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Abstract

In-Vehicle and In-Room Mobility and Health Monitoring:

A Comparative Simulation Study of Communication Between Edge

Devices and Servers

The rapid evolution of Internet of Things (IoT) technologies is transform-

ing intelligent systems, particularly in domains where real-time monitoring

and communication are criticalsuch as transportation safety and health-

care. IoT health monitoring systems promise to revolutionize healthcare de-

livery by enabling continuous, real-time surveillance of patient vital signs

in both mobile (vehicular) and stationary (indoor) environments. However,

the reliability of these systems fundamentally depends on communication

infrastructure performance, which varies significantly across deployment

contexts. Despite the growing adoption of IoT-based health monitoring,

critical gaps remain in understanding how environmental conditions, de-

vice configurations, and connectivity choices influence end-to-end commu-

nication performance.

This thesis presents a comprehensive simulation-based comparative

analysis of IoT health monitoring communication systems across 9,000 ve-

hicular simulation runs (96 scenarios, 100 random seeds each) and 24 in-

door scenarios using the OMNeT++ discrete-event simulation framework.

We evaluate vehicular mobility scenarios spanning both urban and rural

environments (48 urban and 48 rural), incorporating variations in vehicle

speed, cellular tower distance, data rate, message size, and edge device

type. We additionally assess 24 indoor smart-room scenarios featuring

different camera connection technologies, WiFi configurations, and packet

sizes.
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Through rigorous statistical analysis with exceptional statistical power,

including independent-samples t-tests (t-statistics ranging from 38 to 143,

p < 10�300), ANOVA, multiple linear regression, correlation analysis, coeffi-

cient of variation analysis, and 10-fold cross-validation, we quantify per-

formance across 15 metrics, including end-to-end delay, packet loss rate,

success rate, throughput, signal strength, and buffer utilization. Our find-

ings reveal five major results with substantial practical implications.

First, urban vehicular deployments significantly outperform rural de-

ployments across all metrics (p < 10�300), with urban environments achiev-

ing 21.41% lower delay (229.2 ms vs. 290.2 ms), 16.64% lower packet

loss (41.07% vs. 49.02%), and 21.67% higher success rates (49.14%

vs. 40.52%). Effect sizes range from Cohens d = 2:786 (delay) to d = 9:149

(packet loss), indicating not only statistical significance but substantial

real-world impact. These findings highlight a concerning urbanrural digital

health divide with serious healthcare equity implications.

Second, wired camera connections dramatically outperform Bluetooth

Low Energy alternatives in indoor environments, demonstrating orders-of-

magnitude differences in delay and throughput.

Third, vehicle speed emerges as the single strongest predictor of system

performance, with extraordinary correlation strength (r = 0:970 with packet

loss, explaining 96% of variance; r = �0:993 with signal strength, nearly

perfect negative correlation). Increases in vehicle speed from 25 to 65 mph

lead to a 34.59% increase in packet loss and a 24.20% decrease in success

rate. These results indicate that mobility-induced effects, such as Doppler

shift, handover frequency, and rapid channel variation, represent the pri-

mary challenge for vehicular health monitoring, contradicting preliminary

assumptions that modern LTE fully compensates for mobility.
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Fourth, WiFi band selection and data rate parameters show no statisti-

cally significant impact (p � 1:0) in single-user indoor health monitoring sce-

narios, revealing substantial over-provisioning and opportunities for cost

reduction.

Fifth, multi-objective optimization analysis identifies distinct Pareto-

optimal configurations for different applications, with performance vary-

ing by a factor of 2,442 between best and worst configurations. This

demonstrates the necessity of application-specific system design rather

than generic deployment strategies.

We develop and validate three multivariate predictive models that

achieve exceptional accuracy: packet loss (R2 = 0:961), success rate (R2 =

0:873), and delay (R2 = 0:538). For indoor monitoring, throughput analysis

confirms that camera connection type, not WiFi settings, dominates system

performance.

