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Abstract

The Internet of Things (IoT) growth, particularly applications involving wireless devices, has
significantly increased the demand for signal bandwidth. However, Radio Frequency (RF) wire-
less systems presented a limited spectrum to support massive device connections and suscepti-
bility to electromagnetic interference. These challenges have increased the interest in exploring
alternative solutions to face RF issues while maintaining high data rates, low latency, reliability,
and cost efficiency. Advancements in Light Emitting Diode (LED) technology have introduced
highly energy-efficient lighting capable of high-speed modulation of light intensity. Thus, these
characteristics have driven research into Visible Light Communication (VLC), which can uti-
lize existing lighting infrastructures for data transmission using a broad and unregulated optical
spectrum (=~ 400 THz). Additionally, VLC can also provide physical layer security, low power

consumption, high transmission speeds, and immunity to RF electromagnetic interference.

Spectral efficiency and high data rates are critical for VLC systems, with Orthogonal Fre-
quency Division Multiplexing (OFDM) emerging as a robust and spectrally efficient modulation
technique for indoor applications. However, nonlinearities introduced by multicarrier signals
in LED-based systems can degrade performance. To address these issues, techniques such
as Constant-Envelope OFDM (CE-OFDM) have been developed to mitigate Peak-to-Average
Power Ratio (PAPR), improving power efficiency and reducing distortions, particularly in high-
power transmission scenarios. Additionally, VLC faces several challenges, including signal
blockage by opaque objects, confinement of signals, and limited Access Point (AP) coverage.
Addressing these limitations often requires deploying ultra-dense networks to ensure reliable
connectivity across large areas. However, such dense deployments can lead to frequent han-

dovers, increasing infrastructure costs and complexity.

This thesis evaluates the application of larger signal amplitudes despite the LED-nonlinearities
to enable data transmission over long distances, evaluating the conventional and constant-
envelope OFDM performances. Furthermore, it proposes a Modified Genetic Algorithm (MGA)
optimization procedure combined with time series Machine Learning (ML) classifiers to min-
imize handovers in both a digital twin-based simulation system and experimental VLC setups.
The proposed handover scheme considers receiver trajectory information to reduce handover

frequency while maintaining system performance within the forward error correction limit.

Results demonstrate that a 9.51 Mb/s CE-OFDM system with 16-QAM subcarrier map-
ping in a 5MHz bandwidth outperformed a conventional OFDM system in terms of efficiency.
The application of the CE-OFDM scheme in a 6m VLC link reduced the EVM from 17.5%

iii
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to 10%, an improvement of approximately 43%. Additionally, the CE-OFDM-based VLC
system demonstrated satisfactory performance in an 8 m link when using 4-QAM subcarrier
mapping. The proposed handover scheme outperforms a power-based approach, achieving han-
dover reductions of 42.47% in a MISO simulation environment and up to 48.61% in a MIMO
environment. In experimental scenarios with three and four transmitters, the scheme achieved
reductions of 46.43% and 45.45%, respectively. These results confirm that the integration of
MGA with ML models effectively minimizes handovers and improves overall VLC system per-

formance.

Keywords: Artificial intelligence, Meta-heuristics, Handover optimization, and Visible light

communication.



Resumo

O crescimento da Internet das Coisas (IoT), particularmente em aplicacdes envolvendo conexdes

sem fio, aumentou significativamente a demanda por largura de banda. No entanto, os sis-
temas sem fio baseados em radiofrequéncia (RF) apresentam um espectro limitado para suportar
conexdes massivas de dispositivos, além de serem suscetiveis a interferéncias eletromagnéticas.
Esses desafios tém aumentado o interesse em explorar solugdes alternativas para lidar com as
limitacdes da RF, ao mesmo tempo em que mantém-se altas taxas de dados, baixa laténcia, con-
fiabilidade e eficiéncia de custos. Os avancos tecnoldgicos dos diodos emissores de luz (LED)
introduziram sistemas de iluminacdo altamente eficientes em termos de energia e com capaci-
dade de modular a intensidade luminosa em alta velocidade. Assim sendo, essas caracteristicas
tém impulsionado a pesquisa em comunicagdo via luz visivel (VLC), que pode aproveitar in-
fraestruturas de iluminacao existentes para transmissao de dados, utilizando um espectro 6ptico
amplo e ndo regulamentado (= 400 THz). Além disso, o VLC também pode oferecer seguranca
na camada fisica, baixo consumo de energia, altas taxas de transmissao e imunidade a inter-

feréncias eletromagnéticas de RF.

A eficiéncia espectral e altas taxas de dados sdo aspectos criticos para sistemas de VLC.
Assim, o OFDM tem se mostrado como uma técnica de modulacdo robusta e espectralmente
eficiente para aplicagdes em ambientes internos. No entanto, as ndo linearidades introduzidas
por sinais multiportadoras em sistemas baseados em LED podem degradar o desempenho. Para
enfrentar tais problemas, técnicas como o CE-OFDM foram desenvolvidas para mitigar o PAPR,
melhorando a efici€ncia energética e reduzindo distor¢des, especialmente em cendrios de trans-
missao com alta poténcia. Além disso, o VLC enfrenta diversos desafios, incluindo o bloqueio
de sinais por objetos opacos, o confinamento dos sinais e a cobertura limitada dos pontos de
acesso (AP). Para contornar essas limitacdes geralmente exige-se a implantacdo de redes ultra-
densas para garantir conectividade confidvel em grandes areas. No entanto, essas implantacoes
densas podem resultar em transferéncias frequentes, aumentando os custos de infraestrutura e a

complexidade do sistema.

Esta tese avalia a aplicac@o de sinais com alta poténcia, visando avaliar as ndo linearidades
dos LEDs, para viabilizar a transmissao de dados em longas distancias, analisando o desem-
penho do OFDM convencional e de envoltdria constante. Além disso, propde-se um procedi-
mento de otimizacdo baseado em um algoritmo genético modificado (MGA) combinado com
classificadores de séries temporais baseados em aprendizado de mdquina (ML) para minimizar
o ndmero total de transferéncias, tanto em um sistema de simulacao baseado em gémeos digitais

quanto em configuracdes experimentais de VLC. O esquema de transferéncia proposto consid-
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era informacodes da trajetoria do receptor para reduzir o nimero de transferéncias, mantendo o

desempenho do sistema dentro do limite de corregdo de erros (FEC).

Os resultados demonstram que um sistema de CE-OFDM operando a 9,51 Mb/s com ma-
peamento de subportadoras em 16-QAM e largura de banda de 5 MHz superou um sistema
convencional de OFDM em termos de eficiéncia. A aplicagdo do CE-OFDM em um enlace
de VLC de 6 m reduziu o EVM de 17, 5% para 10%, uma melhoria de aproximadamente 43%.
Além disso, o sistema de VLC baseado em CE-OFDM demonstrou um desempenho satisfatorio
em um enlace de 8 m ao utilizar mapeamento de subportadoras em 4-QAM. O esquema de
transferéncia proposto superou a abordagem padrao baseada em poténcia, alcangando reducdes
de 42,47% em um ambiente de simulacdo MISO e de até 48,61% em um ambiente MIMO.
Em cendrios experimentais com trés e quatro transmissores, o esquema alcangou reducdes de
46,43% e 45,45%, respectivamente. Esses resultados confirmam que a integracao de MGA
com modelos de ML minimiza efetivamente as transferéncias e, por conseguinte, o desempenho

geral do sistema de VLC.

Palavras-Chave: Inteligéncia Artificial, Metaheuristicas, Otimiza¢ao, handover, Comunicagio

via luz visivel.
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CHAPTER 1.

Introduction

1.1. Introduction and Motivation

The adoption of Light Emitting Diode (LED) technology for illumination has revolutionized
the lighting industry, offering significant advantages over traditional lighting solutions by reduc-
ing overall energy consumption and operating costs. Furthermore, LEDs have a longer lifespan
compared to incandescent and fluorescent lamps. The U.S. Department of Energy reported that
approximately 48% of all installed lighting units were LED-based in 2020 [3]. The global LED
lighting market was valued at $81.64 billion in 2023 and is projected to reach $191.80 billion
by 2032 [4].

The Industrial Internet of Things (IloT) growth has led to a shift from wired to wireless
connectivity, specifically in applications using mobile machines and robots [5, 6]. However,
the large number of devices and the need for wide bandwidths pose a challenge to traditional
Radio Frequency (RF) systems due to the limited RF spectrum and susceptibility to electromag-
netic interference in industrial scenarios [7]. Optical Wireless Communications (OWC) such as
Visible Light Communication (VLC) has emerged as a potential solution offering a large unli-
censed spectrum and resistance to electromagnetic interference [8—10]. VLC can reuse LEDs
from the lighting structure for data transmission with wavelengths around 400-700 nm [11,12].
Additionally, industries require highly secure connections as cyber-attacks can disrupt produc-
tion and cause accidents [13]. Therefore, VLC can also contribute to security as the light stays

confined, and intentional outside interferences can easily be blocked by physical separators [14].

Spectral efficiency and, for certain applications, high data rates are extremely important for
VLC systems [15]. Promising results for indoor VLC systems have been demonstrated with Or-
thogonal Frequency Division Multiplexing (OFDM), a spectrally efficient modulation scheme
that is robust to channel frequency selectivity [16—19]. However, an important issue to be con-
sidered in LED-based VLC systems is the nonlinearities introduced by the large fluctuation of
such multicarrier signals [20,21]. These nonlinearities distort the output optical signal and limit
the transmitted optical power, degrading the system’s performance. To address these issues, dif-
ferent techniques were developed to reduce the Peak-to-Average Power Ratio (PAPR) [22-24].
One promising approach to mitigate PAPR in OFDM-based systems is the use of Constant-
Envelope OFDM (CE-OFDM). This technique reduces the amplitude variations of the trans-

mitted signal, ensuring a more constant optical output and decreasing the nonlinear distortions.
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By maintaining a constant envelope, CE-OFDM enhances the power efficiency and overall per-

formance of VLC systems, particularly in high-power transmission scenarios [25-27].

Although VLC signals are confined to specific areas, which enhances network security, they
can be obstructed by opaque objects, leading to performance degradation or complete signal
loss. Furthermore, the limited coverage of Access Points (AP) requires the development of
ultra-dense networks to cover large areas [28]. Deploying such dense networks can result in
frequent handovers, during which a receiver may experience a temporary loss of connection
during a hard handover, as it disconnects from one AP before establishing a connection with
another. In contrast, soft handover allows the receiver to maintain a continuous connection
by establishing the new connection before disconnecting from the current AP [29]. Although
soft handover prevents connection loss, it incurs higher costs for the network infrastructure.
Consequently, the use of optimization algorithms to minimize handovers in such networks has

become an area of significant interest.

The current deployment of VLC systems focuses on mobility, particularly in the context of
handover management. In [30], a power-based handover scheme is presented to skip unnec-
essary handovers. A handover strategy considering frequency diversity and link aggregation
was proposed in [31] for indoor vehicular VLC systems. Additionally, the authors of [32] in-
troduced a soft handover-aware scheduling approach, where time slots are scheduled based on
users’ location. In [33], a power-based soft handover technique was demonstrated in a simulator
with two APs. Using received signal strength to choose the signal source, the strategy achieved

satisfactory performance across the evaluated trajectories.

When the handover occurs between VLC cells, it is referred to as Horizontal Handover
(HHO). The handover concept extends to hybrid networks such as VLC combined with Wireless
Fidelity (WiFi) [34, 35], which is denominated as Vertical Handover (VHO). In [34], a VHO
scheme applied to an VLC-WiFi network was investigated where the problem was modeled
as a Markov decision process, adopting a dynamic approach to obtain a trade-off between the
switching cost and the delay requirements. This VHO scheme improved the signaling cost by
50%. Additionally, [36] presents an upper-layer hybrid VLC-WiFi handover approach, where
experiments show that outage durations were minimized to 0.03 and 0.06 seconds for HHO and

VHO, respectively.

Artificial Intelligence (Al) techniques, including meta-heuristic optimizations and Machine
Learning (ML), have demonstrated considerable potential for enhancing communication, VLC,
and IIoT systems [37-39]. The authors of [40] applied Non-Sorting Genetic Algorithm (NSGA)-
IT to optimize guard band and signal bandwidth, aiming to enhance the spectral efficiency of
an OFDM-based fiber communication system. A similar optimization approach was explored
in [26], focusing on CE-OFDM signals. In [41], a multi-objective optimization using NSGA-
IT was presented to maximize transmitted power and spectral efficiency for both CE-OFDM
and OFDM VLC systems. As ML and deep learning can contribute to VLC systems, [42]
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demonstrated an application of Convolutional Neural Networks (CNN) as a demodulator for
non-orthogonal multiple access in a VLC system, which compensates for both linear and non-
linear distortions. In [43], CNN was also applied for channel estimation and equalization in
an OFDM-based VLC system. Furthermore, [44] and [45] proposed a hybrid multi-objective
optimization approach, combining the grey wolf optimizer and NSGA-III to optimize VLC sys-
tem parameters, with the goal of maximizing both power and spectral efficiency. The authors
also trained a Long Short-Term Memory (LSTM) network using the optimized parameters to
predict the optimal parameters for future positions, based on the receiver’s previous and current

positions.

1.2. Research Questions, Hypotheses, and Objectives

As VLC continues to evolve, new modulation schemes and system optimization play a cru-
cial role in extending link distance and enhancing performance. Additionally, the increasing
deployment of VLC leads to dense networks designed to improve redundancy and coverage,
which can cause frequent handovers. Al models can mitigate this issue by optimizing han-
dover management and reducing the overall number of handovers while maintaining seamless

connectivity.

1.2.1. Research Questions

This thesis seeks to answer the following research questions (RQs).
RQ.1 - How can CE-OFDM increase the reach of VLC Links compared with conventional OFDM?

RQ.2 - How can communication signal amplitude and bias current impact the performance of
VLC systems?
RQ.3 - How can Al minimize handovers in Multiple Input Single Output (MISO) VLC systems

based on the receiver’s trajectory and positioning?

RQ.4 - How can Al minimize handovers in Multiple Input Multiple Output (MIMO) VLC sys-

tems based on the receivers’ trajectory and positioning?

1.2.2. Hypotheses

To respond to the above-itemized questions, the following hypotheses (Hs) were investi-

gated.
H.1- By setting CE-OFDM as the modulation scheme of a VLC system, it is possible to in-

crease the reach of the communication link compared with conventional OFDM.

H.2 - The bias current does not impact system performance if it is set at a level that prevents

the communication signal from driving the LED into a non-linear or cutoff region.
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H.3 - Considering a MISO VLC system, Al models can predict the following endpoint of a
receiver based on its trajectory and positioning to minimize handovers while maintaining
Error Vector Magnitude (EVM) performance under the Forward Error Correction (FEC)
limit.

H.4 - Al models can simultaneously predict the following endpoint of multiple receivers based
on their trajectory and positioning, optimizing handover efficiency and ensuring EVM

performances within the FEC threshold.

1.2.3. Research Objectives

This thesis aims to investigate handover minimization in VLC systems. Furthermore, this
thesis also explores how to increase the reach of VLC link lengths by applying constant-
envelope OFDM. To address these challenges, this work introduces artificial intelligence tech-
niques, specifically meta-heuristics and neural networks. Achieving the main objective required

the following specific goals:

m perform conventional OFDM and constant-envelope OFDM modulation techniques to

compare their performance over extended VLC links;
m analyze the impact of communication signal level and bias current in VLC systems;

m develop MISO and Single Input Single Output (SISO) VLC models according to real

experimental setups;

m employ meta-heuristic optimization algorithms to minimize the total number of handovers

across a given trajectory;

m apply neural networks, such as long short-term memory, to predict the receiver’s follow-

ing endpoint.

1.3. Contributions

This thesis’s developments rely on the improvements of VLC systems through the applica-
tion of artificial intelligence algorithms and modulation schemes parametrization. The main
contributions include the application of Genetic Algorithm (GA) and ML algorithms to mini-
mize the number of handovers in MIMO and MISO VLC simulation systems, showing exper-
imental results for MISO scenarios. Furthermore, this thesis investigates the enhancement of
traditional VLC communication link range using CE-OFDM when compared to OFDM. Addi-
tionally, this thesis examines the influence of bias current and the modulating signal amplitude
on the performance of both SISO and MISO VLC systems.
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1.4.

Publications

Two articles addressing the research questions were published to academic journals through-

out this doctoral research period, while two additional papers were published in conference

proceedings. The journal articles are listed below.

J.1-

J.2-

Camporez, H., Costa, W., Pontes, M., Segatto, M., Rocha, H., Silva, J., Hinrichs, M.,
Paraskevopoulos, A., Jungnickel, V., and Freund, R. “Increasing the reach of visible light

communication links through constant-envelope OFDM signals”. Optics Communica-
tions, v. 530, p. 129179, 2023.

Camporez, H., Costa, W., Segatto, M., Silva, J., Deters, J. K., Wortche, H., and Rocha, H.
“Ai-driven enhancements for handover in visible light communication systems”. Journal
of Lightwave Technology, v. 42, pp. 8191-8202, 2024

The published conference papers are the following.

C.1-

C.2-

H. Camporez, W. Costa, J. Silva, H. Rocha, and M. Segatto. “Performance Evaluation
of a Soft Handover Framework Applied to VLC Systems.” In 2021 SBMO/IEEE MTT-S
International Microwave and Optoelectronics Conference IMOC), pp. 1-3. IEEE, 2021.

H. Camporez, Y. Pimassoni, W. Costa, M. Segatto, J. Silva and H. Rocha, “Remote Con-
trol in Smartphone-based Visible Light Communications,” 2021 Third South American
Colloquium on Visible Light Communications (SACVLC), Toledo, Brazil, 2021, pp. 1-6.

The following publications were produced concurrently during the doctoral program and

related to the research field.

1-

Silva, J., Pizzaia, J., Costa, W., Camporez, H., Pontes, M., Rocha, H., and Segatto, M.
“Performance evaluation of a simplified power-domain NOMA for visible light commu-
nications”. JOSA A, v. 40, p. C46-C52, 2023.

Costa, W., Camporez, H., Pontes, M., Segatto, M., Rocha, Silva J., Hinrichs, M., Paraske-
vopoulos, A., Jungnickel, V., and Freund, R. “Increasing the Power and Spectral Efficien-
cies of OFDM-based VLC System through Multi-objective Optimization,” Journal of the
Optical Society of America. A, Optics, Image Science, And Vision, v. 40, p. 1268-1275,
2023.

Peterle, A., Costa, W., Camporez, H., Segatto, M., Rocha, H., and Silva, J. A. “Compar-
ing the Performance of OFDM and OCDM-based Visible Light Communications: Nu-

merical and Experimental Analysis”. Journal of Microwaves, Optoelectronics, and Elec-
tromagnetic Applications, v. 22, p. 196-207, 2023.

W. Costa, W. Santos, H. Camporez, M. Faber, J. Silva, M. Segatto, H. Rocha. “Planning
and Resources Allocation of a Hybrid IoT Network using Artificial Intelligence,” Internet
of Things. v. 26, pp. 101225, 2024.

W. Costa, H. Camporez, M. Segatto, H. Rocha, and J. Silva. “Towards Al-enhanced VLC
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Systems.” In Optical Fiber Communication Conference, pp. W3I-7. Optica Publishing
Group, 2022.

W. Costa, H. Camporez, M. Pontes, M. Segatto, H. Rocha, J. Silva, M. Hinrichs, A.
Paraskevopoulos, V. Jungnickel, and R. Freund. “Increasing the LED Bias Point of an
OFDM-based VLC System through Multi-objective Optimization.” In 2021 SBMO/IEEE
MTT-S International Microwave and Optoelectronics Conference (IMOC), pp. 1-3. IEEE,
2021.

Costa, W., Camporez, H., Hinrichs, M., Rocha, H., Pontes, M., Segatto, M., Rocha H.,
Silva J., Hinrichs, M., Paraskevopoulos, A., Jungnickel, V., and Freund, R. Toward Al-
enhanced VLC Systems for Industrial Applications. Journal of Lightwave Technology.
(Invited Paper)., v. 41, p. 1064 - 1076, 2022.



