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ABSTRACT 

Federated edge intelligence represents a paradigm shift in the way continuous health data from wearable systems is 

collected, processed, and analyzed. Rather than relying on central servers to aggregate raw sensor streams—raising 

privacy, latency, and bandwidth concerns—federated learning pushes model training to the edge: directly on devices 

or local edge nodes that possess the data. These models then share only weight updates or gradients with a 

coordinating server, eliminating the need to transfer sensitive personal health signals over the network. In this study, 

we design and implement a federated edge intelligence framework tailored for healthcare wearable systems, focusing 

specifically on arrhythmia detection from ECG streams. Our contributions include: (1) a lightweight convolutional 

neural network (CNN) architecture optimized for resource-constrained devices; (2) three federated strategies—

standard FedAvg, hierarchical aggregation via edge servers, and a transfer-learning–based FedHealth variant; and 

(3) an end-to-end evaluation on emulated Raspberry Pi nodes using the MIT-BIH Arrhythmia Database. Through 

systematic experiments, we demonstrate that all federated approaches achieve classification accuracies within 1.6% 

of a centralized baseline, while reducing communication overhead by over 60% and lowering per-round latency by 

up to 35%. Moreover, hierarchical aggregation mitigates straggler effects, and transfer learning accelerates 

convergence under non-IID data distributions. These results underscore the promise of federated edge intelligence in 

enabling privacy-preserving, low-latency analytics for wearable health monitoring. We discuss practical deployment 

considerations, including device heterogeneity, intermittent connectivity, and regulatory compliance, and outline 

avenues for future research in adaptive personalization, secure aggregation, and clinical validation. 
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INTRODUCTION 

Advancements in wearable sensor technology have enabled continuous, real-time monitoring of physiological signals—

ranging from photoplethysmography (PPG) for blood oxygen saturation to single-lead electrocardiogram (ECG) for cardiac 

rhythm analysis. Such devices, including smartwatches, chest straps, and patch-based monitors, promise to revolutionize 

preventive care by detecting anomalies early and facilitating remote patient management. However, realizing this vision at 

scale confronts two fundamental challenges: (1) data privacy and security, as health signals are inherently sensitive and 

subject to stringent regulations (e.g., HIPAA in the United States, GDPR in Europe); and (2) communication constraints, 

since streaming raw high-fidelity signals to central servers imposes significant bandwidth usage and can suffer from high 

latency, jeopardizing timely inference in critical scenarios. 
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Figure-2.Challenges in Federated Edge Intelligence for Healthcare 

Federated learning (FL) offers a compelling remedy by enabling collaborative model training across distributed devices 

without exposing raw data. In a typical FL workflow, each client—here, a wearable device or its paired smartphone—trains 

a local model on its private data and then transmits only model weight updates to a central aggregator. The server averages 

these updates to form a new global model, which is redistributed to clients for subsequent rounds. By confining data on user 

devices, FL reduces privacy risk and communication volume. Yet, conventional FL assumes reliable connectivity and 

comparable client resources, assumptions often violated in edge settings with heterogeneous hardware, intermittent wireless 

links, and energy constraints. 

Edge computing extends FL by introducing intermediate aggregation at localized edge servers—gateways or base stations 

placed close to end devices. This hierarchical federated edge intelligence framework can alleviate straggler effects (clients 

that lag due to poor connectivity), reduce long-haul communication, and offer low-latency inference capabilities by hosting 

parts of the model at the edge. Moreover, transfer-learning integrations—such as FedHealth—can bootstrap personalized 

models by fine-tuning global representations on local data, further enhancing performance under non-IID data distributions. 

Despite these theoretical advances, empirical evaluations of federated edge intelligence specifically in healthcare wearable 

deployments remain scarce. Wearable systems face unique operational constraints: devices vary in compute power and 

memory, network conditions fluctuate with user mobility, and regulatory bodies require rigorous validation. This manuscript 

addresses this gap through a comprehensive study that: 

1. Proposes a resource-efficient 1D CNN optimized for arrhythmia detection on wearables. 

https://wjftcse.org/index.php/wjftcse/index
https://wjftcse.org/


  
 
 

22 Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0) 

 

World Journal of Future Technologies in Computer Science and Engineering (WJFTCSE) 

ISSN (Online): request pending 

Volume-1 Issue-1 || February 2025 || PP. 19-28 https://wjftcse.org/  

2. Implements and compares three federated strategies—FedAvg, hierarchical FL via edge nodes, and a FedHealth 

transfer-learning approach—under realistic non-IID data partitions. 

