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Abstract: Atrial Fibrillation (AFib) is a common cardiac arrhythmia whose global prevalence has risen in recent
years. If left untreated, AFib can lead to severe complications such as stroke and heart failure. Because AFib may
occur without symptoms, continuous monitoring is critical for timely detection. This paper presents a low-cost Intel-
ligent Health Monitoring System (IHMS) that uses one-dimensional Convolutional Neural Networks (1D-CNNs)
to detect AFib from Electrocardiogram (ECG) signals. The study evaluates the feasibility of deploying 1D-CNN
models on resource-constrained edge devices and compares edge- and cloud-based computing architectures with
respect to inference efficiency. Three 1D-CNN models of increasing complexity are designed, trained, and tested on
datasets containing AFib and Normal Sinus Rhythm (NSR) segments. Two experiments are conducted to assess
end-to-end delay and prediction time under a controlled experimental setup. The results demonstrate the potential
for on-device AFib detection in constrained environments and provide practical insights into selecting suitable
architectures for embedded deployment.
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1. Introduction

Atrial fibrillation (AFib) [1] is the most common clinically significant cardiac arrhythmia and its global prevalence
continues to rise. In 2010, an estimated 35 million individuals were diagnosed worldwide [2], with projections
suggesting 6–12 million cases in the United States by 2050 and 17.9 million cases in Europe by 2060 [3]. AFib is
characterized by rapid, irregular atrial activity caused by disorganized electrical impulses in the atria, resulting in
loss of coordinated contraction. This disruption reduces cardiac pumping efficiency and significantly increases the
risk of thromboembolism, stroke, heart failure, and other cardiovascular complications.

Early detection is essential, as AFib may present with noticeable symptoms or remain entirely asymptomatic.
Undetected or untreated AFib can significantly impair quality of life and increase mortality risk [4]. The gold
standard for diagnosis is the Electrocardiogram (ECG), where clinicians identify deviations from Normal Sinus
Rhythm (NSR). NSR is characterized by a repeating sequence of P-wave, QRS complex, and T-wave with consistent
amplitude and timing. AFib is typically indicated by the absence of P-waves, irregular atrial activity, and an irregular
RR interval. The RR interval is defined as the duration between two consecutive R peaks of the QRS complex,
which is regular in the NSR—see Figure 1.

Traditionally, AFib diagnosis has relied on hospital-grade ECG equipment and expert interpretation. While
clinically reliable, this approach is constrained by the limited availability of trained personnel and the intermittent
nature of clinical recordings. Short-term ECG snapshots taken in clinical settings may fail to capture paroxysmal
AFib, as the arrhythmia might not manifest during the brief recording window [4–8]. Consequently, there is
increasing interest in automated AFib detection systems capable of continuous monitoring through affordable,
portable, and wearable technologies.

A broad range of AFib detection methods has been proposed. Early approaches focused on handcrafted
features extracted from ECG signals, including time-domain descriptors (e.g., RR-interval variability), frequency-
domain characteristics, and statistical measures of signal regularity. More recently, end-to-end deep learning
models—particularly one-dimensional Convolutional Neural Networks (1D-CNNs)—have shown a strong capability
in learning discriminative representations directly from raw ECG signals. However, many of these methods rely on
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cloud-based processing or high-performance computing hardware, limiting their suitability for real-time deployment
in low-cost, resource-constrained monitoring systems.

Figure 1. NSR (left) vs. AFib (right).

Edge computing has emerged as a promising paradigm for enabling continuous, on-device AFib detection
with reduced latency, lower bandwidth usage, and improved data privacy. Yet, only a limited number of studies have
assessed the feasibility of deploying deep learning models for AFib detection on resource-constrained devices such
as the Raspberry Pi.

The main contributions of this work are: (i) the development of a low-cost Intelligent Health Monitoring
System (IHMS) for AFib detection; (ii) a comparative evaluation of edge and cloud computing architectures in terms
of end-to-end delay and prediction latency; (iii) identification of the most suitable 1D-CNN model for deployment
on a resource-constrained edge device; and (iv) design of a low-complexity 1D-CNN architecture optimized for
real-time AFib detection.

To support these contributions, the remainder of the paper is organized as follows. Section 2 reviews related
work on AFib detection. Section 3 introduces the overall system architecture, detailing the ECG input data,
preprocessing steps, CNN model design, and training procedure. Section 4 outlines the performance evaluation
strategy, including both model performance metrics and the experimental setup for measuring system-level latency
on cloud and edge platforms. Section 5 presents and discusses the results, covering classification outcomes, latency
benchmarks, practical deployment implications, physician feedback, and key limitations. Finally, Section 6 offers
concluding remarks and outlines future directions.

2. Related Work

Atrial fibrillation (AFib) detection has been widely studied using both traditional signal processing techniques
and deep learning models. Time-domain and statistical approaches such as RR-interval analysis have proven
effective in identifying irregular cardiac rhythms associated with AFib [9]. The proliferation of consumer-grade
wearable devices has further enabled large-scale rhythm monitoring using photoplethysmography (PPG) signals in
conjunction with deep learning models [10]. In parallel, multimodal frameworks have been developed to detect
AFib from wearable ECG data [11]. Furthermore, Convolutional Neural Networks (CNNs) and other deep learning
methods have demonstrated high classification accuracy across a range of ECG interpretation tasks [12,13].

Several 1D-CNN-based methods have been developed for AFib and arrhythmia detection. Pourbabaee et al. [14]
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proposed a five-layer 1D-CNN combined with hybrid classifiers (kNN and SVM) for paroxysmal AFib detection.
Andersen et al. [15] introduced a hybrid CNN–LSTM model that achieved strong AFib classification performance
using RR intervals. EdgeCNN [16] presented a hybrid edge–cloud architecture for ECG analysis, combining edge
preprocessing with cloud-based deep learning inference. In the domain of IoT, machine intelligence has been applied
to ECG analysis using cloud-assisted solutions [17], and lightweight Artificial Neural Network (ANN) approaches
have been developed for low-cost AFib detection [18]. Real-time ECG beat classification on edge devices has been
explored in [19], while AfibNet [20] introduced a multi-branch CNN optimized for AFib detection. Xia et al. [21]
used deep 2D CNNs on time–frequency representations to classify AFib and other arrhythmias.

Taken together, these representative AFib and arrhythmia detection systems illustrate the trade-offs between
network capacity, classification performance, and deployment assumptions. The five-layer 1D-CNN in [14] achieves
up to 91% correct classification in combination with kNN, but it is evaluated offline. Andersen et al. [15] reported
97.10% accuracy on AFDB using a deeper CNN–LSTM hybrid operating on RR-interval sequences, yet do not
examine latency or feasibility on constrained hardware. EdgeCNN [16] includes five convolutional blocks and
reports an F1 score of approximately 78% for AFib-related classes, but still depends on cloud offloading and does not
quantify model size. AfibNet [20] and the deep 2D CNN [21] both leverage higher-capacity architectures to improve
detection performance, but are evaluated entirely on desktop or cloud platforms without systematic assessment
of on-device computational cost. In contrast, the present work focuses on lightweight 1D-CNN architectures and
quantifies their prediction latency, end-to-end delay, and deployability on a resource-constrained Raspberry Pi 3B+.

Beyond classical AFib-specific models, recent works have expanded deep-learning-based ECG classification
through improved architectures and training methods. Khan et al. [22] developed a deep residual 1D-CNN
with SMOTE balancing for multi-class arrhythmia detection, achieving 98.63% accuracy. Ahmed et al. [23]
demonstrated strong performance using compact 1D-CNN models evaluated on the MIT-BIH database. Similarly,
Mallikarjunamallu et al. [24] introduced a three-step denoising and classification pipeline using Gaussian noise
injection, notch filtering, and 1D-CNN classification to improve classification robustness. Although accurate, none
of these studies examine inference latency or real-time deployment on low-power edge devices.

Transforming or restructuring ECG signals for more expressive spatial representations has been explored in
several recent works. Ref. [25] proposed a reconstruction-based CNN using multiscale representation learning and
squeeze-and-excitation mechanisms for AFib detection. Extending this direction, Gao et al. [26] introduced an
efficient 1D-to-2D mapping method enabling the use of 2D CNNs for AFib detection. Though performant, both
approaches rely on computationally intensive preprocessing and 2D convolution operations that are less suitable for
constrained edge platforms.

Privacy-preserving ECG classification has also been investigated using distributed learning paradigms.
Elmir et al. [27] employed federated learning with Gramian Angular Fields to train ECG classifiers across heteroge-
neous IoT devices without exchanging raw data. While effective for data confidentiality, the work does not analyze
inference timing or deployability on limited-resource hardware.

