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Lightweight Deep Learning for Atrial Fibrillation
Detection: Efficient Models for Wearable Devices
Aprendizaje profundo ligero para la detección de fibrilación

auricular: modelos eficientes para dispositivos portátiles

Carlos A. Fajardo 1, Andrés S. Parra 2, and Tania Castellanos-Parada 3

ABSTRACT
The timely and accurate detection of atrial fibrillation (AF) is crucial for an early intervention and for reducing the associated
health risks. Wearable technology has emerged as a viable solution for continuous AF monitoring, but deploying accurate AF
detection models on resource-constrained devices remains a challenge due to the high computational and memory demands. This
study proposes a lightweight and efficient deep learning approach for real-time AF diagnosis in portable devices. We designed
a series of convolutional neural network (CNN) models optimized for high accuracy while maintaining a minimal computational
footprint. To further enhance efficiency, we explored deep learning compression techniques, including pruning, quantization, and
knowledge distillation. Our results demonstrate that the proposed models achieve state-of-the-art accuracy while significantly
reducing memory usage and computational complexity, making them suitable for real-time deployment. Additionally, we validated
their feasibility by implementing them on a microcontroller, showcasing their practicality for wearable applications. This research
paves the way for accessible, low-power, and high-accuracy AF detection in real-world settings, enabling early diagnosis and timely
medical intervention without the need for continuous clinical supervision.
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RESUMEN
La detección temprana y precisa de la fibrilación auricular (FA) es fundamental para una intervención oportuna y la reducción
de riesgos asociados. La tecnologı́a wearable ha surgido como una solución viable para el monitoreo continuo de la FA, pero
la implementación de modelos precisos de detección en dispositivos con recursos limitados sigue siendo un desafı́o debido a
las altas demandas computacionales y de memoria. Este estudio propone un enfoque de aprendizaje profundo ligero y eficiente
para el diagnóstico en tiempo real de la FA en dispositivos portátiles. Diseñamos una serie de modelos de redes neuronales
convolucionales (CNN) optimizados para alcanzar alta precisión a la vez que mantenı́an un bajo costo computacional. Para mejorar
aún más la eficiencia, exploramos técnicas de compresión de aprendizaje profundo, incluyendo poda, cuantización y destilación de
conocimiento. Nuestros resultados demuestran que los modelos propuestos logran una precisión de última generación mientras
reducen significativamente el uso de memoria y la complejidad computacional, lo que los hace adecuados para su implementación en
dispositivos de borde. Además, validamos su viabilidad implementándolos en un microcontrolador, demostrando su su aplicabilidad
en wearables. Esta investigación abre el camino para una detección de FA accesible, de bajo consumo y de alta precisión en entornos
reales, permitiendo un diagnóstico temprano y una intervención médica oportuna sin necesidad de supervisión clı́nica continua.
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portátil
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Introduction
Atrial fibrillation (AF) is the most common arrhythmia
diagnosed in clinical practice, and its widespread prevalence
is considered alarming, with some researchers predicting an
epidemic within the next 10 to 20 years [1].

The primary method for detecting AF is analyzing the
heart’s electrical activity via an electrocardiogram (ECG),
which captures patterns that reveal heart function and
potential abnormalities. Early detection of AF is crucial in
reducing morbidity and mortality. However, AF detection is
particularly challenging due to its paroxysmal nature, where
episodes occur sporadically and are often asymptomatic
in early stages. Consequently, long-term monitoring is
recommended for patients exhibiting occasional AF-related
symptoms.

The systematic diagnosis of paroxysmal atrial fibrillation
(PAF) is an important public health concern, as early
identification allows for timely intervention with oral

anticoagulation and catheter ablation, treatments that can be
curative when applied at the appropriate time [2]. In recent
years, machine learning-based computer-aided diagnosis
(CAD) systems have demonstrated high accuracy in AF
detection [3], significantly improving clinical workflows [4].

Motivation and challenges
Despite these advancements, current deep learning models
for AF detection face key limitations that hinder their
deployment in wearable devices. Most high-performing
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models rely on architectures with millions of parameters,
making real-time inference impractical due to high memory
and computational demands. Transformer-based and
ensemble models, while improving classification accuracy,
introduce latency and energy inefficiency, making them
unsuitable for edge deployment.

Our approach and contributions
To address these challenges, we propose a lightweight
convolutional neural network (CNN) architecture optimized
for real-time inference on resource-constrained devices.
Our key contributions include:

• An efficient deep learning model: We designed
a CNN with significantly fewer parameters than
traditional models while maintaining state-of-the-art
accuracy, making it viable for real-time applications.