1.5. Thesis Outline 7

1.5. Thesis Outline

This thesis is divided into seven chapters. Chapter 1 introduces the essential aspects of the
research, including motivations, objectives, and an outline of the thesis. Chapter 2 provides
a theoretical background on topics relevant to this study, such as VLC, OFDM modulation
schemes, artificial intelligence, and metaheuristics algorithms. Chapter 3 describes the applica-
tion of CE-OFDM in a SISO VLC system to increase the reach of communication links. Chap-
ter 4 investigates the influence of bias current and the modulating signal amplitude on VLC
systems, as well as the accuracy of the numerical models. Chapter 5 discusses the application
of ML models and GA to minimize handovers based on receiver data in a MISO experimental
and simulation environment. Chapter 6 explores the use of ML models and GA to minimize
handovers based on receivers’ information in a MIMO VLC simulation environment. Finally,
the conclusions and future directions are presented and discussed in Chapter 7. Figure 1.1

illustrates the relationship between the research questions and the chapters of this thesis.

Influence of signal
amplitude and bias current in
VLC (RQ.2)

Increasing VLC links range

Introduction and Background using CE-OFDM (RQ. 1)

[Chapter 1: Introduction)

Chapter 3: Increasing the
Reach of Visible Light
Communication Links

Chapter 4: Experimental
and Numerical Performance
Evaluation in Visible Light

Through
[ Chapter 2: Theoretical ] Constant-Envelope OFDM

Background

Handover optimization in
MISO VLC systems (RQ.3)

Chapter 5: Al-Driven
Enhancements for
Handover in
Visible Light
Communication Systems

Signals

Handover optimization in
MIMO VLC systems (RQ.4)

Chapter 6: Al-Driven
Enhancements for
Handover in MIMO-based
Visible Light
Communication

Communication
Systems

Final Remarks and Future
works:

Chapter 7: Conclusions and
Future Directions

Figure 1.1. Diagram illustrating the relationship between the thesis’s organization and the research

questions.






CHAPTER 2.

Theoretical Background

This Chapter outlines the foundational concepts that support this research, including the
modeling of VLC systems, the application of OFDM modulation in VLC, optimization through

metaheuristic techniques, and machine learning approaches.

2.1. Visible Light Communications Systems

VLC stands as one of the oldest methods of human communication. Since ancient times,
light has played a crucial role in communication. Early examples include fire signals used for
communication between tribes and reflected sunlight for signaling between ships, a technique
employed by the ancient Greeks. For long-distance communication, fire beacons were often po-
sitioned on elevated points and lit sequentially to transmit messages across vast distances [46].
VLC was proposed in a more advanced technological way in the 1880s by Alexander Graham
Bell when he developed the photophone, which modulated sunlight with vibration caused by
speech and transmitted the modulated light to a receiver [47]. However, significant progress in
VLC began in 1927, when Russian scientist Oleg Losev discovered electroluminescence and
developed the LED [46].

Following the early innovations, VLC technology has continued to progress due to its inher-
ent resistance to electromagnetic interference. In addition, modern LEDs now support fast-
switching capabilities, enabling higher data rates for communication. Recent experimental
demonstrations have achieved data rates up to 46.4 Gbps [48,49]. As interest in VLC grows,
new applications are emerging, including use cases in education [50], vehicular communica-
tion [51, 52], medical environments [53, 54], industrial settings [45, 55], Internet of Things
(I0T) [56,57], highly secure (military) applications [58,59], underwater communication [60,61],
and others. Furthermore, in high-security applications, the confined nature of light provides an

extra layer of security, as VLC signals cannot penetrate walls as in WiFi.

Figure 2.1 illustrates the electromagnetic spectrum. The visible light portion of the spectrum
offers an extensive unlicensed bandwidth of approximately 400 THz, which is about 10, 000
times the bandwidth available for RF. The wavelength range that is visible to the human eye is

between 380 nm and 780 nm.

VLC systems commonly use the Intensity Modulation and Direct Detection (IM/DD) method,

in which analog signals are modulated directly onto the visible light intensity emitted by the
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Figure 2.1. Wavelength of the electromagnetic spectrum.

source [62]. Within this IM/DD structure, an analog modulator converts the data bit stream
into an analog waveform. This modulated signal is then superimposed into a driver circuit that
powers the light source, such as a LED emitting photons based on the electrical input. At the
receiving part, a photodetector captures the photons and reconverts them into an electrical sig-
nal, which is subsequently amplified and filtered by a Transimpedance Amplifier (TIA) [63].
Finally, the data bit stream is retrieved by the demodulation stage. This VLC IM/DD system

architecture is illustrated in Figure 2.2.

Input Output

data data
Modulator H Driver J—»@ @—»[ TIA ]—»[Demodulatoﬂ—»

Light Source  Photodetector

Figure 2.2. VLC intensity modulation and direct detection.

2.1.1. Analytical Modeling

In VLC systems, data signals are transmitted by modulating the intensity of LEDs. How-
ever, when the magnitude of the modulating signal drives the LED into its non-linear operating
region, significant signal degradation can occur, particularly in systems using OFDM [64]. The
electrical-optical conversion of an LED can be represented mathematically as follows

Low(t) = —® @.1)

1
2k | 2k
Iin(t)
|:C + <Lmax> :|

where L, is the LED output illuminance, L.y is the maximum illuminance of the LED, ( is

an adjustment constant, k is a knee factor that adjusts the saturation intensity, and /;,(¢) is LED
input current [65]. The [;,,(¢) is the modulating signal (s(t)) superimposed onto a bias current

(Ipias) In order to create a non-negative driving current. Thus, the LED input current is expressed
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VLC Transmitter

Figure 2.3. Geometry of the VLC LOS channel model.

by Iin(t) = Ipias + @ X s(t), where « is the amplification factor. The relationship between the
maximum LED current (/;,,x) and the [y,s, that leads to the LED operational region, is known
as the optical modulation index (OMI). The OMI is commonly defined as

Ibias [bias

The transmitter optical power can be calculated as Py () = [Lout(t) X Ap]/n, where 7 is
the LED luminous efficiency and A, is the photodetection area of the sensor used to measure
the photometric unit [66]. For the purpose of this thesis, we have adopted the Line-of-sight
(LOS) channel model described in [67]. According to this model, the DC gain of a VLC link

(see Figure 2.3) can be expressed as:

(2.3)
0, elsewhere

Higs = { (s cos™ () TL(w)g () cos(), 0 <4 < W

where d represents the distance between the transmitter and the receiver, ¢ is the angle of
irradiance, v is the angle of incidence, V. is the receiver’s Field of View (FOV), T,(¢)) is the
gain of the optical filter, A, is the area of the photodetector, m = —In(2)/In(cos(®;,2)) where
®4 /5 is the transmitter semi-power angle, and g(v)) is the optical gain of an ideal non-imaging

concentrator having an internal refractive index (n), which is defined as

2 0<y< U,
g(y) = sin(¥e) (2.4)
0, v > U,

The received optical power (P,_os) is calculated as Pr_jo5(t) = Hios X Popt(t) and the Pho-
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todiode (PD) optical-electrical conversion is modeled as
]PD (t) = RPr—los(t> + w(t), (25)

where R is the photodiode responsivity and w(t) is the overall photodetection noise [68, 69].
The noise is independent of the wavelength and is modeled as an Additive White Gaussian
Noise (AWGN) [62].

2.2. Orthogonal Frequency Division Multiplexing

Research on multicarrier systems dates back to the 1950s with the introduction of Frequency
Division Multiplexing (FDM) in 1957 [70]. However, the complexity of synchronizing carriers
limited its widespread adoption. In 1966, Chang patented the principles of OFDM, outlining
the use of orthogonal spectral overlap for multichannel data communication [71]. Following
Chang’s work, Saltzberg proposed an offset-QAM modulation method in 1967, which reduced
signal envelope fluctuation and simplified filter design for both transmission and reception [72].

A significant advancement in OFDM technology came from Weinstein and Ebert in 1971,
who suggested using the Discrete Fourier Transform (DFT) for generating and receiving OFDM
signals. This approach greatly simplified transceiver design by eliminating the need for numer-
ous analog oscillators [73]. They also introduced guard intervals and raised-cosine windowing
to address Intersymbol Interference (ISI) and Interchannel Interference (ICI). In 1980, Peled and
Ruiz further improved OFDM by adding a Cyclic Prefix (CP), which enhanced carrier orthog-
onality and reduced ICI without requiring empty guard intervals [74]. Following this, Hirosaki
advanced the field by implementing an OFDM system with DFT, QAM on subcarriers, and an

equalization algorithm to mitigate interferences [75,76].

By the 1990s, OFDM had become a standard in several communication systems, includ-
ing Digital Audio Broadcasting (DAB), Digital Video Broadcasting (DVB), and Wireless Local
Area Networks (WLAN, IEEE 802.11a/g). It also became the standard for Digital Subscriber
Lines (DLS) and, more recently, for Power Line Communication (PLC) [77], Long-Term Evo-
lution (LTE) [78], and 5G New Radio [79]. OFDM has proven its applicability to VLC sys-
tems due to its resilience to multipath interference, which is essential in indoor environments
with high reflectivity [80]. Moreover, by distributing data across multiple subcarriers, OFDM
presents spectral efficiency, enhancing data rates [81]. This section will detail the principles of
OFDM, the Direct Current Optical OFDM (DCO-OFDM) technique used in this study, and the

performance metrics associated with OFDM.
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2.2.1. Transmission and Reception

Figure 2.4 (a) illustrates the process of a simplified baseband multicarrier system. In the
transmission, the bitstream (R}, bps) is first converted from serial to parallel form into Ny sub-
streams (Ry bps), each carrying m bits. Each bit is then mapped to a symbol (s; = a; + 7b;)
according to the modulation index (M = 2™). After the discrete-to-continuous time conversion
by g (), the generated signal s;(¢) modulates the subcarrier with frequency f;. The output

signal is given by the following equation:

No—1
s(t) =) silt) - gl(t)e*, (2.6)
i=0
where s; is the symbol associated to a subcarrier ¢ with central frequency equal to f; = fo +
i(By) and By is the bandwidth of each subcarrier [82].

At the reception depicted in Figure 2.4 (b), the received signal (r(¢)) is demodulated by
e~J2mfit and filtered by g,,(t). After demapping the symbols, a parallel to serial conversion is
applied to give the output bitstream. Considering the symbol duration (7x) and assuming an
ideal rectangular filter within the interval [0, Tx], each symbol at the input of the demapper

block is estimated as described by the following equation [83]:

1 T jom £t
§; = — e 1T s () dit
TN 0 J( )
1 TN Ns—1
= — e I2mlit s; - et | de
1 Ns—1 Ty
= — sj/ e~ I2mIit o Q327 Fit ¢
TN s 0
1 Ng—1 Tn
= — S.; eij27r(fi7fj)t dt
Y|
1 I
1
=— .5 T
Ty TN
=S 2.7)

Although robust and efficient, the transmission and reception models require N; modulators
and demodulators, respectively. These requirements make the implementation of a multi-carrier
system unfeasible in terms of cost, size, and power consumption. However, these drawbacks

can be addressed by applying DFT and Inverse Discrete Fourier Transform (IDFT). To achieve
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Figure 2.4. Transmission (a) and reception (b) block diagram of a multicarrier system.

this, g, is applied as a rectangular filter in Equation 2.6 which results in following equation:

Ne—1 :
s(t) = Z si(t) - rect (T_) - eIt (2.8)
: N

TLTN

Considering that during the symbol period (7x), the signal is sampled N times, ¢t = “F
where (() < t < Ty). Additionally, a subcarrier central frequency can be defined as f; =
-Af = 7, and rect < N) = 1 for the ideal case. Therefore, the discrete-time symbol at the

transmltter output is given by:

Ng—1 i nTy Ng—1 )
j 27— ot
sln] = si- €N N = E 8- €N 2.9)
i=0 =0

for 0 < n < Ty. It can be observed that Equation 2.9 is the IDFT. Thus, considering the Inverse

Fast Fourier Transform (IFFT) that requires less computational resource, it can be written as:

s[n] = IFFT{s;}. (2.10)

Some communication systems, such as baseband systems, require real-valued signals at the
output of the IDFT. This output type can be achieved by applying Hermitian Symmetry (HS) to
the input sequence of the same block [84]. Thus, considering an even /V; and the size of the HS
block as L = 2N; + 2, the input of the HS block is:

i =10,50,51, -, SN,—1,0, SN, SN, 15 Shu—2s - - - » S0)] (2.11)
where s;* is the complex conjugate of s;. Therefore, the output of the HS block is given as:
S; = [80,81,...78%,...,81/_1] (212)

where 0 < ¢ < L — 1 and the subcarriers corresponding to sy and s zeroed for convenience.
2
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The new OFDM transmitter diagram, including the HS and IDFT, is illustrated in Figure 2.5
(a). As expected, the IDFT block will produce only real-valued outputs in this configuration.

Furthermore, the IDFT output can be expressed as:

N

p 2mni b;
s[n] = Z (a7 4+b7)? - cos [ 7 + tan™! (i)] (2.13)

, a;
=0
where a? and b? represent the real and imaginary part of the complex symbol s; = a? + jb?,

respectively.

Analyzing the reception model depicted in Figure 2.4, a signal of a subcarrier can be calcu-
lated by:

8i(t) = [r(t) - e ™) x g, (t). (2.14)

Considering f; =i- Af = ﬁ and g, (t) = rect (%), $;(t) can be expressed as follow

8(t) = [r(t) : e*ﬁ’”ﬁ} * rect (%) . (2.15)

By applying the integral definition of convolution g(¢) * h(t) = [ oo

—00

+oo o _
5(t) = TLN/ [T(T) : e_J%ZE} - rect (tTNT> dr. (2.16)

—0o0

g(T)h(t — 7) d, we obtain

Additionally, considering ¢ = 0, the equation is

1 [N

8i(t)|t=0 = Tn
0

[T(T) : e_j%iﬁ} dr. (2.17)
This equation represents a Fourier series as r(t) is sampled at frequencies f,, = 7.- Equa-
tion 2.17 can be rewritten by applying a summation approximation and considering 7 = n7,,

and d7 = dn - T, [82]. Thus, the equation can be expressed as

N,—1
1

_j2minTa
S0 g = e D T e (2.18)

n=0

As the sampling period 7, is calculated by 7;, = ]TV—JZ, the received signal r(¢) is sampled as
r[i] = r(iT,). This indicates that the received signal is periodic with a period T}, and each

period is sampled at intervals of 7},. Therefore, the Equation 2.18 can rewritten as:

1 Nt o
sl =+ > rfn) e (2.19)

n=0

Finally, the Equation 2.19 is a DFT for 0 < ¢ < (N; — 1). Thus, analogous to the transmission
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and considering the Fast Fourier Transform (FFT),
s[n] = FFT{r[n|}. (2.20)

The block diagram of this reception model is demonstrated in Figure 2.5 (b). This approach

eliminates the need for the /N, oscillators and demodulators, which reduces implementation

complexity.
A
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Figure 2.5. Transmission (a) and reception (b) block diagram of an OFDM system.

2.2.2. Multipath Fading and Cyclic Prefix

Channels are characterized by an impulse response h(t) that exhibits a decaying profile.
Moreover, channels can be dispersive, where multiple signals reach the receiver through multi-
ple routes due to propagation obstacles. Such channels are known for being frequency-selective
and often introduce issues like ISI, as illustrated in Figure 2.6 (a). The overlap between re-

sponses of consecutive symbols can disrupt the orthogonality of OFDM signals.

An approach to mitigate this issue is introducing a guard interval 7, which separates sym-
bols in time, as shown in Figure 2.6 (b). This adjustment increases the total symbol duration
to " = Iy + T,. OFDM systems are inherently resilient to ISI through the use of a CP. The
CP involves copying a time interval 7, from the end of the OFDM symbol and appending it to
the beginning of the symbol (see the arrows in Figure 2.6 (b)). This process converts the linear
convolution between the channel response and the OFDM symbol into a circular convolution.
To ensure proper functioning, the CP duration must exceed the length of the channel’s disper-
sive impulse response [85]. Figure 2.6 (b) also shows that the channel dispersion affects only
the CP part of the OFDM symbols.

2.2.3. Direct Current Offset OFDM in VLC Systems

VLC systems require OFDM-modulated signals with real values and non-negative ampli-

tudes to ensure the LED operates outside the cutoff region, which causes clipping. To address
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Figure 2.6. Channel effects in OFDM symbol transmission without (a) and with a cyclic prefix.

these constraints, various OFDM schemes have been developed for VLC IM/DD systems, such
as DCO-OFDM [86, 87], Asymmetrically Clipped Optical OFDM (ACO-OFDM) [88], Flipped
OFDM (Flip-OFDM) [89], and Layered ACO-OFDM (LACO-OFDM) [90], among others. As
the focus of this study relies on the DCO-OFDM technique, Figure 2.7 illustrates a block di-
agram of a typical DCO-OFDM physical layer applied to VLC. In this system, the passband
OFDM signal s(t) is amplified by a factor o and biased with a direct current Iy;,s to prevent
signal clipping in the cutoff region.
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S5 & § E 0,3 AM TIA ERICR - S W
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Figure 2.7. DCO-OFDM block diagram applied to a VLC physical layer.

2.2.4. Constant-Envelope OFDM

The CE-OFDM signals of this work are generated by phase modulating an electrical car-
rier with OFDM waveforms, which results in constant-envelope signals with low PAPR [91].
Thus, beyond the advantages provided by conventional OFDM, this type of constant-envelope
signal allows efficient use of transmission powers. In VLC systems, this transformation tech-
nique enables high values of LEDs’ bias polarization aiming at higher optical output powers
and, therefore, higher link distances, without disregarding possible nonlinearities introduced by

signal saturation [92,93]. Thereby, the constant-envelope bandpass signals can be expressed as
c(t) = Acos 2 f.t + 2mh -z (t)], (2.21)

for A, f.and 0 < h < 1 being its unitary signal amplitude, carrier frequency and phase
modulation index, respectively [91,94]. It is important to emphasize that the modulating signal
x(t) should be normalized (amplitude between —1 and 1) to evaluate the impact of the phase

modulation index.
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The root-mean-square bandwidth of the CE-OFDM signals is expressed as B = max(27h, 1) By,
for By, the bandwidth of the OFDM modulating signal

() = i%p{(m] cos (ZWT“) — S[X (k)] sin (2”7“) , (2.22)

with {X (k)},=, the Quadrature Phase-Shift Keying (QPSK) or M-ary quadrature amplitude
modulation (M-QAM) symbols, R[-] and J[] the real and imaginary parts of X (k), Ty = %
the symbol duration and F; the sampling rate [25]. Note that Hermitian symmetry needs to
be established on the subcarriers in order to produce real-valued OFDM signals. Thus, a fast-

Fourier transform length of Npppr = 2N, + 2 is used to multiplex the subcarriers.

2.2.5. Performance Metrics

2.2.5.1. Bit Error Rate

Bit Error Rate (BER) is a metric in digital communication systems, representing the ratio of
erroneous bits to the total transmitted bits over a communication channel [95]. It is a quanti-
tative measure of data transmission performance, which is affected by noise, signal distortion,
and interference. A lower BER indicates superior transmission quality, whereas a higher BER

implies low-quality performance.

2.2.5.2. Error Vector Magnitude

Error Vector Magnitude (EVM) is a metric to evaluate the performance and quality of digital
communication systems. It quantifies the average deviation between the transmitted (expected)
and the received complex symbols by calculating Root Mean Square (RMS) of the sum of
squared errors [96,97]. Mathematically, EVM is defined as:

R 2
R v el B V]
Nsymb =1 Efﬂvz_(]l ‘X[k]ﬁ

EVMprus = (2.23)

where Ny, is the number of transmitted symbols, X [k] represents the k& — th transmitted sym-
bol and X k] is the corresponding received symbol. This metric is often presented in Decibel

(dB) by converting it as follows:

EVMgg = 10 x logm(EVMRMS)‘ (224)



2.3. Artificial Intelligence and Metaheuristic Optimization 19

2.2.5.3. Peak-to-Average Power Ratio

The OFDM Signals exhibit a high peak-to-average ratio. This occurs due to the aggre-
gation of various narrowband subsymbols in the time domain, which occasionally results in
significantly large peaks that amplify the difference between the peak and average power of the
OFDM signals [98]. This phenomenon, referred to as PAPR, has a critical impact on system
performance, especially in the presence of nonlinear distortions caused by components such as
Analog-to-Digital Converter (ADC) and power amplifier. These components are often operated
near their saturation point to maximize efficiency. A high PAPR can cause the signal to exceed
the dynamic range of devices like LEDs, leading to signal saturation and introducing nonlinear-

ities that degrade communication performance. The PAPR is mathematically expressed as:

max_|s (t)[?

PAPR = &< (2.25)
Py
where L is the number of observed modulated signal blocks and P, = + OLT s (t)| dt is its

average power [99]. In contrast to conventional OFDM formats that generate modulated signals
with high PAPR (typically above 10 dB), the CE-OFDM signals described in Section 2.2.4
provide multicarrier signals with PAPR of only 3 dB for unitary CE-OFDM signals (A = 1)
[91,100].