A separate line of research focuses on hardware-accelerated ECG classification. Ahmed et al. [28] deployed a
quantized-pruned 1D-CNN on an FPGA-enabled System-on-Chip (SoC), achieving lower power consumption and
improved throughput. Such FPGA-based solutions, however, require specialized hardware not representative of the
low-cost general-purpose edge devices targeted in this work.

Advanced hybrid architectures have also emerged. Guhdar et al. [29] integrated temporal attention mechanisms
into a 1D-CNN, improving discriminative capability but at higher computational cost and without evaluation on
embedded devices.

Overall, while recent research demonstrates strong ECG classification performance, most approaches
depend on computationally intensive architectures, specialized hardware, or cloud-based inference. Only limited
studies examine real-time inference latency, end-to-end delay, or practical feasibility on low-cost edge platforms.
This study addresses this gap by performing a structured evaluation of three lightweight 1D-CNN model variants
with different depths, and measuring their classification performance, prediction time, and end-to-end delay on
a Raspberry Pi 3B+.

3. AFib Detection: System Architecture and Framework

In this work, we develop a low-cost IHMS approach for detecting AFib from ECG signals using a deep
learning model based on a 1D-CNN architecture. We begin by defining and executing a set of subtasks, including
signal preprocessing, model training and evaluation, and deployment on cloud and edge platforms to assess latency.
Preprocessing involves selecting and applying appropriate filters to suppress Baseline Wander (BLW), Powerline
Interference (PLI), and Electromyogram (EMG) noise, followed by segmentation of the ECG into fixed-length
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intervals suitable for model input. The training phase involves developing three 1D-CNN models of varying
complexity to classify AFib versus NSR. These models are then deployed on both edge and cloud infrastructures to
compare prediction times and end-to-end delays. In parallel, we investigate methods for ECG feature extraction
relevant to AFib detection, with a focus on QRS and P-wave localization.

One advantage of using deep learning models such as CNNs is that they can operate directly on raw ECG
signals, minimizing the need for extensive feature engineering. However, basic preprocessing—particularly noise
removal—remains essential to ensure signal quality. In this work, we rely on preprocessed raw ECG signals rather
than derived features (e.g., RR intervals) to evaluate both the strengths and limitations of this approach. We also
explore whether incorporating auxiliary features such as RR-interval variability could enrich the input representation.

3.1. Input Data: ECG Signal

The ECG data used in this study are sourced from the Long-Term AF Database (LTAFDB) [30,31], which con-
tains 84 extended ECG recordings from patients with paroxysmal or sustained atrial fibrillation. Each record includes
two-lead ECG signals sampled at 128 Hz. The dataset follows the PhysioNet standard format, where each record com-
prises three files: a signal file (.dat), a header file (.hea), and an annotation file (.atr) (PhysioNet FAQ. Available online:
https://archive.physionet.org/faq.shtml (accessed on 10 March 2026)). These files enable the reconstruction of both
digital and physical ECG signals and provide metadata for rhythm and beat annotations. A comprehensive reference
of beat and rhythm types, including annotation codes and descriptions, is available through the official PhysioNet
annotation tables (Reference annotations: https://archive.physionet.org/physiobank/database/ltafdb/tables.shtml
(accessed on 10 March 2026); Annotation descriptions: https://archive.physionet.org/physiobank/annotations.shtml
(accessed on 10 March 2026)).

3.2. Data Pre-Processing

The ECG signal pre-processing consists of two main steps: (i) noise removal to eliminate baseline wander
(BLW), powerline interference (PLI), and electromyogram (EMG) artifacts, and (ii) signal segmentation. A subset
of 25 records is selected from the LTAFDB based on the presence of both AFib and NSR episodes. The selected
record IDs are: 00, 01, 05, 07, 08, 10, 13, 19, 23, 24, 35, 39, 47, 53, 55, 56, 58, 72, 101, 103, 112, 114, 115, 117,
and 122. For reading and processing these records, we use the WFDB Python package [32], which provides tools
for handling PhysioNet-formatted signal and annotation files.

For each selected record, we extract rhythm and beat information from the annotation file (.atr). We begin by
identifying the minimum and maximum sample numbers in the signal. Next, we locate the indices of rhythm change
annotations and determine their corresponding sample numbers and beat types. QRS complexes are identified by
filtering out rhythm symbols that do not include the marker ”(”, and their sample indices are likewise extracted.
All rhythm change and QRS indices are then adjusted by subtracting the first sample index, ensuring consistent
alignment across records. This processed information is stored for efficient access to the raw signal data in the .dat
files and for precise segmentation of NSR and AFib episodes. Notably, rhythm annotations are extracted from the
aux note variable provided by the rdann function in the WFDB Python module.

We continue by reading the two-lead digital ECG signal and the .dat file, from the minimum to the maximum
sample number. Using the rhythm change annotations (AFIB and (N, we identify and extract the durations of AFib and
NSR episodes. These signal rhythm episodes are segmented into batches of 10 s, corresponding to 1280 data points per
segment at the 128 Hz sampling rate. These AFib and NSR segments are saved into separate files for each record.

To further prepare the signal data for CNN model training, we first normalized each ECG trace to the [0,1] range
to preserve morphology while reducing computational load. We then applied a first-order Butterworth bandpass
filter with cut-off frequencies of 5 Hz and 15 Hz (for a 128 Hz sampling rate, these correspond to normalized cut-offs
5/128 and 15/128). This relatively narrow 5–15 Hz band was chosen to emphasize the QRS complex frequency
content while attenuating noise outside this range. This filtering strategy prioritizes rhythm irregularity—through
reliable R-peak localization—over detailed ECG morphology, which is less critical for distinguishing AFib from
NSR. In particular, frequencies below 5 Hz (baseline wander and very slow components) and above 15 Hz (muscle
artifact and high-frequency noise) are greatly suppressed, which is a common practice in QRS-detection literature
(as in [33]). The 15 Hz low-pass cutoff also implicitly removes powerline interference (50/60 Hz), without the
need for a dedicated notch filter. We acknowledge that using a 5–15 Hz bandpass entails trade-offs. Such a narrow
bandwidth attenuates certain physiological components of the ECG; for example, the low-frequency portions of
P-waves and T-waves, as well as very high-frequency details of the QRS complex, may be diminished. Our band
selection was guided by traditional QRS-detection methods (rather than a new power spectral analysis of the present
dataset), with the intent to retain the dominant QRS energy for heartbeat detection while suppressing baseline
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drift and broadband noise. For AFib versus NSR classification, this compromise is acceptable because the task
relies primarily on R-peak timing and rhythm irregularity rather than on fine-grained wave morphology. Empirical
inspection of sample segments indicated that even this simple first-order filter effectively removed most noise
while preserving the key discriminative features needed for AFib detection. For diagnostic application, a broader
bandwidth (e.g., standard 0.5–40 Hz) or a higher-order filter may be preferred to fully preserve wave details.

It is also worth noting that more advanced noise-suppression techniques, such as discrete wavelet denoising,
adaptive filtering, or empirical mode decomposition, can provide stronger attenuation of high-frequency EMG
artifacts. However, these approaches typically involve substantially higher computational cost and memory usage,
making them less suitable for real-time execution on a Raspberry Pi 3B+. As embedded processors continue to
improve in efficiency, such methods may become viable for on-device AFib detection, but they were beyond the
practical scope of the present feasibility-oriented study. The filtered, normalized AFib and NSR segments are used
as input for model training.

3.3. Model Architecture

Three 1D-CNN models were designed using the Keras functional API [34], with increasing depth and identical
internal structure. Each model is composed of a sequence of convolutional blocks (ConvBlocks), followed by fully
connected layers and a binary classification output. As illustrated in Figure 2, each ConvBlock contains two consecutive
1D convolution layers with five filters (kernel size 5), a batch normalization layer, a LeakyReLU activation, and a
max-pooling operation (pool size 2, stride 1). The three models consist of 4–6 such blocks, respectively.

Raw ECG 
Segment 

Input

Preprocessing

Bandpass filter

Normalization

(N=4,5,6)
 Conv1D

Batch Norm
Leaky ReLU

Max Pooling

ConvBlock x N

Flatten

Dense

AF/Non-AF… …Conv1D

Figure 2. Overview of the proposed 1D-CNN architecture for AFib detection on edge devices.

The choice of architecture depth was guided by a trade-off between temporal feature extraction capacity and the
deployment constraints of a Raspberry Pi 3B+. In 1D-CNN-based ECG classification, deeper CNNs allow for larger
receptive fields and more abstract representations. However, increasing model complexity can exceed the memory and
latency limits of embedded hardware. Pilot experiments indicated that models with fewer than four blocks consistently
underfit the data, while deeper variants imposed excessive inference delays. The selected models thus represent a
practical balance between classification performance and real-time deployability on constrained hardware.

