effect of combining data from different link
layouts on model performance.

The model performance is assessed using an initial evaluation scheme referred to as
EvalSch–Init, where different locations of the portable node are used for testing resulting
in different link locations and orientations for training and testing. The room sizes and
link layouts included in the test set are represented in the train set. The scenario where
the model is expected to make predictions for new data collected using the same acquisi-
tion layout as for collecting training data is represented by this evaluation scheme. The
definition of the evaluation settings in terms of the room size(s) and link layout(s) included
in the train and test set is as follows:

• 1RS–train/1RS–test: Single room size for training and testing.

Models are trained with data of each room size (S, M, and L), and they are tested
on the same size. Therefore, the room sizes used for training and testing are S/S,
M/M, and L/L.

• 1Lyt–train/1Lyt–test: Single link layout for training and testing.
Models are trained using data acquired with single layout (L1, L2, and L3), and
tested on data from the same layout.
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• mLyt–train/mLyt–test: Multiple link layouts for training and testing.
Models are trained with data acquired with several layouts (ALL), and tested
on data obtained with the same layout.

• 2RS–train/2RS–test: Two room sizes for training and testing.

Models are trained for each pair of room sizes (SM, ML, and SL), and evaluated on
the same sizes.

• 1Lyt–train/1Lyt–test: Single link layout for training and testing.
Models are trained using data acquired with single layout (L1, L2, and L3), and
tested on data from the same layout.

• mLyt–train/mLyt–test: Multiple link layouts for training and testing.
Models are trained using data acquired with several layouts (ALL), and tested
on data obtained with the same layout.

• 3RS–train/3RS–test: Three room sizes for training and testing.

Models are trained for three room sizes (SML), and evaluated on the same sizes.

• 1Lyt–train/1Lyt–test: Single link layout for training and testing.
Model is trained using data acquired with single layout (L1, L2, and L3), and
tested on data from the same layout.

• mLyt–train/mLyt–test: Multiple link layouts for training and testing.
Models are trained on data acquired using several layouts (ALL), and tested on
data from the same layouts.

5.5.2 Comprehensive scenario

In this scenario, the full set of 11,250 rooms described in Section 5.2 is considered. The set
includes 3,750 rooms for each room size (S, M, L). The rooms have different numbers and
combinations of materials from a predefined set, including brick, concrete, glass, plaster,
and wood. More detailed explanations of the selection of materials are given in Section 5.2.
This set represents the wide variety of rooms (in terms of material used for the facets)
that exist in a real office and residential buildings. The objective is to use the CIR to
identify all surface materials in the indoor environment. Therefore, the goal is to learn
a predictive model, using CIRs from spatially distributed radio links, which outputs the
subset of materials that exist in the RE for unseen CIR. The learning task is formalized as
multi-label classification and the problem transformation approach is used to learn from
multi-label data [41], [67]. The formal definition of the task and the description of the
problem transformation method are given in Section 2.2.2.

One of the most important aspects of any ML problem is the choice of the evaluation
scheme that determines the selection of data used in the training and testing phase. In
particular, in the evaluation setup for the problem of indoor material prediction, one of
the most important aspects is whether or not the size of the rooms and the layout of
the radio links included in the train set are also present in the test set. We use the
initial evaluation scheme EvalSch–Init, and define three additional evaluation schemes:
EvalSch–Lyt, EvalSch–RS , and EvalSch–RS–Lyt, to investigate the generalization of the
models to links, room sizes, and both links and room sizes that are not included in the
train set, respectively.
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5.5.2.1 Evaluation scheme EvalSch–Init

The initial evaluation scheme EvalSch–Init is used to investigate the ability of predictive
models to generalize to unknown link locations. Thus, the same fixed node locations and
the same room sizes are applied for the training and testing, but the different portable
nodes are used for testing; that results in different link locations and orientations for
training and testing. The models are trained and tested on a single room size (S, M, L)
or several room sizes (SM, ML, SL and SML) and apply the same fixed link layouts for
training and testing (L1, L2, L3, ALL), but different location of the portable nodes for
testing. Specifically, the evaluation settings in terms of the room sizes and link layouts
included in the train and test set are defined as follows:

• 1RS–train/1RS–test: Single room size for training and testing.

Models are trained separately for each room size (S, M, and L), and tested on the
same size, as follows S/S, M/M, and L/L.

• 1Lyt–train/1Lyt–test: Single link layout for training and testing.
Models are trained using data acquired with L1, L2, and L3 layouts, separately;
and the same layout is used for testing, as follows L1/L1, L2/L2, and L3/L3.

• mLyt-train/mLyt-test: Multiple link layouts for training and testing.
Models are trained using data acquired with several layouts (ALL), and the
layouts used for training are also used for testing, thus the layouts in training
and testing are ALL/ALL.

• 2RS–train/2RS–test: Two room sizes for training and testing.

Models are trained for pairs of room sizes (SM, ML, and SL), and the same room
sizes are used for testing, as follows SM/SM, ML/ML, and SL/SL.

• 1Lyt–train/1Lyt–test: Single link layout for training and testing. Models are
trained using data from single acquisition approach (L1, L2, and L3) and tested
using data obtained with the same layout. Therefore, the layouts for training
and testing are L1/L1, L2/L2, and L3/L3.

• mLyt-train/mLyt-test: Multiple link layouts for training and testing.
Models are trained using data from several acquisition approaches (ALL) and
tested using data acquired with the same layouts, thus the layouts in training
and testing are ALL/ALL.

• 3RS–train/3RS–test: Three room sizes for training and testing.

Models are trained for three room sizes (SML), and the same room sizes are used for
testing the models. Thus, the room sizes in training and testing are SML/SML.

• 1Lyt-train/1Lyt-test: Single link layout for training and testing.
Models are trained using data from single acquisition layout (L1, L2, and L3),
and tested using data from the same layout, as follows L1/L1, L2/L2, and
L3/L3.

• mLyt-train/mLyt-test: Multiple link layouts for training and testing.
Models are trained using data obtained with several acquisition approaches
(ALL), and tested using data from the same layouts, i.e., the layouts for training
and testing are ALL/ALL.
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5.5.2.2 Evaluation scheme EvalSch–Lyt

The evaluation scheme EvalSch–Lyt is used to investigate the ability of predictive models
to generalize to data acquired a with different approach (i.e., layout) than the one used
for acquiring training data. This evaluation scheme represents the real scenario, where the
model is making predictions on data acquired with different approach, without knowledge
how the training data is obtained. Namely, the training data is acquired using one or several
positions of fixed node, while portable node is moved randomly over the grid covering the
room; and the model is applied on data using different positions of the fixed node. Different
locations of fixed node, arranged in different layouts, as well as of the portable node are
used for training and testing. Thus, the models are trained either with data of a single
room size (S, M, L) or several room sizes (SM, ML, SL, SML) and evaluated with the
same room sizes represented in the training process, but using the different link layouts
for training and testing, namely L1/L2, L1/L3, L2/L1, L2/L3, L3/L1, L3/L2. Specifically,
the evaluation settings in terms of the room sizes and link layouts included in the train
and test set are defined as follows:

• 1RS-train/1RS-test: Single room size for training and testing.

Training a model on a single room size (S, M, and L) and evaluating the model on
the same room size. In terms of the room sizes, the models are trained and tested as
follows: S/S, M/M, L/L.

• L1–train/diffLyt–test: L1 for training and different layout (L2, and L3) for
testing.
Training a model using data collected with a fixed node positioned in the center
of the room (L1); and evaluating the model separately on data collected with
fixed nodes in L2 positions on a circle centered in the room and data collected
using nodes positioned near the corners (L3). The portable node is randomly
moved over the grid in the room for collecting training and testing data. Con-
sequently, the layouts for training and testing are L1/L2 and L1/L3.

• L2–train/diffLyt–test: L2 for training and different layout (L1, and L3) for
testing.
Training a model using data acquired with eight fixed nodes positioned on a
circle centred in the room (L2); and evaluating the model separately on data
collected with a fixed node in the center of the room (L1) and data collected
with fixed nodes placed close to the corners (L3). The portable node is randomly
moved over the grid in the room for acquiring both the training and testing data.
Therefore, the layouts used for training and testing are L2/L1 and L2/L3.

• L3–train/diffLyt–test: L3 for training and different layout (L1, and L2) for
testing.
Training a model using data obtained with fixed nodes positioned near the
corners of the room (L3); and evaluating the model separately on data acquired
with a fixed node in the center of the room (L1) and fixed nodes on a circle in
the center of the room (L2). The portable node is randomly moved over the
grid in the room for acquiring both the training and testing data. Thus, the
layouts for training and testing are L3/L1, and L3/L2.

• 2RS–train/2RS–test: Two room sizes for training and testing.

Training a model on a pair of room sizes (SM, ML, and SL) and evaluating the model
on room sizes that are used in the training. The room sizes used for training and
testing are SM/SM, ML/ML, and SL/SL.
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• L1-train/diffLyt–test: L1 for training and different layout (L2, and L3) for
testing.
Training a model using data collected with a fixed node positioned in the center
of the room (L1); and evaluating the model separately on data collected with
fixed nodes in L2 positions on a circular pattern close to the center of the room
and data collected using nodes positioned near the corners (L3). The portable
node is randomly moved over the grid in the room for collecting training and
testing data. Consequently, the layouts for training and testing are L1/L2 and
L1/L3.

• L2-train/diffLyt–test: L2 for training and different layout (L1, and L3) for
testing.
Training a model using data acquired with fixed nodes positioned in eight posi-
tions on a circle centred in the room (L2); and evaluating the model separately
on data collected with a fixed node in the center of the room (L1) and data
collected with fixed nodes placed close to the corners (L3). The portable node
is randomly moved over the grid in the room for acquiring both the training
and testing data. Therefore, the layouts used for training and testing are L2/L1
and L2/L3.

• L3-train/diffLyt–test: L3 for training and different layout (L1, and L2) for
testing.
Training a model using data obtained with fixed nodes positioned near the
corners of the room (L3); and evaluating the model separately on data acquired
with a fixed node in the center of the room (L1) and fixed nodes on a circle in
the center of the room (L2). The portable node is randomly moved over the
grid in the room for acquiring both the training and testing data. Thus, the
layouts for training and testing are L3/L1, and L3/L2.

• 3RS–train/3RS–test: Three room sizes for training and testing.

Training a model for three room sizes (SML) and evaluating the model on sizes that
are considered in the training. The room sizes in training/testing are SML/SML.

• L1–train/diffLyt–test: L1 for training and different layout (L2, and L3) for
testing.
Training a model using data collected with a fixed node positioned in the center
of the room (L1); and evaluating the model separately on data collected with
fixed nodes in L2 positions on a circular pattern close to the center of the room
and data collected using nodes positioned near the corners (L2). The portable
node is randomly moved over the grid in the room for collecting training and
testing data. Consequently, the layouts for training and testing are L1/L2 and
L1/L3.