2.3. Artificial Intelligence and Metaheuristic Optimization

2.3.1. Genetic Algorithm

A GA is a population-based metaheuristic inspired by the process of natural selection and
genetic inheritance of living organisms [101]. Based on Darwin’s theory of evolution, GAs
mimic the biological evolutionary processes to find high-quality solutions for complex problems
by combining mechanisms such as selection, crossover (recombination), and mutation [102,
103]. Therefore, GAs are classified as evolutionary algorithms and are widely used to solve

optimization and search problems.

The algorithm begins by generating an initial population of candidate solutions to a given
problem. Each candidate solution is represented as a set of variables or parameters known as the
individual’s chromosome. The algorithm evaluates each individual’s fitness in the population
based on a fitness function that quantifies how well an individual solves the problem. Individ-
uals with higher fitness values are more likely to survive and pass their genetic material to the

subsequent generation.

The selection operation involves choosing individuals from the current population to serve
as parents for reproduction, based on their fitness values. Typically, individuals with higher

fitness scores are more likely to be selected, as they are expected to produce better offspring
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during the subsequent crossover phase. There are many selection operators, such as roulette
wheel selection, tournament selection, ranking selection, and random selection, among others.
In roulette wheel selection, which is applied in this thesis, the individuals are chosen based on
their fitness. Each individual is associated with a segment of a “roulette wheel” proportional to
its fitness. The wheel is spun, and the individual corresponding to the selected segment is chosen

for reproduction. This method favors fitter individuals while maintaining genetic diversity.

The crossover is one of the most important operations in GA, as it combines the genetic
material of two parent individuals to create new offspring. The goal of crossover is to explore
new areas of the solution space by mixing the strengths of parent solutions, potentially produc-
ing offspring with enhanced performance. Common crossover techniques include single-point,
multi-point, and uniform crossover, among others. This process provides diversity in the popu-

lation, which is essential for promoting the search for optimal or near-optimal solutions.

The Mutation is responsible for maintaining genetic diversity by introducing random changes
to the genes of an individual solution, simulating the natural process of genetic mutation. This
helps prevent premature convergence by exploring new areas of the solution space and escaping
local optima. The mutation is typically applied considering a low probability to avoid excessive

disruption to the population.

The genetic operations of selection, crossover, and mutation are applied to the population to

produce the next generation of individuals. The GA loop can be described as follows:
1. selection from the current population for reproduction based on their fitness values;
2. offspring generation by applying the crossover and mutation operators on the selected
individuals;
3. offspring fitness evaluation;

4. selection of the survivals from the current population and offspring to compose the next

generation.

This process is repeated over multiple generations. Eventually, the algorithm converges towards

an optimal solution, which is a candidate solution with the highest fitness value.

2.3.2. Decision Tree

Decision trees are a widely used ML algorithm for classification and regression tasks due
to their interpretability, simplicity, and effectiveness [104, 105]. They represent decisions in a
hierarchical, tree-like structure, where each internal node corresponds to a feature or attribute,

each branch represents a decision rule, and each leaf node represents an outcome or class label.

A decision tree starts at a root node and branches out based on decision rules derived from
the features of the dataset. These rules are created to divide the data into subsets that are as

homogeneous as possible. The process can be divided into the following components:
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* Root Node: this is the starting point of the tree that serves as the input to the dataset. The

algorithm determines the most important feature to split the data at this level;

* Internal Nodes: these are intermediate decision points where the dataset is further divided

based on selected feature thresholds or categorical values;

* Leaf Nodes: these terminal nodes represent the final output, which can either be a class

label (for classification) or a predicted value (for regression).

Figure 2.8 presents a simple decision tree example that illustrates the choice between “go to
the beach” or “stay at home”. The decision tree first examines if it is a sunny day or not. If it is
not sunny, then the tree predicts to stay at home. Otherwise, the tree proceeds to evaluate if it is

windy. If the day is windy, the prediction remains to stay at home. If not, the tree predicts to go

to the beach.

/No Yes
Stay at home
/No Yes\
Go to the beach Stay at home

Figure 2.8. Decision tree example for choosing between “go to the beach” or “stay at home”.

2.3.3. Artificial Neural Network

According to [106], an Artificial Neural Network (ANN) can be defined as a computational
model inspired by the structure and function of biological neural networks. It consists of a
collection of interconnected processing units, known as neurons, organized in layers. These
neurons operate in parallel and can adapt through experiential learning, where the network
adjusts its parameters based on the data it processes, enabling it to perform tasks such as pattern

recognition, classification, and prediction.

A neuron is an essential information-processing unit for the operation of a neural network
[106]. The schematic representation in Figure 2.9 illustrates the model of a neuron, which is the
basis for ANNs. This model can be divided into three primary components: a set of synapses,
which weigh the input signals; an adder that is responsible for summing the weighted signals

and the bias; and an activation function for limiting the output amplitude of a neuron.

The model depicted in Figure 2.9 includes a bias (b;) which can increase or decrease the

net input of the activation function (¢). Mathematically, a neuron k can be expressed by the
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Figure 2.9. Model of a neuron.

following equations:

+ by, (2.26)

m
U = E W5 T

j=1

and
Uk = ¢ (ug) (2.27)

where z; is the j-th signal input, wy,; represents the j-th weight of neuron £, by, is the bias, ¢ (-)

denotes the activation function, and y is the output of the neuron.

The activation functions play an important role in ANN as they can introduce nonlinearity
to the model. Additionally, there are a lot of activation functions in the literature [107]. In this
thesis, we applied the activation functions sigmoid and tanh, where their equations are described

as:

1
e~
and
et — e~
tanh () = ————. 2.29
anh (@) = S 2.29)

Figure 2.10 illustrates the curve for sigmoid and tanh. Therefore, as this thesis considers
classification problems, we applied the softmax activation function as it converts a vector of
K numbers into another vector of K numbers, where the sum of the values is equal to 1.
This property makes the output interpretable as probabilities. It is a generalized version of
logistic regression, specifically suited for classification tasks where the classes are mutually
exclusive. Consequently, it is commonly applied in multi-class classification problems [108].

The mathematical representation of the softmax function is as follows:

e

_— (2.30)
Zgl‘(:l e

softmax(z); =
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where z is the input vector, z; represents the i-th element of the input vector, and K is the

number of classes.
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Figure 2.10. Activation functions.

An architecture of a neural network can be single-layered, consisting only of input nodes
(which do not process signals) and an output layer of neurons, or multi-layered, where the
output signals from a layer serve as input for the subsequent layer, continuing until the output
layer [106, 109]. The layers between the input nodes and the output layer are known as hidden
layers, which add robustness to the network by enabling the extraction of higher-order statistical
features. For example, Figure 2.11 illustrates a fully connected 4-5-2 structure, representing 4
input nodes, 5 hidden neurons, and 2 output neurons. Additionally, in some cases, a neural
network that is not fully connected increases robustness and prevents overfitting. Therefore,

dropout is often applied to randomly deactivate a fraction of neurons during the training [110].

Input layer Hidden layer Output layer

Figure 2.11. Fully connected feedforward neural network.
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2.3.4. Categorical Cross-entropy

Categorical Cross-Entropy (CCE) is a widely used loss function in machine learning, partic-
ularly for classification tasks where the model predicts probabilities for multiple classes [111].
It measures the dissimilarity between the expected distribution and the predicted probability
distribution generated by the model. For a dataset with /N samples and C' classes, the equation
for CCE is:

N C
1
CCE = N Z Z i 10g(pij), (2.31)

where y;; is a binary indicator (1 if class j is the correct class for sample 7, 0 otherwise), and
pi; is the predicted probability for class j of sample 7. It is particularly effective in scenarios
with mutually exclusive class labels and is commonly used with softmax activation in the output

layer of neural networks.

2.3.5. Long Short-Term Memory

Recurrent Neural Networks (RNN) are a type of artificial neural network designed to pro-
cess sequential data by maintaining a memory of previous inputs through hidden states. Unlike
traditional feedforward networks, RNNs have recurrent connections that allow them to persist
information across time steps. These capabilities make RNN effective for time series analysis,
language modeling, and speech recognition [112]. However, LSTM, a variant of RNN, ad-
dresses the vanishing gradient problem more effectively and presents a better performance at
learning long-term dependencies in sequential data [113]. In literature, LSTM has been widely

adopted for temporal series problems, demonstrating adequate results [114].

An LSTM cell, illustrated in Figure 2.12, contains four main components: forget gate, in-
put gate, output gate, and cell state. The forget gate determines how much information from
the previous cell state (h;_1) is retained as the output of the activation function (), sigmoid is
between 0 and 1. The input gate controls the incorporation of new data x; and recurrent infor-
mation (h,_1) into the cell state by concatenating their vectors and applying the tanh activation
function, which generates a candidate cell state (C’t). The updated cell state (C}) is then com-
puted by combining the outputs of the forget and input gates. Finally, the output gate determines
which information is passed to the next instant of a LSTM cell. Using both a tanh and a sigmoid
activation function, the LSTM cell produces the hidden state, h;, which represents the recurrent

output.
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Output
gate

@ (b)

Figure 2.12. LSTM architecture. (a) LSTM cell structure (b) Chain structure of LSTM network.

The LSTM cell is defined by the following equations:

fr =Wy [hir,ze] + by) (Forget Gate), (2.32)
iy = o(W; - [hi_1, 2] + b;) (Input Gate), (2.33)
¢ = tanh(W, - [hy_1, 2] + b,) (Candidate Cell State), (2.34)
G =fi-c1+i ¢ (Updated Cell State), (2.35)
or = 0(Wy - [hy—1, 2] + by) (Output Gate), and (2.36)
hy = o; - tanh(c¢;) (Hidden State Output), (2.37)

where ¢ and tanh are sigmoid and hyperbolic tangent activation functions, respectively. z;
represents the input vector at time ¢, while A, is the hidden state. ¢, is the cell state that acts
as the memory of the network. The weight matrices Wy, W;, W, W, and biases by, b;, b, b,
are trainable parameters that correspond to the forget gate, input gate, candidate cell state, and

output gate.

2.3.6. Temporal Convolutional Network

Like RNNs, CNN have been widely applied, showing impressive results for problems involv-
ing sentence classification and time-series [115]. Temporal Convolutional Networks (TCN) is
recently powerful architecture proposed in 2016 that combines RNNs and CNNs [116]. TCN
involves two main steps: first, extracting low-level features, often using a CNN, to encode
spatiotemporal information, and second, passing these features into a classifier, commonly an
RNN, to capture higher-level temporal patterns. This approach is robust against vanishing gra-
dients because it processes sequences with parallel convolutional layers instead of recurrent
connections, eliminating sequential backpropagation issues. The architecture of a TCN is based
on several distinct design principles that enable it to excel in temporal modeling [117]. The key

components are:
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* causal convolutions, ensuring that the output at a given time step depends only on past
inputs and not future ones. This property is crucial for many time series forecasting and

prediction tasks;

* dilated convolutions, which allow TCNs to capture long-range dependencies in the input
sequence without significantly increasing the number of parameters. By increasing the

dilation factor, the receptive field of the network can be expanded exponentially; and

* residual connections, which often incorporate residual connections to facilitate the train-

ing of deep networks and mitigate the vanishing gradient problem.

2.3.7. Optuna Framework

Manually hyperparameter searching in machine learning can be, in general, a time-consuming
and inefficient process that often leads to suboptimal model performance. Therefore, Optuna
is an open-source hyperparameter optimization framework designed for machine learning and
deep learning models [118]. It provides a flexible and efficient approach to automate the search
for optimal hyperparameters by using advanced techniques like Bayesian optimization, Tree-
Structured Parzen Estimator, and parallel processing. Optuna’s key features are dynamic search
spaces, and integration with popular machine learning libraries, making it a powerful tool for

improving model performance.



CHAPTER 3.

Increasing the Reach of Visible Light
Communication Links Through
Constant-Envelope OFDM Signals

3.1. Introduction

As PAPR is an important characteristic to be considered in VLC systems due to the non-
linearities, different techniques were developed to reduce the PAPR and, accordingly, mitigate
nonlinearity and increase the average transmitted power [22—24]. However, the PAPR reduction
achieved in [22] and [23] are relatively small, and the complexity required by the transceiver
suggested in [24] is high compared to OFDM-based VLC systems. As proposed in [25] and
demonstrated in [119], the CE-OFDM scheme can help to mitigate fiber nonlinearities and in-
crease the tolerance to intermodulation effects introduced by optical Mach-Zehnder modulators.
Reducing the PAPR to only 3 dB, the CE-OFDM based system outperforms classical IM/DD
optical OFDM systems [27]. The Spectral Efficiency (SE) reduction, that characterizes such
phase modulation arrangements in IM/DD systems, was addressed in [26] via an optimization
algorithm. The optimization proposed in [26] provided a bandwidth reduction of 66% in the
inherent spectral broadening of CE-OFDM based optical IM/DD systems at the cost of a 2 dB

power penalty.

It is accordingly expected that the adoption of CE-OFDM in VLC systems can improve the
tolerance to noise and the nonlinearities introduced by LEDs. In this Chapter, to our knowledge
for the first time, we experimentally demonstrate that a CE-OFDM VLC system can provide
power efficiency and, in consequence, enhance the transmission distances. Therefore, the main
contribution of this Chapter relies on the fact that we take advantage of low PAPR multicar-
rier signals to increase the reach of VLC systems. The impact of the phase modulation index
and the LED bias current on performance was investigated to demonstrate the performance
enhancement achieved with the CE-OFDM based SISO VLC system, as compared to a con-
ventional OFDM VLC system. EVM improvements around 43% were achieved in a 9.51 Mb/s
(16-QAM mapping) VLC link of 6 m. At 14.26 Mb/s (64-QAM subcarrier mapping), both sys-
tems achieved almost the same performance under link distances below 5 m. Nevertheless, only
the CE-OFDM based system with 4-QAM as subcarrier mapping achieved good performance
(EVM below the FEC limit) in VLC links of 8 m. We chose the EVM metric to evaluate the

27
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performance in order to avoid the extremely long time required for a reliable computation of a

BER in high-quality received signals, i.e., with low bit error rates [1].

The remainder of this Chapter is organized as follows. Related works are presented in Sec-
tion 3.2. Section 3.3 described CE-OFDM applied in this Chapter. The experiments and results
are presented in Section 3.4 and 3.5, respectively. Finally, the conclusion remarks are provided

in Section 3.6.

3.2. Related work

Related works that consider link distances and PAPR reduction techniques are briefly de-
scribed in this Section. VLC systems with link lengths above or equal to 12 m are reported
in [120], [121], and [122]. The authors of these works employed optical sources that allow
VLC at very high optical transmitted powers. Gallium Nitride (GaN) LEDs were used in [120]
and [121], while a 680-nm Laser Diode (LD) was used in [122]. However, it should be stressed
that in this work, we implemented VLC systems using an Off-the-shelf (OTS) and low-cost
LED.

OTS LEDs are widely applied in VLC systems, despite the limitation related to optical
power [44,123-125]. The relative low distances achieved in [123—-125] and [44] are due to the
high PAPR of the utilized modulating signals. In this Chapter, we doubled the link length we
achieved [44], by applying constant-envelope OFDM signals (low PAPR) as modulating signals
to improve the tolerance to noise and the nonlinearity introduced by LEDs and, in consequence,

increase VLC reach. Table 3.1 (a) shows details about these works.

In Table 3.1 (b), we list related works in which different PAPR reduction techniques were
applied to VLC systems. In the theoretical works presented in [126] and [22], the authors sug-
gested the Gaussian blur algorithm and an interactive clipping process to reduce the PAPR of
Asymmetrically Clipped Optical (ACO) and conventional OFDM signals, respectively. Evalu-
ations in terms of link distance were not assessed in these works. The efficiencies of a Filter
Bank Spread (FBS) and an interleaved Discrete Fourier Transform Spread (DFT-S) scheme in
PAPR reduction were experimentally demonstrated in [127] and [128], respectively. Aiming
at side information cancellation and PAPR reduction, the authors of [129] proposed a clus-
tered DC-biased optical OFDM scheme. Lu et al. [130] proposed the exponential companding,
logarithmic companding, and selective mapping techniques to reduce PAPR and, therefore, im-
prove the performance of conventional OFDM-based VLC systems. As shown in Table 3.1 (b),
the lowest PAPR (5 dB) was achieved by the interleaved DFT-S method and the highest link
distance (2.8 m) reached by a method based on the FBS. However, in this Chapter, we exper-
imentally demonstrated the reach of VLC links up to 8 m, employing modulating signals with
PAPR = 3 dB.
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Table 3.1. Works considering: (a) link length, (b) PAPR reduction
Ref. Modulation PAPR Dist. Optical source
[120] OFDM High 20 m GaN LEDs
[121] OOK Low 16 m GaN LED
[122] OOK Low 12m 680-nm LD
[123] OFDM High 1.6m OTS LED
[124] CAP Med. 4.5m OTS LEDs
[125] OFDM High 2.0m OTS LEDs
[44] OFDM High 4.0m OTS LED

CAP: carrier-less amplitude and phase.

(a)

Ref.

Reduction Method Resulting PAPR  Dist.

[126]%
[22]%
[127]*
[128]*
[129]*
[130]*
[130]*
[130]*

ACO-OFDM
Clipping
FBS-OFDM
Inter. DFT-S
Clust. DCO-OFDM
Exp. companding
Log. companding
Selective mapping

> 7.5dB NA

> 6.0dB NA

> 7.5dB 2.8m
> 5.0dB 1.05 m
> 7.6 dB 1.0m
> 7.5dB 1.0m
> 7.0dB 1.0m
>7.0dB 1.0m

* Paper with simulation results; NA: not assessed;

* paper with experimental demonstration.

(b)
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3.3. Constant-Envelope OFDM

As described in Section 2.2.4, the modulation scheme CE-OFDM achieves a lower PAPR,
making it more robust against nonlinear distortion. Moreover, the discrete phase demodulator,
implemented by an Arc-tangent (ARC) processor, as suggested in [91], is used in the receiver to
recover the baseband OFDM signals. After the argument extraction, a phase unwrapper is used
to minimize the effect of phase ambiguities caused by phase offsets introduced by the commu-
nication channel [25]. Compared to conventional OFDM systems, the ARC and the unwrapper
are additional operations that increase the system complexity [91]. The added complexity can
be reduced by the Taylor expansion based receiver structures developed in [131], that eliminate

the need for the ARC processing and result in immunity from phase cycle slips.

The parameter 27h plays an important role in the tradeoff between spectral efficiency and
system performance [91], [26]. Low values of this phase index lead to noise sensibility, whereas
higher values of 27h enhance the system performance at the expense of an increased bandwidth
and, accordingly, reduced SE. Taking this into account and based on the design provided in
[132], we prepared an experimental setup to demonstrate the suitability of CE-OFDM based
VLC systems at bit rates of approximately 4.75, 9.51 and 14.26 Mb/s with 4, 16 and 64-QAM
as subcarrier modulation schemes, respectively, in a fixed bandwidth B = 5 MHz. In [132], the
authors discuss the robustness against the flicker of CE-OFDM based systems when compared
to VLC systems based on conventional OFDM. The experimental tests were conducted with
a fixed link length without considering 64-QAM as subcarrier mapping. In this Chapter, we
conducted experimental demonstrations considering link length up to 8 m with 4, 16, and 64-
QAM as subcarrier modulation formats. The focus is to compare CE-OFDM and conventional

OFDM performance against LED nonlinearity.

3.4. Experimental Setup

Figure 3.1 (a) depicts a block diagram of the experimental setup implemented to study the
performance of the CE-OFDM based VLC system. In parallel, a conventional OFDM system
with HS was equally set up in order to obtain a direct performance comparison. Using Matlab,
pseudorandom binary sequences PRBS = 4 x (2%) bits were mapped in N, = 16 data symbols
before the HS procedure used to generate real coefficient symbols, by adopting 4, 16 and 64-
QAM as subcarrier modulation formats. The Hermitian symmetry was imposed in both types
of multicarrier signals aiming at a fair comparison of both systems at the same throughput. It is
important to note that, due to HS, a total of NV, = 31 subcarriers were zeroed to avoid aliasing.
Thus, an IFFT of Npppr = 2 X Ng+ N, 4+ 1 = 64 points was used to multiplex the subcarriers.