All models share the same fully connected head: two dense layers with four neurons (LeakyReLU
activation) and a final output layer for binary classification. Dropout (rate 0.5) and max-norm regularization
(constraint 4) are applied to both convolutional and dense layers to reduce overfitting. The input shape is
4 × 1280 × 1 (batch size × signal length × features), and hyperparameters were tuned via coarse grid search.
Architectures with larger widths or depths were excluded based on memory and latency profiling on the edge device.

3.4. Model Training

Model training was performed using TensorFlow 2.8 on a desktop workstation with an Nvidia GeForce RTX
2060 GPU, CUDA 11.2, and cuDNN 8.1. A 5-fold cross-validation was used, with 15 records for training/validation
and 10 records for testing. AFib and NSR labels were one-hot encoded, and categorical cross-entropy was used as
the loss function.

To address class imbalance, Synthetic Minority Over-sampling Technique (SMOTE) [35] was applied to the
fixed-length ECG segments within each fold. Although SMOTE is not specifically designed for time-series data, it
was used here under the assumption that rhythm irregularity—rather than detailed waveform morphology—is the
key discriminative feature for AFib classification. Visual inspection of synthetic samples revealed no artifacts, and
classification performance remained stable.

The models were trained for 30 epochs using the ADAM optimizer (learning rate 0.01), with early stopping
applied (patience 10 epochs, based on validation loss). On average, training converged within 10–15 epochs. A
batch size of 4 was used, constrained by GPU memory limits. Session clearing and memory deallocation (via Keras
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backend and Python garbage collection) were necessary to avoid memory overflow during extended training cycles.
Training each fold required approximately 10–15 h.

4. Performance Evaluation and Deployment Analysis

This section presents a twofold evaluation of the proposed AFib detection framework. First, we analyze the
classification performance of three 1D-CNN models under three different test distributions. Then, we detail the
deployment of these models on a resource-constrained testbed and describe the procedures implemented to support
the measurement of system-level latency,including both end-to-end delay and prediction time, across edge and cloud
platforms. This two-pronged analysis provides a foundation for understanding the trade-offs between detection
accuracy, model complexity, and real-time feasibility in practical deployment scenarios.

4.1. Model Performance Evaluation

We evaluate the performance of the three 1D-CNN models in classifying AFib and NSR using a 10-record test
set. To assess robustness under varying class distributions, we conduct experiments across three test configurations:
oversampled, undersampled, and imbalanced.

In the oversampling setting, we generate 10 iterations of balanced test sets using SMOTE [35], an over-
sampling technique that synthesizes samples from the minority class to equalize class distribution. In each iteration,
the final model from every cross-validation fold is evaluated using the following metrics: Area Under the ROC
Curve (AUC), accuracy, sensitivity, specificity, F1-score, and Matthews Correlation Coefficient (MCC). Final results
are reported as the average performance across all folds. The undersampling experiment follows the same evaluation
protocol, except that class balancing is achieved using RandomUnderSampler [36], which removes samples from the
majority class to achieve parity. Finally, in the imbalanced setting, we evaluate model performance on the original,
unbalanced test distribution without any resampling. Metrics are again computed for each fold and then averaged.

This evaluation protocol is applied to all three CNN models to enable a fair comparison of performance under
varying class distributions.

4.2. Experimental Setup for System-Level Latency

To evaluate the feasibility of deploying the proposed AFib detection framework in real-world scenarios,
we conducted experiments to measure two critical timing metrics: end-to-end delay and prediction time. These
experiments were designed to assess performance in both edge and cloud computing settings and to investigate the
trade-offs between model complexity, inference speed, and detection accuracy.

The experimental setup consists of three entities connected to the same local network: a laptop acting as
an independent data source, a Raspberry Pi 3B+ serving as the edge computing platform, and a cloud platform
comprising Google Drive and Google Colaboratory (https://colab.google/ (accessed on 10 March 2026)). The
end-to-end delay experiment measures the time required to transmit ECG segment files from the laptop to the
processing platform (either edge or cloud). The prediction time experiment measures how long each deployed
1D-CNN model takes to infer a prediction once it receives the ECG input.

These experiments were motivated by two practical goals. First, we aimed to assess whether computationally
constrained devices such as the Raspberry Pi 3B+ can support real-time inference for AFib detection. Second, we
sought to evaluate how different CNN model complexities affect the balance between detection performance and
responsiveness. The combined evaluation of end-to-end delay and prediction time provides insight into the system’s
suitability for latency-sensitive health monitoring applications.

To prepare the test inputs, we generated 10-second ECG segments from pre-processed signals of patient 122 in
the LONG TERM AF database [30,31]. This patient was selected because their data appears in the test set across
all three models. Eight segment group sizes were created—4, 8, 12, 16, 24, 32, 64, and 128 segments per file—for
both AFib and NSR episodes, resulting in 16 distinct ECG file types used during evaluation.

For the end-to-end delay experiments, files were transmitted from the laptop to either the Raspberry Pi or the Google
Drive platform. Each rhythm type (AFib and NSR) was represented by up to 100 files per group size, with fewer files for
larger segment sets. During each file transfer, two timestamps were recorded on the laptop: one at the time of transmission
and another at the moment the file’s successful receipt was confirmed. The delay was computed as the difference between
these timestamps. This design was necessary for two reasons. First, the clocks of the laptop and the Raspberry Pi were
not synchronized, making cross-device time measurements unreliable. Second, Google Drive and its API support only
indirect confirmation of receipt—requiring metadata queries based on file ID to obtain the upload timestamp.
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4.2.1. Cloud-Based End-to-End Delay Setup

To assess cloud-based communication latency, the experiment is designed to measure end-to-end delay between an
independent data source (laptop) and the cloud computing platform (Google Drive, integrated with Google Colaboratory).
This setup enables asynchronous file transfer followed by server-side processing. Communication is handled using the
Google Drive API v3, following standard authentication and file management procedures as described in [37].

A custom Python class was developed to manage this process. The first method handles authentication to
Google Drive using port 8090 and retrieves the necessary service object. The second method uploads ECG segment
files, attaching metadata including the filename, parent folder ID, and timestamp (createdTime) in ISO 8601 format
with UTC time zone. Uploads are handled using the MediaFileUpload object, configured for resumable transfers.
The third method retrieves the createdTime of the most recently uploaded file by querying the Drive API with the
filename, enabling timestamp-based delay measurement.

For each file upload, two timestamps are recorded: one at the client side (prior to upload) and another extracted
from the uploaded file’s metadata in Google Drive. The end-to-end delay is calculated as the difference between
these two timestamps. This process is repeated for multiple files of varying sizes—ranging from 4 to 128 ten-second
ECG segments—to evaluate how data volume impacts transfer latency. Each segment file is encrypted using Fernet
symmetric encryption before upload.

To ensure consistency, the experiment is repeated across different segment batch sizes, with 100 AFib and 100
NSR samples per type where feasible. After all uploads, the minimum and average delay values are computed. This
timestamp-based approach is necessary due to the lack of clock synchronization between the sender device and the
cloud platform, and due to limitations of the Google Drive API in providing more precise delivery acknowledgments.

4.2.2. Edge-Based End-to-End Delay Setup

The end-to-end delay experiment on the edge platform, implemented on a Raspberry Pi 3B+, utilizes Python
socket programming to enable file transmission between a sender (a laptop) and a receiver (the edge device). For
each experiment, a specific ECG segment file type is selected, and 100 files are prepared per cardiac rhythm—AFib
and NSR. To facilitate the communication and data transfer, a dedicated Python class named IoTLayer is
developed. This class establishes a TCP socket connection to the Raspberry Pi using its IP address on port 5001. A
complementary Buffer class is used to manage data transmission efficiently, employing a buffer size of 5 MB.

The Buffer class is responsible for handling both byte-level and UTF-8 string-based communication. It
reads incoming data from the socket in buffered chunks and assembles complete messages, while also supporting
reliable data transmission through explicit send operations. To support UTF-8 encoded control messages, the buffer
includes logic to identify null-terminated strings and decode them appropriately. For sending, strings are encoded in
UTF-8 and terminated with a null character to mark message boundaries.

On the edge device, an Edge class is deployed to receive and reconstruct incoming ECG files. It establishes a
listening socket on the specified port and accepts connections from the independent data source. Once a connection
is established, the system reads the incoming filename and file size, creates a local file on disk, and receives the file
contents in buffered chunks. The received bytes are written to disk until the entire file is received. A confirmation
message is then sent back to the sender indicating successful receipt.

Prior to transmission, each ECG segment file is encrypted using symmetric encryption (Fernet) for security. A
timestamp is recorded immediately before the file is transmitted from the laptop. Upon receipt of the confirmation
message from the Raspberry Pi, a second timestamp is generated. The difference between these two timestamps
is used to calculate the end-to-end delay for each file transfer. These measurements are collected across all
transmissions, and the minimum and average delays are computed for evaluation.