This research offers several novel contributions. We provide the first

comprehensive comparison of IoT health monitoring systems across urban,

rural, and indoor environments using consistent metrics and a statisti-

cally rigorous methodology. We quantify the performance implications of

connectivity technologies, establishing evidence-based thresholds for wired

versus wireless selection. We develop validated predictive models enabling

rapid performance forecasting without extensive prototyping. We present

the first multi-objective Pareto frontier analysis for health IoT, character-

izing delay, throughput, reliability, and trade-offs. Finally, we establish a

large-scale simulation benchmark (120 scenarios, 15 metrics) to support

future research and reproducibility.

The practical implications are substantial. For vehicular health mon-

itoring, we show that embedded-PC edge devices with wired sensor con-

vii



nections achieve an 84.9 ms delay advantage critical for real-time arrhyth-

mia detection, while maintaining statistically identical packet loss rates to

smartphone-based systems (p = 0:984). This eliminates the perceived la-

tencyreliability trade-off suggested by preliminary data and positions em-

bedded PCs as the preferred choice for time-critical applications. Ru-

ral deployments must either accept 21.67% lower success rates (40.52%

vs. 49.14% urban) or invest in improved cellular infrastructure, with sig-

nificant policy implications for healthcare equity.

For indoor monitoring, wired cameras are essential for any time-

sensitive application. The 1,206 times performance difference observed

indicates that wireless cameras introduce delays exceeding 100 seconds,

rendering them unsuitable for fall detection or telemedicine. WiFi over-

provisioning means that 40 Mbps is sufficient for typical two-sensor deploy-

ments, enabling cost savings through lower-tier equipment. Application-

specific optimization frameworks show that real-time monitoring requires

wired connections with 4 KB packets (yielding 42 ms delay), while high-

throughput recording benefits from 60 KB packets (achieving 2.78 Mbps

throughput).

We acknowledge several limitations. While simulation-based evaluation

enables systematic parameter variation and ethical compliance, real-world

validation is needed to confirm performance in operational environments.

Our single-user scenarios do not capture multi-user interference common

in hospitals or ambulance fleets. Future research should validate our pre-

dictive models through field deployments, extend the methodology to next-

generation communication systems, and conduct clinical studies linking

communication performance to patient outcomes.

This thesis provides healthcare technologists, system designers, and
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policymakers with empirical evidence and quantitative tools for evidence-

based IoT health monitoring system design. By characterizing performance

across diverse operational contexts, identifying critical technology bottle-

necks, and providing predictive models, we advance the development of

reliable and equitable remote patient monitoring systems. Our findings

demonstrate that one-size-fits-all designs are inadequate; optimal sys-

tem deployment must align with clinical requirements, environmental con-

straints, and available resources. As healthcare increasingly incorporates

IoT-enabled continuous monitoring, the systematic understanding pro-

vided by this research becomes foundational for successful and equitable

adoption.

Keywords: Internet of Things, communication protocols, mobility, edge

computing, vehicular systems, healthcare monitoring, protocol perfor-

mance, OMNeT++ simulation, mobile devices
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Introduction

1.1 Background

The rise of Internet of Things (IoT) technologies is driving transformative

changes across critical infrastructure sectors, particularly in transportation

and healthcare [1]. These technologies enable seamless data collection and

communication between distributed sensors, edge devices, and centralized

platforms, facilitating real-time monitoring, automation, and intelligent

decision-making[2]. With the continuous advancement of IoT, hardware

miniaturization, and a focus on user convenience, health monitoring appli-

cations are becoming increasingly integrated into daily life, ranging from

activity recognition to vital signs tracking in both personal and public

spaces[3]. Vehicles are transforming into sophisticated health hubs, utiliz-

ing a myriad of sensors and cameras to monitor both vehicle performance

and occupant well-being, enhancing safety and facilitating proactive health

management[4]. In the transportation domain, IoT plays a pivotal role in

applications such as driver behavior analysis [5], vehicle diagnostics[6],

collision avoidance[7], and tra�c management[8]. For instance, advanced

driver-assistance systems and Vehicle-to-Everything (V2X) communication

rely heavily on the continuous exchange of data to function safely and

e�ciently[9]. According to a report by MarketsandMarkets [10], the global

automotive IoT market is projected to grow from USD 131.2 billion in 2023

to USD 322.0 billion by 2028, at a Compound Annual Growth Rate(CAGR)