• Model compression strategies: We explored
pruning, quantization, and knowledge distillation to
further reduce model size and computational cost
while preserving performance.

• Robustness to noisy signals: We utilized Icentia11k,
one of the largest public ECG datasets, ensuring
better generalization. Our approach considers real-
world ECG conditions, including the noise and signal
variability that are common in wearable devices.

• Hardware deployment and evaluation: We
implemented our model on a microcontroller,
measuring performance in terms of accuracy,
memory footprint, inference time, and computational
complexity (FLOPs).

This research extends our previous work on low-complexity
deep learning models for AF diagnosis [5], incorporating
additional model optimizations, the evaluation of a larger
dataset, and real-time hardware implementation.

This study follows a structured approach to address
the challenges of AF detection in resource-constrained
environments. Section 2 presents the dataset used in
this research, detailing its characteristics and relevance
to the problem at hand. Building upon this foundation,
Section 3 introduces the proposed deep learning models,
highlighting their design choices and suitability for efficient
ECG classification. To further enhance the practicality
of our approach, Section 4 explores various compression
strategies, including knowledge distillation, pruning, and
quantization, with the aim of reducing computational
complexity while maintaining classification performance.
The implementation of these models on resource-limited
hardware is discussed in Section 5, where we evaluate
real-time inference feasibility. In Section 6, we present
a comprehensive analysis of our results, comparing them
against those of related studies and providing key insights
into the effectiveness of our method for AF detection.
Finally, Section 7 summarizes the study’s contributions,
discusses its implications, and outlines potential directions
for future research.

Data description
Analyzing the heart’s electrical activity is the main technique
for detecting arrhythmias. This electrical activity is recorded
by electrodes on the skin and plotted as a voltage vs. time
graph (Fig. 1). This graph is called an electrocardiogram
(ECG).

There are different types of waves in an ECG signal,
such as P-waves (atrial depolarization), T- and U-waves
(ventricular repolarization), and QRS complexes (ventricles
depolarization). These waves are used to identify anomalies
in the behavior of the heart, like cardiac arrhythmia [6, 7].

AF is caused by the asynchronous contraction of the atria due
to the fast firings of electrical impulses. AF is characterized
by the lack of sinus P-waves, irregular and fast ventricular
contraction, an irregular and unusual RR interval, and atrial
heart rate oscillating between 140 to 160 beats per minute
(bpm) [8].

Atrial flutter is another type of cardiac arrhythmia. Unlike
AF, during an atrial flutter episode, the electrical activity of
the atria is synchronous, and the atrial heart rate oscillates
between 250 to 350 bpm.
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Figure 1. ECG waveform and its main patterns (P-, T-, and U-waves,
QRS complexes, and RR intervals)
Source: Authors

In this work, we used the Icentia11k dataset [9], which
contains normal sinus rhythms, noises, and AF and atrial
flutter signals. As suggested by [4], we merged the AF and
atrial flutter signals into one single class.

The Icentia11k dataset was selected for the following
reasons. First, it is the largest public ECG dataset, with
11 000 patients and 2 billion labeled beats. This helps
to reduce generalization error. Second, this dataset was
collected using a single-lead heart monitor device, which
allows for a more straightforward future deployment in
wearable hardware. Finally, the Icentia11k dataset has a
large number of noise signals (around 40%). As previously
mentioned, the ability to deal with noise signals is an
important goal in the development of wearable devices.

The signals were acquired using the CardioSTAT device [10].
Each patient used the device for a period of two weeks. This
device automatically detects the heartbeat. Subsequently,
the corresponding labels were verified by a cardiologist
who analyzed the complete recording. The dataset has 50
segments per patient, each with 1 048 576 samples. From
each of these segments, four frames with 2 049 samples
were extracted. Table 1 shows the dataset statistics.
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Table 1. Dataset statistics

Statistic # Units
Number of Patients 11 000

Number of labeled beats 2 774 054 987
Sample Rate 250 Hz
Frame size 2 049 Samples

Total number of frames 2 555 592
Source: Authors

We split the dataset into training, validation, and test sets,
using 64%, 16%, and 20% of the data, respectively (Fig. 2).
It is important to note that each set has different patients;
there are no shared patients between sets.

Figure 2. Strategy used to split the data
Source: Authors

Models
This research aimed to empirically find the smallest and most
accurate deep learning model. It proposes a CNN inspired
by [4], [11], and [12]. To this effect, we tested several
configurations by varying the kernel size, depth, and width.

