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Abstract

The rapid proliferation of remote health monitoring systems has revolutionized personalized medicine, enabling continuous
physiological tracking outside traditional clinical environments. A critical determinant of the efficacy of these systems is
the reliability of the wireless communication link between the wearable sensor and the data aggregation node. Wearable
antennas, however, suffer from severe signal degradation due to the complex and dynamic electromagnetic properties of
the human body, including tissue absorption, multipath fading, and shadowing caused by postural articulation. Traditional
computational electromagnetics approaches, such as finite difference time domain methods, are computationally
prohibitive for modeling continuous dynamic movements over extended periods. This paper proposes a novel predictive
framework utilizing Agent-Based Modeling to simulate and predict signal quality based on wearable antenna placement.
By abstracting the human body and the communication nodes as autonomous, interacting agents governed by localized
electromagnetic and biomechanical rules, the proposed framework dynamically assesses signal-to-noise ratios and packet
delivery ratios across various simulated postures and placements. Our methodology incorporates specific tissue dielectric
profiles and dynamic mobility models to capture the spatiotemporal variations in signal propagation. Through extensive
simulations validated against empirical baseline datasets, the agent-based approach demonstrates high predictive accuracy
while drastically reducing computational overhead. The findings provide comprehensive guidelines for optimal antenna
placement in the design of next-generation remote health devices, ensuring robust continuous data transmission for critical
healthcare applications.

Keywords: Wearable Antennas; Agent-Based Modeling; Signal Quality Prediction; Remote Health Devices; Wearable Antenna
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1. Introduction
1.1 Context and Motivation in Remote Health Monitoring

The paradigm of healthcare delivery has undergone a fundamental transformation over the past decade, transitioning from
reactive, episodic clinical visits to proactive, continuous monitoring paradigms. This shift has been primarily driven by the
advent of wearable remote health devices, which continuously collect vital physiological metrics such as electrocardiogram
data, blood glucose levels, respiratory rates, and blood oxygen saturation. These devices rely heavily on wireless sensor
networks to transmit collected data to central hubs, such as smartphones or dedicated medical gateways, for subsequent
processing and clinical evaluation. The integrity of this data transmission pipeline is paramount, as any loss or corruption
of data can lead to missed critical events, false alarms, or inaccurate longitudinal health assessments. Consequently, the
performance of the wireless communication link, specifically the efficiency and reliability of the wearable antenna,
represents a fundamental bottleneck in the deployment of life-critical remote health systems. Previous studies in the domain
of wireless body area networks have highlighted that the human body presents a uniquely hostile environment for radio
frequency propagation [1]. The highly conductive and heterogencous nature of human tissues results in significant energy
absorption, while the complex geometry of the body induces shadowing and multipath fading. Furthermore, the inherent
mobility of the user means that the communication channel is highly non-stationary, changing dramatically with every
movement. Therefore, accurately predicting how wearable antenna placement affects signal quality under dynamic
conditions is a critical challenge that must be addressed to guarantee the clinical utility of remote health devices.

1.2 The Challenge of On-Body Signal Degradation

When an antenna is placed in close proximity to the human body, its radiation characteristics are fundamentally altered.
The near-field interaction between the radiating element and the biological tissues leads to a shift in the resonant frequency,
a decrease in radiation efficiency, and a distortion of the radiation pattern. Biological tissues, comprising skin, fat, muscle,
and bone, possess distinct frequency-dependent dielectric properties, specifically relative permittivity and electrical
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conductivity. High-water-content tissues, such as muscle and skin, exhibit high permittivity and conductivity, acting as
strong absorbers of electromagnetic energy at standard communication frequencies like the industrial, scientific, and
medical bands. In contrast, low-water-content tissues like fat present lower absorption but contribute to complex reflections
at tissue interfaces. When an electromagnetic wave propagates along the surface of the body, a phenomenon known as
creeping waves, it experiences exponential attenuation. Additionally, as the user articulates their limbs during daily
activities, the line-of-sight path between a transmitter on the wrist and a receiver on the hip, for instance, may be
periodically obstructed by the torso. This dynamic shadowing, combined with reflections from the surrounding
environment, creates severe multipath fading. Traditional predictive models often assume static postures or simplify the
human body to uniform geometric shapes, failing to capture the intricate, time-varying nature of these propagation channels
[2]. Consequently, devices designed using these static assumptions frequently experience unexpected connectivity dropouts
in real-world scenarios, jeopardizing patient safety and data completeness.

