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OZET

5G VE 6G TEKNOLOJILERININ GELISIMI UZAKTAN
SAGLIK iZLEME SISTEMLERI iCiN MiLIMETRE DALGA
VE VLC ENTEGRASYONU iLE SAGLANMASI

Bu tez kablosuz aglarin saglik hizmetlerindeki énemli roliinii incelemekte
olup sensorler ve uzaktan izleme ekipmanlari gibi tibbi cihazlar arasinda verimli
veri aktarimini saglamak i¢in 5G ve gelismekte olan 6G gibi yiiksek
performansli teknolojilere duyulan ihtiyact vurgulamaktadir. Uzaktan saglik
izleme sistemlerinde 5G mmWave teknolojisinin mevcut aragtirma alanini ele
alarak, uygulamalari, ana zorluklar1 ve gelecekteki egilimlere odaklaniyoruz.
Yeniden yapilandirilabilir hibrit optik-radyo tabanli Tibbi Viicut Sensor
Aglarmin  (MBSN'ler) kablosuz baglantt gereksinimlerini inceleyerek,
geleneksel MBSN'lerin daha esnek ve genel ¢oziimlere genisletilmesini
Oneriyoruz.

Bu tez, anten tasarimi, kii¢lik implante edilebilir antenler, viicut tizerinde
giyilebilir ¢dzlimler ve uyarlanabilir algilama ve goriintiileme sistemleri gibi
cesitli alanlarda kapsamli bir literatiir taramas1 sunmaktadir. Arastirmamiz ayrica
izleme sistemlerindeki metodolojik yaklagimlari, kanal karakteristiklerini analiz
ederek kablosuz kapsiil endoskopisindeki ilerlemeleri ve algilama ve
goriintiileme tekniklerini incelemektedir.

Ayrica 6G gergevesinin saghk hizmetlerinde Goériiniir Isik Iletisimini
(VLC) nasil entegre ettigini arastirarak, VLC tabanli MBSN'lerin uzaktan hasta
izleme ve gercek zamanli saglik verisi iletimini kanal DC kazanci ve RMS
gecikme yayilimi gibi VLC kanal parametrelerini dogru bir sekilde tahmin
ederek nasil devrim yaratabilecegini gdstermekteyiz.

Farkl1 hastane ortamlarinda (yogun bakim iinitesi ve aile tipi hasta odas1

gibi) kanallart modellemek, yol kayb1 ve RMS gecikme yayilimini tahmin etmek
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icin gelismis bir 151n izleme teknigi ve ML tabanl bir algoritma tanitiyoruz.
Hastane senaryolarinin detayli sonuglari, LSTM, GRU, RNN, Linear Regression
SVR ve KNN gibi ¢esitli makine O6grenimi algoritmalar1 kullanilarak
listelenmistir. Tahminler, en iyi performans gosteren ML teknigi secilerek
kapsamli bir sekilde detaylandirilmis ve agiklanmustir.

Anahtar Kelimeler: Uzaktan Saglik izleme, 6G, VLC Tabanli MBSN'ler, Yol
Kayb1 Ve RMS Gecikme Yayilimi, Makine Ogrenimi
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ABSTRACT

ENABLING 5G AND 6G TECHNOLOGIES THROUGH
MILLIMETER-WAVE AND VLC INTEGRATION FOR
ENHANCED REMOTE HEALTH MONITORING SYSTEMS

This thesis examines the pivotal role of wireless networks in healthcare,
emphasizing the need for high-performance technologies like 5G and emerging
6G to enable efficient data transfer between medical devices such as sensors and
remote monitoring equipment. We delve into the current research landscape
surrounding 5G mmWave technology in remote health monitoring systems,
focusing on its applications, main challenges, and future trends. We explore the
wireless connectivity requirements of reconfigurable hybrid optical-radio-based
Medical Body Sensor Networks (MBSNs), proposing an extension of
conventional MBSNs to more flexible and generic solutions.

This thesis introduces a comprehensive literature review across diverse
domains including antenna design, small implantable antennas, on-body
wearable solutions, and adaptable detection and imaging systems. Our research
further investigates methodological approaches in monitoring systems,
analyzing channel characteristics, advancements in wireless capsule endoscopy,
and sensing and imaging techniques.

Additionally, we explore how 6G's framework integrates Visible Light
Communication (VLC) in healthcare, demonstrating how VLC-enabled MBSNs
can revolutionize remote patient monitoring and real-time health data
transmission by accurately estimating VLC channel parameters, such as channel
DC gain and RMS delay spread.

We introduce a sophisticated ray tracing technique and ML-based
algorithm to model channels and estimate path loss and RMS delay spread within

different hospital settings such as ICU ward and family-type patient room. The

v



detailed results of the hospital scenarios are listed using various machine
learning algorithms such as LSTM, GRU, RNN, Linear Regression SVR, and
KNN. The estimation was illustrated and detailed comprehensively by choosing
the best-performing ML technique.

Keywords: Remote Health Monitoring, 6G, VLC-Based MBSNs, Path Loss
And RMS Delay Spread, Machine Learning
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CHAPTER 1

1. INTRODUCTION

Remote health monitoring, also known as telehealth or remote patient
monitoring, utilizes technology to monitor the health of individuals remotely.
The use of such technology enables medical professionals to track patients,
deliver timely interventions, and make informed decisions by collecting,
transmitting, and analyzing health data (Yakovlev et al., 2012). Various
technologies such as communication networks, mobile applications, along with
wearable sensors and devices have been developed to support this monitoring
(Marzencki et al., 2011; Mia et al., 2021; Ramesh et al., 2012). Implementing
remote health monitoring systems has shown significant potential for enhancing
patient outcomes, improving obedience to the medication, as well as increasing
engagement and satisfaction. These systems offer personalized treatment,
facilitate distant consultations, and promote self-care for medical conditions
(Hassan et al., 2013). Figure 1.1 illustrates the overall architecture of these
systems. The main objectives here are twofold: first, to improve connectivity
within the body which results in enhancing the imaging and detecting systems
functionality for early identification such as cancer or glucose levels; second, in
order to improve implantable sensors and antennae implemented within various
devices, such as wireless capsule endoscopes and MRI imaging gadgets. It’s
important to highlight that Tier 1 focuses on gathering vital signs data from
interoperable wearable medical devices, which then transmit it to Tier 2. Our
primary emphasis here is on the advancements within this initial tier.

Remote health monitoring systems face huge concerns such as data se-
curity, reliability, and power consumption (Boric-Lubecke et al., 2014; Petkovic,
2009; Sagahyroon, 2017). A critical issue is securing sensitive medical data
during wireless transmitting, which is vulnerable to cyber-attacks. Reliability is

essential, as system failures can result in delayed interventions or incorrect



diagnoses. Another concern is the wearable devices’ power consumption which
forms an issue for patients who utilize devices on batteries that require frequent
charging. Further investigation is necessary to tackle these obstacles and

maximize the use of diverse technologies in healthcare for improved results

(Bhatti et al., 2018).
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Figure 1.1: The remote health monitoring system's infrastructure (Albahri et
al., 2019)

Moreover, several studies (Boyle, 2006; Ishida et al., 2020; Periyasam &
Dhanasekaran, 2013) have explored some of the concerns like the elec-
tromagnetic compatibility and safety in the interface among medical devices and
wireless networks. Furthermore and according to international standards (Boyle,
2006) it highlights that devices of mutual interference like cell phones, have the
biggest risk, while networks in local areas that present minimal interference have
no risk. Therefore, wireless technologies can be used safely when maintaining
recommended separation distances from medical devices. Additionally, (Ishida
et al., 2020) examined noisy lighting interference caused by electromagnetic in

wireless medical telemetry and proposed solutions. Another study by (Kuila et




al., 2023) suggests that carbonaceous materials can serve as electromagnetic
shielding to reduce the impact of electromagnetic pollution on wearable devices.

This thesis provides a thorough overview of the latest advancements
within remote patient monitoring device development. It also highlights previous
studies, focusing on their key areas, relevance, and how they address gaps in the
literature (See Table 1.1). Our review research is divided into two parts. The first
part concentrates on developments in remote health monitoring devices,
exploring various antenna models implemented for patient monitoring, their
diversity, and scenarios. We also delve into compact in-body implantable
antennae for critical usage and wearable antennas for on-body applications.
Additionally, we examine detection and imaging systems, showcasing their wide
range of applications within health monitoring.

The second part of the review research delves into the methodologies
employed in remote health monitoring systems, providing an in-depth look at
various approaches, including channel characterization studies across diverse
devices. It also highlights advancements in wireless capsule endoscopy (WCE),
underscoring its significance in remote health monitoring. The part concludes by
focusing on sensing and imaging techniques, offering a thorough overview of
the tools and technologies driving progress in this domain.

The rest of the thesis is organized as follows: Chapter 2 offers a detailed
review of recent advancements in remote health monitoring devices within
section 2.1, while section 2.2 focuses on the current approaches and methods
employed in this domain. Chapter 3 outlines the system model and problem
formulation of VLC-based MBSNSs, Also, it delves into the application of
machine learning approaches for estimation of channel parameters and presents
the detailed results of such techniques. Chapter 4 discusses potential future
developments in remote health monitoring systems. Lastly, Chapter 5
summarizes the findings and conclusions based on the work done throughout the

dissertation.



Table 1.1: Overview of recent surveys on remote health monitoring (Dalloul et

al., 2023).
Ref. Year Surveys Content details
(Buke et al., 2015) 2015 | Examined three healthcare algorithm applications utilizing

wearable inertial sensors

(Kocabas et al., 2016) 2016 | Assessed various encryption techniques to ensure data

security in medical cyber-physical systems

(Ketal., 2016) 2016 | Analyzed existing remote patient monitoring systems used

to measure different physiological parameters

(King & 2017 | Reviewed remote health monitoring applications designed

Sarrafzadeh, 2018) for smartwatches

(Gabor & Gausz, 2018) | 2018 | Presented low-power and bandwidth-ellicient sensor

designs for remote health monitoring

(Usman et al., 2018) 2018 | Suggested a four-tier security framework and reviewed
research aimed at improving wireless body area network

security and privacy

(Mshali et al., 2018) 2018 | Summarized health monitoring solutions for smart

homes catering to dependent and elderly individuals

(Gahlot et al., 2019) 2019 | Discussed and analyzed various smart health monitoring
technologies
(Wang et al., 2021) 2021 | Reviewed the application of the global navigation satellite

system for bridge structural health monitoring

(Shah et al., 2021) 2021 | Presented a remote health monitoring solution to reduce
clinical workload during the COVID pandemic

(P. Ma et al., 2022) 2022 | Analyzed multitemporal interferometric synthetic aperture

radar used for infrastructure health monitoring

(Oh et al., 2022) 2022 | Explored the advantages of continuous remote patient
monitoring for COVID-19 patients to reduce emergency

department readmissions

(Ashok& 2023 | Surveyed IoT remote health monitoring security
Gopikrishnan,2023) techniques using different methods
(Junior et al., 2023) 2023 | Reviewed different resource-elJicient systematic remote

pedestrian localization systems




Table 1.1: (Continue) Overview of recent surveys on remote health monitoring

(Dalloul et al., 2023).