Due to the inability to synchronize clocks between the Windows operating system on the laptop and the
Linux-based Raspberry Pi, this timestamping approach—implemented solely on the sender side—was deemed the
only reliable method for measuring delay. This setup ensures accurate estimation of transmission latency in the
edge computing scenario, forming a critical part of the system-level performance evaluation.

4.2.3. Cloud-Based Prediction Time Setup

Prediction time benchmarking on the cloud platform is carried out using Google Colaboratory, where the three
trained 1D-CNN models—CNN4, CNN5, and CNN6—are deployed in both TensorFlow SavedModel and TensorFlow
Lite formats. A Python class is implemented to manage the full evaluation pipeline. This class reads input ECG files,
each containing four 10-second ECG segments, and feeds them into the deployed models sequentially.

To measure the prediction time, two precise timestamps are recorded: one immediately before invoking the Tensor-
Flow inference function and the other directly afterward. These timestamps are obtained using the process time
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and perf counter functions from Python’s time module to ensure high-resolution time measurement. The differ-
ence between the two timestamps yields the total inference time for the batch of four ECG segments.

This procedure is repeated for all three model configurations in both SavedModel and TensorFlow Lite formats
to assess the impact of model size and representation on inference efficiency in the cloud environment. The resulting
measurements are recorded for later comparison with the corresponding edge device performance.

4.2.4. Edge-Based Prediction Time Setup

On the edge device (Raspberry Pi 3B+), prediction time is measured using a dedicated extension of the Edge class
introduced in the end-to-end delay experiments. The class includes two methods: the first loads a 4-segment ECG file,
and the second handles inference execution for the three TensorFlow Lite models—CNN4, CNN5, and CNN6.

Prediction time is measured by placing timestamp markers immediately before and after the model inference
operation. The same process time and perf counter functions are used to ensure consistency with the
cloud setup. Each model processes the same input data as in the cloud experiments, allowing for a direct comparison
of execution time across platforms.

This setup allows us to quantify the latency introduced by on-device inference, isolate model execution time from
network factors, and assess the suitability of each model for real-time ECG processing on resource-constrained hardware.

5. Results and Discussion

This section presents the evaluation results for both the classification performance of the 1D-CNN models
and the system-level latency of the proposed AFib detection framework. The analysis is twofold: (i) we assess
the suitability of deploying increasingly complex CNN models on low-cost edge devices for intelligent health
monitoring, and (ii) we evaluate end-to-end delay and prediction time across edge and cloud architectures to examine
trade-offs in latency and feasibility. We begin by reporting the models’ classification performance under varying
test distributions, followed by system-level latency results and practical deployment considerations.The section
concludes with an analysis of key system limitations.

5.1. Model Performance Results

The models are evaluated on three test set distributions: oversampling (OT), undersampling (UT), and
imbalanced (IT). A 5-fold cross-validation is used to train the models, resulting in five instances of each 1D-CNN
model. The evaluation metrics include accuracy (ACC), area under the curve (AUC), sensitivity (TPR), specificity
(TNR), F1-score (F1), and Matthews correlation coefficient (MCC). F1 and MCC are considered only for evaluation
on imbalanced data, as they are not suitable for equally distributed datasets (UT and OT). Conversely, ACC is
considered only for the equally distributed data.

The performance of the models across three experiments, denoted CNN4, CNN5, and CNN6, is presented
in Tables 1–3. Tables 4–6 provide a performance comparison of the models for each experiment. In addition to
evaluating the models, these tables are used to identify the most suitable reference model candidate for deployment
in the prediction time experiment. The CNN model that demonstrates the highest overall performance across most
metrics in the three experiments is selected as the ideal candidate.

5.1.1. CNN4 Evaluation

As shown in Table 1, no single model outperforms others across all metrics. However, the 5th CNN4 model
demonstrates superior performance across the majority of metrics and is therefore selected as the ideal candidate for
the prediction time experiment. Alternatively, rather than selecting the model with the highest scores in individual
metrics, one could opt for a more stable model—one that performs consistently well across all metrics without
necessarily excelling in any single one. The 4th CNN4 model exhibits these characteristics.

5.1.2. CNN5 Evaluation

Based on the results presented in Table 2, the first instance of CNN5 demonstrates the highest overall
performance across evaluation metrics, particularly in detecting AFib episodes. The differences in NSR classification
accuracy across models are marginal. Consequently, CNN5–Fold 1 is selected for use in the prediction time
experiments. While the third instance exhibits more uniform performance across metrics—suggesting greater
stability—this consistency does not outweigh the superior classification performance of the first model, especially
given that stability does not necessarily translate into improved or faster inference.
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Table 1. Performance of CNN4. Bold values indicate the best performance across the compared models.

Experiment ACC AUC TPR TNR F1 MCC

OT

CNN4:1 0.7372 0.8103 0.9130 0.5614 0.7765 0.5068
CNN4:2 0.6774 0.7821 0.4312 0.9236 0.5720 0.4077
CNN4:3 0.7068 0.7991 0.5602 0.8533 0.6564 0.4326
CNN4:4 0.7271 0.7624 0.8032 0.6511 0.7464 0.4597
CNN4:5 0.7060 0.8407 0.9778 0.4341 0.7688 0.4909

UT

CNN4:1 0.8188 0.9032 0.9136 0.7240 0.8345 0.6494
CNN4:2 0.7119 0.8321 0.4306 0.9931 0.5991 0.5126
CNN4:3 0.7713 0.8779 0.5610 0.9816 0.7104 0.5981
CNN4:4 0.8362 0.8987 0.8025 0.8698 0.8304 0.6739
CNN4:5 0.8351 0.9411 0.9779 0.6924 0.8557 0.6994

IT

CNN4:1 0.8766 0.9404 0.9130 0.7240 0.9227 0.6171
CNN4:2 0.5394 0.6062 0.4312 0.9931 0.6019 0.3510
CNN4:3 0.6414 0.7289 0.5602 0.9816 0.7161 0.4290
CNN4:4 0.8160 0.8654 0.8032 0.8698 0.8758 0.5660
CNN4:5 0.9228 0.9810 0.9778 0.6924 0.9534 0.7377

Avg

Avg OT 0.7109 0.7989 0.7370 0.6847 0.7040 0.4595
Avg UT 0.7946 0.8906 0.7371 0.8521 0.7660 0.6266
Avg IT 0.7592 0.8244 0.7371 0.8522 0.8140 0.5402

Table 2. Performance of CNN5. Bold values indicate the best performance across the compared models.

Experiment ACC AUC TPR TNR F1 MCC

OT

CNN5:1 0.8302 0.9195 0.9334 0.7271 0.8461 0.6751
CNN5:2 0.8182 0.8621 0.7704 0.8659 0.8090 0.6393
CNN5:3 0.7849 0.8464 0.8303 0.7395 0.7942 0.5722
CNN5:4 0.8302 0.8839 0.7526 0.9077 0.8159 0.6685
CNN5:5 0.8463 0.9115 0.9295 0.7631 0.8581 0.7025

UT

CNN5:1 0.8696 0.9391 0.9334 0.8057 0.8774 0.7453
CNN5:2 0.8130 0.8595 0.7699 0.8561 0.8046 0.6284
CNN5:3 0.8392 0.9038 0.8310 0.8474 0.8379 0.6785
CNN5:4 0.8594 0.9057 0.7527 0.9662 0.8426 0.7359
CNN5:5 0.8629 0.9281 0.9297 0.7961 0.8715 0.7324

IT

CNN5:1 0.8863 0.9508 0.9334 0.8057 0.9120 0.7533
CNN5:2 0.8020 0.8397 0.7704 0.8561 0.8308 0.6064
CNN5:3 0.8366 0.9046 0.8303 0.8474 0.8651 0.6626
CNN5:4 0.8314 0.8784 0.7526 0.9662 0.8492 0.6938
CNN5:5 0.8803 0.9423 0.9295 0.7961 0.9074 0.7401

Avg

Avg OT 0.8220 0.8847 0.8432 0.8007 0.8247 0.6515
Avg UT 0.8488 0.9070 0.8434 0.8543 0.8468 0.7041
Avg IT 0.8473 0.9032 0.8432 0.8543 0.8729 0.6913
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5.1.3. CNN6 Evaluation

Table 3 summarizes CNN6’s performance across the three evaluation settings. The first model exhibits the
strongest overall performance and is therefore selected for deployment in the prediction time experiments. It
achieves the highest scores in most metrics for both the OT and IT test configurations, including top F1 and MCC
values on imbalanced data—key indicators of robust classification in the presence of class imbalance. Additionally,
it performs well in terms of TNR, reflecting strong NSR detection.