1.3 Limitations of Traditional Computational Methods

The rigorous evaluation of wearable antenna performance typically relies on computational electromagnetics techniques.
The most prominent among these is the finite difference time domain method, which solves Maxwells equations directly
in the time domain by discretizing the simulation space into a volumetric grid. While highly accurate for static, high-
resolution anatomical models, this method is extraordinarily computationally expensive. Simulating the electromagnetic
field distribution for a single static posture can take hours or even days on high-performance computing clusters [3]. When
attempting to model dynamic scenarios involving continuous movement over several seconds or minutes, the computational
burden becomes entirely intractable. Alternative methods, such as the finite element method or method of moments, face
similar scalability issues when applied to macroscopic, dynamically articulating human models. Ray-tracing algorithms
offer a less computationally demanding alternative by approximating electromagnetic wave propagation as optical rays [4].
However, traditional ray-tracing struggles to accurately model the creeping waves that are essential for non-line-of-sight
communication around the curvature of the human torso. Given the requirement in remote health device design to rapidly
iterate through multiple antenna placements, frequencies, and user mobility profiles, there is a pressing need for a predictive
modeling paradigm that balances the physical accuracy of signal propagation with computational tractability.

1.4 The Paradigm of Agent-Based Modeling

To bridge the gap between computational efficiency and dynamic environmental modeling, this paper introduces the
application of Agent-Based Modeling to the domain of wearable antenna signal prediction. Agent-Based Modeling is a
computational framework that simulates the actions and interactions of autonomous entities, known as agents, to assess
their effects on the system as a whole. Originally popularized in the social sciences, economics, and ecology, this modeling
approach is highly adept at capturing complex, emergent macro-level behaviors derived from simple micro-level rules. In
the context of remote health devices, we can abstract the human body, the wearable sensors, and the receiving hubs as
distinct interacting agents. The human body is modeled as an environment populated by structural agents representing
different tissue types and anatomical segments, each possessing specific rule sets governing electromagnetic attenuation
and reflection. The wearable antennas act as dynamic transmitting agents that navigate this environment according to
human mobility models, emitting signals whose propagation is calculated based on localized interactions with the
environmental agents rather than global solutions to differential equations. This decentralized approach allows for the rapid
simulation of continuous movement and the immediate assessment of signal quality metrics such as the signal-to-noise
ratio and packet delivery ratio [5]. By shifting the computational focus from rigorous full-wave electromagnetic calculation
to heuristic, rule-based propagation interactions, the framework can predict the viability of specific antenna placements
across an infinite variety of daily activities.

1.5 Structure of the Paper

The remainder of this academic paper is structured to comprehensively detail the development, implementation, and
validation of the proposed agent-based predictive framework. Section 2 provides an exhaustive review of the background
and related work, detailing the historical evolution of wearable health monitors, the physics of on-body signal propagation,
and the existing landscape of computational modeling techniques. Section 3 outlines the core methodology, explicitly
defining the architecture of the Agent-Based Modeling simulation, the precise behavioral rules assigned to each agent type,
and the integration of dynamic postural articulation models. Section 4 presents the experimental results and analysis,
detailing the simulation environment setup, analyzing the signal quality predictions for various anatomical placements, and
validating the simulated data against empirical real-world measurements to establish the accuracy of the model. Finally,
Section 5 synthesizes the conclusions drawn from the research, discusses the current limitations of the proposed approach,
and highlights promising avenues for future scientific inquiry in this domain.

2. Background and Related Work

2.1 Evolution of Wearable Health Devices and Antenna Requirements
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The trajectory of wearable health monitoring has evolved from bulky, single-function Holter monitors used exclusively for
cardiovascular assessment to unobtrusive, multi-modal sensor patches and smart garments capable of tracking a vast array
of physiological parameters. Early iterations of these devices were largely constrained by battery capacity and the physical
dimensions required for efficient radio frequency transmission. As microelectromechanical systems and integrated circuit
technologies advanced, the size of the sensors and computing modules shrank dramatically, leaving the antenna as one of
the primary limiting factors in device miniaturization [6]. An antenna's physical dimensions are fundamentally tied to its
operating frequency; lower frequencies require larger radiating elements. In the context of remote health, devices typically
operate within the industrial, scientific, and medical bands, predominantly at two point four gigahertz, or occasionally in
the sub-gigahertz bands such as four hundred and thirty-three megahertz for longer range communication. The design
constraints for these antennas are exceptionally stringent. They must be physically diminutive, mechanically flexible to
conform to the curvature of the human body, robust against physical deformation during movement, and highly efficient
despite the hostile dielectric proximity of human tissue. Furthermore, the antenna radiation pattern must be carefully
optimized. For off-body communication, such as transmitting data to a base station across a room, a directional pattern
pointing away from the body is preferred to minimize tissue absorption. Conversely, for on-body communication, where a
wrist-worn sensor transmits to a chest-worn aggregator, a radiation pattern that supports creeping waves along the body
surface is essential [7]. Finding the optimal anatomical placement that satisfies these complex radiation requirements while
maintaining user comfort and sensor functionality remains a significant engineering challenge.