A CPof T, = 10 x 7 = 150 ns was added to eliminate the inter-symbol interference induced
by channel delay spread [46]. As delay spread, we used the same (7 = 15 ns) considered in our
previous work (see Section 2.3.2 of [132]). With useful signal duration of 7' = 50 x T, = 7.5 s,
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Figure 3.1. (a) Schematic view of the experimental CE-OFDM and OFDM-based VLC system setups.
AM: Amplitude Modulation; PM: Phase Modulation. (b) Measured frequency response of
the VLC channel in B2B (measured with a spectrum analyzer at a transmission distance of
~ 0 m). (c) A picture of the components involved.

the total duration of the multicarrier signals was T = T'+ T, = 7.65 us. Hence, the subcarriers
spacing is Ay = T~ = 133.3 kHz and the minimum bandwidth demanded by both systems is
B =Afx(2x Ny+1)=44MHz.

Then, the OFDM and CE-OFDM signals were loaded into a 250 MSamples/s Arbitrary
Function Generator (AFG). The central frequency chosen for the analog carrier was f, =
7.5 MHz to avoid the attenuation observed in the frequency range below 2 MHz shown in
Figure 3.1 (b). Also, due to this reason, and for the sake of simplicity, we adopted 5 MHz as the

system bandwidth. The raw bit rate of the systems can be calculated as [133]:

B Ny x 1 M
R y x log, ( )7 (3.1)
(Nppr — N,) (1+@G)
in which M is the subcarrier modulation order and G = % 1s an overhead factor related to

CP. Thus, for G = 1/50, the bit rates of both systems are 4.75, 9.51 and 14.26 Mb/s when
4, 16 and 64-QAM are used as subcarrier mapping, respectively. A summary of the signals

parameterization is presented in Table 3.2.

The analog signals available at the AFG output were amplified and superimposed onto a
bias current, aiming to provide non-negative waveforms. The output of the Picosecond Pulse
Labs (Model 5575A, bandwidth 12 GHz, Ipc < 500 mA) Bias-Tee was directly supplied to
a commercial LumiLED LXML-PWC2 white LED. Figure 3.2 shows the measured V-1 and
P-1I characteristics of this specific LED, for P the illuminance obtained by a luximeter located
at 0.5 m away from the LED. It can be observed from the P-/ diagram depicted in Figure 3.2
that ;. > 1000 mA leads to a significant nonlinearity between the illuminance and the bias

current.
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Table 3.2. Summary of experimental settings.

Parameter Variable OFDM
Bandwidth B 5 MHz
(I)FFT size NFFT 64
Data subcarriers N, 16
Zeroed subcarriers N, 31
Subcarrier mapping M 4, 16, 64-QAM
Cyclic prefix CcP 2%
Oversamp. factor K 4
Central frequency fe 7.5 MHz
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Figure 3.2. Measured V-1 and P-I curves of the commercial LumiLED white-light LED.

After propagation through the LOS channel, supported by bi-convex lenses (optical con-
centrators), the VLC signals were detected by a HAMAMATSU S10784 photodiode before
analog-to-digital conversion by a 2.5 GSamples/s Mixed Domain Oscilloscope (MDO) and of-
fline signal processing. Figure 3.1 (c) depicts a photo of the setup.

3.5. Results and Discussions

The experimental results obtained with the previously described CE-OFDM modulation
scheme in VLC systems are discussed in this section, which mainly focuses on the impact
of the optical modulation index and the LED bias current, as well as on the system performance

with varying link lengths.

3.5.1. Impact of Phase Modulation Index

In order to identify noise limited and nonlinearity performance regions, we evaluated the

EVM performance varying the electrical phase modulation index 27h in optical Back-to-back
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(B2B), with a bias current equal to /;;,s = 1000 mA and a distance of 1 meter. Figure 3.3
shows the variation of EVM with the parameter 27/ of the proposed CE-OFDM based system,
considering 4, 16, and 64-QAM as modulation schemes. It is possible to conclude from the
results depicted in Figure 3.3 that the optimum values of the phase modulation index for 4-
QAM are in the region 4.5 < 27h < 6. Below this range, the system is affected by noise,

whereas above it, the system performance is impacted by nonlinearities [27].
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Figure 3.3. EVM as a function of the phase modulation index 27h, measured in B2B with 4, 16 and
64-QAM modulation schemes.

Figure 3.3 also shows that, for 16-QAM and 64-QAM, the optimun values are in the regions
1.5 <27h < 2.5and 0.7 < 2mh < 1.3, respectively. Therefore, in the case of 4-QAM subcar-
rier mapping, we chose 2mh = 5.8 as the optimum value, whereas for 16-QAM and 64-QAM
the chosen optimum values were 2mh = 2 and 2wh = 1, respectively. For the last two subcar-
rier mappings, we choose modulation indexes immediately lower than the ones that provided
the best performance in order to take into account the spectral broadening that increases with
2mh [26,91].

3.5.2. Influence of LED Bias Current on the Performance

In Figure 3.4, the variation of the EVM values with the LED bias current is depicted for
both the CE-OFDM and the conventional OFDM system, for the VLC links of 1 m and 4 m.
The results depicted in Figure 3.4 (a) show that, excepting the performances obtained with
64-QAM, the CE-OFDM VLC based system outperforms the OFDM-based system for bias
currents between approximately 700 mA and 1250 mA. For currents above 1250 mA, particu-

larly at 1500 mA, receiver saturation occurs due to the short link distance, leading to an increase
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in EVM. In contrast, at 4 m (Figure 3.4 (b)), the same issue did not occur due to the signal at-
tenuation over the longer link. Additionally, for 1 m and bias currents lower than 1250 mA, the
performance of both systems was almost the same when using 64-QAM subcarrier mapping.
At a 4 m link distance, the CE-OFDM outperforms conventional OFDM across all evaluated

currents, especially at high currents where LED-nonlinearities are more pronounced.
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Figure 3.4. (a) Variation of EVM over the LED bias current I3;,s across a VLC link of 1 m, for both
OFDM and CE-OFDM VLC systems. (b) The variation for a VLC link of 4 m.

The results shown in Figure 3.4 (a) suggest that for all addressed modulation schemes, the
bias currents between 1000 < [p;,s < 1250 mA can be employed for performance enhancement
purposes. However, according to the measurement shown in Figure 3.4 (b), obtained with a
VLC link of 4 m, we choose I;,s = 1000 mA, even knowing that this value represents the

current limit (/;;,s = 1000 mA) suggested by the manufacturer [134].

3.5.3. System Performance at Different Link Lengths

Based on the assessed optimum values of 27h and Iy;,s, we performed a further compar-
ison between the two multicarrier modulation schemes by varying the transmission distance.
Corresponding results, shown in Figure 3.5, demonstrate that in almost all considered distances
and subcarrier modulations, the proposed modulation scheme outperforms the OFDM-based
system, due to the low PAPR provided by its CE-OFDM signals. In VLC links below 1 m, the
performances of both multicarrier systems are impacted by signal saturation registered in the
optical reception [19], [93]. This effect is overcome only with the CE-OFDM based system

when 4-QAM is employed as subcarrier mapping.
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Figure 3.5. EVM versus link lengths, considering Iy;,s = 1000 mA, for (a) CE-OFDM and (b) OFDM
signals. The insets show 4-QAM constellations measured at VLC links of 2 m and 8 m.

The results presented in Figure 3.5 show that at 2 m both systems have good performances
with all considered modulation formats. When 4-QAM is used as subcarrier mapping, the
OFDM-based VLC system achieved an EVM around 4.9%, whereas the system with constant-
envelope signals reaches 2.6%. This slight performance enhancement is illustrated by the inset

constellation diagrams.

Figure 3.5 also shows that at 6 m, an EVM improvement around 43% was achieved when the
performance of the systems with and without CE-OFDM signals were compared, considering
16-QAM as the modulation scheme. With this subcarrier mapping, the VLC system based on
conventional OFDM achieved poor performances (EVM above the FEC limit) at link distances
greater than 5 m. At VLC links of 8 m, only the CE-OFDM based system with 4-QAM achieved
a good performance, as verified by the EVM values below the correspondent FEC limit shown
in Figure 3.5. The constellation diagrams shown in the insets of Figure 3.5 clearly illustrate
that the CE-OFDM system outperforms the VLC system with conventional OFDM signals at
the link length of 8 m. This is explained by the tolerance of the CE-OFDM based system to the
nonlinearity introduced by the employed LED (see P — I curve depicted in Figure 3.2). It is
straightforward to notice that when the LED is biased with [;,s > 1000 mA, the modulating
signals with higher values of PAPR are more impacted by clipping. Therefore, it can be con-
cluded that, due to the low PAPR signals, the CE-OFDM based system outperforms the VLC
system based on conventional OFDM at the higher link distances. When 64-QAM is used as
the modulation scheme, the system with constant-envelope signals achieved 5 m, against the
2 m reached by the OFDM based system.
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Considering the FEC limits, Figure 3.6 and Table 3.3 show the maximum throughput achieved
in each link distance. At the distances of 0.5, 7, and 8 m, only the CE-OFDM based system per-
formed below the FEC limit. In these scenarios, throughputs around 4.75 Mb/s were achieved
with 4-QAM as subcarrier mapping. At 1 and 2 m, both systems achieved a maximum data
rate of 14.26 Mb/s using 64 as QAM modulation order. From 3 to 5 m, the CE-OFDM reached
14.26 Mb/s against the 9.51 Mb/s (with 16-QAM) of the OFDM-based system. At the link
length of 6 m, 9.51 Mb/s and 4.75 Mb/s were reached by CE-OFDM and OFDM, respectively.
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Figure 3.6. Throughput versus link length.

The above-described results show that VLC systems with CE-OFDM signals outperform the
systems without such a phase modulation scheme, especially in relatively long links. This is
attributed to the provided low PAPR signals that enhance the tolerance against system nonlin-

earities, as well as the signal-to-noise ratio reductions registered at long distances.

3.6. Conclusions

A PAPR reduction technique based on electrical constant-envelope OFDM signals was im-
plemented in a VLC system. CE-OFDM modulation improves the tolerance to noises and non-
linearities introduced by LEDs and, as a consequence, provides power efficiency and transmis-
sion distance enlargements. The impact of the phase modulation index was investigated, and
the experimental results showed its dependence on subcarrier modulation levels. A performance
comparison between VLC systems with and without constant-envelope signals was conducted

based on measured variations of the error vector magnitude. Experimental results show that
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Table 3.3. Maximum throughput for OFDM and CE-OFDM at different distances.
Distance CE-OFDM Throughput OFDM Throughput

0.5 m 4.75 Mb/s -
1m 14.26 Mb/s 14.26 Mb/s
2m 14.26 Mb/s 14.26 Mb/s
3m 14.26 Mb/s 9.51 Mb/s
4m 14.26 Mb/s 9.51 Mb/s
dm 14.26 Mb/s 9.51 Mb/s
6 m 9.51 Mb/s 4.75 Mb/s
7m 4.75 Mb/s -
8 m 4.75 Mb/s -

the system with CE-OFDM signals outperforms the OFDM-based system, notably at the high

values of the bias current (nonlinear region of the LED).

The power efficiency provided by the signals with a PAPR of 3 dB contributed to a constant
EVM improvement for almost all link lengths considered. At short link lengths, where signal
saturation is predominant at the receiver, EVM improved by 52.6% when applying CE-OFDM
with 4-QAM as the modulation scheme. At longer distances, EVM improvements of about 54%
and 43% were still observed with 4-QAM at 8 m and 16-QAM at 6 m, respectively, mainly due
to the tolerance to nonlinearity assured by constant-envelope signals.

Optimization of parameters such as optical and phase modulation indexes, LED bias cur-
rent, and amplitude of the modulating signals using optimization algorithms are part of our
future work, aiming at power and spectral efficiency enhancements. Before the application of
the evaluated solution in practical industrial scenarios, we should conduct performance evalu-
ations of CE-OFDM based VLC systems in non-line-of-sight channels, as well as in multiple

transmitter environments, in order to analyze the impact of handover.






CHAPTER 4.

Experimental and Numerical Performance
Evaluations of the VLC Systems

4.1. Introduction

The VLC mathematical models described in Section 2.1.1 are widely applied in the literature
for evaluation of modulation schemes [135], handover strategies [33], vehicular applications
[136], parameters optimization [44], as well as assessments of power and spectral efficiencies
[137]. In [44] we proposed a “timid” digital twin in which the mathematical models are closely
aligned with an actual experimental setup. This digital twin approach facilitates the use of
metaheuristics to optimize parameters such as bias current, signal amplitude, and guard band
within the simulation environment. Hence, this Chapter examines the effects of bias current and
communication signal amplitude on the performance of a SISO VLC system across lateral and
horizontal displacements [138]. Analyzing these parameters is crucial to optimizing system
efficiency and performance. This Chapter also evaluates the effectiveness of the numerical
models in replicating the SISO and MISO experimental scenarios. At a height of 150 cm,
the SISO models achieved an EVM Root Mean Squared Error (RMSE) of 0.36%, while the
MISO configuration presented EVM RMSEs of 1.37% and 1.65% for transmitters Tx1 and
Tx2, respectively.

Despite the advantages of CE-OFDM for long links and robustness to noise, as discussed
in Chapter 3, OFDM was chosen as the standard modulation scheme for 5G networks [139].
Therefore, we adopt OFDM as the modulation scheme in this and in the following Chapters.
The remainder of this Chapter is structured as follows. Section 4.2 describes the LED assembly
in our transmitter and its characteristics. The evaluations of a SISO setup are presented in
Section 4.3. In Section 4.4, the evaluations of the simulation model replicating the real SISO

and MISO experimental setups are presented. Finally, Section 4.5 summarizes the conclusions.

4.2. LED Characterization

Since this work considers both environmental illuminance and connectivity, we selected the
low-cost commercial Chip-on-board (CoB) CREE CXA1507 5000K LED, which can reach
13.5 W. Figure 4.1 shows the mounted LED in a heat sink for thermal management. The

transmitter setup also includes an SMA connector to receive the signal input, which is directly
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connected to the LED, a ball head for fine adjustments, a bubble level for precise alignment

feedback, and support for lenses.

Figure 4.1. Mounted LED.

The optical spectrum reveals the radiant intensity of the LED across various wavelengths.
Figure 4.2 (a) shows the optical spectrum of the selected LED, highlighting two distinct peaks
in radiant intensity. The first peak occurs in the blue light range, between 450 and 470 nm,
while the second peak appears between 495 and 570 nm. Figure 4.2 (b) illustrates the mea-
sured voltage-current (V-I) curve of the CREE CXA1507 LED. The measurement includes the
effect of the cable running from the power supply to the LED’s SMA connection, as shown in
Figure 4.1. The current was controlled by the power supply, varying between 50 and 450 mA.
Figure 4.2 (c) shows the illuminance curves measured as a function of the LED bias current. The
measurements were taken at various distances using a portable luxmeter (THDL-400 model),

aligned with the LED. The curves reveal a slight non-linearity as the current increases.

4.3. Experimental Setup of the SISO VLC System

Figure 4.3 presents the block diagram of the SISO experimental setup, designed to evaluate
the performance of the VLC system and its components. The signals are generated in Matlab
and loaded into a Tektronix MDO3012 oscilloscope, used as an AFG and digital-to-analog
converter. These analog signals are then amplified by a Juntek DPA-2698 amplifier, providing a
gain of 6 dB. To ensure non-negative amplitudes for the CXA1507 LED, the amplified signals
are combined with the bias current using a Bias-Tee Picosecond Pulse Labs model 5575A.
The analog signals, received by the commercial Hyperion VLC receiver [140] illustrated in
Figure 4.4 (a), are converted back to digital form by the MDO3012, after which the signals are

processed offline using Matlab. Figure 4.4 (b) illustrates the system’s link frequency response.

To evaluate communication performance, we transmitted 5G New Radio (NR) signals with
a bandwidth of 1 MHz using the above-mentioned SISO VLC system. The central frequency of

the signals was set to 0.75 MHz, as it lies within a flat region of the link’s frequency response
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Figure 4.2. Results of the CREE CXA1507 LED characterization. (a) Measured relative power spectral
distribution. (b) Measured current-voltage curve. (c¢) Measured current-lux curve.

(see Figure 4.4 (b)). The NR signals consist of 42 data subcarriers, multiplexed using a 128-
point FFT, with 4-QAM applied for subcarrier mapping. Given a subcarrier spacing of 15 kHz,
the total bandwidth is approximately 1 MHz. A cyclic prefix of 16 samples was added at the
beginning of each NR signal to mitigate intersymbol interference.

Aiming at the evaluation of the impact of bias current, signal amplitude, and link distance
on the VLC system, we perform tests varying the bias current (/y,;,s) from 100 mA to 300 mA,
the AFG output (V},,) from 500 mV to 4000 mV, and the height from 50 cm to 250 cm. The test
scenario considers the SISO system with the transmitter centered in a 2-meter straight trajectory
(from A to B) followed by the receiver considering steps of 25 cm (see the 2D representation
depicted in Figure 4.5).

Figure 4.6 shows the results for an AFG output of 500 mV and bias currents of 100, 200
and 300 mA. Considering [y, = 100 mA and a link height of 50 cm, the results demonstrated
high EVM at distances before 0.5 and beyond 1.5 m, due to the edges around the LED of the
transmitter (see Figure 4.1), which limited the FOV. In Figure 4.6 (b), at 50 cm, the system
presented saturation at all intermediate points, except for 0.5 and 1.5 m, due to the bias current
of 200 mA, which provided higher light intensity at the receiver. In Figure 4.6 (c), where the bias
current is even higher (300 mA), saturation is observed across all midpoint distances. At other
link heights, saturation was not observed; however, only the links between 0.25 and 1.75 m,
and from 0.75 to 1.25 m presented EVM values below the 4-QAM FEC limit (17.4%) for link

heights of 100 cm and 150 cm, respectively. Additionally, performance remained stable as the
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Figure 4.3. Experimental setup of the evaluated SISO system. DC: Direct Current; Amp: Amplifier.
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Figure 4.4. (a) Hyperion VLC receiver. (b) The link frequency response.

bias current increased, indicating that the LED did not reach its non-linear operating region.

Despite the FOV limitation for the height of 50 cm, this link shows slight saturation at the
midpoint in Figure 4.7 (a), due to increased light reception from the higher AFG output. In
Figure 4.7 (b), saturation is also observed along the x-axis coordinates between 0.5 and 1.5.
For I,;,s equal to 300 mA, the 50 cm link exhibits saturation across all FOV points for the same
reason. Again, the system performance remains stable when the bias current is increased within
the LED linear region. However, compared to V},, = 500 mV, V,;, set as 1000 mV improves the
overall performance across all cases. For instance, at the height of 150 cm, the EVM decreases
from approximately 17% to 8% at the midpoint. Similarly, at the height of 200 cm, the EVM
drops from around 25% to 13% at the midpoint. Considering performance under the 4-QAM
FEC limit along the trajectory, this configuration is feasible only at 100 cm and 150 cm heights.

As expected, the performance at the height of 50 cm, shown in Figure 4.8, decreases as the

saturation increases due to the higher V,,. However, Figure 4.8 also indicates stable perfor-
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Figure 4.5. 2D schematic view of the experimental scenario.
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Figure 4.6. Lateral displacement performance evaluation: (a) Ipjss = 100 mA and V,, = 500 mV; (b)
Ivias = 200 mA and V,,p = 500 mV; (¢) Ipias = 300 mA and V;,, = 500 mV.

mance when the bias current increases. The overall performance improves for the heights of
100, 150, 200, and 250 cm, especially at longer distances. This configuration proved to be a
suitable choice, delivering performance below the 4-QAM FEC limit threshold in all cases ex-
cept for the 50 cm height. Compared to the previous configuration (V;,, = 1000 mV), the EVM
at the midpoint for 100 cm improved from approximately 4% to 3%, while at 250 cm, EVM
dropped significantly from around 20% to 10%.

Figure 4.9 depicts saturation for 50 and 100 cm links as they received more light intensity
due to the V},, = 3000 mV. Despite the saturation for 100 cm, it maintained the performance
under the FEC limit along the trajectory for all configurations. However, it is not a reliable
parametrization for 100 cm height. For heights of 150, 200, and 250 cm, there is a slight
performance improvement along the trajectory compared to the previous configuration (V;, =
2000 mV), where the FEC limit was also respected. Additionally, increases in bias current did

not enhance the performance of non-saturated links.