of 19.7%.
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Similarly, the healthcare sector is experiencing a paradigm shift with the

integration of IoT into patient monitoring systems [11], remote diagnostics

[1], and smart hospital infrastructure [12]. Wearable devices, biosensors,

and in-room monitoring systems are increasingly deployed to track patient

vitals such as heart rate, oxygen saturation, and mobility in both clinical and

home settings [13]. This is not only improving chronic disease management

and elderly care but also enabling proactive health interventions [11]. The

global market for IoT in healthcare was valued at USD 127.7 billion in 2023,

and it is expected to reach USD 289.2 billion by 2028, growing at a CAGR)

of 17.5% [14].

Figure 1.1: Projected market size of Internet of Things (IoT) in Healthcare in
the Asia-Paci�c region from 2019 to 2032 (in USD Billion) [14]

Recent market projections indicate signi�cant growth in the Internet

of Things (IoT) in healthcare across the Asia Paci�c region. As shown in

Figure 1.1, the market size expanded from under USD 50 billion in 2022

to USD 56.34 billion in 2023, with forecasts projecting continued accel-

eration to over USD 160 billion by 2032. This upward trend re�ects the

increasing integration of IoT technologies in healthcare services, including
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remote patient monitoring, smart hospital systems, and telemedicine. The

convergence of enabling technologies such as 5G, edge computing, and AI,

along with supportive policy environments, is expected to further strengthen

IoT adoption and transform healthcare delivery in the region. This evolution,

coupled with hardware miniaturization and a focus on user convenience,

has led to numerous studies exploring the integration of IoT devices into

modern healthcare systems [3]. Such systems facilitate a wide array of

applications, including activity recognition, �tness assistance, vital signs

monitoring, daily dietary tracking, and sleep monitoring, which are crucial

for preventing, detecting, and treating ailments [3]. These applications lever-

age both specialized medical-grade sensors and general-purpose sensors

adapted for health monitoring [3]. The integration of edge devices into both

in-vehicle and in-room environments is a rapidly evolving �eld, driven by the

increasing demand for real-time processing, reduced latency, enhanced pri-

vacy, and e�cient resource utilization. Edge computing brings computation

and data storage closer to the data source, transforming how data-intensive

applications operate in these diverse settings.

At the core of these systems lies one fundamental requirement: reliable

and e�cient communication between edge devices and cloud or server in-

frastructure. This communication backbone ensures that time-sensitive

data is transmitted with minimal delay, enabling real-time information dis-

semination (e.g., alerts) or actions (e.g., vehicular control). Any failure in

communication, due to latency, packet loss, or unreliable protocols, can lead

to delayed decisions, reduced system e�ectiveness, or even life-threatening

consequences in critical scenarios such as accident detection or medical

emergencies. Automotive industry is undergoing a signi�cant transforma-

tion, envisioning cars not just as modes of transport but as "health hubs"
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or private rooms for health monitoring [4]. This concept, termed "Car as a

Health Hub", represents a paradigm shift towards safeguarding both safety

and health during commutes and travels [4]. These systems monitor vital

signs such as heart rate and respiration rate to enhance driving safety and

detect potential health issues [4]. The increasing importance of public and

shared transportation necessitates autonomous intelligent systems capable

of detecting abnormal behavior to ensure passenger safety, particularly in

Shared Autonomous Vehicles that lack a human driver[15].

Despite the growing deployment of IoT systems, one major challenge

persists: selecting the appropriate communication protocol and edge plat-

form for a given application and environment. Environmental conditions

such as mobility, interference, and physical obstructions can signi�cantly

impact communication quality. Furthermore, the choice between mobile

edge devices (e.g., smartphones, wearables) and stationary platforms (e.g.,

embedded systems, desktops) introduces trade-o�s between portability,

power consumption, and processing capability.

