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Abstract

Cardiovascular diseases remain a leading cause of mortality globally, necessitating continuous and reliable monitoring of  
cardiac health. Wearable electrocardiogram monitors have emerged as a pivotal technology for the early detection of  
arrhythmia, transitioning clinical diagnostics to ambulatory and remote settings. However, the efficacy of these devices is  
frequently compromised by motion artifacts, environmental interference, and the inherent unreliability of wireless data 
transmission across dynamic body area networks. This paper provides a comprehensive examination of how advanced 
biomedical  signal  processing  and  routing  diversity  converge  to  facilitate  robust  arrhythmia  detection  in  wearable  
ecosystems. By systematically analyzing the preprocessing, feature extraction, and classification of cardiac signals, we 
elucidate  the  mechanisms  through  which  noise  is  mitigated  and  diagnostic  features  are  isolated.  Concurrently,  we 
investigate  the  critical  role  of  routing  diversity  in  wireless  body area  networks,  demonstrating  how multipath  data  
transmission protocols prevent packet loss and ensure the timely delivery of critical physiological data to processing hubs. 
A methodological framework integrating adaptive signal quality assessment with diversity-aware routing is proposed and 
evaluated.  The  analysis  reveals  that  harmonizing  signal  processing  algorithms  with  dynamic  network  topologies 
substantially enhances both the diagnostic accuracy of arrhythmia detection and the energy efficiency of the wearable  
network. Ultimately, this research bridges the gap between biomedical engineering and network communications, offering 
a holistic perspective on the design and implementation of next-generation continuous cardiac monitoring systems.
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1. Introduction

1.1 Background and Motivation

The  global  prevalence  of  cardiovascular  diseases  constitutes  a  profound  challenge  to  modern  healthcare  systems,  
demanding  innovative  approaches  to  patient  monitoring  and  early  intervention.  Among  these  conditions,  cardiac 
arrhythmia, characterized by irregular heartbeats that can precipitate severe clinical events such as stroke or sudden cardiac 
arrest, requires vigilant and continuous observation. Traditionally, the diagnosis of arrhythmia relied heavily on standard  
clinical electrocardiogram machines and Holter monitors, which, while highly accurate, are bulky, uncomfortable, and 
generally unsuited for prolonged daily use. Over the past decade, advancements in microelectronics and biomedical  
engineering  have  catalyzed  the  development  of  wearable  electrocardiogram  monitors  [1].  These  devices  offer  the 
unprecedented capability to continuously track cardiac electrical activity in ambulatory patients, thereby facilitating the  
detection of transient or asymptomatic arrhythmic events that might otherwise evade traditional clinical diagnostics [2]. 

Despite the transformative potential of wearable cardiac monitors, their deployment in real-world environments introduces 
a spectrum of complex technical challenges. Unlike the controlled environment of a hospital, ambulatory monitoring 
subjects the electrocardiogram signal to a myriad of degrading factors, including muscular electrical activity, electrode 
motion, and fluctuating ambient electromagnetic interference [3]. To extract clinically relevant information from such 
contaminated data streams, sophisticated biomedical signal processing techniques are indispensable [4]. These processing 
pipelines must be capable of operating in real-time, functioning within the severe computational and energetic constraints  
of battery-operated wearable devices [5]. Furthermore, as wearable systems increasingly adopt decentralized, multi-node 
architectures to improve signal acquisition, the reliable transmission of this critical physiological data to centralized 
processing units or cloud infrastructure becomes a paramount concern [6]. 

1.2 The Convergence of Signal Processing and Network Reliability

The reliability of a continuous remote monitoring system is not solely dependent on the accuracy of its signal processing  
algorithms; it is equally reliant on the robustness of its communication infrastructure. In a wireless body area network,  
multiple sensor nodes placed on different parts of the body communicate with a central coordinator or gateway device. The 
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human body, however, acts as a highly dynamic and hostile environment for radio frequency transmission. Tissues absorb 
electromagnetic waves, and the constant ambulation of the user alters the network topology, leading to frequent shadowing 
effects and signal fading [7]. Consequently, a perfectly processed and classified arrhythmic event holds zero clinical value 
if the data packet containing this alert is lost during transmission due to poor network conditions [8].

