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Abstract

When it comes to biosignal processing, a practitioner must undergo a series of steps to
prepare the data for analysis. These foundational tasks include assessing data integrity,
executing cleansing protocols, standardizing measurements through normalization and
unit conversion, and isolating features for the intended analysis. While there are pipelines
that guide these procedures, these need to be customized in order to not only adjust to the
different characteristics of each dataset but also to the information that is to be extracted.
The customization relies on the practitioner’s know-how, underscoring the importance of
expertise in transforming raw biosignals into meaningful conclusions.

Meanwhile, Deep Learning (DL) frameworks for time-series have consistently demon-
strated great potential in performing tasks such as classification and processing of biosig-
nals. For that reason, the present work focuses on the application of DL methodologies
for biosignals. We start by addressing specific tasks such as disease classification and
noise removal in ECG signals. Various strategies are explored, including alternative data
representations and architectural paradigms, with a focus on efficiency through reduced
model complexity. Additionally, a custom data collection was conducted in industrial
environments, and the resulting dataset was used to evaluate the generalization capacity
of the noise removal model across different acquisition conditions.

Given that a robust DL model needs to learn multiple signal features to, for instance,
distinguish between normal and pathological states, leveraging this acquired knowledge
across various processing tasks could potentially revolutionize our approach in biosignal
analysis, making the case for a more integrated and versatile deployment of DL techniques.
In this context, we developed NeuralLib, a framework that provides functionalities to
train, reuse and access networks designed to perform biosignal processing functions, built
on three key principles: modularity, efficiency, and generalization. These networks learn
the fundamental characteristics of the signals, and by fine-tuning them for new tasks, it
becomes possible to transfer prior knowledge, enabling not only faster convergence but
also reducing the need for large annotated datasets.

Keywords: Biosignals, Deep Learning, ECG, Modularity, Efficiency, Generalization
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Resumo

No processamento de biossinais, é necessário realizar uma série de etapas para preparar
os dados para análise. Estas etapas fundamentais incluem a avaliação da integridade
dos dados, a aplicação de protocolos de limpeza, a normalização e conversão dos sinais,
bem como a extração de características relevantes para a análise pretendida. Embora haja
procedimentos relativamente padronizados, estes necessitam frequentemente de ser adap-
tados, tanto às particularidades de cada conjunto de dados, como ao tipo de informação
que se pretende extrair. A análise de biossinais requer, por isso, alguma experiência e
conhecimento acerca destes, para que se consiga transformá-los em informação relevante.

Paralelamente, modelos de Aprendizagem Profunda (AP) para séries temporais têm
demonstrado elevado potencial na resolução de tarefas como classificação e processamento
de biossinais. O presente trabalho é, por isso, centrado na aplicação de metodologias de AP
para biossinais. São desenvolvidas, inicialmente, tarefas específicas, como a classificação
de doenças e a remoção de ruído a partir de sinais de ECG, sendo diversas estratégias
exploradas - incluindo diferentes formatos de representação dos dados e diferentes
arquiteturas - como ênfase na eficiência através da redução da complexidade dos modelos.
Adicionalmente, foi realizada uma recolha de dados em contexto industrial, de forma
a avaliar a capacidade de generalização do modelo de remoção de ruído em diferentes
contextos de aquisição.

Considerando que um modelo de AP robusto precisa de aprender múltiplas carac-
terísticas do sinal para, por exemplo, distinguir entre estados normais e patológicos, a
reutilização deste conhecimento adquirido em diferentes tarefas de processamento poderá
transformar a abordagem atual de análise de biossinais, sustentando a importância de
uma aplicação mais integrada e versátil das técnicas de AP. Neste contexto, desenvolvemos
NeuralLib, um software que inclui as funcionalidades para treinar, reutilizar e aceder a
redes neuronais para executar funções de processamento de biossinais, assente em três
princípios fundamentais: modularidade, eficiência e generalização. Estas redes aprendem
as características fundamentais dos sinais e, através de técnicas de retreino para novas
tarefas, torna-se possível transferir conhecimento previamente adquirido, permitindo não
só uma convergência mais rápida, como também a redução da necessidade de grandes
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volumes de dados anotados.

Palavras-chave: Biossinais, Aprendizagem Profunda, ECG, Modularidade, Eficiência, Ge-
neralização
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Introduction

1.1 Motivation

1.1.1 Biosignals as Windows into Human Physiology

Biosignals are timeseries generated by living systems, serving as measurable representa-
tions of physiological processes [167]. Whether it’s the pulses of an Electrocardiogram
(ECG) tracking heartbeats, the waves of an Electroencephalogram (EEG) capturing brain
activity, or the muscle contractions detected by an Electromyogram (EMG), biosignals
allow us to observe in detail complex processes of human physiology.

Biosignals have long been indispensable in healthcare, enabling the monitoring of vital
signs [128], the early detection of diseases [198, 80], or the assessment of treatment efficacy
[113], this way supporting the adaptation of interventions according to each individual’s
physiological responses. More recently, wearable technologies have brought biosignal
acquisition beyond clinical walls: initially for long-term monitoring of patients outside
hospital settings, but over time, these sensors have become widely adopted by a larger
segment of the general population for tracking heart rate, sleep patterns, and physical
activity in real time [164, 154].

The applications of biosignals have found growing relevance in other fields. Sports was
among the first fields to make use of physiological monitoring, leveraging it to optimize
performance, prevent injuries [107] and improve training programs [144]. In occupational
settings, for instance, biosignals are increasingly used to assess physical and mental stress
[21], detect fatigue, and protect worker safety [119].

Being a worker and being a patient are not mutually exclusive states and our health
doesn’t exist in isolation from our work environment, nor does our work performance
remain unaffected by our physiological state. According to data provided by the Inter-
national Labour Organization (ILO), the global average working time is approximately
8 hours per day, though it varies significantly across different regions of the world [142].
Given that a large portion of our daily lives is spent in the workplace, minimizing risks
and ensuring safer conditions for all workers is crucial - wearable sensors play a key role in
this process, as they enable data collections in a variety of environments. Data is essential
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both for identifying correlations, establishing causal relationships, and understanding
physiological responses, as well as for assessing the effectiveness of implemented measures
to ensure that only those proven to be effective are maintained and replicated. However,
the transition from data acquisition to information extraction is not straightforward. This
is where advanced processing methods become highly relevant, and Deep Learning (DL)
emerges as a powerful tool to bridge this gap.

1.1.2 Enhancing Biosignal Processing with Deep Learning

If data is the new gold, sensors are great prospecting tools, and human bodies valuable
mines. Health practitioners and researchers take on the roles of miners, refiners, and
jewelers, transforming raw physiological data into meaningful observations. With the
democratization of access to wearable sensors, the production of this precious resource
is happening at an unprecedented rate, often outpacing traditional methods of analysis.
Although many wearable devices incorporate some data processing to provide feedback
to users, generally it is still advisable that for clinical and research purposes there is a
technician analysing the data in its raw format, since the generated information remains
limited and is often unsuitable for clinical and research purposes, where high precision and
validation are required [13, 48, 149]. This creates a pressing need for scalable, intelligent
solutions.

Biosignals, while incredibly informative, present a host of challenges: they are inher-
ently noisy, non-stationary, and highly variable between and within individuals. These
challenges become even more pronounced when using wearables in uncontrolled envi-
ronments, where subjects move freely and multiple sources of noise can interfere with
the recordings. The ECG is an example of a biosignal widely used across various con-
texts (clinical, occupational, and sports), with numerous available devices - however, the
noise contamination often limits its reliability and usefulness. There are several different
challenges in biosignal processing and all these complexities make it difficult to extract
useful information using conventional universal approaches, which are often limited in
their ability to handle such variability and scale. Moreover, interpreting them frequently
requires sophisticated techniques capable of extracting meaningful patterns from seem-
ingly chaotic data. This is where advanced data processing methods, such as DL, come
into play.

In the last decade, DL has emerged as a powerful tool for extracting relevant outputs
from complex datasets. Unlike traditional signal processing techniques, which often rely
on predefined assumptions and hand-crafted features, DL leverages neural networks to
automatically learn patterns and representations directly from raw data. These methods
not only process biosignals more effectively but also extract patterns in the data that
traditional approaches possibly overlooked.

Applications of DL in biosignal analysis span a wide range of tasks, from distinguishing
between physiological information and noise to detecting pathological patterns and
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predicting physiological states. There are strong advantages in using DL in biosignal
processing, mainly since these models are capable of handling the non-linear, noisy, and
variable nature of biosignals. The existence of different types of architectures, each with
different strengths, also allows us to choose those that are more adequate for the data
and task to be performed. For instance, Recurrent Neural Networks (RNNs) and one-
dimensional Convolutional Neural Networks (CNNs) are particularly suited for biosignal
tasks, allowing for the analysis of spatial and temporal patterns: RNNs capture temporal
dependencies while CNNs excel at identifying morphological features [101]. Transformers
have also proved to be effective in modeling complex and long temporal patterns from
biosignals, emerging as a promising paradigm in this field of research [10].

However, the adoption of DL in biosignal processing is not without challenges. These
include the need for large, diverse datasets to train robust models, the risks of overfitting
and weak generalization, and the persistence of data silos - isolated collections of data that
are difficult to integrate with other datasets. Additionally, from an ethical perspective, even
when large amounts of data are available, training large-scale models has a significant
environmental impact. Both the energy consumed during training and the resources
required to develop the necessary hardware are critical factors that must not be overlooked.
Addressing these concerns demands great efforts to mitigate their effects and promote
sustainable practices in Artificial Intelligence (AI) research.

1.1.3 Progressing Towards a Unified Framework

The concept of Machine Learning (ML) is based on the idea that, by accessing many
examples, algorithms can learn how systems behave in certain scenarios. Although the
differences are vast, a conceptual parallel can be drawn with how humans learn - through
experience and exposure to examples. One of the key differences between the human brain
and artificial neural networks is plasticity, which allows us to adapt previous knowledge
to new situations without needing to see identical examples. Now, imagine if learning
something new required us to erase everything we had learned before - clearly, this would
make the process far more inefficient. From this intuition arises the question: why not
leverage previously acquired knowledge to learn new tasks or interpret new data?

Transfer Learning (TL) provides means to accomplish this by enabling models to
transfer knowledge from one domain or task to another. While not infallible, TL has been
successfully applied in several cases, demonstrating that previously trained models can
serve as strong foundations for new tasks. This not only improves learning efficiency
but also reduces the need for extensive labeled datasets and computational resources,
making AI development more sustainable. Sharing trained models with the research
community also reduces redundancy and resource consumption, allowing teams to build
on existing work instead of retraining similar models from scratch. This collaborative
approach improves efficiency, accelerates progress, and minimizes computational and
environmental costs.
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Researchers and practicioners should not abstain from taking an active role in address-
ing AI challenges. Among these, interpretability, data biases, and environmental impact
stand out as critical concerns. While the first two have received considerable attention
- driven by the necessity of ensuring model fairness and trustworthiness - the third, en-
vironmental impact, has been less prominent within the AI development sphere [193].
Yet, as models grow in size and complexity, their energy consumption, carbon footprint,
and reliance on extensive computational infrastructure become increasingly significant
concerns that cannot be ignored. Addressing these challenges requires deliberate efforts
to develop AI systems that balance high performance with sustainability, ensuring that
advancements in DL do not come at the cost of ethical and environmental responsibility.

1.2 Research Questions

Biosignal processing presents a unique set of challenges due to the inherent variability,
non-stationarity, and susceptibility to noise in physiological data. Traditional approaches
often struggle to generalize across different datasets, highlighting the potential of data-
driven methods like DL as a more effective alternative. However, while DL models have
demonstrated strong performance in biosignal-related tasks, their widespread application
comes with trade-offs, particularly in computational efficiency and generalization. This
thesis explores how DL can be leveraged to address biosignal processing challenges while
considering these trade-offs.

To frame this study, the following two Research Questions (RQ) were established:

RQ1 How can DL be effectively applied to biosignal processing tasks?

RQ2 What strategies can be implemented to improve computational efficiency in DL
models while maintaining performance in biosignal applications?

1.3 Objectives

To approach the Research Questions, four main objectives were drawn:

O1: Apply DL techniques for cardiovascular disease (CVD) classification, analysing
model complexity and performance. The relationship between complexity and perfor-
mance is a fundamental concern for finding efficient solutions. By applying diverse DL
techniques to classify CVDs from ECG data in distinct formats, this objective aims to
evaluate how data format and consequent architecture choices influence performance and
model complexity.

O2: Develop a DL model for ECG noise removal and assess its generalization across
diverse datasets. Noise contamination is a major limiting factor in real-world biosignal
applications, particularly in occupational settings where environmental conditions are
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uncontrolled. This objective focuses on creating and evaluating a DL-based noise removal
framework that can effectively denoise ECG signals, first in simulated noisy data and
then in real-world industrial settings, to assess its ability to generalize across different
acquisition conditions.

O3: Develop a systematic DL framework that supports modularity and efficiency in
biosignal processing tasks. This objective seeks to develop a structured framework
that allows for modular adaptation of models across different biosignal processing tasks,
optimizing resource use and enabling knowledge transfer through Transfer Learning (TL)
and model sharing.

O4: Ensure accessibility and scalability by making the models, training methodol-
ogy, and codebase open-source for the research community. Open research is key
to accelerating progress in biosignal processing and avoid unnecessary resource alloca-
tion. To facilitate widespread adoption and further development, this objective aims to
make models, training methodologies, and codebases openly available to the research
community.

1.4 Thesis Structure

This thesis is structured to progressively build upon the outlined research questions and
objectives. It is divided into seven chapters, each addressing key aspects of the study, from
theoretical foundations to experimental validation and conclusions.

Chapter 1 introduces the motivation behind the study, highlighting the challenges in
biosignal processing and the role of DL in addressing them. The research questions and
objectives that drove this investigation are established. Chapter 2 provides an overview of
biosignals, discussing theirphysiological significance, acquisition methods, andchallenges
in processing. This chapter also explores various applications, particularly in assessing
cardiovascular load in occupational settings. Chapter 3 delves into Deep Learning fun-
damentals, covering neural network architectures, training methodologies, optimization
strategies, and challenges associated with this topic. Additionally, it presents a narrative
review of deep learning applications in biosignal processing. Chapter 4 focuses on the
application of deep learning techniques for cardiovascular disease classification using
ECG signals. It explores the impact of model complexity on classification performance
and discusses the trade-offs between accuracy and computational efficiency. Chapter 5
investigates ECG noise removal using DL models. The chapter details the development
and evaluation of a denoising framework, assessing its effectiveness in both simulated
and real-world industrial settings. Chapter 6 introduces the systematic DL framework de-
veloped in this work. This framework is designed to enhance modularity, facilitate model
adaptation across biosignal processing tasks, and promote efficient transfer learning and
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Figure 1.1: Illustration of the thesis structure.

model sharing. Finally, Chapter 7 presents the key findings of the study, summarizing
contributions and discussing limitations. Future research directions are proposed.

Figure 1.1 provides a visual representation of the thesis structure, illustrating the
logical flow of topics and objectives throughout the thesis.
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Biosignals: a means to trace the
body’s activity

Biosignals represent the application domain of the present work. This particular kind of
signals provides important information regarding the mechanisms of the human body
and have been used as a means to monitor it. Several technologies have been developed
to improve the level of detail captured in these signals, but its interpretation still depends
on processing steps that transform them in readable metrics.

In this chapter, we will dive into the world of biosignals and understand what these
are, what characterizes them and how they can be used to extract meaningful information.

2.1 What are Biosignals?

2.1.1 Definition and Examples

Biosignals are timeseries that result from measuring physiological processes. These
signals are acquired through sensors, and they represent electrical, mechanical, biochem-
ical, acoustic, thermal, or optical activities of any biological system. They are used as
non-invasive forms of monitoring health, diagnosing conditions, and understanding the
intricate dynamics of the human body. Examples of commonly studied biosignals in-
clude the Electrocardiogram (ECG), Electromyogram (EMG) and Electroencephalogram
(EEG) (electrical signals), Respiratory Inductance Plethysmography (RIP) (a mechanical
signal reflecting respiratory effort), and kinematic signals such as accelerometer and gy-
roscope data (which capture movement and orientation). Each type of biosignal offers
unique insights into specific physiological processes, contributing to a comprehensive
understanding of the body’s functioning.

Any signal that reflects a living being-derived process through time can be called a
biosignal. Some of the most widely studied examples are described below and illustrated
in Figure 2.1.
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Electrocardiogram (ECG) ECG refers both to a medical exam and to the biosignal it
records. It is a record of the electrical activity of the heart and its waveform can be
separated into distinct sections that can be attributed to physiological processes occurring
during the cardiac cycle: (1) the P wave, generated by atrial depolarization, (2) the
QRS complex, arising from ventricular depolarization, and (3) the T wave that forms
due to ventricular repolarization [89]. ECG is widely used in clinical practice in the
diagnosis of cardiovascular disease (CVD), since heart conditions often manifest as specific
characteristic disturbances in its waveform, depending on the underlying anatomical,
functional, or physiological cause of the condition. Beyond direct cardiac assessment,
the signal’s temporal characteristics also contain valuable physiological information. For
instance, each R peak corresponds to a heartbeat, allowing the calculation of Heart Rate
(HR) - the number of heartbeats per minute - and derived metrics such as Heart Rate
Variability (HRV) [52]. HRV, which quantifies variations in the time intervals between
consecutive R peaks (RR intervals), serves as an indicator of autonomic nervous system
activity and the heart’s adaptability to physiological demands [174]. In section 2.3 we
further explore cardiovascular metrics, particularly in the context of cardiovascular load
assessment in occupational settings. Moreover, Chapters 4 and 5 cover ECG processing
challenges and more features regarding this particular biosignal are analyzed.

Electromyogram (EMG) EMG signal is the electrical manifestation of the neuromuscular
activation associated with a contracting muscle [115]. It reflects muscle activation caused
by neuromuscular cells. In clinical practice, EMG can help differentiate between muscle
weakness caused by muscle disorders (myopathic) and that caused by nerve problems
(neurogenic) [130]. EMG signals can be recorded using either invasive needle electrodes,
which provide detailed information about individual motor units, or non-invasive surface
electrodes (surface EMG) placed on the skin immediately above the muscle tissue. Surface
EMG are widely used in research, sports science, and rehabilitation due to their ease of
application. EMG convey information regarding muscle function, including the intensity
of muscle contractions, recruitment of motor units, and the myoelectric manifestation
of muscle fatigue [49]. Due to its inherently high frequency content, the signal is not
easily interpretable by the naked eye. As such, proper signal processing techniques, often
including several steps - such as rectification, filtering, and spectral analysis - are crucial
to ensure reliable interpretation.

Electroencephalogram (EEG) The EEG records the electrical activity of the brain, cap-
turing the various brain waves associated with different states such as sleep, alertness, or
cognitive tasks. It is one of the standard methods to measure brain activity in various
fields and serves as the primary signal source for noninvasive brain-computer interfaces
(BCIs). EEG signals are recorded via electrodes placed on the scalp. The signal reflects
both the intensity and pattern of neuronal activity, which depends on the brain’s excitation
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level and neuronal synchrony [62]. Different brain waves, characterized by specific fre-
quency ranges, are associated with distinct physiological, cognitive, and emotional states.
However, EEG is highly susceptible to artifacts from eye movements, muscle activity,
and environmental noise, requiring proper preprocessing for reliable interpretation [190].
Clinically, EEG is widely used in neurology for diagnosing epilepsy and sleep disorders,
while in research, it is essential for cognitive and affective neuroscience, mental health
studies, and event-related potential analysis.

Respiratory Inductance Plethysmography (RIP) RIP tracks respiratory patterns, of-
fering a non-invasive method for monitoring pulmonary function. The recording is
performed using an elastic band with embedded coils, placed around the chest (rib cage)
and/or abdominal walls. The output signal is proportional to the variation in the cross-
sectional area of the surfaces enclosed by the bands [211]. Each band generates a respiration
signal, from which metrics such as respiratory rate (the number of respiration cycles per
minute) can be extracted. When two bands are used, the relationship between thoracic
and abdominal respiration can be analyzed, including parameters like synchrony and
correlation between the two signals. Changes in thoracoabdominal synchrony provide
valuable information about physiological states, namely for local fatigue assessment [179].