• L2–train/diffLyt–test: L2 for training and different layout (L1, and L3) for
testing.
Training a model using data acquired with fixed nodes positioned in eight posi-
tions on a circle centred in the room (L2); and evaluating the model separately
on data collected with a fixed node in the center of the room (L1) and data
collected with fixed nodes placed close to the corners (L3). The portable node
is randomly moved over the grid in the room for acquiring both the training
and testing data. Therefore, the layouts used for training and testing are L2/L1
and L2/L3.
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• L3–train/diffLyt–test: L3 for training and different layout (L1, and L2) for
testing.
Training a model using data obtained with fixed nodes positioned near the
corners of the room (L3); and evaluating the model separately on data acquired
with a fixed node in the center of the room (L1) and fixed nodes on on a circle
in the center of the room (L2). The portable node is randomly moved over the
grid in the room for acquiring both the training and testing data. Thus, the
layouts for training and testing are L3/L1, and L3/L2.

5.5.2.3 Evaluation scheme EvalSch–RS

The evaluation EvalSch–RS scheme is considered to investigate the ability of the trained
models to generalize to data from unknown room sizes when the layout for obtaining CIR
is represented in the training set. Including all possible room sizes in the training data
may be impractical or impossible if the range of sizes is very large or if certain sizes are
very rare. In such cases, it is important to select a subset of sizes that are representative
of all the sizes that are likely to occur in the intended use case and to which the model is
expected to generalize to. First, the ability of the models trained with data of single room
size (S, M, L) to make predictions about the materials in rooms not included in training
set is investigated. The usability of the model in larger rooms than the ones for which it
is trained (S/ML), smaller rooms (L/SM), and both smaller and larger rooms (M/SL) is
studied. The same location of link layout is applied for training and testing, but different
portable nodes are used for testing. Next, expecting that only one size of the room is not
sufficient to build a model, we train the model on two room sizes and test on the remaining
room size not used in training. Thus, studying the generalization to larger rooms (SM/L),
smaller rooms (ML/S), and rooms whose size lies between the smallest and the largest
sizes included in the train set (SL/M). To summarize, in EvalSch–RS evaluation scheme,
we evaluate the ability of the models to predict the materials based on CIR data of rooms
with sizes different (S/ML, M/SL, L/SM, SM/L, ML/S, SL/M) from the sizes of the rooms
represented in the training process, obtained with radio links in the same layout (L1/L1,
L2/L2, L3/L3, ALL/ALL). Specifically, the valuation settings are:

• 1RS–train/2RS–test: Single room size in train set and two room sizes in test set.

Models are trained using data of single room size (S, M, and L), and evaluated on
data from two room sizes not included in the training. Thus, the room sizes in
training and testing are S/ML, M/SL, and L/SM.

• 1Lyt–train/1Lyt–test: Single link layout for training and testing.
Models are trained using data acquired with L1, L2, and L3 layouts, separately;
and the same layout is used for testing, as follows L1/L1, L2/L2, and L3/L3.

• mLyt–train/mLyt–test: Multiple link layouts for training and testing.
Models are trained using data acquired with several layouts (ALL), and the
layouts used for training are also used for testing, thus the layouts in training
and testing are ALL/ALL.

• 2RS–train/1RS–test: Two room sizes for training and single room size for testing.

Models are trained using data of two room sizes (SM, ML, and SL), and evaluated
on data from one room size that is not included in the training. Therefore, the room
sizes in training and testing are SM/L, ML/S, and SL/M.
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• 1Lyt–train/1Lyt–test: Single link layout for training and testing.
Models are trained using data acquired with L1, L2, and L3 layouts, separately;
and the same layout is used for testing, as follows L1/L1, L2/L2, and L3/L3.

• mLyt–train/mLyt–test: Multiple link layouts for training and testing.
Models are trained using data acquired with several layouts (ALL), and the
layouts used for training are also used for testing, thus the layouts in training
and testing are ALL/ALL.

5.5.2.4 Evaluation scheme EvalSch–RS–Lyt

The EvalSch–RS–Lyt evaluation scheme is the most general and challenging among the
considered evaluation alternatives, since both the layouts of the links and the sizes of the
rooms are not represented in the training phase. This evaluation scheme examines the
ability of the models to generalize to both unseen link layouts (L1/L2, L1/L3, L2/L1,
L2/L3, L3/L1, L3/L2) and room sizes in train/test (S/ML, M/SL, L/SM, SM/L, ML/S,
SL/M). Specifically, the evaluation settings are:

• 1RS–train/2RS–test: Single room size for training and two room sizes for testing.

Models are trained using data of single room size (S, M, and L), and evaluated on
data from two room sizes not included in the training. Thus, the room sizes in
training and testing are S/ML, M/SL, and L/SM.

• L1–train/diffLyt–test : L1 for training and different layout (L2, and L3) for
testing.
Training a model using data collected with fixed node positioned in the center
of the room (L1); and evaluating the model separately on data collected with
fixed nodes in L2 positions on a circular pattern close to the center of the room
and data collected using nodes positioned near the corners (L3). The portable
node is randomly moved over the grid in the room for collecting training and
testing data. Consequently, the layouts for training and testing are L1/L2 and
L1/L3.

• L2–train/diffLyt–test : L2 for training and different layout (L1, and L3) for
testing.
Training a model using data acquired with a fixed nodes positioned in eight
positions on a circle centred in the room (L2); and evaluating the model sepa-
rately on data collected with fixed node in the center of the room (L1) and data
collected with fixed nodes placed close to the corners (L3). The portable node
is randomly moved over the grid in the room for acquiring both the training
and testing data. Therefore, the layouts used for training and testing are L2/L1
and L2/L3.

• L3–train/diffLyt–test : L3 for training and different layout (L1, and L2) for
testing.
Training a model using data obtained with fixed nodes positioned near the
corners of the room (L3); and evaluating the model separately on data acquired
with a fixed node in the center of the room (L1) and fixed nodes on a circle in
the center of the room (L2). The portable node is randomly moved over the
grid in the room for acquiring both the training and testing data. Thus, the
layouts for training and testing are L3/L1, and L3/L2.

• 2RS–train/1RS–test: Two room sizes for training and single room size for testing.
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Models are trained using data of two room sizes (SM, ML, and SL), and evaluated
on data from one room size that is not included in the training. Therefore, the room
sizes in training and testing are SM/L, ML/S, and SL/M.

• L1–train/diffLyt–test : L1 for training and different layout (L2, and L3) for
testing.
Training a model using data collected with a fixed node positioned in the center
of the room (L1); and evaluating the model separately on data collected with
fixed nodes in L2 positions on a circular pattern close to the center of the room
and data collected using nodes positioned near the corners (L3). The portable
node is randomly moved over the grid in the room for collecting training and
testing data. Consequently, the layouts for training and testing are L1/L2 and
L1/L3.

• L2–train/diffLyt–test : L2 for training and different layout (L1, and L3) for
testing.
Training a model using data acquired with fixed nodes positioned in eight posi-
tions on a circle centred in the room (L2); and evaluating the model separately
on data collected with a fixed node in the center of the room (L1) and data
collected with fixed nodes placed close to the corners (L3). The portable node
is randomly moved over the grid in the room for acquiring both the training
and testing data. Therefore, the layouts used for training and testing are L2/L1
and L2/L3.

• L3–train/diffLyt–test : L3 for training and different layout (L1, and L2) for
testing.
Training a model using data obtained with fixed nodes positioned near the
corners of the room (L3); and evaluating the model separately on data acquired
with a fixed node in the center of the room (L1) and fixed nodes on a circle in
the center of the room (L2). The portable node is randomly moved over the
grid in the room for acquiring both the training and testing data. Thus, the
layouts for training and testing are L3/L1, and L3/L2.
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5.6 Description of the Data Sets

The data sets used in this study are divided into two groups based on their output:

• DS-1T – data sets with a single discrete target. Data from a subset of 48 rooms, 16
from each size, is included in these data sets. Concrete is used for the floor, ceiling
and three walls, while the fourth wall is built using one material from a predefined
set of materials, including brick, glass, plaster, and wood. This data is used for the
experiments in the Baseline Scenario.

• DS-MT – data sets with multiple binary targets. Data from 11,250 rooms, 3,750
from each size, is included in these data sets. The rooms are built using different
combinations of materials from a predefined set, including brick, concrete, glass,
plaster, and wood. This data is used for the experiments in the Comprehensive
Scenario.

In both DS-1T and DS-MT data sets, the descriptive space consists of 45 descriptive
variables with continuous values. The selected features of the CIR for the 15 strongest
MPCs, including received power, excess delay, and phase shift, are represented by the
descriptive variables. The power values are given in logarithmic scale. In DS-1T data sets,
the material of the different wall in the room is represented by the discrete target variable.
Each CIR is associated with one material class from the four possible classes in DS-1T
data sets. In DS-MT, the possible materials are target labels, and binary values for each
of the material labels are associated with the CIRs to indicate the presence/absence of the
material in the room where the CIR is obtained.

The name of the data sets is structured with three hyphen-separated parts. The first
part represents the number of target attributes, either 1T denoting one discrete target or
MT representing multiple binary targets. The second part denotes the size of the rooms
where the data included in the data set is collected, ranging from a single room size (S,
M, or L), two room sizes (SM, ML, or SL), or three room sizes (SML). The third part
indicates the positions of the fixed node used for acquiring the data and may be a single
layout (L1, L2, or L3) or ALL, indicating the use of all layouts for data collection.

The CIR data, acquired with the fixed node positioned in L1, L2, and L3 layout-
specific locations and the portable node in 121 positions in each of 16 rooms with size
S, 361 positions in each of 16 rooms with size M, and 729 positions in each of 16 rooms
with size L, is stored in data sets 1T-S-ALL, 1T-M-ALL, and 1T-L-ALL. The data sets’
description can be found in Table 5.7. Similarly, the CIR data obtained with the fixed
node positioned in L1, L2, and L3 layout-specific locations and the portable node in 121
positions in each of 3,750 rooms with size S, 361 positions in each of 3,750 rooms with size
M, and 729 positions in each of 3,750 rooms with size L, is stored in data sets MT-S-ALL,
MT-M-ALL, and MT-L-ALL. The data sets’ description can be found in Table 5.8. The
product of the number of links and the number of rooms included in the data sets equals
the number of instances. Table 5.6 describes the number of radio links in rooms with S,
M, and L sizes.

Three new data sets are created from each data set described in Table 5.7 and Table 5.8,
by splitting the original data set based on the layout that is used for collecting the data.
Each of the new data sets is created to contain data from a particular room size (S, M, or
L) that is collected using a specific layout (L1, L2, or L3). The description of these data
sets is given in Table 5.9 and Table 5.10, respectively.
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Table 5.7: Description of single-target data sets with CIR data acquired from S, M, and L
rooms using all layouts. Data set name indicates the data set name, Number of instances
shows the number of instances in the data set, Layout shows the layout used for acquiring
the data in the data set, and Room Size shows the size of the rooms where the data is
collected.

