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ABSTRACT This research presents an optimized physiological monitoring system for COVID-19 patients,
integrating Visible Light Communication (VLC)-based three-dimensional localization with Markov Chain
Analysis. The proposed system enables real-time tracking of vital physiological indicators while balancing
localization accuracy and computational efficiency, making it suitable for real-world healthcare applications.
The VLC-based localization system was implemented using three LED beacons and optimized through Parti-
cle Swarm Optimization (PSO). The analysis revealed that optimal PSO parameters (c; = 1.9, ¢ = 2.1, and
w = 0.8) significantly improved positioning accuracy, with 700 to 1100 particles providing the best trade-off
between precision and computational cost. Additionally, the system successfully measured and calibrated
cough frequency, respiratory rate, and oxygen saturation (SpO») using MEMS sensors. The results showed a
cough frequency peak at 0.2 Hz, an average respiratory rate of 1.3 breaths per minute, and precise detection
of hypoxia events through infrared and red light absorption. To assess disease progression, a Markov Chain
Model was developed, analyzing heart rate, temperature, cough frequency, respiratory rate, and SpO; levels.
The model identified four distinct patient states, ranging from mild to severe conditions, and provided prob-
abilistic insights into symptom deterioration. A heat map analysis confirmed the reliability of state transition
probabilities. The study underscores the critical trade-off between localization accuracy and computational
efficiency, emphasizing the importance of careful parameter selection for real-time medical applications.

INDEX TERMS COVID-19, physiological monitoring, VLC-based localization, particle swarm optimiza-
tion, Markov chain analysis, MEMS sensors.

I. INTRODUCTION to monitor key physiological parameters. Real-time tracking

The COVID-19 pandemic exposed weaknesses in healthcare is crucial for assessing the progression or regression of

systems [1], [2]. Even modern E-Health systems struggle symptoms. Researchers collaborate to address challenges and
improve response capabilities.

The associate editor coordinating the review of this manuscript and A key factor in hospitals is the precise localization of

approving it for publication was Barbara Masini . patients and instruments [3], [4], [5]. The tracking of medical
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devices improves care, optimizes resources and increases
efficiency [6], [7], [8], [9]. Localization technologies are used
in warehouses, offices and transportation systems [10], [11],
[12]. Traditional localization technologies, such as GPS [13],
fail in the indoors. Signal obstructions from walls, ceilings,
and materials cause inaccuracy [7], [10]. WiFi [14], [15],
Bluetooth [16], [17], and RFID [18] are alternatives [10].
These methods have high costs, interference, or low accu-
racy [6], [19], [20]. To overcome these challenges, optical
communication systems have been proposed.

Visible Light Communication (VLC) has emerged as a
promising alternative. Although VLC lacks omnidirectional
coverage and does not penetrate walls, it offers superior
positioning accuracy. It also eliminates electromagnetic
interference and has low energy consumption [15]. Research
on Visible Light Positioning (VLP) has explored different
techniques tailored to specific environments. The avail-
able resources and spatial constraints influence the VLP
methods [21], [22]. Artificial intelligence (AI) improves
positioning accuracy and optimizes systems. Al also provides
additional functionalities [23].

This study introduces a VLC-based 3D localization
system to enhance real-time patient tracking in hospital
environments. In addition, biometric sensors continuously
monitor patient status. Real-time data are transmitted to
a Markov chain model using a VLC channel. The model
estimates the recovery or deterioration probabilities [24].

The localization process employs trilateration to estimate
3D coordinates (X, Y, Z). Calculate distances from LEDs
using received power measurements. This approach mini-
mizes the errors between the measured and predicted power.
The VLC channel model improves positioning accuracy.

The problem’s non-linear nature requires an optimization
strategy. PSO is used to explore search spaces efficiently.
It helps in finding optimal solutions for localization problems.
Each particle represents a possible receiver position. Particles
refine positions using individual and neighboring experi-
ences. This process minimizes the localization error [18].
Fig. 1 shows the methods used in VLP systems. It highlights
common techniques in existing research.

After this introduction, the structure of this article is
organized as follows: Section II presents the related work
in general. Section III discusses related work on indoor
positioning systems. Section IV details the VLP methodology
and the evolution of COVID-19. Section V presents the
results and discussion. Finally, Section VII summarizes the
key findings, highlights the contributions of this research, and
suggests potential areas for future work.

Il. RELATED WORK

A. FIRST PHASE: RSS-BASED SYSTEMS AND
OPTIMIZATION TECHNIQUES

A renowned metric widely used by VLC positioning systems
is Received Signal Strength (RSS). This metric is useful for
estimating the position of objects. Some works combine this
measurement with Al to improve localization accuracy in
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FIGURE 1. Distribution of methods used in VLP systems.

indoor environments. For example, [13] propose a system
based on VLC and inertial navigation using particle filters
to determine the position of a target. However, these types
of system faced significant limitations in terms of accuracy
mainly due to interference conditions or when Line-Of-Sight
(LOS) is unclear.

To handle some of these limitations, several studies
propose optimization algorithms. In [20] the PSO algorithm
is presented to improve positioning. This approach represents
a significant advancement, but the need for greater accuracy
and adaptability to dynamic environments quickly became
evident.

B. SECOND PHASE: INCORPORATION OF ARTIFICIAL
INTELLIGENCE

As the limitations of RSS-based systems became appar-
ent, the integration of Al techniques began to transform
VLC-based indoor positioning systems. A milestone in this
transition was the work of [14], which applied machine
learning to improve signal processing in VLC systems,
allowing improvements in both accuracy and efficiency. This
study showed that machine learning techniques could address
issues like signal interference and variability in indoor
lighting conditions, factors that had negatively impacted
traditional RSS-based approaches.

The incorporation of neural networks into VLP systems
is a key advance. For example, the use of neural networks
improves localization accuracy in a VLC-based positioning
system [25].

C. THIRD PHASE: RECENT ADVANCES AND NEW
APPLICATIONS

In recent years, VLC research has shifted toward combin-
ing deep learning algorithms with advanced optimization
techniques. An example is the work of [26], which used a
combination of Extreme Learning Machine and metaheuristic
algorithms to improve positioning accuracy in VLC systems.
This approach has proven highly effective in improving
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performance under complex conditions, such as in Non-Line-
of-Sight (non-LOS) environments.

Furthermore, recent studies, such as [27], have investigated
how the use of deep neural networks and input parameter
optimization techniques can mitigate errors in non-LOS
environments, representing a significant advancement in
applying VLC systems in spaces where light signals may be
obstructed.

Another key advancement has been the use of deep
reinforcement learning in positioning systems in dynamic
environments. These studies have demonstrated that deep
reinforcement learning can enhance VLC systems’ ability to
adapt to changing conditions, making them ideal for use in
industrial and commercial environments [28].

D. FOURTH PHASE: NEW FRONTIERS IN VLC AND Al
Recent research is exploring the potential of VLC in
highly dynamic environments, such as smart factories and
autonomous vehicles. For example, [29] investigated the
use of VLC for positioning in high-speed rail systems,
demonstrating how the combination of VLC and Al can
improve accuracy in mobile environments.

Another emerging approach is the use of hybrid deep
learning algorithms, who demonstrated that combining deep
learning algorithms with light modulation techniques can
significantly improve indoor positioning accuracy [30].

The study by [23], on the other hand, provides a
comprehensive review of Al methodological approaches in
VLC positioning for Internet of Things (IoT) applications.
This work highlights how the convergence of Al and VLC
technology can enable more sophisticated applications, such
as real-time asset tracking and resource management in smart
factories.

E. FUTURE PERSPECTIVES AND CHALLENGES

Over the past few years, VLP has significantly advanced
thanks to the integration of techniques such as deep learning,
non-linear optimization, and the use of Kalman filters [31],
[32]. Early studies focused on leveraging the optical
properties of light, such as depolarization and reflection,
to improve accuracy in indoor environments [33]. However,
more recent research has incorporated advanced hybrid
models and algorithms to address the limitations of traditional
methods [34]. The introduction of 5G/6G networks and arti-
ficial intelligence into these systems has enabled improved
adaptability and precision, especially in dynamic environ-
ments [35], [36]. This demonstrates that the evolution of VLP
is moving towards more advanced and precise applications,
expanding its reach across various industries and complex
scenarios. The evolution of indoor positioning systems
based on VLC has gone through several phases, driven by
advancements in signal processing technologies and, more
recently, by the incorporation of Al and machine learning
algorithms. This discussion reviews key developments in this
field, using a wide range of recent studies to demonstrate
how these systems have improved in accuracy, efficiency, and
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applicability in complex environments. Looking ahead, it is
clear that the convergence of VLC and Al will continue to be
a key area of research. Recent studies, such as [37], which
propose the use of optimized machine learning models for
VLC-based positioning systems in wireless sensor networks,
represent a trend towards optimizing systems in low energy
consumption environments.

Finally, the work by [38], which combines synthetic data
and deep neural networks to mitigate signal issues at tilted
angles in VLC systems, opens up new possibilities for the
use of these systems in industrial and autonomous navigation
applications.

o Develop and implement a VLP system that leverages
existing LEDs emitting at different wavelengths. This
method enables localization without continuous data
transmission, simplifying the system infrastructure and
decreasing operational costs.

o Analyze the adjustment of the PSO algorithm in 3D
localization, studying the impact of the main parameters
of the technique on positioning error, such as cognitive
factor, social factor, and inertial weight.

o Perform a comprehensive analysis of the impact of
PSO parameters—such as the number of particles and
iterations—on system performance, offering insights
to balance accuracy and computational efficiency.
To enhance accuracy, we integrate the PSO algorithm,
enabling precise three-dimensional localization. This
approach ensures reliable and accurate positioning
without the requirement for constant communication
between the transmitters and receivers [20]. Moreover,
it is common to treat localization as an optimization
problem that can be effectively addressed using meta-
heuristic algorithms to improve accuracy [18].

o Develop a HRV monitoring sensor based on ECG
enables the detection of intervals between “R” peaks
in the QRS complex of an electrocardiogram, providing
valuable information about heart rate variability (HRV).
This variability reflects the activity of the autonomic
nervous system, allowing for the assessment of both
sympathetic and vagal functions. Monitoring HRV is
essential in clinical settings where autonomic dysfunc-
tion is suspected. Key metrics include the average R-R
interval, SDNN (standard deviation of R-R intervals),
NNS50, pNN50, and rMSSD, each contributing specific
insights into the patient’s cardiac health.

« Present the estimation and correlation of physiological
variables such as (blood oxygen saturation, HRV, cough
counter, respiratory frecuency and body temperature) to
predict the progression of respiratory infections such as
COVID-19 based on Markov Chains.

Ill. RELATED WORK ON INDOOR POSITIONING AND
PHYSIOLOGICAL MONITORING SYSTEMS

This section presents a specific literature review on related
work in indoor positioning systems and Physiological
Monitoring technologies.
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A. RELATED WORK ON INDOOR POSITIONING

In this regard, multiple wireless technologies have been
proposed for indoor positioning purposes. Alternatives such
as WiFi [14], [15], Bluetooth [16], [17], and RFID [18],
among others [10], have emerged as enabling technolo-
gies for this application. However, these technologies can
be costly, complex to implement, cause electromagnetic
interference with other equipment, or present significant
inaccuracies [6], [19], [20]. To address these challenges,
optical communication systems have been proposed, and
VLCs have emerged as a promising solution. A comparison
of some of these technologies is shown in [15], with the
results presented in Table 1.