(Krishna et al., 2023) 2023 | Analyzed research on remote health monitoring systems

for pandemic patients

(Abdellatif et al., 2023) | 2023 | Reviewed recent advancements in reinforcement

learning techniques for intelligent healthcare systems

This survey 2023 | Provided a comprehensive analysis of various antenna

architectures within patient monitoring applications, small
in- body implantable antennas, wearable antenna designs
for on- body applications, detection and imaging systems,
channel properties between devices, advancements in

wireless capsule endoscopy (WCE), together with sensor

and imaging technology system methods.




CHAPTER 2

2. LITERATURE SURVEY

2.1 ADVANCEMENTS IN REMOTE HEALTH MONITORING DEVICES

Technologies for the fifth generation and beyond (5G/B5G) have
progressed to a point where they can provide dependable connectivity, minimal
latency, and high-speed data transfer. This development unlocks new op-
portunities for telehealth. Lately, such innovations served a significant part in
assisting the elderly population by enabling early detection through the use of
health monitoring devices. We presented the idea of patient remote monitoring
in the previous section, reviewing its advantages and dilJiculties. In this section,
we will present an in-depth review of the newest developments in the innovation
field of devices. Some studies introduced different antenna schemes utilized in
various patient monitoring applications, while others focus on small implanted
antennas for essential usage within bodies and different motivations.
Additionally, on-body wearable antenna designs, particularly for detection and
imaging systems, are also discussed.

It is important to point out that this section offers in-depth details about the
improvements in features of various devices and the general influence of these
advances on the industry. The discussion may cover newly introduced
technologies, innovative features, and enhancements within elliciency,
performance, and experience of users. However, Section 2.2 concentrates on
implemented techniques explaining surveillance networks employed in this area.

This section describes approaches, strategies, and practices employed
within underlying systems. While Section 2.1 addresses the advancements in
device development, Section 2.2 enhances on these developments by

emphasizing the techniques and approaches implemented for surveillance



networks that take advantage of these advances. Collectively, both sections
present complete recent device technology developments grasped together with
their application in surveillance systems. This helps readers to better grasp the
field’s present status as well as the methods used to collect and evaluate data.

Dynamic metasurface antennas (DMAs), which offer simplicity and an
effective range, are employed in (Oesterling et al., 2020) for radio frequency
(RF) sensing motion applications in residential settings. Moreover, the suggested
DMA can detect minute movements, i.e., individual micro movements breath
within a line of sight (LoS) or non-line of sight (NLoS) manner, and generate
several reconfigurable patterns at a single frequency. Furthermore, the DMA
proposal takes into account the single noise calibration floor and can be
implemented within various room structures, making it a possible hardware
option for seamless monitoring of patients and intruder detection.

Additionally, (Li et al., 2020) introduce another metasurface antenna
design applied to optical sensing for telehealth systems. In this design, the phase-
changing GexSbzTes (GST) material which is recognized for its high conversion
rate and exceptional transmittance e[ Jiciency is utilized in an active rectangular
wave plate antenna metasurface. With a quarter-wave plate, the first metasurface
functions at a wavelength of 10.0-11.9 pm. On the other hand, the half-wave
plate metasurface of GST functions at a wavelength of 10.3—-10.9 um when it is
in its crystalline state. Figure 2.1 illustrates the two-wave plate metasurface. The
design achieves a 99.9% polarization conversion rate (PCR) and improved
transmittance el Jiciency by using both electric and magnetic resonance dipoles.

Moreover, (Yan et al., 2022) explore a different antenna design that uses a
grooved metal antenna to stimulate spoof surface plasmon polaritons (SSPs)
using a 1D dielectric gradient metasurface (GMS) coupler. This design’s
performance in the THz region was also evaluated. Unlike conventional metal
antennas, the proposed SSP antenna minimizes loss of absorption and great
efficiency sub-wavelength. The compact and ultrathin design of the SSP enables

its use in wireless health monitoring applications.



The findings show that the 0.46 THz-resonating SSP GMS offers 517.9
GHz/RIU high sensitivity, 262 high Q-factor, and a resolution of 0.0001 RIU.
Further investigation shows that the refractive index may be detected with 410

GHz/RIU sensitivity and 0.05 RIU resolution.

(a) Amorphous GST

(b) Crystalline GST

x-pol

Figure 2.1: Rectangular metasurface antenna including two types of plates
a) Quarter-wave plate in amorphous GST state and b) Half-wave plate in
crystalline GST state (Li et al., 2020)

Moreover, (Cibiraité-Lukenskiené et al., 2020) present a different antenna
approach. The work presents passive imaging with a broadband uncooled
detector, utilizing human body radiation within the range of lower THz
frequency. Figure 2.2 illustrates the detector design that combines a log-spiral
THz antenna with a Si CMOS field-effect transistor. According to experimental
data, responsiveness is constant between 0.1 and 1.5 THz frequency range. The
sensor attains a noise-equivalent power of 42 pW/VHz with an optical
responsivity of 40 mA/W. These results are consistent with simulations pointing
to a wider responsivity range than 2.0 THz. Additionally, an image of a hand’s
fingers, measuring 2.3 x 7.5 cm? with 1 mm?pixel size and 1 mm/s scanning
speed was obtained. The results showed a noise-equivalent temperature

difference of 4.4 and an SNR ratio of 2, which indicates good image quality.



Hence and for THz frequency detection applications, this architecture is suitable

for remote health monitoring systems.
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Figure 2.2: The log-spiral antenna integrated within the chip (Cibiraité
Lukenskien¢ et al., 2020)

The wideband spiral antenna design discussed in (Lee et al., 2011) is
intended for ingestible capsule endoscope systems, which are utilized for
imaging and detection in surveillance monitoring. Additionally, experiments
comparing the design’s performance in humans and an anesthetized pig are
presented. Using on-off keying (OOK) modulation, the capsule uses a small-
sized antenna to provide high-resolution, real-time images to the receiver. An
isotropic radiation pattern is produced by the antenna inside the capsule to enable
image transmission independent of the position of the capsule. In addition, the
effectiveness of the antenna was confirmed by measuring received power and
return loss in an anesthetized pig using a circularly polarized antenna; the results
were comparable to those obtained with a human phantom.

Another UWB symmetrical two-loop antenna design working within the
ISM band is shown in (Shang & Yu, 2019). The antenna design consists of dual
identical loops with parasitic and feeding patches in the middle. Based on

simulation results, it is possible to attain 143% UWB within the ISM band



spanning between 1.11 and 6.03 GHz by using dual rectangular patches together
with a 90" feeding direction angle. The developed antenna results with 124%
bandwidth when demonstrated on pork which represents suitability for different
biomedical applications such as ingestible wireless endoscopy.

The antenna-in-package design in (Chu et al.,, 2019) uses Bluetooth
technology on a smartphone that allows data transfer between wireless ingestible
capsules operating inside the ISM band. A modified inverted-F design is
included in the antenna structure to create polarization variety while reducing
size. Performance analysis demonstrates that, regardless of the orientation of the
capsule, the design offers strong link margins and digestive organs immunity
along with reflection measurements of the antenna utilizing a phantom of
muscle-mimicking.

The wideband implantable antenna with capacitance load used in (Cui et
al., 2019), is in favor of utilization for wireless capsule endoscopy (WCE)
architecture. The antenna’s ground plane and radiator are carved to minimize
bulk and enhance bandwidth impedance. Impedance matching can also be
optimized by including capacitance loading. This design outperforms previous
models in the pattern of radiation, bandwidth of impedance, and specific
absorption rate (SAR), according to experimental tests on chicken breasts. The
antenna occupies only 120 mm? compact volume and the projected impedance
bandwidth spans from 2.17 to 2.69 GHz, with 20.5% for |[S11| less than -10 dB
bandwidth.

Furthermore, a 434 MHz ultraminiature low-profile wireless in-body
antenna intended for ingestible and implantable applications in telemedicine
tracking is presented in (Nikolayev et al., 2017). The antenna is down sized using
an analytical method that avoids impedance detuning, and the system functions
with an input impedance of 50 Q. A biocompatible capsule’s interior surface is
also improved. To ensure increased resilience, the antenna’s performance is
tested in heterogeneous phantoms that replicate the tissue of the gastrointestinal
tract using a high-permittivity capsule. Considering the radiation and reflection

coellicients, the measurement results demonstrate consistent performance.
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The paper (Xu et al., 2020) introduces a circularly polarized antenna for
wireless embedded applications within the ISM band for monitoring patients
remotely. The antenna’s input impedance is examined in conjunction with a
minimized ground in lossy muscle tissue. To improve impedance matching, arc-
shaped slots, shorting pins, and LC components are included. The simulations
show an axial ratio, 18.3% circular polarization bandwidth, and satisfactory
impedance matching for the  * 4.82 small antenna.

Moreover, a highly directed embedded dipole antenna with linear po-
larization is shown in (Aggarwal et al., 2017) for 60 GHz millimeter-wave radio.
In order to decrease the interference of channels within wireless links, the system
employs the use of 1.5 T MRI together with time division multiplexing (TDM)
and modulation of on-off keying (OOK). A raw bit error rate (BER) of 107° is
reached across 10 ¢cm, which is better than 1072 BER for WiFi or 802.11n
systems as well as 103 BER Bluetooth Thus, wearable wireless MRI receivers
in remote healthcare applications could benefit from this topology.

In addition, circularly polarized (CP) based antenna design within the band
of ISM is presented in (Xu, Jin, et al., 2020) for remote health monitoring
systems that diagnose and monitor physiological parameters. A pin-loaded patch
with two non-degenerated orthogonal modes and two open-ended slots is
integrated into the antenna design. Moreover, in lossy tissues, the walls around
the pin-loaded patch serve to reduce gain loss. Simulations show an impedance
0f 23.1% and a CP antenna bandwidth of 12.8%, along with a gain improvement
of 1.5 dBi. The proposed antenna design was manufactured and tested, with the

results closely aligning with the simulations, as shown within Figure 2.3.
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Figure 2.3: Circular polarization antenna measurements and simulations in
various tissues (Xu, Jin, et al., 2020)

Additionally, the results of a previously developed sensor technique for
gas spectroscopy alongside telemedicine assessment using human breath
analysis are discussed by the authors in (Schmalz et al., 2017). A transmitter and
receiver constructed with IHP’s (0.13 um SiGe BiCMOS) technology are
integrated into the system. It makes use of a mm-wave/THz system with
fractional integer-N phase-locked loops (PLLs) and convertible gas absorption
cells with embedded antennas that function at 238-252 GHz and 494-500 GHz.
The suggested sensor technique’s construction is shown in Figure 2.4. The
revised system achieves a time acquisition of 52 seconds as opposed to the prior

133 seconds and is more compact than the previous version.
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Figure 2.4: Absorption cell integrated with both transmitter and receiver gas
spectroscopy sensors schematic (Dalloul et al., 2023)

Furthermore, an effective relative permittivity (gef) three-layer model in
human lossy tissue superstrate dual-band implantable antenna was described by
(Xu et al., 2021). This antenna works in the ISM band as well as the 1.4 GHz
wireless medical telemetry service (WMTS). Two arc-shaped tails with open
ends were included in the antenna in order to accomplish circular polarization
(CP). A CP 21.3% impedance bandwidth within the ISM band along with
10.38% bandwidth in the WMTS band was obtained by the experiment.