Data set name Number of instances Layouts Room size

1T-S-ALL 25168
ALL

S

1T-M-ALL 75088 M

1T-L-ALL 151632 L

Table 5.8: Description of multi-label data sets with CIR data acquired from S, M, and L
rooms using all layouts. Data set name indicates the data set name, Number of instances
shows the number instances in the data set, Layout shows the layout used for acquiring
the data in the data set, and Room Size shows the size of the rooms where the data is
collected.

Data set name Number of instances Layout Room size

MT-S-ALL 5898750
ALL

S

MT-M-ALL 17598750 M

MT-L-ALL 35538750 L

Table 5.9: Description of single-target data sets with CIR data from single room size
acquired using single link layout. Data set name indicates the data set name, Number of
instances shows the number instances in the data set, Layout shows the layout used for
acquiring the data in the data set, and Room Size shows the size of the rooms where the
data is collected.

Data set name Number of instances Layout Room size

1T-S-L1 1936 L1
S1T-S-L2 15488 L2

1T-S-L3 7744 L3

1T-M-L1 5776 L1
M1T-M-L2 46208 L2

1T-M-L3 23104 L3

1T-L-L1 11664 L1
L1T-L-L2 93312 L2

1T-L-L3 46656 L3
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Table 5.10: Description of multi-label data sets with CIR data from single room size
acquired using single link layout. Data set name indicates the data set name, Number of
instances shows the number of instances in the data set, Layout shows the layout used for
acquiring the data in the data set, and Room Size shows the size of the rooms where the
data is collected.

Data set name Number of instances Layout Room size

MT-S-L1 453750 L1
SMT-S-L2 3630000 L2

MT-S-L3 1815000 L3

MT-M-L1 1353750 L1
MMT-M-L2 10830000 L2

MT-M-L3 5415000 L3

MT-L-L1 2733750 L1
LMT-L-L2 21870000 L2

MT-L-L3 10935000 L3

Two new data sets are created by selecting CIR instances based on the position of the
portable node from each data set described in Table 5.9 and Table 5.10. A description
of the new data sets created from the data sets in Table 5.9 is given in Table 5.12 and
a description for the new data sets created from the data sets in Table 5.10 is given in
Table 5.13. The procedure involves dividing each room into 1m2 regions and randomly
selecting one location of the portable node from each region, resulting in 9 positions in S
rooms, 25 positions in M rooms, and 49 positions in L rooms. The CIR instances obtained
with the portable node positioned in the selected locations are used to create a new data
set from the original data set. This same procedure is used to create the second data
set. The first data set is used for training and tuning the models and the second data
set is used for testing. The new data sets have the same number of instances and include
links between fixed nodes in layout-specific locations and portable nodes in positions that
uniformly cover the room. The number of instances in the new data sets is equivalent to
the product of the number of links per room and the total number of rooms included in the
data sets. The number of links in rooms with S, M, and L size is summarized in Table 5.11.
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Table 5.11: Number of radio links between a fixed node in layout-specific locations and
randomly selected locations for the portable node.

radio-link layout room size

S M L

L1 9 25 49

L2 72 200 392

L3 36 100 196

Total number of radio-links per room: 117 325 637

Table 5.12: Description of the proposed single-target train/test sets with CIR data ac-
quired from rooms with a single size. Data set name indicates the data set name, Number
of instances shows the number of instances in the train/test set, Layout shows the layout
used for acquiring the data in the train/test set, and Room size shows the size of the rooms
where the data is collected.

Data set name Number of instances Layouts Room size

1T-S-L1-train/test 144/144 L1

S1T-S-L2-train/test 1152/1152 L2

1T-S-L3-train/test 576/576 L3

1T-S-ALL-train/test 1872/1872 ALL

1T-M-L1-train/test 400/400 L1

M1T-M-L2-train/test 3200/3200 L2

1T-M-L3-train/test 1600/1600 L3

1T-M-ALL-train/test 5200/5200 ALL

1T-L-L1-train/test 784/784 L1

L1T-L-L2-train/test 6272/6272 L2

1T-L-L3-train/test 3136/3136 L3

1T-L-ALL-train/test 10192/10192 ALL
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Table 5.13: Description of the proposed multi-label train/test sets with CIR data acquired
from rooms with a single size. Data set name indicates the data set name, Number of
instances shows the number of instances in the train/test set, Layout shows the layout
used for acquiring the data in the train/test set, and Room size shows the size of the
rooms where the data is collected.

Data set name Number of instances Layouts Room size

MT-S-L1-train/test 33750/33750 L1

SMT-S-L2-train/test 270000/270000 L2

MT-S-L3-train/test 135000/135000 L3

MT-S-ALL-train/test 438750/438750 ALL

MT-M-L1-train/test 93750/93750 L1

MMT-M-L2-train/test 750000/750000 L2

MT-M-L3-train/test 375000/375000 L3

MT-M-ALL-train/test 1218750/1218750 ALL

MT-L-L1-train/test 183750/183750 L1

LMT-L-L2-train/test 1470000/1470000 L2

MT-L-L3-train/test 735000/735000 L3

MT-L-ALL-train/test 2388750/2388750 ALL

For scenarios where models are trained or tested with data from two or three room
sizes, data sets are created by merging data from individual room sizes. Table 5.14 and
Table 5.15 describe the single-target and multi-label data sets with data from two room
sizes, used for training and testing. Similarly, Table 5.16 and Table 5.17 describe the
single-target and multi-label data sets with data from three room sizes, respectively.
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Table 5.14: Description of the proposed single-target train/test sets with CIR data ac-
quired from rooms with two sizes. Data set name indicates the data set name, Number
of instances shows the number of instances in the train/test set, Layout shows the layout
used for acquiring the data in the train/test set, and Room size shows the size of the rooms
where the data is collected.

Data set name Number of instances Layouts Room size

1T-SM-L1-train/test 544/544 L1

SM1T-SM-L2-train/test 4352/4352 L2

1T-SM-L3-train/test 2176/2176 L3

1T-SM-ALL-train/test 7072/7072 ALL

1T-ML-L1-train/test 1184/1184 L1

ML1T-ML-L2-train/test 9472/9472 L2

1T-ML-L3-train/test 4736/4736 L3

1T-ML-ALL-train/test 15392/15392 ALL

1T-SL-L1-train/test 928/928 L1

SL1T-SL-L2-train/test 7424/7424 L2

1T-SL-L3-train/test 3712/3712 L3

1T-SL-ALL-train/test 12064/12064 ALL
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Table 5.15: Description of the proposed multi-label train/test sets with CIR data acquired
from rooms with two sizes. Data set name indicates the data set name, Number of instances
shows the number of instances in the train/test set, Layout shows the layout used for
acquiring the data in the train/test set, and Room size shows the size of the rooms where
the data is collected.

Data set name Number of instances Layouts Room size

MT-SM-L1-train/test 127500/127500 L1

SMMT-SM-L2-train/test 1020000/1020000 L2

MT-SM-L3-train/test 510000/510000 L3

MT-SM-ALL-train/test 1657500/1657500 ALL

MT-ML-L1-train/test 277500/277500 L1

MLMT-ML-L2-train/test 2220000/2220000 L2

MT-ML-L3-train/test 1110000/1110000 L3

MT-ML-ALL-train/test 3607500/3607500 ALL

MT-SL-L1-train/test 217500/217500 L1

SLMT-SL-L2-train/test 1740000/1740000 L2

MT-SL-L3-train/test 870000/870000 L3

MT-SL-ALL-train/test 2827500/2827500 ALL

Table 5.16: Description of the single-target train/test sets with CIR data acquired from
rooms with three sizes. Data set name indicates the data set name, Number of instances
shows the number of instances in the train/test set, Layout shows the layout used for
acquiring the data in the train/test set, and Room size shows the size of the rooms where
the data is collected.

Data set name Number of instances Layouts Room size

1T-SML-L1-train/test 1328/1328 L1

SML1T-SML-L2-train/test 10624/10624 L2

1T-SML-L3-train/test 5312/5312 L3

1T-SML-ALL-train/test 17264/17264 ALL
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Table 5.17: Description of the proposed multi-label train/test sets with CIR data acquired
from rooms with three sizes. Data set name indicates the data set name, Number of
instances shows the number of instances in the train/test set, Layout shows the layout
used for acquiring the data in the train/test set, and Room size shows the size of the rooms
where the data is collected.

Data set name Number of instances Layouts Room size

MT-SML-L1-train/test 311250/311250 L1

SMLMT-SML-L2-train/test 2490000/2490000 L2

MT-SML-L3-train/test 1245000/1245000 L3

MT-SML-ALL-train/test 4046250/4046250 ALL

According to the experimental scenario, which specifies the number of targets (single-
target or multi-label), and the evaluation scheme, which describes the room sizes and link
layouts represented in the train and test sets, the train/test set is selected. For instance, in
the Comprehensive Scenario when the model is trained using data from rooms with S size
acquired with layout L1 and tested using data from M and L rooms obtained with layout
L2, i.e., S-L1/ML-L2, the MT-S-L1-train set, described in Table 5.13, is used for training
the model, and MT-ML-L2-test set, described in Table 5.15, is used for testing the model.

In the experiments of the Baseline Scenario, data from an adequate data set from the
data sets described in Table 5.12, Table 5.14, or Table 5.16 is used when one, two, or
three room sizes are considered for training and testing, respectively. On the other hand,
in the experiments of the Comprehensive Scenario, when considering the Eval–Init and
Eval–Lyt evaluation schemes, data from an adequate data set from Table 5.13, Table 5.15,
or Table 5.17 is applied for training and testing the models with data from one, two, or three
room sizes. In the evaluation schemes Eval–RS and Eval–RS–Lyt, data from an adequate
data sets from Table 5.13 is used when a single room size is considered for training or
testing, and from Table 5.15 when two room sizes are represented in training or testing.

5.7 Evaluation Metrics

To quantitatively measure the performance of a classification model in predicting outcomes,
multiple performance measures (metrics) can be calculated. When evaluating models,
other criteria are also important, such as computational cost, efficient use of the machine
resources, and comprehensibility [34].

In this dissertation, we focus on performance metrics. The performance metrics are
calculated based on the true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN). These values are obtained based on the classes that the classifica-
tion model has predicted against the actual classes associated with the data sample. An
overview of the predicted versus true classes is presented in the confusion matrix. An ex-
ample of a confusion matrix for binary classification is shown in Table 5.18. TP indicates
the number of samples correctly predicted in the first (positive) class, while TN indicates
the number of samples correctly predicted in the negative class (or all other classes in
cases with more than two classes). On the other hand, the FP denotes the number of data
samples incorrectly classified as positive, and FN denotes the number of samples belonging
to the positive class but incorrectly classified as negative (or as any other class in the cases
with more than two classes).
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Table 5.18: Confusion matrix for binary classification.