To address the vulnerabilities of wireless transmission on the human body, the concept of routing diversity has been 
introduced into the design of body area networks. Routing diversity involves the utilization of multiple independent paths  
for data transmission between a source node and a destination node. By leveraging redundant transmission routes, the  
network can circumvent temporary blockages caused by body posture changes, significantly enhancing the probability of 
successful packet delivery. This paper argues that the challenges of arrhythmia detection in wearable monitors cannot be  
solved by biomedical signal processing or network engineering in isolation. Instead, a synergistic approach is required. By 
exploring the intersection of biomedical signal processing and routing diversity, this paper aims to provide a comprehensive 
explanation of how integrated methodologies can optimize both the diagnostic integrity and the communication reliability 
of wearable electrocardiogram monitors. 

2. Fundamentals of Biomedical Signal Processing in Electrocardiography

2.1 Characteristics of the Ambulatory Electrocardiogram Signal

The electrocardiogram represents the electrical activity of the heart as measured from the surface of the skin. A typical  
cardiac cycle on an electrocardiogram consists of several distinct morphological features, primarily the P wave, the QRS 
complex, and the T wave, each corresponding to specific phases of atrial and ventricular depolarization and repolarization 
[9]. The precise timing, amplitude, and duration of these intervals are the fundamental metrics used by cardiologists to 
diagnose various forms of arrhythmia, such as atrial fibrillation, premature ventricular contractions, and bradycardia. In a  
clinical setting, these signals are typically captured using a twelve-lead system, which provides a comprehensive, multi-
dimensional view of the electrical vector of the heart [10].

In contrast, wearable monitors typically employ a reduced lead configuration, often relying on a single-lead or three-lead  
setup to maximize user comfort and minimize device footprint. This reduction in spatial resolution inherently limits the  
diagnostic breadth of the device, placing a heavier burden on the accuracy of temporal feature extraction. Furthermore, the 
ambulatory electrocardiogram signal is characterized by lower signal-to-noise ratios compared to clinical recordings. The  
amplitude of the cardiac electrical signal at the skin surface is typically in the millivolt range, rendering it highly susceptible 
to corruption by external electrical sources and internal physiological artifacts. Understanding these baseline characteristics 
is essential for developing effective signal processing pipelines that can accurately identify the subtle morphological  
variations indicative of arrhythmia [11].

2.2 Noise and Artifact Characterization in Wearable Environments

The primary obstacle in automated arrhythmia detection is the presence of severe noise and artifacts that can obscure the  
underlying cardiac signal or mimic arrhythmic events, leading to false positive alarms [12]. The most prevalent sources of 
contamination in wearable electrocardiogram monitoring can be broadly categorized into three types. The first is baseline 
wander, a low-frequency artifact primarily caused by patient respiration and variations in electrode-skin impedance due to 
perspiration. Baseline wander causes the entire electrocardiogram waveform to drift slowly up and down, complicating the 
detection of the isoelectric line and the accurate measurement of wave amplitudes [13].

The second major source of interference is powerline noise, a narrow-band high-frequency artifact introduced by the 
proximity of the wearable device to external electrical appliances and wiring. Finally, the most challenging artifact to 
mitigate is motion artifact, which arises from the physical movement of the patient. When a patient walks, runs, or shifts 
posture, the relative movement between the electrodes and the skin generates transient, high-amplitude electrical spikes  
that overlap significantly with the frequency spectrum of the QRS complex [14].  Because motion artifacts are non-
stationary and highly unpredictable, standard filtering techniques are often insufficient for their removal. Consequently,  
distinguishing a true premature ventricular contraction from a motion-induced spike remains one of the most complex tasks 
in biomedical signal processing for wearable applications [15].