3. Conducts large-scale simulations on emulated Raspberry Pi clusters interconnected by a modeled LTE network, 

measuring accuracy, communication overhead, latency, and scalability. 

Our findings demonstrate that federated edge intelligence can achieve near-centralized performance while delivering 

substantial gains in privacy, efficiency, and responsiveness—paving the way for next-generation smart healthcare systems. 

LITERATURE REVIEW 

The convergence of federated learning, edge computing, and wearable health analytics draws upon research across multiple 

domains. We review prior work in four key areas: 

1. Federated Learning Foundations: Bonawitz et al. (2019) formalized the FedAvg algorithm, proving its convergence 

under non-IID client data. Subsequent surveys (Li et al., 2020) identified principal FL challenges: communication efficiency, 

statistical heterogeneity, and privacy guarantees. Techniques such as update sparsification, quantization, and compression 

have been proposed to reduce bandwidth usage (Wang et al., 2021; Zhang et al., 2020). 

2. Edge-Assisted Federated Architectures: Rieke et al. (2020) advanced hierarchical FL by placing edge aggregators 

between clients and the cloud, decreasing straggler delays and lowering long-haul traffic. Sun et al. (2022) further explored 

adaptive aggregation frequencies, demonstrating that dynamically adjusting communication intervals according to network 

conditions optimizes resource usage. 

3. Wearable Sensor Analytics: Human activity recognition and physiological monitoring with wearables have been 

extensively studied (Islam et al., 2020). Shen et al. (2022) introduced FedHealth, integrating transfer learning with FL to 

personalize global models for arrhythmia detection. However, their evaluations remained limited to mobile phones rather 

than low-power wearable hardware. 

4. Privacy and Security Considerations: Kaissis et al. (2020) surveyed cryptographic and differential privacy techniques 

to safeguard weight updates, while Chaudhry et al. (2019) highlighted vulnerabilities to gradient inversion attacks. Secure 

aggregation protocols ensure that individual contributions remain confidential, but at the cost of additional computation and 

communication overhead. 

Other works have targeted specific healthcare modalities: Xu et al. (2019) applied FL to electronic health records across 

hospitals, emphasizing interoperability, and Huang et al. (2021) proposed lightweight compression schemes for IoT health 

data. However, a holistic evaluation that spans device-level constraints, network variability, algorithmic adaptations, and 

regulatory compliance in a unified federated edge intelligence framework remains unaddressed. Our study fills this gap by 

systematically comparing multiple FL variants on wearable-class hardware under realistic operational conditions. 

STATISTICAL ANALYSIS 
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To quantify performance trade-offs, we evaluated four system configurations on an arrhythmia detection task, using metrics 

of test accuracy, communication overhead, and per-round latency. All experiments employed the same CNN architecture 

and non-IID data splits across 20 emulated wearable nodes. Statistical significance of accuracy differences was assessed via 

paired t-tests (α = 0.05) across five random seeds. 

Configuration Mean Accuracy (%)  Mean Communication (MB)  Mean Latency per Round (s)  

Centralized 92.1 512 1.20 

FedAvg 90.5 178 0.80 

Hierarchical FL 91.3 180 0.90 

FedHealth (Transfer FL) 90.9 170 0.85 

 

Figure-3.Statistical Analysis 

Analysis of Results: 

• Accuracy Differences: Compared to the centralized model, all federated schemes show statistically significant 

drops (p < 0.01) in mean accuracy: FedAvg (Δ = –1.6%), Hierarchical FL (Δ = –0.8%), FedHealth (Δ = –1.2%). 

Hierarchical FL outperforms FedAvg (p = 0.03), attributable to reduced straggler bias during aggregation. 

• Communication Savings: Federated setups transmit only model updates, reducing data transfer by ~65% 

(centralized: 512 MB vs. federated: ~175 MB). FedHealth’s update sparsification yields the lowest mean overhead 

(170 MB), significantly less than FedAvg (p < 0.05). 

• Latency Improvements: By processing locally and aggregating at edge nodes, federated rounds complete 25–35% 

faster than centralized training. FedAvg achieves the lowest mean latency (0.80 s), though variability increases (+/–

0.05 s) under poor network conditions. Hierarchical FL offers more consistent inference times (SD = 0.04 s). 
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• Scalability: When scaling from 20 to 50 nodes, Hierarchical FL’s accuracy degrades by only 0.4%, whereas 

FedAvg suffers a 1.1% drop, indicating better resilience to client population growth. 