Predicted class

P (Positive) N (Negative)

True class P (Positive) TP (True Positive) FN (False Negative)

N (Negative) FP (False Positive) TN (True Negative)

The F1 score is commonly used for classification tasks [34], it combines precision

Precission =
TP

TP + FP
, (5.13)

and recall
Recall =

TP

TP + FN
(5.14)

in single metric as

F1 =
2 ∗ Precission ∗Recall
Precission+Recall

. (5.15)

The binary metrics are extended for multi-class cases by considering each class sepa-
rately and constructing a binary matrix for each class using the one-vs-rest approach. The
metrics defined for binary classification, when extended to multi-class problems, represent
metrics for only one class. All the per-class metrics jointly give a detailed insight into the
classification performance of the models. Usually, a single value is used to characterize the
classification results. For that purpose, the per-class metrics are averaged over all classes.
Similarly, the metric defined for binary classification can be extended to multi-label prob-
lems [41]. In this case, the binary metrics represent per-label metrics. The final score is
calculated by averaging per-label metrics over all labels.

The averaging can be done in a micro, macro, or weighted manner. The difference
between the averaging strategies is emphasized for imbalanced classification. When the
data set is balanced, all three strategies give a similar result. Macro-averaged metrics are
unweighted mean of the metric across all classes, meaning that each class is represented
equally in this metric. By macro-averaging, the smaller classes, which usually have lower
scores, influence the final score to a great extent. Weighted averaging accounts for class
imbalance by computing the metric average by assigning weight to each class that correlates
with the number of samples of each class. The last strategy, micro-averaging, performs
averaging on the instance level, with each instance contributing equally to the final score,
which makes it similar to accuracy calculation. Therefore, micro-averaged metrics have
the same drawbacks as accuracy when dealing with imbalanced datasets. As a result, since
we do not want the score to be dominated by a few large classes macro-averaged metrics
are preferred when presenting indoor material prediction results, more specifically, macro
F1 score. For calculating the macro F1 score we adhere to the approaches recommended
in [210].
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Chapter 6

Results and Discussion

The discussion of the experimental results is divided into two parts. The first part discusses
the results of the Baseline Scenario, which focuses on (i) examining the feasibility of the
concept, (ii) investigating specific and general approaches to train the model in terms of
the room sizes in which the training data is collected and the acquisition layout used, and
(iii) assessing the capability of different learning algorithms to extract knowledge from CIR
and building material identification models.

The second part discusses the results from the Comprehensive Scenario, where the focus
is on (i) studying the ML-based material prediction in rooms with different combinations
of materials and (ii) investigating the capability of models to generalize to new locations
of the portable node, link layouts used to estimate CIR, room sizes where CIR is acquired,
and both room sizes and link layouts.

The analysis of the results provides insights into the (i) capability of ML models to
predict the material of a single wall, as well as all materials in the room, (ii) suitability of
specific and general approaches in terms of the links and room sizes incuded in the train
set for building a model, and (iii) impact of the room size and position of the radio links
used for acquiring CIR data on the generalization performance of the models.

6.1 Results from Baseline Scenario

The results from the initial experimentation, where the learning task is to predict the
material of a single surface in a room from CIR, are presented and discussed in this section.

6.1.1 Evaluation setting 1RS–train/1RS–test

We present and discuss the results of models trained using data from a single room size; and
we examine the impact of the room size and the layout-specific location(s) of the fixed node
relative to the room geometry on the model’s performance. The results in terms of macro-
F1 of models trained with data from one room size are shown in Figure 6.1. In particular, it
shows the scores of models evaluated using the EvalSch–Init evaluation scheme; trained and
tested using single room size, considering the 1RS–train/1RS–test evaluation setting (S/S,
M/M, and L/L), and different link layouts, with evaluation settings 1Lyt–train/1Lyt–test
(L1/L1, L2/L2, and L3/L3), and mLyt–train/mLyt–test (ALL/ALL).

The results are showing that scores above 0.9 for all room sizes are achieved by most of
the models, regardless of the layout used (L1, L2, L3, or ALL), with the exception of the
DT models for all three room sizes when L3 is used, and RF and SVM models for S size
when L1 is considered. Slight variations in the performance of the models can be noticed
when different layouts are used. The differences are more pronounced when using L1 or
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L3 compared to when L2 or ALL are used. Specifically, when L2 is used, the performance
of the models is similar to when ALL layouts are applied.

Most models attain scores above 0.9 when using the L1 layout, with the exception of
RF and MLP which have scores ranging from 0.8 to 0.9 when using S rooms. Similar
performance is exhibited by SVM models irrespective of the room size. Slight variations
are observed across different room sizes for DT, RF, and MLP models, with similar per-
formances for M and L sizes (above 0.9) and lower scores (approximately 0.8) for S room
size.
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Figure 6.1: Predictive performance of models in Baseline Scenario trained/tested on single
room size for different link layouts. The evaluation scheme is EvalSch–Init. The evaluation
settings are 1RS–train/1RS–test (S/S, M/M, and L/L) in terms of room size in train/test
set, and 1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and mLyt–train/mLyt–test
(ALL/ALL) in terms of link layout in train/test set.

When the L2 layout is employed, similar scores are observed across all models (above
0.9), regardless of the room size, with the exception of DT models exhibiting slightly lower
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scores compared to other models. A minor distinction can be discerned in the case of DT
models. Specifically, when the L2 layout is employed, the scores exhibit a decrease as the
size of the room is smaller (lowest scores for S rooms and highest for L rooms). Conversely,
when ALL layouts are taken into account, the DT models exhibit the highest scores for
S rooms and comparable, albeit slightly lower, scores for M and L rooms, due to a larger
number of links used.

The scores for all room sizes exhibit a resemblance in the settings where L3 is applied,
although a minor decline is observed for M rooms. MLP and SVM models demonstrate
highly comparable scores, whereas RF models exhibit lower scores compared to them, for
all room sizes. Lower scores are noticed for DT models as compared to the other models,
for all room sizes.

The results confirm that indoor material prediction can be tackled with the room size
specific modeling approach and single layout (L1, L2, or L3), or several layouts (ALL)
approaches in terms of the layout used for collecting the training CIR data. Considering
multiple positions for the fixed node spatially distributed around the room is preferred
for building more general models that can be applied to data from different acquisition
strategies. A small number of fixed node-positions is a good choice when the resources are
limited and shorter training time is needed.

Based on the results, it can be inferred that the size of the room, and the layout-specific
location(s) of the fixed node relative to the room have an impact on the performance of
the models. Therefore, the placement of fixed nodes should be carefully considered when
developing a model for indoor material prediction. In particular, when using the L1 layout,
with a single position of the fixed node and thus a small number of links, to obtain CIR,
the effect of the room size is more pronounced compared to when L2, or ALL layouts,
both with several positions of the fixed node and thus, a large number of links, is used. A
similar conclusion is drawn for the case when L3 is considered.

The learning method also has an impact on the performance of the models. This effect
is emphasized when L1 or L3 are used, thus the number of links is small or the location
of the fixed node is challenging. However, when the fixed node is placed in L2-specific
locations, due to multiple positions, placed centrally and thus symmetrically to the room
geometry the effect of the room size and algorithm are very small. Similarly, when ALL
layouts are used, due to many locations of the fixed node (one central, several on a circle
centered in the room, and several close to the corners) and consequently a large number
of links, the impact of both, the room size and learning method, is small.

6.1.2 Evaluation setting 2RS–train/2RS–test

The results of models trained using data from two room sizes are presented; and the
effect of combining two room sizes on model’s performance is analysed. The results in
terms of macro-F1 are shown in Figure 6.2. Specifically, the figure shows the scores of
models evaluated using the EvalSch–Init evaluation scheme; trained and tested using two
room sizes, considering the 2RS–train/2RS–test evaluation setting (SM/SM, ML/ML, and
SL/SL), and different link layouts, with evaluation settings 1Lyt–train/1Lyt–test (L1/L1,
L2/L2, and L3/L3), and mLyt–train/mLyt–test (ALL/ALL).

The performance scores manifest greater variations with the usage of L1 or L3 layouts
in comparison to L2 or ALL layouts, regardless of the combined room sizes. It is notable
that the utilization of L2 layout results in similar scores across all models.

In the cases where L1 is employed for both training and testing, the RF, SVM, and
MLP models demonstrate scores exceeding 0.9 for all room size pairs. The MLP and SVM
models exhibit similar scores, whereas the RF model exhibits slightly lower scores ranging
between 0.8 and 0.9. On the other hand, the DT models exhibit the lowest performance
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with scores being the lowest for SM room sizes, and exhibiting slight improvements upon
combining L rooms with S and M rooms.

In the context of utilizing L2, all models achieve high performance scores, around 0.95
or above, and exhibit similar performance across all room size settings (SM, ML, and SL),
except for DT models which achieve slightly lower scores. Similarly, high scores exceeding
0.9 are obtained with minimal performance differences among the models when considering
ALL layouts. However, these differences are more noticeable compared to the cases where
L2 is used. Regarding the ML and SL sizes, SVM, RF, and MLP models demonstrate
similar scores, when ALL layouts are considered. In contrast, when SM sizes are utilized,
the SVM models exhibit comparable scores to the DT models, whereas the RF and MLP
models display higher scores, with MLP achieving the best performance scores.

In settings where L3 is employed, the differences in performances among the models
are more pronounced. MLP and RF models attain scores exceeding 0.9 across all size
settings, whereas SVM models demonstrate such scores only when ML and SL are taken
into account and lower scores similar to DT models when SM is used. DT models exhibit
the lowest scores, approximately 0.8, across all room size settings.

The results show that the material of a single surface can be predicted with models
trained with two room sizes. Thus, they confirm that the indoor material prediction can
be approached more generally in terms of the room sizes included in the train set. Training
one model per room size-pair is preferred over training several separate models, one per
each size, in cases where the model is intended to make predictions for rooms in both sizes.

In terms of the impact of the location(s) of the fixed node, relative to the room, on
models’ performances; similar conclusions are drawn as in the 1RS–train/ 1RS–test evalu-
ation setting. Specifically, when L2 or ALL layouts are employed, the variations in scores
are small across different room size settings and learning methods, whereas the variations
in scores are more noticeable, compared to the former when L1 or L3 are used.

With respect to the impact of joining data from different room sizes, the results show
small variations in the scores for different pairs of room sizes. These results indicate that
when the models are evaluated in rooms with sizes represented in the training process,
the effect of the different sizes on the models’ performance is not pronounced. However,
we think that in more challenging evaluation scenarios, where the models are expected
to generalize to sizes that were not represented in the training process; the impact of the
room sizes included in the training set is emphasized. To investigate the impact of the
room sizes considered for training on the capability of models to generalize to new, i.e., not
represented in the train set, sizes, we extend our experiments and we discuss the results in
Section 6.2.
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Figure 6.2: Predictive performance of models in Baseline Scenario trained/tested on
two room sizes for different link layouts. The evaluation scheme is EvalSch–Init. The
evaluation settings are 2RS–train/2RS–test (SM/SM, ML/ML, and SL/SL) in terms of
room size in train/test set, and 1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and
mLyt–train/mLyt–test (ALL/ALL) in terms of link layout in train/test set.