The authors of (Bharadwaj et al., 2017) describe a compact, cost- effective
on-body antenna design that employs impulse wideband radio-ultra tech to
detect 3D indoor limb body anatomy movements. Taking into account both LoS
and NLoS routes, the body-centric wireless channel characteristics were
analyzed, including parameters like Kurtosis, magnitude of path loss, multipath

components, and the spread of RMS delay.
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The implanted antenna’s pulse-preserving ability was evaluated by analyzing
received signal accuracy, which demonstrated 90% accuracy localization over
0.5-2.5 cm. Thus, this sensor design network significantly impacts patient
monitoring and healthcare applications.

Additionally, the authors of (Sayem et al., 2019) examine the development
of conformal wearable transparent antennas designed for wireless health
monitoring and other real-time body-centric communication applications,
especially for the elderly and dementia care. This design creates a simpler,
affordable, robust, and flexible antenna by using a mesh conductive sheet using
polydimethylsiloxane (PDMS) polymer as the substrate. To validate the design,
a dual-band antenna prototype operates in the ISM and WLAN bands (2.33-2.53
GHz and 4.7-5.6 GHz). The gain and el liciency were further enhanced using a
two-layer conductor to improve RF performance.

Moreover, a human body-worn network design with twelve sensors is
employed in (Bharadwaj et al., 2014) for indoor UWB human motion detection,
which is useful for remote health monitoring. Different base stations, time of
arrival (ToA), and first peak detection approaches are taken into consideration.
To measure the absolute displacement error, a 2D localization error was obtained
using 8 transmitters, and accuracy was assessed within the optical motion
system. Comparing the resultant inaccuracy in commercial optical systems, it
was one-third lower. Furthermore, the cuboid-shape configuration with 4
transmitters produced a 2-3% (accuracy reduction of 0.5-1 cm) average
percentage error nevertheless the Y-shape configuration produced a 4%
(accuracy reduction of 1-1.5 cm) error. The Y- shape is more straightforward and
compact, which makes it appropriate for healthcare monitoring even with its
marginally lower accuracy.

In (Peng et al., 2018), a WCE-based Impulse radio (IR) system for
telehealth applications is utilized to investigate an on-body triband coil antenna.
There are three frequencies at which the planned antenna can function. The paper
first addresses a picture transmission technique using low-frequency multi-band

communication. Furthermore, three wearable antennas with various parameters
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were built and simulated to help the performance of the transmission. The
findings demonstrated that, in comparison to the simulated values, 50 mm
attenuation produced 32, 43, and 52 dB at the three operating frequencies,
meaning 10.3, 13.3, and 16.4 dB more attenuation.

In addition, (Montaseri et al., 2023) a novel wearable antenna approach for
wireless body area networks (WBANSs) powered by the Internet of Medical
Things (IoMT) is presented for use in health monitoring devices. The antenna
network employs an elliptical leaky-wave antenna (LWA) positioned on the hubs
in conjunction with Walsh-Hadamard coding to achieve simultaneous
orthogonal signals and immunity from interruptions. The elliptical hub antenna
and suggested sensors network are shown in Figure 2.5. The computed results
were in agreement with the findings of the simulations and experiments, which
showed better on and off-body connections than previous antenna designs. The
two findings indicated 68° and 72° half-power beam widths in the Y-Z
coordinates, respectively, and roughly radiation pattern ripples of 3 and 3.5 dBi

in the X-Z plane.
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Figure 2.5: WBAN elliptical antenna system and sensors structure method
based on [oMT (Montaseri et al., 2023)

15



Furthermore, (Omer et al., 2020) investigate the glucose sensitivity
concentrations in low variation frequencies using a common coaxial probe kit in
water-glucose tests, taking into account tangent loss and variations in the
permittivity of the dielectric. The three concentrations data are presented in
Figure 2.6. The Whispering Gallery Modes (WGMs) bio-sensor sensing system
exploits the water-glucose relative permittivity in the 50-67 GHz mm-wave
range, illustrated in Figure 2.7. Intending to provide continuous glucose
monitoring for potential use in telehealth applications, this sensing structure
tracks the magnitude and phase fluctuations of WGM. A (2.5-7.7 dB/[mg/ml])

sensitivity performance was demonstrated by the results.
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Figure 2.6: WGM resonance sensing measurements made at various glucose
test doses (Omer et al., 2020)
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Figure 2.7: Wireless WGM sensor topology (Omer et al., 2020)

In (Rahmatinia & Fahimi, 2017), the authors present a hybrid approach
that combines high-frequency excitation techniques with thermography for
cancer detection purposes. This approach leverages both the temperature
distribution and variation across the breast to predict the tumor’s position and
size. A direct association between temperature, specific absorption rate (SAR),
size, and location is also shown via the heat transfer equation to identify the
surface temperature distribution. Thus, potential applications for this design
technique include remote patient monitoring with wearable technology.

In (Zerrad et al., 2023), a new UWB antenna design used in the detection
of breast cancer is presented. Four star-shaped parasitic pieces, a rectangular
slotted patch, and a tapering slot ground are all part of the design. Throughout
its radiation bandwidth, the introduced antenna design obtains a 6 dBi realized
gain as well as 80% el Jiciency. Hence, it exhibits minimum signal distortion and
provides great directionality. An antenna array was positioned above the breast
to collect transmitted and reflected waves for cancer characterization in order to
confirm the device’s functionality and a breast phantom was made as well. The
results of the detection of tumorous and benign breast tissue are shown in Figure

2.8.
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Figure 2.8: Tumor detection simulation results (Zerrad et al., 2023)

Moreover, a split-ring sensor resonator is employed in (Camli et al.,
2017) to detect glucose and cancer. The frequency-dependent detection method
is predicated on structural characteristics such as electrical permittivity. For
glucose, glucose oxidase was integrated to give it biospecificity. Furthermore
and following theoretical predictions, the 17.5 MHz frequency redshift in 15
minutes and 7.3% maximum error rate, together with 0.107 MHz/mgml ™!
sensitivity validates the reaction to glucose DI water.

A metamaterial antenna array for visualizing and detecting breast cancers
is presented in (Alibakhshikenari et al., 2020). Located around a breast model,
the transceiver is made up of square concentric rings that are linked to a center
patch. Concerning traditional patch antenna arrays, this topology obtains 11 dBi
average radiation gain together with 18% e[ Jiciency improvement. The antenna
also shows a 30 dB average isolation among the radiators and S11< —20 dB
average reflection coellicient, which minimizes distortion and allows the

detection of weak signals.
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A radar system for remotely monitoring the human respiratory system is
presented in (Sakamoto & Koda, 2020). The system employs continuous waves
(CW) and is integrated with a two-dimensional nine-element antenna array
design together with signal processing algorithms to function at 2.4 GHz. The
measurements show that this design can successfully capture internal images of
the respiratory system and accurately measure the breathing rate. Furthermore,
the system’s accuracy was validated by recording ribcage circumferences with a
piezoelectric respiratory sensor. The final results indicate a 30 ms mistake in
breathing interval estimation as well as a 0.05 m average imaging error.

Moreover, (Sacedkia et al., 2005) describe an imaging technique that
investigates the usage of a photoconductive sensor and continuous-wave
terahertz array, emphasizing the terahertz rays’ characteristics. By employing an
array operating at 1 THz, this system achieves lower pW terahertz power levels
while simultaneously improving terahertz power output and consuming less
power. Additionally, the analysis focused on how the applied DC bias and beat
frequency affected the radiated power. The radiation path could be guided by
more than 30° via varying the angle among the two laser rays, hence qualifies
the method for medical imaging and monitoring applications.

The work in (SalmanOgli & Rostami, 2013) explores the connection
within dye molecule fluorescence with surface plasmon resonance (SPR). The
primary goal is to optimize nearfield amplification by making use of plasmon
hybridization modes within nanoparticles. This is important because it will
extend the lifespan as well as enhance dye quantum el liciency within deep-tissue
scanning for telemedicine uses. Also, it investigates the use of strong plasmon
resonance nanoparticles (NPs) to broaden the visible near-infrared (NIR)
spectrum. Variables like the radius and surface distance of the NP, as well as the
thickness of the inner and outer shell layers, were associated with an increase in
fluorescence.

A wireless, batteryless trimodal brain interaction system-on-chip (SoC)
is presented in (Jia et al., 2020). The SoC has two sets of sixteen channels each

for brain recording and optical stimulation, in addition to eight channels for
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electrical stimulation. Four paralyzed rats were used for in vivo and in vitro,
testing of the system, and the outcomes demonstrated that the trimodal SoC
successfully caught neurons and tissue reactions. This indicates that a wide range

of wireless patient monitoring applications could benefit from it.

2.2 CURRENT METHODS AND APPROACHES IN REMOTE HEALTH
MONITORING

Two essential variables in systems that monitor health remotely are the
type of devices used and the techniques employed. A comprehensive overview
of the several health monitoring equipment was given in the preceding section.
This section will focus on the different methods implemented in these systems.
Some studies have explored channel characteristics for the aforementioned
devices, while others focus on advancements in wireless capsule endoscopy
(WCE). There is also work on sensing and imaging techniques.

Impulse response analysis is applied in (Hwang et al., 2015) to examine a
channel approach to human body communication (HBC). The study analyzes
impulse response magnitude and phase as random variables evaluated on 70
human participants using the optical-synchronization approach, in order to
mimic channel fluctuations over a broad frequency range (5-80 MHz).
Additionally, the signal loss varies for each HBC user due to differences in
dielectric properties. Tests for evaluating the random variables’ normality
revealed that they had a uniform distribution with an identifiable mean and
standard deviation. Moreover, the outcomes showed dependence between the
impulse responses at the sampling point, indicating the model’s suitability for
credible data transfer in medical applications.

Furthermore, data rates, resolution, and power of transmission among both
in and on-body ultra-wideband (UWB) channels of communication are
investigated by (Floor et al., 2019), with a focus on the initial disease detection
in telemedicine using WCE. In three different scenarios, the power was assessed

utilizing quadrature phase shift keying (QPSK) modulation, channel capacity,
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and a combination of PPM and QPSK modulation using Reed-Solomon (RS)
coding for the channel. The results show that power elliciencies occur at lower
frequencies, and that capacity and transmitted power do not change even at
higher bandwidths than 1 GHz. Furthermore, PPM and QPSK’s performance
differed very little.