Kinematic signals Kinematic signals encompass data related to movement, including
acceleration, velocity, orientation, and position. They are commonly captured using
Inertial Measurement Units (IMUs), which integrate accelerometers, gyroscopes, and
magnetometers to track motion of body segments in three-dimensional space [60]. These
signals are widely used in biomechanics, ergonomics, and human activity recognition,
enabling applications such as posture analysis, gait assessment, and movement disorder
monitoring.

2.1.2 Key Features

2.1.2.1 Physiological Meaning

Each type of biosignal tracks a specific physiological process of the body and offers
information about the underlying activity. For this reason, these signals have physiological
meaning and can play an important role in understanding complex systems and functions
within the body.

2.1.2.2 Variability

Variability is an inherent and often desirable feature of biosignals, reflecting the dynamic
nature of physiological systems. It is natural, predictable, and even positive for these
signals to exhibit significant variability, both between different individuals (inter-subject
variability) and within the same individual over time (intra-subject variability) [82]. This
variability does not necessarily indicate pathological changes but rather the adaptability
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Figure 2.1: Illustrative examples of biosignals. From top to bottom: Electroencephalo-
gram (EEG), Electrocardiogram (ECG), Respiratory Inductance Plethysmography (RIP),
Accelerometry (Acc), and Electromyogram (EMG).

and responsiveness of the body to internal and external stimuli. For example, Heart
Rate Variability (HRV) is a marker of the autonomic nervous system’s adaptability [175].
However, this variability makes the interpretation of biosignals more complex, requiring
robust analytical techniques to distinguish between normal physiological fluctuations and
significant deviations.

2.1.2.3 Non-stationarity

Biosignals are inherently non-stationary, meaning their statistical properties, such as
mean and variance, change over time [171]. This characteristic is due to the dynamic
nature of physiological processes, which are influenced by factors like physical activity,
emotional state, and circadian rhythms. For instance, the frequency and amplitude of
EEG signals can vary significantly depending on whether a person is awake, drowsy, or
asleep. Similarly, ECG waveforms can change with different levels of physical exertion.
The non-stationarity of biosignals poses challenges for analysis, as many traditional signal
processing techniques assume stationarity. Effective modeling and analysis of these signals
often require methods that can adapt to changes in the signal characteristics over time
[172].

2.1.2.4 Noise and Artifacts

Biosignals are frequently contaminated by noise and artifacts, which can obscure the
underlying physiological information. Noise can arise from various sources, including
environmental interference (e.g., baseline drift noise in ECG recordings), motion artifacts
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(e.g., muscle contractions affecting EEG), and equipment imperfections. Artifacts are
often non-physiological signals introduced by movement or other external factors, such
as muscle contractions during EMG recordings or electrode displacements in EEG mea-
surements. The presence of noise and artifacts complicates the analysis of biosignals,
requiring preprocessing steps like filtering and signal enhancement to ensure that the
relevant physiological information is retained. For example, in ECG signals, accurately
detecting R-peaks is essential for computing key metrics such as HR and HRV. If noise
interferes with peak detection, these metrics may become unreliable. Similarly, in anomaly
detection or disease diagnosis, a corrupted signal makes it significantly harder to distin-
guish between true physiological disturbances and noise artifacts, potentially leading to
misinterpretation.

2.1.2.5 Frequency Domain and Sampling Rates

The frequency content of biosignals varies widely, influencing the choice of appropriate
sampling rates for accurate capture and analysis. For instance, ECG signals primarily
contain frequencies between 0.5 and 40 Hz, while EEG signals span a broader range,
often requiring sampling rates of 256 Hz or higher to capture high-frequency components.
EMG signals can contain frequencies up to 500 Hz, requiring even higher sampling
rates to avoid aliasing. Selecting a suitable sampling rate is crucial to preserving the
integrity of the signal and ensuring that the relevant frequency components are accurately
represented. The choice of sampling rate also impacts the storage and computational
requirements of biosignal analysis, making it a critical consideration in both research and
clinical applications.

2.1.3 Data Acquisition and Communication

The recording of biosignals relies on specialized sensors and devices designed to cap-
ture physiological processes with precision and reliability. These devices range from
clinical-grade equipment used in controlled environments, such as hospitals and research
laboratories, to portable and wearable sensors tailored for continuous monitoring in every-
day settings. Depending on the type of biosignal being measured - electrical, mechanical,
biochemical, or optical - different acquisition techniques and technologies are employed.
For instance, ECG relies on electrodes placed on the skin to detect electrical activity of
the heart, while EMG measures muscle activity through surface or intramuscular sensors.
Similarly, respiratory signals can be captured using chest bands or airflow sensors, and
brain activity is typically recorded using EEG electrodes. The choice of acquisition method
significantly influences signal quality, resolution, and the type of information that can be
extracted, ultimately shaping the subsequent processing and interpretation steps.

The way biosignals are acquired can introduce significant variability into the data,
impacting their analysis and interpretation. Different acquisition methods, such as using
portable devices versus clinical-grade equipment, can result in variations in signal quality
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and the type of information captured. For example, an ECG measured with a one-lead
wearable band might capture basic heart rhythms suitable for everyday monitoring, while
a 12-lead ECG collected in a clinical setting provides a more comprehensive view of the
heart’s electrical activity.

Advancements in materials science, microelectronics, and nanotechnology have signif-
icantly driven the development of wearable biosensors, transforming them into key tools
for continuous health monitoring and early anomaly detection. These devices leverage
diverse sensing mechanisms - including mechanoelectric, optoelectronic, and ultrasonic
technologies - to measure vital physiological parameters such as HR, blood pressure, and
cardiac rhythm variations [131].

The integration of wireless communication technologies, such as Bluetooth, Near
Field Communication (NFC), Wi-Fi, and Wireless Body Area Networks (WBAN), has
further expanded the capabilities of these sensors, enabling real-time data transmission
and remote health monitoring. One notable advancement in wearable biosensors is the
development of textile-based wearables, where conductive materials, such as graphene,
are embedded into fabrics. Graphene’s exceptional electrical conductivity and flexibility
offer high-fidelity signal acquisition, closely matching the performance of conventional
gel-based ECG electrodes while improving user comfort and wearability [79].

Smartphones can also function as wearable devices, particularly for collecting kine-
matic signals. For example, they have been used to track posture in office workers
throughout the day [141], offering the advantage of leveraging a device that most people
already own.

Despite these innovations, several challenges remain. Ensuring stable and adhesive
skin-electrode contact is crucial for minimizing signal artifacts and maintaining signal
fidelity, particularly in motion-intensive applications. Additionally, as wearable devices
become increasingly integrated into healthcare ecosystems, safeguarding patient data has
become critical, necessitating robust encryption protocols to protect sensitive medical
information. Moreover, the integration of Artificial Intelligence (AI) holds great potential
for enhancing disease prediction and personalized health insights, yet optimizing AI
models for real-time biosignal analysis remains an ongoing research challenge [122].

2.2 Applications

Biosignals provide access to detailed information about the body’s functioning, most of
the times without the need for any invasive procedures. Given their ability to reveal
how the body’s processes are evolving through time, they can consequently also reveal
potential abnormalities. Hence, it is no surprise that they are widely used in clinical
settings to assess health conditions and detect signs of diseases. However, as previously
discussed, their usefulness is not limited to identifying comorbidities, and we can extract
important observations from them in other contexts.
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For instance, biosignals can be used to identify specific physiological states. One
prominent example is stress detection, where wearable sensors track ECG, EEG, skin
conductance, and other physiological markers to identify stress peaks and provide real-
time feedback [21, 132]. This information can help individuals engage in stress-reducing
strategies, such as breathing exercises or relaxation techniques. Another application is
fall detection, particularly for elderly individuals or those with mobility impairments.
Wearable sensors and accelerometers can detect sudden changes in posture or impact
forces, triggering alerts for caregivers or emergency services [138]. Additionally, gait
analysis using biosignals can help predict and prevent falls before they occur.

Beyond physiological state assessment, biosignals are also employed in biometrics and
cybersecurity [178]. Unique physiological characteristics, such as an individual’s ECG
or EEG patterns, can be used as biometric authentication methods to enhance security
systems. These methods offer a more secure and continuous authentication process
compared to traditional passwords or fingerprint scans.

In human-computer interaction, particularly in brain-computer interfaces (BCIs), EEG-
based systems enable users to control external devices, such as computers, wheelchairs,
or robotic arms, using only neural activity, facilitating accessibility for individuals with
motor impairments [177]. EMG and EEG signals are widely used in robotic prosthetics,
allowing individuals with limb loss to intuitively control prosthetic limbs by translating
muscle or brain activity into movement, significantly improving mobility and quality of
life [33]. In sports, biosignals such as ECG and EMG provide insights into athlete fatigue
and reaction times, allowing for personalized training regimens that enhance performance
while minimizing the risk of injury[173].

2.2.1 Relevance in the field of Occupational Health

Data from the European Union shows that among individuals aged 20 to 64, the average
working week in their main occupation is 36.4 hours, though working hours can be consid-
erably longer [44]. Prolonged working hours and and extended exposure to occupational
risk factors - such as awkward postures, repetitive movements, work pace, and noise -
pose significant health and safety hazards, increasing the risk of occupational diseases
[38]. According to the Protocol to the Occupational Safety and Health Convention, an
occupational disease is any disease resulting from exposure to risk factors arising from
work activity [77].

Biosignals monitoring through the use of werable devices can play an important role
in preventing occupational diseases and mitigating work-related hazards. Physiological
monitoring has emerged as a valuable tool in occupational settings, offering real-time
insights into workers’ physiological responses to various job-related stressors. Wearable
sensors enable continuous tracking ofkey physiologicalparameters suchas HR, respiratory
rate, skin temperature, and physical activity levels, providing objective data on workers’
physical and mental strain. This data is particularly relevant for occupations exposed
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to extreme conditions, such as firefighters, miners, and construction workers, where
monitoring heat stress, fatigue, and cardiovascular load (CVL) can help prevent work-
related diseases and accidents. Additionally, physiological monitoring supports early
detection of potential health risks, allowing for timely interventions, improved workload
management, and personalized health recommendations [25].

In manufacturing, physical fatigue is a challenging safety problem since it increases the
incidence of accidents and contributes to the development of musculoskeletal disorders
[137]. In [119], the authors employed wearable sensors to detect whole-body fatigue in
simulated manufacturing tasks, using IMUs and a HR tracker to estimate fatigue levels
over time. To address the high prevalence of back injuries - one of the most common
comorbidities in manufacturing - [54] proposed a real-time muscle fatigue measurement
framework. This system utilizes EMG wireless sensors and a feature-based processing
pipeline to monitor local muscle fatigue through signal characteristics such as Power
Spectral Density (PSD) and mean frequency. While the results showed an evolution in
fatigue levels over time, the study was conducted on only three subjects, highlighting the
need for further validation.

Fatigue monitoring in occupational settings should be seen as an important aspect of
workplace safety and productivity, as fatigue impairs cognitive and motor performance,
increasing the risk of accidents and injuries. Wearable sensors offer a promising approach
for real-time fatigue detection, enabling continuous monitoring in dynamic work envi-
ronments. Various physiological signals, such as EMG, ECG, and motion-based metrics,
have been used to assess fatigue levels, particularly in physically demanding occupations.
However, while wearable-based monitoring has demonstrated significant potential, cur-
rent models still face challenges related to data quality, generalizability across different
workers, and real-world applicability. Addressing these limitations could lead to more re-
liable fatigue monitoring systems, ultimately enhancing worker well-being and informing
occupational health policies [120].

Cardiovascular disease (CVD) remains the leading cause of all deaths worldwide,
being responsible for an estimated 17.9 million mortalities per year [27]. Heavy physical
work, awkward postures, repetitive movements, long working hours and overtime are
just some of the many occupational factors associated with an increased risk of CVD [76,
92, 95]. In the following section, we will delve into the assessment of cardiovascular load
in the workplace, with the aim of mitigating occupational risk for the worker, through the
collection of biosignals and biosignal-derived metrics.
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2.3 Cardiovascular Load Assessment in the workplace1

The field of ergonomics and occupational health and prevention of work-related disease
considers a broad range of factors that impact physical strain at work [140]. These include
environmental factors, job-related factors, task-related factors, and individual worker-
related factors.

A range of objective and subjective metrics is available to quantify cardiovascular
load (CVL). Objective metrics are based on the measurement of physiological variables
(e.g., heart rate, oxygen consumption, blood pressure) and subjective metrics rely on the
use of self-report instruments (or scales) to assess workers’ perceived and experienced
occupational exposure. However, there is inconsistent evidence linking occupational
risk factors to CVD, highlighting a gap in knowledge. For that reason, the aim of the
developed study was to identify how CVL is assessed in the workplace and to bring
together related evidence-based recommendations for preventative measures. Specifically,
we aimed to systematically search the Google Scholar database for observational studies
in order to a) gather metrics used in these studies to assess CVL, b) summarize the
related risk factors that were investigated, c) report the occupational groups and activities
that these studies targeted, and d) summarize general recommendations for preventative
measures for occupational health that resulted from these studies. A systematic search
was conducted using Google Scholar for relevant literature up to June 22, 2022, following
PRISMA guidelines [133]. The search focused on English language publications from peer
reviewed scientific journals, irrespective of country of origin. The search terms for the
database query were: “cardiovascular load” AND (“occupational” OR “workers”) and
the study selection process resulted in 76 articles.

In this section, we present an overview of the main results and findings.

2.3.1 Cardiovascular Load Assessment Metrics

The first aim of this study was to identify and gather metrics for the assessment of CVL
that have been used in observational studies of occupational work. In Table 2.1, a brief
description and the main limitations of each metric is presented.

The majority of the reviewed studies reported the use of objective metrics, in particular,
HR-based metrics. HR-based metrics include the HR itself, the percentage in relation
to the maximum HR (%HRmax), Relative Heart Rate (RHR), Cardiovascular Load (CVL),
Cardiovascular Strain (CVS), and HRV variables. One important characteristic about
the measurement of HR that makes it the preferred metric for many researchers in the
occupational context is that it is easy to monitorwithoutdisturbing the normalperformance

1This section is based on the publication “Cardiovascular load assessment in the workplace: A systematic
review” by Mariana Dias, Luís Silva, Duarte Folgado, Maria Lua Nunes, Cátia Cepeda, Marcus Cheetham,
and Hugo Gamboa, published in the journal International Journal of Industrial Ergonomics (2023). In the
present document, only a summary of the most relevant aspects of the study is provided; for a comprehensive
overview, please refer to the open-access publication.
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of the work. However, HR does not depend exclusively on the physical demand of the
tasks that are being performed - it depends on various factors, such as individual traits,
namely the stroke volume. For instance, athletes or trained subjects have lower HR as a
consequence of a higher stroke volume [85]. As such, looking directly at the values of HR
can be misleading an that is why HR-based metrics are used.

Table 2.1: Description and main limitations of the objective metrics for CVL assessment.

Metric Description Limitations

HR Number of heart beats per minute. Feasible
continuous and direct monitoring during work.

Does not consider inter-individual variability
(e.g. stroke volume).

%HRmax Intensity of the worker’s HR in relation to the
HRmax.

Does not consider HRrest, not representing
load above the resting state.

RHR Intensity of effort in relation to HRR. Computed
from the direct measure of HR and HRrest and
the estimation of HRmax.

-

%CVL Relation between HRwork (subtracting HRrest)
and HR(8h) (maximum acceptable HR for an 8-
hour shift). Easy to monitor.

Interpretation is not intuitive. There is lack
of validated scales.

%CVS Relation between HRwork (subtracting HRrest)
and HRrest itself.

Few studies have used it. Lack of validation.
Interpretation is not intuitive.

VO2 Measurement of oxygen consumption during
work. Good measure to objectively describe
stress.

Expensive equipment required. Continuous
monitoring is often not feasible during work.

RVO2 Measurement of oxygen consumption dur-
ing work, considering individual VO2min and
VO2max.

Expensive equipment required. Continuous
monitoring is often not feasible during work.
Requires an estimation of VO2max.

BP Pressure of blood in the arteries. High blood
pressure is a powerful predisposing risk factor
for CVD. Highly studied parameter.

Difficult to monitor in occupational context.
Requires the worker to stop momentarily.

HRV Variation of the period between consecutive
heartbeats. May contain relevant indicators of
cardiac impairments.

Requires the use of devices that detect the
time fluctuations between consecutive heart
beats (e.g. ECG) and computer-based analyti-
cal tools.

ECG Record of the electrical activity of the heart.
HRV and relevant information can be extracted
from the ECG.

Requires analytical tools or a clinician to inter-
pret. The ECG signal obtained during work
is easily corruptible with noise.

BLA Blood Lactate concentration, a parameter com-
monly used in clinical context, which increases
exponentially in intense exercise.

Few studies have used it in occupational con-
text. Continuous monitoring not feasible.
Highly intrusive.

PSI Measure of heat stress, based on rectal temper-
ature and HR.

Does not measure cardiovascular constraints
directly. Lack of validation studies on appli-
cability in occupational context.

The most frequently used metric was the RHR. It uses the HR at work while account-
ing for resting HR and compares it to the Heart Rate Reserve (HRR) - the difference
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between maximum HR and resting HR (which depend on factors such as age and stroke
volume) [116]. It is an intuitive metric because it expresses intensity as a proportion of an
individual’s available heart rate range, making it more personalized than absolute heart
rate measurements and better suited for comparing effort across individuals. Oxygen
consumption (VO2) is also used as a cardiovascular metric [143] but it is much more
difficult to measure, particularly in the workplace, once it requires measuring the air flow
rates during breathing and the worker must be wearing a mask and it is very likely to
interfere with the normal performance of the job.

As previously mentioned, from the ECG signal it is possible to extract meaningful
information, such as the HRV (from the distance between consecutive R peaks) and cardiac
anomalies (from changes in the different segments of the signal). Although only one study
used this approach (to count the occurrences of extrasystoles during work [187]), we
believe it is a potential focus of future research, since it is widely used in the clinical
context and has proven to be very informative. Furthermore, the number of automatic
algorithms for ECG processing is increasing, thus sparing laborious manual data analysis
[104]. Other metrics include the Blood Pressure (BP), Blood Lactate Accumulation (BLA)
[143] and the Physiological Strain Index (PSI) [40].

2.3.2 Risk Factors and Occupational groups

The second aim of this study was to summarize the risk factors investigated in the
observational studies. A wide range of different aspects were reported to have an influence
on cardiovascular stress:

• Environment: Exposure to very high or low temperatures, humidity, noise, and
uneven terrain.

• Job Characteristics: Working for a prolonged number of hours, high physical de-
mands.

• Task-Specific Factors: Handling heavy loads, performing repetitive tasks, and
postural strain.

• Individual Factors: In cases of mismatch between the workers physical characteris-
tics (age, body mass index, fitness level, and health conditions) and job requirements.

For this multi-factorial phenomenon, the relevance of each factor depends on the
occupational context. Regarding the occupational groups and activities that the observa-
tional studies targeted, most studies focused on occupational health in the manufacturing
industry [145, 189], construction [117, 8], agriculture and forestry [165, 11, 16] sectors.
These occupations employ large parts of the work force and are known to be associated
with the emergence of occupational diseases. Nevertheless, less physically demanding
and/or sedentary jobs are also known to have negative repercussions for the health of the
worker. We found little research has been conducted in this sector of activity.
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2.3.3 Main Findings and Recommendations

Physical activity can both benefit and stress the cardiovascular system. While the literature
suggests that moderate and moderate-to-high physical activity is beneficial for promoting
cardiovascular health, excessive occupational physical activity can lead to chronic stress,
increasing CVD risk [69, 106]. One thing to consider, is that heat stress exacerbates
cardiovascular strain, particularly in outdoor jobs - hence, in these situations, particular
attention must be payed to high levels of physical activity. Moreover, findings suggest
that balancing workload intensity and recovery time is critical for worker health.

Despite the extensive body of research on occupational health, evidence-based rec-
ommendations remain limited. However, several general guidelines have emerged to
help mitigate cardiovascular strain and enhance worker well-being. Workload manage-
ment strategies should include implementing workload thresholds, such as maintaining a
%CVL below 40%, and ensuring adequate rest periods to prevent excessive physiological
stress [165]. Workplace design improvements can further reduce strain through the intro-
duction of ergonomic tools, automation, and strategic task rotation to minimize repetitive
movements. The use of wearable technology offers a promising approach to real-time
health monitoring, allowing for continuous tracking of HR-derived metrics to identify
high-risk workers and integrating physiological sensors into workplace health programs
[25]. Finally, occupational health policies should establish clear guidelines for acceptable
cardiovascular load based on job demands and promote regular health screenings for
employees in high-risk roles, fostering a proactive approach to workplace well-being.