Given these challenges and the critical nature of the applications, it is

essential to conduct a systematic, simulation-based evaluation of various

communication protocols and hardware con�gurations to determine their

suitability in di�erent real-world scenarios. This forms the basis of this

thesis, which aims to provide actionable insights into designing more ro-

bust, responsive, and context-aware IoT systems for in-vehicle and in-room

mobility and health monitoring.

1.2 Motivation

The integration of Internet of Things (IoT) technologies into critical sectors

such as transportation and healthcare is reshaping how we monitor, predict,
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and respond to events in real time. In the transportation sector, IoT enables

functionalities such as vehicle-to-vehicle (V2V) and vehicle-to-infrastructure

(V2I) communication, driver fatigue monitoring, predictive diagnostics, and

dynamic tra�c updates. These applications contribute to a signi�cant

reduction in tra�c congestion, accident rates, and vehicle maintenance

costs [16]. According to the World Health Organization [17], road tra�c

crashes account for approximately 1.19 million deaths each year globally.

Integrating IoT-based early-warning and behavior-monitoring systems into

vehicles has the potential to reduce such fatalities by enabling rapid re-

sponses to dangerous driving behaviors[18]. The automotive industry is

undergoing a signi�cant transformation, with edge computing emerging as

a crucial enabler for next-generation connected and autonomous vehicles

(AVs). The primary motivation for integrating edge devices in vehicles is

to address the stringent requirements of low latency and high bandwidth

for processing vast amounts of data generated by onboard sensors and

vehicle-to-everything (V2X) communications. Edge computing is fundamen-

tal for autonomous driving systems, allowing vehicles to make faster and

more accurate decisions based on real-time sensor data, thereby reducing

latency[19].

In the healthcare domain, IoT has revolutionized patient care through

real-time, non-invasive monitoring systems. Wearables and smart biosen-

sors can track vital signs like heart rate, oxygen saturation, and body

temperature, enabling early detection of abnormal patterns before critical

thresholds are reached. A study by Islam [11] highlights how IoT-supported

healthcare systems can signi�cantly reduce hospital readmissions and im-

prove chronic disease management. Moreover, with aging populations and

increasing demand for home-based care, IoT technologies are now central
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to telehealth platforms and smart hospital designs[12]. Monitoring systems

are revolutionizing elder care and hospital patient supervision, promoting

independence and enhancing safety [20]. These applications generate mas-

sive volumes of data, from vital signs and activity patterns to environmental

parameters[21]. Edge devices are crucial for real-time object detection of

vehicles and pedestrians in complex road environments, which is a chal-

lenging task for assisted driving[22]. Autonomous vehicles rely heavily

on a diverse set of sensors (GNSS/IMU, LiDAR, cameras, RaDAR). Edge

computing facilitates sensor fusion, combining data from multiple sensing

modalities to improve accuracy, reduce ambiguities, and calculate vehicle

positioning and orientation. This is essential for tackling the memory and

processing constraints of vehicle computing systems. The con�uence of AI

and edge computing, termed Edge Intelligence (EI) or Edge AI, is crucial for

autonomous driving. EI enables AVs to accurately sense surroundings by

o�oading data to powerful edge servers. This integrated approach improves

inference computing for AVs, enhancing accuracy and reducing latency. The

automotive AI market is rapidly growing, with AI systems becoming standard

for infotainment human-machine interfaces and advanced driver assistance

systems (ADASs). The high mobility of vehicles leads to constant changes in

network topology, a�ecting the completion time and reliability of o�oaded

tasks [23]. Intelligent online computation o�oading algorithms are being

developed to adapt to these highly dynamic environments [24]. Figure 1.2

presents an edge-based smart healthcare framework designed to enhance

resource management and service delivery. In this architecture, medical

devices and wearable sensors connect through base stations to nearby edge

or fog nodes, where computational tasks can be processed locally to reduce

latency. A non-consumable resource pool enables e�cient allocation and
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reassignment of resources to meet dynamic healthcare demands. At the top

level, the cloud layer provides large-scale data storage, advanced processing

capabilities, and system-wide coordination, ensuring scalable, reliable, and

responsive healthcare services.