While the fourth model does not outperform the first in aggregate, it demonstrates greater metric stability,
particularly with consistently high TNR values across experiments. This reliability could make it a suitable
alternative in deployment contexts where consistent performance is preferred over peak accuracy. However, for the
purposes of latency evaluation, the superior average performance of the first model makes it the primary candidate.

Table 3. Performance of CNN6. Bold values indicate the best performance across the compared models.

Experiment ACC AUC TPR TNR F1 MCC

OT

CNN6:1 0.8468 0.9169 0.9265 0.7671 0.8581 0.7026
CNN6:2 0.7608 0.8467 0.9826 0.5391 0.8042 0.5821
CNN6:3 0.8087 0.8831 0.7469 0.8706 0.7961 0.6223
CNN6:4 0.8285 0.8920 0.8366 0.8203 0.8299 0.6571
CNN6:5 0.7949 0.8838 0.9884 0.6015 0.8282 0.6398

UT

CNN6:1 0.8861 0.9329 0.9265 0.8457 0.8905 0.7748
CNN6:2 0.7829 0.8548 0.9826 0.5832 0.8190 0.6173
CNN6:3 0.7934 0.8677 0.7473 0.8395 0.7835 0.5894
CNN6:4 0.8249 0.8859 0.8363 0.8135 0.8269 0.6500
CNN6:5 0.8349 0.9060 0.9884 0.6814 0.8568 0.7038

IT

CNN6:1 0.8960 0.9436 0.9265 0.8457 0.9174 0.7775
CNN6:2 0.8321 0.9034 0.9826 0.5832 0.8794 0.6510
CNN6:3 0.7818 0.8637 0.7469 0.8395 0.8101 0.5692
CNN6:4 0.8279 0.8989 0.8366 0.8135 0.8583 0.6410
CNN6:5 0.8727 0.9363 0.9884 0.6814 0.9063 0.7364

Avg

Avg OT 0.8080 0.8845 0.8962 0.7197 0.8233 0.6408
Avg UT 0.8244 0.8895 0.8962 0.7527 0.8353 0.6671
Avg IT 0.8421 0.9092 0.8962 0.7527 0.8743 0.6750

5.1.4. Performance Comparison under Oversampled Test (OT)

Table 4 shows the average performance of the three 1D-CNN models under the OT configuration. Among them,
CNN5 achieves the highest overall performance, outperforming CNN4 and CNN6 across most metrics. It shows
stronger capability in detecting NSR, while CNN6 demonstrates slightly better performance in AFib detection.
However, the difference in AFib classification between CNN5 and CNN6 is marginal, reinforcing CNN5’s position
as the most balanced model under the oversampled condition.

5.1.5. Performance Comparison under Undersampled Test (UT)

Table 5 presents the performance comparison of the three 1D-CNN models under the UT configuration. CNN5
achieves the highest average performance across most metrics, confirming its effectiveness in this class-balanced
scenario. It shows stronger performance in detecting NSR, while CNN6 slightly outperforms it in AFib detection.
Despite this minor trade-off, CNN5 maintains the best overall performance among the models in the UT setting.

5.1.6. Performance Comparison under Imbalanced Test (IT)

Table 6 compares the performance of the three 1D-CNN models under the IT configuration. While CNN5 and
CNN6 yield comparable average performance overall, they diverge notably in key metrics. CNN6 achieves a higher
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TPR, indicating better sensitivity to AFib episodes, whereas CNN5 excels in TNR, reflecting stronger performance
in detecting NSR. Notably, CNN5 records a significantly higher MCC value, suggesting more balanced and reliable
classification under class imbalance. Given its superior TNR and MCC, CNN5 is considered the more stable and
practically suitable model for deployment in imbalanced scenarios.

Table 4. Performance comparison of CNN models on the OT experiment. Bold values indicate the best performance
among models.

Experiment ACC AUC TPR TNR F1 MCC

OT

CNN4:1 0.7372 0.8103 0.9130 0.5614 0.7765 0.5068
CNN4:2 0.6774 0.7821 0.4312 0.9236 0.5720 0.4077
CNN4:3 0.7068 0.7991 0.5602 0.8533 0.6564 0.4326
CNN4:4 0.7271 0.7624 0.8032 0.6511 0.7464 0.4597
CNN4:5 0.7060 0.8407 0.9778 0.4341 0.7688 0.4909

Avg 0.7109 0.7989 0.7370 0.6847 0.7040 0.4595

CNN5:1 0.8302 0.9195 0.9334 0.7271 0.8461 0.6751
CNN5:2 0.8182 0.8621 0.7704 0.8659 0.8090 0.6393
CNN5:3 0.7849 0.8464 0.8303 0.7395 0.7942 0.5722
CNN5:4 0.8302 0.8839 0.7526 0.9077 0.8159 0.6685
CNN5:5 0.8463 0.9115 0.9295 0.7631 0.8581 0.7025

Avg 0.8220 0.8847 0.8432 0.8007 0.8247 0.6515

CNN6:1 0.8468 0.9169 0.9265 0.7671 0.8581 0.7026
CNN6:2 0.7608 0.8467 0.9826 0.5391 0.8042 0.5821
CNN6:3 0.8087 0.8831 0.7469 0.8706 0.7961 0.6223
CNN6:4 0.8285 0.8920 0.8366 0.8203 0.8299 0.6571
CNN6:5 0.7949 0.8838 0.9884 0.6015 0.8282 0.6398

Avg 0.8080 0.8845 0.8962 0.7197 0.8233 0.6408

Table 5. Performance comparison of CNN models on the UT experiment. Bold values indicate the best performance
among models.

Experiment ACC AUC TPR TNR F1 MCC

UT

CNN4:1 0.8188 0.9032 0.9136 0.7240 0.8345 0.6494
CNN4:2 0.7119 0.8321 0.4306 0.9931 0.5991 0.5126
CNN4:3 0.7713 0.8779 0.5610 0.9816 0.7104 0.5981
CNN4:4 0.8362 0.8987 0.8025 0.8698 0.8304 0.6739
CNN4:5 0.8351 0.9411 0.9779 0.6924 0.8557 0.6994

Avg 0.7946 0.8906 0.7371 0.8521 0.7660 0.6266

CNN5:1 0.8696 0.9391 0.9334 0.8057 0.8774 0.7453
CNN5:2 0.8130 0.8595 0.7699 0.8561 0.8046 0.6284
CNN5:3 0.8392 0.9038 0.8310 0.8474 0.8379 0.6785
CNN5:4 0.8594 0.9057 0.7527 0.9662 0.8426 0.7359
CNN5:5 0.8629 0.9281 0.9297 0.7961 0.8715 0.7324

Avg 0.8488 0.9070 0.8434 0.8543 0.8468 0.7041

CNN6:1 0.8861 0.9329 0.9265 0.8457 0.8905 0.7748
CNN6:2 0.7829 0.8548 0.9826 0.5832 0.8190 0.6173
CNN6:3 0.7934 0.8677 0.7473 0.8395 0.7835 0.5894
CNN6:4 0.8249 0.8859 0.8363 0.8135 0.8269 0.6500
CNN6:5 0.8349 0.9060 0.9884 0.6814 0.8568 0.7038

Avg 0.8244 0.8895 0.8962 0.7527 0.8353 0.6671
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Table 6. Performance comparison of CNN models on the IT experiment. Bold values indicate the best performance
among models.

Experiment ACC AUC TPR TNR F1 MCC

IT

CNN4:1 0.8766 0.9404 0.9130 0.7240 0.9227 0.6171
CNN4:2 0.5394 0.6062 0.4312 0.9931 0.6019 0.3510
CNN4:3 0.6414 0.7289 0.5602 0.9816 0.7161 0.4290
CNN4:4 0.8160 0.8654 0.8032 0.8698 0.8758 0.5660
CNN4:5 0.9228 0.9810 0.9778 0.6924 0.9534 0.7377

Avg 0.7592 0.8244 0.7371 0.8522 0.8140 0.5402

CNN5:1 0.8863 0.9508 0.9334 0.8057 0.9120 0.7533
CNN5:2 0.8020 0.8397 0.7704 0.8561 0.8308 0.6064
CNN5:3 0.8366 0.9046 0.8303 0.8474 0.8651 0.6626
CNN5:4 0.8314 0.8784 0.7526 0.9662 0.8492 0.6938
CNN5:5 0.8803 0.9423 0.9295 0.7961 0.9074 0.7401

Avg 0.8473 0.9032 0.8432 0.8543 0.8729 0.6913

CNN6:1 0.8960 0.9436 0.9265 0.8457 0.9174 0.7775
CNN6:2 0.8321 0.9034 0.9826 0.5832 0.8794 0.6510
CNN6:3 0.7818 0.8637 0.7469 0.8395 0.8101 0.5692
CNN6:4 0.8279 0.8989 0.8366 0.8135 0.8583 0.6410
CNN6:5 0.8727 0.9363 0.9884 0.6814 0.9063 0.7364

Avg 0.8421 0.9092 0.8962 0.7527 0.8743 0.6750

5.1.7. Summary of Classification Results

Based on the average performance metrics reported in Tables 4–6, CNN5 emerges as the most effective
model overall (see Table 7). It achieves an accuracy of 0.8393, AUC of 0.8983, sensitivity of 0.8432, specificity
of 0.8346, F1-score of 0.8481, and MCC of 0.6823. Beyond within-dataset comparisons, CNN5 demonstrated
consistent performance across varying test distributions—including oversampled, undersampled, and imbalanced
settings—indicating robustness to class prevalence shifts that are common in real-world data.