The network architecture consists of N residual blocks
(Fig. 3), where N, Ich, and S j are hyperparameters that allow
varying the model size.

The first and last layers of the model are special cases due
to this pre-activation block structure [11]. The model uses
residual blocks as a means to deal with the vanishing or
exploding gradient problem [13]. Moreover, the model
includes skip-connections, which favor the propagation of
information in deep neural networks, and it uses batch
normalization to keep values within bounds and avoid
saturation. It applies dropout to prevent overfitting during
training, followed by a rectified linear activation unit
(ReLU). Each residual block culminates in average pooling.
Furthermore, maxpooling layers were also used in the skip
connections to maintain dimensional consistency when the
two separate paths joined back together at each block. The
model finishes with a fully connected layer, followed by the
softmax function, which has three outputs corresponding to
the probability of each class (normal, arrhythmia, or noise).

Compact models
Neural networks are typically oversized [14]. Thus, this
research aimed to find the smallest and most accurate model
empirically. The goal was to determine the minimum values
for the model’s kernel size, width, and depth. This process
focused on the convolutional layers’ number of trainable
parameters, as they are the majority in the model.

In the proposed model (Fig. 3), the first layers have the
same number of initial output channels (Ich). In the residual
blocks, the number of output channels (C j

out) is given by

Figure 3. The CNN consists of N residual blocks and accepts raw ECG
data as input. It outputs a prediction of normal (N), cardiac arrhythmia
(A), or noise signals (∼). The number of output channels for the first
layers is Ich. The number of output channels for the layers in the
residual blocks is Ich · 2s j . The depth and width of the network are
changed using the hyperparameters N, Ich, and s j

Source: Authors

C j
out = Ich · 2s j , (1)

where j is the number of the residual block, and s j and
Ich are hyperparameters that allow setting the increment of
the output channels throughout the model. This work also
applied different strides in the residual blocks.

Let C j
in and C j

out be the input and output channel sizes for the
1D-convolutional layer in the jth-residual block (for notation
simplicity, assume that the input and output activations have
the same spatial size). The convolutional layer will have
C j

out ·C
j
in filters. Thus, for a kernel size of K, the total number

of trainable parameters in the 1-D convolutional layer will
be
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P_conv = K · C j
in · C

j
out + C j

out, (2)

where C j
out and C j

in are calculated using Eq. (1), adjusting the
corresponding value of s j. The last C j

out corresponds to the
bias parameters.

We tested several configurations by varying the model’s
kernel size (K), depth (N), and width (Ich and s j). Kernel size,
a highly influential hyperparameter, underwent extensive
training. Our findings indicate that the best value for kernel
size is K = 16. We also tested different ways to apply
downsampling to the CNN by setting a stride greater than
1. The late downsampling strategy [15] was used, which
has been shown to improve accuracy on a limited budget of
parameters. This strategy aims to generate large activation
maps at the beginning of the network, which can lead to
higher classification accuracy.

We trained several models with the aim of determining
their F1-score. Fig. 4a illustrates the top-performing models
of our study. Notably, with just 73 343 parameters, we
achieved an F1-score of 0.909, and larger models did not
report a significant improvement. Therefore, we decided to
focus on the five smallest models (CNN1-CNN5). Fig. 4b
shows the number of floating-point operations (FLOPs) for
our five CNN models. This number is a measurement used
to assess computational complexity. As expected, the larger
models yielded higher FLOPs values.

Fig. 5 provides a visual representation of these five models,
showcasing their architectural components. Input and
output layers are depicted in gray boxes, while the red
boxes indicate special-cased blocks. The blue boxes
correspond to the N residual blocks, and their output
dimensions are highlighted. As an example, the CNN5
model encompasses two red special-cased blocks, each with
four output channels. Furthermore, the model incorporates
13 blue residual blocks, wherein the number of output
channels progressively increases every fourth residual block.
Note that, as the number of filters grows, the output
dimension undergoes subsampling.

Training
The deep learning models were implemented in Python,
using the Keras library with a TensorFlow backend. The
networks were trained using the Adam optimizer with
default parameters (β1 = 0.9, β2 = 0.999) and a mini-batch
size of 128. The initial learning rate was set to 0.001 and
was reduced by a factor of 10 when the loss plateaued. To
prevent overfitting, we employed early stopping, terminating
training when the validation loss failed to improve for a
predefined number of epochs. The model with the lowest
validation loss was selected for the final evaluation.