6.1.3 Evaluation setting 3RS–train/3RS–test

The results of models trained using data from three room sizes are presented; and the
effect of joining several different sizes on the model’s performance is analysed. The results
in terms of macro-F1 are shown in Figure 6.3. Specifically, the figure shows the scores
of models evaluated using the EvalSch–Init evaluation scheme; trained and tested using
three room sizes, considering the 3RS–train/3RS–test evaluation setting (SML/SML), and
different link layouts, with evaluation settings 1Lyt–train/1Lyt–test (L1/L1, L2/L2, and
L3/L3), and mLyt–train/mLyt–test (ALL/ALL).

The results indicate that performance scores above 0.9 are achieved by most of the
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models; MLP, SVM, and RF models, regardless of the layout employed for training and
testing, and DT models when L2 or ALL layouts are applied. However, exceptions are
observed in the case of DT models when L1 or L3 are used, wherein scores of approximately
0.85 and 0.78 are attained, respectively. Similar scores are achieved by MLP, SVM, and
RF models when L1 is utilized, with the highest scores being achieved by MLP models,
while a lower score (approximately 0.85) is obtained by the DT model. When employing
L3 layout or ALL layouts, almost identical scores are attained by MLP and SVM models,
with the SVM model exhibiting slightly inferior performance. The DT models demonstrate
the lowest scores among the other models when both L3 and ALL layouts are considered.
When considering ALL layouts, the DT models achieve higher scores (approximately 0.9)
compared to when L3 is employed, where they obtain lower scores (approximately 0.78).
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Figure 6.3: Predictive performance of models in Baseline Scenario trained/tested on three
room sizes for different link layouts. The evaluation scheme is EvalSch–Init. The evaluation
settings are 3RS–train/3RS–test (SML/SML) in terms of room size in train/test set, and
1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and mLyt–train/mLyt–test (ALL/ALL)
in terms of link layout in train/test set.

The results show that the general approach for training a model, previously being
discussed in terms of two room sizes, can be extended to multiple room sizes. This approach
is adequate for scenarios where the model is intended to predict the material in several
room sizes, because one model is trained instead of separate models for each of the room
sizes where the model will be applied.

In terms of the link layout used for data acquisition, variations of the performance of the
models for different layouts is noticed. Similarly, as being concluded when the evaluation
settings 1RS–train/1RS–test and 2RS–train/2RS–test are considered; the variations in the
scores are more evident in the cases where L1, or L3 is used, compared to the cases where
L2, or ALL layouts are used. Regarding the learning method, the results indicate that
MLP, SVM, and RF models achieved similar scores for specific layouts, while the DT
model yielded lower scores.
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6.1.4 Summary

The results from the initial experimentation confirm (i) that the material of a single wall
in basic indoor environments can be predicted from CIR using ML models, and (ii) that
both specific and general approaches, in terms of the link layout used for CIR acquisition
and the room sizes where the CIR is obtained, for learning a model can be considered.
The feasibility of the proposed concept is confirmed with the results from the Baseline
Scenario, while also foundational understanding regarding the utilization of ML approaches
for addressing the problem of indoor material identification based on CIR.

Specifically, the results show that the material of a single wall in a room can be identified
from CIR with ML models. With respect to the selection of room geometry (size) and the
positions of the radio nodes for collecting CIR data to train the model, the results suggest
that both specific and general approaches can be considered. The use case where the model
is intended to make predictions, i.e., (1) the indoor environment characterization scenario
in terms of the: (i) size of the rooms where the material is identified, and (ii) positions of
the radio nodes used for CIR acquisition, and (2) the available resources in terms of data,
computing power, and time, has to be considered when selecting a training setting.

In scenarios where the model must be optimized to identify materials in rooms of a
particular size, the specific approach is deemed appropriate. Conversely, in cases where
multiple room sizes are considered, a general approach is more suitable. This involves the
construction of a single model that can address all room sizes, rather than creating separate
models for each room size. When single CIR acquisition strategy is used for collecting
CIR data for training the models and identifying the materials in new rooms, a specific
approach, i.e., including data from one aquisition strategy in the train set is considered
adequate. Conversely, when the model is intended to be applied on data obtained with
various acquisition strategies, a general approach, i.e., representing several CIR acquisition
strategies in the train set, is more suitable. Finally, in cases where the model is applied
to a single room size, but to data from several acquisition strategies, including data from
a single room size and multiple link layouts is appropriate. For those scenarios where
the model is applied for material characterization of rooms with several sizes but the
acquisition strategy is always the same, the train set should contain data from many room
sizes obtained with the particular acquisition strategy.

According to the results obtained, the performance of the model is affected by the link
layout selected for data collection. The layout comprises several factors, including the
number of positions assigned to both the fixed and portable nodes, as well as the location
of the fixed node with respect to the room geometry. The impact of these factors on the
model’s performance is pronounced for small rooms where the portable node is required to
be moved around a smaller grid. Furthermore, the model’s performance is affected when
the fixed node is positioned in challenging locations, such as near the corners of the room,
or when it is placed in a single position.

The findings from this initial experimentation set the basis for advanced experimenta-
tion. Specifically, the identification of the materials of all surfaces in a room using CIR
is studied and the generalization capabilities of the models are assessed in more detail by
extending the experiments. This investigation is conducted for rooms with various com-
binations of materials, and the generalization performance is evaluated through distinct
evaluation schemes that are defined based on the room size(s) and the link layout used for
data acquisition.
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6.2 Results from Comprehensive Scenario

The results from the advanced experimentation, where the learning task is to predict the
materials of all the surfaces in a room from CIR, are presented and discussed in this
section. The generalization performance of the models in four evaluation schemes: (i)
EvalSch–Init, (ii) EvalSch–Lyt, (iii) EvalSch–RS, and (iv) EvalSch–RS–Lyt is discussed in
terms of the capabilities of the models to generalize to new CIR data when (i) the position
of the portable node, (ii) both the position of the fixed and the portable node (i.e., the
CIR-acquisition layout), (iii) the room sizes, and (iv) both the CIR-acquisition layout and
the room sizes utilized for obtaining the test data are different than those for obtaining
the train data, respectively.

6.2.1 Evaluation scheme EvalSch–Init

The materials identification in the case when the portable node for acquiring CIR data
is moved in different positions over a grid that covers the room than the positions used
for training the model is discussed. Thus, we analyse the generalization performance
of the models when the test set is obtained with portable nodes in different positions
than those used for obtaining the train set. The results from the following evaluation
settings: 1RS–train/1RS–test, 2RS–train/2RS–test, and 3RS–train/3RS–test in terms of
the room sizes included in the train and test set, as well as 1Lyt–train/1Lyt–test, and
mLyt–train/mLyt–test in terms of the link layout included in the train and test set, are
presented; and the impact of the room size, link layout as well as joining data of several
room sizes and link layouts on the generalization performance is analysed.

The results in terms of macro-F1 of models trained with data obtained from a single
room size are shown in Figure 6.4. In particular, the figure shows the scores of the models
evaluated using Eval–Init evaluation scheme; trained and tested using a single room size,
considering 1RS–train/1RS–test evaluation setting (S/S, M/M, and L/L), and different
link layouts, with evaluation settings 1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3)
and mLyt–train/mLyt–test (ALL/ALL).

When L1 or L2 link layouts are employed, similar scores are obtained for M and L
rooms, but S rooms exhibit slightly lower scores. This discrepancy is more pronounced in
the case of the L1 link layout where the fixed node is in a single position, compared to the
L2 layout where several fixed node positions are considered. The results indicate that in
S rooms, where the portable node follows a smaller grid, considering several positions for
the fixed node as in L2, as opposed to a single position in L1, can enhance the models’
performance. Conversely, in rooms with a larger grid, such as M and L in comparison to
S rooms, the performance of models trained with L1 is similar to that of models trained
with L2. In the case of L3, the scores are similar for all room sizes, although with a slight
decline in performance for RF, DT, and SVM models in L rooms compared to S and M
rooms. This demonstrates that the performance in L rooms is marginally influenced by
the distance between the fixed node positions in L3 and the walls. When considering all
layouts, the scores of the MLP, DT, and SVM models are similar regardless of the room
size. Small variation in the performance is discernible for RF models which achieve lower
scores in S and L rooms compared to M rooms.

The scores of the models trained with different algorithms range from 0.7 to 1.0. Specif-
ically, in all evaluation settings, the MLP models achieve scores exceeding 0.9, while the
RF and DT models attain scores ranging from 0.8 to 0.9, exhibiting nearly identical perfor-
mance for all room sizes when L2 is employed, and for S and L rooms when ALL layouts are
employed. The SVM models demonstrate the lowest performance among the considered
algorithms, with scores between 0.7 and 0.8, in all settings.
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Figure 6.4: Generalization performance of models trained on a single room size to new
locations of the portable node. The evaluation scheme is Eval–Init. The evaluation settings
are 1RS–train/1RS–test (S/S, M/M, and L/L) in terms of room size in train/test set, and
1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and mLyt–train/mLyt–test (ALL/ALL)
in terms of link layout in train/test set.

The results confirm that the models trained with a single room size can generalize to
new positions of the portable node when the room sizes and the positions of the fixed node
are the same for training and testing. Therefore, a model that is trained for a single room
size, using CIR data acquired with fixed nodes in layout-specific positions and portable
nodes moved over a grid covering the room is able to predict the materials of all surfaces in
new rooms with the same size as the size of the rooms used for training, based on CIR data
obtained with fixed nodes in the same positions as for training and portable node moved
in different positions over a grid. When the size of the room is small, the joint impact
of the room size and the link layout on the performance of the model becomes evident.
Specifically, the grid over which the portable node moves is small, thereby affecting the
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model’s performance. This effect is more pronounced when the fixed node is positioned
in a single location. This can be noticed from the scores of the models trained with data
from S rooms obtained using L1 link layout.

The impact of joining data from different pairs of rooms on the performance of the
models is discussed based on the results shown in Figure 6.5. In particular, the figure
shows the macro-F1 scores of the models evaluated using Eval–Init evaluation scheme;
trained and tested using two room sizes, considering 2RS–train/2RS–test evaluation set-
ting (SM/SM, ML/ML, and SL/SL), and different link layouts, with evaluation settings
1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and mLyt–train/mLyt–test (ALL/ALL).
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Figure 6.5: Generalization performance of models trained on two room sizes to new lo-
cations of the portable node. The evaluation scheme is Eval–Init. The evaluation settings
are 2RS–train/2RS–test (SM/SM, ML/ML, and SL/SL) in terms of room size in train/test
set, and 1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and mLyt–train/mLyt–test
(ALL/ALL) in terms of link layout in train/test set.