2.3.4 Ethical considerations

In the workplace, ensuring the protection of workers is essential. This includes guarantees
for employment security, stringent data protection policies to safeguard personal health
information, and clear, ethical guidelines to prevent discrimination based on biosignal
data. Additionally, measures must be in place to maintain confidentiality, define clear
consent protocols, and establish standards to ensure that data is used solely for health
improvement purposes. Lastly, in public health contexts, oversight is required to prevent
misuse of biosignal data by private entities and to ensure that individuals retain control
over their health information.

2.4 Final Remarks

Biosignals provide a powerful means of accessing and analyzing physiological processes,
enabling valuable insights into human health and performance. Their applications span
across diverse domains, including clinical diagnostics, occupational health, sports science,
and human-computer interaction, where they serve as critical tools. The increasing
accessibility of biosignal acquisition through wearable devices has further expanded their
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potential, allowing real-time tracking of physiological states outside controlled laboratory
or clinical environments.

Despite these advantages, biosignal processing presents numerous challenges. For in-
stance, signal contamination due to motion artifacts or other noise sources can significantly
impact the reliability of analyses. Moreover, biosignals are inherently non-stationary and
subject to physiological variations both within and across individuals, making robust
interpretation difficult. These challenges necessitate advanced processing techniques
capable of effectively filtering noise, extracting relevant features, and adapting to different
acquisition conditions.

The development of more sophisticated, scalable, and generalizable processing meth-
ods is crucial for maximizing the utility of biosignals. The next chapter explores the
role of Deep Learning in addressing these challenges, leveraging data-driven approaches
to improve biosignal processing, enhance generalization, and optimize computational
efficiency.
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3

Deep Learning: Foundations,
Challenges, and Application in

Biosignals

Over the past decade, Deep Learning (DL) has emerged as the dominant and most
effective Artificial Intelligence (AI) paradigm across various application fields. In biosignal
processing, it has demonstrated significant potential, and this work aims to build upon
that progress.

This chapter begins by introducing the core theoretical concepts of DL that form the
foundation of this thesis. Next, it addresses one of the main challenges of DL - its high
resource demands - and explores emerging strategies to mitigate these limitations. Finally,
it presents a narrative review of the literature on DL applications in biosignal processing,
which serves as the basis for this research.

3.1 Fundamentals

3.1.1 Artificial Intelligence, Machine Learning, Deep Learning

The conceptof intelligence has been approachedfrom multiple perspectives - philosophical,
psychological, biological - each emphasizing different aspects. While not universal, a
simple definition states that intelligence is "the ability to acquire and apply knowledge
and skills" [102]. However, some authors argue that it is not possible to define intelligence
without including broader aspects, such as "sensation, perception, association, memory,
imagination, discrimination, judgement and reasoning" [186, 102]. Inevitably, the concept
of Artificial Intelligence inherited some of this controversy, and no universally accepted
definition exists [2]. François Chollet provides a straightforward definition, describing AI
as "the effort to automate intellectual tasks normally performed by humans" [34].

Machine Learning (ML) is a subfield of AI that focuses on algorithms that do not rely
on explicitly programmed rules but instead use statistical methods to estimate complex
functions [55]. DL, in turn, is a subfield of ML that leverages deep neural networks
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to learn hierarchical representations of data. Unlike traditional ML algorithms, which
often require manually engineered features, DL models can automatically extract relevant
features from raw data such as images, time series, and videos, making them particularly
powerful for learning complex patterns [81].

3.1.2 From the Artificial Neuron to the Artificial Neural Network

The term "neural networks" originates from the inspiration behind these computational
models: the biological neurons. In a highly simplified view, biological neurons receive
electrical stimuli through synapses and, when a neuron receives a sufficiently strong signal,
its membrane depolarizes, generating an action potential, which is then propagated to
subsequent neurons. This mechanism is behind the transmission of information across
the nervous system and Artificial Neural Networks (ANNs) drew inspiration from it [81].
Early artificial neurons were designed to perform basic logical operations, using binary
inputs and outputs (0 or 1). Over time, the concept evolved into more sophisticated models
where a neuron receives multiple inputs, each associated with a weight. These inputs are
combined through a weighted sum, and the result is processed through a function known
as the activation function, 𝑓 , which determines the neuron’s output, as represented in
Figure 3.1 [55]. The activation function is a mathematical function applied to the output
of a neuron that determines whether and to what extent the neuron should be activated
and the most common types include the sigmoid function, the hyperbolic tangent (tanh),
the rectified linear unit (ReLU), and the softmax [129].

Figure 3.1: Schematic representation of an artificial neuron. 𝑥𝑖 and 𝑤𝑖 are the inputs and
respective weights, 𝑏 stands for the bias term (activation threshold), and 𝑦 is the ouput.

ANNs are structured collections of artificial neurons (also referred to as nodes) ar-
ranged in layers. The first one to be developed was the Feed Forward Neural Network
(FFNN), represented in Figure 3.2. The connections between neurons are associated with
adjustable weights, which are optimized through learning algorithms [176]. The introduc-
tion of non-linearity - by using activation functions and stacking multiple layers - marked
a significant shift in neural networks, enabling them to approximate complex functions
beyond simple linear mappings [70]. This ability to learn hierarchical representations is
what makes deep neural networks particularly powerful for modern AI applications.
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Figure 3.2: Schematic representation of a Feed Forward Neural Network (FFNN). 𝑥𝑖 and
𝑦 𝑗 represent the inputs and outputs of the network. 𝑤(𝑙)

𝑖 , 𝑗
denotes the connection weight between

neuron 𝑖 in layer 𝑙 and neuron 𝑗 in layer 𝑙 + 1.

3.1.3 How do Artificial Neural Networks learn?

The training phase is when the learning takes place. In order to train an ANN, just like
any other ML model, it is necessary to have access to a training set. In simple terms, the
ML system is presented with many examples relevant to a task and finds the statistical
structure that determines the rules behind this task [88]. Machine Learning paradigms
can be generally divided in 3 main categories: (i) supervised learning, where the training
examples provide both input data and the corresponding correct outputs (labels); (ii)
unsupervised data, where we only have access to input data without explicit labels and
the model is meant to identify patterns within the data; (iii) reinforcement learning, where
an agent interacts with an environment and learns through a system of rewards and
penalties [51]. Additionally, falling out of these categories, there are two others: semi-
supervised learning, which combines a small amount of labeled data with a larger pool
of unlabeled data to improve learning efficiency, and Self-Supervised Learning (SSL), a
variant of supervised learning in which the model generates its own supervisory signals
from the data, often by solving pretext tasks before fine-tuning on a specific objective.

Forexplaining the learning process, we willuse the example ofan FFNN in a supervised
learning scenario. For each training sample, an associated expected output is provided
and a loss function is used to compute the training error, which compares the algorithm’s
output to the expected one. The main idea of the training process is to reduce this error,
making the network’s output as close to the correct labels as possible [55].

Gradient descent is an optimization technique used to minimize the training error, by
iteratively adjusting the parameters of the model (weights and biases) in order to find
those that lead to the lowest error. For that, the parameters are adjusted in the opposite
direction of the partial derivatives of the loss function towards its minimum. It is often
necessary to optimize complex functions that may have many local minima or that have
multidimensional inputs - this makes optimization difficult and, therefore, it is usual to
define a stopping criteria different from finding the global minimum. Furthermore, in
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DL, the objective is not necessarily to reach the global minimum of the loss function, as
doing so could lead to a model overfitted to the training data. This phenomena will be
discussed further ahead in section 3.1.5.

The gradient of the loss function can be computed in different ways during training:
it can be calculated using the entire training set at each iteration (batch gradient descent),
using small random subsets of the training set (mini-batch gradient descent), or using a
single training example at a time (stochastic gradient descent, SGD) [158]. An epoch refers
to one complete pass through the entire training dataset. Given a dataset with 𝑁 samples:
in batch gradient descent, the model parameters are updated once per epoch; in SCG, the
parameters are updated 𝑁 times per epoch and in mini-batch gradient descent, with a
batch size of 𝑛, the parameters are updated 𝑁/𝑛 times per epoch.

The gradient descent method uses the gradient of the loss function (with respect to
the weights) to make a step change in 𝑤 to lead it towards the minimum of the error curve.
This is an iterative method, where the weights and biases are updated according to the
expressions 3.1 and 3.2 [158].

𝑤
(𝑙)
𝑖 𝑗

= 𝑤
(𝑙)
𝑖 𝑗

− 𝛼
𝜕𝐿(𝑤, 𝑏)
𝜕𝑤(𝑙)

𝑖 𝑗

(3.1)

𝑏
(𝑙)
𝑖 𝑗

= 𝑏
(𝑙)
𝑖 𝑗

− 𝛼
𝜕𝐿(𝑤, 𝑏)
𝜕𝑏(𝑙)

𝑖 𝑗

(3.2)

Where 𝛼 is the learning rate and 𝐿 is the loss function. The learning rate is a hyper-
parameter which controls how much to change the value of the weight in the opposite
direction from the gradient. Choosing an appropriate value for 𝛼 can be challenging: if it
is too small, the optimization process will take many iterations to reach the minimum loss
and may get stuck in a local minimum; if it is too large, the optimization may diverge [88].

Several algorithms have been developed to address this issue. One example is the
addition of a momentum term [151], which accelerates gradient descent in the relevant
direction by incorporating a fraction of the update vector from the previous time step
into the current update. This approach helps achieve faster convergence while reducing
oscillations. The Adaptive Moment Estimation (Adam) optimizer [91] builds on this idea
by combining the benefits of momentum-based optimization with adaptive learning rates.
It maintains an exponentially decaying average of past gradients𝑚𝑡 (similar to momentum)
and an exponentially decaying average of past squared gradients 𝑣𝑡 (used for adaptive
step sizes) [129]. The parameter 𝜃 update rule is given by:

𝜃𝑡 = 𝜃𝑡−1 −
𝛼√
𝑣𝑡 + 𝜖

𝑚̂𝑡 (3.3)

where 𝑚̂𝑡 and 𝑣𝑡 are the bias-corrected moment estimates:

𝑚̂𝑡 =
𝑚𝑡

1 − 𝛽𝑡1
, 𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)∇𝜃𝐿(𝜃) (3.4)
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𝑣𝑡 =
𝑣𝑡

1 − 𝛽𝑡2
, 𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)(∇𝜃𝐿(𝜃))2 (3.5)

When working with neural networks, the most commonly used method to compute
these gradients is the backpropagation method [159], an optimizer which uses the chain
rule of differentiation for applying the gradient descent to the equations that define the
network.

3.1.3.1 Data as the key for a good model

The quality and organization of the dataset play a crucial role in the success of any DL
model. To ensure a fair and reliable evaluation, the available data should be systematically
divided into three distinct subsets: training, validation, and testing. The training set is
used to update the model’s parameters, allowing it to learn patterns and relationships
within the data. The validation set consists of examples not seen during training and
is used to monitor the model’s performance through epochs. By assessing the loss on
validation data, we ensure that the model generalizes well to previously unseen examples
rather than memorizing the training data: when the validation loss starts increasing, it
means that the model is overfitting to the training data. Finally, the test set provides an
unbiased evaluation of the model’s final performance on completely new data, simulating
real-world deployment scenarios.

A critical concern in this process is data leakage, which occurs when information from
the test or validation set inadvertently influences the training process. Data leakage can
lead to overly optimistic performance estimates that do not reflect the model’s true ability
to generalize. To avoid this, it is essential to carefully separate the datasets and ensure
that no pre-processing steps introduce unintended correlations between them. Proper
dataset partitioning and rigorous evaluation strategies are fundamental to building robust
models.

Particularly in biosignal datasets, the representativity of data often suffers from im-
balances, particularly in terms of the distribution of healthy versus unhealthy samples.
In many cases, datasets contain a higher proportion of data from healthy individuals
compared to those with specific conditions, such as rare diseases. This imbalance can lead
to biased models that perform well on majority classes but poorly on underrepresented
conditions. Addressing these biases during both data collection and model training is
crucial for ensuring accurate and generalizable outcomes in biosignal analysis.

3.1.4 Architecture Paradigms

FFNNs were the first type of neural networks but since its development, a diverse set of
architectures have been implemented, having reached much more complex and detailed
structures. These architectures vary in their design, strenghts, types of data that they are
suited for, and applications. In this section, the three DL architectural paradigms relevant
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Figure 3.3: Schematic representation of a Recurrent Neural Network (RNN). 𝑥(𝑡) and 𝑦̂(𝑡)

represent the input and corresponding output at time step 𝑡, respectively. 𝑊𝑥 ,𝑊ℎ , and𝑊𝑦 denote
the weight matrices for the input, recurrent (hidden state), and output connections.

to understand the developed work are explored: Recurrent Neural Networks (RNNs),
Convolutional Neural Networks (CNNs), and Transformers.

3.1.4.1 Recurrent Neural Networks (RNNs)

RNNs are neural networks that were designed for sequence analysis. Sequences are
made of data points that are sequentially dependent, meaning that a data point at a
specific time step is affected by previous points and might influence subsequent points
[166]. To model the sequential dependencies between time steps, RNNs include feedback
connections among hidden units, which allow a “memory” of previous inputs to persist
in the network’s internal state [159]. RNNs are also trained with backpropagation and
the forward pass of an RNN is identical to that of a feedforward network, except that the
hidden layers receive as inputs both the current external input and the output from the
previous timestep [57], as represented in figure 3.3.

Considering an RNN with 𝐼 input nodes, a single hidden layer (with 𝐻 hidden nodes)
and an output layer (with 𝐾 output nodes), which receives as input a sequence 𝑥, the
forward pass is as represented in expressions 3.6 and 3.7 [57]. In the equations, 𝑎𝑡

ℎ

represents the activation of hidden unit ℎ at time step 𝑡, computed as the weighted sum
of the current input 𝑥𝑡

𝑖
and the activations from the previous time step 𝑜𝑡−1

ℎ′ . The weight
𝑤𝑖ℎ denotes the connection weight between input node 𝑖 and hidden node ℎ, while 𝑤ℎ′ℎ

represents the recurrent weight connecting hidden node ℎ′ from the previous time step
to hidden node ℎ at the current step. The hidden activation 𝑎𝑡

ℎ
is then passed through a

non-linear activation function 𝑓 , yielding the output 𝑜𝑡
ℎ
, which serves as the hidden state

for the next time step or as input to the output layer.

𝑎𝑡
ℎ
=

𝐼∑
𝑖=1

𝑤𝑖ℎ𝑥
𝑡
𝑖 +

𝐻∑
ℎ′=1

𝑤ℎ′ℎ𝑜
𝑡−1
ℎ′ (3.6)

𝑜𝑡
ℎ
= 𝑓 (𝑎𝑡

ℎ
) (3.7)
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Similarly to what is done in the learning phase when working withFFNN, it is necessary
to compute the partial derivatives of the loss function with respect to the weights. The
most used algorithm for efficiently calculate these derivatives is backpropagation through
time (BPTT) [210], whose equations are represented in expressions 3.8 and 3.9, where 𝛿

denotes the backpropagated error term [57]. It is important to notice that the same weights
are used every timestep.

𝜕𝐿

𝜕𝑤𝑖 𝑗
=

𝑇∑
𝑡=1

𝛿𝑡𝑗 ×
𝜕𝑎𝑡

𝑗

𝜕𝑤𝑖 𝑗
=

𝑇∑
𝑡=1

𝛿𝑡𝑗𝑜
𝑡
𝑖 (3.8)

with 𝛿𝑡
ℎ
= 𝑓 ′(𝑎𝑡

ℎ
)(

𝐾∑
𝑘=1

𝛿𝑡
𝑘
𝑤ℎ𝑘 +

𝐻∑
ℎ′=1

𝛿𝑡+1
ℎ′ 𝑤ℎℎ′) (3.9)

However, when trying to model long-term dependencies with basic RNN models,
the gradients calculated for updating the network’s weights during the back-propagation
step, tend to vanish [17, 66]. Recurrent networks involve the chain multiplication of the
derivative of the activation function, once per time step, and gradients propagated over
many timesteps tend to either vanish or explode (being the first phenomenon much more
probable than the second) [55].

Long Short Term Memory (LSTM) Long Short Term Memory (LSTM) is a type of RNN
with a gated structure, which enables it to handle long input sequences [67]. The central
idea behind the LSTM architecture is a memory cell which can maintain its state over
time, containing non-linear gating units to regulate the information flow into and out of
the cell: the input, output and forget gates [58].

Figure 3.6 illustrates an LSTM cell and the expressions from 3.10 to 3.15 are the
equations for the forward pass. Having as input a sequence 𝑥, 𝑥𝑡 represents the input at
the current timestep 𝑡 and ℎ𝑡−1 and 𝐶𝑡−1 represent, respectively, the output and the cell
state from the previous timestep. 𝑊 , 𝑏 are the weights and biases and the indexes 𝑓 , 𝑖
and 𝑜 correspond to the forget, input and output gates, respectively. These multiplicative
gates are sigmoid layers and each has a different task. The forget gate (3.10) takes as input
𝑥𝑡 and ℎ𝑡−1 and it is what enables the cell state to be reset, as its output will multiply the
previous cell state 𝐶𝑡−1 (see 3.13). The input gate (3.11) "decides" which values will be
updated and from 3.12 the new values to add to the cell state are computed. Finally, in
the output gate (3.14) it is decided what part of the current cell state is going to be output
(3.15).

𝑓𝑡 = 𝜎(𝑊𝑓 · [ ℎ𝑡−1 , 𝑥𝑡] + 𝑏 𝑓 ) ( 𝑓 𝑜𝑟𝑔𝑒𝑡 𝑔𝑎𝑡𝑒) (3.10)

𝑖𝑡 = 𝜎(𝑊𝑖 · [ ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝑖) (𝑖𝑛𝑝𝑢𝑡 𝑔𝑎𝑡𝑒) (3.11)

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝐶 · [ ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝐶) (𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒𝑠) (3.12)

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶̃𝑡 (𝑐𝑒𝑙𝑙 𝑠𝑡𝑎𝑡𝑒) (3.13)
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Figure 3.4: Schematic representation of a Long Short Term Memory (LSTM) cell. 𝑥(𝑡), ℎ(𝑡),
and 𝐶(𝑡) represent the input, output, and cell state at timestep 𝑡, respectively. 𝑓 , 𝑖, and 𝑜 correspond
to the forget, input, and output gates. 𝜎 denotes sigmoid activation layers, and 𝑡𝑎𝑛ℎ denotes
hyperbolic tangent activations. The dot symbol inside a circle (⊙) represents the element-wise
(Hadamard) product, which corresponds to the * symbol used in the equations throughout this
chapter.

𝑜𝑡 = 𝜎(𝑊𝑜 · [ ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝑜) (𝑜𝑢𝑡𝑝𝑢𝑡 𝑔𝑎𝑡𝑒) (3.14)

ℎ𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ( 𝐶𝑡) (𝑜𝑢𝑡𝑝𝑢𝑡) (3.15)

The gates allow LSTM cells to store and access information over long periods of time,
mitigating the vanishing gradient problem. For example, as long as the input gate remains
closed (i.e. has an activation near 0), the activation of the cell will not be overwritten by
the new inputs arriving in the network, and can therefore be made available to the net
much later in the sequence, by opening the output gate [57].

GatedRecurrentUnit (GRU) A GatedRecurrentUnit (GRU) is a more recently developed
type of RNN with a gated architecture. The main differences from the LSTM are that it
uses two gates (the update and reset gates) instead of three and that it doesn’t use the
cell state to transfer information, but rather the hidden state [36]. It can be thought of
as a modification of the LSTM with a less complex architecture and, consequently, more
computationally efficient [88].

Figure 3.5 illustrates the structure of the GRU and its components. The update gate,
represented by 𝑧𝑡 , "couples" the forget and input gates from the LSTM architecture into
one, which simultaneously controls how much of the previous memory content (ℎ𝑡−1) to
forget and how much of the new content (𝑥𝑡) is to be added, through the computation of
expression 3.16. The reset gate, 𝑟𝑡 , allows the unit to forget the previous hidden states and
it is computed as in expression 3.17. The candidate hidden state (ℎ̃𝑡) is done similarly to
that of the the LSTM (expression 3.18) [37]. Finally, at timestep 𝑡 the state of the GRU is
the linear interpolation between the previous activation (ℎ𝑡−1) and the candidate hidden
state (ℎ̃𝑡) [36].