Figure 1.2: An edge-based smart healthcare framework [25].

Edge computing is vital for smart health care systems, particularly

for processing sensor information from multiple rooms to reduce latency

and ensure data privacy [12]. It enables real-time decision-making in

smart environments, enhancing anomaly detection speed and bandwidth

utilization [26]. An edge computing and ambient data capture system

has been developed for clinical and home environments [27]. Therefore,

understanding and optimizing the communication pathways between edge

devices (sensors in cars or rooms) and processing servers (local or cloud-

based) becomes a critical area of investigation to unlock the full potential of

these transformative technologies[28].

Despite these advances, a critical bottleneck remains: the reliability and

timeliness of communication between edge devices and backend servers.
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Whether it is a sensor embedded in a car dashboard or a wearable device on

a patient, these edge nodes generate continuous streams of data that must

be transmitted, processed, and interpreted in real time. The challenge lies

in ensuring real-time data transmission, maintaining data integrity, and op-

timizing resource utilization across diverse and often resource-constrained

environments[20]. Any delay, jitter, or packet loss in this communication

pipeline can degrade system performance and introduce safety risks. For in-

stance, a delay of even 200 milliseconds in transmitting driver attention loss

data may prevent timely alerting systems from triggering countermeasures,

increasing the likelihood of accidents [29]. Similarly, missing packets dur-

ing ECG monitoring could result in undetected cardiac anomalies, putting

patients at severe risk [30]. Maintaining robust communication in enclosed

and dynamic environments like vehicles or hospital rooms presents a unique

set of challenges. Physical obstructions (e.g., metallic car frames, concrete

walls), electromagnetic interference, and user mobility can impair signal

propagation and increase transmission errors. Moreover, heterogeneity

in devices and communication protocols, such as Bluetooth, Zigbee, Wi-

Fi, and cellular (4G/5G), further complicates the task of ensuring secure

and consistent communication. Studies show that such interference can

lead to throughput degradation of over 30% in indoor IoT environments

[31]. Additionally, energy e�ciency becomes a concern, particularly in

battery-operated mobile devices, which must maintain connectivity with-

out compromising usability or lifespan[32]. Recent epidemiological studies

indicate that road accidents caused by medical emergencies account for

approximately 1.3% of all tra�c incidents, with many being preventable

through early detection systems capable of monitoring driver health status

in real-time[33].

19



These challenges are further compounded when the devices are managed

by non-technical users, such as drivers, elderly patients, or healthcare sta�,

who may not be equipped to troubleshoot connectivity or system perfor-

mance issues [12]. This highlights the need for intelligent, self-adaptive IoT

communication systems that can ensure continuity and quality of service

under varied environmental and operational conditions.

Given the critical role of these systems in real-time safety and health

applications, it becomes imperative to evaluate and benchmark di�erent

communication protocols and edge platforms to understand their behavior

under real-world constraints. Simulation tools like OMNeT++ [34] allow for

controlled and reproducible testing of these systems under diverse mobility

patterns, network topologies, and load conditions. Through such evalua-

tions, system designers can make informed decisions about the optimal

combinations of hardware and communication technologies for speci�c use

cases.

To the authors' knowledge, no prior comparative study simultaneously

evaluates urban, rural, and indoor health monitoring scenarios under a

uni�ed simulation framework while analyzing the trade-o�s between con-

nectivity technologies (WiFi, BLE, 4G/5G) [35, 36]. Furthermore, existing

literature lacks Pareto-optimal analysis and performance prediction models

speci�cally designed to guide technology selection and edge architecture de-

sign for heterogeneous health monitoring deployments [37, 38]. This thesis

is motivated to �ll this gap by conducting a comprehensive simulation-

based analysis of IoT communication technologies in in-vehicle and in-room

mobility and health monitoring settings, providing empirical evidence and

decision frameworks for resilient, context-aware system design.