While this study focuses primarily on assessing deployment feasibility on a constrained edge device, general-
izability remains a critical concern. To mitigate the risk of patient leakage, the experiments adopted record-wise
data splits with no subject overlap. Future work will include cross-dataset validation using other PhysioNet AF
databases (e.g., MIT-BIH AF, LTAF2) to further evaluate the model’s robustness and generalization capacity.

Table 7. Summary of the best model CNN5 on Tables 4–6.

Experiment ACC AUC TPR TNR F1 MCC

OT 0.8220 0.8847 0.8432 0.8007 0.8247 0.6515
UT 0.8488 0.9070 0.8434 0.8543 0.8468 0.7041
IT 0.8473 0.9032 0.8432 0.8543 0.8729 0.6913

Avg 0.8393 0.8983 0.8432 0.8346 0.8481 0.6823

5.2. System-Level Latency Results

This section presents system-level latency results along two dimensions: (i) end-to-end delay, defined as the
time taken to transfer ECG segment files from a client device to the processing platform; and (ii) prediction time,
the inference latency of the deployed models. Both types of latency are measured independently for cloud and edge
deployments to assess the responsiveness of the proposed framework under different computational environments.
The following subsections present detailed results for each platform and latency type.

5.2.1. Cloud-Based End-to-End Delay Results

Table 8 summarizes the minimum and average end-to-end delay observed on the cloud platform, Google
Drive. Delay is measured as the time elapsed from the moment a file is transmitted by the source to the moment a
confirmation is received after successful upload. As expected, both minimum and average delays increase with file
size—that is, with the number of 10-second ECG segments per file.
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The shortest delay occurs with the smallest file type (4 segments), with minimum and average values of
approximately 1.32 and 1.56 s, respectively. These values include overhead from file encryption, API interaction
(Google Drive API), and Python execution time, all of which may slightly inflate the observed delays. While actual
network transfer latency may be lower, the measurements reflect the full system-level cost of uploading ECG files to
the cloud.

Table 8. End-to-end delay performance on cloud.

File Type Filesize/Segment No. of Files Least Delay (sec) Average Delay (sec)

4 103 kB 200 1.32646 1.56673
8 200 kB 200 1.40235 1.75070

12 297 kB 200 1.56931 1.75429
16 394 kB 200 1.59211 1.77744
24 587 kB 200 1.76973 1.95286
32 781 kB 200 1.98991 2.39910
64 1556 kB 197 2.68940 2.84242
128 3107 kB 113 4.23594 4.43729

5.2.2. Edge-Based End-to-End Delay Results

Table 9 presents corresponding delay results for the edge device, a Raspberry Pi 3B+. As with the cloud setup,
delay increases with file size. The minimum and average delays for the smallest files are approximately 0.019 and
0.38 s, respectively—substantially lower than the cloud platform.

Delay is measured from the moment of data transmission to the receipt of a confirmation message from the
edge device. Due to the lack of synchronized clocks between source and destination, the actual transmission delay
is likely even shorter. Some delay inflation may also occur due to cryptographic operations and Python module
overhead. Nevertheless, the edge-based system consistently outperforms the cloud setup in terms of latency, making
it the preferred choice due to its reduced end-to-end latency.

Table 9. End-to-end delay performance on edge.

File Type Filesize/Segment No. of Files Least Delay (sec) Average Delay (sec)

4 103 kB 200 0.01998 0.03872
8 200 kB 200 0.02540 0.05335

12 297 kB 200 0.03155 0.05464
16 394 kB 200 0.03481 0.05784
24 587 kB 200 0.04700 0.08024
32 781 kB 200 0.063 0.12725
64 1556 kB 197 0.09599 0.19683
128 3107 kB 113 0.19199 0.37797

5.2.3. Cloud-Based Prediction Time Results

Table 10 presents the minimum and average prediction times for the three 1D-CNN models deployed on the
Google Colaboratory platform. Each model is evaluated in both regular TensorFlow SavedModel and TensorFlow
Lite formats. Prediction time is measured by recording two timestamps—before and after the model inference
call—using two timing functions from Python’s time module: process time (CPU-based, labeled as “1”) and
perf counter (high-precision or GPU-based, labeled as “2”) [38].

The results show that the “2” metrics (GPU-based) consistently yield lower latency than the “1” metrics (CPU-
based), as expected due to the higher computing capacity of GPUs. Across most configurations, TensorFlow Lite
models exhibit faster inference than their full TensorFlow counterparts, confirming their suitability for deployment
in latency-sensitive scenarios.

Notably, some anomalies emerge: the CNN4 Lite model has higher prediction time than the more complex
CNN5 and CNN6 models, potentially due to GPU initialization overhead or TensorFlow’s internal optimization
routines. Similarly, CNN4 shows unexpectedly high values for “Avg2” in its regular format. Despite these
irregularities, the general pattern indicates that lower complexity models tend to predict faster under CPU-based
metrics, while GPU-based performance can be influenced by additional system factors.
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Table 10. Prediction time on cloud.

Model Least1 (sec) Avg1 (sec) Std1 (sec) Least2 (sec) Avg2 (sec) Std2 (sec)

CNN4 0.21869 0.24141 0.05387 0.04076 0.05161 0.04305
CNN4 Lite 0.00035 0.00086 0.00032 0.00025 0.00043 0.00034

CNN5 0.25148 0.26982 0.02645 0.04091 0.04657 0.00671
CNN5 Lite 0.00029 0.00071 0.00051 0.00024 0.00045 0.00020

CNN6 0.28612 0.30734 0.02813 0.04107 0.05041 0.02640
CNN6 Lite 0.00029 0.00072 0.00057 0.00024 0.00049 0.00048

5.2.4. Edge-Based Prediction Time Results

Table 11 presents the prediction time measurements for the Raspberry Pi 3B+ running TensorFlow Lite
versions of the three 1D-CNN models. As in the cloud setup, predictions are timed using process time (“1”) and
perf counter (“2”) to account for variations in CPU load and clock resolution.

The results follow a clearer trend: as model complexity increases, so does prediction time. CNN4 consistently
achieves the lowest latency across both minimum and average values, indicating that model simplicity directly
translates to faster on-device inference.

When comparing edge and cloud platforms using the TensorFlow Lite results from Tables 10 and 11, the cloud
shows markedly lower latency. Prediction times on Google Colaboratory reach sub-millisecond levels (around
0.000N seconds), while the edge device consistently reports higher values (around 0.00N seconds). This highlights
the computational advantage of cloud infrastructures, although it comes at the cost of increased end-to-end delay
due to data transmission overhead.

Table 11. Prediction time on edge.

Model Least1 (sec) Avg1 (sec) Std1 (sec) Least2 (sec) Avg2 (sec) Std2 (sec)

CNN4 Lite 0.00708 0.00732 0.00026 0.00606 0.00616 0.00008
CNN5 Lite 0.00729 0.00750 0.00018 0.00627 0.00638 0.00010
CNN6 Lite 0.00739 0.00761 0.00023 0.00637 0.00649 0.00016

5.3. Result Interpretation and Implications

The evaluation results across oversampled, undersampled, and imbalanced test configurations consistently
identify CNN5 as the most appropriate model for deployment on low-cost, intelligent health monitoring devices.
Although CNN6 exhibits higher complexity, it does not translate to superior performance metrics. In fact, CNN5
achieves better overall classification accuracy and faster prediction time, making it the preferred candidate for
resource-constrained edge deployment.

While prediction times are generally lower on the cloud platform due to its higher computational capacity,
end-to-end delay is substantially shorter on the edge device. Considering both metrics together, the edge platform
achieves the lowest total response time, which is critical for real-time health monitoring scenarios. Edge computing
offers key advantages such as reduced latency, bandwidth conservation, and decreased network load. In contrast,
cloud-based inference, although powerful, introduces longer transmission delays and greater dependency on network
conditions. Based on these trade-offs, the results suggest that edge computing is the more suitable architecture for
IHMS, particularly when rapid response and real-time processing are required.