2.3 Preprocessing and Feature Extraction Strategies

To prepare the raw electrocardiogram signal for arrhythmia classification, a robust preprocessing and feature extraction 
pipeline must be implemented. The preprocessing phase typically begins with the application of digital filters designed to 
isolate the frequency band of interest. High-pass filters with a specific cutoff frequency are utilized to remove the low-
frequency baseline wander, while notch filters are employed to eliminate powerline interference [16]. For the more complex 
task of motion artifact reduction, adaptive filtering techniques are frequently deployed. These techniques often utilize  
secondary reference signals, such as data from a built-in triaxial accelerometer, to estimate the instantaneous motion of the 
user and subtract the corresponding artifact from the electrocardiogram signal dynamically [17].
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Once the signal has been sufficiently denoised, the feature extraction phase commences. This involves the systematic  
identification and measurement of fiducial points within the cardiac cycle. The most critical step is the accurate detection 
of the R-peak, which serves as the temporal anchor for calculating heart rate and identifying subsequent morphological  
features [18]. Advanced algorithms, such as those based on wavelet transforms or derivative-based thresholding, are 
employed to enhance the QRS complex while suppressing other waves and residual noise. Following R-peak detection, a 
myriad of time-domain and frequency-domain features are extracted, including RR interval variability, QRS duration, and 
the spectral power of specific frequency bands. These extracted features form the input vector for machine learning 
classifiers  that  ultimately  perform the  diagnostic  task  of  differentiating  between  normal  sinus  rhythm and  various 
arrhythmic morphologies [19].

3. Wearable Sensor Networks and the Role of Routing Diversity

3.1 Architecture of Wireless Body Area Networks

The transition from standalone wearable devices to distributed wearable sensor networks represents a significant evolution 
in physiological monitoring. A wireless body area network consists of multiple miniaturized sensor nodes strategically  
placed on or implanted within the human body, communicating wirelessly with a central coordination device, commonly  
referred  to  as  a  hub or  gateway [20].  In  the  context  of  cardiac  monitoring,  such  a  network  might  include  several  
electrocardiogram patches arrayed across the torso, complemented by peripheral sensors such as pulse oximeters or blood 
pressure monitors. This distributed architecture allows for the acquisition of multiparametric physiological data, providing 
a more comprehensive and holistic overview of the cardiovascular status of the patient than a single localized sensor could 
achieve.

The gateway device, which could be a dedicated microcontroller unit or a consumer smartphone, aggregates the data from 
the various sensor nodes [21]. It is responsible for performing preliminary data fusion, executing lightweight diagnostic 
algorithms, and ultimately transmitting the consolidated health information to remote medical servers via wider area 
networks, such as cellular or Wi-Fi connections. The internal communication within the body area network relies on low-
power  short-range  radio  frequency  protocols.  However,  operating  these  communication  protocols  efficiently  in  the 
immediate vicinity of the human body presents a unique set of radio propagation challenges that fundamentally impact the 
reliability of the entire monitoring system [22].

3.2 Vulnerabilities of Traditional Single-Path Routing

Traditional routing protocols utilized in wireless networks often rely on single-path transmission strategies, wherein a 
sensor node establishes a single, continuous communication link with the destination gateway. While such approaches are 
straightforward to implement and generally energy-efficient in static environments, they are highly vulnerable in the 
context of wireless body area networks. The primary physical limitation is the high dielectric constant of human tissues,  
which causes significant absorption and attenuation of radio frequency signals [23]. Furthermore, the human body is 
constantly in motion. Simple actions such as swinging an arm, turning the torso, or changing posture can suddenly obstruct 
the line-of-sight between a sensor node and the gateway.

This obstruction creates a phenomenon known as shadowing, leading to deep and unpredictable signal fading. When a 
single-path routing protocol encounters such a fade, the communication link drops, resulting in the loss of data packets. In 
the critical domain of continuous arrhythmia detection, the loss of packets containing a segment of an irregular heartbeat  
can lead to a missed diagnosis, potentially with fatal consequences for the patient. Repeated transmission failures also force 
the  sensor  nodes  to  perform continuous  retransmissions,  which  rapidly  depletes  their  limited  battery  reserves  [24].  
Therefore, the reliance on single-path routing represents a critical bottleneck in the reliability and longevity of wearable  
electrocardiogram monitoring systems.

3.3 Principles and Mechanisms of Routing Diversity

To overcome the inherent unreliability of single-path communications in body area networks, the implementation of routing 
diversity has emerged as a fundamental structural enhancement. Routing diversity is predicated on the principle that the  
probability of simultaneous severe fading occurring on multiple, spatially separated communication paths is significantly 
lower than the probability of fading on any single path [25]. In practice, this involves designing routing protocols that allow 
a source node to transmit its data through multiple intermediate relay nodes to reach the final destination. If one pathway  
is  temporarily  blocked by body movement,  the  data  can still  successfully  arrive  at  the  gateway via  an  alternative,  
unshadowed route.