As the light intensity increased with the higher V},, = 4000 mV, the performances at the 50
cm and 100 cm link distances declined due to higher saturation, as verified in Figure 4.10. For
the other heights, performance remained stable for bias currents of 200 and 300 mA. However,
at a bias current of 100 mA, the performances were slightly worse than with 200 or 300 mA,
as the higher AFG output (4000 mV) leads the LED to operate in the cutoff region during
certain negative peaks of the transmitted signal. Additionally, compared to the V},, = 3000 mV
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Figure 4.7. Lateral displacement performance evaluation: (a) Ipjas = 100 mA and V},, = 1000 mV; (b)
Tyias = 200 mA and V},, = 1000 mV; (¢) Ipias = 300 mA and V},, = 1000 mV.
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Figure 4.8. Lateral displacement performance evaluation for link distances with the following parame-
ters: (a) Ipias = 100 mA and V},, = 2000 mV; (b) Ipias = 200 mA and V},, = 2000 mV; (c)
Ivias = 300 mA and V},, = 2000 mV.

configuration, the setup with V,, = 4000 mV showed a slight overall performance improvement,

with EVM decreasing from approximately 7% to 5% at a height of 250 cm.

4.4. Experimental and Simulation Matching

To develop a simulation model of our experimental setup that facilitates future testing of
optimizations, modulation schemes, and other improvements, we applied the VLC modeling
described in Section 2.1.1, aiming at a match between the experimental and numerical results.
To fit the measured LED current-lux curve obtained at 30 cm, shown in Figure 4.2 (c), with

the mathematical equation Eq. 2.1, we introduced a gain factor () in order to address the high
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Figure 4.9. Lateral displacement performance evaluation for link distances with the following parame-
ters: (a) Ipias = 100 mA and V},, = 3000 mV; (b) Ipias = 200 mA and V},, = 3000 mV; (c)
Iyias = 300 mA and V},, = 3000 mV.
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Figure 4.10. Lateral displacement performance evaluation for: (a) Ipiss = 100 mA and V,, = 4000
mV; (b) Ipias = 200 mA and Vp,, = 4000 mV; (¢) Ipias = 300 mA and V,,, = 4000 mV.

illuminance values in the current-lux curve. The modified equation is as follows:

Iin
Lout(t) = 5 (t) 1o (41)

2k | 2k
Iin(t)
< (22)']

where the constants 3, (, L., and k were set to 8.444, 0.539, 3276, and 0.413, respectively.

These values were defined by a curve-fitting process to approximate the set of data points by
finding the most suitable parameter values. Figure 4.11 illustrates the matching for a link dis-

tance of 30 cm.

Based on the performance evaluation of the setup configurations described in Section 4.3, it
can be concluded that the configuration with Iy,;,; = 100 mA and V},, = 2000 mV demonstrated
performance below the FEC limit for all heights except 50 cm while consuming less power than

the other configurations. Therefore, we selected this configuration. Moreover, to estimate the
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Figure 4.11. Measured current-lux curve for 30 cm and the LED model.

current provided by the communication signal, a sine wave of 1 MHz was generated in the AFG
with 1}, = 2000 mV, resulting in a peak-to-peak voltage of 3.28 V across the LED, supplied
by the amplifier. The current contribution of Vi.4(¢) was then estimated using the curve shown
in Figure 4.2 (b). The simulation system’s noise level was set to —86 dBm to match the perfor-
mance of the simulation with that of the experimental setup. This noise level was empirically
estimated by selecting the experimental EVM value at the central position for the configuration
with Iy, = 100 mA, Vi, = 2000 mV, and 100 cm height, and replicating this in the sim-
ulation environment under equivalent conditions. Thereafter, the simulation noise value was
manually chosen to achieve a simulation EVM similar to the experimental EVM. The OFDM
parameters described in Section 4.3 were applied to evaluate the SISO and MIMO simulation
scenarios. Additionally, the transmitter and receiver simulation parameters were selected from

the experimental setup described in Section 4.3. These parameters are summarized in Table 4.1.

Table 4.1. System parameters.

Parameter Value

LED semi-angle half power (9 /2) 60 Degree

Transmitter LED bias current (Lp;,s) 100 mA
AFG output (V) 2000 mV
Optical filter gain (75) 1
. PD responsivity (1) 0.6 A/W
Receiver PD area (A,) 2.5 x 107° m?
PD field of view (V,) 60 Degree

4.4.1. Evaluated SISO VLC System

The SISO simulation system follows equations described in Section 2.1.1 as well as the setup

characteristics illustrated in Figure 4.3 and 4.5. Performance results for the experimental and
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simulation scenarios are shown in Figure 4.12. Heights of 100, 150, 200, and 250 cm achieved
RMSE values of 0.22%, 0.36%, 1.09%, and 1.43%, respectively. These errors are attributed
to the non-linear characteristics of communication systems, such as link frequency response,
which were not implemented in the simulation for simplicity. However, as the simulation en-
vironment produced small and satisfactory errors compared with the experimental setup, the
simulation model effectively replicates a real VLC system. It is also observed that RMSE in-
creases with height, with the lowest error at 100 cm, since noise calibration was performed at
this height.
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Figure 4.12. Experimental and simulation performance evaluations for the SISO systems at heights of:
(a) 100, (b) 150, (c) 200, and (d) 250 cm.

4.4.2. Evaluated MISO VLC System

For the MISO system configuration, we implemented a setup with two transmitters, as il-
lustrated in Figure 4.13 (a) and (b). The test trajectory follows the same path as in the SISO
setup; however, with the transmitters positioned as shown in Figure 4.13 (c). For this scenario,
we applied a frequency diversity approach, sending the same signal from both transmitters us-
ing different central frequencies. We used the same OFDM parametrization of SISO; however,
setting the central frequencies equal to 0.75 and 1.75 MHz for Tx1 and Tx2, respectively. Con-
sidering the frequency response illustrated in Figure 4.4, Tx2 will experience more attenuation
than Tx1. Therefore, we set a higher AFG output (V,,, = 3100 mV) for Tx2 to achieve an
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equivalent performance at the midpoint (z = 1) with the height of 150 cm. For Tx1, the V,,

was set as 2000 mV as in SISO, and both transmitter’s bias currents were set as 100 mA.

—
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e *—)
1.0 15 20 x(m

Figure 4.13. Experimental setup of the evaluated SISO system. DC: Direct Current; Amp: Amplifier.
(a) setup picture; (b) configuration diagram; and (c) 2D evaluation scenario.

Figure 4.14 illustrates the performance comparisons of the MISO systems at heights of 100,
150, 200, and 250 cm. At 100 cm, the receiver experienced greater horizontal distances than
in the SISO scenario, receiving poor signals in points outside the FOV that degrade the per-
formance, resulting in RMSEs of 37.63% and 34.09% for Tx1 and Tx2, respectively, when
comparing experimental with simulation results. For a height of 150 cm, where all trajectory
points remained within the FOV, lower RMSEs of 1.37% and 1.65% were achieved by Tx1
and Tx2, respectively. At 200 cm, Tx1 and Tx2 presented RMSEs of 2.72% and 4.32%, and at
250 cm, they achieved RMSEs of 3.24% and 5.09%, respectively. Excepting 100 cm, the sim-
ulation demonstrated satisfactory RMSEs, particularly at 150 cm, thus supporting the model’s
applicability.

Compared to the SISO scenario, this setup exhibited higher RMSEs due to the receiver’s
increased horizontal displacement. Additionally, interference between transmitters further con-
tributed to these RMSE values. In general, Tx2 exhibited higher EVM and RMSE than Tx1 due
to its central frequency, which falls within a non-linear region of the link’s frequency response
(see Figure 4.4).

4.5. Conclusions

This Chapter evaluated the impact of bias current and communication signal amplitude on
the performance of a SISO setup. Additionally, a simulation model matching with a SISO and
MISO setup was also exploited. From the obtained results, we could conclude that, when the

communication signal operates within the linear region and the receiver remains unsaturated, the
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Figure 4.14. MISO performance comparison for links of: (a) 100, (b) 150, (c) 200, and (d) 250 cm.

bias current (/p;,s) has minimal impact on system performance. However, a low bias current can
lead part of the communication signal into the LED cutoff region, while a high bias current may
cause receiver saturation and lead the signal to the non-linear region, degrading performance.
The amplitude of the communication signal (V},,) also affects saturation and linearity; however,
higher amplitudes generally improve performance when the system operates unsaturated and in
the linear range. Therefore, optimal performance requires jointly tuning V,,, and Iy, rather than
adjusting them independently. Disregarding the height of 50 cm, the optimal EVM within the
FEC limit across the trajectory was achieved with V},, = 2000 mV and a bias current of 100,
200, or 300 mA. The bias current choice could balance energy savings (100 mA) and higher

ambient illumination (300 mA).

The simulation model demonstrated satisfactory approximation with the real setup. For the
SISO configuration, the RMSE of the simulation model compared to the experimental EVM
was 0.22%, 0.36%, 1.09%, and 1.43% at heights of 100, 150, 200, and 250 cm, respectively. At
a height of 100 cm in the MISO setup, RMSE values for Tx1 and Tx2 were higher at 37.63% and
34.09% due to partial trajectory loss outside the FOV. However, across the entire trajectory, it is
possible to maintain performance under the FEC limit with at least one transmitter, highlighting
the necessity of a handover mechanism. The lowest MISO RMSE values occurred at 150 cm,
with Tx1 and Tx2 errors of 1.37% and 1.65%, respectively. At 200 cm and 250 cm, Tx1 had
RMSEs of 2.72%, 4.32% and Tx2 achieved 3.24%, and 5.09%, respectively. These low RMSE
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values affirm the simulation model’s reliability, suggesting it as a robust tool for testing new

algorithms, optimization techniques, modulation schemes, and educational applications.



CHAPTER 5.

Al-Driven Enhancements for Handover in
Visible Light Communication Systems

5.1. Introduction

Al techniques have demonstrated considerable potential for handover improvements in VLC
applications. This potential was exemplified in the studies conducted by Wu et al. [141] and
Wang et al. [142], in which Reinforcement Learning (RL) was applied to optimize handovers
in a hybrid, or Heterogeneous Network (HetNet), with optical and RF links, minimizing overall
latency while maintaining a target throughput. Additionally, Wu et al. [141] implemented a
RNN based on LSTM to predict outage events and enhance the RL algorithm’s performance.
More recently, the authors of [143] described a classification model used to predict the type of
user’s trajectory and assist a reinforcement learning model to make handover decisions that can

dynamically adapt to new network conditions.

A handover scheme for HetNet was presented in [144], considering a coefficient that defines
the selection preference between Light Fidelity (LiFi) and wireless fidelity WiFi. The Authors
implemented a machine learning algorithm to define the coefficient based on the user’s speed,
the distance between the two nearest LiFi APs, the height of LiFi APs, and the number of LiFi
APs per WiFi access point. Ma et al. [145] developed a neural network-based handover scheme
that uses channel quality, user movement, and device orientation to classify the moment of
handover between LiFi and WiFi. It is worth commenting that the above-commented works do
not employ optimization algorithms adapted to specific problem requirements alongside time

series ML classifiers to minimize handovers, which is one of the focuses of this thesis.

As frequent handovers can significantly impact the performance of mobile VLC links, this
Chapter’s contribution relies on the investigation of a Modified Genetic Algorithm (MGA) ap-
proach combining time series ML classifiers to minimize the number of handovers. The ap-
proach is based on a Digital Twin (DT) VLC system, which has been validated in our previous
studies [44] and [45]. The performance of the proposed handover scheme was evaluated in a
simulated environment comprising 18 APs and a single mobile receiver. Moreover, the proposed
scheme increases the overall performance of the system by considering the receiver trajectories
and FEC limit to minimize the number of handovers. More specifically, the contributions of

this Chapter are described as follows:

51



52 5. Al-Driven Enhancements for Handover in Visible Light Communication Systems

formulation of a handover optimization problem and application of a modified GA for the

demanded specifications;

* application of time series ML classifiers for predicting the endpoint of the mobile receiver

based on its trajectory;

a further analysis on the impact of overlapping trajectories in endpoint forecasting;

* evaluation of the performance of the proposed handover scheme, comparing results with

a power-based scheme.

The remainder of this Chapter is structured as follows. Experimental platforms are presented
in Section 5.2. Section 5.3 describes the handover simulation environment applied in this Chap-
ter. The handover optimization procedure is presented in Section 5.4. The data processing and
machine learning algorithms are detailed in Section 5.5 and 5.6, respectively. The results and
discussions are presented in Section 5.7. Finally, the conclusion remarks are provided in Section
5.8.

5.2. Experimental Platforms for Digital Twin and Handover
Evaluations

5.2.1. The Validated VLC Digital Twin: Preliminary Results

A DT is a virtual representation of a physical entity, system, or process that is capable of
combining real-time data with computer models to simulate and analyze the physical entity in
a virtual environment [146]. The development of the VLC digital twin used as a basis in this
work was divided into three parts, according to concepts presented in [147]: the modeling of the
SISO VLC setup components, the tuning of its parameters according to manufacturer datasheet
or characterizations, and the validation of the overall model according to the experiment. Ac-
cordingly, experiments in a real setup (physical asset) were conducted to provide the input data

to predict performance over different configurations, as reported in [44] and [45].

Figure 4, described in [45], depicts the experimental setup used to evaluate performances.
As a physical object, it allows bias current tuning to assure LED operation in the linear region
of the electric-optical conversion. An AFG was employed to deliver the 5 MHz modulating
electrical signals, configured according to the 5G NR recommendations [139]. The discrepancy
between the performances was determined by the RMSE in order to identify an optimum noise
power, i.e., the minimum value of RMSE. After the calibration, the noise power for the DT was
set to N = —165 dBm for the minimal RMSE of 0.70% (see Figure 5.1 (a)). Further details
of the experimental proof-of-concept can be found in Section II-B of [45]. Figure 5.1 shows
the performance assurance between the experimental and the simulation results for various link
lengths and bias currents. The simulation results were obtained with the simulator illustrated in

Figure 2 of [45] implemented using Matlab. The linear optic-electrical conversion region was
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considered in order to establish a simulation model of the setup denominated as digital twin
in [45]. The low RMSE shown in Figure 5.1 validated the DT.
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Figure 5.1. Error vector magnitude metric [1] for the experimental (blue diamonds) and simulation
model (red circles).

5.2.2. Experimental Setups for Handover Validation

To demonstrate the feasibility of the handover procedure proposed in this Chapter, we de-
signed the experimental apparatus depicted in Figure 5.2 (a) and Figure 5.3 (a). The main
objective was to evaluate the performance of a handover strategy based on frequency diversity.
The physical assets depicted in Figure 5.2 (a) and Figure 5.3 (a) consist of three and four VLC
transmitters, respectively, positioned at a height of 1.5 m from the mobile receiver. The ana-
log signals available at the AFG outputs were amplified and superimposed onto bias currents,
aiming to provide non-negative waveforms as illustrated in Figure 5.2 (b) and Figure 5.3 (b).
Each transmitter was equipped with a CREE CXA1507 white CoB LED as described in Sec-
tion 4.2. With the Hyperion LiFi receiver [140], we measured the frequency responses shown

in Figure 5.4 and 5.5 for both setup scenarios.

Figure 5.2. (a) Handover frequency diversity setup with three transmitters and (b) its block diagram.



54 5. Al-Driven Enhancements for Handover in Visible Light Communication Systems

Figure 5.3. (a) Handover frequency diversity setup with four transmitters and (b) its block diagram.
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Figure 5.4. Frequency responses of the three-transmitters scenario links.

The frequency diversity was exploited by transmitting the same 5G NR signal (1 MHz of
bandwidth) in central frequencies equal to 0.75, 1.50, 2.25, and 3.00 MHz for Tx1, Tx2, Tx3,
and Tx4, respectively, across both scenarios. To address the increased attenuation observed
in links Tx2-Rx, Tx3-Rx, and Tx4-Rx due to their respective higher central frequencies, we
adjusted the output amplitude (V},,) of the AFG for each link, providing additional power to
the links with greater attenuation. In the three-transmitter setup, we configured [;,s at 100 mA
for Tx1, Tx2, and Tx3, with V},, values set at 0.85 V, 1.10 V, and 1.22 V, respectively. In the
four-transmitter scenario, V,,, for Tx1, Tx2, Tx3, and Tx4 was set at 0.70 V, 1.30 V, 2.20 V, and
3.50 V, respectively. As indicated in Section 4.3, Tx4’s higher V},, required an increased bias

current, which we set to 200 mA for all transmitters of this scenario to enable a fair comparison.

It is important to mention that these parameters were not selected to maximize performance,
as a single transmitter would be enough to cover our limited physical areas without the need for
handovers. Instead, the parameter values were empirically chosen to limit coverage to specific

areas, creating the need for handovers within our test environment.
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Figure 5.5. Frequency responses of the four-transmitters scenario links.

5.3. Handover Simulation Environment

In this thesis, we present an extension of the previous work, described in Section 5.2.1,
from the SISO DT system to a MISO simulation system implemented using Matlab and the
VLC analytical model described in Section 2.1.1. The goal of this extension is to enable the
assessment of handover schemes. The new scenario was inspired by a real research laboratory

where some trajectories share part of the path.

This scenario was inspired by our research laboratory illustrated in Figure 5.6, comprising
18 APs, equally spaced by 2 m, and a receiver located at a height of 2 m from the AP. Figure 5.7
depicts a 2-dimensional (2D) representation of the scenario illustrating the coverage area of the
APs. Considering a height of 2 meters and a FOV ¥, = 60°, each AP has a coverage radius
of approximately 2.38 meters. Additionally, the figure shows the trajectories that the receiver
follows to accomplish its tasks in the scenario, which includes four Workstations (WS). As the
representation of a trajectory is a spatio-temporal simulation problem, data for each trajectory
was generated based on a 2D plane with a sampling rate of 75 samples per second. A summary

of the system parameters can be found in Table 5.1.

Figure 5.8 presents the block diagram of the simulation setup implemented to evaluate the
performance of the proposed handover scheme, where the block Control Unit executes Al al-
gorithms to trigger the handovers. The NR signals are composed of 42 data subcarriers multi-

plexed by a fast Fourier transform of 128 samples, considering 4-QAM as subcarrier mapping.
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Figure 5.6. 3D model of our Research laboratory.
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Figure 5.7. 2D simulation scenario, comprising 18 access points with their coverage, four workstations,
and the trajectories between them.

Thus, for the subcarrier spacing of 15 kHz, the bandwidth (By) is approximately 2 MHz. To
implement a front-end frequency domain multiplexing, the carrier frequency of each AP was
spaced in 5 MHz intervals, starting from 3 MHz. Therefore, the carrier frequencies for the APs
are denoted as [fc,, fey, fesy *  fers) = [3,8,13, -+ ,88] MHz. In order to avoid intersymbol
interference, a cyclic prefix of 16 samples was added to the beginning of each NR signal. Fur-
thermore, the experimental setup adopts a noise model based on the Signal-to-noise Ratio (SNR)

methodology presented in [44], as well as the noise power level specified in Section 5.2.1.

Handover decisions based solely on power margin may cause ping-pong effects, a phe-
nomenon where frequent handovers occur between two APs. To mitigate this effect, the Stan-
dard Handover Scheme (STD) implemented in LTE [148] can be used. The STD triggers a

handover decision when the power of the target AP (F;.r4ct) €Xceeds the power of the host AP
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Table 5.1. System parameters.

Parameter Value
LED semi-angle half power (®y3) 70 Degree
Transmitter LED bias current (/};.s) 500 mA
Optical Modulation Index (OMI) 0.5
Optical filter gain (75) 1
. PD responsivity (R) 0.6 A/W
Receiver PD area (A,) 0.0001 72
PD field of view (V¥.) 50 Degree
Number of receivers 1
Speed of receivers [1,2,3,4,5| m/s
System Number of APs 18
Distance between APs 2m
Height between an AP and the receiver 2m

(Phost) for a period of Time to Trigger (1'1'T"). The STD employs a timer that starts when
Piarget > Phost + 0mom 1s satisfied, where dpon represents the handover power margin. The
timer continues computing as long as the inequality is satisfied, otherwise, the timer is reset.
Once the timer reaches 7771, the handover occurs to transfer the receiver from the host to the
target AP as described in Figure 5.9. In this Chapter, we followed the parametrization described

in [30], where 77T and dpon Were set to be 160 ms and 1 dB, respectively.

5.4. The Handover Optimization Procedure

5.4.1. Problem Formulation, Chromosome Representation and Fitness Function

As frequent handovers can negatively impact system connectivity, we applied a GA to min-
imize the number of handovers in the trajectories depicted in Figure 5.7. The GA, described
in Section 2.3.1, will minimize the handovers for all trajectories, considering the EVM perfor-
mances of all APs in each position of a trajectory. Afterward, considering the time consumed
by the optimization process, the optimized data will be saved in a database, aiming at quick
data access. Thus, knowing the current position of the receiver and its trajectory, it is possible

to select, from the database, the AP it should connect.