In addition, (Mollah et al., 2021) present a bio-sensor channel of dual-
analyte that combines surface plasmon resonance (SPR) with a very sensitive
photonic crystal fiber (PCF) construction. Also, using the finite element method
(FEM), the sensor architecture was characterized and shown to have 2,792.97
RIU™! amplitude sensitivity (AS) as well as 186,000 nm/RIU wavelength
sensitivity (WS). This bio-sensor shows promise for health monitoring
applications, particularly in detecting biomolecules and other biological
analytes.

Moreover, interbody channel characteristics for in vivo wireless sensor
systems using nanotechnology are investigated by (Elayan et al., 2017) at both
optical frequencies (400—750 THz) along with terahertz bands (0.1-10 THz).
This work has implications for precise diagnosis of illnesses and intrabody
health tracking, among other fields. The computation of path loss took into
account both small and large-scale scattering, waves propagating impact, and the
absorption of molecules in human tissue. Model validation was accomplished by
means of Electromagnetic simulations, which confirmed analytical results. The
paper also discusses the link budget for nanodevices in the human body,
emphasizing receiver sensitivity, path loss, and transmission power for photonic
and terahertz equipment.

Furthermore, a body antenna network (BAN) intended for power-
sullicient wearable medical sensors and wave propagation close to the body’s
skin is investigated in (Lea et al., 2009). The system operates with band-aid
antennas with the help of the Norton wave process. The thinner outer layers of
the body surface were found to be insignificant at a frequency of 3 GHz, and a
two-layer structural model was determined to be sulicient to compute path gain.

Short-range path gain is frequency-dependent; however, employing ultra-
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wideband (UWB) leaves the Norton surface channel dispersion less, which is
advantageous for communication. Also, the suggested design is contrasted in the
study with other published experiments.

In (Maity et al., 2019), the authors present an evaluation of the
performance of a multi-data rate receiver that allows frequency-modulated (FM),
amplitude-modulated (AM), and continuous-wave (CW) broadband human-
body communication. WBAN-based health tracking applications benefit from
enhanced safety and energy conservation due to this technique. The receiver
obtains a signal-to-interference ratio (SIR) of 22 dB elJiciency across AM and
FM techniques, according to the simulation results that are presented.
Additionally, an oscilloscope designed to detect signals from the human body
reveals a 10~ bit error rate (BER) for all FM, AM, and CW methods, with a -21
dB elJiciency in interference rejections.

A backscatter radio frequency system intended for remote excessive data-
rate communication with deep medical devices in (Khaleghi et al., 2019) is
presented. Furthermore, Considering the removal of the transmitter at the
implant, this approach reduces power usage by 20-45 mW and allows for remote
data processing. For wireless capsule endoscopy (WCE), the system employs the
use of a self-resonant configurable antenna that produces a significant cross-
section of radar. In order to strengthen the backscatter connection and the
implant’s ability to read information, a bistatic wearable antenna design is
suggested. The design was tested on liquid phantoms and in vivo animals, and it
was confirmed using numerical simulations. According to the results, the capsule
used a 250 mW reader power to obtain scatters back data rates of 1 and 5 Mb/s
at 13 cm depth.

Moreover, the work of (Khan et al., 2018) investigates the GI tract
navigation and wireless capsule endoscopy (WCE) positioning device for
monitoring patients from afar. The position of the capsule within the stomach,
small intestine, and large intestine was ascertained using a 3D full-wave human
tissue simulation. The research studied crucial aspects influencing location

reliability, such as the arrangement of the sensor array, tissue features, and the
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number of capsules. It also considered cases where the transmitted signal
followed a specific probability distribution. Results from the computational
solver showed that the number of external antenna receivers significantly
influenced localization accuracy, more so than the number of capsules used.
Moreover, the power distribution had the greatest impact on the large intestine.

The authors of (Shoaib et al., 2019) examine a variety of methods for
improving optical brain imaging (OBI) systems’ spatial resolution. OBI devices
have limitations in terms of spatial resolution, especially for brain imaging, even
though they are more affordable, portable, and user-friendly than other medical
imaging methods. Two major limitations include the low penetration of near-
infrared (NIR) light through deep tissue and the unpredictable path of NIR
photons. Also, it discusses the OBI systems concepts and boosting spatial
resolution issues. Additionally, it provides an overview of different approaches
to resolving these problems and compares them with other imaging systems that
have higher spatial resolution. One such technique for improving spatial

resolution involves assessing two different brain regions, as shown in Figure 2.9.
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Figure 2.9: A demonstration of the technique for improving optical brain
imaging by locating specific brain regions over a given distance (Shoaib et al.,
2019)
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Moreover, (L.-Y. Ma & Soin, 2022) provide physical detecting devices
overview including their materials, performance, printing methods, and interface
circuits for worn monitoring of health purposes. These sensor devices are
intended to track biometric variables like mobility strain, skin temperature, and
pulse wave pressure. The article also examines the architectures and
functionalities of printable interface design coupled with sensors on clothing,
highlighting current developments in this field. Also, Thin-film transistors,
digital circuits, antennae, and amplifiers, together with interconnects are
interface circuits with different examples.

The distortion of transmission information resulting from surface wave
propagation and complicated electromagnetic (EM) wave diffraction is studied
in (Koutsoupidou et al., 2020). The study utilizes two antennas to assess
transmission variations in a millimeter-wave glucose sensing system. Numerical
simulations combined with glucose-related experiments showed that undesired
multipath transmissions had a substantial effect on the signals received.
Nevertheless, the use of absorbers surrounding the skin prototype with the
sensor-equipped antennas helped to address the problem. As a result,
transmission modifications (AS21) show that the suggested glucose sensing
system’s sensitivity was increased.

Furthermore, (Fawole & Tabib-Azar, 2016) investigate near-field THz
imaging to address the challenges of spatial resolution in imaging applications
using various biological samples. The design combines a horn antenna with
Teflon, quartz, and metal probes for imaging applications. These probes were
used to image the wing of an insect, the brain of a mouse, and a leaflet of a dwarf
umbrella tree. The mouse brain’s imaging results showed different areas within
specific parts, however the leaflet’s venation was clearly apparent. Furthermore,
compared to optical imaging, the bug wing imaging showed a corium shift
towards membrane areas exhibiting a distinct profile. For additional imaging
applications, a dielectric slab comprising an interior framework was used in

another solution.
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In addition, (Zhao et al., 2022) present an imaging system consisting of a
thermoacoustic ultrashort pulse microwave to ease the limits in large-field
imaging. The design has a 14 cm %X 14 cm imaging view, 7 cm imaging depth,
microwave radiation of 40 cm X 27 c¢cm, and 290 pm resolution. Furthermore,
design performance was evaluated using an in vivo cancerous tumor of a human
breast implanted inside an ewe breast phantom (t X 5 cm x 5 cm) with a tumor-
to-background contrast ratio of 1:2, as well as breast tumor phantoms of various
forms. The results demonstrated the system’s capability to accurately detect

breast tumors, indicating its potential use in breast screening applications.
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CHAPTER 3

3. MACHINE LEARNING CHANNEL PARAMETER
ESTIMATION IN VLC-BASED MEDICAL BODY SENSOR
NETWORKS

3.1 OVERVIEW OF MACHINE LEARNING CHANNEL PARAMETER
ESTIMATION IN VLC-BASED MBSNS

A significant advancement in wireless connectivity is brought about by the
Sixth Generation (6G) communications evolution, which enhances the
capabilities of networks with Ultra Reliable Low Latency Communications
(URLLC), Enhanced Mobile Broadband (eMBB), Massive Machine Type
Communications (mMTC), and huge information communications. This creates
opportunities for novel services and applications, as illustrated in Figure 3.1.
Table 3.1 shows the main service contrasts between Fifth Generation (5G) and
6G utilizing a variety of key performance indicators (KPIs). Furthermore, 6G
makes use of machine learning (ML) and artificial intelligence (Al) (P. Mitra et
al., 2021; Yang et al., 2019) to facilitate context-aware communication, improve
security, dynamically allocate spectrum, and maximize network administration.
6G is a revolutionary developmentin wireless technology given the
incorporation of ML, which guarantees clever, flexible structures that support
self-governing systems, distribute resources effectively, and provide
individualized communication experiences (Kaur & Khan, 2022; Kaur et al.,
2021). In order to emphasize the advantages of applying ML within wireless
communication systems, the work in (Xiao et al., 2022) introduced a deep
learning (DL) framework designed for modeling link-level Multiple-Input
Multiple-Output (MIMO) channel conditions.
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They validated the proposed model using cross-validation methods and power
analysis, confirming its efficiency, reliability, and consistency in performing DL-
based Channel State Information (CSI) feedback tasks.

In addition, a promising integration to the 6G is Visible Light
Communication (VLC) technology which maximizes regular indoor
applications like transmission of data and indoor positioning by offering the

potential to exchange information within the spectrum of visible light.
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Figure 3.1: The architecture vision of 6G (Antaki et al., 2025)

Furthermore, incorporating VLC into 6G systems overcomes connectivity.
Challenges through offering hybrid communication networks that leverage the
combination of VLC and radio frequency to address network issues in densely
populated areas or high interference from electromagnetic wave areas. For
critical 6G services such as the Internet of Things (IoT) and healthcare settings,
these hybrid systems use VLC capabilities to improve security in line-of-sight
contexts (Ariyanti & Suryanegara, 2020) while offering higher data speeds and
reliability.
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Additionally, the introduction of VLC-based Medical Body Sensor
Networks (MBSNs) through 6G networks has been a remarkable development
in the healthcare sector since it would facilitate efficient communication among
external equipment and medical sensors. In healthcare settings like clinics and
hospital facilities, there is a growing need for a variety of technologies, including
the Internet of Medical Things (IoMT), Wireless Sensor Networks (WSNs),
Biomedical Signal Processing, and Telemedicine. These technologies employ
real-time biological variable tracking to provide prompt interventions and early
identification of health hazards. To showcase the potential of ML in WSNSs, the
study in (Fei Chengweiand Liu, 2021) underscores the increasing significance
of ML in advancing Wearable Health Monitoring (WHM) systems. It contrasts
traditional ML methods with newer DL techniques like Sparse Coding
autoencoders and Recurrent Neural Networks (RNNs), highlighting their
superior performance in handling time-series sensor data, enabling automated
feature extraction, recognizing user activities, and achieving more accurate
classifications. Building on this, the research in (Manikandan et al., 2025)
introduces a DL-based WSN architecture aimed at real-time health monitoring
and disease diagnosis. Their approach achieved a 96% classification accuracy
and a low error rate of 0.08, outperforming conventional models by over 5% in
accuracy, thereby reinforcing the value of ML integration in VLC-enabled WSNs
for enhanced healthcare reliability and performance. Furthermore, embedding a
VLC-based MBSNs into the 6G infrastructure proves pivotal for applications
like electronic health (eHealth), indoor localization, underwater data exchange,
and advanced sensing systems. As demonstrated in (Niarchou et al., 2021), VLC-
powered MBSNSs facilitate high-precision tracking and sensing, key components
in supporting massive loT deployments and URLLC requirements of 6G.
Moreover, the incorporation of Al and ML into these networks addresses critical
challenges, such as Light Emitting Diode (LED)-induced nonlinear distortions,
variable environmental conditions, and system security flaws. This integration
enhances essential tasks like phase and channel estimation, modulation

detection, and real-time positioning (V. N. Saxena et al., 2023).
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Ultimately, this synergy contributes to robust, high-capacity, and dependable
communication systems aligned with 6G’s objectives for smarter resource

management, enhanced security, and intelligent connectivity.