Multipath routing can be implemented in several ways. One approach is concurrent multipath routing, where the same data 
packet is duplicated and transmitted simultaneously across several distinct paths. This method maximizes the probability  
of delivery and minimizes latency, which is crucial for critical arrhythmic alerts, though it incurs a higher energy cost due 
to redundant transmissions. An alternative approach is opportunistic or adaptive multipath routing, where the network 
maintains knowledge of several viable paths but dynamically selects the optimal route based on real-time assessments of 
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link quality and channel conditions [26]. By continuously monitoring the signal strength of neighboring nodes, the routing 
protocol can reroute traffic around transient blockages before packet loss occurs, thereby balancing the strict reliability  
requirements of medical monitoring with the stringent energy constraints of wearable sensors.

4. Methodological Framework for Integrated Arrhythmia Detection

4.1 Integrated System Architecture Design

Achieving a highly reliable wearable electrocardiogram monitor necessitates a methodological framework that tightly  
integrates the biomedical signal processing pipeline with the diversity-aware network routing protocol. We propose an 
architecture  that  operates  on  a  cross-layer  design  principle,  wherein  information  regarding  the  quality  of  the  
physiological signal directly influences the routing decisions made at the network layer. In this integrated system, multiple 
lightweight electrocardiogram sensor nodes are deployed across the chest, functioning simultaneously as data acquirers 
and as potential routing relays for one another. 

Figure 1: Comprehensive Schematic of Decentralized Wireless Routing Optimization Mechanism

The central gateway device coordinates the network and performs the final complex classification of arrhythmic events.  
However, to conserve energy and reduce network congestion, a significant portion of the signal preprocessing and quality  
assessment is pushed to the edge, occurring directly on the sensor nodes. The architecture is designed to continuously  
monitor two critical metrics: the Signal-to-Noise Ratio of the acquired electrocardiogram data and the Received Signal  
Strength Indicator of the wireless communication links. The synthesis of these two metrics dictates the operational state of 
both the processing algorithms and the routing mechanisms.

4.2 Adaptive Signal Processing Pipeline

The signal processing component of the framework is adaptive, scaling its computational intensity based on the prevailing 
noise conditions. Under normal, low-noise conditions, the sensor node employs standard, low-power filtering techniques 
to maintain the integrity of the electrocardiogram signal. It performs basic R-peak detection and extracts essential time-
domain features, compressing the data before transmission to minimize radio usage. However, when the node detects a 
drop in signal quality, typically due to the onset of user motion, the adaptive pipeline activates more sophisticated and 
computationally expensive algorithms.

During  these  high-noise  periods,  the  node  incorporates  accelerometer  data  to  perform  adaptive  noise  cancellation, 
attempting to salvage the cardiac signal from the motion artifacts [27]. Furthermore, the node calculates a Signal Quality  
Index for each segmented cardiac cycle. This index serves as a confidence score for the morphological features extracted  
from that specific segment. Segments with a Signal Quality Index falling below a predefined clinical threshold are tagged 
as  unreliable.  This  local  processing  prevents  the  transmission  of  completely  corrupted  data  to  the  gateway,  saving 
bandwidth and preventing the central classifier from generating false positive arrhythmia alerts based on artifact-laden  
inputs.

4.3 Diversity-Aware Network Routing Protocol

The diversity-aware routing protocol operates in tandem with the adaptive signal processing pipeline. It utilizes a multi-
hop, mesh-like topology where every sensor node can route data for its peers. The routing algorithm continuously maintains 
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a routing table ranking all available paths to the gateway based on a composite cost function. This cost function incorporates 
the current wireless link quality, the residual battery life of the intermediate relay nodes, and the latency of the path. By  
prioritizing paths that exhibit the highest link stability, the protocol mitigates the effects of shadowing caused by body  
movement [28].

Crucially, the interaction between the signal processing layer and the routing layer introduces a novel mechanism for  
prioritized transmission. When the signal processing algorithms on a node detect a potential arrhythmic event, such as an 
irregular RR interval or a morphologically abnormal QRS complex, the data packet containing this event is assigned the  
highest priority status. The diversity-aware routing protocol reacts to this priority flag by temporarily switching from an 
adaptive routing strategy to a concurrent multipath strategy. The critical alert is duplicated and blasted across all available, 
non-correlated routes simultaneously. This ensures that even in the presence of severe network fading, the probability of  
the arrhythmic event reaching the gateway and triggering a medical response approaches certainty.