The optimization algorithm considers one trajectory at a time, where the chromosome data

structure containing the handover information, with a didactic example, is defined as follows:
g_ Trajectory Positions \ [ 1 50 68
AP Indexes 2 5 8 |

As described in Section 5.3, trajectory data is represented by a 2D discrete array of coordi-



58 5. Al-Driven Enhancements for Handover in Visible Light Communication Systems

Access Point 1

Modulation LED Channel
—»%—»-—»Q—» ® R
g > BPF « W h g
S ofe >\‘-> > ff;] bias [{(),
e FRE Pm
¥ 72 entra
*é:’ - I E 2727 Uunit Access Point n
A= ' g l | < Modulation LED  Channel ]
NEON- IR —»%—» P F——®
jf;,, BPF ¢ bias I_[()n
«F € <« <« <
s g N e <« &
8 “E«gTe «@ Demod. Noise DC filter Photodiode
e N > E Pg 1N C|_\4 /Ay ()
2 A~ ER - ‘ %‘ I, ; (O )<
=) : BPF
S g S Je @ K

A

!
A
A
A
A

Figure 5.8. Block diagram of the OFDM-based VLC system.
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Figure 5.9. The STD handover scheme.

nate tuples, where position information can be accessed using an index. The chromosome’s first
row contains the indexes of the trajectory where the host connections begin, while the second
row represents the AP host indexes defined in Figure 5.7. In the didactic example above, the
receiver starts at position 1 of the trajectory, connecting with AP 2. At position 50, a handover
occurs from AP 2 to 5, followed by another handover from AP 5 to 8 at position 68.

The chromosome’s size is modeled based on the number of handovers that occur in the STD
scheme. We assume that the GA cannot have more handovers than the STD, and therefore, we
use a fixed-size approach to simplify the GA implementation. The example below illustrates

how the GA can reduce the number of handovers in this data structure, using the optimization

1 64 78
Soptimized =
2 6 6

of the previous example S.
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Here, the receiver starts connecting with AP 2 and then changes to AP 6 at position 64. At
position 78, the AP index remains the same as the previous position, which is not counted as an
exchange. Thus, the GA reduced one handover in this trajectory. The total number of handovers

(Nuo) of a chromosome along a trajectory is calculated by

N-1
Nuo = Y _ f(8(2,n),8(2,n+1)), (5.1)
n=1

where S is a chromosome, N is the number of columns of .S, and f is defined as:

Flan, ) = { L itz 7 2, (5.2)

0, lfl’l = T3

In this optimization process, both the number of handovers and the system’s performance are
crucial factors. Therefore, to consider system performance on the fitness evaluation, a penalty
factor (a,) was defined to sum 1000 for each position of the trajectory where the EVM exceeds
the 4-QAM FEC threshold. The penalty is represented as follows:

M
ap = Y C(EVM(n)) x 1000, (5.3)

n=1
where M denotes the total number of positions in the trajectory, EV M (n) is the EVM at the

n-th position of the trajectory, and

1, ifEVM(n) > 17.4%
C(EVM(n)) = (5.4)

0, otherwise.

Therefore, the objective is to minimize the fitness function expressed by

FF = Nyo + ay. (5.5)

Thus, a chromosome with 1 handover and 5 trajectory positions with EVMs above the FEC
limit results in a fitness value of 5001, according to Eq. (5.5) and using the penalty provided by
Eq. (5.3). However, a chromosome with 3 handovers and all positions with EVMs under the
FEC limit will probably be selected to compose the next generation due to a fitness value equal

to 3, despite the highest number of handovers.

5.4.2. Evolution Procedure of the Applied GA

The roulette wheel selection strategy was chosen for this optimization, which associates a

probability of selection with the fitness level. In this case, the probability of an individual
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being chosen is greater if its fitness level is smaller. Following selection, the crossover operator
generates offspring by combining the genes of different individuals. The crossover operator
utilized in this study is based on the single-point crossover strategy, where a crossover point is
randomly chosen and the submatrices are exchanged, as shown in Figure 5.10. It is noteworthy
that one of the offspring chromosomes is not sorted by trajectory position. The GA implemented
in this study utilizes unsorted chromosomes to facilitate the crossover and mutation process.

However, the fitness process sorts the chromosome before its evaluation to apply Eq. 5.1.

Parent chromosomes Offspring chromosomes

15562 83 1 55045 93

2 64 6 2 614 8

12045 93 120162 83

2 3:4 8 2 3.4 6
v !

Crossover point

Figure 5.10. Single-point crossover strategy exemplification.

In this Chapter, the conventional GA mutation process was modified to enhance the op-
timization results for the problem described above. For the chromosome structure presented,
the conventional mutation randomly selects one of the columns and changes its values randomly
within the allowed range of each variable. In the modified mutation proposed, we also randomly
choose one column and a position in the allowed range. However, the AP index is set to the
value of the previous AP, which reduces the number of handovers as the AP index is repeated.
The new mutation procedure is described in Algorithm 5.1, where var M ax and var Min rep-
resent the range within which a position can be defined, M .S is the mutated chromosome, and

14 1s the mutation rate.

Algorithm 5.1. Modified mutation procedure

Input: S,varMax,varMin, u
Output: MS
1: colSize < size(S)

nMutations < ceil(colSize * )

MS < S

while nMutations > 0 do
i < randInt(2, colSize)
MS(1,i) < randInt(min, max)
MS(2,i) + MS(2,i—1)
nMutation < nMutation — 1

end while

return M S

N A U o

._
=

Due to differences with conventional GA, we denominated the proposed heuristic as a MGA.
The MGA parameter settings for the population size and number of iterations were specified

as 150 and 500, respectively. The mutation rate, defined as the probability that any given gene
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in an individual will undergo mutation, was set to 0.02. The mutation percentage was set to
0.5, which indicates the proportion of individuals in the population subjected to mutation in
each generation. Additionally, the crossover percentage, representing the proportion of the

population selected for crossover operations during reproduction, was set to 0.8.

5.5. Data Description and Processing

While real-time orchestration of handover executions is crucial for supporting mobility in
VLC, the previously described optimization process does not provide real-time output, incurring
in significant delays that are not feasible in practical applications. However, after the training
phase that needs to be done offline and only once, ML algorithms can generate predictions
with minimal latency. Therefore, we propose a real-time system that combines handover data
obtained from the MGA optimization with ML predictions of the receiver’s next workstation in

order to create handover decisions.

5.5.1. Modeling the Positioning Error

It is important to mention that, in this work, we assume the existence of a previously imple-
mented localization system, where the positions are given by the simulation environment when
the receiver moves. However, aiming at testing the robustness of the Al models, we applied
errors in the receiver position following an approximation of the errors described in [2]. The
authors of [2] reported a mean accuracy of 0.023 m with a 95th Percentile (P95) equal to 0.035
m. Additionally, the error described by the authors considers the Euclidean distance between
real and estimated positions. However, this approach does not estimate errors for x and y in-
dividually, and it loses the direction of the error vectors. Thus, based on the paper’s statistics,
we create an approximation to generate random errors. First, for both x and y, we consider
a normal distribution with mean (u) equal to zero to generate positive and negative values,
creating errors in all 2D directions. Moreover, the standard deviation (o) was estimated consid-
ering that the P95 of a normal distribution is between —1.960 and 1.960. Thus, we considered
1.960 = 0.035, i.e. 0 ~ 0.018. The normal distribution considering ;x = 0 and o ~ 0.018 are
shown in Figure 5.11 (a).

Figure 5.11 (b) shows the Cumulative Distribution Function (CDF) considering Euclidean
distance errors of our approximation and the CDF described in [2]. The mean, the standard
deviation, and the P95 of our approximation were 0.023, 0.012, and 0.043, respectively, showing

a good approximation with the results obtained in [2].
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Figure 5.11. Error modeling: (a) normal distribution for our error approximation. (b) CDF of our
approximation and reference [2].

5.5.2. Problem Modeling and Real-time Handover System

Data produced by the MGA optimization can inform where the handover should be done by
analyzing the position of the receiver. However, it is also necessary to know which trajectory
the receiver is following, as the optimization was done based on the trajectories. The departure
workstation can be estimated when the receiver starts to move, however, the destination should
be predicted as the handover system does not know this information in advance. To address

this, we applied ML to predict the receiver’s next WS based on the following inputs:

i. the last coordinates [(z,v)o, (z,Yy)1, -+ , (z,y),] of the receiver given by the simulation

scenario;
ii. receiver’s speed *;
ii1. last WS, which is transformed into a binary representation by the one-hot encoder.

The first block of Figure 5.12 shows the inputs of the ML models detailed in Section 5.6.
The length of the input coordinates time series is defined according to the hyperparameter op-
timization of each model. The model output is also one-hot encoded because the formulation
was modeled as a time-series classification problem. After the employment of the ML problem,
the last block uses the predicted WS, the last WS, the current position [(z, y)o], and the MGA
data (MGAD) to select which AP the receiver should be connected.

In some instances, the model’s prediction might be inaccurate or unrealistic for the current
problem modeling. For example, if the receiver’s last WS was 3 and the model predicts its next

WS as 3 again. The handover system bypasses this scenario by applying the STD algorithm.

*This information can be provided by the mobile receiver in, for example, a wireless uplink.
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Figure 5.12. Real-time system architecture to find an access point to connect.

5.5.3. Data Processing

Following the approach described in [45], where the authors generated a dataset of 50 tra-
jectories for a receiver within a three-workstation environment, we generated our dataset based

on the four-workstation scenario depicted in Figure 5.7.

Using the transition probabilities illustrated in Figure 5.13, the receiver begins at a randomly
selected workstation and transitions to the next one based on the corresponding probabilities.
As an example, a receiver starting at WS C can select its next workstation with probabilities
of 80%, 10%, and 10% for WS A, B, and D, respectively. This process is repeated until 100
trajectories are completed, saving the data to form a dataset. Each input feature was individually

normalized to a range between zero and one.

The generated dataset, with 37201 samples, was split into three subsets: training (70%),
validation (15%), and test (15%). However, due to the time-series nature of the data, the subsets
were split sequentially, with the training set representing the first 70 trajectories, the validation

set the next 15 trajectories, and the test set the last 15 trajectories.

Figure 5.13. Schematic view of possible receiver workstation transitions with their probabilities. WS:
Workstation.
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5.6. Machine Learning Algorithms: training and hyperparameters
optimization

As ML models can archive minimal latency in the predictions, we applied Decision Tree,
LSTM, ANN, and TCN, which are described in Section 2.3. The Decision Tree classifier is
used as a benchmark for the other models. Since hybrid neural networks can improve prediction
accuracy [149], we incorporated a fully connected ANN after the output layer of LSTM and
TCN models to improve their performances. Additionally, to address the classification problem,
the activation function of the ANN last layer was set up with Softmax due to its proficiency in

handling classification tasks.

The loss and metric functions for the models were defined as categorical cross-entropy and
accuracy, respectively. Aiming at enhancements in the optimization and training time, an early
stopping was configured to end the training after 10 consecutive epochs with a loss improve-
ment lower than 0.001. Moreover, as manual hyperparameter searching is an inefficient task,
we applied the Optuna framework described in Section 2.3.7 to optimize the models’ hyperpa-
rameters. The framework was configured to perform 200 trials and employed the tree-structured
Parzen estimator sampler algorithm. The objective was to maximize the average accuracy across
the training, validation, and test datasets. The parameter ranges for the ML models optimized

by Optuna are presented in Table 5.2.

5.7. Results and Discussions

5.7.1. MGA Optimization

Table 5.3" shows the average EVM and number of handovers for each trajectory and speed
obtained after the application of STD and MGA strategies. The MGA significantly reduced
the number of handovers for all evaluated trajectories, demonstrating reductions of up to 75%
(D—C with 1 m/s).

Analyzing the EVMs for speeds under 3 m/s, the STD demonstrated lower EVMs than MGA
due to the power-based approach to trigger a handover. This approach provides a better SNR,
increasing the EVM along the trajectory at the cost of increases in the number of handovers.
In contrast, as the MGA considers positioning to trigger a handover, it reduces the number
of handovers by skipping unnecessary handovers. Despite the fact that the MGA approach
increases the EVMs, the algorithm kept the performance under the FEC limit.

When the receiver’s speed increased above 3 m/s, the STD average EVMs increased. This
occurred because the 777"’ parameter is static and does not follow the receiver with a high speed,

which requires the handover decisions to be made more quickly. This effect did not occur with

TA correction to Table III from our publication [150] has been applied in Table 5.3. Specifically, the number
of handovers in both strategies was decreased by one due to a calculation error.
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Table 5.2. Hyperparameter ranges for the ML models

Model Hyperparameter Range
Time-series input length 3to 15
Decision Max. depth of the tree 10, 2‘0, = 1OQ] or None
Tree Max. Features log2’ or ‘sqrt
Min. n. of samples to split [2,5,10]
Min. n. of samples to leaf [1,2,4]
Number of LSTM layers 210 10
Number of LSTM cells 8,16, 32,64, 128, 256]
Batch size (32,64, 128]
Dropout [0.05,0.10, ...,0.25,0.30]
Time-series input length 3to 15
LSTM-ANN Activation function Sigmoid, Tanh
Optimizer Adam, SGD, RMSprop
Number of Dense layers 1toh
Number of Dense neurons [16, 32, 64, 128, 256]
Maximum training epoch 20
Kernel Size 1to8
Number of filters [16, 32, 64, 128]
Dilations [1,2,4,8,16,32,64,128|
Batch size (32,64, 128]
Dropout [0.05,0.10, ...,0.25,0.30]
TCN-ANN Time-series input length 4,8, 16, 32, 64]
Activation function Sigmoid, Tanh
Optimizer Adam, SGD, RMSprop
Number of Dense layers 1toh

Number of Dense neurons [16, 32, 64, 128, 256]
Maximum training epoch 50
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Table 5.3. Results for MGA and STD.

1m/s 2m/s 3 m/s 4 m/s 5 m/s

Traj. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N. of Hand.

STD MGA STD MGA | STD MGA STD MGA | STD MGA STD MGA |STD MGA STD MGA | STD MGA STD MGA
C—D | 141 1.61 3 1 1.48 1.55 3 1 1.51 154 3 1 1.60 1.83 3 1 1.69 1.83 3 1
C—B | 316 4.17 7 3 344 4.7 7 3 3.62 4.49 7 4 3.66 4.43 7 3 3.76  4.10 6 3
C—A | 2.67 3.65 4 2 282 3.95 4 2 2.89 3.76 4 2 4.73 410 5 2 9.23 3.49 4 2
D—C |[1.32 1.53 4 1 1.40 1.52 3 1 141 154 3 1 1.58 1.55 3 1 1.69 1.61 3 1
D—B | 3.21 3.96 10 6 3.08 441 10 4 3.81 3.84 10 5 3.09 4.03 10 6 3.80 3.88 9 6
D—A | 295 321 7 3 2.61 3.61 7 4 3.46 3.59 7 3 2.46 4.09 7 3 3.38 321 6 3
B—C | 3.27 4.30 8 4 3.63 4.67 8 5 3.90 4.16 8 4 3.93 437 8 3 779  4.39 8 3
B—D | 3.00 4.22 11 6 2.96 4.43 11 4 3.56 3.99 11 6 3.20 3.60 11 5 521 3.67 11 8
B—A | 3.95 4.96 3 1 4.47 528 3 1 4.78 5.03 3 1 489 4.81 3 1 5.00 4.67 2 1
A—C | 284 3.73 5 2 3.13  3.96 5 2 3.32  4.08 5 2 3.33 4.12 5 2 749 3.88 5 3
A—D | 2.66 2.68 8 5 244 417 8 4 3.25 313 8 5 2.61 2.86 8 4 499 3.24 8 4
A—B | 394 495 3 1 441 528 3 1 477 528 3 1 4.83 5.13 3 1 497 4.69 2 1

Values highlighted in bold show the best values comparing STD and MGA.

the MGA strategy, as it considers spatial references for the handover decisions. Figure 5.14
shows the results for the trajectory C— A, highlighting this effect, with the STD average EVM
growing from 2.67 to 9.23%. This occurred because the handover decisions took a long time to
be triggered and the receiver crosses areas with low SNR or even outside the FOV, where the
system tries to recover data from the noisy signal. For MGA, the EVMs are almost constant

along the trajectory.

Figure 5.14 also shows that using MGA, a large reduction in the number of handovers was
obtained. The MGA significantly decreases the total number of handovers in all trajectories and
speeds. In some cases, the decrement was around 66.66% (from 3 to 1 handovers), as shown
in the C—D. The average EVMs for STD are predominantly slightly lower than the EVMs for
MGA. However, the EVMs are below the FEC limit as this threshold was set as one of the

optimization constraints.

5.7.2. Model Optimization, Training, and Test

Table 5.4 shows the optimal hyperparameters obtained after the Optuna optimization on
the ML models. Figure 5.15 shows the training and validation accuracy scores reached using
the optimal hyperparameters of the LSTM-ANN and the TCN-ANN. The convergent nature of

these curves suggests that the models were successfully trained without overfitting.

The accuracy and loss scores for the models are presented in Table 5.5. The Decision Tree
showed the best accuracy score for the training dataset, while LSTM-ANN achieved the best
scores for the validation and test datasets. In general, the Decision Tree results present great
results for accuracy, however, the losses for validation and test dataset were high, indicating
a certain level of instability in the model. On the other hand, LSTM-ANN and TCN-ANN
demonstrated more consistent and lower losses, indicating greater stability of these models.
However, they showed accuracy below 90% for the training dataset and over 96% for the test
dataset. This discrepancy can be attributed to the relatively small size of the test dataset, which
can be composed of trajectories where the models have good performances, leading to high

accuracies. More details will be addressed in Section 5.7.3.
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Figure 5.14. MGA and STD handover results for trajectory C—A: (a) the average EVM and (b) the
total number of handovers for each speed.

Considering a scenario in which errors are considered in the positions of the test dataset,
according to the model described in Section 5.5.1, the LSTM-ANN and TCN-ANN models
show great robustness against errors, even though the models were trained with an error-free
dataset. In contrast, the errors impacted the Decision Tree model, showing a higher loss and

lower accuracy.

Table 5.6 presents the cumulative number of handovers across the test dataset for each strat-
egy. Due to its accuracy, the LSTM-ANN outperformed the other models, achieving the most
favorable outcome with 42 handovers. This is represented by a reduction of 42.47%, when
compared to the STD. The Decision Tree and the TCN-ANN models also demonstrated signifi-
cant improvements, showing reductions of 24.66% and 31.51%, respectively. Although the ML
models with MGAD led to slightly higher average EVMs, there is no significant impact on the
system’s performance since all EVMs are below the FEC limit. However, the standard devia-
tion of STD was higher than those provided by the ML models, mainly due to its limitation in
handling different speeds (see Figure 5.14). Compared to the error-free dataset, the test dataset
with error increases the number of handovers in 2 and 4 units when the LSTM-ANN and TCN-
ANN are used, respectively, confirming the robustness of both models. In its turn, the Decision
Tree increases the handovers by 73 units. Thus, the LSTM-ANN and TCN-ANN decreased
the handovers by 39.73% and 26.03%, respectively, when compared to STD. In contrast, the
Decision Tree increases the handovers by 75.34%, demonstrating its unfeasibility.

To further investigate the EVMs across the test dataset, Figure 5.16 illustrates the CDF for
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Table 5.4. Hyperparameter chosen by Optuna for the ML models

Model Hyperparameter Value
Time-series input length 14
Max. depth of the tree 10
Decision Tree Max. features log2
Min. n. of samples to split )
Min. n. of samples to leaf 2
Number of LSTM layers 4
LSTM cells of each layer 64, 64, 32, 128
Batch size 32
Dropout 0.05
LSTM-ANN Time-series input length 14
Activation function Sigmoid
Optimizer RMSprop
Number of dense layers 1
Neurons of each dense layer 4
Kernel Size 6
Number of filters 64
Dilations 1,2]
Batch size 64
Dropout 0.15
TCN-ANN Time-series input length 32
Activation function Tanh
Optimizer SGD
Number of dense layers 3

Neurons of each dense layer 16, 16, 4
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Figure 5.15. The accuracy obtained in the training and validation of the optimized LSTM-ANN and
TCN-ANN models.

Decision Tree, LSTM-ANN, and TCN, considering the test dataset with error. The LSTM-
ANN + MGAD and TCN + MGAD strategies maintained 100% of the EVM values below
10%, respecting the FEC limit. In contrast, the STD and Decision Tree strategies achieved
99.8% of EVM values below 10%, showing other EVMs of about 140%. This demonstrates
that the strategies lead the receiver to experience regions outside of the FOV where the system

tried to retrieve data from noisy signals.