Table 3.1: 5G and 6G communications KPIs comparison (Antaki et al., 2025)

KPI 5G 6G
Traffic Capacity 10 Mb/s/m? ~1-10 Gb/s/m3
Data rate: downlink 20 Gb/s 1 Tb/s
Data rate: uplink 10 Gb/s 1 Tb/s
Uniform user experience 50 mb/s, 2D 10 Gb/s, 3D
Latency (radio interference) 1 ms 0.1 ms
Jitter Not Specified 1 s
Reliability (frame error rate) 1-10¢ 1-10°
Energy/bit Not Specified 1 pJ/b
Localization precision 10 cmin 2D 1l cmin 3D

Designing various medical facility scenarios, including intensive care
units (ICU), semi-private patient rooms, family-type patient rooms (FTPR), and
clinics, requires diverse key criteria. Important concerns like latency,
electromagnetic interference (EMI), security, and health hazards related to
exposure to radio frequency (RF) technology are all addressed by VLC-based
MBSN networks in healthcare settings. Among several advantages of VLC
which provides immunity to interference of RF, non-interference with medical
equipment, and improved security by preventing eavesdropping. The authors in
(Zwaag et al., 2021) used an ICU environment to test a Manchester On-Off-
Keying (OOK)-based VLC system in order to demonstrate the usefulness of
VLC in healthcare environments. In addition to successfully monitoring critical
indicators like the heart rate, saturation of oxygen, and blood pressure, this
system achieved Eye Opening Penalty (EOP) values of 0.89, 0.96, and 2.67 dB
over transmission distances of 1.5 m, 5 m, and 15 m, respectively. This helped

to stop the spread of disease. Also, utilizing WSNs positioned on essential
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biological areas such as the shoulder, wrist, or ankle allows MBSNs to gather
unique information from the worn sensors within patients' bodies in order to
collect maximize vital signs, reduce interference, ensure ease of use, and offer
biomechanical stabilization. In applications such as the exchange of real-time
health information, embedded medical device advancement, remote and
continuous surveillance of patients, and personalized healthcare, leveraging
VLC can assist in promoting security, efficiency, and reliability of medical data
interchange within healthcare technology. Thus, delivering improved diagnosis,
care, and overall health results is a significant step toward creative and patient-
centered healthcare solutions.

To tackle the real-world challenges of deploying MBSNs systems in
hospital environments, the study in (Guana-Moya et al., 2024) presents a
thorough survey of VLC-based eHealth solutions, with a particular emphasis on
modulation schemes and channel coding strategies. The paper not only reviews
various research efforts, including hands-on implementations, but also points out
key obstacles that remain, such as the need for more efficient channel coding
methods and the development of hybrid VLC-RF systems to ensure stable
performance in dynamic and non-line-of-sight hospital settings. In a related
effort,(Celik et al., 2022) offers an in-depth analysis of Internet of Bodies (IoB)
technologies, addressing the complexities involved in modeling due to the
human body’s diverse dielectric properties. It highlights electro-quasistatic
human body communication as a strong candidate, offering advantages like
minimal signal leakage and enhanced data security. The paper also stresses the
importance of improving channel estimation techniques and enforcing stricter
privacy measures. Likewise, the study in(Celik & Eltawil, 2022) examines
communication methods within IoB systems, comparing conventional RF-based
approaches with body-coupled communication, which stands out for its higher
data rates and energy-saving potential. Although both surveys include
experimental results, they point to several persistent issues, such as the lack of
accurate modeling tools, signal interference in multi-user scenarios, and the

absence of unified communication standards.
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These limitations underline the ongoing need for deeper research and stronger
regulatory frameworks to build secure, efficient, and interoperable MBSN
solutions for healthcare applications.

Integrating IoT into healthcare systems offers significant advantages,
including continuous monitoring and better overall patient care. However, it also
raises important ethical concerns. One major issue is informed consent, as the
ongoing and often passive nature of data collection in IoT setups can leave
patients unaware of the full extent of what is being monitored. Protecting
sensitive health data from unauthorized access is another major challenge,
alongside the need to maintain data integrity to avoid errors in diagnosis or
treatment. Privacy risks also emerge due to the potential for data interception
during wireless transmission. Ensuring proper access control is vital to prevent
exploitation or misuse of personal medical data. To address these challenges, the
study in(Zakerabasali & Ayyoubzadeh, 2022) emphasizes the use of encryption
techniques, secure cloud infrastructure, and strict access control systems.
Expanding on this, the authors in(Subramaniam et al., 2023) proposed a privacy-
preserving and interoperable IoMT framework tailored for remote healthcare
use. Their system includes features like device authentication, low-power
clustering, environmental sensing, data verification, and secure encryption, all
aimed at boosting network reliability and safeguarding patient information.
Their method showed strong results, with a 20% boost in data rate, a 15% drop
in packet loss, a 35% extension in network lifetime, and a 10% decrease in both
energy use and communication delays. Additionally, VLC-based MBSNs can
play a key role in strengthening ethical standards by taking advantage of their
secure transmission capabilities to protect patient data and uphold privacy in
healthcare environments.

Furthermore, a variety of VLC channel parameters, including Root Mean
Square (RMS) delay spread and DC channel gain, are crucial for accurately
regulating the system's entire efficiency. According to (Zhu et al., 2022),
current developments in modeling of VLC, like the proposed 3D space-time-

frequency geometry based stochastic model (GBSM), have shown capabilities
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in capturing distinctive indoor VLC channel characteristics, such as non-
stationarities and light-emitting diode (LED) radiation patterns and receiver
influence movements. DC channel gain parameter represents attenuations of the
transmitted signal that influence the strength of the received signal and,
consequently, affect the signal-to-noise ratio (SNR). A higher DC channel gain
can help lower path loss, but it also causes the signal to weaken more over long
distances. This means the system’s performance can suffer because the signal
received at the other end isn’t as strong. Likewise, the RMS spread, which
represents the temporal dispersion of the received signal, describes the
propagation impact of the multipath across the communication channel. The
multipath effects, in which transmitted signal delayed duplicates interact with
the original signal, resulting in intersymbol interference (ISI) and thus lowering
quality of communication, are directly shown by this temporal dispersion. This
measure helps design equalization approaches to reduce ISI and gives an
understanding of channel behavior within VLC-based MBSNSs, allowing for
higher data rates and secure transmission in dynamic situations. The efficiency
and dependability of VLC systems can be improved by comprehending and
reducing both factors.

Several approaches are used in VLC to create reliable and effective
communication networks; however, in order to overcome such challenges, it is
essential to make accurate estimates of the key channel characteristics in the
VLC environment. For this reason, VLC offers a variety of useful strategies.
Among these is the channel-sounding approach, which uses pilot signals or
training sequences to express the receiver's channel response. Furthermore, the
channel's response, that is expressed by recognized impulses and provided as
pilot signals or training sequences, can be examined using the channel impulse
response (CIR) technique. Also, frequency-domain, time-domain, statistical
modeling with Rayleigh or Rician distributions, and other techniques are
frequently used to estimate significant parameters like propagation of multipath
components, delay spread, and the ratio of SNR. Moreover, there are impressive

possibilities for channel characteristics estimation within VLC systems once ML
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is integrated in order to learn complex patterning and determine channel
parameters from transmitted and received data. These cutting-edge techniques
show potential in accurately calculating channel characteristics within VLC
systems, which will improve efficiency as well as reliability. A data-driven
method for handling challenging communication settings is provided by using
ML-based channel estimate processes, which ultimately results in more resilient

and adaptable VLC systems.
3.1.1 Ml Approaches For Channel Parameter Estimation

In order to improve the effectiveness and resilience of state-of-the-art
technologies like VLC networks, ML approaches must be employed. This will
help to solve practical issues like nonlinear distortion, security, jitter, localization
accuracy, and estimation of channels. ML efficiently reduces fading effect,
increases rate of convergence, and strengthens the network's protection against
eavesdropping by utilizing a different approaches. Additionally, such techniques
analyze enormous data to identify correlations across variables that affect signal
propagation, reducing illumination noise, scattering, and signal distortion. Thus,
in VLC implementations these models allow for the construction of systems with
high location accuracy, decreased errors, and enhanced performance (V. N.
Saxena et al., 2023).

Despite such difficulties, precise prediction of the channel parameters is
significant since it has a direct impact on the ability of the system for modeling
transmission settings, maximize efficiency, and sustain reliable communication
in a variety of scenarios. As a result, we examine a number of crucial
ML techniques in this subsection that have shown promise in estimation
of channel parameter for wireless setting. Among these methods are elementary,
widely used methods including Linear Regression (LR); more sophisticated
models like K-Nearest Neighbors (KNN) together with Support Vector
Regression (SVR); and sophisticated RNN structures with their variations, such

as vanilla RNN, Gated Recurrent Unit (GRU), and Long Short-Term Memory
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(LSTM). Every approach has different benefits, from simple interpretability to
complex modeling of sequential dependencies.

In order to provide an initial description of the relationship between the
input of independent variables and the output of dependent variables, a statistical
supervised linear regression (LR) ML method is utilized. This initial data
investigation is then useful to assist in choosing more complex ML methods
since it is perfect for studying trends and forecasting outcomes due to the linear
relationship assumption between the variables (Maulud & Abdulazeez, 2020).

Moreover, another supervised non-parametric ML method used for
classification and information estimation is K-Nearest Neighbors (KNN). The
fundamental idea behind KNN is to classify or predict outcomes based on the
degree of similarity between the input elements. This is accomplished by
employing distance metrics such as the Euclidean, Manhattan, Minkowski, and
Hamming distances to compare data points inside the feature space (Rahman et
al., 2024). For continuous regression tasks, the output is calculated by averaging
k-nearest neighbors’ values, but for discrete classification cases, the majority
within these neighbors is used to decide the result (Zhang, 2022).

Additionally, Support Vector Machines (SVM) can be extended to estimate
nonlinear and linear data using Support Vector Regression (SVR) which is
considered a supervised model (Zhou et al., 2021). By establishing an epsilon-
tube margin that excludes true output deviations, SVR reduces estimation error
while concentrating on minimizing outside margin errors. This method focuses
on necessary errors instead of improving the whole dataset, which helps SVR
process information with greater efficiency. SVR finds the best hyperplanes for
precise predictions by mapping input parameters onto higher-dimensional spaces
(Yu et al., 2022).