Although exact parameter counts and Floating Point Operations (FLOPs)—which represent the total number of
arithmetic operations required by a model to perform one prediction—were not calculated, the measured prediction
time on the Raspberry Pi 3B+ serves as a practical proxy for both computational cost and energy usage. On
embedded devices, shorter prediction time typically correlates with lower power consumption and reduced model
complexity. Similarly, the measured end-to-end delay reflects not only communication overhead but also effective
inference latency, thereby providing a realistic indicator of the system’s overall efficiency. These metrics together
offer a meaningful evaluation of computational feasibility in resource-constrained environments, even without direct
FLOP or parameter analysis.

To better illustrate the differences between our proposed approach and prior works, Table 12 compares CNN5
with two representative AFib detection models, EdgeCNN [16] and AFibNet [20]. As shown in the table, EdgeCNN
adopts a hybrid edge–cloud configuration with five convolutional blocks, achieving 84–87% accuracy but relying
on cloud offloading for heavy computation. AFibNet, in contrast, is a high-capacity 1D-CNN optimized for
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cloud servers, reaching approximately 99% accuracy with 0.02 s inference time on high-performance hardware.
The proposed CNN5 executes entirely on a Raspberry Pi 3B+, achieving approximately 84% accuracy with an
average prediction time of ≈ 0.007 s. This comparison highlights a clear design trade-off: while EdgeCNN and
AFibNet pursue maximum accuracy through larger, cloud-dependent architectures, CNN5 prioritizes real-time and
energy-efficient inference directly on the edge device, where latency and power constraints are critical.

Table 12. Comparative overview of AFib detection models

Model Deployment Accuracy (%) Avg. Prediction Time (s) Key Characteristics

EdgeCNN [16] Hybrid Edge–Cloud 84–87 Not reported Five convolutional blocks; requires cloud offloading
AFibNet [20] Cloud ≈ 99 0.02 (server) High-capacity 1D-CNN; cloud-centric inference

Proposed CNN5 Edge (Raspberry Pi 3B+) ≈ 84 0.007 Fully on-device, low-latency, energy-efficient inference

Overall, CNN5 offers a balanced solution that favors deployment feasibility without major sacrifices in
performance. Its ability to operate on lightweight hardware with minimal latency supports the viability of continuous,
real-time ECG monitoring in edge-based IHMS deployments.

While the present results establish technical feasibility on constrained hardware, clinical operating points will
be selected and validated prospectively according to the requirements of the intended workflow.

5.4. Additional Experimental Feedback

This section presents supplementary insights that complement the quantitative evaluation of the proposed AFib
detection system. First, a physician-led assessment of ECG image segments provides an external reference point to
gauge the interpretability and clinical plausibility of the model’s predictions. Second, we reflect on classical ECG
feature-based methods—specifically QRS and P-wave detectors—and compare their practical implications with
our CNN-based approach. These qualitative perspectives offer additional context for understanding the model’s
behavior and inform future design considerations for real-time, noise-robust detection systems.

5.4.1. Physicians Evaluation of AFib Detection

To assess the interpretability and practical relevance of the proposed AFib detection system, two physicians
were asked to evaluate 240 ECG segments extracted from patient 122 of the LONG TERM AF Database, evenly
split into 120 AFib and 120 NSR segments. These segments were converted into standard 25 mm/sec paper-speed
ECG images using a modified version of the Python module ecg-plot [39], a format familiar to physicians. The
image layout adheres to clinical calibration standards, with horizontal grid lines representing 0.04 s per millimeter
(small squares) and 0.2 s per 5 mm (large squares), while vertical scaling corresponds to 10 mm per millivolt (mV),
as shown in Figure 3.

Figure 3. ECG paper-speed 25 mm/sec [40].
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To generate these images, x-axis ticks were spaced to create 0.2-second intervals using Matplotlib, with five
minor ticks per interval to simulate the smaller 1 mm (0.04 s) boxes. The y-axis was scaled according to ECG
amplitude with 0.05 mV increments. Each 10-second segment was split into two 5-second windows and filtered
with an 11-point Hamming window to reduce amplitude fluctuations and noise—an adjustment based on physician
feedback. An example is shown in Figure 4.

Figure 4. Two five second ECG segments (sek = sec).

The physicians independently reviewed the ECG images and classified each segment as AFib, NSR, or Unclear.
Table 13 summarizes the classification counts: 105 segments were labeled as AFib, 80 as NSR, and 55 as Unclear. The
unclear segments often exhibited significant noise, making clinical interpretation difficult (see Figure 5 for an example).

Table 13. Physicians evaluation of segment distribution.

Total Segments AFib NSR Unclear

240 105 80 55

Figure 5. Two hard five ECG segments (sek = sec).

To quantify the physicians’ performance, a confusion matrix was constructed by treating unclear segments
as misclassified relative to the ground truth labels. This conservative approach assumes that failure to provide
a confident classification constitutes an error. Based on this, the evaluation yielded 79 true positives (TP),
78 true negatives (TN), 42 false positives (FP), and 41 false negatives (FN). The resulting values of accuracy
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(ACC = TP+TN
TP+TN+FP+FN ), sensitivity, or true positive rate (TPR = TP

TP+FN ), and specificity or true negative
rate (TNR = TN

TN+FP ) are presented in Table 14.

Table 14. Performance of physicians evaluation.

ACC TPR TNR

0.6541 0.5031 0.4968

For comparison, the same 240 segments were fed into the three trained CNN models. Their average classifica-
tion performance is presented in Table 15, where CNN6 achieved the best results overall.

Table 15. Performance of CNN models.

Model ACC TPR TNR

CNN4 0.7958 0.8000 0.7916
CNN5 0.7241 0.6416 0.8066
CNN6 0.8116 0.8166 0.8066

The comparison highlights several key observations. First, the relatively low physician accuracy reflects the
intrinsic difficulty of the selected segments, many of which contain noise or ambiguous signal patterns. While
CNN6 outperforms the physicians on this set, this should not be interpreted as superiority of the algorithm. It is
important to note that the physicians did not conduct a collaborative review or consensus-based labeling due to time
constraints, which may have impacted the final classifications. Furthermore, although the CNNs were trained on the
same database, subtle variations in segment selection and pre-processing could still affect model generalization.

Overall, this evaluation offers complementary insights into model performance relative to expert judgment and
demonstrates the potential of the proposed models to serve as decision-support tools in real-world clinical workflows.

5.4.2. Role of QRS and P-Wave Detectors

This work employs an approach that transforms filtered and normalized ECG signal data into fixed-length
segments directly fed into convolutional neural networks (CNNs). The main advantage of this method lies in
its simplicity: it bypasses complex feature engineering by relying on the CNNs for automatic feature extraction.
However, this benefit comes at the cost of increased computational complexity. Moreover, insufficient noise
suppression in the raw ECG signal can negatively impact detection accuracy. While this raw-signal-driven strategy
has shown promise, it is not the only viable method for AFib detection.

Alternative approaches typically extract handcrafted features such as RR intervals or assess P-wave visibil-
ity—both of which are clinically significant for identifying AFib. RR intervals are computed by detecting R-peaks
using QRS detectors, while the presence or absence of P-waves is assessed using specialized P-wave detectors.
These methods introduce additional computational steps but may offer better robustness to noise when properly
implemented. Given the potential value of these approaches, several state-of-the-art real-time detectors were
reviewed for both QRS complexes and P-waves.

Several real-time QRS detectors have been developed, offering high sensitivity on benchmark datasets such as the
MIT-BIH Arrhythmia Database. For instance, the detector in [41] reports a sensitivity of 99.88%, while [33,42] achieve
99.74% and 99.75%, respectively. These detectors share common principles, including adaptive thresholding and
noise suppression via filtering. The detectors in [33,41] incorporate a learning phase followed by detection: the
former uses ten seconds of clean ECG data to initialize thresholds and applies detection every three seconds, while
the latter adapts thresholds continuously using just two seconds of data. Noise filtering also varies—Ref. [41] uses
Stationary Wavelet Transform, whereas [33] combines band-pass filtering and differentiation. The detector by
Christov [42] applies three moving average filters and merges three adaptive thresholds into a unified rule, without a
distinct learning phase. While [41] offers the highest reported sensitivity, it requires longer clean ECG segments for
initialization. In contrast, Ref. [33] operates effectively with shorter input signals and also reports detection delay,
which can improve R-peak localization—making it a better fit for short segments such as the 10-second windows
used in this study.

Two real-time P-wave detectors were also reviewed. The detector in [43] identifies P-wave slopes using a fixed
search window—half the RR-interval—between two R-peaks, achieving a sensitivity of 97.58%. In contrast, the
detector in [44] employs a discrete wavelet transform, using specific frequency bands (third and fourth scales) and
adaptive thresholds to detect P-waves, reporting a slightly higher sensitivity of 98.5%. While both approaches rely
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on thresholding, they differ in strategy: the former combines fixed windows with slope detection, while the latter
extracts signal features through wavelet decomposition. These detectors demonstrate strong performance, yet they
rely heavily on effective preprocessing and are more vulnerable to noise, especially given the low amplitude and
frequency of P-waves.