𝑧𝑡 = 𝜎(𝑊𝑧 · [ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝑧) (𝑢𝑝𝑑𝑎𝑡𝑒 𝑔𝑎𝑡𝑒) (3.16)
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Figure 3.5: Schematic representation of a Gated Recurrent Unit (GRU) cell. 𝑥(𝑡) and
ℎ(𝑡) represent the input and output at timestep 𝑡, respectively. 𝑟 and 𝑧 correspond to the reset
and update gates. 𝜎 denotes sigmoid activation layers, and 𝑡𝑎𝑛ℎ denotes hyperbolic tangent
activations. The dot symbol inside a circle (⊙) represents the element-wise (Hadamard) product,
which corresponds to the * symbol used in the equations throughout this chapter.

𝑟𝑡 = 𝜎(𝑊𝑟 · [ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝑟) (𝑟𝑒𝑠𝑒𝑡 𝑔𝑎𝑡𝑒) (3.17)

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊 · [ℎ𝑡−1 ∗ 𝑟𝑡 , 𝑥𝑡] + 𝑏ℎ) (𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛) (3.18)

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡 (𝑜𝑢𝑡𝑝𝑢𝑡) (3.19)

Despite its simpler architecture and the fact that it may not have as much representa-
tional power as LSTM, it has been evidenced that it can outperform LSTM networks [36],
particularly on smaller datasets.

GRU and any other type of RNN can be implemented in a bidirectional fashion, where
two GRU layers process the sequence in both forward and backward directions before
merging their outputs, as represented in figure 3.6. This bidirectionality allows the
network to incorporate both past and future context when making predictions, potentially
enhancing their ability to capture long-range dependencies in sequential data.

Figure 3.6: Schematic representation of bidirectionality in an RNN.
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3.1.4.2 Convolutional Neural Networks (CNNs)

CNNs were originally designed for image processing, for tasks such as image classification,
object detection, and image segmentation. They utilize convolutional layers to automati-
cally learn spatial features from input data, including edges, textures, and shapes. Each
convolutional layer applies a set of learnable filters, called kernels, to the input, producing
a feature map that highlights relevant patterns in the data [129]. The convolution operation
is mathematically represented in Equation 3.20, where 𝑓𝑘(𝑥, 𝑦) denotes the feature map, 𝑥
the input image, 𝑤𝑖 , 𝑗 the filter weights, and 𝑏 the bias term.

𝑓𝑘(𝑥, 𝑦) =
𝑚−1∑
𝑖=0

𝑛−1∑
𝑗=0

𝑤𝑖 , 𝑗𝑥(𝑖+𝑥),(𝑗+𝑦) + 𝑏 (3.20)

To improve computational efficiency and prevent overfitting, CNN architectures typ-
ically include pooling layers between convolutional layers. Pooling layers reduce the
dimensionality of feature maps while preserving the most significant information. The
pooling operation involves selecting the maximum (or alternatively, the mean or minimum)
value from each patch of the feature map, as represented in Equation 3.21.

𝑝(𝑥, 𝑦) = 𝑚−1max
𝑖=0

𝑛−1max
𝑗=0

𝑓 (𝑥 + 𝑖 , 𝑦 + 𝑗) (3.21)

Although CNNs were initially designed for computer vision, they have demonstrated
effectiveness in time-series analysis due to their ability to extract local patterns through
convolutional filters. In biosignal processing, 1D CNNs have been used to extract spatial-
temporal features in signals such as ECG, EEG, and EMG [101]. Unlike traditional 2D
CNNs, which process spatial features in images by applying 2D convolutional filters, 1D
CNNs operate along a single temporal dimension, making them particularly suited for
sequential data such as biosignals. In 1D CNNs, the convolutional filters slide across the
time axis of the input signal, capturing local dependencies within the sequence rather
than spatial relationships. This enables the model to extract temporal patterns and short-
term dependencies effectively. Their hierarchical feature-learning ability makes them
particularly useful for tasks where local dependencies play a crucial role in understanding
the underlying patterns in the data.

3.1.4.3 Transformers

Transformers, introduced by Vaswani et al. in 2017 [202], are a class of DL architectures
that relies entirely on self-attention mechanisms, eliminating the need for recurrence
or convolutions. While RNNs process inputs sequentially, Transformers employ self-
attention, allowing for efficient parallelization and long-range dependency modeling. At
the core of the Transformer is an encoder-decoder architecture, where both components are
composed of multiple layers of self-attention and position-wise feed-forward networks.
Each token in a sequence attends to all other tokens, enabling the model to capture
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relationships across the entire input. Initially introduced for Natural Language Processing
(NLP), transformers have since been adapted to various domains, including time-series
analysis, biosignal processing, and computer vision [10, 129]. In biosignal processing, a
token can represent a single timestep, a segment of a signal, or a feature extracted from
the raw data, depending on how the sequence is structured.

The core component of a transformer model is the self-attention mechanism, which
allows each input element to attend to all other elements in the sequence, rather than being
processed sequentially. Given an input sequence represented as a matrix 𝑋 ∈ R𝑛×𝑑, where
𝑛 is the sequence length and 𝑑 is the feature dimension, the self-attention mechanism
computes three learnable matrices: the query 𝑄, the key 𝐾, and the value 𝑉 . These
are obtained by multiplying the input 𝑋 by corresponding weight matrices, such as in
Equation 3.22, where𝑊𝑄 ,𝑊𝐾 ,𝑊𝑉 ∈ R𝑑×𝑑𝑘 are trainable matrices [202].

𝑄 = 𝑋𝑊𝑄 , 𝐾 = 𝑋𝑊𝐾 , 𝑉 = 𝑋𝑊𝑉 (3.22)

The attention scores between each pair of tokens are computed using the scaled dot-
product attention, which determines how much focus each token should place on others in
the sequence. Its computation is described in Equation 3.23, where the denominator

√
𝑑𝑘

is a scaling factor that prevents excessively large values in the softmax function, ensuring
stable gradients during training [202].

Attention(𝑄, 𝐾,𝑉) = softmax
(
𝑄𝐾𝑇√
𝑑𝑘

)
𝑉 (3.23)

To improve expressiveness, transformers employ multi-head attention, where multiple
attention layers operate in parallel, each learning different attention patterns. The outputs
from these heads are concatenated and projected back into the model’s feature space
as in Equation 3.24, where each head follows the same self-attention operation with
independent learned parameters.

MultiHead(𝑄, 𝐾,𝑉) = Concat(head1 , ..., headℎ)𝑊𝑂 (3.24)

Transformers also introduce positional encodings to compensate for the lack of se-
quential processing inherent in their architecture. Since self-attention treats inputs as
an unordered set, positional encodings encode the token’s position within the sequence,
allowing the model to capture relative and absolute positional information. The trans-
former architecture is structured as a stack of identical layers, each containing multi-head
self-attention followed by position-wise feedforward layers with residual connections and
layer normalization. The feedforward layers apply transformations independently to each
token using two linear layers with an activation function, as in Equation 3.25, where𝑊1,
𝑊2, 𝑏1, 𝑏2 are learnable parameters.

𝐹𝐹𝑁(𝑥) = max(0, 𝑥𝑊1 + 𝑏1)𝑊2 + 𝑏2 (3.25)
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While the Transformer architecture is entirely built around self-attention, attention
mechanisms can also be integrated into other DL models, such as RNNs and CNNs, to
enhance theirability to capture long-range dependencies and focus on relevant information.
In RNNs, attention layers allow the model to selectively attend to different parts of the
input sequence at each decoding step, rather than relying solely on the final hidden state.
This is achieved by computing attention scores between the current decoder state and each
encoder hidden state, generating a context vector that dynamically influences the output.
In CNNs, attention mechanisms can be incorporated to assign different importance levels
to spatial regions in an image or time steps in a biosignal [129].

3.1.5 Complexity and Generalization

Generalization is a concept that preceded ML. Its original use was to state how well
a statistical model performs on data that was not used for training the model [35]. As
in statistics, the goal of an ML or DL model is not that it performs well on the training
dataset but rather that it has good performance over new data, ie, that it generalizes well
to previously unseen data [34].

Complexity, on the other hand, refers to a model’s capacity, which is determined by the
number of parameters it contains. A more complex model has more parameters that can
be adjusted, allowing it to better fit highly variable data. However, higher complexity does
not necessarily lead to higher generalization. While a more complex model will more easily
adjust to the training data and achieve good training performance, it is also more prone
to overfitting. Overfitting is the opposite of generalization and it occurs when a model
achieves good performance in the training dataset but not on new data. The goal is to
find the right balance where the model is complex enough to capture meaningful patterns
but not so complex that it memorizes the training set instead of learning generalizable
features [88].

In DL, when creating a new model, it is necessary to find an appropriate network
size, i.e., number of layers and nodes. Usually, the correct approach is to start with small
networks, with few units and parameters, and increase its complexity until the addition of
parameters no longer adds representational power and the performance stops improving
in the validation data. To prevent overfitting, several regularization techniques can be
employed, ie, strategies to prevent the model from fitting the training data too closely.
One method that is commonly used in DL is dropout, which consists of randomly and
temporarily dropping out (by setting to zero) units along with their connections from
the network during training [185]. This helps reducing the model’s reliance on specific
parameters, promoting robustness and improving generalization to unseen data.

A systematic literature review on computationally efficient DL models for detecting
diabetic retinopathy (DR) investigated the trade-off between model accuracy and compu-
tational complexity. The authors show not only that higher complexity does not always
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translate to better results (especially when the model is deployed in constrained envi-
ronments) but they go even further, stating that models with fewer parameters tend to
generalize better with less overfitting, making them more efficient in training and inference.
Even in medical applications, while the search for high-accuracy models is desirable, the
significant computational cost is overlooked, and this burden is particularly problematic in
real-world clinical settings, where real-time performance, energy efficiency, and hardware
limitations are crucial factors [65].

The traditional generalization concept assumes that the test data follows the same
distribution as the training data, which is not always the case. Domain Generalization (DG)
is a term used for defining the ability of ML models to perform well on unseen data whose
distribution is different from the training set. While humans generalize naturally to novel
scenarios, ML models often struggle due to their reliance on the assumption that training
and testing data follow the same distribution (independent and identically distributed
assumption) [207]. The domain shift problem occurs when the statistical properties of
the data change between training (source domain) and testing (target domain), leading
to significant performance drops in machine learning models. DG aims to improve
model robustness against these shifts and there are several approaches for DG, such
as Reinforcement Learning strategies, in settings where environment variations exist or
Meta-Learning, simulating domain shifts during training [223]. The particularity of DG
strategies is that they do not rely on target domain data for adaptation, distinguishing it
from Domain Adaptation (DA), which assumes access to some target domain data. DA, as
the name suggests, is a technique used to adapt a model trained on one domain (source)
to perform well on a different domain (target). Unlike DG, the objective is not to create
models that are generalizable to any domain a priori but rather to adapt them as the need
arises [45].

In order for a model to generalize well in data that does not follow the same distribution
as the training data, ie, to achieve DG, particularly in classification tasks, a much higher
complexity is often necessary [103]. Highly complex models are disadvantageous in most
cases for several reasons, such as the need for high-performance hardware, complex set
ups, long training times, and the need for very big amounts of data. This topic leads
us to one of the biggest challenges faced in DL: its resource demands and consequent
environmental impact. The following section delves into this issue, discussing the grow-
ing concerns around DL’s resource consumption and exploring emerging strategies for
mitigating its impact. Notably, many of these approaches align more closely with DA
rather than DG. While DA requires access to some target domain data, it offers a more
computationally efficient alternative to DG, where the model must generalize without
adaptation. Methods such as Transfer Learning (TL) capitalize on this trade-off, reduc-
ing the need for extensive retraining and improving efficiency while maintaining strong
performance across domains.
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3.2 Resource Demands: Challenges and Emerging Strategies

Artificial Intelligence is often viewed as a transformative solution, promising to solve
some of the biggest challenges of modern society. But have we paused to consider
whether, in solving these problems, AI might also be introducing new ones? The rapid
rise of AI has undoubtedly brought remarkable advancements, yet it also raises ethical,
environmental, and societal concerns that must not be overlooked. As we push forward
with AI-driven approaches, it is essential to reflect on the potential trade-offs. Particularly
when applying them to a sensitive field like healthcare, there are several aspects that
need to be addressed, such as potential bias in training data that can lead to disparities in
diagnostic accuracy across different demographic groups. Privacy is another concern, as
the use of AI in biosignal processing and medical records must comply with strict data
protection regulations to safeguard patient information. Trustworthiness is perhaps the
greatest challenge in translating these advances from research to clinical practice, as many
DL models function as "black boxes," making it difficult for clinicians to interpret their
decision-making processes [123, 129].

While all of these matters should invite to a deeper reflection on the role of AI
and its implications, in this work, out of the main societal challenges, we focus on the
environmental impact of DL. As we invest in developing ever-more powerful models,
what is the cost to our environment, given the substantial energy requirements for training
and maintaining these systems?

3.2.1 The environmental impact of Deep Learning

The increasing complexity and scale of AI models have led to significant energy consump-
tion and greenhouse gas emissions. Studies estimate that training large-scale models
can be responsible for hundreds of tonnes of CO2 emissions, which is considerable when
compared to the 2 tCO2eq/person/year limit suggested to keep global warming below
1.5◦ [23]. The environmental impact of DL primarily result from hardware production,
model training, cooling systems, and inference.

In addition to energy consumption, AI models also have a water footprint, which refers
to the fresh water used in hardware manufacturing, server cooling, and electricity genera-
tion. The production of semiconductors, essential components of AI hardware, requires
large quantities of ultra-pure water. Furthermore, data center cooling systems generate
wastewater that, if improperly treated, may lead to water contamination and ecosystem
damage [50]. The overall water consumption of AI models varies depending on factors
such as model size, data center location, energy sources, and cooling system efficiency.
The cooling of data centers also generates large amounts of wastewater, contaminated
with pollutants, which can lead to the contamination of local water supplies if not properly
treated. As AI continues to expand, these environmental concerns are expected to become
more critical, reinforcing the need for sustainable AI practices.
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Beyond training, AI inference also contributes significantly to environmental impact.
Large-scale generative models, such as ChatGPT, require extensive computational re-
sources both for training and continuous inference. Since these models are accessible
online, they further engage end-user devices, network infrastructure, and data centers,
leading to increased energy consumption and exacerbating issues such as metal scarcity
[18]. The digital sector in the European Union alone accounts for 9.3% of electricity
consumption and over 4% of greenhouse gas emissions [18]. However, many studies
focus only on training energy consumption and estimate its carbon footprint based on
the electricity mix used, often neglecting the deployment phase and hardware-related
emissions. This narrow focus, sometimes referred to as "carbon tunnel vision", overlooks
critical factors such as resource extraction and hardware disposal.

AI’s environmental footprint consists of both operational and embodied emissions.
Operational emissions arise from energy consumption during data processing, training,
and inference, while embodied emissions are linked to hardware manufacturing, trans-
portation, and disposal [212]. The rapid growth of AI has led to a superlinear increase in
computational demands, further exacerbating environmental concerns.

Accurately measuring the carbon footprint of AI models remains challenging due to
complex interactions between model architecture, hardware, and energy consumption.
While direct measurement is impractical, several estimation methods have been proposed.
Menghani et al. (2023) categorize footprint metrics, which account only for operational
emissions, into three main groups [127]:

• Training and inference metrics: Number of floating-point operations (FLOPs), model
size (parameters), and RAM consumption.

• Training-specific metrics: Number of epochs to convergence, model latency during
backpropagation, and the number of labeled examples required.

• Inference-specific metrics: Model disk size and latency during the forward pass.

Beyond its environmental impact, AI development and deployment also entail high
financial costs and challenges associated with deploying large models. Reducing energy
consumption without compromising model performance is a key goal of efficient DL
research.

The concept of Green AI, introduced by Schwartz (2020), refers to AI research that aims
to achieve progress while considering computational cost [168]. Several approaches have
been explored to reduce AI’s carbon footprint [203]. One approach is the Precision-Energy
Trade-off, which relies on optimizing model efficiency by balancing accuracy and energy
consumption: smaller neural networks can significantly reduce energy consumption
without major accuracy loss, though there is a threshold beyond which energy savings
come at the cost of reduced model performance [218]. Likewise, developing lightweight
architectures designed for power efficiency can reduce energy consumption [125]. Other
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studied approaches include: subsampling data for reducing computational overhead,
applying efficient hyperparameter tuning [47] and energy-aware deployment.

Bouza et al compared seven tools for estimating AI energy consumption [23]. Each tool
has distinct methodologies, measuring different aspects such as CPU/GPU usage, memory
consumption, and idle power. Some tools estimate full machine-level consumption, while
others focus on individual AI processes. Overall, the authors were able to gather a few
simple recommendations:

1. Reduce model size as possible;

2. Optimize hyperparameters (batch size, epochs) to reduce unnecessary training;

3. Use renewable energy-powered cloud providers (if available);

4. Enable GPU/CPU power-saving settings;

5. Shut down idle hardware to avoid unnecessary energy drain.

Two other interesting conclusions drawn from the study were that using smaller hard-
ware that fully utilizes its resources is more efficient than using underutilized large clusters
and that frequent model checkpointing does not negatively impact energy consumption
[23].

Despite the growing recognition of AI’s environmental impact, awareness among
researchers and practitioners about reducing their carbon footprint remains limited [23].
This raises ethical concerns regarding the justification of large-scale AI pipelines, particu-
larly when marginal improvements in accuracy come at the cost of massive computational
resources [193]. As AI continues to advance, greater accountability is needed from re-
searchers, infrastructure providers, and stakeholders to prioritize sustainability in model
development [203]. While AI’s carbon footprint extends beyond model training to include
hardware manufacturing and energy sources, the focus of this thesis is specifically on DL
model development. The following section will explore strategies to enhance model effi-
ciency, emphasizing reducing training energy consumption through model simplification
and leveraging pre-trained models to minimize unnecessary computations.

3.2.2 Towards more sustainable approaches through model efficiency

In the last few years, attempts have been made to mitigate the footprint of AI and find
more efficient solutions. A review paper on energy-efficient DL approaches [124] pro-
vides a comprehensive review of strategies for improving energy efficiency in DL across
different phases of the lifecycle, namely IT infrastructure, data handling, modeling, train-
ing, deployment, and evaluation. The key motivation is the high energy consumption
associated with DL models, both in training and inference, leading to significant en-
vironmental and financial costs. The study synthesizes previous research to present a
holistic view of energy-efficient methods. Beyond reducing the environmental impact of
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DL, efficiency-driven approaches also contribute to practical and scalable AI applications,
reducing memory usage and computational demands, enabling the deployment of models
in resource-constrained environments, including edge devices and mobile applications.
Energy-efficient training techniques, such as mixed-precision training and progressive
learning, further optimize resource utilization without sacrificing performance. By in-
corporating these techniques, we move toward a more sustainable paradigm where DL
models are not only effective but also accessible, adaptable, and less reliant on energy-
intensive infrastructure. Two important aspects for reducing the carbon footprint of DL
models are:

• Reducing model complexity: smaller models and architectural optimizations lead
to less energy consumption

• Reusing pre-trained models: leveraging existing models for transfer learning, mini-
mize the need for extensive training.

DL efficiency can be categorized into five key areas, as outlined by [127]: (i) Compres-
sion Techniques, which include pruning, which eliminates unnecessary model weights to
reduce size and computation time, and quantization, which lowers numerical precision
(e.g., from 32-bit floating point to 8-bit integers) to decrease memory usage and increase in-
ference speed (ii) Learning Techniques, consisting of training methods like self-supervised
learning, data augmentation, and knowledge distillation, where a smaller model (student)
is trained using a larger pre-trained model (teacher) to retain performance while reduc-
ing complexity [65]; (iii) Automation, which involves strategies such as hyperparameter
optimization and neural architecture search; (iv) Efficient Architectures, focusing on the
design of structurally optimized networks; (v) Infrastructure and Hardware, leveraging
specialized hardware and software tools for efficiency.

Efficiency in DL refers to achieving the same level of performance while using fewer
resources. These resources can include energy, computational power, time, data, and
money. While energy efficiency is crucial due to the environmental impact of AI models,
adopting energy-efficient approaches often brings additional benefits, such as improved
data efficiency, reduced training time, and lower financial costs [208, 93]. Conversely,
efforts to optimize resource usage in these areas typically lead to a lower carbon footprint,
making efficiency a key factor in both sustainability and cost-effectiveness.