5. Experimental Setup and Data Acquisition

5.1 Hardware Configuration and Sensor Placement

To validate the efficacy of the integrated methodological framework, a comprehensive experimental setup was established, 
combining physical hardware implementation with advanced network simulation. The physical component involved the 
deployment of custom-designed wearable sensor patches. Each sensor node was equipped with a low-power analog front-
end for continuous single-lead electrocardiogram acquisition, a micro-electromechanical systems triaxial accelerometer for 
motion tracking, and a microcontroller integrated with a radio frequency transceiver operating in the standard industrial,  
scientific, and medical radio band. The nodes were powered by miniature lithium-polymer batteries, chosen to replicate  
the severe energy constraints of commercial wearable devices.

Table 1: Hardware and Simulation Parameters

Parameter Category Specific Element Assigned Value / Description

Hardware Components ECG Analog Front-End Ultra-low power, 250 Hz sampling rate

Hardware Components Radio Transceiver 2.4 GHz, -95 dBm receiver sensitivity

Simulation Environment Network Area 2.0 m x 2.0 m dynamic body space

Simulation Environment Shadowing Model Posture-dependent log-normal fading

For the data acquisition process, an array of five intercommunicating sensor nodes was strategically placed on the torso of 
test subjects. The placement was designed to ensure that while some nodes maintained a direct line-of-sight to the gateway 
device worn on the wrist, other nodes would frequently be subjected to shadowing depending on the physical orientation  
of the subject. The subjects were instructed to follow a scripted sequence of activities, including sitting quietly, walking on 
a treadmill at varying speeds, jogging, and executing sudden postural changes. This diverse activity protocol was essential 
to generate a realistic spectrum of motion artifacts in the electrocardiogram signals and to induce continuous, dynamic  
topology changes within the body area network.

5.2 Dataset Integration and Simulation Environment

While the physical experimental setup provided critical insights into real-world noise and fading characteristics, generating 
a statistically significant volume of true arrhythmic events in a small cohort of healthy test subjects is impractical and  
unethical. Therefore, the physiological data acquired during the physical trials was augmented by integrating standard 
clinical datasets, specifically utilizing records from recognized international databases of arrhythmic electrocardiograms 
[29]. The clinically validated arrhythmic morphologies, including premature ventricular contractions and instances of atrial 
fibrillation, were systematically superimposed onto the noisy baseline signals collected from the physical activity trials.  
This created a robust, hybrid dataset that accurately reflected both the clinical reality of arrhythmia and the environmental 
reality of ambulatory monitoring.

To evaluate the networking performance of the proposed routing diversity protocol at scale, the physical measurements of 
radio link quality, fading duration, and packet loss rates were fed into a discrete-event network simulator. The simulation  
environment was configured to model a dynamic wireless body area network, incorporating complex channel models that  
mathematically represent the attenuation caused by human tissue and the temporal variations caused by body movement. 
By running extensive simulations using the hybrid dataset, we were able to rigorously compare the performance of the 
proposed integrated framework against conventional systems that rely on independent signal processing pipelines and 
single-path routing protocols. 

6. Performance Evaluation and Discussion

6.1 Diagnostic Accuracy and Signal Quality Assessment

The primary objective of any cardiac monitoring system is the accurate identification of physiological anomalies. In our  
evaluation, the diagnostic accuracy was quantified using standard statistical metrics, specifically precision, recall, and the  
aggregate f-measure, comparing the performance of the integrated framework against a baseline traditional model. The  
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traditional model employed static filtering and standard single-path data transmission, representing the current operational 
standard for many commercial wearable devices. The results demonstrated a marked improvement in the ability of the  
integrated framework to correctly classify arrhythmic events, particularly under conditions of high physical activity.

Table 2: Comparative Performance Metrics

Evaluation Metric Baseline Single-Path Model Integrated Diversity Model

Sensitivity (Recall) 82.4 Percent 96.1 Percent

Specificity 88.7 Percent 97.3 Percent

Average Packet Delivery Ratio 76.5 Percent 99.2 Percent

Mean Network Energy Depletion High Baseline 22 Percent Reduction

The significant increase in sensitivity indicates that the proposed system is highly effective at minimizing false negative  
results, ensuring that critical arrhythmic events are not missed. This improvement is largely attributable to the adaptive 
signal quality assessment module. By dynamically rejecting highly corrupted signal segments rather than attempting to 
classify  them,  the  system  prevents  the  machine  learning  classifier  from  being  overwhelmed  by  motion  artifacts.  
Furthermore, the localized preprocessing allows the classification algorithm at the gateway to operate on cleaner, more 
reliable feature vectors, thereby substantially improving the specificity of the system and reducing the occurrence of false  
alarms that frequently plague continuous monitoring solutions.