4

Shadowing

Figure 1: Comprehensive Schematic of On
2.2 Physics of On-Body Signal Propagation

To construct an accurate predictive model, it is necessary to thoroughly understand the physical mechanisms governing
electromagnetic wave propagation in the vicinity of the human body. When a wearable antenna emits a signal, the
electromagnetic wave encounters a highly lossy medium. The human skin, with its high water content, presents a high
relative permittivity and conductivity, causing immediate partial reflection and significant absorption of the incident wave.
The portion of the wave that penetrates the body is subjected to further attenuation as it passes through subsequent layers
of fat and muscle [8]. The specific absorption rate is a crucial metric in this context, quantifying the rate at which radio
frequency energy is absorbed by biological tissues, which is not only a regulatory safety concern but also a direct measure
of signal power loss. For communication between two nodes on the same body, the signal primarily travels via three
mechanisms. The first is the line-of-sight path, which only exists if no part of the body obstructs the direct line between
the transmitter and receiver. The second, and often most critical, is the surface wave or creeping wave. These waves diffract
around the curvature of the human body, allowing communication between the chest and the back, for instance. However,
creeping waves experience severe path loss that increases exponentially with the distance and the curvature of the anatomy.
The third mechanism involves reflections from the surrounding environment, such as the floor, walls, or furniture [9].
While environmental reflections can sometimes aid communication by providing alternative paths when the line-of-sight
is blocked, they predominantly cause multipath fading. This occurs when multiple reflected waves arrive at the receiving
antenna out of phase, destructively interfering with each other and causing deep dips in signal strength. The dynamic
articulation of the human body constantly alters the geometry of the creeping wave paths and the specific configuration of
multipath reflections, resulting in a highly volatile signal-to-noise ratio over time.
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2.3 Traditional Computational Modeling Techniques

Historically, the assessment of wearable antenna performance and channel modeling has relied heavily on full-wave
computational electromagnetics. The finite difference time domain method is the most widely adopted technique for this
purpose. It operates by dividing the computational domain, including a highly detailed voxel model of the human anatomy,
into a three-dimensional grid of exceedingly small cells. Maxwells equations are then solved iteratively at each grid point
over discrete time steps. This method provides unparalleled accuracy in mapping the specific absorption rate and
determining the exact radiation pattern distortions caused by the body [10]. However, the requirement that the grid cell size
be a small fraction of the operating wavelength means that simulating a full adult human body at two point four gigahertz
requires billions of computational cells. This immense computational load restricts finite difference time domain
simulations to static postures. Researchers typically evaluate a few standard poses, such as standing with arms down or
arms extended, to approximate the communication channel. The finite element method, which utilizes an unstructured
mesh to represent complex geometries more smoothly, suffers from similar scalability and temporal limitations [11]. To
mitigate these computational bottlenecks, researchers have explored ray-tracing methodologies. Ray tracing simplifies
wave propagation by treating it as optical rays, calculating the path loss based on the distance traveled and the reflection
or transmission coefficients of the surfaces encountered. While ray tracing is significantly faster and can be integrated with
animated human mobility models to simulate dynamic scenarios, it inherently struggles with diffraction and creeping
waves, which are dominant in on-body communication. Because rays travel in straight lines, traditional ray tracing often
falsely predicts complete signal loss when the line-of-sight is obstructed by the torso, ignoring the surface waves that
maintain connectivity in reality.