In [68], the authors present a data-efficient DL approach for automated diagnosis
from echocardiography using contrastive Self-Supervised Learning (SSL). To address the
need for large labeled datasets, which are costly and time-consuming to obtain due to the
need for expert annotations, the authors propose EchoCLR, a self-supervised learning
method specifically designed for echocardiogram videos. This approach enables the
model to learn rich representations from unlabeled echocardiograms, which can then
be fine-tuned for specific cardiac disease classifications using only a small amount of
labeled data. The efficiency of this method is demonstrated in two key aspects. First, label
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efficiency: By leveraging SSL, EchoCLR significantly reduces the dependency on large
labeled datasets, showing that only a limited number of annotated examples are needed
to achieve high performance. Second, computational efficiency: Because the model learns
general representations in an unsupervised manner before fine-tuning, it requires fewer
training iterations when applied to a specific classification task. This results in faster
convergence and lower overall training costs. The approach employed here is a form
of Transfer Learning (TL), a technique that allows models to adapt previously acquired
knowledge to new tasks.

3.2.3 What is Transfer Learning?

Deep Transfer Learning, commonly referred to as Transfer Learning, is a subfield of DL that
aims to mitigate two major limitations of DL models: the need for large labeled datasets and
high computational costs associated with training from scratch [78]. TL enables knowledge
transfer from a source domain to a target domain, improving learning efficiency and
generalization. This can be achieved by reusing pre-trained models, extracting relevant
features, or selecting and re-weighting source data instances to enhance training on the
target task or dataset.

TL methods can be categorized based on labeling aspects and applied approaches.
Regarding the first categorization, TL can be (i) transductive, when only the source data
is labeled, (ii) inductive, if both source and target data are labeled, or (iii) unsupervised,
if none are labeled. Regarding the applied approaches, TL can be categorized into four
groups [227, 194]:

• Instance-based: selecting relevant data samples from the source dataset and adapt-
ing their weighting to make the training more adjusted to the target dataset.

• Feature-based: mapping instances or features from both source and target data
into a common representation space where the differences between domains are
minimized, improving feature alignment.

• Model-based or parameter-based: leveraging knowledge from a pre-trained model
on a source task to improve learning on a new target task or dataset.

• Relational-based: extracting transferable knowledge from both source and target
data by leveraging logical relationships or structural dependencies, such as graphs,
rules, or adversarial learning techniques.

Except for model-based and adversarial-based approaches, all other categories have
been explored for different ML techniques. Although all these approaches are applicable
to DL, DTL is more commonly focused on model-based approaches as these can tackle
the domain adaptation directly by re-adjusting the network [78]. As such, this category is
the one we will focus on in this work.
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TL employs various techniques, including pre-training, freezing, fine-tuning, and
adding new layers, to adapt a DL model trained on source data for a new target task. A
pre-trained model consists of layers whose parameters have been learned from source
data. Freezing layers means keeping their weights constant, while fine-tuning involves
initializing some or all layers with pre-trained weights rather than random values, allowing
them to be further adjusted for the target data. Progressive Learning is an approach that
builds on previously learned tasks by freezing an entire pre-trained model and adding
new trainable layers to adapt to the new task, effectively mitigating catastrophic forgetting
(which happens when the model, when fine-tuning, loses previously learned information
from the source task) [78].

In DL architectures, earlier layers capture low-level features, middle layers abstract
patterns, and later layers perform classification or prediction. Given this hierarchical
structure, an efficient strategy for TL is to freeze the earlier and/or middle layers of a
pre-trained model while fine-tuning the later layers or, in the case of progressive learning,
adding new layers to the final portion of the network to enhance adaptability. Progressive
Learning is successful in the case of a task transfer for the related source and target data.
It cannot deal with the distant source and target data since the earlier layers are frozen
and cannot learn new features. The most common TL method is using a trained model
on a highly related dataset to target data and finetune it on target data (finetuning) [78].

Despite its strong theoretical foundation and proven success in many applications,
TL can lead to performance degradation - known as Negative Transfer - due to several
challenges:

• Catastrophic Forgetting: When fine-tuning, the model may lose previously learned
information from the source task;

• Bias in Pre-trained Models: Pre-trained models may introduce biases, leading to
poor generalization in the target domain;

• High Domain Shift: Mismatches between the source and target distributions can
negatively impact performance.

In [139], the authors investigate, under the scope of images, the underlying mechanisms
that make TL effective. The aim is to understand which parts of a deep neural network are
responsible for successful knowledge transfer from a source domain to a target domain
with limited data. The concepts of (high level) feature reuse and low-level data statistics
are explored, providing new insights into how pre-trained weights influence model
performance. The study demonstrates that successful TL relies not only on reusing high-
level features but also on the transfer of low-level data statistics that are preserved even
when image features are disrupted. Experiments using block-shuffled images (where
visual features are scrambled) show that models benefit from the statistical properties of
data, even when traditional feature reuse is hindered. Models fine-tuned from pre-trained
weights remain within the same basin of the loss landscape, meaning their optimization
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trajectories are smoother and more stable. On the other hand, models trained from scratch
on the target domain show greater variability in their learned parameters and often fall
into different loss basins. Staying in the same loss basin, however, can be advantageous
for similar tasks but detrimental for dissimilar tasks. The challenge in TL lies in balancing
the retention of useful knowledge while allowing sufficient flexibility for adaptation to
the new task. Fine-tuned models from pre-trained weights exhibit greater similarity in
both feature and parameter space, making similar mistakes and converging to comparable
solutions. Randomly initialized models, on the other hand, show more diversity in
learned features and greater distance in parameter space. Early network layers primarily
capture general features that transfer well across domains, while deeper layers are more
specialized and sensitive to parameter changes. The study also finds that fine-tuning from
earlier checkpoints of pre-trained models can achieve similar accuracy to later checkpoints,
offering potential efficiency benefits.

Despite the widespread success of TL in computer vision, its application to time
series classification remains relatively underexplored. TL effectiveness when dealing
with time series has shown mixed results - some transfers lead to significant accuracy
improvements, while others result in negative transfer, degrading performance [46]. A
key factor influencing TL success in time series classification is dataset similarity, as
transferring knowledge between structurally similar datasets tends to yield better results.
In this context, fine-tuning proves to be more effective than freezing layers when adapting
1D CNN models, and selecting source datasets that are not extremely distant helps mitigate
negative transfer effects. However, when the distribution gap between source and target
datasets is too large, training from scratch can still outperform TL. While TL holds promise
for time series classification, its benefits are highly dependent on a careful selection of the
source dataset to ensure meaningful knowledge transfer [46].

In [20], the authors trained a multivariate physiological network to classify biosignal
type and then applied a TL approach (transferred the learned features to a support vector
machine (SVM) classifier) to classify the type of device that was used to record the signal.
The study shows that features learned from biosignal classification can be transferred to
another classification task; however, TL performance varies - some TL models lead to
improvements, but, in certain cases, training from scratch gave better results (negative
transfer). The authors’ conclusions align with those from the previous study, arguing
that the effectiveness of TL in biosignals depends on the similarity between the source
and target datasets, the alignment of learned features with the target task, the fine-tuning
strategy, and the size of the target dataset. While TL improved classification accuracy in
some cases, in others, training from scratch performed better due to insufficient feature
transferability or large domain shifts.
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3.3 Deep Learning applied to Biosignals

3.3.1 Transforming Biosignal Processing with DL

In Chapter 2, several inherent characteristics of biosignals were explored, including inter-
and intra-subject variability, non-stationarity, and susceptibility to noise and artifacts.
These factors introduce a level of complexity that makes this type of time-series data
particularly challenging to process, analyze, and interpret [122]. Consequently, traditional
analysis methods require extensive domain expertise and manual feature extraction,
making them both time-consuming and prone to inconsistencies. DL approaches are
transforming the field of biosignal processing by automating feature extraction, improving
classification accuracy, and enabling real-time analysis. For instance, unlike conventional
ML, DL systems do not rely on extensive pre- and post-processing steps [170] nor manual
feature engineering and can identify subtle patterns in biosignals that may not be easily
detectable by human experts, by leveraging capabilities of each architecture.

RNNs, particularly LSTM and GRU architectures, have been widely employed in
physiological signal processing due to their ability to model long-term dependencies
and capture temporal patterns in non-stationary data. Bidirectional Long Short Term
Memorys (BiLSTMs), which process input sequences in both forward and backward
directions, have demonstrated strong performance across various biosignal applications,
such as respiratory rate prediction from EMG, Photoplethysmography (PPG), and ECG
signals [96]. In this study, BiLSTM outperformed other approaches, but the authors also
explored hybrid models that integrate LSTM layers with 1D convolutional layers. Such
combinations leverage the strengths of each architecture: CNNs are particularly effective
at extracting local spatial and frequency-domain features, while RNNs are well-suited for
learning temporal dependencies. This synergy has been successfully applied to biosignal
processing tasks, including ECG waveform delineation, segmentation, and classification
[108] and stroke prediction [196]. Additionally, both CNNs and RNNs have proven useful
in handling noisy biosignal data, with studies demonstrating their effectiveness in noise
removal techniques, particularly for ECG signals [84]. The topic of noise handling will be
explored further in Chapter 5.

Inter- and intra-subject variability remains one of the most significant challenges in
biosignal analysis, even with DL. In theory, if a dataset is sufficiently diverse and rep-
resentative, a model can learn subject- and context-independent features. However, in
practice, acquiring large-scale datasets that encompass multiple subjects and environmen-
tal conditions is often impractical. DL strategies to address this challenge align with the
generalization techniques discussed in Section 3.1.5. One effective approach is domain
adaptation, which has been successfully applied to wearable biosignal data for stress
assessment in construction workers, achieving strong generalization across different indi-
viduals and contexts [100]. TL strategies play a crucial role in improving the robustness
of biosignal processing models when data is scarce, allowing pre-trained models to be
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fine-tuned for new applications, making them more applicable to real-world healthcare
and occupational settings [20]. To address the challenge of collecting annotated biomedical
datasets, a promising strategy is the integration of human-in-the-loop (HITL) methods,
where DL models assist human experts in streamlining event annotation [169]. These
iterative annotation frameworks significantly reduce manual workload while ensuring
high-quality labeled data. Another key approach is SSL, which capitalizes on the vast
amounts of unlabeled biosignal data generated by modern wearable devices [150]. SSL
pre-trains models using pretext tasks that extract meaningful representations from unla-
beled data before applying TL to fine-tune the model with smaller labeled datasets. This
technique enhances model generalization and minimizes reliance on extensive manual an-
notation, making it a powerful tool for improving biosignal analysis in diverse real-world
settings.

3.3.2 Relevance in Health Applications

The integration of DL into healthcare has significantly enhanced patient analysis, diagno-
sis, and treatment by automatically identifying patterns in complex biomedical data. Deep
neural networks have proven highly effective in medical diagnosis and patient monitoring
through tasks such as biosignal classification and anomaly detection. By automating these
processes, DL not only improves diagnostic accuracy but also facilitates personalized treat-
ment strategies tailored to individual patient needs. TL further enhances the applicability
of DL models in healthcare, allowing pre-trained models to be adapted to biosignal and
medical imaging tasks with minimal labeled data. This capability is especially valuable
in clinical settings where annotated datasets are scarce and often very imbalanced, mak-
ing it a powerful tool for real-world healthcare applications. Despite these advantages,
challenges remain in deploying DL models in clinical practice. Issues such as model
interpretability, biases in training data, and the need for regulatory compliance are still
not fully addressed, hindering the widespread adoption of these technologies. However,
ongoing research continues to refine DL systems, ensuring their reliability, fairness, and
robustness in medical applications. The continued development of DL for biosignal anal-
ysis is essential for addressing challenges such as data heterogeneity, label scarcity, and
real-time processing requirements, ultimately improving patient outcomes and medical
decision-making [101].

DL has already demonstrated its transformative potential across various healthcare
applications, enhancing disease diagnosis, long-term monitoring, and personalized treat-
ment. One of its most impactful applications is in disease detection, where it has been
successfully used for diagnosing cardiovascular conditions through ECG analysis [213],
identifying sleep apnea [90], and detecting epileptic seizures [6, 59]. In neuromuscular
disorders, DL has also been applied to Amyotrophic Lateral Sclerosis (ALS) and Myopathy
detection using EMG signals, improving early diagnosis with a lightweight network [152].

Beyond diagnostics, DL plays a crucial role in long-term physiological monitoring
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[192, 160], facilitating the continuous tracking of vital signs with applications in wearable
healthcare and remote patient monitoring. In the field of mental health, several studies
have also been published [162], with stress detection being an extensively explored subject
[43, 221], leveraging biosignals such as EEG, ECG, and HRV to assess physiological
responses to stressors. Additionally, human activity recognition [126] and sleep tracking
[97] are emerging fields where DL enhances the analysis of behavioral and physiological
data for improved health assessments.

As AI-driven biosignal processing continues to evolve, DL is poised to revolutionize
healthcare by enabling earlier disease detection, continuous monitoring, and more precise
therapeutic interventions. However, widespread adoption still requires addressing key
challenges such as model interpretability, biases in training data, and regulatory com-
pliance. With ongoing research refining these technologies, DL is expected to play an
increasingly vital role in improving clinical decision-making and patient outcomes.

3.3.3 Recent Advances

Transformer architectures represent a recent paradigm in DL and have begun making a
significant impact on biosignal processing. As discussed in 3.1.4.3, Transformers leverage
self-attention mechanisms to capture long-range dependencies efficiently, while also allow-
ing parallelization, making them particularly suitable for high-dimensional biosignal data.
Given their success in NLP, researchers have adapted Transformers for biosignal-related
tasks, achieving state-of-the-art performance [10]. In electrocardiography, Transformer-
based models have been successfully applied to arrhythmia classification and heartbeat
segmentation, outperforming other DL architectures, leveraging their ability to capture
temporal dependencies and complex morphological variations. This architecture has also
been applied to EEG, namely for brain-computer interface (BCI) applications, emotion
recognition, and seizure detection, benefiting from their ability to model intricate neural
patterns across time. Similarly, EMG-based applications have used Transformers for silent
speech recognition and gesture classification, where self-attention mechanisms enhance
robustness to noise and variability across subjects. Beyond unimodal applications, multi-
modal Transformers have gained traction in integrating biosignals from multiple sources,
such as EEG and fNIRS for cognitive state estimation, or EMG and accelerometry for
advanced human-machine interfaces [10].

Recent efforts have also focused on improving Transformer efficiency in biosignal
applications. Variants such as Temporal Fusion Transformers (TFT) and Time Series Trans-
formers (TST) have been proposed to address the computational challenges of long biosig-
nal sequences while preserving rich temporal dependencies. Additionally, lightweight
Transformer architectures optimized for real-time processing have been introduced for
wearable devices and mobile health applications, ensuring scalability without compro-
mising performance. These advancements solidify Transformers as a powerful tool in
biosignal analysis, with ongoing research exploring ways to enhance their interpretability,
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efficiency, and adaptability across diverse biomedical applications.

A recent advance in biosignal processing involves the integration of Large Language
Models (LLMs) with biomedical signal analysis, as demonstrated by the development of
SignalGPT, a system designed to convert biomedical signals into structured text reports
[109]. This approach leverages the power of LLMs to interpret physiological signals such
as ECG, EEG, and EMG by transforming them into technical descriptions that can be
further analyzed by AI models. The system consists of a biomedical signal processing
pipeline and a fine-tuned ChatGPT model, which work together to generate clinical reports,
enhancing interpretability and reducing the burden on medical professionals. SignalGPT
was validated using ECG data, demonstrating its feasibility in providing accurate signal
descriptions and medical insights.

Emerging advances in DL for biosignal processing have increasingly focused on
efficiency, transferability, and scalability. Beyond architecture-based improvements, the
idea of creating foundation models for biosignals is gaining traction as a promising
approach to enhance efficiency and generalization. Instead of training models from
scratch for each application, these models leverage large-scale self-supervised learning
techniques, allowing for robust feature extraction from vast amounts of unlabeled biosignal
data. For instance, a recent study trained foundation models for ECG and PPG using SSL
on over 141,000 participants’ wearable data to create highly generalizable representations,
significantly reducing the reliance on annotated datasets [1]. These pre-trained models
can be fine-tuned on smaller, domain-specific datasets using TL, making DL solutions
more accessible for real-world healthcare applications.

A key consideration in recent advances in biosignal processing is the need to develop
lightweight, efficient models and hardware solutions that are not only computationally
effective but also practical for real-world applications.

A very recent and innovative approach named MOMENT: A Family of Open Time-series
Foundation Models is aimed at improving time-series analysis by creating a suite of pre-
trained models that can be applied to various time-series tasks [56]. The key challenge
in pre-training such models lies in the lack of a large, cohesive public repository of time-
series data and the diverse nature of time-series characteristics, such as varying sampling
rates and missing values. To address this, MOMENT introduces the Time Series Pile, a
diverse collection of publicly available time-series datasets spanning multiple domains.
By leveraging masked time-series prediction as a pre-training task, MOMENT enables
models to handle various time-series applications like forecasting, classification, anomaly
detection, and imputation, even with minimal supervision. While this system was not
designed specifically for biosignals, it includes ECG signals as one of its time-series
examples, suggesting that incorporating other biosignals into the framework is feasible.
The models demonstrate strong performance in scenarios where computational resources
are limited, providing a versatile foundation for time-series analysis and setting a new
standard for evaluation through comprehensive benchmarking against existing methods.
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3.4 Final Remarks

DL has revolutionized biosignal processing, offering automated feature extraction, im-
proved performance, and the ability to model complex temporal dependencies. This
chapter has explored the foundational concepts behind DL, key architectural paradigms,
and theirapplications in biosignal analysis. While these models have demonstrated remark-
able capabilities, they also present significant challenges, including high computational
costs and difficulties in generalizing across different domains.

One of the major concerns is the resource-intensive nature of DL models. The environ-
mental footprint of training and deploying these models has raised important ethical and
sustainability considerations, driving research into more efficient training methods and
lightweight architectures. Transfer learning, and energy-efficient optimization techniques
have emerged as viable strategies to mitigate these concerns while maintaining high
performance.

Additionally, while DL has proved, from the existing literature, that it is efective in
handling the inherent complex characteristics of biosignals, such as their non-stationary
and noisy nature, the challenge of generalization remains a key issue in biosignal process-
ing. Variability in biosignals due to subject-specific differences and changing acquisition
conditions complicates model deployment in real-world applications. While domain
adaptation and transfer learning offer promising solutions, the risk of negative transfer
highlights the need for careful dataset selection and fine-tuning strategies.

Despite these challenges, recent advances in DL have shown great promise. Current
trends indicate a growing emphasis on unifying biosignal processing frameworks instead
of developing isolated, task-specific solutions. Recent efforts introduced generalizable
pipelines that integrate pre-trained models with domain adaptation and multi-task learn-
ing strategies [56, 1]. This aligns with the broader movement towards reusable AI models,
where instead of reinventing processing methods for each biosignal modality, researchers
leverage common architectures that can be adapted to different tasks and datasets. This
shift towards standardization, scalability, and efficiency underscores the future of DL
in biosignal analysis, paving the way for more efficient, robust, and widely deployable
AI-driven healthcare solutions.
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4

Deep Learning applied to
Cardiovascular Disease

Classif ication from ECG records

In this chapter, we present a study on the application of Deep Learning (DL) methods for
CVD classification using ECG records. The study was conducted using ECG data from
the PTB-XL dataset, a large publicly available resource. We utilized the data in its raw
format as well as in alternative representations, evaluating whether combining different
formats could enhance diagnostic reliability.

4.1 Introduction

In a healthy heart under normal conditions, approximately once every second, an action
potential is generated at the sinoatrial node and sequentially transmitted to the atria,
the atrioventricular node, the bundle of His, the Purkinje fibers, and, finally, to the
ventricles. This rythmic process can be captured in an electrocardiogram through the
use of at least two electrodes in opposite sides of the heart, which capture the potential
difference between those two points. In this case, we refer to it as one-lead ECG; more
electrodes can be used, and every combination of two electrodes provides an additional
lead, which offers a different perspective of the same phenomenon [52]. The most common
ECG configurations include 12-, 6-, 3-, and single-lead setups. While the 12-lead ECG is
the gold standard in clinical settings due to the comprehensive information it provides,
wearables typically use single-lead ECG to allow for a simpler and more portable setup.
The visual representation of this process is a periodic signal in which several waveforms
are distinguishable, represented in Figure 4.1, corresponding to the different phases of
depolarization and repolarization of the heart’s structures: a P wave (generated by the
atrial depolarization), a QRS complex (generated by the ventricular depolarization), and T
and U waves (generated by the ventricular repolarization). The shape of these waveforms
and the rhythm (or lack thereof) at which they are generated are informative regarding the
presence of cardiac abnormalities, which is why these exams are commonly performed in
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clinical contexts [52, 104].