This comparison highlights that, although VLC does not
penetrate walls and is not omnidirectional, it offers superior
precision compared to the wireless technologies mentioned.
Additionally, VLC does not cause electromagnetic inter-
ference and has low energy consumption. Furthermore,
existing LED infrastructure can be leveraged to enable indoor
positioning. For these reasons, VLC emerges as a viable
option for the localization of indoor targets.

The implementation of VLC to enable target positioning
in indoor environments represents an innovative solution that
is rapidly gaining traction. Several studies on VLP have
explored different techniques based on the specific envi-
ronment, available resources, human requirements, required
dimensions, and other factors [11], [12], [23]. Moreover,
the application of Al in indoor locations has emerged as a
promising tool for enhancing accuracy, optimizing proposed
systems, and providing additional functionalities [15].

Additionally, indoor localization can be addressed as an
optimization problem where metaheuristic algorithms are
useful tools [18]. PSO is one of these techniques that help
to solve the optimization problem, which is widely used in
problems with continuous solutions spaces [20].

The dependence on continuous data transmission between
a transmitter and a receiver to locate a target, is a
characteristic of traditional VLP systems. However, there
are environments where uninterrupted data transmission and
reception face various challenges [16], [17]. Therefore, data
flow, system performance and robustness are affected by
factors such as signal blockage, multipath interference, and
other environmental changes. Moreover, most active VLP
systems require complex signal processing infrastructure to
modulate and demodulate data. This requirement adds costs
and complexity to the system [13], [19]. To address these
issues, this work proposes a three-dimensional localization
system.

The system proposed consists of three LEDs with different
wavelengths as transmitters and leverages these differences to
distinguish signals to eliminate the need for continuous data
transmission. Then, the system calculates the target position
based on RSS metric. Having this measurement, distance
between each transmitter and receiver can be determined.
Moreover, the approach proposes the localization problem
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as an optimization problem. Therefore, the PSO algorithm is
used to solve the optimization equation, and then enabling
precise three-dimensional localization.

The field of VLP has seen considerable advancement
through the integration of Al and metaheuristic optimiza-
tion techniques. Al methods, such as machine learning
algorithms, have significantly enhanced the accuracy and
adaptability of VLP systems [12], [15]. Supervised learning
approaches, including neural networks and support vector
machines, have been used to predict indoor positions based
on received signal patterns, improving the system’s ability
to handle dynamic environments [15]. Furthermore, unsuper-
vised learning methods, such as clustering and dimensionality
reduction, have facilitated the analysis of large datasets
to improve localization precision without extensive manual
calibration [11].

In this sense, the authors of [13] employ a particle filter
to enhance the accuracy of the positioning method when the
target is in motion. Meanwhile, the work in [20] presents
an indoor localization system based on an extended Kalman
filter, which combines the receiver’s estimated position using
VLP with inertial navigation data. This combination is
designed to tackle challenges such as direct LOS obstruction
and the effects of multipath reflection.

Metaheuristic algorithms, such as Genetic Algorithms
(GA) and PSO, among others, have also played a cru-
cial role in optimizing VLP systems. These algorithms
are particularly effective for solving complex, non-linear
optimization problems inherent in VLP. For example, GA has
been used to optimize the placement and configuration
of LEDs and photodiodes to minimize localization errors,
which has been shown to be robust in various indoor
scenarios [15]. Similarly, PSO has been applied to improve
positioning accuracy by optimizing the models used in VLP,
demonstrating high efficiency and convergence speed in
dynamic environments [11], [19], [20]. However, despite the
known use of PSO in VLP, there are no articles that address
the parameters of the PSO algorithm and how they affect the
accuracy of the systems.

On the other hand, regarding passive VLP, several
works propose localization based on VLC without data
transmission. For instance, the paper in [16] presents a
new methodology for indoor localization using visible
light emissions, which does not require users to actively
participate in the process. Their approach utilizes a network
of luminaires and receivers on the ceiling, measuring the
impulse responses between each source-receiver pair to
locate objects within a room.

In [17] it reports a VLP system that achieves target
localization utilizing PD embedded in a wall to capture the
RSS of ambient light. In this work the system does not require
active devices or tags carried by the target for localization,
nor does it require modifications to the lighting infrastructure.
Instead, this approach takes advantage of variations in the
ambient light. The light fluctuations caused by movements of
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TABLE 1. Comparison of localization techniques.

Technique Transmission Omnidirectional Interference With Penetrates Energy Accuracy
Range Walls Consumption Range

RFID Long Yes RF signals Yes Low cm
Acoustic Short Yes Acoustic Yes Medium cm
Bluetooth Short Yes RF signals Yes Low cm

WiFi Long Yes RF signals Yes Medium cm

UWB Short Yes Immune to interference Yes Medium cm

VLC Long No Light No Low mm

objects allow localization by analyzing variations in the light
source.

Finally, the research in [15] explores passive VLC local-
ization utilizing the reflective properties of objects and LED
luminaires. This study presents geometric models, a testbed
implementation, and empirical evaluations, demonstrating
the feasibility of achieving accurate localization without the
need for objects to carry any optical receiver. The proposed
method can track the object with high accuracy and identify
the object’s ID passively.

There are still challenges in passive VLP systems, even
with these advancements. For example, adding additional
infrastructure is still necessary to reduce precision errors.
Also, the active participation of the targets is a widely adopted
standard.

B. RELATED WORK ON PHYSIOLOGICAL MONITORING
SYSTEMS

For this research, it is possible to determine well-defined
topics that are related to Physiological Monitoring systems
according [39], which are defined by the monitoring of
physiological parameters and their respective systems for
data transmission such according to [40].

Another point of interest is the application of different
algorithms that allow the correct discrimination or data
classification, as well as the stochastic establishment of
the behavior of the physiological and/or hemodynamic
parameters that allow to show how the disease is developed
with a certain degree of certainty. This tool will enable to
establish priorities in the medical attention of patients, for
example, as with the results obtained by using smartwatch
data [41]; and at a macro level, it can be applied to monitoring
a population [42].

In search of better and more effective tools to handle this
pandemic, multidisciplinary research groups have established
developments related to Physiological Monitoring systems
that focus mainly on remote assisted systems [43], [44],
[45]. This research defines an architecture of Physiological
Monitoring systems based on minimal MEMS sensors, for
the later establishment of complex data structures that are
represented by visualization systems through smartphones
and/or dashboards.

According to [40], the systems mentioned above should
be incorporated into data processing systems, specifically
based on processing and/or prediction algorithms to obtain
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the progression of the disease through the comparison of
permissible levels, as well as the stochastic study of the
progress of the disease in the population. On the other hand,
the statistical data allow one to find known patterns that can
generate a classification regarding an affected population,
as researched in [46] and [47]. In this sense, the previously
cited references set the background for the development
of the present study. In parallel, a detailed knowledge of
symptoms and levels of physiological parameters requires
the establishment of parameters that can quickly set the
necessary alarms for the correct treatment of people affected
by COVID-19. In this case, the basis for the development
and application of the process will be the Markov chain [48],
[49]. In addition, other hemodynamic parameters are incor-
porated to set certain characteristics of people affected by
COVID-19, such as HRV [50], [51], [52]. With the previous
background, this research aims to use a low-cost system
for the acquisition of physiological data using Physiological
Monitoring systems, wherein the information to be collected
points to an estimation of the central body temperature, HRV,
respiratory frequency, cough counter and a sensor for the
body position. The data collected will be used as input to
establish the status of the disease progression, which will be
processed through Markov chains. The result will provide the
probability of a change in the state of a person, whether to a
worse disease stage or an improvement in the health status of
the patient [53]. Thus, an improvement in predictive diagnosis
can be obtained with respect to the treatments that COVID-19
patients should receive based on disease progression.

IV. MATERIALS AND METHODS

Fig. 2 illustrates a simplified diagram of the proposed
system, organized into four layers. Each transducer includes
photodetectors, LEDs, a power control button, and standard
connectors. These transducers operate in pairs, with one unit
placed at the base of the bed and others located on the
floor, walls, bed headboards, ceiling, patients, or attached
to medical equipment. All VLC units—whether mounted on
the ceiling or on the patient—are designed as transducer
capable of both transmitting and receiving data, enabling
a bidirectional VLC link for localization and physiological
sensor data transmission. During the third stage, PSO
algorithms will be implemented to improve the precision
of the location of the patient and equipment, adhering to
the methodology outlined in Section IV-C1. Furthermore,
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Markov chains will produce states using physiological data,
as outlined in Section IV-C2.

VLP Evslistionof covim | TOIaVEr

Artificial intelligence: PSO and Markov Third layer

chains

VLC Spectrum Second layer

First layer:
The physical layer

&
=

Transducer

FIGURE 2. Simplified diagram of the proposed system.

For example, suppose that a transducer is placed on the
patient’s chest and four transducer are installed on the ceiling
of layer 1. Among these four transducer, the three strongest
signals are selected and the data are transmitted through
the VLC channel of the second layer. Then, using the third
layer with PSO and the VLP technology of the fourth layer,
a position reference (xo, yo, zo) is calculated. This initial
position, which offers higher accuracy compared to other
methods, as explained in III, is used as a reference to
calculate the respiratory frequency, assuming variations along
the z-axis, which is also the most stable signal according
to the description in Section IV-C2f. In a similar manner,
a transducer positioned at the throat conveys the respiratory
sequence to the Markov chain methodology employed in
the third layer, as well as to the COVID-19 evaluation
module. This scenario exemplifies a plausible application of
the localization system.

If the transducer processors at the physical layer have
sufficient processing capacity, the VLC layer can be shifted
to the fourth layer. In this scenario, digital processing with
artificial intelligence and VLP-based positioning will be per-
formed locally, utilizing the algorithms from Section IV-C1,
while Markov chains will continue to generate states using
physiological data based on the algorithms in Section IV-C2,
and they will be consolidated on a central server.

A. FIRST LAYER: THE PHYSICAL LAYER

The first layer represents the physical layer, comprising beds,
biometric sensors, and transducer that facilitate uplink and
downlink communication for the next layer. Additionally,
curtains play a dual role by isolating patients and enhancing
optical communication, which can be purely light-based or
a hybrid with radio frequency. It is important to note that
the beds are not designed for movement; they have wheels
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primarily for cleaning purposes, as patient transportation is
carried out using separate stretchers.

B. SECOND LAYER: VLC

Depicts the communication spectrum based on VLC as well
as its hybrid version with radio frequency. However, this
study focuses exclusively on the optical channel.

1) VLC SYSTEM MODEL

This section presents the VLC model that enables the
localization system to determine the position of a target
within a given environment. We describe the transmitters,
receiver configuration, and mathematical representation of
the VLC channel. The proposed localization system builds on
previous research, expanding the capabilities and application
of the approach presented in [6].

2) TRANSMITTER SETUP

To take advantage of the existing lighting infrastructure,
we propose the use of three optical transmitters, each
consisting of a single LED. These LEDs emit white light at
distinct wavelengths, carefully selected to be distinguishable
by the receiver while remaining imperceptible to humans.
This design allows the system to identify the source of
the signals without requiring additional identification data
transmission, allowing for continuous light emission at a
constant power level.