These findings highlight that hierarchical and transfer-learning enhancements can meaningfully mitigate accuracy loss and 

communication costs, making federated edge intelligence viable for real-world healthcare wearables. 

METHODOLOGY 

Dataset Preparation 

We sourced ECG recordings from the MIT-BIH Arrhythmia Database, encompassing 23 subjects and five arrhythmia 

classes. Signals were segmented into non-overlapping 5-second windows and normalized per segment. To emulate 

personalized wearables, we partitioned data non-IID: each of 20 virtual nodes received samples from two randomly chosen 

subjects, ensuring class imbalance and distribution skew akin to real patient populations. 

Model Architecture 

The on-device model is a 1D CNN comprising three convolutional blocks (32, 64, and 128 filters; kernel size = 5), each 

followed by batch normalization and ReLU activation, then max-pooling (size = 2). A dense layer of 64 units precedes the 

softmax output for five classes. Total parameters ≈ 150K; model size ≈ 600 KB—suitable for microcontroller-class devices. 

Federated Strategies 

1. FedAvg (Device-Level): Two local epochs per round; full model updates aggregated via vanilla averaging at the 

central server (Bonawitz et al., 2019). 

2. Hierarchical FL: Devices upload to regional edge servers every five local epochs; edge servers aggregate and 

forward to cloud coordinator, then redistribute global updates back to devices (Rieke et al., 2020). 

3. FedHealth (Transfer FL): A global pre-trained model is first trained on a public ECG corpus, then fine-tuned on-

device using two local epochs per round, sharing only last-layer updates to accelerate convergence (Shen et al., 

2022). 

Simulation Environment 

We emulated 20 Raspberry Pi 4 nodes (4 GB RAM, 1.5 GHz CPU) connected over a 4G LTE–modeled network with mean 

bandwidth = 10 Mbps, latency = 80 ms (Islam et al., 2020). Edge servers ran on local data center VMs with 100 Mbps links 

to emulate regional aggregation points. 

Evaluation Protocol 
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Each experiment spanned 50 federated rounds. Metrics recorded per round: local training loss, test accuracy on a held-out 

20% global test set, bytes transmitted, and round-trip time (aggregate of local training, upload, server aggregation, 

download). Five independent runs with different random seeds determined statistical significance. 

RESULTS 

Classification Performance 

The centralized model achieved 92.1% accuracy, establishing the upper bound. FedAvg converged to 90.5% (±0.5%), 

Hierarchical FL to 91.3% (±0.4%), and FedHealth to 90.9% (±0.6%). Hierarchical FL’s improved resilience to straggler 

delays accounts for its superior performance compared to FedAvg (p < 0.05). FedHealth reached near-FedAvg accuracy 

within 20 rounds, demonstrating accelerated convergence due to pre-training. 

Communication Overhead 

Centralized training required uploading raw ECG segments totaling 512 MB per experiment. In contrast, federated 

approaches only transmitted model updates: FedAvg—178 MB (±3 MB), Hierarchical FL—180 MB (±2.8 MB), 

FedHealth—170 MB (±4 MB). Update sparsification in FedHealth yielded the most pronounced reduction (p < 0.05 vs. 

FedAvg). 

Latency Measurements 

Average per-round latency was 1.20 s (centralized), 0.80 s (FedAvg), 0.90 s (Hierarchical FL), and 0.85 s (FedHealth). The 

25–35% latency improvement in federated setups arises from local computation and edge aggregation, minimizing long-haul 

communication. Hierarchical FL’s consistent latency (SD = 0.04 s) demonstrates robustness under variable network 

conditions. 

Scalability Analysis 

Increasing device count to 50 in Hierarchical FL yielded only a 0.4% drop in accuracy (to 90.9%), whereas FedAvg accuracy 

declined by 1.1%. Communication and latency scaled sub-linearly in Hierarchical FL due to edge-level aggregation, 

underscoring its suitability for large-scale deployments. 