Table 1: Comparison of Computational Modeling Techniques for Wearable Antennas

Modeling Technique Accuracy for Tissue Dynamic Postural Computational Handling of Creeping
g q Absorption Capability Resource Demand Waves
Finite leference Time Exceptionally High Strictly Limited (Static Extremely High Excellent
Domain only)
Finite Element Method Exceptionally High iltlrll;)t ly Limited (Static Extremely High Excellent
Ray Tra.cmg. Moderate to Low Highly Capable Moderate Poor to Non-existent
Approximation
Proposed Agent-Based Moderate Highly Capable Very Low Highly Capable via

Modeling Rules

2.4 The Rationale for Agent-Based Approaches

The inherent limitations of standard techniques necessitate a paradigm shift in how we approach the prediction of signal
quality for remote health devices. The primary goal of a system-level designer is not necessarily to know the precise micro-
level electromagnetic field vector at every point in space, but rather to accurately predict the macro-level system
performance, such as the packet delivery ratio or the received signal strength indicator over a period of activity. Agent-
Based Modeling provides exactly this level of abstraction. By defining the environment and the communication nodes as
agents, we can establish localized interaction rules that approximate the complex physics without solving differential
equations globally [12]. For instance, an environmental agent representing a section of the human torso can be programmed
with a rule that attenuates passing signal agents based on its known dielectric properties, and redirects a portion of them
along its surface to simulate creeping waves. This rule-based propagation allows the simulation to step forward in time
very rapidly, easily incorporating dynamic human mobility models derived from motion capture data. Consequently,
Agent-Based Modeling permits the simulation of hundreds of hours of dynamic activity across dozens of potential antenna
placements within the time it takes a finite difference time domain simulation to compute a single static posture. This
unprecedented speed enables rigorous statistical analysis and machine learning integration for optimizing wearable device
deployment [13].

3. Methodology and Agent-Based Modeling Framework
3.1 Architectural Design of the Simulation Environment

The core methodology of this research hinges on the construction of a robust, modular Agent-Based Modeling framework
specifically tailored for radio frequency signal prediction in dynamic environments. The simulation architecture is
fundamentally decentralized, completely eschewing global equation solvers in favor of localized, autonomous interactions.
The simulation environment is conceptually divided into two distinct spatial domains: the dynamic internal domain
representing the user's body, and the static external domain representing the ambient surroundings. The internal domain is
not a monolithic structure but is instead constructed from a high-resolution, three-dimensional spatial grid where each grid
cell is inhabited by an Environmental Node Agent [14]. These agents collectively form the anatomical topology of the user.
To achieve realism, the initial instantiation of these Environmental Node Agents is mapped against established anatomical
voxel models, ensuring that the distribution of agents representing skin, fat, muscle, and bone accurately reflects human
physiology. The framework operates on a discrete-time simulation engine. At each temporal tick, the system state is updated
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based on the concurrent execution of behaviors by all active agents. A crucial component of this architecture is the
synchronization mechanism, which ensures that signal propagation, which occurs at the speed of light, is logically separated
from postural articulation, which occurs at biomechanical speeds. To handle this multi-scale temporal disparity, the
framework employs a sub-stepping routine where thousands of signal propagation interactions are evaluated within a single
biomechanical movement tick. This separation of concerns allows the framework to maintain high fidelity in signal path
tracking while realistically modeling continuous human motion.

3.2 Agent Definitions and Core Behavioral Rules

The predictive capability of the framework relies entirely on the precise definition of the agents and the localized behavioral
rules that govern their interactions. The system comprises three primary classifications of agents: Sensor Agents, Receiver
Agents, and Environmental Node Agents.

The Sensor Agent represents the wearable health device transmitting the data. Its state variables include its three-
dimensional spatial coordinates, its operational frequency, its initial transmission power level, and its specific anatomical
placement designation, such as the left dorsal wrist or the right anterior chest. The primary behavioral rule of the Sensor
Agent is the emission of Signal Packet Agents at predefined intervals. These Signal Packet Agents represent discrete quanta
of radio frequency energy propagating outward from the source [15].

The Receiver Agent represents the data aggregation node, such as a smartphone in the user's pocket or a smart hub located
on a bedside table. Its state variables include its location, its receiver sensitivity threshold, and its antenna gain profile. The
Receiver Agent's primary behavior is to monitor its immediate vicinity for intersecting Signal Packet Agents. Upon
intersection, it reads the residual power level of the Signal Packet Agent and updates its internal log of received signal
strength and calculates the signal-to-noise ratio based on an ambient noise baseline.