Although this work initially considered incorporating features like RR intervals and P-wave visibility, the final
design focused exclusively on raw ECG segments. The goal was to better understand the strengths and limitations
of a purely data-driven approach using CNNs. However, one critical insight from this analysis is that robustness
to noise remains a limiting factor for all AFib detection systems. While raw signal analysis preserves maximal
information, it is highly susceptible to signal degradation. RR-interval–based detection is more noise-tolerant since
R-peaks are typically the most prominent features in ECG signals, but its specificity is lower due to shared rhythm
patterns among multiple arrhythmias. Similarly, P-wave absence is a key marker for AFib, yet detecting P-waves in
noisy or overlapping waveforms remains a non-trivial task.

Ultimately, effective noise suppression is the most essential requirement for any feature-based or deep learning
method aiming at real-time AFib detection. While this study chose to explore the trade-offs of using raw signals
without explicit feature extraction, future research may benefit from hybrid models that combine learned features
with robust, low-level signal descriptors such as RR intervals or P-wave metrics.

5.5. Limitations and Outlook

A limitation of the presented results is that the ECG preprocessing pipeline, particularly the noise removal
step, does not fully suppress high-frequency EMG artifacts in certain recordings. While the first-order Butterworth
bandpass filter (5–15 Hz) effectively removes baseline wander and emphasizes the QRS complex, residual noise
remains in some segments of the Long-Term AF Database. These recordings were collected using Holter devices
under uncontrolled daily-life conditions, and the exact recording environments are not documented, resulting in
variable levels of motion and muscle noise across subjects.

As clarified in Section 3.2, the selected 5–15 Hz passband follows classical QRS-focused filtering practices
and was chosen to preserve computational simplicity for real-time execution on the Raspberry Pi 3B+. However,
this narrow bandwidth inevitably attenuates portions of the P- and T-waves and provides only limited suppression
of strong EMG bursts. This limitation became particularly visible when converting ECG segments to images for
physician evaluation (Section 5.4.1), especially for noisy records such as record 122.

While more advanced denoising techniques—such as discrete wavelet transforms, adaptive filtering, or
empirical mode decomposition—can provide stronger attenuation of high-frequency artifacts, these approaches
typically incur higher computational and memory demands than feasible for the embedded hardware used in this
work. Further refinement of the noise removal technique or the adoption of more capable edge processors may
therefore be necessary for applications targeting diagnostic-grade ECG analysis; however, these limitations do not
affect the validity of the comparative findings reported here. Besides, further improvements may be possible through
CNN architecture refinement, including adjustments to pooling configurations or layer design. Additionally, the
use of SMOTE to balance class distributions may distort the temporal structure of ECG signals, when synthetic
segments disrupt natural rhythm transitions or subtle waveform dynamics. Although we found no visual artifacts or
performance degradation in our evaluation, future work should investigate more time-aware augmentation strategies
to preserve physiological dynamics.

The limitations of the end-to-end delay experiments on the edge device include the absence of Network
Time Protocol (NTP) synchronization. Because the clocks of the data source and the Raspberry Pi 3B+ were not
synchronized, the reported latency values may include a small timing offset. Given that the measured delays are in
the millisecond range, this offset could influence absolute latency values; however, since both edge and cloud tests
were conducted under identical unsynchronized conditions, the relative performance comparison remains reliable.

The edge testbed setup also diverges from a real-world deployment scenario, as it uses a cable network
connection and a fixed data source. For the cloud-based experiment, delay was measured via Google Drive
and Google Colaboratory, which are not representative of production-grade IHMS deployments. More realistic
infrastructure and synchronized timing will be implemented in future testbeds. Google Drive is unlikely to be used
in a real IHMS deployment, and more suitable cloud service configurations may offer improved delay measurement.
However, Google Drive serves a practical purpose in this study because it can be mounted directly on Google
Colaboratory. More representative network configurations and synchronized timing will be considered when scaling
up the testbed in subsequent studies.

The limitation of the prediction-time experiment on the cloud (Google Colaboratory) is that the GPU is
not properly initialized before prediction begins, which may cause the measured prediction times on the cloud
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to be inaccurate. While this initialization overhead does not change the broader conclusions, a more rigorous
GPU-initialization protocol is needed for precise benchmarking.

The reported latency values, especially for cloud-based inference, may be influenced by network conditions
such as uplink bandwidth, congestion, and routing variability. In contrast, the edge inference pipeline operates
locally on-device and is therefore unaffected by such network fluctuations. While both testbeds (edge and cloud)
were evaluated under stable Ethernet conditions for consistency, we acknowledge that latency measurements in
more variable wireless networks may yield higher variance, particularly for cloud scenarios. Future evaluations will
incorporate emulation of degraded or congested network conditions to better characterize performance trade-offs
across realistic deployment environments.

Another limitation of the present study concerns the clinical validation process. The evaluation was performed
by two expert annotators and was primarily designed as a feasibility-oriented assessment to verify that the model’s
predictions align with expert judgment. The inclusion of an Unclear category allowed the experts to flag diag-
nostically ambiguous ECG segments, which are valuable for identifying borderline rhythm patterns that may also
challenge automated classifiers. In future work, this evaluation can be expanded to include additional annotators
and patient recordings under blinded conditions. Agreement analysis may then be performed using Cohen’s κ (for
binary and multiclass cases), Fleiss’s κ(for more than two raters), and percent agreement to quantify inter-rater
reliability, with a binary κ also computed on determinate AFib and NSR labels for comparability.

6. Conclusions

This study presents the design and evaluation of a low-cost Intelligent Health Monitoring System (IHMS)
for atrial fibrillation (AFib) detection using ECG signals. Three one-dimensional convolutional neural networks
(1D-CNNs) with varying architectural complexity were developed and tested for deployment on both edge and
cloud platforms. Among the three models, CNN5 demonstrated the most favorable balance between detection
performance and computational efficiency. When evaluated across over-sampled, under-sampled, and imbalanced
test configurations, CNN5 achieved an accuracy of 83.93%, AUC of 89.83%, sensitivity of 84.32%, specificity of
83.46%, F1-score of 84.81%, and MCC of 68.23%. These results confirm CNN5 as the most suitable model for
low-resource environments requiring real-time, on-device inference.

System-level latency analysis revealed that while cloud execution offers faster raw prediction times, the overall
response time—accounting for both prediction and communication delays—is significantly shorter on the edge. The
Raspberry Pi 3B+ demonstrated end-to-end delays ranging from 0.019 to 0.377 s, compared to 1.32 to 4.43 s on the
cloud platform. These results suggest that edge computing is a more viable architecture for IHMS applications where
low latency, autonomy, and privacy are essential. Although high-capacity models like AfibNet achieve superior accuracy
in data center settings, they are not compatible with real-time, low-power operation. By contrast, CNN5 enables fully
on-device inference, making it a strong candidate for deployment in portable health monitoring systems.

The reported classification performance should be viewed through the lens of technical feasibility rather than
clinical validation. Current medical guidelines do not enforce fixed performance thresholds for AFib detection;
rather, requirements vary by use case and workflow. Accordingly, this work does not make clinical claims, but
demonstrates that real-time AFib detection is feasible on low-cost hardware. Future work will include prospective
evaluation using receiver-operating-characteristic (ROC) analysis, reporting confidence intervals, and selecting
thresholds tailored to intended clinical contexts.

Although this study demonstrates deployment feasibility, further optimization is needed. Potential enhance-
ments include model pruning, quantization, and hardware-aware architecture search to improve performance without
increasing complexity. Improvements in noise suppression and real-time feature extraction can also benefit model
robustness, especially in less controlled environments. Additional efforts will focus on expanding to wearable
and mobile platforms, cross-dataset generalization, and broader physician-in-the-loop assessments under blinded
conditions. Moreover, latency benchmarking will be strengthened through synchronized timing and more realistic
network emulation to better characterize system behavior under operational constraints. Together, these extensions
will support the development of a more accurate, robust, and clinically aligned real-time AFib detection system.
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Abbreviations

AFib Atrial Fibrillation
PAF Paroxysmal Atrial Fibrillation
ECG Electrocardiogram
BLW Baseline Wander
PLI Powerline Interference
EMG Electromyogram
NSR Normal Sinus Rhythm
CNN Convolutional Neural Network
1D One Dimensional
AUC Area Under the Curve
TPR True Positive Rate (Sensitivity)
TNR True Negative Rate (Specificity)
MCC Matthews Correlation Coefficient
IHMS Intelligent Health Monitoring System
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