CONCLUSION 

Federated edge intelligence stands at the forefront of transforming wearable healthcare monitoring by seamlessly integrating 

privacy-preserving federated learning with distributed edge computing. Our extensive experiments—anchored in realistic 

hardware emulation and network modeling—demonstrate that federated schemes, notably hierarchical aggregation and 

transfer-learning–based fine-tuning, can deliver near-centralized classification accuracy (within 1.6%) while slashing 

communication overhead by over 60% and reducing per-round latency by up to 35%. Hierarchical FL leverages regional 

edge servers to mitigate straggler delays and scales robustly to larger client populations, with accuracy degradation of less 
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than 0.5% even as device counts increase to 50 nodes. Meanwhile, the FedHealth transfer-learning approach accelerates 

convergence under non-IID data distributions, making it particularly effective for personalized health scenarios where 

individual variability is high. 

Beyond raw performance metrics, federated edge intelligence addresses critical real-world requirements: it ensures that 

sensitive health data never leaves user devices, aligns with emerging data-privacy regulations (HIPAA, GDPR), and enables 

responsive on-device inference crucial for timely medical interventions. Nevertheless, transitioning from prototype to 

production demands the integration of secure aggregation protocols, formal differential privacy mechanisms, and compliance 

tooling to satisfy regulatory and audit standards. Adaptive aggregation strategies—dynamically tuning communication 

frequency and client participation based on network conditions and model convergence—represent a promising area to 

further optimize resource utilization. 

In summary, our findings provide a practical blueprint for device manufacturers, healthcare providers, and researchers to 

deploy federated edge intelligence in wearable health systems, balancing predictive performance with privacy, efficiency, 

and responsiveness. By addressing both algorithmic and infrastructure challenges, this work paves the way for scalable, 

secure, and clinically validated distributed intelligence in next-generation digital health platforms. 

SCOPE AND LIMITATIONS 

Scope 

• Generalization to Other Modalities: While our study focuses on ECG-based arrhythmia detection, the federated 

edge intelligence framework readily extends to other biometric signals—continuous glucose monitoring, blood 

pressure telemetry, accelerometer-based fall detection, and SpO₂ tracking—by tailoring model architectures and 

local training routines. 

• Hierarchical Edge Architectures: The hierarchical aggregation strategy illustrated here applies broadly to any IoT 

ecosystem where regional gateways or base stations can act as intermediate aggregators, such as smart homes, 

industrial sensor networks, and autonomous vehicle fleets, enhancing scalability and resilience. 

• Guidelines for Practitioners: We provide concrete design principles—model size constraints, communication 

scheduling, non-IID data handling—that serve as actionable guidelines for engineers and system architects building 

privacy-aware, low-latency analytics pipelines on resource-constrained devices. 

Limitations 

1. Simulation vs. Real-World Variability: Our experiments use emulated Raspberry Pi nodes and modeled LTE 

links, which approximate but cannot fully capture the heterogeneity of commercial wearables (battery life, memory 

limitations) and real-world wireless conditions (signal dropouts, handoffs, interference). Field deployments are 

necessary to validate these findings under true mobility and environmental dynamics. 

2. Security and Compliance Gaps: Although federated learning inherently reduces raw data exposure, we did not 

implement end-to-end encrypted aggregation, secure multi-party computation, or formal differential privacy 
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guarantees. Incorporating these advanced privacy mechanisms—and obtaining regulatory certifications (HIPAA, 

GDPR, MDR)—is essential for clinical-grade deployments. 

3. Limited Population Diversity: Our non-IID partitioning simulates subject-level heterogeneity but does not account 

for broader demographic factors (age, ethnicity, comorbidities) or multi-sensor fusion scenarios. Future work should 

involve larger, more diverse cohorts and multiple sensing modalities to assess robustness across population 

subgroups. 

4. Clinical and Usability Evaluation: Technical performance metrics (accuracy, latency, bandwidth) offer only 

partial insight. Rigorous clinical trials, involving healthcare professionals and end users, are required to evaluate 

diagnostic reliability, user experience, battery impact, and integration into existing care workflows. 

5. Ultra-Large-Scale Federations: While we demonstrate scalability up to 50 devices, metropolitan-scale 

deployments—with hundreds or thousands of wearables—may expose new orchestration and synchronization 

challenges, such as edge server load balancing, geo-distributed model consistency, and global coordinator 

bottlenecks. Research into multi-tier federation and cross-domain collaboration will be critical for such scenarios. 

Addressing these limitations through targeted prototype deployments, enhanced privacy engineering, and close collaboration 

with clinical partners will enable the robust, real-world application of federated edge intelligence across diverse healthcare 

settings. 
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