To accurately apply trilateration techniques, it is essential
to know the precise positions of the transmitters within the
environment. Let each LED i, where i = {1, 2, 3}, be located
at coordinates (x;,y;,z;) in a 3D space, representing their
fixed positions within the room. Fig. 2 illustrates the general
scheme of the localization system, showing the positioning
of the LEDs and the receiver’s PDs. For practical purposes,
we assume that all three LEDs are vertically aligned and
oriented towards the floor, providing a direct LOS to the
receiver.

3) RECEIVER CONFIGURATION

The receiver is designed to differentiate the incoming light
beams from the various transmitters. It consists of three PDs,
each equipped with an optical filter corresponding to the
wavelengths used by the LEDs. This setup is illustrated in
Fig. 2. Let (x;, y;, zj) with j = {1, 2, 3} represent the position
of PD j within the receiver. For practical purposes, we assume
that all three PDs are located at the same point due to their
small separation. This simplification allows us to treat the
receiver as if all PDs share the same position. Consequently,
the distance between LED i and the receiver, originally
denoted as dj;, is simplified to d;. This approach is applied to
other relevant parameters, such as incidence angles and gains,
which are also simplified to a single representative value per
LED to facilitate the modeling process. Another consequence
of assuming that each PD uses the same position, is that the
incidence angle () of the light beams from LED i on PD j
is the same for each PD simplifying to ;.
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The relevant angles are ¢;, the angle from the LED i to
the receiver, and 1, the incidence angle of the light beam in
the PD. Given the alignment of the PDs pointing vertically
upward and the LEDs downward, we infer that ¢; = ;.

Also, it is important to consider the gain of the optical
concentrator for each PD. The following expression presents
this parameter [54]:

2
] 0<y; <V
W) =1 sty T M
0, Yi > W,

where n; denotes the refractive index of the optical concentra-
tor, and W; < 7/2 represents the Field of View (FoV) of the
PD j. Furthermore, the optical filter gain T;(y/;) also impact
on signal reception, influencing directly on the amount of
light detected by the PD j. Neglecting this factor could lead
to inaccurate estimations of the received power, which in turn
would degrade the accuracy of the localization system.

The proposed system considerers a static receiver, because
it is designed for scenarios where the objectives are
in a fixed position, such as hospital beds or stationary
monitoring points. With this assumption, the localization
model is simplified and the system increases the accuracy in
localization due to the minimization of uncertainties related
to user movement.

4) INDOOR VLC CHANNEL MODEL
Although this work does not directly use the Color Shift Key-
ing (CSK) modulation mechanism for data communication,
it employs a similar approach by leveraging the properties
of light and its propagation. Specifically, the methodology
utilizes the received power to localize the target, taking into
account various factors that affect the VLC channel.
Assuming no interference between the LEDs, the PD j
accepts only the signal from LED i via the LOS channel. This
assumption is valid because each LED emits at a different
wavelength, allowing the receiver to distinguish between the
signals. Thus, the equation for Py pg;; is [55]:

Prosij = Hrosij(0)Pr; + Pnoises ()

where Py pg;; represents the received power by PD j from LED
i, Py is the transmitter power of LED i, and Ppy;se represents
the noise power. The channel gain Hypg;; can be described
mathematically as [54]:

Hi0s5i(0)
Aj(m; + 1 '
AL cos ) cosun T .
= IO <Y <Y v
0, Vi > W,

where A; denotes the area over which the PD j receives light
and m; represents the Lambertian order.
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Given that ¥; = ¢;, we derive:
Aj(m; + 1)
27rdi2

Moreover, the noises considered in this study are the
thermal and shot noises, as these are the predominant sources
of noise in photodetectors used in optical communication
systems, affecting the accuracy of signal reception [56], [57].

Additionally, this study employs a channel model based
on the assumption of LOS, which is a common prac-
tice in VLC-based localization studies [58], [59], [60].
While real-world scenarios may introduce obstructions, this
approach simplifies system implementation and provides a
solid foundation for evaluating its feasibility under ideal
conditions, in line with previous studies in the literature.

cos™ T (N Ti (W) g (WP, (4)

Prosij =

5) MODEL OF A CHANNEL BASED ON CSK/QAM MAPPING
Three different colors are used for positioning due to
their simplicity and low cost. Furthermore, the process
of translating an M-CSK constellation into an M-QAM
constellation is proposed. The original color space, created by
the 1931 Commission Internationale de I’Eclairage (CIE) and
based on experimental findings of human color perception,
is depicted in the upper left corner of Fig. 3. A color space
is a multidimensional collection that contains all the possible
hues a specific color model can produce. On the right side
of Fig. 3, the linked points are displayed as clusters, with a
total of 2% points foreachi = 0, 1, 2, 3, .. .. Fig. 3 illustrates
the mapping process used to systematically convert the points
in the M-CSK constellation into the M-QAM constellation.
The resulting clusters reveal the constellation structure,
facilitating the visualization of the mapping relationship
across various values of i [61].

FIGURE 3. General CSK/QAM assignment.

6) EUCLIDEAN DISTANCE CALCULATION

The objective is to obtain the distance between the LED i and
the target. Knowing the position of each LED, let (x;, y;, z1)
be the unknown location of the target. The Euclidean distance
from the LED i to the receiver can be expressed as:

di= i —x P+ Gi— 2+ G-z )

Considering the right triangle formed by the distance from
the height of the receiver to the position of the LEDs on the
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ceiling, the relationship can be expressed as:
i — %t

N — 6
cos (¢;) n (6)
By combining equations (4) and (6), we obtain:
Aj(m; + 1) i — gt

Prosij = Tj(Wi)gj(l/fi)Pti(sz @)

1

2
Rearranging equation (7), we derive:
1
d = (Al(m! +1 (zi — Zt)mﬁl )m,'+3
| 2 Prosij

It is observed that the equation depends solely on the
received power at PD j.

Ti(i)gj(Yi)Pii (8)

C. THIRD LAYER: ARTIFICIAL INTELLIGENCE: PSO AND
MARKOV CHAINS

Represents the artificial intelligence methods used, such
as Particle Swarm Optimization (PSO) and Markov chain
models.

1) PARTICLE SWARM OPTIMIZATION METHODOLOGY

After acquiring the distance estimates between the receiver
and each of the LEDs, the task of finding the target can
become an optimization problem. Given that the positioning
process occurs in a continuous space, the PSO algorithm is
a suitable choice due to its ability to handle problems with a
wide range of possible solutions.

PSO is a metaheuristic inspired by the social behavior
of swarms, such as flocks of birds, insects, fish, and
other creatures, where the movement of each individual is
influenced by a combination of personal decisions and group
behavior. Similarly, in the PSO algorithm, a group of particles
is initially spread across the space and moves based on
the results of an objective function obtained by both the
individual and the group.

The algorithm 1 shows the pseudocode of the PSO
technique. Initially, particles are initialized by defining a
position within the space, a velocity indicating the amount
of movement in the next iteration, and pbest and gbest,
which represent the best objective function value obtained
individually and socially (i.e., a variable common to the entire
swarm), respectively. The positions where these results were
achieved are also stored. The pbest,, is known as the cognitive
factor of the particle p, representing the individual’s ability to
improve based on their results. In contrast, gbest is known
as the social factor, indicating how much the success of the
group influences the particle.

In each iteration, the same steps are performed for all
particles. First, the velocity of the individual is updated
according to the expression:

Vig1 = wvitricy * (pbest, — POS,)+raca(gbest — POS)),

)
where w is the inertia weight, r; and r, are uniformly
distributed random numbers in the range [0, 1]. POS, is
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Algorithm 1 Particle Swarm Optimization Algorithm

Particle initialization by dividing the XY plane
for iteration do
for all particle do
Update velocity
Update position
Evaluate the objective function value of the particle
if Particle objective function value < pbest then
Update pbest
end if
if Particle objective function value < gbest then
Update gbest
end if
end for
end for

the position of the particle, and ¢; and ¢, are acceleration
coefficients that determine the influence of the cognitive and
social factors, respectively.

Next, the algorithm updates the position of particle p for
the next iteration based on:

POS[+1 = POS; + Vit+1. (10)

2) MARKOV CHAINS
Part of the system was modelled to establish the probability of
progress or regression in the symptomatology of COVID-19
patients.

Considering that the system discreetly evolves as (k =
0,1, ..., n),whichisin a state iy ; thus, at the moment k — 1 it
is in the state ix_1. Formally:

PXy = ix | Xo = i0, ..., Xk—1 = ig—1)
= P(Xx = ik | Xk = ik—1)
:pik_lvik~ (11)
Markov chains can be described by using matrixes as
follows. If pi(k), ..., pn(k) corresponds to the probabilities
of n states at time k, p;j(k) is the probability of evolution or

change from the state i to j at time k, fork = 1 < i,j < n.
That is:

pitk — 1) = pri(k)p1(k) + ... + pra(k)pa(k)

pnk = 1) = pu1(k)p1(k) + ... + pun(k)pn(k), 12)
which is represented by using matrixes as:

pik +1) p11(k) ... pia(k)\ [p1(k)
: = Dot : . (13)
Pu1(k) .. pan(k) DPn(k)

Due to the characteristics of this study, homogeneous
Markov chains are selected, whose structure is composed of a
matrix called “‘state matrix’’, which will hold the information
corresponding to all of the parameters to be used at this stage,
wherein the following vector can be defined:

otk + 1)

A = (HRV(k) Co(k) SpO2(k) Tc(k) Fr(k)). (14)
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This matrix A;, contains the input values which will allow
to establish the states of the state matrix, which is described
as:

piik) ... prk)
Ain = P : (15)
pnl(k) pnn(k)

Then, it can be mentioned that a Markov chain is
homogeneous if none of the terms of p;i(k) depend on
k, which is adjusted to this study since the states, being
an intersection of conditions that generate them, not in a
time-space but in a space of probabilities of occurrence of
a determined condition pattern, make this pattern in fact
“not dependent of t”. Therefore, the following must be
accomplished:

p(k) = A*p(0), (16)

which means that the probability at the instant k will be equal
to the state transition matrix raised to the kth power times an
initial state p(0) = (p1(0), .. ., pn(0)).

With these definitions, now it is necessary to establish the
steady state of the chain, therefore, through the stationary
distribution, it is possible to establish the distribution of a
steady state for the states of a chain that is independent from
the initial distribution:

m = lim p(k), (17)
k— 00
which, applied to a homogeneous chain is expressed as:

7 = lim pk) =7 = lim A*p(0) = ( lim A*)p(0). (18)
k—o0 k—00 k—o00

a: STATE MATRIX
As mentioned before, this matrix was built under the concept
of ““information” that complies with a ‘“‘condition” to
produce a “state”. These events were considered as fully
probabilistic and time-independent. Given that COVID-19
infection is a disease that progresses by “‘stages’ or states,
it is possible to model this matrix as a function of the
information obtained from the parameters previously shown.

The following parameters were used to create the matrix:

o GRYV is the variability of heart rate.

e TCC] is the core body temperature.

o CT is the cough frequency.

o CR; is the respiratory frequency.

o Sp02; is the oxygen saturation in blood.