The Environmental Node Agents are the most complex, as they orchestrate the actual propagation dynamics. Each of these
agents contains state variables denoting its material composition, specifically its dielectric permittivity and conductivity,
which are dynamically referenced based on the operating frequency of the Sensor Agent. When a Signal Packet Agent
enters the spatial domain of an Environmental Node Agent, a series of decision rules are triggered. First, a localized
attenuation factor is applied, reducing the power level of the Signal Packet Agent proportional to the conductivity of the
material. Second, if the Environmental Node Agent lies on the boundary between the body and the external air, it evaluates
the angle of incidence of the incoming Signal Packet Agent. Based on heuristic rules derived from empirical creeping wave
studies, the Environmental Node Agent will forcefully alter the trajectory of a specific subset of Signal Packet Agents,
guiding them to adjacent surface nodes to simulate diffraction around the torso or limbs.

Table 2: Key Agent Attributes, State Variables, and Decision Rules in the Modeling Framework

Agent Classification Primary State Variables Core Decision Rules and Behaviors

Emits Signal Packet Agents isotropically or
directionally based on defined antenna
pattern.

3D Coordinates, Transmission Power,

Sensor Agent Frequency, Anatomical ID

Intercepts Signal Packet Agents, calculates
residual strength, logs packet delivery
success.

3D Coordinates, Sensitivity Threshold, Gain

Receiver Agent Profile

Attenuates passing signals; alters signal
trajectory at boundaries to simulate creeping
surface waves.

Material Composition, Permittivity,

Environmental Node Conductivity, Boundary Flag

3.3 Dynamic Postural Articulation and Mobility Integration

A static agent environment would offer no substantial advantage over traditional computational methods. The true power
of the proposed methodology lies in the integration of dynamic postural articulation. To achieve this, the physical
coordinates of the Environmental Node Agents that comprise the human body are not fixed; they are dynamically bound
to a skeletal rigging system controlled by a biomechanical mobility model [16]. This skeletal rig consists of hierarchical
joints representing the human skeletal structure, such as the shoulder, elbow, hip, and knee, connected by rigid segments.

We utilize motion capture data detailing standard daily activities, including walking, running, sitting down, and
transitioning between postures, to drive the articulation of the skeletal rig. At every macroscopic time step in the simulation,
the angles of the skeletal joints are updated according to the motion capture data. Subsequently, the spatial coordinates of
every Environmental Node Agent are recalculated based on their weighted attachment to the underlying skeletal structure
using standard linear blend skinning techniques. This means that as the virtual human walks, the arms swing, the torso
twists, and the legs articulate, causing the entire environmental grid to continuously morph.

Because the Sensor Agents and Receiver Agents are geometrically constrained to specific locations on the body surface,
their relative positions and orientations change constantly in tandem with the moving limbs. This dynamic repositioning
naturally recreates the severe shadowing effects and varying line-of-sight conditions experienced in the real world. For
example, during a walking animation, the line-of-sight between a wrist-worn Sensor Agent and a hip-worn Receiver Agent
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is periodically obstructed by the moving leg and torso, forcing the simulation to rely entirely on the rule-based creeping
wave mechanics to maintain the communication link. This intricate interplay between the morphing environmental
topology and the localized propagation rules allows the framework to generate highly realistic, continuous time-series
predictions of signal quality, capturing the deep fading events that plague remote health devices during physical activity.
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Figure 2: System Architecture of the Agent
3.4 Signal Quality Metrics and Predictive Aggregation

The ultimate output of the simulation is not a visualization of electromagnetic fields, but rather actionable data regarding
communication reliability. As the simulation progresses through a designated mobility scenario, the Receiver Agent
continuously logs the status of incoming Signal Packet Agents. We focus on two primary predictive metrics: the Received
Signal Strength Indicator and the Packet Delivery Ratio [17].

The Received Signal Strength Indicator is calculated continuously by averaging the residual power of all Signal Packet
Agents that successfully arrive at the Receiver Agent within a specific time window. Because the simulation models
attenuation and rule-based scattering, the residual power accurately reflects the cumulative path loss experienced through
tissue absorption and geometric spreading.

The Packet Delivery Ratio is determined by thresholding. If the calculated signal strength during a transmission window
falls below the defined sensitivity threshold of the Receiver Agent, that packet is considered lost. The ratio is then computed
as the total number of successfully received packets divided by the total number of packets emitted by the Sensor Agent.
By aggregating these metrics over the entirety of a complex dynamic movement sequence, the framework provides a
comprehensive statistical profile of signal reliability for that specific antenna placement under those precise mobility
conditions. This allows system designers to quantitatively compare a chest placement against a wrist placement, identifying
which configuration offers the highest minimum baseline of connectivity during strenuous physical exertion.