The results demonstrate that the models trained using data acquired with L1 exhibit
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comparable performance to those trained using data obtained with L2, while the models
trained with L3 data show slightly lower performance, regardless of the room size pairs
utilized. It indicates that the challenging position of the fixed nodes in L3 (near the room
corners), compared to central positions in L1 (single) and L2 (several on a circle), affects
the performance of the models. The combined use of ALL link layouts yields models
with comparable performance to those trained using individual link layouts. This finding
confirms that the general approach for training the model can be considered. It can be
inferred that the performances of the models trained on different pairs of room sizes did not
exhibit significant differences due to the evaluation of the models on data from the same pair
of room sizes used in the training phase. Noticeable variations in performance scores across
different learning methods can be observed. Specifically, MLP models demonstrate the best
performance with scores above 0.9. RF and DT models exhibit very similar performances
(particularly when L2 or ALL link layouts are employed), with scores ranging between 0.8
and 0.9. On the other hand, SVM models show the lowest performance with scores ranging
between 0.7 and 0.8, regardless of the link layout used.
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Figure 6.6: Generalization performance of models trained on three room sizes to new
locations of the portable node. The evaluation scheme is Eval–Init. The evaluation set-
tings are 3RS–train/3RS–test (SML/SML) in terms of room size in train/test set, and
1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and mLyt–train/mLyt–test (ALL/ALL)
in terms of link layout in train/test set.

The effect of joining multiple room sizes on the performance of the models is discussed
based on the performances of the models trained with data obtained from three room sizes,
presented in Figure 6.6. Specifically, the figure shows the scores of the models evaluated
using Eval–Init evaluation scheme; trained and tested using three room sizes, considering
3RS–train/3RS–test evaluation setting (SML/SML), and different link layouts, with evalu-
ation settings 1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3) and mLyt–train/mLyt–test
(ALL/ALL). The conclusions previously inferred from the results when two room sizes are
considered, i.e. evaluation setting 2RS–train/2RS–test, are confirmed when three room
sizes are utilized for training and testing the models.
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Based on the evaluation results of the models in Eval-Init, it can be concluded that
ML models can accurately predict the materials of all surfaces in rooms with sizes that
were included in the training data when the fixed node positions are identical to those used
during training. The ML models achieve a performance above 0.9 when the MLP algorithm
is used, and slightly lower, between 0.8 and 0.9, when tree-based algorithms are employed
(RF achieves slightly higher scores than DT, regardless of the room sizes and link layouts
utilized). Additionally, it can be concluded that the materials can be accurately identified
even when the portable node is moved to positions (over a grid that covers the room) that
are not included in the training data. Depending on the use case, a model can be trained
for each specific room size, or a single model can be trained for multiple room sizes. The
variations in performances between models when different link layouts and room sizes are
utilized are small.

6.2.2 Evaluation scheme EvalSch-Lyt

The capabilities of the models to generalize to new link layout, not included in the training
process, are discussed for rooms with sizes that are considered in the training phase. The
performances of the models from the following evaluation settings: 1RS–train/1RS–test,
2RS–train/2RS–test, and 3RS–train/3RS–test in terms of the room sizes included in the
train and test set, as well as L1–train/diffLyt–test, L2–train/diffLyt–test, L3–train/diffLyt–test,
in terms of the link layout included in the train and test set, are presented; and the impact
of the layout considered in the training process on the capability of the model to generalize
to a new layout is discussed.

The results of the models trained with a single room size are presented in Figure 6.7.
Particularly, the figure shows the macro-F1 scores of the models evaluated using EvalSch-
Lyt evaluation scheme; trained and tested using single room size, considering 1RS–train/1RS–test
evaluation setting (S/S, M/M, and L/L), and different link layouts, with evaluation settings
L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and L2/L3), and
L3–train/diffLyt–test (L3/L1, and L3/L2). The results indicate that the majority of the
models exhibit a high generalization capability, as evidenced by scores above 0.7 on new
link layouts, regardless of the link layout considered for training/testing.

Evident variability in the scores is discernible for different link layouts in the train/test
set. It indicates that the positions of the fixed node used in the training phase, relative to
the room geometry and to the positions of the fixed node in testing affect the performance
of the models. Models trained on data from L1 exhibit superior generalization performance
when presented with data from L2 compared to data from L3, the difference increases as the
size of the room increases. Models trained on data from L2 exhibit superior generalization
performance when presented with data from L1 relative to data from L3, while models
trained on data from L3 exhibit comparable generalization performance for data from
both L1 and L2. In the case when L2/L1 or L3/L1, the scores as slightly higher compared
to L1/L2 and L1/L3 in S rooms, respectively; demonstrating that when the grid over which
the portable node is moved is small, the larger number of layout-specific positions in L2
and L3 compared to L1 affects the performance of the models. For larger rooms (M or L),
this effect is less pronounced.



6.2. Results from Comprehensive Scenario 89

L1/L2 L1/L3 L2/L1 L2/L3 L3/L1 L3/L2
link layout in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0
m

ac
ro

-F
1

S/S

DT
RF

MLP
SVM

L1/L2 L1/L3 L2/L1 L2/L3 L3/L1 L3/L2
link layout in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

M/M

DT
RF

MLP
SVM

L1/L2 L1/L3 L2/L1 L2/L3 L3/L1 L3/L2
link layout in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

L/L

DT
RF

MLP
SVM

Figure 6.7: Generalization performance of models trained on a single room size to
new link layouts. The evaluation scheme is EvalSch–Lyt. The evaluation settings are
1RS–train/1RS–test (S/S, M/M, and L/L) in terms of room size in train/test set; and
L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and L2/L3), and
L3–train/diffLyt–test (L3/L1, and L3/L2), in terms of link layout in train/test set.
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When L1 is used for training, in S rooms the MLP and RF models have similar per-
formance (above 0.8), while DT and SVM models have comparable performance (above
0.7). In M and L rooms, when L2 is used for testing, a difference in the performance of
MLP and RF models can be noticed. When L2 or L3 are considered for training, MLP
models achieve the highest scores, above 0.9 in the L2/L1 case, and between 0.8 and 0.9
in other cases. RF models have lower performance, the scores are higher when tested with
data from L1 (around 0.8 in S rooms and higher in M and L rooms). DT and SVM models
achieve the lowest scores, above 0.7, in the cases L2/L3, L3/L1, and L3/L2, while in L2/L1,
DT models have slightly higher scores comparable to RF models.

In the challenging cases, where the models trained on radio links with fixed nodes
positioned in the center of the room or following a circular pattern centered in the room
are expected to make predictions to CIR data from links with fixed nodes in the corners
of the room (L1/L3 and L2/L3) slightly better performance is observed in the L2/L3 case
compared to the L1/L3 case for all room sizes. In both cases, RF and MLP models have
higher scores than DT and SVM models.

The generalization performance of models trained with L1 or L2 and tested on L3
slightly drops as the size of the room increases. This is expected because the distance
from the center to the corners, where the fixed nodes for training and testing are placed,
respectively, is larger in larger rooms. On the other hand, the results from the cases when
models trained on data from L3 and tested on data from L1 or L2 (L3/L1 and L3/L2),
there is no large variation in the scores for different room sizes because the distance between
the corner nodes used in the train set and the walls is the same in rooms with different
sizes. We can conclude that the distance between the layout-specific nodes and the walls
affects the generalization capabilities of the models.

The results presented in Figure 6.8 show the macro-F1 scores of the models trained
with two room sizes. Particularly, the figure shows the performance of the models when
evaluated using EvalSch-Lyt evaluation scheme; trained and tested using two room sizes,
considering 2RS–train/2RS–test evaluation setting (SM/SM, ML/ML, and SL/SL), and
different link layouts, with evaluation settings L1–train/diffLyt–test (L1/L2, and L1/L3),
L2–train/diffLyt–test (L2/L1, and L2/L3), and L3–train/diffLyt–test (L3/L1, and L3/L2).
The combined impact of joining data from two room sizes and considering different link
layouts in training and testing is analysed. Similar conclusions can be inferred about the
generalization between different layouts (L1 and L2 to L3 and vice versa), and the impact of
the positions of the fixed node relative to the room geometry, as when 1RS–train/1RS–test
evaluation setting is used. For most of the link evaluation settings in terms of the link
layout used for training/testing, the MLP models achieve the highest scores. Exceptions
are the L1/L3 and L3/L1 settings for SM/SM room size setting. This suggests that the
algorithm is challenging to make predictions when L room is not considered.

To further discuss the impact of combining data from several room sizes, we analyse the
results from models trained with data from three room sizes shown in Figure 6.9. The figure
shows the performance of the models when evaluated using EvalSch-Lyt evaluation scheme;
trained and tested using three room sizes, considering 3RS–train/3RS–test evaluation set-
ting (SML/SML), and different link layouts, with evaluation settings L1–train/diffLyt–test
(L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and L2/L3), and L3–train/diffLyt–test
(L3/L1, and L3/L2). The conclusions made about the impact of the link layout used in
the training and testing phase in 1RS–train/1RS–test, and 2RS–train/2RS–test evaluation
settings are confirmed with these results. The MLP models have the highest performance
in all evaluation settings in terms of the link layout except in the L1/L3 where RF model
achieves higher scores.



6.2. Results from Comprehensive Scenario 91

L1/L2 L1/L3 L2/L1 L2/L3 L3/L1 L3/L2
link layout in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0
m

ac
ro

-F
1

SM/SM

DT
RF

MLP
SVM

L1/L2 L1/L3 L2/L1 L2/L3 L3/L1 L3/L2
link layout in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

ML/ML

DT
RF

MLP
SVM

L1/L2 L1/L3 L2/L1 L2/L3 L3/L1 L3/L2
link layout in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

SL/SL

DT
RF

MLP
SVM

Figure 6.8: Generalization performance of models trained on two room sizes to new
link layouts. The evaluation scheme is EvalSch–Lyt. The evaluation settings are
2RS–train/2RS–test (SM/SM, ML/ML, and SL/SL) in terms of room size in train/test set;
and L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and L2/L3),
and L3–train/diffLyt–test (L3/L1, and L3/L2), in terms of link layout in train/test set.



92 Chapter 6. Results and Discussion

L1/L2 L1/L3 L2/L1 L2/L3 L3/L1 L3/L2
link layout in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1
SML/SML

DT
RF

MLP
SVM

Figure 6.9: Generalization performance of models trained on three room size to
new link layouts. The evaluation scheme is EvalSch–Lyt. The evaluation settings
are 3RS–train/3RS–test (SML/SML) in terms of room size in train/test set; and
L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and L2/L3), and
L3–train/diffLyt–test (L3/L1, and L3/L2), in terms of link layout in train/test set.

Based on results in EvalSch-Lyt, we conclude that the models trained with data from
one layout can generalize to another layout in rooms with sizes that were included in the
training process. This confirms that the material can be accurately identified when the CIR
acquisition strategy, i.e., the positions of the fixed node, employed in the prediction phase
is different than the strategy applied for collecting training data. However, it is important
to notice that the position of the fixed nodes relative to the walls and the distance between
the fixed node positions in the used strategies have an impact on the performance of the
model.