Moreover, applications involving data sequence estimation, including
large modeling of languages, text generation, recognition of speech, forecasting
time series, and the analysis of videos, frequently employ Recurrent Neural
Networks (RNNs) which is a class of deep neural networks. RNNs' memory

component allows the usage of data from prior sequences to generate new
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results (Gizzini & Chafii, 2024). The vanilla RNN represents the simplest form
of this architecture and works well for short estimation sequences in which
generating is dependent on the latest inputs only (Mao & Sejdi¢, 2023). whereas
working with long sequences of data have difficulties detecting long-term
dependencies since they only store data from the recent few outputs. This
limitation, known as the vanishing gradient problem, stops the network from
efficiently obtaining long-sequence data.

Furthermore, the Gated Recurrent Unit (GRU) is a powerful RNN
variation with a simpler gate topology (Zengeya & Vincent Fonou-Dombeu,
2024). An update gate (z;) and a reset gate (r;) make up the GRU's gate structure,
which preserves both efficiency and performance. Due to their different
responsibilities for determining how much of the prior output should be
disregarded or used in the subsequent stage, both gates determine the flow of the

data through ML (Brandao Lent et al., 2022).
3.1.2 Related Works

To examine ML-based channel estimation in VLC infrastructure, (Jativa et
al., 2021) investigate an Extreme Learning Machine (ELM) for equalization and
channel prediction in VLC systems utilized in underground mining settings. In
order to enhance bit error rate (BER) performance, the suggested ELM-based
system makes use of single-layer feedforward networks (SLFN). Moreover,
leveraging artificial neural network (ANN) based ML, the authors in (Alkandari
et al., 2023) investigate visible light positioning (VLP) error performance which
uses both indoor system positioning and VLC for 3D indoor drone localization.
Significant improvements in drone localization accuracy are shown by the
outcomes.

In a similar manner, by using an XGBoost position estimator, (Du et al.,
2021) present an ML-based VLP system for quicker deployment than ML-
regression approaches within Industrial Internet-of-Things (IloT) applications.
Furthermore, to improve the indoor estimation of channels in VLC systems, the

work in (Razaz et al., 2024) makes use of LSTM. The findings show that the
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LSTM-based predictor performs better than the conventional Kalman filter (KF)
estimator, offering enhanced BER and better channel estimation.

Further LSTM channel estimation in a non-linear VLC system using
optical Intelligent Reflecting Surfaces (IRS) is shown in (Sharma et al., 2023).
According to simulation results, the LSTM approach performs better than
conventional channel estimate algorithms in terms of detection of signals and
reliability, highlighting its great potential for reducing distortions and preserving
efficient communication in realistic VLC conditions. Moreover and in (Z. Ma et
al., 2022), the researchers present a performance comparison of the channel
estimation among three ML methods in a multi-wavelength VLC network. In
comparison to other methods, the study demonstrated the fact that the Sparse
Autoencoders (SAEs) algorithm offers the best channel estimation performance.

Additionally, in a vehicle-based V-VLC scenario, (Ullah et al., 2023)
employed a hybrid Deep Neural Network (DNN) that consists of a multilayer
perceptron (MLP), bidirectional LSTM, and GRU for path loss estimation and
jamming detection. In comparison to existing models, examinations showed
satisfactory results for the purposes of accuracy and minimizing error.
Additional research in (Salama et al., 2023) compared DNN, YOLO v3, and
Kalman Filter algorithms with three distinct modulation schemes to improve
channel estimation by decreasing BER in indoor VLC systems. The findings
indicate that. DNN outperforms KF, and YOLO v3 optimization improves
channel estimation more effectively than traditional techniques.

The authors of (R. Mitra & Kaddoum, 2022) present a novel ML technique
based on Random Fourier Features (RFF) in a nonlinear VLC channel. Findings
indicate that RFF performs better in situations involving limited data, with a
lower training approximation and higher classification accuracy. Furthermore,
(Naser et al., 2022)describe the use of Federated Learning (FL) in VLC systems
to tackle challenges such as privacy issues and performance of communication
in conventional centralized ML techniques, highlighting important design
elements meant to increase system resilience and effectiveness. An overview of

all current ML-based VLC channel prediction methods is shown in Table 3.2.
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Table 3.2: ML-based VLC channel estimation studies (Antaki et al., 2025)

Papers Method System Model Machine Learning
improvements
(Jativaet | Extreme Learning VLC Better BER in challenging
al., 2021) | Machine (ELM) Underground circumstances exceeds
mining system conventional  techniques  and
produces performance almost ideal
in channel estimation.
(Alkandari | Artificial Neural | 3D VLP Industry | Higher accuracy and lower
et al., 2023) | Network (ANN) channel positioning errors in the smoke
conditions channel.
system.
(Duetal.,, | XGBoost ML Smart Trolley’s | Reduced training time, and
2021) Indoor VLP maintained positioning accuracy to
positioning improve deployment speed.
system
(Razaz et | Long Short Term Indoor VLC Lower BER which achieves better
al., 2024) | Memory (LSTM) channel accuracy and system robustness.
(Sharma et | Long Short Term Non-linear VLC | LSTM performance is better than
al., 2023) | Memory (LSTM) IRS-aided traditional approaches.
system
(Z.Ma et LSTM, GRU, and VLC Multi- SAEs have higher channel
al., 2022) | SparseAutoencoders | wavelength modeling performance.
(SAEs) system
(Ullah et | Hybrid DNN Vehicular (V- | Reduced estimation error and high
al., 2023) VLC) and IEEE | detection accuracy.
802.11p network
systems
(Salamaet | DNN, YOLO v3, | Indoor different | Among modulation techniques,
and Kalman Filter modulation VLC | DNN minimizes BER lower than
al., 2023)
system KF.
(R.Mitra | Random Fourier Nonlinear VLC | Enhanced accuracy with reduced
&Kaddoum, Features (RFF) systems training complexity.
2022)
(Naser et | Federated Learning | Various VLC Higher performance and privacy
al, 2022) (FL) netwlork. with lower transfer data cost.
applications

3.1.3 Contributions

The work focus of this chapter within this dissertation is succinctly
described below:

* In order to characterize channels, we use an advanced ray tracing
approach (Donmez et al., 2021). By integrating parameters of the user random

mobility model and artificial structures onto the channel model while adhering
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to illumination requirements, we are able to construct CIRs that are customized
to a realistic hospital environment. Our method takes into account physical
aspects including diffuse and specular reflections, characteristics of wavelength-
dependent reflection, real light sources, and up to 10 reflection orders.

* In order to improve reliability and enable resilient 6G health monitoring
application networks, we developed ML-based reliable methods for assessing

path loss and RMS delay spread in VLC-based MBSNS.

3.2 SYSTEM MODEL

3.2.1 Mobile Channel Model For Vic-Based Mbsns

Many techniques are used to precisely predict the characteristics of VLC
channels, with Zemax® (SMART Research Program L113955) ray tracing
software being a popular method. The sequential ray tracing approach in the
software is perfect for imaging applications where it tracks rays between
both transmitter and receiver over a series of surfaces, hitting each other once.
However, rays may reflect and disperse in any order around the setting using
non-sequential ray tracing method. Therfore provides higher realistic
propagation scenarios that take into consideration intricate interactions with
furniture, medical devices, and human bodies. The non-sequential method ofters
a more thorough CIR estimation by precisely capturing such relationships,
which increases accuracy and dependability (Gu et al., 2024).

Therefore, we apply the methodology of site-specific non-sequential ray
tracing that is presented in Figure 3.2 and further explained in (Donmez &
Miramirkhani, 2021). CAD objects are first arranged to create 3D realistic
hospital settings utilizing real-life data, as shown in Figure 3.3. Furthermore,
wavelength dependence is taken into consideration while specifying CAD
object reflectance surfaces. After that, the configuration of the photodetectors
(PDs) and luminaires is arranged, and their specifications are established

effectively. Depending on the position of the body within each sample point
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along a trajectory, the sensor nodes' parameters of orientation are connected to
detectors on the shoulder, wrist, and ankle are placed, respectively. In order
to generate several sample points over different paths in each scenario, a random
trajectory generator is used, taking into account starting points, directions, and

random step lengths.

Random Trajectories =
Reflectance Values =~
Skin Type 3D MBSNs Environment Non-Sequential Ray- Channel Impulse
Scattering & Asarption T Modelling (Zemax®) E> Tracing (Zemax®) E> Response (MATLAB®)

Scattering Phase Function

CAD Objects (Patients, Medical |_]
Equipment, etc.)

Light Source & Photodetector
Specifiactions

Figure 3.2: steps for site-specific channel modeling in VLC-based MBSNs
(Antaki et al., 2025)

Figure 3.3: Hospital Scenarios (a) ICU ward and (b) FTPR (Donmez &
Miramirkhani, 2022)

Traditional channel modeling approaches often depend on basic mobility

assumptions, such as random user locations, which might be acceptable for
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infrared (IR)-based communication but fall short when applied to VLC systems.
In the context of VLC-based MBSNS, it’s crucial to represent realistic human
mobility, as people don’t move with fixed step lengths, follow only straight paths
aligned to cardinal directions, or begin walking solely from doorway positions.
To overcome these shortcomings, a more representative random trajectory model
is adopted, capturing the natural flow of human movement. When combined with
wavelength-sensitive channel modeling, this approach provides a more practical
and accurate representation of dynamic VLC channels in clinical settings
(Donmez & Miramirkhani, 2021). A random trajectory generator is used to
simulate lifelike movement patterns for users in the chosen hospital
environments. Although the current model is tailored for two specific hospital
layouts, it is adaptable to a broader range of healthcare scenarios. The generated
paths consist of multiple sample points, reflecting randomness in direction, stride
length, and initial position. This methodology ensures that the model remains
dependable under different movement behaviors and hospital configurations,
making it suitable for diverse and realistic applications.

Robust approaches has been investigated to reduce the impacts of
saturation in photodetector driven on by their exposure to different ambient light
sources, including the sun and artificial illumination. For VLC systems under
sun irradiation, the researchers of (Islim et al., 2018) employed bandpass optical
blue filters in conjunction with adaptive bit, energy loading and direct current
optical orthogonal frequency division multiplexing. Without optical filtering, the
results demonstrated data rates reaching 1 Gb/s at 50350 lux of sun illumination.
Additionally, employing commercially available blue filters improved the SNR
ratio by at least 6.47 dB, making up around 50% of the decreased data rate. This
method could be modified for our design to handle possible saturation effects of
the photodetector and guarantee dependable operation under high ambient light
levels.