Figure 4.1: Illustration of the ECG waveforms.

cardiovascular disease (CVD) is a collective term used for all disorders that affect the
blood circulatory system and, according to the World Health Organization (WHO), these
represent the number one cause of death worldwide [28]. Electrocardiography can play
a valuable role in the early identification of CVD either directly through the recognition
of abnormal waveforms (in diseases that affect the heart’s electrical conduction) or by
detecting irregularities in the heart rate, especially when performing continuous monitor-
ing with wearable sensors. Additionally, changes in the heart rate or its variability can
be informative even in the absence of diseases, making ECG a useful tool for prevention
[195]. However, one of the biggest challenges in expanding the use of ECG is the require-
ment for effective data processing tools - an area where DL offers significant potential by
automating complex processing steps.

Since manual ECG analysis is an arduous and challenging task, from early ages, efforts
have been made to create automated methods for supporting and reducing clinicians’
workload. Several have proved to be efficacious while also offering faster and less subjective
results [61, 3, 112]. DL, as discussed in Chapter 3, facilitates ECG analysis by enabling the
direct use of raw signals and automating processing steps that would otherwise require
some level of expertise to be carried out. Specifically, in the context of ECG signal analysis,
DL has, for instance, been successfully applied to: R-peak detection [99], heart disease
classification [111], identification of arrhythmia [215], atrial fibrillation [161], congestive
heart failure [206], and in heartbeat classification in continuous monitoring [160].

While most literature on the application of DL methods to ECG relies on the 1D
signal, recent studies have explored two-dimensional (2D) representations of the signal,
yielding improved results [112, 3]. Such findings suggest that varying formats capture
distinct information or, at least, highlight different aspects of the same data, ultimately
influencing the outcomes. Moreover, each format entails specific architectural choices
with varying levels of complexity. From this reasoning, some questions emerge. If diverse
representations indeed convey different information, could their combined use enhance
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performance? Is the increased complexity justified by potential improvements? Can we
establish a clear relationship between model complexity and performance in the current
context? In this work, we investigated and compared the performance of various DL
approaches, spanning a range of complexity, for CVD classification from ECG, utilizing
raw 1D signal, 2D representations, and multimodal approaches that integrate both.

4.2 The PTB-XL dataset

The PTB-XL dataset is a large publicly available dataset containing 21,837 12-lead ECG
records. The 10-second signals were collected from 18,885 different subjects, including
both healthy and non-healthy subjects. The records have been labeled by up to two
cardiologists and the comorbidities that are present in the data are the following four:
Myocardial Infarction (MI), ST/T Changes (STTC), Conduction Disturbance (CD), and
Hypertrophy (HYP). The records that do not reflect the presence of any disease are
annotated as Normal (NORM) and encompass 56.36% of the dataset. The subjects’ age
ranges between 0 - 95 years and are evenly distributed in terms of gender [205].

The dataset is stored in a 16-bit binary format with a resolution of 1𝜇V/LSB. The
12-lead ECG signals were originally acquired at 400 Hz and two versions of the data are
provided in PhysioBank: an upsampled version at 500 Hz and a downsampled version
at 100 Hz. Although the ECG data is predominantly of high quality, the PTB-XL dataset
includes metadata on signal quality. Some instances exhibit static noise (14.9%), baseline
drift (7.4%), burst noise (2.8%), or electrode-related issues (0.1%) [205].

4.3 Cardiovascular Disease Classification: A Comparative Study
of 1D and 2D Representations and Multimodal Fusion
Approaches1

4.3.1 Objectives

Several DL-based methods have been developed for ECG classification, as reported in
section 3.3. Most of these approaches for ECG analysis use the raw 1-dimensional (1D)
ECG signal. However, recent studies have explored 2-dimensional (2D) representations by
converting the ECG signal into images, with some demonstrating that models leveraging
these representations can achieve superior performance compared to those using the
traditional 1-dimensional (1D) signal [112, 3].

Distinct data representations offer distinct information levels, therefore, contributing
differently to classification performance. As such, classification tasks, namely in the

1This section reports joint work with Hemaxi Narotamo (2D models) and Ricardo Santos (Fusion Models)
and it is based on the publication “Deep Learning for ECG Classification: A Comparative Study of 1D and
2D Representations and Multimodal Fusion Approaches” by Hemaxi Narotamo†, Mariana Dias†, Ricardo
Santos†, André V. Carreiro, Hugo Gamboa, and Margarida Silveira, published in the journal Biomedical
Signal Processing and Control (2024). † First authors.
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context of disease diagnosis, may benefit from complementary information from distinct
modalities [15]. In this work, our main goal was to perform CVD classification on the
PTB-XL dataset. For that, we firstly explored different 1D approaches, testing not only
GRU- and LSTM-based networks but also combinations with 1D-CNN layers, as well
as with Attention mechanisms. Additionally, we tested the potential of transforming
the ECG signals to 2D images and process them with 2D-CNN-based models. These
transformations were proposed by Ahmad et al. [7] and are illustrated in Figure 4.4:
Recurrence Plot (RP), Markov Transition Field (MTF) and Gramian Angular Field (GAF).
Finally, we analised the value of performing multimodal fusion in this context, combining
1D signal and 2D image transformations, offering new insights into the effectiveness of
hybrid models in medical signal processing.

4.3.2 Related Work

4.3.2.1 1D ECG Classification

Several studies have utilized the PTB-XL dataset to train DL models for CVD classification
using 1D ECG records. Namely, in [181] and [182], the authors performed CVD classifica-
tion from raw ECG signals and features extracted from it using a combination of 1D CNN
and fully-connected layers. Strodthoff et al. in [188] compared different models (such as
1D CNN, LSTM, and feature-based algorithms), having shown that architectures based
on ResNet50, InceptionTime and bidirectional LSTM exceed feature-based models.

Virgeniya et al. [204] proposed a GRU with an Extreme Learning Machine model for
ECG classification of the four diseases present in PTB-XL. Their results were enhanced
when the authors applied a process to handle the class imbalance that exists in the dataset,
using the Adaptive Synthetic (ADASYN) data sampling process. With this class imbalance
handling approach, the authors were able to improve their results from a mean specificity
and sensitivity of 58.8% and 92.8% to 91.0% and 86.8%, respectively.

In [214] the authors propose a multi-scale network, based on the ResNet architecture,
containing attention modules to combine different viewpoints, i.e. signals from differ-
ent ECG leads. They obtained an overall AUC and sensitivity of 93.25% and 81.29%,
respectively.

4.3.2.2 2D ECG Classification

As mentioned in Chapter 3, 2D-CNNs are a type of artificial neural network used for image
segmentation, recognition, classification and processing. In the area of ECG classification
for CVD diagnosis, researchers started using approaches that transform the raw ECG
signal into 2D images that are then fed to CNNs to perform classification [112, 7, 183].

Mostof these methods convert the 1D ECG signal into a 2D time-frequency spectrogram
using Short Time Fourier Transform (STFT) [71, 41, 199]. This allows the inclusion of time
and frequency details into a single 2D image. For instance, Huang et al. [71] proposed a

48



4.3. CARDIOVASCULAR DISEASE CLASSIFICATION: A COMPARATIVE STUDY OF 1D AND
2D REPRESENTATIONS AND MULTIMODAL FUSION APPROACHES

method to classify 5 types of arrhythmias from the ECG using a 2D CNN. The proposed
approach was compared with a 1D CNN that takes as input the 1D ECG signal. The results
showed that the 2D CNN obtained an accuracy of 99.00%, outperforming significantly the
1D CNN which achieved an accuracy of 90.93%. Moreover, they have shown that manual
pre-processing steps (signal filtering, feature extraction and selection) are not needed
when classifying ECG signals using 2D CNNs. Diker et al. [41] and Ullah et al. [199] also
converted the ECG signals into spectrogram images as done in [71]. On the one hand, in
[41] these images were used as input for different CNNs: VGG-16, ResNet-18 and AlexNet.
The best results were obtained with the AlexNet model. On the other hand, in [199] a 2D
CNN was trained to classify ECG images into 8 distinct arrhythmia classes. Although in
[41] and [199] it is shown that 2D CNNs can be used for accurate ECG classification, in
these works the 2D CNNs performance is not compared to approaches using the 1D ECG
signal.

Recently, Ahmad et al. [7] proposed three statistical methods to convert the ECG
signal into images conserving the temporal details of the 1D signal: Recurrence Plot
(RP), Markov Transition Field (MTF), and Gramian Angular Field (GAF). They used two
datasets that contain classification labels for each heartbeat. Thus, they converted each 1D
heartbeat into three images using RP, MTF, and GAF, and performed classification using
the AlexNet model. The authors concluded that the proposed ECG-to-image conversion
approaches outperform previously proposed methods based on time-frequency analysis
(such as the STFT).

Therefore, in this work, we aim to apply the image transformations proposed in [7]
to ECG records from a different dataset and compare the performance of state-of-the-art
CNNs designed for image classification. Since in [7] a dataset that contains one heartbeat
per record was used, the classification is performed based only on single-beat information.
Herein, we will use not only the single-beat but also beat-to-beat information. Thus, we
will convert the ECG signal of 10 seconds into images instead of converting the ECG signal
corresponding to only one heartbeat. This will allow us to include more information to
perform classification and potentially capture non-continuous changes among multiple
heartbeats.

4.3.2.3 Multimodal Fusion

Simple phenomena might be explained through multiple factors. For instance, diseases
occur after pathological processes, which can be evaluated by clinical exams, each mea-
suring a specific parameter. Often, multiple tests are needed before making a diagnosis.
Therefore, ML models should benefit from all available data. Multimodal Artificial Intelli-
gence (AI) refers to all techniques used to combine individual modalities, which refer "to
the way in which something happens or is experienced" [15].

According to Baltrusaitis et al., [15], the multimodal AI topic studies five different
challenges: representation, translation, alignment, fusion and co-learning. For this work,
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the representation and fusion problems take more relevance. Representation refers to
the problem of learning the necessary transformations that must be applied to each
modality, so that not only they can be interpreted by a model, but also leverage the optimal
information from each source. On the other hand, fusion refers to the methods applied to
merge the information of all modalities in the prediction of a given task. Recent work on
DL approaches has led to an intersection between these two challenges, as such models
combine the representation learning in an initial layer, to the classification performed on
the last ones.

Regarding fusion, Huang et al. [72] divide fusion strategies to deal with multimodal
data into three types: early, late or joint fusion. Early fusion refers to all methods
that aggregate different modalities at the feature level, either original sensory features,
manually estimated or taken from a separate network. Then, a single model is trained for
the task. On the other hand, late fusion regards the combination of output probabilities
from single-modality models. It includes shallow combination methods, such as averaging
or major voting, or other models which use individual predictions as input. The joint or
intermediate fusion leverages the potential of neural networks for iterative optimization.
These methods take features extracted from either earlier or later layers of individual
networks, which are then merged into a single pipeline where the prediction occurs. The
difference for early fusion is that the propagated final loss affects the unimodal networks,
providing a way for parameter adaptation. These can be randomly initiated (end-to-end
training) or taken from the previous individual training (fine-tuning).

In [7], the authors resort to RP, MTF, and GAF image transformations, to predict
arrhythmia and Myocardial Infarction (MI) with two different strategies. Firstly, an early-
like fusion, or multimodal image fusion (MIF), is designed to concatenate images in-depth
and perform the classification through a single model. The second is a multimodal feature
fusion (MFF) approach, where the first three AlexNets are trained to extract features from
the RP, MTF, and GAF images separately. Thereafter, these features are concatenated
using a gated fusion network and fed to a Support Vector Machine (SVM) to perform the
classification. More recently, in [64], a new DL model called Multimodal Multi-Instance
Learning Neural Network (MAMIL) is proposed for an ECG classification task. MAMIL
uses as multimodal inputs the original ECG signals and GAF images and it applies multi-
instance learning (where each ECG signal and GAF image are treated as instances and
each heartbeat is treated as instances), and a novel attention mechanism-based feature
fusion method for effective classification. One major drawback of this approach is its high
computational consumption.

On other topics, Rastgoo et al. [155] presented a driver stress level classification system
using ECG, vehicle and contextual data. Individual CNNs were designed to extract
features, whose outputs were concatenated and sent to an LSTM to perform classifications.
The training was performed end-to-end and the authors state that results outperform
models that leverage traditional features. Hammad et al. [63] proposed a biometric
authentication system using ECG data and fingerprints, by comparing a sequential and
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parallel system. While the first leveraged modalities separately, the second resorted
to individual CNNs to perform feature extraction and a Q-Gaussian SVM to produce
predictions. The multimodal results exceeded those from the unimodal approaches,
however, limited to differences of around 1%.

Following different fusion strategies proposed in the literature [72], we will explore how
multi-label ECG classification can improve from multiple data representations, namely
the original 1D signal and the RP, MTF, and GAF image transformations. Therefore,
early, late and joint fusion multimodal strategies will be used leveraging developments of
unimodal approaches.

4.3.3 Methodology

In this work, we proposed to evaluate how different ECG signal representations perform in
a multi-label CVD classification task. For this purpose, two different signal representations
are used in different models. Firstly, Recurrent Neural Network (RNN) leverage the
temporal dependency between values in the 1D signal; several different 1D architectures
are tested and compared (1D CNN-, LSTM-, and GRU-based) regarding their performance
on a multi-label classification task on the PTB-XL dataset, previously described in Section
4.2. Then, three signal-to-image transformations, proposed in [7], are applied, and
the classification performance is explored using Convolutional Neural Networks (CNN).
Furthermore, we resorted to multimodal fusion techniques as a way to leverage the
multiple representations of the ECG signal. The best-performing 1D and 2D unimodal
networks are merged into a single network resorting to different fusion strategies.

The objective is focused on the classification of each record in any of the four diseases,
acknowledging that a record may be associated with multiple labels. The absence of any
of these four diseases is implicitly classified as a Normal ECG (NORM). This strategy
was adopted to let models distinguish characteristics and patterns of each disease, under
the assumption that a Normal ECG would be indicated by negative predictions for all
four disease classes. However, to comprehensively assess the models’ effectiveness,
performance metrics for the Normal ECG/Absence of Disease (AD) class were also
calculated.

4.3.3.1 Data Pre-processing

In PTB-XL, the ECG data is available in two sampling frequencies: 100 and 500 Hz. As a
frequency of 90 Hz has been described as the minimum sampling frequency suitable for
detecting the distinct waveforms in the signal (P, QRS, and T) [24], we opted to use the
100 Hz data.

A second-order Butterworth bandpass filter was applied to the ECG signals, with a
high pass cut-off frequency of 1 Hz for baseline wander suppression and low pass cut-off
frequency of 45 Hz for high-frequency noise elimination [105], [153], [180].
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Table 4.1: Description of records per label in the PTB-XL dataset, with the partition into
the train, validation, and test sets, as suggested in [205], with the number of samples in
each multi-label disease class.

Acronym Superclass No. Records
Train Set Validation Set Test Set Total

AD Normal ECG 7 254 916 913 9 083 (42.4%)
MI Myocardial Infarction 4 389 544 553 5 486 (25.6%)

STTC ST/T change 4 193 534 523 5 250 (24.5%)
CD Conduction Disturbance 3 912 497 498 4 907 (22.9%)
HYP Hypertrophy 2 121 271 263 2 655 (12.4%)

Total Samples 17 111 2 156 2 163 21 430

Since the use of all 12-lead signals would imply great computational expense, we
decided to use only three leads: I, II and V2. This decision was made based on the fact
that these three leads have been successfully used to reconstruct the 12-lead ECG in [226]
and, as such, contain most of the relevant information from all channels.

We considered the training/validation/test split recommended by Wagner et al. [205],
resorting to the initially provided data partitions. The authors [205] suggested a 10-fold
train-test split, which was obtained using stratified sampling and ensuring that all records
for a certain patient were placed in the same fold to avoid any leakage. The records in folds
9 and 10 have undergone at least one human evaluation thus they have good label quality.
As a result, we followed the advice and used folds 1-8 as the training set, with folds 9 and
10 serving as the validation and test sets, respectively. Furthermore, we excluded samples
without ground truth labels. The final number of training, validation and test samples is
17 111, 2 156 and 2 163, respectively (Table 4.1).

In the following subsections, we describe the details of the compared approaches for
ECG classification. In all strategies, there are four output nodes corresponding to the four
diseases in the dataset (MI, STTC, acrshortCD, and HYP). The absence of any of these
diseases corresponds to the "NORM" class of the dataset. Since we are dealing with a
multi-label classification problem, we apply a sigmoid activation function to each node in
the output layer. To mitigate the problems raised by the dataset imbalance, the models
are trained to minimize the weighted binary cross-entropy loss:

𝐿𝑜𝑠𝑠 = − 1
𝑁

𝑁∑
𝑜=1

𝑀∑
𝑐=1

𝑤𝑐[𝑦𝑜,𝑐 log(𝑝𝑜,𝑐) + (1 − 𝑦𝑜,𝑐) log(1 − 𝑝𝑜,𝑐)] (4.1)

where 𝑀 = 4 is the number of diseases, 𝑦 is a binary indicator of the ground truth class
label for observation 𝑜, and 𝑝 is the predicted probability of observation 𝑜 belonging to
class 𝑐, 𝑁 is the total number of observations, and 𝑤𝑐 is the weight for class 𝑐. The weight
for each class is inversely proportional to the number of samples of that class in the train
set.

For each approach, the model’s parameters used for evaluation on the test set are saved
from the epoch where the lowest validation loss was achieved during training.
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4.3.3.2 1D Approach

The 1D network had as input the ECG signals after pre-processing. As such, the input
consists of three sequences of length 1 000 (each sequence contains 10 seconds recorded
at 100 Hz). These input signals were used to train models with different architectures.
We explored GRU and LSTM networks (both unidirectional and bidirectional) and the
combination of 1D CNN with RNN (GRU/LSTM) layers. Additionally, we explored the
use of a self-attention mechanism in the best-performing network. The different applied
approaches are denoted as GRU, BiGRU, LSTM, BiLSTM, 1DCNN+GRU, 1DCNN+LSTM,
and GRUAtt. The generic structure of these networks is illustrated in Figures 4.2 and 4.3.
The bidirectional models (BiGRU and BiLSTM) consist of GRU/LSTM layers that process
the time series from both the forward and backward directions.

Regarding the RNN models (LSTM and GRU models), the number of hidden layers
{2, 3} and the number of hidden units {128, 256} were optimized, as well as the dropout
rate {0, 0.3, 0.5}. Dropout was applied to all RNN hidden layers’ outputs except the last
one, only in non-recurrent connections, as applying dropout to recurrent connections
would break the information flow through time. The last state of the last RNN layer was
used as input to the fully connected layer, except in the cases of BiGRU and BiLSTM, where
the input was a concatenation of the last timestep from the "left-to-right" direction and
the first timestep from the "right-to-left" direction.

For the CNN-RNN models, the 1DCNN configuration was composed of three 1D-
convolutional layers, each followed by a max pooling and a dropout layer. Some exper-
iments were performed to optimize the number of hidden units {128, 256} of the single
RNN layer and the dropout rate {0, 0.3} (applied to the 1D-convolutional layers).

All models were trained using the 𝐴𝑑𝑎𝑚 optimizer, for 200 epochs with a batch size
of 256 (or 128 when the allocated memory exceeded the available limits) and an initial
learning rate of 0.005.

Figure 4.2: Overview of the proposed RNN-based framework for ECG classification.

4.3.3.3 2D Approach

In image classification, the most commonly used CNNs include the AlexNet, VGGNet
and ResNet [26], which have exhibited excellent performance in image classification appli-
cations throughout the years. The AlexNet has shown enhanced performance in previous
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Figure 4.3: Overview of the proposed CNN-RNN based framework for ECG classification.
MaxPool denotes the max pooling layer.

works for ECG classification [7, 41]. Thus, we investigated these three architectures, and
we also explored more modern approaches, such as MobileNetV2 [163] and AlexNet with a
self-attention mechanism (AlexNetAtt) [201], to take advantage of the latest developments
in the field.