By using the above parameters, the state matrix is defined
as follows in equation (19):

HRV[ TCC] CT[ CR[ Sp021
Ain = A .9

HRV, TCC, CT, CR, Sp0O2,
However, since the information to be stored in the state
matrix A;, is continuous information that needs to be encoded

in order to study the phenomenon in a discreet form, thus,
five levels of disease progress were established. These levels
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were prepared in such a way that the disease progression is
linear. Said progression must emulate a development time
k wherein each of the iteration comparisons is performed,
i.e. each period k is a function of the n iterations of the
information stored by the vector A;;,.

Therefore, codification of the states was processed by rules
that allow weighting in order to distinguish the different
states, and this weighting was a function of value T),. The
value ranges per each state are shown in Table 2.

TABLE 2. Rules of formation of the state matrix.

HRV Temp. Cough Respiratory SpO2
(BPM) °0) counter freq. (%)
(1/m) (r/m)
Normal 60-80 36-37 0 12-24 100-95
Initial 80-90 37.5> 2-3 25> 92-90
Transition ~ 90-100 38.5> 5> 30> 90-88
Danger 100-140 38.5> 10> 35> 88-85
Severe 150> 40> 10> 40> 85<

Once the coding rules were defined, it is possible to
establish the weight, which will increase proportionally
according to the state; that is, if we have five states, these
will be separated by a linear distance given by d defined as:
d = EL, — 0.2. Moreover, we considered this process as a
function of its variables as a disjunction,i.e. it is required that
only one of the conditions was fulfilled to assign a weight or
distance at a moment k.

Therefore, the weights were assigned based on the
Bernoulli distribution probability ~ B(n, p) of the rule to be
evaluated according to Table 2. This implies that the Bernoulli
probability takes the value of the state plus the value of the
previous state, increasing this factor per each progression
state in the form of a mathematical series as shown below.

Bi(1)(k +0.2) + Ba2)(kn—1 +0.2) + . ..
+ B5(5)(kp—1 +0.2). (20

However, the specific weight of each sample or iteration of
the matrix adds the total weight of each of the corresponding
parameters; therefore, the specific weight that counts or by
which the corresponding T, state is assigned is denoted as:

5
T,=> ~Bi)k+0.2v ={1,2,....5}. (1)
i=0

After the state matrix has been constructed, then it is
necessary to know the number of minimum iterations that
must be done to evaluate when the matrix will converge in
a steady state distribution (stable). Then, this coefficient of
ergodicity is calculated according to equation (22).

k
1
Kerg = 5 (l]rznlz}kazl |Pim - ij‘) =X. (22)

In this specific case, the coefficient of ergodicity provides
us with a value of at least 10 iterations to obtain the steady
distribution.
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b: TRANSITION MATRIX
The state matrix was defined as the matrix that contains in
each row the number of times a state E; is reached, originating
from the state E;. This matrix was normalized according to
equation (23).
p(. )
iz pi. )
This matrix has the characteristic of being a probability
matrix since each of the columns sums 1 as a total, as will

be shown. A matrix of size 5 x 5 must be obtained; therefore,
it is fulfilled that:

Iy = (23)

Pj=P.{X,+1=j|X,=i}Vi,jeZ,neN. (24)

It is possible to obtain the transition matrix 7' as shown in
equation (25).

P11 P12 P13 P14 pis
P21 P22 P23 P24 D25
T = |p31 p32 P33 p3a p3s |- (25)
P41 P42 P43 P44 P4s
P51 P52 P53 P54 Pss

In this case, given the rapid evolution of the pulmonary
conditions caused by COVID-19, it has been considered the
use of a Poisson distribution as the probabilistic mode for the
disease progression, as based on the previous work of [51].

Therefore, it is established that, in order to move from one
state to another, the steps or conditions that are necessary
from the point of view of magnitudes are much less than
the steps needed to return to the previous step or a lower
one given the recovery processes that a COVID-19 patient
must face. In other words, when a patient affected by
COVID-19 enters a pneumonia state corresponding to state 3,
it is then very difficult to go back to the previous state given
the inflammatory and bacterial processes developing in the
lungs [62]. Thus, the time needed to reach this state is less
than the time required to return to the previous step, which
supports the use of this type of probabilistic distribution.

The criteria for the generation of the transition matrix
is given by the following probability distributions, whose
parameters are those limit parameters for the transition to the
next state, with E; being the state based on the parameters.

For the state probabilities, the following values are given:
e E| = P(E}) = Ae ™Vx > 0,con A = 0.2 & o = 0.225,
E» = P(Ey) = de ™MVx > 0,con A = 0.2 & o = 0.154,
E; = P(E3) = A\e " ™Vx > 0,con A\ = 0.2 & o = 0.155,
Ey = P(Es) = \e ™V¥x > 0,con A = 0.2 & o = 0.257,
Es = P(Es) = \e ™Vx > 0,con A = 0.2 & o = 0.161.
With this, the transition matrix takes the values as shown
in equation (26).

0.026 0.028 0.379 0.241 0.324
0.168 0.121 0.167 0.262 0.281
T =1]0.312 0.128 0.131 0.362 0.067 | . (26)
0.018 0.538 0.302 0.089 0.042
0.109 0.408 0.270 0.011 0.202
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Taking into account the above, it was possible to determine
the probability of a change in state, which together could be
represented as the dynamics shown in the finite-state machine
of Fig. 4.

tate2

Transition Probability

FIGURE 4. State diagram for the probabilities of state transition.

Finally, regarding the modeling process, the steady
distribution of the defined chain was known through the
calculation of the limit of the transition matrix 7 raised to
the power of time k when the latter tends to be infinite.
In this paper, 7 is the steady distribution and its mathematical
expression is as follows:

7 = lim A* = lim §.DF.s71, (27)
k—o00 k—o00

To calculate this limit, a matrix of eigenvectors S must
be obtained from the transition matrix 7 from which the
diagonal matrix of eigenvectors D can be obtained; and
finally, the inverse matrix of S is calculated as S —1 Since time
k tends to be infinite, its value was arbitrarily established as
k = 800, thus setting 800 iterations of the 10 that are needed
to reach convergence, which were corroborated with the mean
value.

¢: METHODOLOGY FOR VARIABLE HEART RATE

The variability of the heart rate is a very important parameter
that will show us how the variability in the short- and
long-term in cardiac frequency will reflect the vagal and
sympathetic functions of the autonomous neural system.
Therefore, heart rate variability can serve as a diagnostic
tool in clinical scenarios characterized by dysfunction of the
autonomic nervous system [63], which can even be correlated
with parameters such as SpO2. This is the reason why this
parameter will be widely monitored and framed within the
limits given by [63] and specified for these cases [51].

d: TIME ANALYSIS

Time analysis is based on different parameters that can be
obtained in two different ways, i.e., from the measurements
of R-R intervals or the difference between said intervals. This
procedure is exemplified in Fig. 5. If measurements of the
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“R” intervals of the QRS complex in an ECG are taken [64],
it is possible to establish At = R, — Ry, thus obtaining the
variables mentioned in the following subsections.

R, 1000ms R,

Time interval

S] SZ

FIGURE 5. Establishment of a At differential from “R” peaks in an ECG.

o Average R-R (ms): It is the mean of the R-R intervals,
i.e., the mean of the differences of the vector data V.

Avgppy (i) = R(n) — R(n — 1),

TOA 1
(R — R)mean — M Vn IS Z. (28)
n
e SDNN (ms):The standard deviation of all the R-R
intervals. This variable shows the variation at short and
long periods regarding variation in the R-R intervals

(HRV).

1 n
SDNN = | —— Z(VBPM (i) — vBPm)?. (29)
n—1 P

where vppy (i) will be the observed values for vector V
regarding the mean value of the same vgpyy.
o NN5O0 It is the number of adjacent intervals that vary for

more than 50 ms.
NN50;, =1 Y Avgpp (i) > 50ms,

Z”: PNN50(i)

n

NN50 = Vn € Z. (30)
i=1
o PNN50 (%): It is the number of adjacent intervals that
vary for more than 50 ms expressed as a percentage.

PNN50; =1 VAvppy (i) > S0ms,

PNN50 = 100 YaeZ. (1)

i PNN50(i)
n
i=1
o rMSSD (ms):Corresponds to the union of the adjacent
R-R intervals. Provides an indicator of vagal heart

control (parasympathetic tone).

> (Avepm)?

rMSSD =
n—1

VneZ, (32)

Therefore, using the algorithm proposed by [64] and [65],
it is possible to obtain these data only by generating the
input vector V as already mentioned. This algorithm works
by detecting the “R” peaks and calculating the difference in
trajectory or time between them, conforming the vector V.
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An equivalence in the trajectory with respect to the elapsing
time X =t is contemplated as:

dx

vepm (1) = I (33)
For vppys(t) as the heart rate speed, x will be the distance
covered by the peaks R; and R, according to Fig. 5.
Discretely, a time window can be established for sampling
At = tp — 11 where the speed vector V is defined, which
contains a known time window to obtain at least 6 “R” peaks
according to [66]. Each speed differential and data vector V

for HRV is obtained as:

Ax
vepm (1) = e
X2 — X1
VBPM =
h — 1

V =[(vepu (1), vepm (2), . .., vepu(m)IVn € Z. (34)

The above is experimentally applied to an ECG of three
samples [64].

e: CORE BODY TEMPERATURE

Core body temperature allows us to establish the metabolic
relationship in the human body as a function of changes
in ambient temperature and intensity of the performed
activity (the latter depends on the patient’s status). There-
fore, the reaction between temperature and viral (including
COVID-19) [67] or bacterial affections delivers a good index
of the inflammatory processes that may occur in the body.
This is why, based on the recommendations of [68], some
important parameters have been established for temperature
measurement, especially in specific body zones where the
measurement can be taken. These bands will determine the
statuses that must be analyzed in the Markovian process
model to be established.

It has been established that the permissible or normal levels
of body temperature in a healthy person, according to [69],
correspond to levels that may vary between 97.8°F (36.5°C)
and 99°F (37.2°C). During the day, the value can reach a
maximum of 37.2°C between 6 and 10 pm, and it drops
slowly until the minimum value during 2 to 4 am.

To establish a proper temperature measurement, the
measured body zone must be thermoneutral (constant tem-
perature), and the measurement period should last for at least
5 minutes, to ensure the elimination of the thermal inertia
component in the sensor. To perform this task, the following
circuit of Fig. 6 has been set, wherein the basic connection of
the thermistor can be seen. Performance parameters can be
obtained as follows.

It can be known from the output voltage to the V,,,
conditioning and ADC circuit that:

R2
R1+R2
For which it is necessary to know R2 as a function of

the voltage that will be digitalized and its conversion, given
by the parameters of V 4. and the maximum scale factor

Vout = Vcc- (35)
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Aconditioner
circuit (ACD)

FIGURE 6. Thermistor circuit. Estimation of parameters.

1023, considering a basic conversion of 4 bits. In addition,
we consider R1 = 100k €2.