Also, each launched photon's complete path distance and received power
from a source to a PD are determined via ray tracing computations. MATLAB®

(R2024b) is used to process these simulations to calculate CIRs as:
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h(t) = z Po(t—t)  (3.1)
k=1

Where Px Is the k;j, ray detected power, # is the travel duration, and M is
the total number of collected rays.
After that, channel parameters are calculated. The channel DC gain which

denotes the received total power, is described as:

H, =f0 h(t)dt (3.2)

Thereafter, the path loss is calculated by:
PL = _1010g10H0 (3-3)

Another channel characteristic parameter is the RMS delay spread,

representing the delay standard deviation denoted by:

J Jy (6 = 70)? h(D)dt
TrMS = H, (3.4)

Where 7o denotes the mean excess delay.
Moreover, Comprehensive simulation investigations, as detailed in
(Donmez & Miramirkhani, 2022), show that the log-normal distribution fits both
path loss and RMS delay spread histograms properly, which was demonstrated by:
(n(PL)—p)?
o )

PL)=— 202 3.5
f(PL) Plovon (3.5)

( ) 1 (_(1U(TRM$2)—#)2)

T )= ¢ 20 3.6
f RMS TRMSO'\/E ( )

Where p and o denote location and scale parameters, respectively.
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3.2.2 Lstm-Based Channel Parameter Estimation

The distinctive RNN type that is known as Long Short-Term Memory
(LSTM) is constructed from input gate i”, forget gate /' ©, cell gate ¢, and
output gate 0 (Guo et al., 2022). This approach enables the user's mobile to
anticipate random walks over random trajectories without sample points known.
Figure 3.4 shows LSTM's complete architecture. Moreover, in contrast to
conventional techniques, it can handle dynamic and complicated propagation
situations with improved performance, adaptability, and predictability (Van

Houdt et al., 2020).

v

Q

Input Output

Estimated
==l Path loss and
RMS delay

Path loss

RMS delay =P Fgggt:t

Output
gate

Figure 3.4: LSTM design architecture to estimate PL and zzass in VLC-based
MBSNs (Antaki et al., 2025)

When the data order points is important and strongly correlated, networks using
LSTM perform exceptionally well. They can estimate future information points
based on previous findings since they are made to progressively learn these
relationships. This feature, along with their memory and gating mechanism,
enables LSTMs to react to the constant oscillations of wireless channels and
efficiently capture long-range temporal relationships. They are the perfect choice
for mimicking dynamic channel scenarios and user mobility within VLC-based
MBSNSs because of their capacity to choose remain or forget information, even
in situations with substantial variability over an extended period. The technique
begins by modifying block input with the most recent output =1 and the

present input x® as :
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z® = g(Wx® + R,y + b)) (3.7)

Where the input, output, and bias weight vectors are represented by the
weights W2, R-, and b., respectively. The data estimated is determined via the

present cell value and the output gate in the form of:

y® = g(c®) @ 0® (3.8)

Where g(x)=tanh(x) and © is the two vector point-wise multiplication.
Algorithm 1 provides the algorithmic details by determining the gradients
required to modify the weights inside each gate. Table 3.3 displays the
parameters of the LSTM's design.

Algorithm 1: ML-based Path Loss and RMS Delay Spread Estimation
for VLC-based MBSNs

Data: Path loss (PL), and RMS delay spread (tzwms)
Input : PL and trus

Output: Obtain the estimated P L, and tris
while true do
Pass PL and trms through ML gates
while In block input z do
L Update the block input based on the current information x*
and previous output ytt%
while In the input gate iV’ do
| Revise x{,ytt"1) and the previous cell value ¢t
while In forget gate f do
Decide which information should be removed using x{®,y(t™%
and ¢t
while In the cell gate ¢ do
| Compute c® based on z,it), ¢t and f®
while In the output gate o) do
| Calculate o by x®,yt1) and ¢
while In the block output y! do
| Predict y® based on, g(c”), along with o®

h/Todify each gate weights and estimate P L, and trus
End
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Table 3.3: LSTM design specifications (Antaki et al., 2025)

Parameters Specifications
Optimizer ADAM
Number of iterations 800
Learning Rate 0.001
Number of Epochs 400
Number of Hidden units 55

In addition, Root Mean Squared Error (RMSE) is considered a critical
metric for evaluating the performance in regression tasks and sequence
prediction within Al and machine learning since it is computed as the square root
of the average squared differences between predicted and actual values. RMSE

can be described as:

n
1 N2
RMSE = HZ(yj—y]) (3.9)
j=1

Where yj, 7, and n represents the actual values, predicted values, and

number of data points respectively. Moreover, RMSE values vary between 0 and
positive infinity where low values illustrate accurate and good fit whereas high
values express inaccurate and bad forecasts. Various metrics such as Mean
Squared Error (MSE), Mean Absolute Error (MAE), and R-squared are relevant
in evaluating the performance and accuracy of the algorithms however, RMSE
is a robust metric that provides high sensitivity to outliers, interoperability, and
ensures both consistency and comparability across different studies since it uses
a standardized method to compare different algorithms along with calculates the
measured error as the target variable unit as well as highlight larger discrepancies

effectively.
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The time complexity of the intended LSTM model may be calculated by
taking input features (F), hidden units (H), and the effective batch size (B) while
training. O(BH(F+H)) provides an approximate value for the total operations

number carried out per iteration.

3.3 NUMERICAL RESULTS

The CIRs are found in the ICU ward and FTPR settings using a site-
specific non-sequential ray tracing algorithm (Donmez et al., 2021). In
both settings, the dependent wavelength reflectance, particular luminaries on the
ceilings, and human body PDs were obtained using CAD objects. The
luminaries are spaced out to guarantee the lowest average illumination level and
minimum uniformity illuminance ratio. In order to create the MBSNs, three
sensor detectors are affixed to the individual anatomy, with (D1) placed on the
shoulder, (D2) on the wrist, and (D3) on the ankle (Donmez et al., 2021). The
first scenario is an ICU ward setting consisting of four patients sleeping in beds,
a desk, a chair, and a medical professional who walks randomly within the room.
In addition, the second settingis an FTPR that includes a patient
lying in bed, furniture, a medical professional who also considered walking
randomly in the room, a sofa, and a bathroom. While the FTPR has dimensions
of 7m X 5 m x 3 m together with 8 luminaries, the ICU ward has room
dimensions of 11.5 m x 6.5 m x 3 m along with 15 luminaries. Additionally, 20
randomly chosen trajectories with 10 consecutive points in both rooms are taken
into account, with a uniform selection of step length and direction. Following
random trajectory movement generation, the CIR provides path loss and RMS
delay spread, which are then subjected to various machine learning methods in
order to obtain PL and RMS delay spread estimation.

Through extensive simulation analysis utilizing a variety of ML methods,
path loss and RMS spread of delay estimation for the three detectors D1-D3
within both ICU room ward and FTPR settings were determined. Tables 3.4 and
Table 3.5 provide details on the observed Root Mean Squared Error (RMSE)
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values for these particular cases. As shown in Figure 3.6 and Figure 3.7, the
LSTM approach outperforms considered models across the two hospital
scenarios, obtaining a lower RMSE for path loss and RMS spread. This
illustrates how well LSTM performs in reducing prediction error.

In order to ensure the best outcomes from the LSTM model, specific
procedures were applied to optimize performance with our datasets. First,
smaller dataset files in CSV format were used, with an 80/20 split between
training and validation sets. The data was reshaped for processing through the
LSTM algorithm. Important preprocessing operations were carried out to
enhance the stability of training and the performance of the approach, including

normalization by computing the standard deviation and mean.

Table 3.4: Path loss and RMS delay estimation results in ICU using multiple
approaches (Antaki et al., 2025)

ICU Ward
Technique RMSE of PL (dB) RMSE of trvs (ns)
D1 D2 D3 D1 D2 D3
LSTM 1.6797 | 1.1679 | 1.1464 | 1.0567 | 0.9348 | 0.8784
GRU 1.7060 | 1.1808 | 1.1774 | 1.0794 | 0.9593 | 0.8840
RNN 1.7398 | 1.2647 | 1.1785 | 1.0904 | 0.9734 | 0.9039
Linear Regression | 1.8269 | 1.3216 | 1.2161 | 1.2106 | 1.0067 | 0.9006
SVR 1.8470 | 1.3671 | 1.2654 | 1.1774 | 0.9769 | 0.9107
KNN 2.3142 | 1.8848 | 1.7834 | 1.8088 | 1.5987 | 1.4401

Table 3.5: Path loss and RMS delay estimation results in FTPR using multiple
approaches (Antaki et al., 2025)

FTPR
Technique RMSE of PL (dB) RMSE of truvs (ns)
D1 D2 D3 D1 D2 D3
LSTM 0.7210 | 0.7327 | 1.0652 | 0.5830 | 0.6230 | 0.7657
GRU 0.7359 | 0.7832 | 1.1480 | 0.6183 | 0.6352 | 0.8555
RNN 0.7663 | 0.7929 | 1.1886 | 0.6237 | 0.6509 | 0.8509
Linear Regression | 0.7804 | 0.8158 | 1.1611 | 0.6246 | 0.6535 | 0.8705
SVR 0.7829 | 0.8184 | 1.1762 | 0.6277 | 0.6753 | 0.8834
KNN 0.9110 | 0.9770 | 1.7908 | 0.8199 | 0.9602 | 1.2166
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The LSTM model was designed with 55 neurons in the hidden layer,
balancing complexity and the capacity to represent patterns in the sequential
data. While increasing the number of hidden units can capture more complex
patterns, it also raises the risk of overfitting. Therefore, a moderated number of
hidden layers was chosen to mitigate overfitting. A 0.4 dropout layer rate was
used to avoid both underfitting and overfitting, and a 0.001 learning rate was
applied to achieve accurate training. The Adam optimization technique was
employed to control training speed, convergence, and generalization
performance. The model was trained over 400 epochs to produce the simulation
results. To ensure accuracy, RMSE was calculated before normalization and after
denormalization. The normalized RMSE reflects the LSTM’s performance over
the training and validation sets, while the denormalized RMSE indicates
validation accuracy results compared to the training set (Shu et al., 2024). Figure
3.5 shows the LSTM training step using a certain detector in the ICU ward
setting.