For each record, we have three signals of size 1 000. Each signal is converted into
the RP, MTF, and GAF images [7]2, hence an image of size (3, 1 000, 1 000) is obtained.
The ECG to image conversion methods applied to a record based on the lead I signal are
shown in Figure 4.4.

Considering a normalized ECG signal with n samples (𝑠𝑘 , for 𝑘 = 1, ..., 𝑛 and 0 ≤ 𝑠𝑘 ≤
1), the three images (RP, MTF, and GAF) are computed as follows:

• GAF: for each sample 𝑠𝑘 calculate the angle 𝛽𝑘 = 𝑎𝑟𝑐𝑐𝑜𝑠 (𝑠𝑘), thereafter each pixel
(𝑘, 𝑙) of the GAF image is computed as 𝑐𝑜𝑠(𝛽𝑘 + 𝛽𝑙);

• RP: each pixel (𝑘, 𝑙) of the RP image represents the Euclidean distance between two
ECG samples (𝑠𝑘 and 𝑠𝑙);

• MTF: firstly define B quantile bins of the signal and assign each sample 𝑠𝑘 to the
corresponding bin 𝑏 𝑗 (𝑗 ∈ [1, 𝐵]), build a 𝐵×𝐵matrix where each entry

(
𝑖 , 𝑗

)
, denoted

by 𝑤𝑖 𝑗 , represents the probability with which a sample in quantile 𝑏 𝑗 is followed
by a sample in quantile 𝑏𝑖 , thereafter each pixel (𝑘, 𝑙) in the MTF image represents
𝑤𝑖 𝑗|𝑥𝑘∈𝑞𝑖 ,𝑥𝑙∈𝑞 𝑗 . In this work, 𝐵 was set to 10, as done in [7].

By concatenating the images obtained for each signal we obtain an image of size (9,
1 000, 1 000). Due to memory constraints, the images of each record were resized to (9,
256, 256). These images and corresponding labels were used to train five CNNs: AlexNet,
ResNet50, VGG16, MobileNetV2 and AlexNetAtt. An overview of the proposed image
sub-net framework for ECG classification is depicted in Figure 4.5.

For the CNNs, we performed several experiments by changing the number of filters in
the first layer {8, 16, 32, 64}, which are then used to compute the number of filters in the
following layers, learning rate {0.1, 0.01, 0.001}, dropout rate {0, 0.3, 0.5} and optimizer

2The ECG to image transformations are based on a publicly available implementation by Ahmad et al.
[7] https://github.com/zaamad/ECG-Heartbeat-Classification-Using-Multimodal-Fusion
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{𝐴𝑑𝑎𝑚, 𝑆𝐺𝐷}. The models were trained from scratch for 100 epochs with a patience
parameter of 20 epochs using SGD.

Figure 4.4: Transformation of an ECG signal of 10 seconds (normalized between 0 and 1)
into 2D images using RP, MTF, and GAF.

Figure 4.5: Overview of the proposed CNN-based framework for ECG classification. Conv,
MaxPool, AvgPool and BatchNorm denote the convolutional, max pooling, average pooling and
batch normalization layers, respectively.

4.3.3.4 Multimodal Fusion

In this work, multimodality was leveraged to combine structurally different data types.
The raw 1D ECG and its 2D representations are not common modality pairs, such as image
and text, and neither are collected through distinct acquisition devices. However, they may
provide networks with complementary information, so one could potentially benefit from
merging both sources. Therefore, we compared the performance of multimodal networks
combining the best-performing single representation networks, namely the GRU network
for the 1D signal and the AlexNetAtt for the produced 2D representations. Three different
fusion approaches were tested [72], which leverage distinct outputs and training strategies.
Additionally, feature-level attention was used in all multimodal fusion strategies, to assert
whether such mechanisms aid in the multi-label CVD classification tasks [14, 201]. A
self-attention layer was added after unimodal feature concatenation and compared to the
original fusion strategies without attention.

Firstly, a simple late fusion approach was developed, leveraging the predictions from
individualnetworks. As depicted in Figure 4.6, a single fully connected layer transforms the
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concatenated predictions from each single-modality network, using their static pre-trained
parameters. Multiple hidden combination layer sizes were tested, {64, 128, 256, 512}, as
well as multiple learning rates, {0.1, 0.01, 0.001}. The late fusion batch size was 256. All
multimodal networks were trained using a maximum of 200 epochs with an early stopping
patience of 10 epochs, no dropout nor L2 regularization, and the 𝐴𝑑𝑎𝑚 optimizer. The
epoch presenting the lowest validation loss was selected and evaluated on the test set.

Figure 4.6: Overview of the proposed late fusion framework for ECG classification. Conv
denotes the convolutional layer, MaxPool is the max pooling layer, and BP represents the backprop-
agation to the unimodal networks, which does not occur in the late fusion strategy (red arrow).
Additionally, the effect of a self-attention layer after feature concatenation was tested against using
solely a single fully-connected layer.

Then, an early fusion network extracted features from both networks, using static
pre-trained parameters, as depicted in Figure 4.7. Activation outputs from multiple layers
were hooked from unimodal networks. These latent representations become the inputs
for the early fusion. While the activation from the GRU block of the 1D network was used
in all experiments, activation after the third, fourth and fifth convolution blocks from the
AlexNetAtt was tested. To counteract the discrepancy between activations of the 1D and
2D networks, additional max pooling and a fully connected layer reduce the output shape
from the later modality. Then, three fully connected layers perform the prediction after
the concatenation of both feature sets. As in late fusion, the impact of a self-attention layer
after unimodal features concatenation was compared to solely using fully connected layers.
Learning rates of {0.1, 0.01, 0.001} and final hidden layer sizes from {128, 256, 512} were
tested during hyperparameter optimization. Each prior fully connected layer doubled the
number of neurons. The early fusion training used a batch size of 128.

Lastly, a joint fusion approach was developed, to evaluate the benefit of fine-tuning
pre-trained parameters from individual networks towards leveraging complementary
information. As schematized in Figure 4.8, activations from the last convolution block
or after the first and second fully connected layers were retrieved from the 2D branch,
while the activation from the GRU block was always used from the 1D network. Again,
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Figure 4.7: Overview of the proposed early fusion framework for ECG classification.
Conv denotes the convolutional layer, MaxPool is the max pooling layer, and BP represents
the backpropagation to the unimodal networks, which is blocked in early fusion (red arrow).
Additionally, the effect of a self-attention layer after feature concatenation was tested against using
solely the three fully-connected layers scheme.

an additional fully connected layer was included for dimensionality reduction after the
2D network, to match both unimodal activation sizes. Then three fully connected layers
are trained from scratch to optimize the CVD prediction. The performance of such a
multimodal fusion network was compared to one using an additional self-attention layer
after unimodal output concatenation. The optimization of the joint fusion strategy asserted
performances using a batch size of 64, and the tested final layer sizes were {128, 256, 512},
including a double factor to each previous layer.

Figure 4.8: Overview of the proposed joint fusion framework for ECG classification.
Conv denotes the convolutional layer, MaxPool is the max pooling layer, and BP represents the
backpropagation to the unimodal networks, which occurs in the joint fusion setting (green arrow).
Additionally, the effect of a self-attention layer after feature concatenation was tested against using
solely the three fully-connected layers scheme.
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4.3.3.5 Evaluation Metrics and Threshold Optimization

CVD diagnosis from the PTB-XL dataset consists of a multi-label classification problem.
Therefore, metrics are computed for each disease label, namely the sensitivity (Eq. 4.2)
and the specificity (Eq. 4.3):

Sens =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (4.2)

Spec =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃 . (4.3)

TP represents true positive predictions, FP indicates false positives, TN stands for true
negatives, and FN denotes false negatives.

When dealing with problems from clinical contexts, it is especially important to avoid
false negatives, and sensitivity tells us how well our model is detecting the presence of each
disease. Additionally, we want it to be specific, i.e., the rate of true negatives concerning
false positives to be high, thus aiming for the best detection of healthy patients. Therefore,
we computed the geometric mean of sensitivity and specificity (G-Mean) to select the best
ECG classification model. It is computed as:

G-Mean =
√

Sens × Spec. (4.4)

The G-Mean was calculated from the average sensitivity and specificity between all
classes, to guarantee equal relevance for all diseases. As such, under-represented classes
are not overshadowed by better-performing and highly-represented categories.

Furthermore, we also computed the accuracy (Eq. 4.5) and precision (Eq. 4.6), to
compare the performance of the 1D, 2D and multimodal approaches with the existing
literature:

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁 (4.5)

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (4.6)

The epoch that presented the minimum validation loss was selected for extracting the
final results.

Decision thresholds applied to the sigmoid activation’s output were optimized by
individual diseases, chosen by those that provided the best performance (highest G-mean)
on the validation set.

4.3.4 Results

4.3.4.1 1D Approach

For each of the six approaches described in Section 4.3.3.2, the architectures’ hyperpa-
rameters were optimized based on the validation loss, and the model with the optimized
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Table 4.2: Classification results obtained with RNN and 1DCNN+RNN models. # Param
represents the number of parameters of each model. The best results are highlighted in bold.
Spec, Sens, and G-Mean denote specificity, sensitivity, and the geometric mean of these two values,
respectively.

1D Strategy # Param Metric MI STTC CD HYP AD Total G-Mean (%)

GRU 249 732 Sens (%) 84.81 83.37 78.71 72.24 77.11 79.67 80.35Spec (%) 78.82 83.96 86.31 71.74 87.20 81.04

LSTM 794 628 Sens (%) 73.60 82.79 82.12 76.81 68.24 75.42 77.72Spec (%) 85.90 84.39 78.68 65.63 90.80 80.09

BiGRU 399 620 Sens (%) 79.20 82.41 80.12 76.43 76.89 78.95 80.00Spec (%) 82.24 83.78 87.93 67.05 88.16 81.07

BiLSTM 532 484 Sens (%) 78.84 84.89 78.71 71.10 75.68 78.18 79.51Spec (%) 82.17 80.79 87.33 70.05 87.12 80.87

1DCNN+GRU 219 536 Sens (%) 72.88 84.13 67.47 66.54 69.55 72.33 75.28Spec (%) 78.88 75.30 83.78 70.63 86.16 78.35

1DCNN+LSTM 81 296 Sens (%) 71.61 88.15 68.67 63.50 73.38 74.04 75.53Spec (%) 77.70 71.95 84.98 68.84 84.88 77.06

GRUAtt 249 861 Sens (%) 83.72 80.88 76.71 78.33 69.11 76.55 78.33Spec (%) 80.50 86.16 85.89 63.53 89.44 80.15

configuration was tested on the test set. The results obtained on the test set are presented
in Table 4.2. The optimized architectures had the following configurations: (a) GRU and
GRUAtt: 3 hidden layers, each with 128 hidden units and a dropout rate of 0, (b) LSTM: 2
hidden layers, a hidden size of 256 and a dropout rate of 0, (c) BiGRU: 2 hidden layers, a
hidden size of 128 and a dropout rate of 0.5, (d) BiLSTM: 2 hidden layers, a hidden size of
128 and a dropout rate of 0.5, (e) 1DCNN+GRU: a hidden size of 256 and a dropout rate
of 0.3, (f) 1DCNN+LSTM: a hidden size of 128 and a dropout rate of 0.3.

Overall, the best sensitivity value was achieved with the GRU model (79.67%), and the
BiGRU model generated the highest specificity (81.07%). Considering the geometric mean
of these two metrics, the GRU network outperforms all the remaining models (G-Mean of
80.35%).

In general terms, the use of 1D convolutional layers prior to the recurrent layers did
not strengthen the network’s performance. Also, considering the G-mean, the GRU-based
approaches outperformed the LSTM-based ones, while simultaneously having a lower
number of parameters. Comparatively, the performance of the GRU network did not
improve when adding bidirectionality, while for the LSTM, the bidirectional version
achieved slightly better results. The use of a self-attention mechanism did not enhance the
GRU model’s effectiveness. While there isn’t, as expected, a direct relationship between
the number of parameters and performance, it is clear that adding complexity to each
different architecture does not necessarily improve results, particularly observing that
neither BiGRU nor GRUAtt outperformed GRU.

4.3.4.2 2D Approach

Table 4.3 shows the classification results, for the test set, obtained for each CNN-based
approach described in Section 4.3.3.3. The optimized architectures had the following
configurations: (a) AlexNet: #filters=16, a batch size of 256, a learning rate of 0.01 and
a dropout rate of 0; (b) ResNet: #filters=16, batch size of 128, a learning rate of 0.01; (c)
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Table 4.3: Mean classification results obtained with CNNs (AlexNet, ResNet50, VGG16,
MobileNetV2 and AlexNetAtt). # Param represents the number of parameters of each model.
The best results are highlighted in bold. Spec, Sens, and G-Mean denote specificity, sensitivity,
and the geometric mean of these two values, respectively.

2D Strategy # Param Metric MI STTC CD HYP AD Total G-Mean (%)

AlexNet 46 334 468 Sens (%) 64.56 82.98 73.09 68.06 76.34 73.85 75.11Spec (%) 74.22 76.95 77.96 73.63 80.48 76.38

ResNet50 1 494 356 Sens (%) 68.54 78.20 68.67 65.40 60.13 67.31 71.75Spec (%) 73.73 79.39 77.36 69.37 85.84 76.48

VGG16 285 347 124 Sens (%) 67.81 84.51 67.07 66.16 79.63 74.62 75.19Spec (%) 72.17 75.49 80.00 73.21 79.04 75.77

MobileNetV2 2 230 724 Sens (%) 57.68 63.86 57.83 32.32 83.57 65.05 73.03Spec (%) 75.40 82.50 85.71 90.95 71.20 81.98

AlexNetAtt 46 335 880 Sens (%) 60.94 74.76 59.84 58.56 82.69 70.36 75.95Spec (%) 77.45 83.66 88.11 82.68 76.40 81.98

VGGNet: #filters of 16, a batch size of 128, a learning rate of 0.1 and a dropout rate of 0.3;
(d) MobileNetV2: #filters of 32, a batch size of 16, a learning rate of 0.1 and a dropout
rate of 0; and, (e) AlexNetAtt: #filters of 8, a batch size of 16, a learning rate of 0.01 and a
dropout rate of 0.

According to the results, the best G-mean (75.95%) was obtained with the AlexNetAtt
model (Table 4.3). Additionally, the highest sensitivity (74.62%) and specificity (81.98%)
were obtained with the VGG16 and MobileNetV2/AlexNetAtt models, respectively. Since
we are interested in obtaining a model with both high sensitivity and specificity, the
AlexNetAtt is the best model to perform ECG classification using these images. Moreover,
the AlexNetAtt model has fewer parameters compared to the VGG16 model.

Overall, these results showed that the ECG to image transformations proposed in [7]
which were applied to ECG signals corresponding to one heartbeat can also be applied to
ECG signals of several heartbeats. The images contain not only the temporal details but
also information regarding the relative amplitude of the different waves present in the
ECG signal. Thus, CNNs can be used to extract features from these images to perform
ECG classification.

4.3.4.3 Multimodal Fusion

Table 4.4 presents the test set results for each fusion approach, both with and without the
additional attention layer. Among the tested hyperparameters in each strategy, the final
model was selected from the lowest validation loss.

The optimized fusion architectures include the following configurations: (a) Late
Fusion: final hidden layer size of 128 and a learning rate of 0.001; (b) Late Fusion with
attention: final hidden layer size of 128 and a learning rate of 0.01; (c) Early Fusion:
activations from the fifth convolution block, with a final hidden layer size of 128 and a
learning rate of 0.1; (d) Early Fusion with attention: activations from the fourth convolution
block, with a final hidden layer size of 256 and a learning rate of 0.01; (e) Joint Fusion:
activations directly after the last convolution block, with a final hidden layer size of 256
and a learning rate of 0.01; and (f) Joint Fusion with attention: activations after the first
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Table 4.4: Classification results obtained with the late, early and joint fusion approaches,
with and without an additional attention layer following unimodal features concatenation.
# Param represents the number of parameters of each model. In late and early fusion approaches,
the count of trainable parameters is shown, with the sum of multimodal fusion weights and those
from unimodal GRU and AlexNetAtt networks presented in parentheses, depending on the layer
from which the activations were retrieved (early fusion). In the joint fusion approach, all unimodal
and multimodal weights are adjusted during training. The best results are highlighted in bold.
Spec, Sens, and G-Mean denote specificity, sensitivity, and the geometric mean of these two values,
respectively.

Multimodal # Param Metric MI STTC CD HYP AD Total G-Mean (%)

Late Fusion 1 668 Sens (%) 75.59 88.91 82.73 77.19 76.34 79.82 79.42(46 587 278) Spec (%) 86.27 77.56 83.18 64.11 88.72 79.02

Late Fusion (Attention) 1 884 Sens (%) 79.75 84.13 76.31 72.24 86.64 81.53 74.35(46 587 494) Spec (%) 67.83 75.30 55.56 64.11 79.84 67.80

Early Fusion 623 620 Sens (%) 80.47 85.47 79.12 68.44 74.15 77.93 78.80(1 057 032) Spec (%) 76.40 79.15 84.32 73.11 88.40 79.68

Early Fusion (Attention) 592 516 Sens (%) 73.06 77.82 78.31 71.48 79.41 76.87 76.20(878 216) Spec (%) 68.39 80.12 82.70 66.11 83.52 75.54

Joint Fusion 4 137 480 Sens (%) 70.71 83.37 71.29 72.62 71.52 73.67 76.56Spec (%) 81.18 78.11 87.03 67.21 88.16 79.55

Joint Fusion (Attention) 40 712 200 Sens (%) 77.94 88.15 77.71 66.16 65.61 74.62 77.16Spec (%) 81.06 78.41 84.74 69.11 89.60 79.79

fully connected layer, with a final hidden layer size of 128 and a learning rate of 0.001.
Again, dropout and L2 regularization were both set to 0, and the 𝐴𝑑𝑎𝑚 optimizer was
employed.

The results of Table 4.4 show that the late fusion approach without a self-attention layer
attained the highest performance on the G-Mean between the sensitivity and specificity
of the test set, with 79.42%. However, this model did not individually achieve the highest
sensitivity and specificity, which were instead attained by the late fusion model with
attention (sensitivity of 81.53%) and the joint fusion model with attention (specificity of
79.79%).

This outcome is not intuitive, considering the differences in complexity. Approaches
with not only more parameters but also access to latent space information from earlier
activations did not lead to better performance. While the early and joint fusion approaches
could have learned useful representations in the last common multimodal layers, the
fusion of output probabilities led to the best performance.

Another key observation was the limited impact of the self-attention layer, which
only improved results in the joint fusion model. However, this strategy, which taps into
activations from a later layer, resulted in a tenfold increase in the number of parameters
compared to other models. In all other strategies, incorporating self-attention led to a
decrease in performance.

Furthermore, given that each network leverages the results from individual modality
training, one might expect these to set the baseline for performance evaluation. Yet, this
hypothesis does not hold up when comparing the results in Table 4.2. The fusion models
neither significantly enhanced performance nor outperformed the most effective strategy,
the GRU model. Therefore, our findings suggest that multimodal DL may not provide
substantial benefits for ECG classification tasks, contrary to what might be expected.
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Table 4.5: Final classification results for the best performing models from the 1D (GRU),
2D (AlexNetAtt) and Multimodal (Late Fusion) strategies. The best results are highlighted
in bold. MM denotes the late fusion multimodal approach.

Approach Metric MI STTC CD HYP AD Total

1D

Sensitivity (%) 84.81 83.37 78.71 72.24 77.11 79.67
Specificity (%) 78.82 83.96 86.31 71.74 87.20 81.04
G-Mean (%) 81.76 83.66 82.42 71.99 82.00 80.35
Precision (%) 57.90 62.37 63.23 26.13 81.48 58.90
Accuracy (%) 80.35 83.82 84.56 71.80 82.94 80.69

2D

Sensitivity (%) 60.94 74.76 59.84 58.56 82.69 70.36
Specificity (%) 77.45 83.66 88.11 82.68 76.40 81.98
G-Mean (%) 68.70 79.08 72.61 69.58 79.48 75.95
Precision (%) 48.14 59.33 60.10 31.88 71.90 57.11
Accuracy (%) 73.13 81.51 81.60 79.75 79.06 79.03

MM

Sensitivity (%) 75.59 88.91 83.73 77.19 76.34 79.82
Specificity (%) 86.27 77.56 83.18 64.11 88.72 79.02
G-Mean (%) 80.75 83.04 82.96 70.34 82.30 79.42
Precision (%) 65.41 55.82 59.54 22.94 83.17 56.47
Accuracy (%) 83.54 80.31 83.08 65.70 73.50 79.22

4.3.4.4 Comparison

The multi-label classification ofCVD was approached in three ways: using the originalECG
signal; leveraging RP, MTF, and GAF transformations; and considering both in multimodal
fusion strategies. These data schemes were considered to evaluate the relevance of image
transformations and multimodal fusion in CVD prediction. Furthermore, we evaluated
different DL techniques and included attention-based strategies, to verify which attained
the best results. Table 4.5 presents additional performance metrics for the best network of
each data approach, i.e., the GRU in the time series sub-net, the AlexNetAtt in the image
sub-net, and the late fusion strategies.