Compressed models
Several strategies to compress deep learning models
have been proposed, which aim to reduce memory
and computational requirements without significantly
compromising accuracy [14]. By applying these
compression techniques, deep learning models can be made
more compact, making them easier to deploy on edge
devices. In this study, we used knowledge distillation,

pruning, and quantization as compression methods. The
subsequent subsections detail the implementation of these
strategies.

Knowledge distillation

Knowledge distillation (KD) is a strategy for model
compression, whose foundations were established by [16]
and were then improved and generalized [17]. KD aims
seeks to transfer knowledge from a well-trained larger model
(teacher) to a small one (student). [17] suggested that,
when a teacher assigns a relatively high probability to the
wrong categories, the teacher can offer valuable information
regarding similarities between classes, which can be used
to train the student. However, in most cases, the teacher
assigns very high probabilities to the correct classes and
close-to-zero probabilities to the wrong classes. In these
cases, the transferred information from the teacher to the
student is very similar to the one-hot ground truth labels.
To tackle this problem, [17] introduced the concept of
temperature (T) to calculate the softmax equation as follows:

pi(zi; T) =
exp( zi

T )∑c
j=1 exp( z j

T ))
, (3)

where zi are the logits and C is the number of classes. When
T is set to a larger value, the probability distribution becomes
softer. The soft probabilities calculated using Eq. (3) are
known as soft labels, whereas the ground-truth labels are
hard labels.

In KD, the student is trained using two different loss
functions. The first one calculates the Kullback-Leibler
divergence between the teacher and the student’s soft labels.
The second function is the standard cross-entropy (Lce),
calculated with model predictions and ground-truth hard
labels. Thus, in KD, the complete loss function L is a linear
combination between Lkl and Lce:

L = αLce + (1 − α)LKD. (4)

KD was applied using teachers with as much as 10 times
more parameters in order to improve the performance
metrics of the student models (CNN1-CNN5). Many tests
using different values of α and T, i.e., Eqs. (3) and (4),
were carried out, obtaining better results when using high
temperatures (> 15) and small α values (< 0.5).

Pruning strategy

Pruning is a compression technique used to reduce the
model size by removing non-important connections. [18]
proposed a magnitude-based weight pruning strategy to
reduce model size and facilitate the deployment of DNNs on
wearable and mobile devices. The method prunes network
connections in such a way that the original accuracy is
preserved. The pruning steps can be consulted in more
detail in [18].

We pruned the models using two pruning schedules:
zeroing weights constantly throughout the training process
or gradually zeroing weights in a polynomial decay fashion.
Better results were obtained with the constant pruning
schedule. The models CNN1-CNN5 were pruned with 50%
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(a) F1-score vs. number of parameters (b) Number of floating-point operations (FLOPs)

Figure 4. F1-scores and FLOPs for the models CNN1-CNN5

Table 2. Evaluation of different compression methods

Model Baseline KD Pruning Quantization

F1 Size (KB) F1 Size (KB) F1 Size (KB) /
(% reduction ) F1 Size (KB) /

(% reduction )
CNN1 0.81 31 0.82 31 0.80 25 / (21%) 0.80 8 / (75%)
CNN2 0.87 48 0.87 48 0.85 38 / (21%) 0.86 12 / (75%)
CNN3 0.89 63 0.90 63 0.89 46 / (26%) 0.88 16 / (75%)
CNN4 0.90 98 0.90 98 0.89 69 / (29%) 0.89 24 / (75%)
CNN5 0.91 296 0.91 296 0.91 193 / (35%) 0.90 74 / (75%)

Source: Authors

sparsity because using a higher value yielded a poor trade-
off between F1-score and size. Nevertheless, models larger
than CNN5 allowed for pruning with a sparsity greater than
50% without compromising the metrics.

Quantization

This research used an 8-bit quantization implementation
based on [19]. Considering an unsigned 8-bit
representation, we mapped the floating-point variable to
256 values (0, 255). To this effect, two parameters were
considered: scale (S) and zero-point (Z), which allow
mapping the floating-point value (r) to the corresponding
8-bit value (q) using the following equation:

r = S(q − Z). (5)

Results obtained from the compression methods
Table 2 presents the results of applying these three
compression strategies to our proposed models. The table
shows the F1-score and model size (in KB). The percent
reduction in model size, achieved through pruning and
quantization, is also presented.