This thesis is motivated to �ll this gap by conducting a comparative
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simulation-based analysis of IoT communication technologies in in-vehicle

and in-room mobility and health monitoring settings. The insights gained

will directly contribute to the development of resilient, context-aware, and

scalable IoT systems that can meet the demands of modern transportation

and healthcare infrastructures.

1.3 Problem Statement and Simulation Framework

Although a wide array of communication protocols and edge computing

platforms has been developed to support Internet of Things (IoT) applica-

tions, it remains a persistent challenge to determine which con�gurations

are most e�ective for speci�c real-world environments, particularly con-

�ned and interference-prone contexts such as vehicles and indoor spaces.

Unlike open-�eld or laboratory settings, in-vehicle and in-room environ-

ments impose unique constraints on wireless communication and system

performance[16]. These include limited signal propagation due to structural

barriers, local electromagnetic interference from surrounding devices, and

power limitations,mainly in mobile or battery-operated platforms. Addition-

ally, dynamic conditions such as vehicle mobility and human movement

further complicate the consistency and reliability of IoT data transmission

in these settings[39].

Given the mission-critical nature of the use cases involved, such as

real-time driver behavior analysis or patient vital sign monitoring, even

minor delays, data loss, or jitter can signi�cantly compromise system ef-

fectiveness, user safety, and decision-making accuracy [30]. Yet, despite

the growing deployment of IoT in these domains, no universally accepted

methodology exists to match communication technologies with application-

speci�c constraints and environmental dynamics [40]. The fragmented and
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rapidly evolving landscape of IoT protocols (e.g., Wi-Fi, Bluetooth Low Energy,

Zigbee, LTE, 5G) and platforms (e.g., mobile devices, embedded desktops,

wearables) makes it di�cult for system architects and developers to make

empirically grounded design choices [40].

To address this gap, this study introduces a simulation-based evalua-

tion framework of an in-vehicle and in-room mobility and health detection

system using OMNeT++, a modular and extensible discrete event simulator

that is widely recognized in the research community for analyzing network

protocols and distributed systems [41]. OMNeT++ provides a controlled and

reproducible environment for modeling complex communication architec-

tures, mobility patterns, and application workloads, making it well-suited

for studying the performance of IoT communication systems under variable

conditions[34] such as inside a room while conducting multiple activities

Figure 1.3a or inside a cabin that is moving but with limited physiological

movement Figure 1.3b.
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Table 1.1: Scenario Summary: Urban, Rural, Indoor

Scenario

Type
Key Varying Factors

Total

Scenarios

Urban

Speed_mph, Tower Distance (mile),

Data Rate (Mbps), Message Size

(KB), Edge Device Type, Camera To

Edge, OBD To Edge

48

Rural

Speed_mph, Tower Distance (mile),

Data Rate (Mbps), Message Size

(KB), Edge Device Type, Camera To

Edge, OBD To Edge

48

Indoor
Camera To Edge, WiFiBand (GHz),

Packet Size (KB), Data Rate (Mbps)
24

Table 1.1 o�ers an organized overview of the simulation framework,

distinguishing among urban, rural, and indoor environments and their

respective scenario counts. For each context, a thoughtful selection of

variable factors, such as network characteristics, device con�gurations, and

environmental settings, ensures the simulations mirror realistic deployment

conditions. This comprehensive approach supports robust and meaningful

performance evaluation across all targeted application domains.

The proposed simulation framework is designed to replicate two key

operational contexts:

1. In-Room Monitoring Systems involving static or semi-static setups

where wearable or embedded sensors communicate with localized edge

servers or cloud gateways in con�ned, interference-rich environments,

as illustrated in Figure 1.3a.

2. In-Vehicle Monitoring Systems involving mobile edge devices, vehicu-
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