6.2.3 Evaluation scheme EvalSch-RS

The capabilities of the models to generalize to new room sizes, not included in the training
process, are discussed for the scenarios where the link layout used in the training and testing
phase is the same. The performances of the models from the following evaluation settings:
1RS–train/2RS–test, and 2RS–train/1RS–test in terms of the room sizes included in the
train and test set, as well as 1Lyt–train/1Lyt–test, and mLyt–train/mLyt–test in terms of
the link layouts included in the train and test set, are presented; and the impact of the
room sizes on the generalization performance of the models is discussed.

The generalization performance of the models evaluated using the 1RS–train/2RS–test
evaluation setting is discussed based on the results presented in Figure 6.10. The figure
shows the macro-F1 scores of the models evaluated using EvalSch-RS evaluation scheme;
trained using one room size and tested using two room sizes, considering 1RS–train/2RS–test
(S/ML, M/SL, and L/SM), and different link layouts, with evaluation settings 1Lyt–train/
1Lyt–test (L1/L1, L2/L2, and L3/L3), and mLyt–train/mLyt–test (ALL/ALL). Specifi-
cally, we discuss the generalization to larger rooms, smaller rooms and both larger and
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smaller rooms. The scores are the lowest when models trained on S rooms are tested
on data from larger rooms (S/ML), the scores slightly increase when models trained on
M rooms are tested on smaller and larger rooms (M/SL), and the scores are the highest
when models trained on L rooms are tested on smaller rooms (L/SM). This effect can be
noticed for all models, with variations in scores’ values for different learning methods. An
exception are the MLP models when L1 or L2 are used, which achieve the highest scores
in M/SL setting.
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Figure 6.10: Generalization performance of models trained on a single room size to
new room sizes. The evaluation scheme is EvalSch–RS. The evaluation settings are
1RS–train/2RS–test (S/ML, M/SL, and L/SM) in terms of room size in train/test set; and
1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3), and mLyt–train/mLyt–test (ALL/ALL)
in terms of link layout in train/test set.

In the most challenging evaluation setting S/ML, the performance of the algorithms is
between 0.3 and 0.7, with the lowest scores when L1 is used and the highest scores when
ALL layouts are used; suggesting that considering several layouts for obtaining the CIR
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can improve the performance of the models. However, the prediction of materials in a
room with a model trained for a smaller room is not adequate.

In evaluation setting M/SL and L/SM, the scores vary between 0.65 and 0.8 for different
layouts, emphasizing the impact of the link layout on the model performance. Specifically,
when M/SL is considered, MLP models have the highest scores, RF and DT have slightly
lower, and SVM have the lowest scores in all link layout settings; while when L/SM is
applied, the differences in the performance of the models are smaller, with MLP achieving
highest scores in most of the link layout settings. Also, for the L/SM setting, it can be
noticed that RF and DT have similar scores to SVM when L3 or ALL link layouts are
used, but when L1 is used, the scores are similar to MLP.

The results confirm that models trained using data from a single room size are capable
of generalizing to rooms with different sizes. However, it is important to note that the
performance of such models in terms of generalization is affected by the room size included
in the train and test set. Thus, for identification of the materials in a room using a model
trained for a different room size, it is adequate to use a model trained for a larger room
size. Furthermore, the results indicate that there is a slight variation in the performance
of models trained and tested on different room layouts (L1/L1, L2/L2, L3/L3) due to
differences in the number of radio links present.

The generalization performance of the models evaluated using the 2RS–train/1RS–test
evaluation setting is discussed based on the results given in Figure 6.11. The figure presents
the macro-F1 scores of the models evaluated using EvalSch-RS evaluation scheme; trained
using two room sizes and tested using one room size, considering 2RS–train/1RS–test
(SM/L, ML/S, and SL/M), and different link layouts, with evaluation settings 1Lyt–train/
1Lyt–test (L1/L1, L2/L2, and L3/L3), and mLyt–train/mLyt–test (ALL/ALL). The dis-
cussion focuses on the impact of joining data from different room sizes in the train set
on the capability of the model to generalize new room sizes. Specifically, we analyse the
capability of the models trained with two room sizes to generalize to large room size, small
room size, and room size in between the room sizes included in the train set.

Variations in the performances of the models are evident when models are trained
using data from different pairs of room sizes. The scores are the lowest when the models
are tested on larger rooms compared to the rooms that are represented in the training
process (SM/L), the scores are slightly higher when models are tested on smaller rooms
(ML/S) and the scores are the highest when the models are tested on rooms with size in
between the sizes included in the train set. Similar conclusions in terms of generalization to
different room sizes can be made for the models trained/tested on the single layouts (L1/L1,
L2/L2, L3/L3) as for the models trained on ALL layouts. From the learning algorithm
perspective, a small variation in the scores can be noticed between models trained with
different algorithms due to the distinct number of links in different layouts and room sizes.
The MLP models achieve the highest performance in all evaluation settings in terms of
room size (SM/L, ML/S, SL/M) and link layout (L1/L1, L2/L2, L3/L3). Across all link
layout settings, the scores achieved are the highest for the SL/M room size setting, with
values ranging between 0.8 and 0.9. In contrast, the scores obtained for the other room
size settings are slightly lower.

The results obtained using the EvalSch–RS evaluation scheme demonstrate that the
room sizes used during the training process have a significant impact on the ability of
models to make accurate predictions in new rooms with different sizes. Specifically, models
trained using data from a single room size exhibit better generalization performance in
smaller rooms than in larger rooms; and models trained on data from two room sizes tend
to generalize better to room sizes between the sizes of the rooms included in the training
set.
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The results show that for characterization of rooms with different sizes, models can be
trained using data from one or multiple room sizes. A model trained on one room size
generalizes better to smaller rooms than larger ones. Including data from various room
sizes results in more robust models with better generalization performance, compared to
models optimized to a single room size. When CIR data from all possible room sizes that
the model may encounter is not available and its acquisition is expensive, or the time and
computational resources for training the model are limited; the models should be trained
with data from a representative subset of room sizes. The subset should include rooms
that are smaller and larger than the ones where the model will be applied, to ensure the
model captures a wide range of variability in room sizes.

For characterization of rooms with different sizes, models trained with data of one
or several room sizes can be used. A model that is trained for one room size is able to
generalize better to smaller rooms than to larger rooms. Considering data from various
room sizes results in robust models in terms of generalization performance compared to
models tailored to a single room size. In cases where the available resources in terms of time
and computational constraints as well as limited data availability do not allow including
all the room sizes in the train set, it is appropriate to include a selection of smaller and
larger rooms compared to the rooms that will be characterized.



96 Chapter 6. Results and Discussion

SM/L ML/S SL/M
room size in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

L1/L1

DT
RF

MLP
SVM

SM/L ML/S SL/M
room size in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

L2/L2

DT
RF

MLP
SVM

SM/L ML/S SL/M
room size in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

L3/L3

DT
RF

MLP
SVM

SM/L ML/S SL/M
room size in train/test set

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

m
ac

ro
-F

1

ALL/ALL

DT
RF

MLP
SVM

Figure 6.11: Generalization performance of models trained on two room sizes to a
new room size. The evaluation scheme is EvalSch–RS. The evaluation settings are
2RS–train/1RS–test (SM/L, ML/S, and SL/M) in terms of room size in train/test set; and
1Lyt–train/1Lyt–test (L1/L1, L2/L2, and L3/L3), and mLyt–train/mLyt–test (ALL/ALL)
in terms of link layout in train/test set.
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6.2.4 Evaluation scheme EvalSch–RS–Lyt

The capabilities of the models to generalize to room sizes and link layouts that are not in-
cluded in the train set are discussed. The performances of the models in the following eval-
uation settings: 1RS–train/2RS–test, and 2RS–train/1RS–test in terms of the room sizes
included in the train and test set, as well as L1–train/diffLyt–test, L2–train/diffLyt–test,
and L3–train/diffLyt–test in terms of the link layouts included in the train and test set,
are presented; and the impact of the room size and the link layout on the generalization
performance of the models is discussed.

The generalization performance of the models evaluated using the 1RS–train/2RS–test
evaluation setting is discussed according to the results given in Figure 6.12. The fig-
ure presents the macro-F1 scores of the models evaluated using EvalSch-RS-Lyt evalua-
tion scheme; trained using one room size and tested using two room sizes, considering
1RS–train/2RS–test (S/ML, M/SL, and L/SM), and different link layouts, with evalua-
tion settings L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and
L2/L3), and L3–train/diffLyt–test (L3/L1, and L3/L2).

Models tested on data from larger rooms (S/ML) have the lowest performance (below
0.6) regardless of the layout that is considered in the training/testing phase. When the
models are tested on both smaller and larger rooms (M/SL), the scores are higher compared
to S/ML. Exceptions are the DT models which have similar scores in both settings for
L1/L3 and L2/L3 layouts in the train/test set. Specifically, in M/SL, the MLP models
achieve scores between 0.68 and 0.8, RF and DT have comparable scores in the range
between 0.6 and 0.7, and SVM models have the lowest performance between 0.5 and 0.6.
Variation in the scores can be noticed for all models for different layouts used in the
train/test set. The results confirm the conclusions drawn from EvalSch–Lyt.

Most of the models have larger scores in the L/SM setting, exception are the MLP
models trained on L1 or L2, which have higher scores in the M/SL setting. The performance
of the models learned with different algorithms varies, depending on the link layout included
in the train set. Specifically, the three base methods exhibit superior performance compared
to other methods when data from L1 is utilized for training. When training MLP, RF, and
DT models using data from L2, they exhibit comparable performance. Finally, when data
from L3 is used for training, MLP models demonstrate superior performance in comparison
to other models, while the alternative models exhibit comparable performance. SVM
models, in particular, exhibit inferior scores across all training settings.

The impact of joining data from different room sizes in the train set on the gener-
alization performance is discussed from the results presented in Figure 6.13. The fig-
ure shows the macro-F1 scores of the models evaluated using EvalSch-RS-Lyt evalua-
tion scheme trained using two room sizes and tested using one room size, considering
2RS–train/1RS–test (SM/L, ML/S, and SL/M), and different link layouts, with evalua-
tion settings L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and
L2/L3), and L3–train/diffLyt–test (L3/L1, and L3/L2).

In the SM/L setting, it is observed that MLP models exhibit the highest scores across
all link layout evaluation settings (above 0.7). The RF and DT models demonstrate com-
parable performance levels across the different link layouts used in the train/test set, with
scores ranging between 0.55 and 0.65. However, when L3 data is utilized for training,
RF models demonstrate slightly better performance. The performance of SVM models is
significantly impacted by the link layout in train/test. Specifically, in scenarios involving
L1/L2, L1/L3, and L2/L1, SVM models outperform tree-based models. However, in other
settings, their performance is slightly lower than that of tree-based methods.