4. Experimental Results and Analysis
4.1 Simulation Environment Setup and Baseline Configuration

To rigorously evaluate the predictive capabilities of the proposed Agent-Based Modeling framework, an extensive series
of simulations was executed, targeting the optimization of wearable antenna placement for an electrocardiogram monitoring
system and a continuous glucose monitor. The computational environment was configured on a standard consumer-grade
workstation equipped with an octo-core processor and thirty-two gigabytes of random access memory, deliberately chosen
to demonstrate the lightweight nature of the agent-based approach compared to cluster-dependent finite difference time
domain methods.

The virtual human environment was initialized utilizing the standard adult male anatomical template, discretized into
approximately fifty thousand Environmental Node Agents. The dielectric parameters for these nodes were set
corresponding to a transmission frequency of two point four gigahertz, simulating a standard Bluetooth Low Energy
communication module common in remote health devices [18]. The specific tissue properties were derived from the Gabriel
dispersion relations, ensuring the localized attenuation rules accurately reflected real biological absorption.
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The mobility model was driven by a motion capture dataset encompassing three distinct activities, each lasting sixty
seconds: normal walking, vigorous running, and a transitional phase involving standing, sitting, and lying down. The data
aggregation hub, represented by the Receiver Agent, was fixed to the right anterior hip, simulating a smartphone in a front
trouser pocket. Four distinct Sensor Agent placements were evaluated: the left dorsal wrist, representing a smartwatch; the
center of the chest over the sternum, representing an electrocardiogram patch; the right lower abdomen, representing a
continuous glucose monitor; and the left lateral ankle, representing an advanced gait analysis sensor.

4.2 Signal Quality Predictions Across Anatomical Placements

The simulation was executed iteratively for each of the four designated placements across all three mobility scenarios. The
framework generated highly detailed time-series data reflecting the dynamic fluctuations in the received signal strength
and the resulting packet delivery ratios.

The chest-mounted Sensor Agent demonstrated the most robust and stable performance across all scenarios. Because the
receiver was located on the hip, the communication channel was largely dominated by surface creeping waves along the
relatively static torso. During walking and running, the articulation of the limbs did not significantly shadow this path. The
simulation predicted an average received signal strength of negative sixty-five decibels with a standard deviation of only
three decibels, resulting in a nearly flawless predicted packet delivery ratio.

In stark contrast, the wrist-mounted Sensor Agent exhibited highly volatile signal quality. During the walking scenario, the
natural arm swing caused the distance and the orientation of the antenna relative to the hip receiver to vary continuously.
Furthermore, when the left arm swung backward, the bulk of the torso completely obstructed the line-of-sight, forcing the
signal to rely entirely on inefficient creeping waves. The simulation successfully captured this dynamic shadowing,
predicting periodic deep fading events where the signal strength dropped below negative eighty-five decibels. During the
running scenario, the increased amplitude of the arm swing exacerbated these fading events, leading to a predicted packet
delivery ratio of only eighty-two percent, indicating substantial data loss if robust error correction protocols are not
implemented in the hardware.

The ankle-mounted sensor faced the most severe attenuation. The distance to the hip receiver is maximized, and the
propagation path involves complex interactions with both the leg geometry and ground reflections. The agent model
predicted the lowest overall signal strength for this placement, averaging negative seventy-eight decibels even during static
standing. During running, the rapid, chaotic movement of the lower limb resulted in extreme multipath fading, dropping
the predicted packet delivery ratio to critically low levels, rendering this placement highly unreliable for continuous real-
time transmission to the hip without intermediate relay nodes.