R2
Vour = mvcm
VourR1 Vade(100k Q2
R2 = out _ adc( ) (36)
Vee = Vour 1023 — Vade

Now, the Steinhart-Hart equation is used to perform the
conversion to temperature units:

1 1 1 I R 17

T‘To+B“(Ro)’ GD
wherein T is the temperature measured in °K, 70 is the
nominal temperature of the NTC at 25°C, B is the constant
value 3950 £ 1%, R is the nominal resistance 100k€2, and
RO is the calculated series resistance.

Taking into account the above, the sensor arrangement
comprises three thermistors which were located in the
axillary zone. In this sense, the mean value measured by these
three transducers provides the continuous temperature of that
body zone [70], [71], as shown in Fig. 7.

T-SHIRT

AXILLIA
RY FOSS

4
zoa>|z/ .

NTC1

ACONDITIONER
CIRCUIT
(ADC)

FIGURE 7. Set of NTC thermistors in the axillary zone.

f: COUGH COUNTER, RESPIRATORY FRECUENCY

According to [72], the pattern of cough caused by COVID-19
is dry and persistent. A dry cough or non-productive cough
does not produce expectoration and it can impede a person to
breath normally. Thus, there is a correlation between HRV
and SpO2. In fact, this symptom is usually accompanied
by the feeling of shortness of breath; and if it coincides
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with fever, a key symptom in patients with COVID-19, the
evolution of the disease can be established.

In this section, several variables have the same acquisition
principle are grouped. These variables correspond to cough
count, respiratory frequency and body position detection [70],
[73]. The cough count is an important variable to consider
in the progress of patients infected with COVID-19. The
objective is to measure cough patterns over a period of time
T by using MEM inertial sensors in a patient. When a patient
coughs, it is possible to measure a change in acceleration of
an accelerometer placed in the parathyroid area of a patient.
Then, it is possible to detect a pattern related to a ““dry cough”
as a function of the amplitude of the measured variation,
as seen in Fig. 8.

Parathyroid
area

P

Accelerometer ' —
gyroscope < | - Aconditionner
circuit (ADC)

FIGURE 8. Location of MEM sensors in the parathyroid area.

To obtain this parameter, a three-axis accelerometer (as
shown in Fig. 8) was used, which detects the acceleration
applied in the parathyroid zone when there is movement
or coughing occurs. Since ‘“dry cough” is a cough that is
produced with greater strength, it has a relatively similar
duration per each episode; therefore, a pattern can be
recognized and compared to obtain a frequency of occurrence
for this event.

The parameter of respiratory frequency will also be a
patient status indicator, concomitantly representing the state
of SpO2 and the affection status of the respiratory system in
a COVID-19 patient.

Similar to the previous case, the acceleration measurement
was used to establish a pattern of identification of the
breathing rhythm of the patient; but the MEMs were
incorporated in the xyphoid apophysis area, wherein the
deformation caused by breathing was measured per time
unit, thus generating the corresponding pattern. The sensor
location is shown in Fig. 9.

Regarding counting, each time window has a time T as the
experiment duration. As mentioned, the highest peaks were
obtained; therefore, a breath was established every two peaks
over the total of 7' period, as shown in the equation (38)
below.

p(i) —>’”—”f> Si,¥x = a, p(a) > a,
re
Ci = [p(i), p(i + D],

1 n
CR= Z(; G (38)
=
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FIGURE 9. MEM sensors located in xyphoid apophysis.

g: MEMs

As noted, MEMs sensors, being inertial sensors, sense and
measure the effects of gravity at a reference point at both
angular and linear levels with extremely high accuracy,
permit the quantification of change at a reference point,
effectively recording the dynamics of, essentially, what
occurs when breathing and coughing [101].

The chosen sensors have the following main features:

e 3-axis accelerometer, configurable to +2g, =4g,
+8g, +16g. The one being used in the +2g range,
suitable range for smooth movements such as breathing
and coughing.

« 3-axis gyroscope, configurable up to £250 degrees/s
(ideal for ruling out major torso movements).

o Sampling frequency: up to 1 kHz, typically used
between 50-100 Hz for this type of application.

The selection of these sensors, basically covers very
important characteristics in the detection of the mentioned
variables such as:

« Good sensitivity: An accelerometer of =2g is acceptable
for the detection of smooth movements such as thoracic
expansion and contraction, since accelerations will be
low.

« Proprietary signal: The movement of the xiphoid process
during the act of breathing which follows an oscillatory
pattern and can therefore be captured as a periodic
signal.

« Non-invasive and portable: This type of solution can be
integrated into clothing or straps, making it ideal for
continuous monitoring.

Some important limitations that this type of transducer or
sensor technology possesses are a function of the dynamics
of the environment itself, of which we can mention:

« Signal noise / spurious movement Body movements
other than breathing (walking, talking, turning in bed,
etc.) introduce a lot of noise that can exceed the
thresholds of the signals of interest.

o Accelerometer accuracy (+2g) This range is sensitive,
so it is highly susceptible to sudden movements of the
subject under study, generating unwanted saturations
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in the measurements, which would be reflected in the
resulting signals, generating loss of basic information.

« Indirect frequency detection Since acceleration (and
rotation if you use the gyroscope) is strictly speaking
measured for the detection of the mentioned events, it is
required to derive a frequency pattern with a known
dispersion or characteristic, which makes necessary the
use of pre-processors of the data acquired from the
accelerometer, which involves Integrating and filtering
noisy signals. Segment respiratory cycles correctly.
Apply advanced filtering techniques to compensate
for changes in the subject’s position (reference to the
individual’s center of mass).

o Transducer (sensor) location and fixation The position
of the sensor in the parathyroid and xiphoid areas must
be consistent and firm so that it does not move during
use. The coupling with the body greatly affects the
quality of the signal (poor positioning introduces false
positives and parasitic frequencies and noise in the
sensors).This implies that for each use a pre-calibration
of the sensors should be performed, to obtain a reference
of where the sensor is located, and thus be able to
compensate for postural changes through an offset
vector.

In order to obtain a substantial improvement in the
problems inherent to the aforementioned technology, and
considering the benefits of its use, we have proceeded to the
search for algorithms that allow a solution to the problems
associated with the application of the technology and not to
the variables, in order to obtain a uniform solution of this.
The focused solutions covered two crucial points. The first
one associated to the adaptability of the measurement based
on the required pattern and the second one associated to the
adaptability but of the amplitude based

For the first point, it has been decided to apply an adaptive
Kalman filter, which will be able to establish the breathing
pattern and cough frequency.

The system model is given by equation 39.

X = Axg—1 + wg, (39)

where x; True state at time k (acceleration we want to
estimate), A is the transition state matrix (for this case will
be considered 1 means the features of the dynamics of the
accelerometer it does not change) wy noise at the sampling
process (or Q covariance).

Regarding the observation or measuring model, this is
defined in the equation 40.

2k = Hxp 4 v, (40)

where zx Measured or observation sampling, H is the
observation matrix (H = 1 for this case, because the
measurement performed was directly made) vx

The design of the filter, based on its operating conditions,
has different phases, the first of which corresponds to the
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prediction phase, given by the following equation 41.
X, = AX_1,
Pr=AP 1 +4" +0, (41)

where X, is the predicted or “a priori” state, 13,; is the
covariance error predicted or ““a priori”.

For the update or subsequent phase for the filter output
parameter update, it is modeled with the equation 42

A —1
Ke=PoH" (HPHT +R)
B =% +Ki(z—HE),
P = — KH) Py, (42)

where Kj Kalman gain (determines the likelihood level of the
next measurement or sample) X; Estimated filtered system
output Py it is the covariance of the filter or system output.
The management of saturation will be given by the
comparison in a desired range of amplitudes of the breathing
or coughing signal. This threshold will be obtained from
a period of time z(k) for which, from statistical sampling
parameters such as the mean and standard deviation, the
detection of the saturation will be carried out as follows

1 N
m=v5 Zizo (),
1 N 5
Satured Signal = |zx — u| > Ao, (43)

where A is the signal threshold considered in a discrete period
of time z(k), here the saturated points will be replaced by X
The design and implementation of this filter can be
physically interpreted as:
o The actual acceleration applied to the MEMS follows a
constant pattern with small variations (or process noise
Q) for a small time interval as a function of its sampling
rate.
o Measurements have noise (R).
« Saturation in the output signal are outliers that deviate
significantly from normal behavior (Outliers).
Regarding the filter gain or Kalman gain Kj acts as a
weighting factor between:
 Model prediction X,
« New sample or measurement z
When R is large relative to P, Ki becomes small, making
the filter converge its parameters or rely on its prediction
rather than on the measurement (useful to discard saturation).
Saturation corrections are detected as a pair of the vector S
where:

i}gorrected — [)%k ifkesS (44)

zr  other cases.

Figure 10 shows the effectiveness of the filter against
saturation due to the effects of a movement of the subject
under study, here is shown the noise filtering and the
reconstruction of the signal by saturation levels, from the
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signal reference data. The detection of the saturated signals
are replaced by the signals of the pattern in the same time
window, dispersion in this window and sample average, with
this a robust and intelligent filtering is obtained, which allows
to have a greater reliability of the signal under study. This
clearly applies to the two signals cough and respiration.

Adaptive Filtering with Saturation Detection
T T T

Acceleration

Original
Kalman Filter
Saturation
Smooth

&

\ L L |
0 1 2 3 4 5 6 7 8
Time (s)

FIGURE 10. Breathing frequency filtered signal, based on adaptive
Kalman filter and detection of acceleration saturation anomalies.

h: Sp02
SpO2 may be defined as per the following components:
“S” indicates saturation; “‘p” refers to percent, and O2
means oxygen. The acronym is a measurement of the amount
of oxygen fixed to hemoglobin in red blood cells of the
circulatory system. In summary, this parameter indicates
the amount of oxygen transported by red blood cells. As a
measured value, the SPO2 points to the degree of respiratory
efficiency of a patient and how oxygen is transported through
the body. SpO2 uses a percentage value to indicate the said
measurement, such as 96% for a healthy adult.

In this case, the classification of this parameter was
established using the values indicated in Table 3.

TABLE 3. Tabulation of Sp02 limits criteria.

Sp02 Pa02 Range
97% Saturation 97% Pa0O2 Normal
90% Saturation 60% PaO2 Danger
80% Saturation 45% PaO2 Severe Hypoxia

To perform these measurements, optical pulse oximetry
was used as a non-invasive method to determine SpO2. Its
functioning is based on the fact that hemoglobin (Hb) and
saturated hemoglobin (oxyhemoglobin, HbO2) have different
light absorption coefficients for different wavelengths.

The SoC solution to be used includes the red (660 nm)
and infrared (880 nm), as well as photodiodes to measure the
reflected light, and an ADC of 18 bits and frequency sample
of 50 sps (samples per second) at 3200 sps. This process is
represented in Figure 11. However, the graphs obtained in
this process show typical variability in relation to the normal
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saturation limits, as well as, for example, the beginning of a
hypoxia event, as can be seen in the graph of Figure 11.
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FIGURE 11. Measurement of Sp0O2 based on spectrography.
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D. BIOMEDICAL SENSOR CALIBRATION

The biometric sensors used focused on measuring HRV,
SpO2, Cough Frequency, and Respiratory Rate variables. All
these sensors are based on SoC (System on Chip) solutions,
which means integrated microelectronic systems designed for
the development of transduction stages, signal conditioning,
and output in standardized signals (such as synchronous serial
communication signals, analog signals like 0-3.3 V, etc.).