When the ML/S evaluation setting is applied, MLP models exhibit the highest scores
when data from L1 and L2 are utilized for training, while their performance is comparable
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to that of RF models when data from L3 is employed. RF and SVM models demonstrate
almost identical scores when data from L1 and L2 are utilized for training, while SVM
models exhibit slightly better performance when data from L3 is used for training. On the
other hand, DT models demonstrate the lowest performance levels across all link layout
evaluation settings. However, when data from L2 is utilized for training, the performance
of DT models is similar to that of RF and SVM models.

In the SL/M, both MLP and RF models achieve high scores above 0.7 across all set-
tings. Specifically, MLP models exhibit superior performance in L1/L2 and L2/L1 (above
0.8), while for L1/L3 and L2/L3, the performance scores are comparable between MLP
and RF models. Compared to MLP and RF models, DT models show slightly lower per-
formance in all link layout evaluation settings. However, the difference in scores is small in
L1/L2, L3/L1, or L3/L2 evaluation settings when compared to RF models. SVM models’
performance is sensitive to the link layout setting and shows variability across different set-
tings. In L1/L3, L2/L3, L3/L1, and L3/L2 evaluation settings, SVM models’ performance
is similar to DT models, while in L1/L2 and L2/L1, the performance is closer to that of
RF models.

The results from evaluation scheme EvalSch–RS–Lyt confirm that the room size and
the link layout used for training the model affect the generalization capabilities of the
model. It can be concluded that the models trained with one room size can generalize best
to smaller room sizes and joining data from different room sizes improves the generalization
capabilities of the models. To enhance the robustness and generalization capability of the
model, it is suggested that various room sizes are included in the train set. In particular,
it is important that the train set includes smaller and larger rooms in comparison to the
size of the rooms where the model will be applied.
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Figure 6.12: Generalization performance of models trained on a single room size to new
link layouts and room sizes. The evaluation scheme is EvalSch–RS–Lyt. The evalua-
tion settings are 1RS–train/2RS–test (S/ML, M/SL, and L/SM) in terms of room size
in train/test set; and L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test
(L2/L1, and L2/L3), and L3–train/diffLyt–test (L3/L1, and L3/L2) in terms of link layout
in train/test set.
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Figure 6.13: Generalization performance of models trained on two room sizes to new link
layouts and room sizes. The evaluation scheme is EvalSch–RS–Lyt. The evaluation settings
are 2RS–train/1RS–test (SM/L, ML/S, and SL/M) in terms of room size in train/test set;
and L1–train/diffLyt–test (L1/L2, and L1/L3), L2–train/diffLyt–test (L2/L1, and L2/L3),
and L3–train/diffLyt–test (L3/L1, and L3/L2), in terms of link layout in train/test set.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

Accurate characterization of the properties of indoor RE is essential for future wireless
communications, which are envisioned to be environmentally aware and dynamically adapt
to the propagation environment. Current environment characterization methodologies need
to be revised to meet the emerging spatial information requirements because they have
limited ability to describe the environment and depend on specialized equipment, resulting
in inflexibility, the need for manual intervention, maintenance, and high cost. Therefore,
novel methodologies for seamless indoor characterization that provide more detailed and
accurate information about the environment while overcoming the limitations of available
approaches are needed.

The large number of connected devices with sensing capabilities in next-generation
wireless networks offers unprecedented opportunities for intelligent indoor characterization.
The ability of the emerging radio technologies to estimate CSI for each transmit-receive
antenna pair resulting in an availability of a vast amount of indoor CSI data, which contains
information about the propagation environment, opens the way for radio-based indoor
propagation environment characterization. ML approaches are foreseen as an appropriate
tool for modeling the relationship between the environmental information contained in CSI
and the properties of the environment. However, their use must be substantiated by domain
knowledge of indoor radio channels. By using state-of-the-art radio technologies and ML
approaches, the strengths of both can be combined to capture the RE signature and extract
knowledge from the data for seamless characterization of the indoor environment.

This dissertation proposes and studies the identification of indoor RE environment
properties based on the environmental information embedded in CSI using ML approaches.
The proposed approach is novel and, to our knowledge, has not been studied, published, or
patented before. It is based on the assumptions that (i) the received radio signal is distorted
due to interaction with the surrounding objects and therefore contains a signature of RE,
and (ii) the UWB signal conveys information about the environment it interacts with and
is, therefore, suitable for environment characterization.

A methodology for intelligent indoor RE characterization RE based on CIR of spatially
distributed radio links is formalized and evaluated. The proposed methodology is evaluated
for characterizing surfaces’ materials in the microwave frequency band using UWB radio
technology and ray-based techniques. A large amount of CIR data, representative and
diverse in terms of radio node positions and EM characteristics of the environment, is
collected and annotated with environmental properties.

The procedure for constructing a RE identification model based on RE signature is
streamlined in a framework. Domain knowledge is crucial in all procedure steps to ensure
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propagation features with rich RE signatures are used, and the RE identification model
addresses the indoor RE characterization problem. The framework specifies the (i) RE
signature, (ii) RE acquisition, (iii) feature selection from CSI, (iv) CSI processing and
storing, (v) ML task, and (vi) ML workflow.

The proposed methodology is evaluated for identifying the material of (i) a single
surface in basic environments and (ii) all surfaces in plain environments based on CIR.
Common building materials used in residential and office buildings, including brick, con-
crete, glass, plaster, and wood, are studied. Material identification is formalized as a
classification task, and representative learning methods of tree-based learning, ensemble
learning, kernel-based learning, and neural networks are considered. The identification of
the material of a single surface is formalized as a multi-class classification task, and the
identification of the material of all surfaces is formalized as a multi-label classification task.

The experiments are defined to prove the stated hypotheses. Specifically, initial ex-
perimentation is conducted for (i) proving the feasibility of the concept for basic indoor
environments, (ii) investigating different approaches for constructing a model in terms of
the CIR acquisition strategy and the size of the rooms where CIR is obtained, (iii) assessing
the capability of ML models to extract knowledge from CIR. More detailed experimenta-
tion is conducted for (i) proving the feasibility of the concept for environments with varying
complexity in terms of the materials used, and (ii) studying the capabilities of the mod-
els to make accurate predictions on CIRs from acquisition strategies and room sizes not
considered in the training process.

The results confirm that the proposed methodology can be applied for the identification
of the material of a single surface as well as for the identification of the material of all
surfaces in plain indoor environments based on CIR. The material can be predicted using
models learned with all the proposed methods, however, the performances vary depending
on the room size and the radio links included in the training set. Across the various
evaluation schemes, the MLP models show superior performance. In most cases, three-
based models exhibit slightly lower performance. Ensembles of trees tend to achieve higher
scores than single-tree models, reflecting the advantages of combining multiple trees. SVM
models show the lowest performance and sensitivity to CIR acquisition strategy CIR and
room size, highlighting the importance of parameter selection to optimize performance.
The selection of an optimal learning method for a given environment characterization
scenario depends on the amount of available CIR data, time constraints, and available
computational resources.

Material identification can be approached in a (i) specific manner—with models op-
timized for single room size and CIR acquisition strategy, or (ii) general manner—with
models trained using CIR data acquired with several strategies from rooms of different
sizes. The choice of approach depends on the use case where the material identification
model is used. For basic indoor characterization scenarios, where the model is applied in
rooms of a certain size and the CIR acquisition strategy used in the training process is
known, the specific approach is adequate; for advanced scenarios, where rooms with dif-
ferent sizes are characterized without knowledge of the CIR acquisition strategy used in
the training process, the general approach is more appropriate. However, the results show
that models trained for a single room size can generalize to smaller rooms. The results
suggest that when a general approach is considered for training a model, CIR data from
different room sizes that are smaller and larger compared to the rooms where the model
is applied to identify the materials have to be included in the train set. The training data
has to be acquired using fixed nodes in several locations and portable nodes moved over a
uniform grid covering the room.

The dissertation makes an original contribution to the research in seamless and in-
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telligent indoor environment characterization by proposing, formalizing, and evaluating a
novel methodology for identifying RE properties based on CSI using ML approaches. The
proposed methodology provides an environment description that can be used to enhance
the digital twin of buildings and contributes to the development of pioneering methods
for indoor environment-aware communications in the next-generation communication era.
The experimental evaluation presented in the dissertation is only an initial example of
environment characterization using the proposed methodology. The extensibility of the
methodology to other CSI properties, CSI estimation methods, indoor environments, and
indoor characterization tasks is one of its most important values. The importance of the
methodology is highlighted in the next-generation intelligence-enabled wireless communica-
tions, where a detailed description of the indoor environment is a prerequisite for achieving
state-of-the-art performance.

7.2 Future Work

The current study has demonstrated the feasibility of indoor RE characterization based
on RE signatures using ML tools, ray tracing, and UWB technology in the microwave
frequency band. The presented work can be extended to comprehensively explore the po-
tential of the proposed approach. To build upon the findings presented in the dissertation,
future work will focus on (1) exploiting the potentials of state-of-the-art approaches from
wireless communications, such as (i) frequencies in the terahertz frequency band offering a
much larger bandwidth, leading to better time resolution of CIR, and (ii) multiple antenna
systems offering high accuracy and resolution in the angle of arrival estimation, for accu-
rate estimation of the RE signature in complex indoor environments; and (2) leveraging
the cutting-edge ML approaches, to model the relation between the RE signature and the
indoor RE properties. Specifically, we identify the following directions for future work:

• Extending the proposed approach for UWB measurements in versatile indoor envi-
ronments. The bandwidth of the measurement equipment is a crucial factor in the
temporal resolution of the CIR, which affects the estimation of the size and shape of
the room. Existing UWB communication systems have a bandwidth in the range of
GHz, resulting in a time resolution of the CIR in the range of tens of centimetres.
The CIR will be obtained using UWB transceivers with radio chips capable of com-
municating according to IEEE 802.15.4-2011 UWB standard with centre frequencies
in microwave frequency range and different bandwidths. The indoor environments
will vary in geometry, materials, and interacting objects. In that context, we have al-
ready built a portable radio-equipment and have started extensive CIR measurement
campaigns in office environments.

• Extending the RE signature with the angle of arrival information. The utilization
of multiple antenna systems for state-of-the-art angle of arrival estimation has the
potential to enable the comprehensive characterization of the RE. A massive MIMO
approach at both the transmitter and receiver, or alternatively, distributed multiple
transmitter-receiver links throughout the room have to be considered. In this case,
the RE signature is the angle of arrival-dependent power delay profile.

• Extending the proposed approach for characterization of surfaces with multiple ma-
terials. The characterization of complex rooms where the surfaces have multiple
material is foreseen possible with the use of MIMO antennas.

• Investigation of the impact of label dependencies in the output space on the perfor-
mance of the models. In scenarios where the propagating wave interacts with multiple
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surfaces, exploiting label dependencies can add additional information to the learning
method, leading to improved performance.

• Extending the proposed approach for characterization of the materials of specific sur-
faces in the room. The utilization of RE signatures that include the angle of arrival
information opens the possibility for precise identification of the material used for
constructing a particular surface.
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