Table 5.7 shows the computational resources used by ML models running in a laptop with
an Intel Core i7 8th Gen processor and 16 GB of Random Access Memory (RAM). It shows
that the memory usage of the ML models is compatible with modern hardware computers.
Furthermore, although a significant amount of time is necessary to train all models, once this
process is done, the processing time to generate a prediction is extremely low, showing that,
with the exception of the Decision Tree (due to the huge amount of handovers), the application

of the other proposed ML models is feasible in real-life scenarios.

5.7.3. Further Investigation on Accuracy

The difference between the accuracy of the datasets shown in Table 5.5 led us to further
investigations. Table 5.8 shows the dataset distribution and the scores of the first occurrence of
each trajectory in the error-free dataset. Fortuitously, the test dataset was composed of trajec-
tories with high accuracy scores, which explains the differences in accuracy of the datasets for
LSTM-ANN and TCN-ANN. Furthermore, the trajectory D—B does not appear in the train-
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Table 5.5. Loss and accuracy results.

Model Dataset Loss Accuracy

Training  0.0919 - 0.9507 -

Decision Tree Validation 2.2513 - 0.9267 -
Test 1.7830 3.2610* 0.9519 0.9115%

Training  0.2679 - 0.8869 -

LSTM-ANN Validation 0.3513 - 0.9342 -
Test 0.2414 0.2467* 0.9883 0.9856*

Training  0.2746 - 0.8826 -

TCN-ANN  Validation 0.3411 - 0.9301 -

Test 0.2368 0.2431* 0.9661 0.9590*
* Results obtained by adding errors to the coordinates.

Table 5.6. Handover results for the test dataset.
Handovers Average EVM (%)

STD 73 - 3.27 +4.68 -
Decision Tree + MGAD 55 128% 4.054+1.72 4.194+5.11*
LSTM-ANN + MGAD 42  44* 4.074+1.73 4.08 £ 1.73*
TCN-ANN + MGAD 50 54* 4.094+1.74 4.09+ 1.75%

* Results obtained by adding errors to the coordinates.

ing dataset, appearing only in the validation dataset. Thus, the validation dataset achieved low

scores, highlighting the difficulty of models generalization.

As can be seen in Table 5.5, the Decision Tree model presented significant variation in the
loss scores of the datasets. This can be explained by trajectories with extremely high losses, as
demonstrated by the trajectory D—B shown in Table 5.8. Thus, we conjecture that trajectories
in other speed cases present high losses as well, contributing to the Decision Tree model loss

variation.

It can be observed from Figure 5.7 that some trajectories share some paths, leading to ambi-
guities in the training process because there are cases where the same inputs provide different
outputs. For example, consider a scenario in Figure 5.7 where the receiver departs from WS
A towards WS C. During the transition between AP(7) and AP(8), the model inputs are the

same as the scenario in which the receiver leaves WS A and goes to WS D. Thus, considering

Table 5.7. ML Memory usage and prediction time.

Mem. Usage Time per Prediction

Decision Tree ~ 345.5 MiB 0.47 ps
LSTM-ANN  390.7 MiB 60.22 us
TCN-ANN 393.1 MiB 72.04 us
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Figure 5.16. EVM CDFs of the test dataset for Al models and STD strategies.

these inputs, sometimes the model will be trained with WS C as output and sometimes it will
be trained with WS D as output, bringing ambiguity to the training process. To investigate the
impact of this issue, a new non-realistic scenario removing overlapping trajectories was created,
as illustrated in Figure 5.17. Considering this new scenario, a new dataset was generated and

segmented as described in Section 5.5. The models’ training and optimization remained the

same as detailed in Section 5.6.

WS 0.20
A 1.00
0.80
0.90
WS
C 1.00
0.10

Figure 5.17. Schematic view of receiver workstation transitions with their probabilities for a non-
overlapping scenario. WS: Workstation.

The results shown in Table 5.9 were obtained after the application of the Al-based models
considered in this work. The impressive &~ 99 % of accuracy and low loss scores across all
instances were achieved. Additionally, the models demonstrate robust consistency, as evidenced
by the marginal variations in the scores across different datasets. Therefore, even though we
simplified the scenario by removing overlapping trajectories, the results strongly indicate that
the ambiguous dataset impacted the models’ training, leaving a research gap in study tools

dealing with overlapping trajectories.
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Table 5.8. Trajectories scores and dataset distribution.

Traiector Decision Tree LSTM-ANN TCN-ANN Quantity of Trajectory
J Y| Loss Acc. Loss Acc. Loss Acc. | Training Validation Test
C—D 0.000*  1.000* | 0.002* 1.000* | 0.003* 1.000* 5 1 0
C—B 0.701*  0.640* | 1.507* 0.335* | 1.667* 0.409* 4 1 0
C—A 0.094*  1.000* | 0.107* 1.000* | 0.057* 1.000* 22 5 7
D—C 0.000*  1.000° | 0.006° 1.000° | 0.002* 1.000° 4 0 0
D—B 30.763*  0.135* | 3.505* 0.256* | 3.115* 0.264* 0 1 0
D—A 0.000*  1.000* | 0.721* 0.710* | 0.662* 0.570* 1 0 0
B—C 0.000*  1.000* | 0.043* 1.000* | 0.012* 1.000* 5 2 2
B—D - - - - - - 0 0 0
B—A 0.000°  1.000° | 1.013° 0.335° | 1.112° 0.361° 3 0 0
A—C 0.00* 1.00* | 0.014* 1.000* | 0.004* 1.000* 22 5 4
A—D - - - - - - 0 0 0
A—B 0.000*  1.000° | 0.324* 1.000° | 0.202* 0.985° 4 0 2

receiver’s speeds: *5 m/s, *2 m/s, and °1 m/s

Table 5.9. Loss and accuracy results for the non-overlapping dataset.

Model Dataset Loss Accuracy

Training 0.0013  0.9992
Decision Tree Validation 0.0005 1.0000
Test 0.0134 0.9988

Training 0.0354  0.9872
LSTM-ANN Validation 0.0056  0.9980
Test 0.0278  0.9900

Training 0.0241  0.9901
TCN-ANN  Validation 0.0071  0.9972
Test 0.0171  0.9932

5.7.4. Experimental Evaluations
5.7.4.1. Three-transmitter scenario

Considering that the proposed LSTM-ANN + MGAD handover strategy achieved the best
performance in the simulations, we evaluated its application in the experimental setup depicted
in Figure 5.2. Thus, we have chosen an experimental scenario in which four WS and six tra-
jectories are considered, as shown in Figure 5.18 (a). The dataset was generated as described
in Section 5.5, however, considering the new trajectories and the probabilities described in Fig-
ure 5.18 (b). Due to the processing time limitation of our setup, we did not consider the receiver

speed.

After the Optuna optimization, the LSTM-ANN model for the experimental scenario was
configured with 32 and 256 cells in its layers. The three layers of the ANN were set with 16,



5.7. Results and Discussions 73

m 1.00
y (m) WS 040 WS
0.46 ¢ 5 A B
0.60
a 0.60
D wSs 00 WS
*—) .
2.0 x (m) ¢ 0.40 X
(

1
b)

1.0 15
(a)

Figure 5.18. (a) Schematic view of the experimental scenario, workstations and trajectories. (b) Work-
station transitions with their probabilities.

128, and 4 neurons each. The time-series input length, batch size, and dropout were defined as
11, 32, and 0.3, respectively, while the activation function and optimizer were defined as Tanh
and Adam, respectively. The LSTM-ANN model achieved accuracies of 91.60%, 94.35%, and
96.77% for training, validation, and test datasets, respectively, while the losses were 0.15, 0.13
and 0.11. The hyperparameters are summarized in Table 5.10. Although the datasets do not
have intersections in the trajectories, the accuracy and loss were impacted by the small number
of samples per trajectory (9 samples). This means that one wrong prediction decreases the

overall accuracy of the trajectory in 11.11% (1/9).
The LSTM-ANN + MGAD model achieved 15 handovers, whereas the STD model per-

formed 28 exchanges on the test dataset, indicating a 46.43% reduction in handovers. The
LSTM-ANN + MGAD model also exhibited a slightly higher average EVM of 13.32 4+ 1.18%,
compared to 12.93 + 0.85% for the STD strategy. Nevertheless, LSTM-ANN + MGAD and
STD performances remained under the FEC limit across all trajectories in the test dataset, as
demonstrated by the CDF curves in 5.19 where 100% of the EVMs were under 16.75% and
13.55%, respectively. To emphasize this, Figure 5.20 shows the performance measured along
trajectory C—B, highlighting where the handovers occurred for both strategies. Notably, the
LSTM-ANN + MGAD strategy skipped the connection with Tx2 as it held the connection with
Tx1 until the moment at which Tx3 reached a better condition (see the spectrum depicted inset
Figure 5.20) to trigger the handover, thus decreasing one handover when compared to STD. By
skipping Tx2, the proposed model increased the EVM around the handover point. However,
this strategy successfully maintained the EVM under the FEC limit across the trajectory, as can

be seen by the scatterplots shown in the inset of Figure 5.20.

5.7.4.2. Four-transmitter scenario

Aiming to evaluate the performance of the proposed LSTM-ANN + MGAD handover strat-
egy in a larger scenario with more trajectories, the proposal was applied to the four-transmitter

scenario illustrated in Figure 5.3. This scenario included four workstations and ten trajectories,
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Figure 5.19. EVM CDF of the test dataset for LSTM + MGAD and STD strategies in the three Txs
scenario.

as shown in Figure 5.21 (a). For evaluation purposes, a new dataset was generated based on
these trajectories and their transition probabilities outlined in Figure 5.21 (b). As in the three-
transmitter scenario, the dataset generation followed the process described in Section 5.5. The

receiver speed was not considered due to the processing time limitations of our setup.

In the same way, the LSTM-ANN hyperparameters were optimized by Optuna, resulting in
an architecture with two LSTM layers and one ANN layer. The LSTM layers were configured
with 256 and 32 cells, respectively, while the ANN output layer included 4 neurons. The input
length for the time series, batch size, and dropout rate were set to 10, 64, and 0.05, respectively.
The Tanh activation function and the Adam optimizer were also applied. The LSTM-ANN
model achieved accuracies of 93.49%, 97.64%, and 91.18% for the training, validation, and test
datasets, respectively, with corresponding losses of 0.17, 0.10, and 0.31. A summary of the

hyperparameters is provided in Table 5.10.

The STD handover strategy resulted in 22 handovers for the test dataset, whereas LSTM-
ANN + MGAD achieved 12 handovers, representing a 45.45% reduction. Similar to the three-
transmitter scenario, LSTM-ANN + MGAD presented a slightly higher average EVM of 12.30+
1.42% compared to the STD EVM of 12.06 + 0.93%, as it prioritized reducing handovers.
Nonetheless, the CDF curves of the test dataset EVMs, shown in Figure 5.22, reveal that both
STD and LSTM-ANN + MGAD achieved 100% of the EVMs under 14.63% and 16.59%, re-
spectively. Both strategies performed entirely within the 4-QAM FEC limit, highlighting the
potential of the LSTM-ANN + MGAD approach.

The reduction in handovers was primarily observed in trajectories where the highest received

power fluctuated between transmitters, resulting in a higher number of handovers with the STD
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Figure 5.20. Trajectory C—B performance evaluation where each EVM shows the mean value of 10
measurements.

strategy. In contrast, The LSTM-ANN + MGAD maintains the connection, aiming to reduce
the handovers while preserving EVM performance under the FEC limit. This behavior is il-
lustrated in Figure 5.23, where both strategies began trajectory A—C connected to Tx1. The
STD performed 3 exchanges following the strongest signal, while the LSTM-ANN + MGAD
waited until Tx4 achieved a stable performance to do only one exchange from Tx1 to Tx4. In
some cases, such as trajectory B—C shown in Figure 5.24, the LSTM-ANN + MGAD achieved
the same number of handovers as STD where both strategies initiated connected to Tx3 and

maintained it throughout the trajectory, as it was the optimal solution.

Table 5.10. LSTM model hyperparameters optimized by Optuna for the scenarios with three and four

transmitters.
Model Hyperparameter Three Txs Four Txs
Number of LSTM layers 2 2
LSTM cells of each layer 32, 256 256, 32
Batch size 32 64
Dropout 0.3 0.05
LSTM-ANN  Time-series input length 11 10
Activation function Tanh Tanh
Optimizer Adam Adam
Number of dense layers 3 1

Neurons of each dense layer 16, 126, 4 4
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Figure 5.21. (a) Schematic view of the experimental scenario with four transmitters, workstations, and
trajectories. (b) Workstation transitions with their probabilities.

1 CDF of EVMs
T T -
09+ i
0.8+ i
0.7+ i
0.6 i
(8
Q05F i
O
04+ i
03+ i
0.2 , ——LSTM-ANN + MGAD
i ; ----STD i
0 w | ‘ w ‘ ‘ ‘
10 11 12 13 14 15 16 17

EVM (%)

Figure 5.22. EVM CDF of the test dataset for LSTM + MGAD and STD strategies in the four-
transmitter scenario.

5.8. Conclusions

A real-time handover scheme using optimization and machine learning was proposed to min-
imize the number of handovers of a digital twin-based VLC system. The proposed handover
scheme considers trajectory information to optimize handover moments by applying a modi-
fied genetic algorithm. Additionally, ML models were implemented to predict the receiver’s
next destination. Thereafter, the real-time VLC system integrates the optimized handover data,
predicted trajectory, and receiver’s current position to trigger handovers, ensuring efficient and

effective communication.

The MGA optimization provided reductions in the total number of handovers for all evalu-
ated trajectories, showing a reduction of up to 75%, when compared to the power-based STD.

The performance of the STD was notably impacted when the receiver’s speed increased. This
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Figure 5.23. Trajectory A—C performance evaluation where each EVM shows the mean value of 20
measurements.

drawback was addressed by the MGA-based scheme due to the usage of spatial references in
the handover decisions. Moreover, Decision Tree, LSTM-ANN, and TCN-ANN were applied
to the real-time VLC system using the optimized handover data. Compared to STD, these
Al-based models achieved a handover reduction of 24.66%, 42.47%, and 31.51% for the posi-
tioning error-free test dataset, respectively. Adding errors to the coordinates of the test dataset,
the LSTM-ANN and TCN-ANN decrease the number of handovers by 39.73% and 26.03%,
showing the robustness of the models. However, the Decision Tree increases the handovers by
75.34%, demonstrating the non-applicability of the model. The experimental results demon-
strated that the LSTM-ANN with MGA data strategy proposed in this Chapter achieved a han-
dover reduction of 46.43% and 45.45% for three txs and four txs scenarios, respectively, by
skipping unnecessary exchanges. Thus, the handover schemes using LSTM-ANN and MGA
data demonstrated a solid ability to minimize the number of handovers and to improve the over-

all system performance, even considering errors in the positioning system.

The fact that some trajectories shared part of the path, which is common in real-world ap-
plications, considerably impacts the models’ training. These shared parts created ambiguity in
the dataset where the same inputs have different outputs. When generating a dataset from a
new scenario considering only non-overlapping trajectories, the accuracy score of the training
dataset increases from around 88% to 99%, addressing the impact of overlapping trajectories
on the score. Nevertheless, future research should investigate new ML architectures and other

models to deal with ambiguous datasets caused by non-overlapping trajectories. A larger dataset
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Figure 5.24. Trajectory B—C performance evaluation for the four-transmitter scenario where each
EVM shows the mean value of 20 measurements.

should also be considered to provide more homogeneity in the sets. An experimental proof-of-
concept of the 2D MISO simulation scenario exploited in this Chapter is part of our near-future
work. In fact, we are currently designing an experimental setup in which we should evaluate
the above-mentioned models’ training impact. Furthermore, the physical twin implementation

of the proposed scenario should be considered, taking into account a MIMO VLC scenario.



CHAPTER 6.

Al-Driven Enhancements for Handover in
MIMO-based Visible Light Communication

6.1. Introduction

Al-based approaches have also demonstrated potential for MIMO VLC systems [151, 152].
In this Chapter, we extend the previously discussed handover strategies to a MIMO-VLC envi-
ronment with 18 access points and two receivers. The MGA algorithm is applied to minimize
the number of handovers along the trajectories, as frequent handovers can severely degrade the
performance of VLC systems. Additionally, the LSTM-ANN model is employed to predict the
next workstation for each receiver simultaneously, based on their respective trajectory informa-
tion. The LSTM-ANN + MGA approach achieved a handover reduction of 44.70% and 48.61%
for Rx1 and Rx2, respectively, when compared to the power-based STD strategy.

The remainder of this Chapter is organized as follows. Section 6.2 describes the real-time
MIMO Handover System and its architecture. The LSTM-ANN training and hyperparameters
optimizations are detailed in Section 6.3. The results and discussions are presented in Section

6.4. Finally, the conclusions are provided in Section 6.5.

6.2. Description of the Real-time MIMO System

Following the same approach described in Chapter 5, we implemented a MIMO handover
system considering 18 APs and two receivers. The same AP distribution, WS, and trajectories
defined in Figure 5.7 were applied. In this implementation, each receiver is allowed to follow
its trajectory independently of the other. To enable simultaneous access for both receivers,
we developed a simulation using an OFDM-based system, where each AP provides a separate

channel for each receiver, as illustrated in Figure 6.1.

Figure 6.1 also illustrates the NR signals generated as in Section 5.3, which are composed
of 42 data subcarriers multiplexed by a 128-point fast Fourier transform, considering 4-QAM
as subcarrier mapping and cyclic prefix of 16 samples. The subcarrier spacing is defined as
15 kHz, while a lower bandwidth of 1 MHz is assigned since each AP transmits data to two
receivers. Consequently, the carrier frequencies of the APs are spaced 4 MHz apart, start-
ing at 2 MHz for Rx1 and 4 MHz for Rx2. The carrier frequencies for the APs are de-

79
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Figure 6.1. Block diagram of the OFDM-based MIMO VLC system STD.

noted as [fcllep fCQRwl’ ceey fclngl] = [2, 6, ey 70] MHz and [fCle27 fC2Rx27 ceey fclngQ] =
[4,8,...,72] MHz.

To address this issue, we set the model inputs with both receivers’ information to predict the
receivers’ next WSs simultaneously. Despite the fact that a different model can be applied to

each receiver, we test this architecture to test the AI model’s robustness.

We applied the handover optimization using the MGA algorithm described in Section 5.4 for
this MIMO system. With the optimized handover data, it is necessary to know which trajectories
the receivers are following, as the optimization was done based on the environment trajectories.
To address this issue, we set the model inputs with both receivers’ information to predict the
receivers’ next WSs simultaneously. Even though a different model could be applied to each
receiver to predict the next WSs separately, one of the goals was to test the robustness of the Al

model. Therefore, the inputs are defined as follows:

i. the last coordinates [(Z g1, Yrs1)0, (TRe1, YRe1)1, " * 5 (TRe1, YRe1)n) Of RXx1 given by the
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simulation scenario;

ii. the last coordinates [(Zrz2, Yr22)0, (TR22, YR22)1, " * * » (TR22, YR22)n) Of RX2 from the sim-

ulation;
iii. Rx1 speed;
iv. Rx2 speed;
v. Rx1 last WS;
vi. Rx2 last WS.

Figure 6.2 illustrates a block diagram of the MIMO handover system where the inputs for the
ML model are highlighted in the first block. The length of the input time-series of coordinates is
determined by the Optuna hyperparameter optimization (See Section 2.3.7). The model outputs
describe two WSs, representing a multi-label classification task. These outputs are decoded into
two independent one-hot encoded representations: the first four outputs indicate the predicted
WS for Rx1, while the last four represent the predicted WS for Rx2. Following the execution
of the ML model, the final block combines the predicted WS, the last WS, the current position
[(z,v)o], and the MGAD of each receiver to define the optimal AP for each receiver to connect

to.
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Figure 6.2. Real-time MIMO system architecture to find access points to connect.

The model’s predictions may be inaccurate or unsuitable for the problem being addressed.
For example, if the receiver’s previous WS was A and the model predicts the same WS for the
subsequent state, this outcome may not be realistic. To handle such situations, the handover

system employs the STD algorithm to override the prediction.
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6.3. LSTM-ANN: training and hyperparameters optimization

Since the LSTM-ANN model achieved the best performance in the MISO system described
in Chapter 5, it was selected for the MIMO scenario as well. The architecture shown in Fig-
ure 6.2 represents a classification problem involving the prediction of two workstations simul-
taneously, thus implementing a multi-label classifier [153]. Unlike the multi-class classifier
architecture described in Figure 5.12, which classifies only one workstation, the multi-label ar-
chitecture requires the activation function of ANN last layer different from Softmax that ensures
that the sum of the outputs equal to one (See Section 2.3.3). Therefore, the ANN last layer was

configured with Sigmoid.