6.2 Network Reliability and Latency Optimization

Beyond diagnostic accuracy, the performance evaluation critically examined the communication metrics of the wireless  
body area network. The traditional single-path routing model exhibited a severe degradation in packet delivery ratio during 
periods  of  high  subject  ambulation.  As  the  movement  of  the  arms  and  torso  continuously  obstructed  the  direct 
communication links, the single-path protocol was forced into endless cycles of timeout and retransmission, leading to 
unacceptable delays and eventual packet dropping. In contrast, the diversity-aware routing protocol maintained a near-
perfect packet delivery ratio across all physical activity profiles. By seamlessly transitioning data flows to alternative,  
unshadowed relay nodes, the protocol successfully bypassed the transient physical obstructions.

The most profound impact of the integrated cross-layer design was observed in the latency metrics for high-priority 
arrhythmic alerts. In standard networks, a sudden drop in link quality delays the transmission of all data equally. However, 
our proposed framework, which flags potential arrhythmias during the localized signal processing phase, dictates the 
network to immediately utilize concurrent multipath routing for those specific packets. The evaluation showed that the  
end-to-end latency for critical alert delivery was reduced by an order of magnitude compared to standard traffic, ensuring  
that life-threatening events are reported to the gateway device instantaneously, regardless of the momentary physical  
posture of the user.

6.3 Comprehensive Discussion on System Viability

The synthesis of biomedical signal processing and routing diversity yields a system that is greater than the sum of its parts. 
By allowing the physiological data characteristics to inform network routing decisions, and conversely, by utilizing a  
reliable network to support  distributed processing,  the integrated framework overcomes the traditional  compromises 
between diagnostic accuracy, communication reliability, and energy consumption. The reduction in mean network energy 
depletion is a particularly noteworthy outcome. Although concurrent multipath routing consumes more energy per packet, 
it is used exclusively for high-priority alerts. For standard continuous data, the opportunistic multipath routing actually  
conserves energy by drastically reducing the number of failed transmissions and subsequent retransmissions that drain the 
batteries  in  traditional  single-path  setups.  The results  clearly  substantiate  the  premise that  next-generation wearable 
electrocardiogram monitors must be designed with deep integration between the biomedical and the communication layers 
to be truly effective in ambulatory clinical applications.

7. Conclusion

The continuous and reliable monitoring of cardiac health through wearable technology represents a critical frontier in the 
management of cardiovascular disease. This paper has comprehensively explored the intricate challenges associated with 
ambulatory electrocardiogram monitoring, demonstrating that accurate arrhythmia detection is inherently linked to both 
the quality  of  biomedical  signal  processing and the robustness  of  wireless  data  transmission.  We have detailed the  
morphological  characteristics  of  the  cardiac  signal  and  the  profound  degrading  effects  of  motion  artifacts  and 
environmental noise, underscoring the necessity for adaptive, localized preprocessing pipelines that can dynamically assess 
signal integrity and extract reliable diagnostic features.

Concurrently, we have highlighted the fundamental vulnerabilities of traditional single-path routing within the dynamic 
environment of a wireless body area network. To address these vulnerabilities, this research proposed and evaluated a  
sophisticated methodological framework that tightly integrates adaptive signal processing with diversity-aware network 
routing. The implementation of multipath routing protocols ensures that the critical physiological data circumvents transient 
physical obstructions caused by human ambulation, guaranteeing high-fidelity data delivery. 
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The  extensive  performance  evaluation  conclusively  demonstrated  that  this  cross-layer  integration  yields  substantial 
improvements across all critical system metrics. The synergistic operation significantly elevates diagnostic precision and  
recall, nearly eliminates data loss due to network shadowing, and optimizes the overall energy efficiency of the sensor  
network. Ultimately, by bridging the disciplines of biomedical engineering and wireless network communications, this  
research provides a definitive blueprint for the development of highly reliable, continuous wearable electrocardiogram 
monitors capable of delivering life-saving diagnostic alerts in unpredictable, real-world ambulatory environments.
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