However, the sensors used were divided into two tech-
nologies: one based on standard instruments certified under
ISO-13485 [74], ensuring their calibration according to
standardized patterns, such as ECG sensors and SpO2
Sensors.

In terms of sensors, they focused on measuring the
frequency of coughing and the frequency of breath. Those
were developed based on MEMS (Microelectromechanical
system) technology. That is a mean instrument based on the
mechanical behavior of the gravity force, with accelerometers
and angular velocity from a reference point with 6 deegres of
freedom, as was mentioned previously.

These latter devices require calibration due to their
high sensitivity to movement and high-frequency motion
interference. Therefore, their calibration procedure is based
on comparison with more complex instruments that measure
changes in the thoracic region and the xiphoid apophysis.

The process of determining the sensor caliber considers the
following:

Static Calibration: The accelerometer SoC is placed
in several known orientations (e.g., 0°, 90°, 180°, 270°)
and the outputs are recorded. The samples are compared
with theoretical values of gravity (1 g, —1 g, 0 g, etc.).
Compensation for deviations is adjusted in the accelerometer
by offset and sensitivity adjustments to minimize the error
between the readings and the theoretical values.

Dynamic Calibration: A controlled motion system, such
as a shaker table or robotic arm, is used to apply known
accelerations. The samples are recorded and compared with
the expected values (datasheet values).

Temperature Compensation: If the instrument is used at
different temperatures, tests are carried out over a range of
temperatures, and the parameters are adjusted to compensate
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for any thermal drift, in this case just for a limited range
of [020]°C.

Given the data provided at the dynamic and static calibra-
tion of the MEMS. an static validation was performed based
on the error distribution for each axys of the accelerometer.
The experiment was performed with 100 samples, each
sample was aquired with a period of 1ms. The accelerometer
was oriented in a known direction, defined by the position
to be used in the detection of physiological events. The
position is given by the equation (45) where P is the resultant
of the position where the action of the gravity affects the
accelerometer.

x Yy F4 X y Z

b= [00 00 900} = [osﬂz 0 9.8?—5:| (“43)
This vector will be compared with the samples obtained
from the accelerometer vector P,(¢) and the theoretical values
P(t). The deviation or error e(t) it is defined as e(f) =
P(t) — Py(t). Considering as e(t) as a variable to minimize
and considering as the mean value as the DC signal, and this
is the same to offset of the signal, it is possible to define as
the expression (46). Where T it is the time window of the
experiment. Since the accelerometer samples has 3 directions
means one level o DC component for each direction. The
expression shows how the offset vector is conformed, and the

values obtained are shown at the same equation (46).

1 1
€DC = €mean = 7/ e(t)dr ~ eoﬁ‘sel(x: ¥, 2)
0

1 n
== ewyolil
n =0
ex 0.011 m
e=|e | =(0.009][5] (46)
e, 098 ) *°

Additionally, it is strongly necessary to adjust the sen-
sitivity at each directions of the obtained signals of the
accelerometer. The sensitivity it is defined by:

1 [~ Pyeyolil
esensivity(xa ¥, 2) = Z (Z mECRELL

=0 P(x,y,z)[i]
Esensitivy(x) 0.9040
Esensivity = | sensitiviry(y) | = | 1.1424 a7
€sensitivity(z) 1.0006

Finally the adjusted value and probability distribution of
the error are shown at the graphics shown in the Fig. 12
achieving a minimal error at the accelerometer.

E. FORTH LAYER: VLP AND EVOLUTION OF COVID-19

1) VLP

The localization process uses trilateration to determine the 3D
coordinates of the receiver based on the distances calculated
from each LED. This process builds on the previously defined
relationships between the received power, the geometry of the
system, and the channel characteristics.
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FIGURE 12. Axis signals and error probability distribution.

The trilateration method involves solving for the unknown
coordinates of the receiver by minimizing the error between
the measured received power and the power predicted by
the VLC channel model. Given the non-linear nature of the
problem, an optimization approach is necessary.

The error function, which quantifies the difference
between the received power Prog;; and the expected power
calculated using the known positions of the LEDs and the
estimated position of the receiver, is defined as:

F3d i, Ypis 2pi)

3 ) 2
_Zi)m’+1

Aj(m; +1 i
_ Z %Tﬂwgm)ﬂi%
i—1 "

—Prosij

(48)

This equation is derived from the principles established
in the VLC system model. The received power is expressed
as a function of the angles of incidence, the VLC channel
characteristics, and the distance between each LED and the
receiver. To accurately determine the receiver’s position, the
objective is to minimize the error function.

To achieve the proposed goal, the PSO algorithm is
employed to solve this optimization problem. This technique
is widely used for problem involving continues and multi-
dimensional search spaces. In this context, each particle int
PSO algorithm represents a possible solution. In this case,
each particle represents one possible position of the receiver.
Then, while the algorithm iterates, the particles adjust their
locations based on their own experiences and information
shared by neighbors particles, converging toward coordinates
that minimize the error function. The result of the algorithm
is the position that yields the lowest value of the objective
function.

2) EVOLUTION OF COVID-19

To reduce computational complexity, this paper assumes
that future states depend solely on the current state. For
example, multi-state survival analysis often reveals the
existence of transient dependencies on previous events or
multiple time scales, which can introduce biases if not
properly accounted. Moreover, the complexity of real-world
data can pose challenges in parameter estimation and model
validation, requiring advanced computational techniques and
sensitivity analysis to ensure accurate predictions [75], [76].
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This is why Markov chains emerge as a method for solving
systems in discrete times or states, as mentioned, without the
dependence on future states for making predictions.

V. RESULTS

A. SETUP AND PARAMETERS OF THE SIMULATION

First, the tests were conducted in a room with dimensions
(5 x 5 x 3) meters, using Python along with relevant libraries
such as NumPy and SciPy for numerical computations
and Matplotlib for visualizations. Three LEDs with known
positions were used: LED; is located at (1, 2, 3) meters, the
LED; at (1, 4, 3) meters, and the LED3 at (4, 3, 3) meters.
In addition, 100 receiver locations were defined, distributed
across the length, width, and height of the room, to thoroughly
test and analyze the system’s performance.

To evaluate the performance of the proposed system,
various simulations were executed. The first phase consists of
test different values for PSO parameters with the objective of
finding a configuration that provides the result with the lowest
error. Then, the optimal number of particles is determined to
balance precision and the algorithm’s execution time. Finally,
the number of iterations is evaluated to determine an optimal
value based on convergence.

It is important to note that the algorithm’s performance in
terms of accuracy was measured by the error between the
estimated position and the actual position of the target. This
is expressed as follows:

dormor =\ = 52 4+ G =92+ (@ — 2% (49)
The characteristics of the simulated system and the

environment in which it operates are defined according to the
values shown in Table 4 [77], [78], [79], [80], [81], [82], [83].

TABLE 4. Positioning system parameters.

VLC Simulation Parameters Values

Dimensions of the room (w X [ X h) (m) (B x5x3)

Coordinates of the LEDs(x;, y;, z;) (m) LED; = (1,2,3)m,
LEDy; = (1,4,3)m,
LED3 = (4,3,3)m

Power of each LED; (W) 8

Gain of each optical filter, gj(1);) Unity Gain

Effective area of each PDj, A; (m?) 10—4

Gain of each optical concentrator, g; Unity Gain

Photoelectric conversion efficiency (%) 0.54

FoV of each PD;, ¥; (°) 90°

Lambertian order, m; 1

Equivalent noise bandwidth (MHz) 100

PSO parameters

Initial particle velocity, v, u[0,1]

Cognitive factor, ¢1 [0-3]

Social factor, ca [0-3]

Cognitive random parameter, r1 u0,1]

Social random parameter, 2 Uu1o,1]

Iterations [1-500]

Particles [25 - 1500]

Inertia weight, w [0-2]
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B. COGNITIVE AND SOCIAL FACTORS VARIATION

In this section, we analyze the impact of the acceleration
coefficients of the cognitive and social factors (c¢; and
¢, respectively) on the system’s average localization error.
To this end, multiple simulations were performed that varied
both parameters in the range of [0, 3], while keeping the other
parameters of the PSO algorithm constant.

Fig. 13 shows the results of the average localization error
as a function of the values of ¢ and c¢». The horizontal axis
represents the acceleration coefficient values, and the vertical
axis indicates the average error in centimeters.

—— Cognitive factor
—— Social factor

Average error [cm]

1a 15 16 17 18 15 20 21
Acceleration coeficient

FIGURE 13. Average localization error [cm] vs c1 and c2 values.

The blue curve in Fig. 13 represents the variation in
average error as a function of the cognitive factor cj.
It can be seen that for values of ¢; between O and 0.3,
the average error decreases rapidly, reaching a minimum of
approximately 0.3. As ¢ continues to increase from 0.3 to
1.0, the average error fluctuates but remains relatively low.
Between 1.0 and 2.0, several error peaks are observed, while
the error decreases and stabilizes around ¢; = 1.6 and ¢] =
1.9, where optimal values are found to achieve the highest
precision.

The red curve in Fig. 13 shows the variation in average
error as a function of the social factor c;. It can be seen that
for values of ¢; between 0 and 0.3, the average error decreases
significantly, reaching a minimum of approximately 0.3.
As cj increases from 0.3 to 1.0, the average error fluctuates
slightly but remains low. Between 1.0 and 2.0, several error
peaks similar to those of the cognitive factor are observed.
The optimal c¢; values to achieve the lowest error are found
around 2.1 and 3.0.

The analysis shows that both factors significantly impact
the localization error. A proper balance between the values
of c1 and ¢, is crucial to optimize the performance of the
PSO algorithm. A moderate cognitive factor allows particles
to improve their positions based on previous experiences,
contributing to more accurate localization. An adequate
social factor enables the particles to benefit from the
collective experience of the swarm, promoting convergence
to optimal solutions.
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C. INERTIAL WEIGHT VARIATION

In this section, we analyze the impact of the inertial weight
(w) on the system’s average localization error. To this end,
multiple simulations were performed that varied w in the
range of [0, 2], while keeping the other parameters of the PSO
algorithm constant. Fig. 14 shows the results obtained, where
the horizontal axis represents the values w, and the vertical
axis indicates the average error in centimeters.

— Inertial weight

Average error [cm]

05 10 11
Inertial weight

FIGURE 14. Localization error [cm] vs Inertial weight.

Fig. 14 presents how average localization error varies with
the inertial weight. In first place, when wis in 0 and 0.5 range,
the average error decreases reaching a minimum of 0.5,
approximately, where the system has 4.5 cm of precision.
Observing all the graph, this value for w is the optimal
configuration due the lowest error.

For w values between O and 0.5, the error decreases
until w = 0.5. Then, the average error fluctuates in the
range 4 and 6 cm. However, when w is bigger than 1, the
precision decreases to the maximum value of error. Taking
into consideration this, we can conclude that the optimal
range for w is between 0.5 and 1. This analysis confirms
that the inertial weight is fundamental to the performance
of the PSO algorithm. Careful selection of w is important
for precision in the localization process. Higher values of w
(greater than 1) and lower inertial weights (less than 0.5) show
an increase in error.