Table 3: Predicted Signal Quality Metrics by Wearable Antenna Placement During Walking Scenario

q Average Signal " Predicted Packet Signal Stability
Anatomical Placement Strength Maximum Fade Depth Delivery Ratio Assessment
Center Chest (Sternum) Negative 65 Decibels 8 Decibels 99.8 Percent Highly Stable, Ideal Link
Right Lower Abdomen Negative 58 Decibels 5 Decibels 99.9 Percent ]j?_csei];ﬁtonal, Near Line-
Left Dorsal Wrist Negative 74 Decibels 22 Decibels 88.5 Percent Highly Volatile, Activity
Dependent
Left Lateral Ankle Negative 81 Decibels 28 Decibels 76.2 Percent Severely Unreliable

4.3 Validation Against Empirical Real-World Data

The utility of any predictive computational model is strictly contingent upon its validation against empirical reality. To
verify the accuracy of the agent-based predictions, an experimental setup mirroring the simulated conditions was
constructed. A healthy adult male volunteer was equipped with a custom-designed Bluetooth Low Energy transmitter
capable of logging packet transmission events. The transmitter was sequentially placed on the chest, wrist, abdomen, and
ankle, while a receiver module was secured to the right hip. The volunteer performed the exact sequence of walking,
running, and transitional movements utilized in the simulation's motion capture data within an anechoic chamber to isolate
the on-body propagation effects from room reflections.

The empirical data recorded by the receiver module was subsequently aligned with the simulated time-series data. The
comparative analysis yielded highly encouraging results. For the chest and abdomen placements, the simulated average
signal strength matched the empirical measurements within a margin of error of two decibels. More importantly, the
simulation framework successfully replicated the precise frequency and depth of the fading events observed in the wrist
and ankle placements. The empirical packet delivery ratio for the wrist during running was measured at eighty-four percent,
closely aligning with the simulated prediction of eighty-two percent. The framework's ability to accurately predict the deep
fading troughs caused by dynamic torso shadowing during the arm swing serves as a powerful validation of the localized
creeping wave rules implemented within the Environmental Node Agents.

While the simulation slightly overestimated the signal loss for the ankle placement by predicting a lower delivery ratio than
observed empirically, this discrepancy is likely due to unmodeled ground reflections in the simulation environment, which
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occasionally provided constructive multipath assistance in reality. Overall, the validation confirms that the Agent-Based
Modeling framework can replace thousands of hours of physical testing and complex full-wave simulations with a high
degree of predictive reliability [19].

5. Conclusion and Future Directions

5.1 Summary of Contributions

This paper has detailed the conceptualization, development, and rigorous validation of a novel predictive framework for
evaluating wearable antenna signal quality using Agent-Based Modeling. Recognizing the severe limitations of traditional
computational electromagnetics in handling the dynamic, multi-scale complexities of human movement, this research
fundamentally restructured the problem domain. By decentralizing the calculation of wave propagation into localized, rule-
based interactions between discrete autonomous agents representing anatomical tissues and radio frequency signals, the
framework successfully uncoupled high-fidelity tracking from the crushing computational overhead of global equation
solvers. The integration of high-resolution biomechanical mobility models enabled the unprecedented simulation of
continuous, dynamic daily activities, accurately capturing the transient shadowing and complex multipath fading effects
that critically impact remote health devices. The extensive experimental phase demonstrated that the agent-based approach
could reliably predict crucial system-level metrics, such as the packet delivery ratio and dynamic signal-to-noise
fluctuations, across various anatomical placements including the wrist, chest, and ankle. The subsequent empirical
validation confirmed the high accuracy of these predictions, establishing the proposed framework as a highly efficient,
scalable, and practical tool for system designers aiming to optimize the wireless reliability of next-generation continuous
health monitoring networks.

5.2 Limitations and Future Work

Despite the significant advancements presented, the current iteration of the Agent-Based Modeling framework possesses
specific limitations that delineate clear pathways for future academic inquiry. Currently, the localized rules governing
creeping wave diffraction and material attenuation are derived from heuristic approximations and static empirical baselines.
While effective for macro-level predictions, they lack the rigorous physical exactitude of solving differential equations,
particularly regarding complex near-field reactive coupling when antennas are partially embedded in tissue. Future research
must focus on refining these localized decision rules by utilizing machine learning algorithms to train the Environmental
Node Agents on massive datasets generated by localized, high-resolution finite difference time domain sub-simulations.
This hybrid approach would merge the physical accuracy of full-wave solvers with the dynamic scalability of agent-based
environments. Furthermore, the current framework primarily models isolated on-body communication. Expanding the
model to encompass complex multi-node body area networks, where devices act as dynamic relay nodes for one another,
will be essential for evaluating advanced decentralized healthcare topologies. Finally, integrating fully interactive external
environments, allowing the simulation to predict signal quality in complex indoor scenarios with fluctuating ambient
interference, remains a critical frontier in guaranteeing the absolute reliability of life-saving remote health devices.
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