KD did not enable a significant improvement in the F1-
score and failed to reduce the model size. Conversely,
pruning reduced the model size and, in certain cases, it
even improved performance due to the regularization effect
of the pruning strategy. Remarkably, quantization emerged
as the most effective method, reducing the model size by
75% with only a slight decrease of 0.01 in the F1-score.

Hardware deployment
We evaluated the models by implementing the inference
stage in a Teensy 4.1 microcontroller based on ARM Cortex-
M7, working at a frequency of up to 600 MHz. It has 8 MB
of FLASH memory and 1 MB of RAM [20].

Table 3 presents the performance of our implemented
models. It includes the following metrics [21]:

• Model size is reported in terms of the number of
parameters used.

• Accuracy is measured using the F1-score, which
assesses the model’s performance in terms of
precision and recall.

• Computational cost is measured in the number of
millions of FLOPs required for inference.

• Peak memory footprint indicates the maximum
amount of memory (in KB) consumed by the models
during inference.

• Inference time (in ms) is measured at both the
minimum and maximum operating frequencies.

The results presented in Table 3 demonstrate the feasibility
of implementing the models on this resource-constrained
device. The peak memory footprint in the flash memory
ranged from 1% (CNN1) to 4% (CNN5) of the available
memory. RAM usage ranged from 11% (CNN1) to 53% of the
available memory. The inference time was sufficiently small
to support real-time inference. However, it is important to
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Table 3. Evaluation metrics of the models on the Teensy 4.1

Model Size F1 MFLOPs Peak Memory Inference time (ms)
# parameters Flash (KB) RAM (KB) 150 MHz 600 MHz

CNN1 4455 0.81 1.84 63.7 115.3 227 58
CNN2 7093 0.87 3.35 77.9 148.1 479 122
CNN3 11 833 0.89 4.39 96.3 213.7 559 145
CNN4 20 289 0.90 6.53 131.1 295.7 816 210
CNN5 73 343 0.91 25.45 344.0 529.0 2039 599

Source: Authors

Figure 5. Architecture used in our five models. Each box represents a
residual block and its output dimension. Boxes in gray are
input/outputs, boxes in red are the special-cased blocks, and boxes in
blue represent the N residual blocks.
Source: Authors

note that the RAM requirement may be a critical factor to
consider.

Discussion
Among the classical algorithms used for ECG signal
classification are support vector machines [26], naive
Bayes [27], linear and quadratic discriminant analysis, and
random forests [28], among others. However, these
classical techniques typically require two steps: feature
extraction (pre-processing) and classification. This feature
engineering process often relies on domain expertise
and can introduce biases. In contrast, deep learning
approaches can learn hierarchical features directly from
raw signals, eliminating the need for manual feature
extraction. Moreover, reducing pre-processing steps

can lower computational costs and energy consumption,
making deep neural networks more suitable for real-time
applications.

Deep learning techniques have significantly advanced ECG
classification and arrhythmia detection [29, 4, 30, 31].
CNNs can capture temporal and spatial patterns in ECG
signals [23, 32], while recurrent neural networks (RNNs)
and transformer-based models enhance the modeling of
sequential dependencies [33].

Recent approaches integrate hybrid deep learning
models that combine convolutional and recurrent
architectures to enhance feature extraction and classification
performance [34]. Additionally, temporal convolutional
networks (TCNs) have emerged as an alternative to
recurrent models, offering greater efficiency in capturing
long-term dependencies while reducing computational
complexity [35]. Ensemble methods that combine multiple
deep learning models have also been explored to improve
robustness and generalization [36].

These studies primarily aim to improve classification
accuracy, often at the expense of increased model size.
However, larger models pose challenges regarding memory
consumption and computational complexity [14, 24], which
are critical for deployment on resource-constrained edge
devices. The inclusion of recurrent layers { such as long
short-term memory (LSTM) cells { or attention mechanisms
can further elevate computational costs, making real-time
implementation impractical [37].

Unlike previous deep learning models that prioritize
accuracy at the expense of high computational complexity,
our approach balances efficiency and performance. As
shown in Table 4, models with a large number of parameters
often achieve state-of-the-art accuracy but are impractical for
wearable devices due to their excessive memory and power
requirements.

Table 4 provides an analysis of our proposed models
vs. recent ECG classification studies that use large
datasets (more than 8000 patients) and explicitly report
model parameters. This comparison focuses on key
factors such as the size of the dataset, the number
of classes, the deep learning techniques used, and the
classification performance. Given the challenges of a direct
comparison due to variations in the datasets, the number of
ECG leads, and model objectives, our analysis prioritizes
studies that align with our focus on both accuracy and
computational efficiency. Specifically, we included research
that reports on model parameters, allowing for estimations
of computational cost, a crucial factor for deployment on
wearable devices. Furthermore, we prioritized studies
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Table 4. Recent studies, on larger data sets, classifying ECG signals using Deep Learning techniques.