D. PSO PARAMETERS COMBINATION
To evaluate how the algorithm variables interact, the optimal
values of the PSO parameter w, cq, and ¢; obtained from
individual tests were combined to assess their combined
impact on the average localization error. Table 5 presents
the results of the combinations of selected parameters,
including the average error and the 50%, 75%, 90% and 100%
percentiles. This table shows how different combinations of
these parameters affect the accuracy of the localization sys-
tem. Although some parameters provided higher positioning
accuracy when tested individually, their combination reveals
that the interaction between parameters plays a crucial role in
system performance.

The results shown in Table 5 allow us to emphasize
the importance of choosing a parameter combination in
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TABLE 5. PSO parameters combination results.

w c1 c2 Error 50% 75 % 90% 100 %

[em] [cm] [cm] [em] [cm]
05 16 21 5.05 0.65 2.32 6.30 15.44
05 16 3.0 4.83 0.69 1.51 5.49 15.08
05 19 21 12.69 0.76 1.95 25.73 35.72
05 19 3.0 10.17 0.47 1.74 18.55 29.82
08 1.6 2.1 4.88 0.50 1.97 14.09 12.90
08 1.6 3.0 7.15 0.48 1.80 16.51 20.91
08 19 21 3.24 0.46 1.09 391 9.70
08 19 3.0 3.28 0.56 1.66 4.75 8.96

achieving the desired precision in the localization process.
For example, utilizing w = 0.8, c; = 1.9, and ¢ =
2.1 results in an average error of 3.24 cm, which yields the
lowest value compared to other configurations. Moreover,
this combination minimizes the maximum error value. 90%
of the measurements are lower than 3.91 cm, while the rest
10% increase the error to 9.70 cm. Similar results are obtained
with the settingw = 0.8, ¢y = 1.9, and ¢; = 3.0. On the other
hand,w =1.5,¢; = 1.6,andcy = 3.0,orw =0.8,¢c1 = 1.6,
and ¢ = 3.0 results in the higher errors compared to the rest
of the configurations.

E. NUMBER OF PARTICLES VARIATION
This section analyze the impact of the number of particles
on the average localization error and the execution time
of the PSO algorithm. To this end, multiple simulations
were conducted that varied the number of particles in
the range of 25 to 1500, while keeping other algorithm
parameters constant. Specifically, the optimal values of the
PSO parameters previously found were used: w = 0.8,
ci=19,andcp =2.1

Figs. 15 and 16 show the results obtained. The first image
presents the relationship between the average localization
error and the number of particles used. The maximum average
error is obtained for 50 particles, where the result is 40 cm,
approximately. But incrementing the number of particles, the
error is reducted. Around 700 particles and higher values,
the precision is stagnant in fluctuations between 2 and 8 cm.
In conclusion, adding particles number could outcomes a
better precision, but the error correction has limitations.
Therefore, it is necessary to balance the quantity of particles
considering required precision and computational resources.

Fig. 16 shows the execution time of the algorithm as a
function of the number of particles. Here, a direct linear
relationship is observed, where the execution time increases
consistently with the number of particles. This behavior
is expected, as a higher number of particles implies more
calculations in each iteration of the PSO algorithm. Although
the execution time for 25 particles is approximately 10 ms,
this increases to almost 270 ms for 1500 particles.

Analyzing both figures, the behavior of localization error
when increasing the number of particles decreases, but the
algorithm’s execution time grows. For this reason, it is crucial
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FIGURE 15. Average localization error as a function of the number of
particles.
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FIGURE 16. Algorithm execution time as a function of the number of
particles.

to balance the number of particles and the positioning system
performance considering both precision and computational
requirements. Using these results, 700 to 1100 particles seem
to provide low average error compared to other simulations,
and maintain acceptable execution time.

F. COGNITIVE AND SOCIAL FACTORS VARIATION

In this section, we analyze the number of iterations required
for the objective function of the PSO algorithm to converge,
using the optimal parameters previously determined: w = 0.8,
c1 = 1.9, ¢ = 2.1, and 875 particles. Fig. 17 shows how
the value of the objective function changes as the iterations
progress.

From Fig. 17 can be observed how the objective function
value is affected by the number of iterations in the algorithm
execution. The initial value of the function to optimize is,
approximately, 10~!! in early iterations. Nevertheless, when
the iterations are greater than 20, the objective function
decreases approaching 0. After 40 iterations, the algorithm
converges, and the improvements to objective function value
are minimal compared to early phases. For now, setting
the number of iterations around this quantity should be
sufficient for the proposed system to save computational
resources.
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FIGURE 17. Convergence of the value of the objective function as a
function of the number of iterations.

G. CALIBRATION AND RECOGNITION OF COUGH

In Fig. 18, it can be seen that the main peaks correspond
to the generation of dry cough, which is used to properly
calibrate the sensor. The average duration of these events is
approximately 200 ms, with a mean measured acceleration
of 5.58 m/s2. Based on this information, a characteristic
pattern can be established to identify this physiological
event. This event is presented in Fig. 18 where the base
in acceleration is produced because of the cough, generates
peaks of acceleration where the difference of the maximum
for each event said the period of the event. In this case for an
experiment with a duration of 8 seconds, the event reaches a
frequency of 0.2 Hz.

Acceleration (m/s*)

20 . . . . . . .
0 1 2 3 4 5 6 7 8

Seconds (S)

FIGURE 18. Measurement and recognition of cough.

H. CALIBRATION AND MEASUREMENT OF RESPIRATORY
FREQUENCY

To calibrate the respiratory rate measurements, the following
pattern was analyzed, illustrating the clear respiratory cycle
depicted in Fig. 19. Each cycle was identified by locating
its maximum points, with a time window 7 defined for
the measurement. For accurate signal scaling, gravitational
acceleration must be considered, with a conventional value
of 9.8 m/s2. Furthermore, a 16-bit MEMS resolution was
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used, resulting in a total scale of R = 2" forn = 16,
which produces a range of R = 16384. The same applies
to the cough frecuency sensor. Here, using gravity accelera-
tion, the acceleration was detected in time for each deplexion
of the breastbone; in this case, the respiratory frequency was
1.3 breath/min.
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FIGURE 19. Recognition and measurement of respiratory frequency.

I. CALIBRATION OF OXIMETER SENSOR

The calibration of the SoC solution utilizes red light (660 nm)
and infrared light (880 nm), along with photodiodes to detect
reflected light, and an 18-bit ADC with a sampling frequency
ranging from 50 sps to 3200 sps. This process is illustrated in
Fig. 11. However, the graphs obtained in this process show
typical variability in relation to the normal saturation limits,
as well as, for example, the beginning of a hypoxia event,
as can be seen in the graph of Fig. 20.
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FIGURE 20. Detection of hypoxia with MEM sensors located in xyphoid
apophysis.

Oxygenated blood absorbs more infrared light, while
deoxygenate blood absorbs more red light. In areas of the
body where the skin is thin enough and blood vessels are close
to the surface, this difference can be exploited to accurately
determine the level of oxygen saturation.
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J. RESULTS OF THE PROGRESSION OF THE DISEASE
Given the current scenario of a coronavirus-caused pandemic
(COVID-19) and the existing safety protocols, it was very
difficult to perform a real test of the proposed system in a
health institution with infected patient.

However, many health care researchers have put a lot
effort and resources into documenting important and critical
variables associated with patient stability, as well as those
associated with respiratory infections, specifically SARS-
Cov-2 virus infections (COVID-19). Most of these public
databases have been used to validate the algorithm presented.
Among these efforts, we can cite [102], [103], [104] who
acquired data associated with their vital signs, including
heart rate, oxygen saturation, temperature, among others,
which were arranged in time windows until reaching a
total of 12 or more hours upon admission to the health
service, in addition to categorizing whether they had been
subsequently diagnosed with the viral infection. COVID-19.
Therefore, the results obtained could be validated with the
algorithm presented in terms of the results shown in this proof
of concept. A data set for confirmed cases was obtained from
the mentioned databases, from which the input data were
obtained.

The collected data was associated with 16 different time
periods during 5 days. Data were collected at times k =
1,2,3,4,5 during the day and k = 6,7,8,9, 10 during
the night. With these data, the input data vectors reached
dimensions of 100 measurements or 100 elements, each
of them with a sampling frequency of 360 Hz for all the
parameters. This vector was denoted as A;,, which after
data processing was built as the following data matrix as
represented in Table 6.

TABLE 6. Input data matrix A;,.

k Heart Temp. Cough Breathing SpO2 %
Rate bpm °c (minute) Freq.
(minute)
1 75 36.8 0.1 12 98
2 75 37.0 0.1 18 98
3 75 37.2 0.1 20 97
4 82 37.5 2 21 97
5 85 37.6 2.1 22 96
6 88 38.0 2.5 23 95
7 89 38.3 2.6 25 94
8 90 38.5 3 25 90
9 100 38.5 5 30 90
10 112 39.0 5 35 90
11 134 39.1 8 35 89
12 140 39.2 8 35 89
13 140 39.1 8 38 88
14 140 39.0 10 38 86
15 140 39.0 10 38 86
16 141 39.0 10 40 86

With these data, it was then possible to establish the
values for the probability of progression of the disease. For
this purpose the hypothesis question was defined, which
according to the general objective of this research work, was
focused on the probability for disease worsening or to reach
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a severe state in the patient. Thus, the probability can be
expressed as follows.

plk) = Ap(o) = p(1) = T'p(0), (50)

wherein p(k) is the probability of occurrence of a fact in a
time k based on the initial probability distribution or initial
state p(0) and a probability distribution of change in state 7.

In this case, the initial states were determined by the state
as predicted in Table 7; therefore, the states were binary per
each state since the initial state is represented as 100% of
probability of being in the said state.

TABLE 7. PSO parameters combination results.

k Heart Temp. Cough  Breathing SpO2 (%) State

Rate °cC (minute) Freq.

bpm (minute)
1 0.25 0.2 0.4 0.2 0.2 1
2 0.25 0.2 0.4 0.2 0.2 1
3 0.25 0.4 0.4 0.2 0.2 1
4 04 04 04 0.2 0.2 2
5 04 0.6 0.4 0.2 0.2 2
6 0.4 0.6 0.4 0.2 0.2 2
7 0.4 0.6 0.4 0.4 0.4 2
8 04 0.6 04 04 04 2
9 0.6 0.6 0.6 0.6 04 3
10 0.8 0.8 0.6 0.8 0.4 3
11 0.8 1 0.8 0.8 0.6 4
12 0.8 1 0.8 0.8 0.6 4
13 0.8 1 0.8 1 0.6 4
14 0.8 0.8 0.8 1 0.8 4
15 0.8 0.8 0.8 1 0.8 4
16 1 0.8 0.8 1 0.8 4

For example, if p(0) = [1 0 0 O 017, it means that
the initial state of p(0) is the state with probability 100% at
time k. In this sense, by processing the data obtained it is
possible to define a heat map diagram as in Fig. 21, where
the percentage of probability per time k and the values of
the parameters as a function of the input data A;,, are shown
according to the above. In order to understand this map, it is
necessary to refer to a specific time k. Regarding the states
axis, the probability shown at said state corresponds to the
probability of permanence in said state; and the following,
to the probability of passing to the next state and vice versa.