The dataset used to train the LSTM-ANN model was generated as described in Section 5.5.3,
based on the probabilities illustrated in Figure 5.13. It consists of a total of 200 trajectories,
considering 100 trajectories per receiver. The dataset was partitioned into three subsets: 70% for
training, 15% for validation, and 15% for testing. The loss and metric functions for the models
were set as categorical cross-entropy and accuracy, respectively. To improve optimization and
reduce training time, an early stopping mechanism was implemented to terminate training after
10 consecutive epochs with a loss improvement below 0.001. The Optuna framework described
in Section 2.3.7 was employed to optimize the LSTM-ANN hyperparameters with 200 trials
using the tree-structured Parzen estimator sampler algorithm. The goal was to maximize the
average accuracy across the training, validation, and test datasets. The parameter ranges for the
LSTM-ANN optimized by Optuna are summarized in Table 6.1.

Table 6.1. Hyperparameter ranges for the LSTM-ANN model

Model Hyperparameter Range
Number of LSTM layers 2t0 20
Number of LSTM cells  [8, 16, 32, 64, 128,256, 512]
Batch size (32,64, 128]
Dropout [0.05,0.10, ...,0.25,0.30]
Time-series input length 3to 15
LSTM-ANN Activation function Sigmoid, Tanh
Optimizer Adam, SGD, RMSprop
Number of Dense layers 1to 10
Number of Dense neurons  [16, 32,64, 128, 256, 512]
Maximum training epoch 50

6.4. Results and Discussions

6.4.1. MGA Optimization

Table 6.2 presents the average EVM and number of handovers for the trajectories when ap-
plying the STD and MGA strategies for the Rx1. The MGA effectively minimized the number

of handovers across all tested scenarios, for example, achieving reductions of up to 75% (D—C
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Table 6.2. MGA and STD Results for Rx1.

1m/s 2m/s 3 m/s 4 m/s 5 m/s

Traj. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N. of Hand.

STD MGA STD MGA | STD MGA STD MGA | STD MGA STD MGA | STD MGA STD MGA | STD MGA STD MGA
C—D 148 1.72 3 1 1.56 1.76 3 1 1.58 1.87 3 1 1.68 1.61 3 1 1.78 1.70 3 1
C—B | 332 445 7 3 3.60 4.98 7 3 3.80 4.38 7 4 3.84 441 7 3 395 4.38 6 3
C—A | 280 3.80 4 2 295 3.51 4 2 3.03 3.99 4 2 4.88 3.61 5 2 9.39 391 4 2
D—C |1.38 1.62 4 1 147 1.92 3 1 148 1.68 3 1 1.66 1.86 3 1 1.78 1.66 3 1
D—B | 3.37 572 10 5 322 412 10 5 3.99 4.64 10 4 3.23 4.74 10 4 3.97 3.81 9 5
D—A | 3.09 3091 7 4 2.74 437 7 4 3.64 4.26 7 4 2.58 4.39 7 4 3.51 3.33 6 3
B—C | 3.43 4.64 8 5 3.82  4.56 8 4 4.08 5.52 8 3 414 448 8 3 8.00 4.75 8 3
B—D | 315 4.17 11 6 311 4.38 11 5 3.75 4.04 11 6 3.36  4.58 11 5 5.39 4.11 11 5
B—A | 415 523 3 1 4.68 5.55 3 1 5.01 551 3 1 511 532 3 1 525 5.14 2 1
A—C | 298 395 5 2 3.29 388 5 2 3.49 3.99 5 2 3.48 4.28 5 2 7.63 4.27 5 2
A—D | 280 2.78 8 4 2.56 2.92 8 4 3.42 357 8 3 2.75  4.30 8 3 511 3.92 8 4
A—B | 414 5.19 3 1 4.63 5.72 3 1 5.00 5.53 3 1 5.08 5.50 3 1 5.24 5.06 2 1

Values highlighted in bold show the best values comparing STD and MGA.

at 1 m/s). For speeds below 3 m/s, the STD yielded lower EVMs due to its power-based han-
dover triggering, which improves performance at the cost of more frequent handovers. As the
MGA uses positioning-based handover triggers, it eliminates unnecessary handovers, reducing
their occurrence and maintaining EVM levels below the FEC threshold while slightly increasing
the average EVM.

As expected, and according to the results discussed in Chapter 5, when the receiver’s speed
exceeded 3 m/s, the STD experienced a significant increase in average EVM, as its static 777
parameter did not adapt to higher speeds, delaying handover decisions. This delay caused the
receiver to cross regions with poor SNR or outside the FOV, where the system tried to recover
data from noisy signals. In contrast, the MGA strategy, which bases handover decisions on
spatial references, maintained more consistent EVM values across the trajectory. Figure 6.3
illustrates this effect for the C—A trajectory, where the average STD EVM increased from
2.80% t0 9.39%, while MGA kept EVMs nearly constant.

Trajectory C—A for Rx1
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Figure 6.3. Rx1 MGA and STD handover results for trajectory C—A: (a) the average EVM and (b) the
total number of handovers for each speed.
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Table 6.3. MGA and STD Results for Rx2.

1m/s 2m/s 3 m/s 4 m/s 5 m/s

Traj. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N.ofHand. | EVM (%) N. of Hand.

STD MGA STD MGA | STD MGA STD MGA | STD MGA STD MGA | STD MGA STD MGA | STD MGA STD MGA
C—D | 1.47 1.60 3 1 1.56 1.71 3 1 1.58 1.62 3 1 1.68 1.87 3 1 1.78 1.87 3 1
C—B | 331 453 7 3 3.60 4.56 7 4 3.79 7.00 7 4 3.84 4.62 7 3 3.96 4.51 6 3
C—A | 2.80 3.96 4 2 2.95 4.38 4 2 3.03 4.72 4 2 4.89 4.46 5 2 9.39 4.07 4 2
D—C |1.38 1.61 4 1 1.48 1.65 3 1 148 1.59 3 1 1.66 1.87 3 1 1.78 1.85 3 1
D—B | 3.37 3.99 10 6 3.22  4.03 10 6 4.00 4.01 10 6 3.25 4.36 10 5 3.98 4.55 9 4
D—A | 3.09 3.38 7 4 2.74 4.36 7 3 3.63 443 7 4 2.59 3.86 7 4 3.52  3.62 6 4
B—C | 3.43 4.36 8 3 3.81 4.89 8 3 4.09 4.33 8 5 414 461 8 3 8.00 4.61 8 3
B—D | 3.14 4.3 11 5 3.11  4.06 11 4 3.74 4.05 11 4 3.37 4.72 11 4 538 4.04 11 6
B—A | 415 5.12 3 1 4.70 5.52 3 1 5.03 5.25 3 1 5.15 5.58 3 1 5.27 5.21 2 1
A—C | 299 4.09 5 2 3.29 4.27 5 2 349 454 5 2 3.50 4.06 5 2 7.63 3.82 5 2
A—D | 2.80 3.52 8 3 2.55 3.69 8 4 3.42 382 8 4 2.75  3.20 8 4 511 3.36 8 4
A—B | 414 5.15 3 1 4.62 5.53 3 1 5.00 5.60 3 1 5.08 5.39 3 1 523 5.15 2 1

Values highlighted in bold show the best values comparing STD and MGA.

The average EVM and the number of handovers using STD and MGA strategies for Rx2 are
described in Table 6.3. As expected, the MGA significantly reduced unnecessary handovers,
achieving up to 75% fewer handovers (e.g., C—D at 1 m/s), while maintaining EVM values
below the FEC limit. For speeds under 3 m/s, the STD produced lower EVMs due to its power-
based triggering while increasing handovers. Again, at speeds exceeding 3m/s, STD triggered
delayed handovers due to its static 7"7"T" parameter, leading to higher EVM values. In contrast,
regardless of speed, the MGA maintained a stable EVMs. Figure 6.4 the results for C—A
trajectory, where STD EVM rose from 2.80% to 9.39% while MGA remained consistent.
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Figure 6.4. Rx2 MGA and STD handover results for trajectory C—A: (a) the average EVM and (b) the
total number of handovers for each speed.

6.4.2. Model Optimization, Training, and Test

Table 6.4 presents the optimal hyperparameters obtained through Optuna optimization for
the ML models. Figure 6.5 illustrates the training and validation accuracy achieved with the

optimized hyperparameters of the LSTM-ANN. The convergence of these curves indicates ef-
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fective training of the models without evidence of overfitting. Additionally, Table 6.5 presents

the accuracy and loss metrics, highlighting the model’s satisfactory scores.

Table 6.4. LSTM-ANN optimized Hyperparameters by Optuna

Model Hyperparameter Value

Number of LSTM layers 6
LSTM cells of each layer 512, 32, 16, 8, 32, 64

Batch size 64

Dropout 0.25
LSTM-ANN  Time-series input length 8

Activation function Tanh

Optimizer Adam
Number of dense layers )

Neurons of each dense layer 512, 32, 128, 32, 8
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Figure 6.5. The accuracy obtained in the training and validation of the optimized LSTM-ANN model.

Table 6.5. Loss and accuracy results.

Model Dataset Loss Accuracy

Training 0.1979  0.9627
LSTM-ANN Validation 0.2399  0.9467
Test 0.2668  0.9321

The cumulative number of handovers across the test dataset for Rx1 and Rx2 is presented in
Table 6.6. The STD achieved 85 and 72 handovers for Rx1 and Rx2, respectively. The LSTM-
ANN demonstrated significant improvements, showing 47 and 37 handovers for Rx1 and Rx2,
respectively. These results represent a reduction of 44.70% and 48.61% for Rx1 and Rx2. The
average EVM across all cases demonstrated feasible performance, as the values remained below
the FEC limit. However, the STD strategy exhibited significant variability, indicating values far
from the average. To analyze this behavior, Figure 6.6 shows the CDF curves of the test dataset
EVMs for both receivers, comparing the STD and LSTM-ANN + MGAD strategies. For both
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receivers, the LSTM-ANN + MGAD strategy ensured that 100% of the EVMs were below
approximately 10%, respecting the FEC limit. On the other hand, the STD strategy achieved
99.5% of EVM values below 9% for both receivers; however, it also reached outliers with EVM
values of up to about 140%. This highlights that the system attempted to recover data from

noise, particularly in regions outside the FOV.

Table 6.6. Handover results for the test dataset.

Handovers Average EVM (%)
Rx1l Rx2 Rx1 Rx2

STD 85 72 3.95£9.28 4.13£11.39
LSTM-ANN + MGAD 47 37 397197 4.15£1.85
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Figure 6.6. EVM CDF of the test dataset for (a) Rx1 and (b) Rx2

6.5. Conclusions

This Chapter proposed a real-time handover strategy using optimization and machine learn-
ing to minimize handovers of a MIMO VLC system with 18 access points and two receivers.
This approach considers trajectory information to minimize the handovers by applying a modi-
fied genetic algorithm. Moreover, the LSTM-ANN model was implemented to predict the next
destinations of both receivers simultaneously. Thereafter, the real-time VLC system combines
the optimized handover data, predicted trajectories, and the receivers’ current position to trigger
handovers, ensuring efficient communication.

The total number of handovers across all tested trajectories was effectively decreased by

the MGA optimization, achieving reductions of up to 75% compared to the power-based STD
approach. As expected, the performance of the STD method was significantly affected by higher
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receiver speeds. In contrast, the MGA-based strategy overcame this limitation by incorporating
spatial references into its handover decision process. Furthermore, the LSTM-ANN strategy
achieved handover reductions of 44.70% and 48.61% for Rx1 and Rx2, respectively, when
compared to STD. In addition to minimizing handovers, the LSTM-ANN maintained all EVM
values across the test dataset under 10% for both receivers, maintaining the performance below
the FEC limit. This demonstrates its robust ability to minimize the number of handovers while
maintaining satisfactory performance. In contrast, the STD approach presented high EVM
values in certain parts of the test dataset, particularly in regions outside the FOV, where the

system attempted to recover data from noise.






CHAPTER 7.

Conclusions and Future Directions

7.1. Final Remarks

In this thesis, we investigated the PAPR reduction technique based on constant-envelope
OFDM signals to enhance VLC links. By employing CE-OFDM modulation, the system
demonstrated tolerance to noises and nonlinearities introduced by LEDs and, as a consequence,
provides power efficiency and transmission distance enlargements. The study investigated how
the phase modulation index affects performance, revealing its dependency on the modulation
levels of the subcarriers. A performance comparison between VLC systems with and with-
out constant-envelope signals was conducted based on measured variations of the error vector
magnitude. Experimental results indicated that the CE-OFDM based system outperformed the
conventional OFDM, particularly under high bias current conditions where the LED operates in

its nonlinear regime.

The signals with a PAPR of 3 dB provided power efficiency, resulting in consistent EVM
improvements across nearly all evaluated link lengths. At short link lengths, where signal satu-
ration is predominant at the receiver, EVM improved by 52.6% when applying CE-OFDM with
4-QAM as the modulation scheme. At longer distances, EVM improvements of about 54% and
43% were still observed with 4-QAM at 8 m and 16-QAM at 6 m, respectively, mainly due to

the tolerance to nonlinearity assured by constant-envelope signals.

Additionally, this thesis evaluated the impact of bias current and communication signal am-
plitude on the performance of a SISO setup. Also, the accuracy of a VLC analytical model
with SISO and MISO experimental setups was exploited. The results demonstrated that the bias
current (/y;,5) has minimal impact on system performance if the communication signal operates
within the linear region and the receiver remains unsaturated. The amplitude of the commu-
nication signal (V},,) affected saturation and drove it into a nonlinearity region. Meanwhile,
higher amplitudes improve performance when the system operates unsaturated and in the linear
region. Disregarding the height of 50 cm, the optimal EVM across the trajectory was achieved
with Vj,, = 2000 mV and a bias current of 100, 200, or 300 mA.

The results from the simulation model demonstrated satisfactory approximation with the
real-world setup. The SISO simulation model achieved an RMSE of 0.22%, 0.36%, 1.09%, and
1.43% at heights of 100, 150, 200, and 250 cm, respectively, when compared to the experimen-
tal setup. For the MISO configuration at the height of 100 cm, RMSE values for Tx1 and Tx2

89
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were higher at 37.63% and 34.09% due to partial trajectory loss outside the FOV due to the ex-
perimental setup limitations. The lowest MISO RMSE values occurred at 150 cm, with Tx1 and
Tx2 errors of 1.37% and 1.65%, respectively. At distances of 200 cm and 250 cm, the RMSEs
for Tx1 were 2.72% and 4.32%, while for Tx2 they were 3.24% and 5.09%, respectively. These
results confirm the reliability of the simulation model, making it a robust tool for evaluating new

algorithms, optimization strategies, modulation techniques, and for use in educational contexts.

Moreover, this thesis proposed a real-time handover scheme using optimization and machine
learning to minimize the number of handovers of a digital twin-based VLC system. A modified
genetic algorithm was proposed to optimize handovers using trajectory information. ML mod-
els were implemented to estimate the receiver’s next destination. The real-time VLC system
integrates the optimized handover data, predicted trajectory, and receiver’s current position to

trigger handovers, maintaining communication performance.

The MGA optimization significantly reduced the total number of handovers across all tested
trajectories, achieving up to a 75% reduction compared to the power-based STD. While STD
performance declined with higher receiver speeds, the MGA-based approach effectively ad-
dressed this issue by incorporating spatial references into handover decisions. Moreover, De-
cision Tree, LSTM-ANN, and TCN-ANN were applied to the real-time VLC system using the
optimized handover data. For the error-free positioning test dataset, these models reduced han-
dovers by 24.66%, 42.47%, and 31.51%, respectively, compared to STD. When positional errors
were introduced, LSTM-ANN and TCN-ANN maintained robust performance, reducing han-
dovers by 39.73% and 26.03%, while the Decision Tree model increased handovers by 75.34%,
proving to be inadequate for such scenario. Experimental results highlighted that the LSTM-
ANN combined with MGA data reduced handovers by 46.43% and 45.45% in MISO scenarios
with three and four transmitters, respectively, by skipping unnecessary exchanges. Therefore,
the LSTM-ANN with MGA demonstrated strong potential to minimize handovers and enhance

system performance, even in the presence of positional inaccuracies.

The same LSTM-ANN with MGA approach was applied to a MIMO VLC system with
18 access points and two receivers. In this new scenario, the LSTM-ANN model was trained
using data from both receivers simultaneously to predict their next destinations. For this MIMO
scenario, the MGA optimization effectively reduced handovers across all tested trajectories
by up to 75% compared to the STD method. Additionally, the LSTM-ANN + MGA strategy
reduced handovers by 44.70% and 48.61% for Rx1 and Rx2, respectively. It maintained all the
EVM values below 10% in the test data, demonstrating a robust approach. In contrast, the STD
method showed high EVM values in certain parts of the test dataset where it tried to recover

data from regions outside the FOV.
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7.2. Hypotheses Discussions

H.1 - By setting CE-OFDM as the modulation scheme of a VLC system, it is
possible to increase the reach of the communication link compared with
conventional OFDM.

The constant-envelope property of CE-OFDM waveforms significantly reduces the PAPR,
enabling more efficient operation of the LED within its nonlinear regime. The reduced PAPR
minimizes signal clipping and distortion typically induced by LED nonlinearities, particularly
under high bias current conditions. Furthermore, the low PAPR also helps to avoid saturating the
receiver. Consequently, the CE-OFDM system achieves low EVM and enhanced signal fidelity
over extended link distances. Experimental results demonstrated that CE-OFDM increased the
VLC link distance by up to around 3 meters, considering the FEC limit. Therefore, we conclude
that it is possible to increase the reach of the VLC links with CE-OFDM.

H.2 - The bias current does not impact system performance if it is set at a level
that prevents the communication signal from driving the LED into a non-linear
or cutoff region.

The bias current level defines the LED’s operating point around which the communication
signal is centered. As long as neither the bias current nor the signal amplitude drives the LED
into its nonlinear, cutoff regions, or causes receiver saturation, variations in the bias current do
not significantly affect the EVM performance of a VLC system. Experimental results validated
this hypothesis by demonstrating consistent system performance across a range of bias currents,

as long as the signal amplitude was appropriately constrained to avoid nonlinear behavior.

H.3 - Considering a MISO VLC system, Al models can predict the following
endpoint of a receiver based on its trajectory and positioning to minimize
handovers while maintaining EVM performance under the FEC limit.

By considering temporal and spatial features extracted from the receiver’s movement, Al
architectures such as LSTM-ANN and TCN-ANN can learn mobility patterns and forecast fu-
ture positions with high accuracy. When integrated with an optimized handover strategy, such
as MGA, these predictive models enable smart handover decisions, minimizing unnecessary
handovers. Experimental results confirm that this approach significantly reduces handover oc-
currences while preserving EVM values below the FEC limit, even in the presence of positional
errors, thereby ensuring reliable communication and enhanced link stability in indoor VLC en-

vironments.
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H.4 - Al models can simultaneously predict the following endpoint of multiple
receivers based on their trajectory and positioning, optimizing handover
efficiency and ensuring EVM performances within the FEC threshold.

Sequence-based models such as LSTM-ANN are trained using joint trajectory datasets from
multiple receivers to capture both individual movement patterns. When integrated with an op-
timization strategy like the MGA, the Al-driven prediction enables coordinated handover de-
cisions that reduce unnecessary handovers. Experimental results demonstrate that this multi-
receiver predictive framework significantly decreases the number of handovers while keeping
EVM values below the FEC limit, confirming its effectiveness in supporting scalable and robust

mobility management in VLC environments.

7.3. Recommendations for Future Research

The following topics describe the future directions for this thesis:

m develop parameters optimization such as optical and phase modulation indexes of CE-
OFDM signals, LED bias current, and amplitude of the modulating signals using meta-
heuristic algorithms, aiming to improve power consumption, spectral efficiency, link

reach, and handover;

m compare MGA handover optimization with conventional GA and other metaheuristics

such as Particle Swarm Optimization, Differential Evolution, and Grey Wolf Optimizer.

m investigate new ML architectures and alternative models to deal with ambiguous datasets

caused by overlapping trajectories;

m conduct experimental evaluations of the proposed handover scheme in a dense MISO

scenario, replicating the conditions simulated in this thesis;

m implement a proof-of-concept for the proposed handover scheme in a MIMO VLC sys-

tem,;

m train ML models using the optimized handover data to enable direct prediction of the

most suitable access point for the receiver to connect;

m investigate ML approaches to address access point failures and adapt to new trajectories.
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