Study Database Total data & classes Number of pa-
tients

Technique Number of
parame-
ters

Results

[4] Zio Monitor 91 232 records, 12
classes

53 549 CNN 10 473 635 F1 = 0.837

[22] PhysioNet Challenge
2017

8528 records, 4
classes

8528 CNN 262 344 F1 = 0.820

[23] 1st China Physiologi-
cal Signal Challenge

9831 records, 8
classes

9831 ATI-CNN 4 984 640 F1 = 0.812

[24] Icentia11k 550 000 records, 4
classes

11 000 Contrastive
CNN
(few-
shot)

250 000 F1 = 0.801*

[25] ECG5000 5000 records Not specified Temporal
CNN
(TCN)

10 200 F1 = 0.8413

CNN1 (Ours) Icentia11k 550 000 records, 4
classes

11 000 CNN 4455 F1 = 0.813

CNN2 (Ours) Icentia11k 550 000 records, 4
classes

11 000 CNN 7093 F1 = 0.872

CNN3 (Ours) Icentia11k 550 000 records, 4
classes

11 000 CNN 11 833 F1 = 0.891

CNN4 (Ours) Icentia11k 550 000 records, 4
classes

11 000 CNN 20 289 F1 = 0.902

CNN5 (Ours) Icentia11k 550 000 records, 4
classes

11 000 CNN 73 343 F1 = 0.909

Source: Authors

reporting the F1-score, as accuracy alone can be misleading
in unbalanced datasets.

A notable trend in Table 4 is that models trained on
larger datasets require more parameters for effective
generalization. Our study used one of the largest
publicly available ECG datasets in terms of both signal
count and patient coverage. Remarkably, our CNN-4
model, with only 20 289 parameters, achieved an F1-
score of 0.902, demonstrating high efficiency relative to
its size. Furthermore, its 8-bit quantized version reduced
the memory footprint by 75% while incurring a minimal
F1-score reduction of 0.01. This result underscores
the balance between model performance and deployment
feasibility, and therefore the importance of designing
efficient architectures for real-world applications.

Future work should focus on optimizing deep learning
architectures to further reduce computational complexity
while maintaining high accuracy. Lightweight models,
KD [38], and hardware-aware optimizations are promising
directions to bridge the gap between accuracy and efficiency
in ECG classification.

Conclusions and future work
This study addressed the challenges of atrial fibrillation
detection in edge devices by proposing deep learning
models optimized for low computational complexity. Unlike
previous studies that focus primarily on accuracy, often at
the expense of increased model size and computational
demands, our approach achieved a balance between
efficiency and performance. The proposed CNN-4 model,
with only 20 289 parameters, exhibited a competitive
classification performance while significantly reducing
memory and power requirements, making it well-suited for

real-time applications on portable devices. Additionally, the
quantized version of our model achieved a 75% reduction
in memory footprint while maintaining minimal losses
regarding the F1-score, further reinforcing its suitability for
resource-constrained environments.

Despite these promising results, certain limitations must
be considered. The performance of compressed models
may be affected by variations in ECG signal quality,
and their generalization to different datasets requires
further validation. Moreover, while our models were
evaluated using a public ECG dataset, real-world deployment
necessitates pre-clinical testing under diverse conditions,
including different sensor types and patient demographics.

Future work will explore hybrid compression techniques,
such as the combination of pruning and quantization, to
further reduce model size while preserving classification
accuracy. We will also investigate the feasibility of
ultra-low-bit quantization (e.g., fewer than eight bits) to
enhance energy efficiency. Another critical direction
involves deploying and optimizing our models on specialized
hardware platforms, including FPGAs and System-on-Chip
(SoC) architectures, in order to ensure efficient inference on
edge devices.

Additionally, the development of a proof of concept for a
wearable AF detection device will be pursued, integrating
our models into real-time data acquisition systems. This
step is crucial for validating the practical applicability of our
approach in clinical settings.

Ultimately, this research contributes to advancing AF
detection on edge devices, addressing the growing need
for early diagnosis and intervention. By optimizing deep
learning models for real-world deployment, we aim to
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improve patient outcomes and support the adoption of AI-
driven diagnostic tools in wearable healthcare technologies.
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