It can be seen that, throughout the iterations, several very
different probabilities can be obtained between each state
with respect to time k. This is because each sample or the
samples per each parameter were taken at very different
times, so there was no continuity in the progression. However,
these are consistent among them as a function of the input
data with which they were evaluated in the chain.

V1. DISCUSSION

Table 8, presents a detailed analysis of the results obtained
in the study, by items of analysis: 1) Cognitive and Social
Factors Variation, 2) Inertial weight variation, 3) PSO
Parameters Combination, 4) Number of iterations varia-
tion, 5) Comparative Analysis of Localization Accuracy,
6) Calibration and measurement of respiratory frequency,
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TABLE 8. Analysis of the results and comparative analysis.

Items

Analysis

Comparative analysis

Cognitive and
Social Factors
Variation

Inertial weight
variation

PSO
Parameters
Combination

Number of iter-
ations variation

Comparative
Analysis of
Localization
Accuracy

Calibration and
measurement
of respiratory
frequency

Calibration of
MEM sensors

The
progression
of the disease

VOLUME xx, 2024

The examination of Fig. 13 underscores critical elements. Cogni-
tive and social factors substantially affect localization accuracy.
For 0 < ¢1 < 0.3, the error diminishes significantly. For values
of ¢1 in the range 0.3 < ¢1 < 1.0, the error exhibits minor
fluctuations. Optimal values of ¢1 are located within the range
1.0 < ¢1 < 2.0. The minimal errors are observed at c; = 1.6
and 1.9. For ¢1 > 2.0, precision markedly declines.

The social element operates in a manner analogous to the cognitive
component. For 0 < ¢z < 0.3, the error diminishes swiftly. For
values of cg > 0.3, the error stabilizes with negligible changes.
The minimal errors are observed for co = 2.1 and 3.0. The
localization accuracy for ¢ remains unchanged within the range
0 < ¢2 < 0.3. Optimal values of ¢1 and c¢o are essential for
precision.

The research demonstrates precise localization within 0.4 to 1.0.
The minimal error peaks occur at w = 0.5 and w = 0.8. Error
escalates for inertia weight levels beyond w > 1.1. Adjusting
inertia weight guarantees accurate positioning and precision.

The findings indicate that parameter selection substantially affects
localization accuracy. A test determined that w = 0.8, ¢1 = 1.9,
and co = 2.1 are best values. This combination resulted in
an average inaccuracy of 3.24 cm. Ninety percent of samples
exhibited accuracy within 3.91 cm. Employing w = 0.5 resulted
in inaccuracies above 10 cm. Ninety percent of instances exhibited
errors over 15 cm. Results demonstrate heightened instability with
these parameter selections.

Examining iteration variability diminishes PSO execution du-
ration. This facilitates more effective localization in apps. The
method mitigates superfluous utilization of computational re-
sources. Simulation findings indicate that PSO converges follow-
ing 40 iterations.

In [6], Particle Swarm Optimization substantially enhances Vi-
sual Language Processing accuracy. The comparative analysis
validates superior positioning performance. The most accurate
placement transpires at ground level. Increased power from Line
of Sight diminishes positioning inaccuracy. The mean error in this
instance is 0.59 cm. Multi-level modulation and Whale Optimiza-
tion attain precision under 1 cm. These algorithms exhibit inferior
precision compared to PSO.

A representative pattern was examined for calibrating purposes.
The peak points of each respiratory cycle were found. A measuring
interval 7' was established. Gravitational acceleration of 9.8 m/s?
facilitated signal scaling. A 16-bit MEMS sensor delivered ex-
ceptional precision. The total sensor scale was R = 216 =
16384. This configuration guaranteed dependable respiratory as-
sessments. An in-depth investigation of the respiratory cycle was
conducted.

The SoC calibration uses red and infrared light. Photodiodes detect
reflected light for accurate measurement. An 18-bit ADC samples
between 50 sps and 3200 sps. Calibration ensures precise oxygen
saturation measurements. Results show normal variability and
detect hypoxia onset. Oxygenated blood absorbs more infrared
than red light. Deoxygenated blood absorbs more red than infrared
light. This enables precise oxygen saturation determination. Effec-
tive in thin-skin areas with surface blood vessels. Ensures reliable
oxygen level monitoring.

The initial states are derived from the predictions in Table 7.
Each state is binary with an initial chance of 100%. If p(0) =
[1 0 0 0 0]7, certainty is established. The processed data
produced a heat map diagram. Figure 21 illustrates probability
percentages as a function of time k. The heat map is contin-
gent upon the input data A;,. The probability axis denotes state
transitions and stability. Probabilities fluctuate markedly among
iterations. Variability arises from distinct moments within data
samples. Results are compatible with the evaluation input data.

Localization accuracy is influenced more by cognitive and social
factors. The PSO algorithm optimization is enhanced by supple-
mentary enhancement strategies. Cognitive and social factors sub-
stantially influence the processing of environmental information.
The incorporation of adaptive parameter modifications improves
algorithmic efficiency and accuracy [84]. The application context
is essential for the adaptation of these technologies. Wireless
sensor networks require particular modifications for optimal op-
erating efficiency [85], [86].

While inertia weight is crucial, its efficacy is contingent upon
the situation. An appropriately calibrated weight enhances con-
vergence across diverse issues. Tailored techniques facilitate the
attainment of optimal outcomes in Particle Swarm Optimization
(PSO). Adaptive strategies modify w to enhance the equilib-
rium between exploration and exploitation. Static methodologies
exhibit inflexibility un dynamic optimization endeavors. Strat-
egy selection requires empirical assessment for optimal perfor-
mance [85], [87].

Static tuning is effective in low-variability situations but has con-
straints. Intricate issues are enhanced by adaptive optimization
methodologies [88]. IASPSO dynamically modifies inertia weight
and acceleration coefficients [89]. This enhances both exploration
and convergence precision in algorithms.

Forty iterations enhance performance through particle conver-
gence. The value may be altered by changes in requirements and
problem characteristics. The objective function and the environ-
ment influence the need for iterations. Computational resources
also affect the necessary iterations [90].

Particle Swarm Optimization enhances localization precision, al-
though it possesses certain restrictions. P&O provides swifter
answers but diminished accuracy compared to PSO [91]. Particle
Swarm Optimization may excessively utilize computational re-
sources without meticulous calibration. In intricate scenarios, PSO
enhances photovoltaic power points. Particle Swarm Optimization
(PSO) surpasses conventional techniques under partial shading
situations [91], [92].

Sensor-based measurement of respiratory rate provides excellent
precision. Performance fluctuates among many contexts and popu-
lations. Regulated conditions substantially enhance measurement
accuracy. The positioning of sensors and their variability influ-
ence precision. External interferences may undermine measure-
ment reliability. Regular recalibrations are necessary for consis-
tent performance [93]. Machine learning enhances the reliability
of respiratory monitoring. Adaptive algorithms improve system
functionality and precision. Technological developments diminish
variability and interferences. Enhanced methodologies guarantee
consistent performance across varied environments [94].

SoCs with PPG function effectively on places with thin skin. Fin-
gertips and earlobes provide superior light penetration. Challenges
encompass precision in low perfusion situations. Consistent skin
contact continues to be a significant concern. Contactless tech-
niques employ polarized imaging for enhancements. Advanced
methodologies improve the precision of SpO2 measurements [95].

Initial states are crucial in numerous applications. Delays in com-
munication impact estimates in cyber-physical systems. In reg-
ulated settings, preliminary assessment is more straightforward.
Latencies disrupt event sequencing and impede assessments. Ro-
bust methodologies mitigate the effects of network latency [96].
Probabilities fluctuate based on the duration of sampling. The ab-
sence of continuity impedes state advancement. Consistent input
data uphold system stability [96]. 21
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FIGURE 21. Heat map diagram showing the transition probabilities based
on the input vector A;,.

7) Calibration of MEM sensors, and 8) The progression of
the disease.

In addition, a comparative analysis is carried out that
contrasts these results with previous studies.

While the analysis suggests that 40 iterations are optimal
for convergence, this may vary depending on the specific
application requirements and problem characteristics. Some
applications may benefit from fewer iterations if computa-
tional resources are limited, while others may require more
iterations to achieve higher accuracy. Efficient convergence
with minimal iterations reduces computational load, making
PSO suitable for resource-constrained applications [90].

Additionally, the use of adaptive PSO variants can further
optimize convergence by dynamically adjusting parameters
throughout the optimization process.

A. LIMITATIONS

The VLP programs were evaluated in the laboratory through

simulations without being implemented in hospital settings.
We worked considering a minimum mobility of patients

within hospital wards.

VII. CONCLUSION
This study proposed an optimized physiological monitoring
system for COVID-19 patients by integrating VLC-based
3D localization with Markov Chain Analysis, providing a
real-time solution for tracking vital physiological parameters.
The results demonstrated that the proposed method suc-
cessfully balances localization precision and computational
efficiency, making it a viable approach for healthcare
applications.

The performance of the VLC-based localization system
was evaluated using three LED beacons and Particle Swarm
Optimization (PSO). The PSO analysis showed that cognitive

and social components (¢c; = 1.9, co = 2.1) significantly
enhanced positioning accuracy, while an optimal inertia
weight (w = 0.8) ensured a balance between exploration

and convergence. The best trade-off between accuracy and
computational cost was observed with 700 to 1100 particles.
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MEMS sensors were used to measure and calibrate cough
frequency, respiratory rate, and oxygen saturation (SpOj).
The cough frequency peaked at 0.2 Hz, supporting its use
for symptom tracking. The respiratory cycle was detected
at a mean rate of 1.3 breaths per minute, validated through
MEMS-based acceleration analysis. The pulse oximeter
system successfully detected hypoxia events using infrared
and red light absorption, highlighting its capability for early
identification of respiratory distress.

A Markov Chain Model was developed to predict dis-
ease progression based on heart rate, temperature, cough
frequency, respiratory rate, and (SpO;) levels. The model
identified four distinct patient states, ranging from mild
to severe conditions. The probabilities of transitioning
between states showed that mild cases remained stable, while
worsening symptoms significantly increased the likelihood of
reaching a critical state. A heat map representation confirmed
the validity of state transitions, reinforcing the model’s ability
to forecast disease progression.

This study also emphasized the trade-off between localiza-
tion accuracy and computational cost. Increasing the number
of PSO particles improved positioning accuracy, but at the
expense of higher execution time. Similarly, reducing the
inertia weight beyond the optimal range degraded system per-
formance, stressing the importance of fine-tuning parameters
for real-time implementation in healthcare environments.

FUTURE WORK
Future work will focus on studying the interference caused by
white-light transmission and developing adaptive algorithms
for the dynamic adjustment of PSO parameters to further
optimize system performance. In addition, efforts will be
made to generalize the solution for its application in the
detection of other pathogens, expanding its scope and utility.

As local processors increase in capacity, it will become
possible to efficiently run programs such as DeepSeek
[97] and Llama 3 [98], open-source artificial intelli-
gence language models recognized for their performance
and accessibility. These open-source alternatives enable
exploration and research in various artificial intelligence
applications, providing advanced tools for natural language
processing [99].

Itis important to unravel the influence of different variables
and preparedness to COVID-19 incidence in order to prepare
cities for future pandemics [100].
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