Training Progress (20-May-2024 16:09:31) Results

Validation RMSE 094272

Training finished: Max epochs completed
Training Time

Start time: 20-May-2024 16:09:31

»
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08 Iteration: 1600 of 1600
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Figure 3.5: LSTM training step using D1 within the ICU ward (Dalloul et al.,
2024)
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As shown in Table 3.4, the LSTM model consistently delivers the lowest
RMSE values for both PL and RMS delay spread across all detectors (D1-D3)
within the ICU environment, clearly outperforming the other methods—GRU,
standard RNN, SVR, KNN, and LR —which show progressively larger errors.
In the ICU setting, LSTM reports RMSE values of 1.6797, 1.1679, and 1.1464
for PL at detectors D1, D2, and D3, respectively. GRU comes closest with
slightly higher values of 1.7060, 1.1808, and 1.1774. Similarly, Table 3.5 reflects
LSTM’s continued advantage in the FTPR scenario, where it achieves PL
RMSE:s of 0.7210, 0.7327, and 1.0652 across D1 to D3, whereas GRU again
follows with values of 0.7359, 0.7832, and 1.1480. For RMS delay spread,
LSTM again takes the lead in the ICU ward, recording RMSEs of 1.0567,
0.9348, and 0.8784 at D1, D2, and D3, respectively—marginally ahead of GRU,
which records 1.0794, 0.9593, and 0.8840 as shown in Table 3.4. In the FTPR
case shown in Table 3.5, LSTM maintains its superiority with RMS spread
RMSEs of 0.5830, 0.6230, and 0.7657, while GRU reports 0.6183, 0.6352, and
0.8555. Across both scenarios and both performance metrics, the rest of the
models follow with increasingly higher RMSEs, reinforcing LSTM’s position as
the most accurate among the evaluated techniques.

Based on Table 3.4 findings within the ICU ward setting, the estimated
path loss for D1 has the highest RMSE when contrasted with D2 and D3. This is
consistent with the findings in (Donmez & Miramirkhani, 2022), which show
that, due to larger variance leads to higher estimated RMSE, the log-normal
distribution of D1 has the highest variance value of 0.0262 when compared to
D2 and D3 with variances of 0.0176 and 0.0169, respectively. Additionally,
according to Table 3.5, D3 has the largest RMSE within the FTPR room scenario
when contrasted with D1 and D2, which supports the findings in (Donmez &
Miramirkhani, 2022), where D3's log-normal distribution has the largest
variance value of 0.0168 when contrasted to D1 and D2's variances of 0.0123
and 0.0119, respectively, due to the same fact that largest variance detector

results in high RMSE estimated.
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Additionally, Table 3.4 shows that the estimated RMS delay spread for D1
in the ICU ward setting has the greatest RMSE when contrasted with D2 and D3.
This is due to the fact that DI1's log-normal distribution, as determined in
(Donmez & Miramirkhani, 2022), has the largest variance of 0.0975, whereas
0.0847 for D2 and 0.0780 for D3. Therefore, it refers to the same argument
which states that a larger variance resultsin a bigger estimated RMSE.
Nevertheless and according to Table 3.5, D3 has the largest RMSE when
contrasted with D1 and D2, which supports the findings in (Donmez &
Miramirkhani, 2022). The log-normal distribution of D3 has the greatest
variance of 0.0967 when contrasted to both D1 and D2, which have variances of
0.0659 and 0.0747, respectively. This demonstrates that the greater variance
values result in large RMSE estimated.

Furthermore, in order to validate our choice of LSTM, a time complexity
investigation is presented, analyzing both training and prediction periods in the
ICU ward and FTPR scenarios, as shown in Tables 3.6 and Table 3.7. The
emphasis is on LSTM, GRU, and RNN due to their wide adoption within MBSN
applications. These models are intended for sequential data regression problems
which specialize in detecting temporal dependencies, thus rendering them ideal
for time-series forecasting and real-time monitoring of health. As a result, they
are frequently employed for tasks demanding accurate and effective MBSN
system predictions.

According to Table 3.6, LSTM surpasses GRU and RNN on the execution
time basis for D1-D3 across both PL and RMS distribution in the ICU ward,
confirming the choice of LSTM. Likewise, according to Table 3.7, the
evaluation's findings show that LSTM is preferred in the FTPR for D1-D3 when
it comes to execution time for the PL and the RMS spread.

According to Table 3.6, LSTM performs better than RNN and
GRU within the ICU ward setting in terms of D1-D3 execution time throughout
PL and RMS delay spread, supporting our decision in favor of LSTM. The ICU
ward's RMS delay spread execution durations were 69.946 s, 68.786 s, and
68.948 s, respectively, whereas the execution times for D1-D3 PL were 68.051
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s, 65.854 s, and 66.229 s, respectively. In a similar manner the analytical findings
show that LSTM is also favored in the FTPR setting for D1-D3 in terms of
execution time for PL and RMS delay spread (Table 3.7). 69.112 s, 70.484 s, and
69.919 s were the execution times for D1-D3 PL in the FTPR, while 69.740 s,
70.220 s, and 69.650 s were the execution times for the RMS delay spread.

These outcomes are in line with our predictions since the structure of
LSTM is adequate for VLC-based MBSN PL and RMS delay data due to its
substantial memory, cell states, and capacity of capturing long sequential
correlations. The resulted RMSE was comparatively near to other approaches
like GRU however, our design accomplished low level of complexity, slight
parameter adjustment, and faster training periods compared to other algorithms
while maintaining the exact standard practices. The performance of LSTM
shows a better fit to the complex temporal dependencies in our data, confirming
its status as the most efficient and trustworthy model for our purposes.

LSTM models encounter real-world difficulties when wused
within healthcare settings, such as consumption of energy, integrating systems,
complexity, and the healthcare setting nature. In order to tackle these issues, the
researchers in (A. K. Saxena et al., 2022) used LSTM to analyze real-time and
historical data within two resource allocation scenarios in order to improve
Hospital Management Systems performance. The residual errors of the model
were close to zero, indicating a strong agreement between the expected and
actual results. On the other hand, LSTM was employed by the authors of
(Karsanti et al., 2019) to forecast patient visits of a community health center
using historical data of 43 months. LSTM did better than the other models, as
seen by its 4.714 Mean Absolute Percentage Error (MAPE),154.796 MAE, and
167.631 RMSE. This suggests that the LSTM framework can adjust to changing
conditions while retaining a high level of operational accuracy and resilience.
Additionally, the findings imply that the model's capacity to effectively
understand temporal patterns can reduce difficulties like computational

complexity.
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These results demonstrate how LSTM models can be used to address important

issues in actual hospital settings, such as cutting down on wait times for patients,

optimizing staff scheduling, and increasing patient outcomes in general.

Table 3.6: ICU ward time complexity (Antaki et al., 2025)

ICU Ward
Technique | Execution time of PL (s) | Execution time of trus (s)
D1 D2 D3 D1 D2 D3
LSTM 68.051 | 65.854 66.229 69.946 | 68.786 68.948
GRU 70.197 | 72.190 68.958 72.711 | 69.671 73.468
RNN 70.368 | 72.578 73.488 73.018 | 72.917 73.787

Table 3.7: FTPR time complexity (Antaki et al., 2025)

FTPR
Technique | Execution time of PL (s) | Execution time of truvs (s)
D1 D2 D3 D1 D2 D3
LSTM 69.112 | 70.484 69.919 69.740 | 70.220 69.650
GRU 72.531 | 71.791 70.652 70.491 | 71.849 70.650
RNN 73.353 | 72.299 71.616 71.625 | 73.173 75.559
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Figure 3.6: Estimated path loss (a,c,e) and RMS delay distribution (b,d,f) in
ICU ward (Antaki et al., 2025)
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CHAPTER 4

4. POTENITOAN FUTURE DIRECTIONS

In recent years, health monitoring systems have undergone significant
innovation, propelled by advances in wireless communication, ML, and sensor
technologies. From wearable devices to intelligent remote monitoring platforms,
these systems have greatly enhanced our capacity to detect health anomalies and
deliver timely interventions. However, as research advances toward the
integration of novel paradigms such as VLC and intelligent channel modeling, it
becomes imperative to reassess and broaden the outlook for future development.
Rather than limiting the scope to healthcare applications alone, future directions
must also consider the technical, ethical, and deployment challenges of VLC-
based MBSNSs, especially in dynamic environments. This section explores the
key areas where further research is needed to ensure that such systems become
more robust, secure, and adaptable—ultimately paving the way for next-
generation, intelligent health monitoring solutions.

e Practical Deployment and Ethical Compliance in Healthcare:
Future research must address practical and ethical concerns related to
deploying MBSNss in hospital environments. The physical and electromagnetic
complexities of healthcare settings such as multi-user interference, require
further investigation and optimized channel coding techniques to enhance
system robustness. Additionally, the use of IoT-enabled systems in healthcare
introduces serious ethical concerns, particularly in maintaining informed

consent, data privacy, and access control.
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VLC-based MBSNs can contribute to mitigating some of these concerns,
however, more practical research and overviews is required to develop
standardized, robust secure, and privacy-compliant communication frameworks
for medical applications.

e Photodetector Saturation in Ambient Light Environments:

One of the challenges of implementing VLC in real-world environments
is the susceptibility of photodetectors to saturation from ambient light sources
such as artificial lighting and sunlight. Although certain optical filtering
techniques and adaptive modulation schemes have shown promise in mitigating
these effects, their integration within mobile healthcare scenarios remains
slightly underexplored. Future studies should investigate real-time
compensation strategies that can dynamically adapt to varying ambient lighting
conditions to maintain consistent communication quality and avoid signal
distortion or loss.

e Real-Time ML Challenges in Healthcare Settings:

Implementing ML models like LSTM in hospital environments presents
multiple challenges beyond algorithmic accuracy. These include computational
constraints, energy efficiency, system integration with existing hospital
infrastructure, and model responsiveness under dynamic operational conditions.
While LSTM has demonstrated strong potential for modeling complex temporal
dependencies, practical concerns such as latency, scalability, and hardware
limitations must be rigorously addressed. Future work should focus on
developing lightweight, interpretable, and hardware-efficient ML frameworks

tailored for deployment in resource-constrained edge devices.
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CONCLUSION AND DISCUSSION

Recent advances in the field of seamless medical monitoring devices have
been reviewed within this thesis, covering a wide range of topics including
antenna architecture, tiny embedded antennas, wearable devices that monitor the
body, and adaptable detection and imaging technologies. We have conducted an
extensive investigation into methods used in monitoring systems, which includes
investigations on modern sensing and imaging techniques, wireless capsule
endoscopic improvements, and channel characteristics. These developments
highlight how individualized treatment plans, early intervention, and
preventative care could be made possible by remote health monitoring devices,
ultimately revolutionizing the healthcare industry.

Furthermore, this dissertation offers real statistical frameworks within
hospital scenarios for channel modeling, as well as ML-based techniques for
assessing path loss and RMS spread in VLC-enabled MBSNs. These
frameworks take into consideration actual hospital environments, real random
pathways, and wavelength dependency. According to detailed simulation
assessments, D1 has the largest RMSE for estimated path loss (1.6797 dB) and
RMS spread (1.0567 ns) under the ICU ward scenario, while D3 has the greatest
RMSE for estimated path loss (1.0652 dB) and RMS spread (0.7657 ns) within
the FTPR setting.

A precise assessment of VLC channel factors, including DC channel gain
and RMS delay spread, is vital for resilient communication networks. We show
that the placement of the photodetector and the geometry of the scenario have a
significant impact on the ML-based technique performance for estimating
such factors within VLC-based MBSNs. In order to improve both efficiency
and reliability, such essential variables need to be taken into account while

modeling VLC channels.
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