4.3.5 Discussion

The present work aimed to compare multiple DL approaches for CVD classification from
ECG signals. Both 1D and 2D representations of the ECG signals were used as input
for various DL architectures, firstly in independent models and secondly combined in
a multimodal fusion approach. One aim was to understand if merging these two data
formats of the same signal could enhance the classifier’s performance since previous
research has suggested that different signal representations might contain and highlight
different information.

From the results section, the first thing that stands out when looking at the general re-
sults from Table 4.5 is that the 1D approach outperforms both the 2D and the multimodal
approaches, including the G-Mean between sensitivity and specificity. One plausible
reason may be related to their capacity to directly process the raw ECG signals, capturing
intricate temporal patterns more effectively than image-based or combined data repre-
sentations. Moreover, the inherent complexity in effectively integrating the modalities
in multimodal approaches might have contributed to their relatively lower performance.
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This complexity can arise from challenges such as the dominance of one modality, over-
fitting due to increased model complexity, or inefficiencies in how different modalities
complement each other.

Additionally, 1D models also have the advantage of simplicity: they do not require the
additional step of ECG-to-image transformation and have fewer parameters (Table 4.2)
compared to the 2D models (Table 4.3). At first glance, these results might question the
utility of Multimodal DL in ECG classification, particularly given the increased complexity
without a corresponding enhancement in performance. Nonetheless, it is important to
emphasize that sensitivity is of extreme importance in our context, as it is especially
important to avoid false negatives when dealing with the detection of diseases. In that
sense, the multimodal approach was the best one. The precision values were low for all
models, indicating that from the total positive cases detected, only around 59% had the
disease. Again, in a clinical context, a false positive is less problematic than a false negative.
Nevertheless, further improvements on this matter would be beneficial to reduce the cases
of false positive diagnoses in a real-world scenario.

As described in section 4.3.2.2, several studies have shown enhanced CVD classification
accuracy when using CNN approaches after transforming 1D ECG signals into 2D images.
The most commonly applied transformation is the time-frequency spectrogram using
STFT, but a recent study concluded that for the detection of MI and arrhythmia cases,
performing the RP, MTF, and GAF conversions was more advantageous, leading to
better performances [7]. In this study, however, the 2D approach did not outperform
the use of the raw ECG signal. Some factors that could explain these results are worth
discussing. On the one hand, CNNs and RNNs have distinct strengths and weaknesses:
while CNNs are more powerful in finding local spatial features, RNNs (namely those with
gated structures like GRU and LSTM) are designed to handle long-term dependencies
from sequential data. This characteristic might have been an advantage in the present
context since we are dealing with multiple heartbeat signals and not dividing them into
single beats, where the search for local patterns is probably of higher importance. Another
aspect to consider relates to the applied transforms: these highlight the temporal dynamics
within the ECG signal, such as its periodicity while losing some features more related to
the signal’s waveforms. Therefore, the conversion of the signal to an image using these
transforms may be more beneficial if the disease is characterised by anomalies that are
preserved and the opposite happens if the detection of the CVD relies on deviations in
specific waveforms. At last, computational resources limited the direct usage of applied
transformations, requiring an additional resizing from 1 000 values to 256. This process
may have prevented some key patterns from being detected, although one should consider
that using the original size could demand a very significant increase in model complexity.

Analyzing the results for each disease individually reveals distinct patterns in model
performance. The multimodal approach generally achieves the highest sensitivity, par-
ticularly excelling in the STTC category (88.91%), demonstrating its efficacy in detecting
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true positives in this condition. The 1D models also perform strongly across all cate-
gories, particularly in MI (84.81%), whereas the 2D strategy tends to fail in meeting high
sensitivity standards. In terms of specificity, no single strategy consistently outperforms
others, as this varies significantly among different diseases. However, when considering
the geometric mean of sensitivity and specificity, both the 1D and multimodal approaches
either lead or closely approach the best performance. Such conditions may be related to
the fact that the late fusion benefits from previous learning of the 1D network, while the
2D strategy struggles to match these results. Regarding precision, no strategy can attain
particularly high results, indicating the difficulty of the models in maintaining a low false
positive rate, except for the unbalanced non-disease AD class (Table 4.1). Especially in
the HYP class, which contains fewer examples, the maximum precision is only 31.88%,
obtained with the 2D model. Accuracy levels are fairly similar across different strategies.
Although it is widely used across literature and we have used it for comparison purposes,
accuracy does not effectively reflect predictive capacity in imbalanced datasets, a common
issue in diagnostic contexts.

The 1D model consistently demonstrates high performance across various metrics
and conditions, highlighting its effectiveness and reliability in ECG classification. While
the 2D model demonstrates some strengths, especially in specificity for HYP, it generally
underperforms compared to the 1D and multimodal approaches. These findings suggest
that multimodal methods may be particularly advantageous in certain conditions, while
also emphasizing the robustness and versatility of 1D models in ECG classification. For
practical applications, the choice of model (1D, 2D, or multimodal) for ECG classification
should be informed by the specific cardiac condition being targeted, as each model exhibits
unique strengths in different scenarios.

Previous studies using the PTB-XL dataset achieved an average accuracy and sensitivity
of 76.5% and 66.2% [182]; an average accuracy of 76.3% [181]; a mean sensitivity, specificity
and accuracy of 86.8%, 91.0%, and 89.0%, respectively [204]; and an overall AUC and
sensitivity of 93.3% and 81.3%, respectively [214]. The results obtained in this work with
both the 1D and multimodal approaches outperform those achieved in [182] and [181].
An average accuracy/sensitivity of 80.69%/79.67% and 79.22%/79.82% was achieved
in the unimodal and multimodal strategies, respectively. Additionally, our models are
simpler for practical use since they do not require manual feature extraction as done
in [182] and [181]. The results obtained in [204] are comparatively superior regarding
sensitivity and specificity. Nonetheless, it is important to note that these results were
severely enhanced after the implementation of a class imbalance handling approach, where
synthetic signals were sampled. Before applying this technique they had achieved a mean
specificity and sensitivity of 58.8% and 92.8%, which indicates that our models exceeded
their classification power when entirely based on the provided samples. Additionally, no
discussion is provided in this work regarding train-test splits and testing using solely non-
synthetic samples. Nevertheless, while we applied class weights in the loss computation
to counteract the imbalance problem, using a synthetic data generation process before the
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training could lead to improvements. The approach developed in [214] achieved a slightly
higher sensitivity than that achieved in the present paper. However, it is important to
analyze the computational cost that is associated with an improvement of ∼ 1% in the
overall sensitivity. In this work, the authors firstly propose a multi-view multi-scale
network for extracting information from multiple ECG leads using a multi-scale one-
dimensional CNN structure to extract features at different scales of the ECG signal. As
the computational complexity of this first approach was very high, the authors proposed
a smaller single-view network. Nevertheless, when comparing to our GRU network, the
number of parameters of the network is still higher, since ours has ∼ 2.5 × 104 parameters
and the multi-scale network has ∼ 3.9 × 104 parameters. Furthermore, the authors did
not provide the specificity value, which may be much lower than the sensitivity value.
For instance, if we did not take the G-mean into account but only sensitivity, our best-
performing model would be the multimodal late fusion (with attention) model, which
only achieved a specificity of 67.80% while achieving a sensitivity of 81.53% (Table 4.4).
This emphasizes how crucial it is to take into consideration the G-mean of sensitivity and
specificity in disease classification tasks.

4.4 Final Remarks

A key takeaway from this study is that higher complexity or providing more detailed
inputs does not necessarily lead to better performance. In fact, the approach that ultimately
achieved the best performance was the least complex one, highlighting the importance
of balancing complexity and effectiveness. One plausible explanation for this outcome is
that 1D models are well-suited to directly process raw ECG signals, effectively capturing
intricate temporal patterns without the need for additional transformations. On the
other hand, image-based and multimodal representations introduce additional layers of
complexity that may not always contribute to improved classification performance.

The challenges associated with multimodal approaches, such as effectively integrating
different data representations, might have contributed to their relatively lower perfor-
mance. Issues such as modality dominance, where one representation overshadows
the contribution of the other, and the increased risk of overfitting due to greater model
complexity, may have hindered their effectiveness. Additionally, inefficiencies in how the
two modalities complement each other could also explain the performance gap. These
findings reinforce the notion that simplicity in model design can often yield robust and
reliable results, aligning with one of the main goals of this thesis - to explore the trade-off
between model complexity and generalization, while advocating for lower complexity as
a goal in itself due to the environmental and computational costs associated with large
DL models.

However, interestingly, the multimodal approach achieved the best sensitivity among
the evaluated methods, which is a crucial factor in scenarios where identifying positive
cases is of utmost importance. It is also important to consider that the reported results
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represent an average across different cardiovascular conditions. A closer analysis reveals
variations in performance across specific conditions, suggesting that different diseases
may benefit from different processing strategies. For example, while the 1D model
consistently demonstrated high performance across various metrics and conditions, the
2D model exhibited notable strengths in terms of specificity for HYP.These findings
suggest that multimodal methods could hold advantages in particular conditions, yet the
robustness and versatility of 1D models was again evidenced for ECG classification. Future
improvements could potentially be achieved by processing each image representation
independently in separate models and subsequently merging the outputs, rather than
combining them at the input level. Such an approach might allow each representation to
contribute its strengths without introducing unnecessary complexity at earlier stages of
processing.

Overall, this study highlights that increasing model complexity and incorporating
more detailed data does not always lead to improved outcomes. In biosignal processing,
while certain scenarios may gain from added dimensionality or the use of multimodal ap-
proaches, their practical application must be carefully considered in light of the challenges
they pose, especially regarding generalization and computational efficiency.
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5

Deep Learning applied to ECG Noise
Detection and Removal

This chapter explores the application of Deep Learning (DL) methods for noise handling
in ECG records, with a primary focus on noise removal. Various approaches were tested to
assess their effectiveness, and a noise detection and classification method is also proposed.
The models were trained using data from the PTB-XL dataset, previously described in
Section 4.2, now combined with noise samples from the MIT-BIH Noise Stress Test database.
A key objective in this chapter is to analyze the generalization power of models trained
on data acquired in controlled clinical settings to more complex, real-world occupational
environments, specifically within a factory assembly line.

5.1 Introduction

Wearable technologies have extended biosignal acquisition beyond clinical walls, em-
bedding sensors into the daily life of a wide part of the population to track heart rate,
sleep patterns, and physical activity in real-time. Wearables also enable clinicians and
researchers to take ECG monitoring out of the clinical and laboratory environment to
assess cardiovascular health at virtually any environment and moment in time. As a
result, biosignals are now being used in a wide range of applications in addition to clinical
applications. Monitoring occupational health through ECG can yield positive outcomes
at both individual and organizational levels, as work-related cardiovascular disease (CVD)
have direct implications on productivity, contributing to higher absenteeism and reduced
efficiency [4, 184].

However, while acquiring ECG signals with wearables is relatively straightforward,
ensuring data quality and readability remains a critical challenge. In non-clinical, uncon-
trolled environments, freely moving subjects and various noise sources can significantly
distort the acquired signals, making accurate analysis and interpretation difficult. The
most common sources of noise in ECG signals originate from Muscle Activation (MA)
near the electrode placement, Electrode Motion (EM), and Baseline Wander (BW) [86],
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which are the primary focus of the present work. Artifacts that overlap with the frequency
spectrum of the ECG signal (∼[1 Hz,45 Hz]) are particularly challenging to remove, as
these cannot be removed with linear filters (low-, band-, nor high-pass filters) [104].

The impact of noise is particularly pronounced in occupational environments where
movements are more frequent and intense. Work settings like factories, where work is often
repetitive and performed in awkward postures, lifting of potentially heavy components,
and under high levels of noise and stress, exemplify environments where physiological
monitoring should be a standard practice, as argued in section 2.3. However, these
environments are also highly susceptible to noise interference, since workers engage in
rapid, repetitive, andabruptmovements. In suchscenarios, factors like muscle contractions
around the electrodes and minor electrode shifts are more likely compared to clinical
settings, where subjects are typically in a resting state during examinations. Regardless of
the context - clinical or occupational - ensuring data quality is crucial for deriving reliable
information. Effective noise removal and quality assessment techniques are essential to
guarantee accurate data interpretation and decision-making.

5.2 The MIT-BIT Noise Stress Test Dataset

MIT-BIH Noise Stress Test Database [136] is a publicly available dataset from PhysioBank
[53] whichcontains records ofEM, BW andMA noise. The noise datasetusedcontains three
half-hour noise recordings that are typically found in ambulatory ECG recordings. These
recordings were obtained using physically active volunteers, with standard ECG recorders,
leads, and electrodes that were placed to ensure that the recording predominantly captured
noise rather than ECG signals. Two channels of noise recordings were collected at 250 Hz.

BW is a low-frequency noise usually caused by respiration or body movements that
lead to slow changes in electrode-skin impedance consequently causing the ECG baseline
to drift [94]. EM artifacts occur due faster changes in the electrode-skin impedance, usually
caused by abrupt physical movement of the electrodes relative to the skin. These artifacts
typically have a frequency range of 0.5 to 10 Hz and can manifest as large-amplitude
waveforms in the ECG signal, potentially leading to misinterpretation [86]. MA noise
originates from the electrical activity of surrounding skeletal muscles which cause high-
frequency fluctuations (EMG) to be superimposed on the ECG signal. Its frequency range
usually overlaps with that of the QRS, ranging from 5 to 50 Hz, making it more difficult
to isolate from the signal [104].
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5.3 Automatic Noise Removal from ECG signals1

5.3.1 Objectives

The primary objective of this work is to develop and evaluate a DL model capable of
effectively removing the three most common types of noise - MA, EM, and BW - from ECG
signals. While the model was trained using the PTB-XL database and noise samples from
the MIT-BIH Noise Stress Test database, a key goal of this study is to assess the model’s
generalization beyond controlled clinical environments. To this end, data was collected
in a real-world occupational setting under the scope of the OPERATOR - MIT Portugal
Project. The data was acquired with a single lead wearable device, in an automotive
assembly line, where subjects performed routine tasks involving a wide range of motor
strategies, resulting in complex noise interference. Evaluating the model’s performance in
such an environment provides valuable insights into its potential for practical deployment
in workplace health monitoring applications.

The specific objectives of this study can be summarized as follows: (i) developing a
lightweight GRU-based DL model that balances performance and computational efficiency,
(ii) utilizing a diverse and heterogeneous dataset to ensure the model’s ability to handle
ECG signals from a wide range of patients, including those with different cardiovascular
conditions, (iii) testing the model in a challenging real-world industrial setting, offering
an evaluation of its generalization to uncontrolled environments.

5.3.2 Related Work

Regarding state-of-the-art approaches in ECG signal denoising, we can distinguish tradi-
tional approaches from DL-based ones. Traditional noise removal techniques encompass
empirical mode decomposition, wavelets, sparsity-based models, bayesian filters, non
local means denoisers, and hybrid models [31, 197]. In comparison to these, deep neural
networks have shown enhanced performance in ECG denoising, having the advantage
of being adaptable to different noise amounts and sources, if trained with sufficient and
relevant data. Most ECG denoising approaches that employ DL focus on denoising au-
toencoders (DAE), for which several model architectures have been proposed, including
Feed Forward Neural Network (FFNN), Convolutional Neural Network (CNN), and Long
Short Term Memory (LSTM) cells. Rodrigues and Couto [157] presented a feed forward
NN with three hidden layers for the reduction of electrode motion artifacts. With their
model, they showed that a variety of QRS detectors perform better after using it to denoise
ECG signals. In [121], two fully-connected DAEs, one with a single hidden layer (SHL) and
one with multiple hidden layers (MHL) were trained on ECG signals to which Gaussian
white noise was added.

1This section is based on the publication “Cleaning ECG with Deep Learning: a denoiser tested in
industrial settings” by Mariana Dias, Phillip Probst, Luís Silva, and Hugo Gamboa, published in the journal
SN Computer Science (2024).
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Arsene, Hankins, and Yin [12] proposed two models for ECG denoising. The first was
a CNN model consisting of six blocks that contain a convolutional layer followed by batch
normalization layer, a rectified linear unit layer, and average pooling layer. The second
was an LSTM model composed of two blocks that include an LSTM layer with 140 neurons
followed by fully-connected rectified linear unit layer, also with 140 neurons. Both models
use an input layer of 30000 neurons which is equal to the number of samples in the ECG
input signal and a fully-connected regression output layer that reconstructs the original
signal. To train and test their models they used two synthetic datasets and a real ECG
dataset. In the synthetic datasets they added random and drift noise, while for the real
ECG dataset a focus was put on motion artifact noise. The two models were compared
with a traditional wavelet approach, showing that the CNN model outperformed the
LSTM and the wavelet approach, when comparing the root mean square error between
the reconstructed and original signal.

Antczack [9] developed an architecture consisting of an LSTM layer with 140 neurons
followed by two ReLU layers of 64 neurons each that was trained on ECG sequences
with a length of 600 samples. Their network was pre-trained with synthetic data to find
an optimized architecture and subsequently fine-tuned with real data. Both datasets
were corrupted by white noise. They compared their network to a wavelet approach
and a bandpass filter and their model outperformed these approaches. Pre-training with
synthetic data helped the model to converge faster when being fine-tuned.

A DAE that combines CNN and LSTM was proposed by Dasan and Panneerselvam
[39]. The encoder of their model consists of eight convolutional layers of with max-pooling
layers in between. The final component of the encoder consists of a LSTM cell followed
by a fully-connected layer. The decoder mirrors the convolutional layers of the encoder
with the difference that no batch normalization is applied and max-pooling is replaced
by 1D up-sampling. They evaluated their model by comparing it to other convolutional
as well stacked DAEs when applying white gaussian noise to ECG signals, showing that
their approach outperformed the comparative networks.

An approach using a generative adversarial network (GAN) was proposed in [206].
The generator of the GAN receives signals corrupted with noise and is set to recreate the
original noise-free signal. It consists of three fully-connected layers; the input and output
layers are of size 310 which corresponds to the number of samples in the signals fed to
the network. The generator of the network is trained with different loss functions that are
composite combinations of the default generator loss, a distance function, a maximum
local difference, and a mean square error. The discriminator receives either the output of
the generator or a real noise-free ECG signal. It is set to distinguish if the provided input
is either a real noise-free signal or a denoised signal.

While the presented approaches are all valid in their own right, they have certain
limitations. With the exception of [121] and [9], all presented papers used either synthetic
data and/or the MIT-BIH Arrhythmia database [135], which consists of data from only
47 subjects. There is the possibility that these networks are biased towards arrythmia
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signals and their denoising results would not translate to other pathologies. Furthermore,
in all works noise was applied to the entire sample, which is not necessarily representative
of real-world scenarios (e.g., motion or muscle artifacts do generally appear for short
amounts of time, unless the subject is moving constantly). Finally, while [121] and [9] used
the PTB-XL database they only applied white noise to their ECG samples. This shows that
there is a lack of models that are trained with (1) more diverse datasets (i.e., containing
more pathologies and data from healthy subjects), (2) realistic noise characteristics and
(3) that are tested and evaluated on data collected in out-of-laboratory environments.

The methodology of the present study is divided into two parts. The first part
focuses on the development and training of a noise removal model using ECG data from
the PTB-XL dataset combined with noise samples from the MIT-BIH Noise Stress Test
database. The second part evaluates the model’s performance in a real-world industrial
setting, assessing its effectiveness in denoising ECG signals collected from workers in an
automobile assembly line.

5.3.3 Methodology

5.3.3.1 Part 1: Model development

Data pre-processing For developing the present work and training our model, we used
two databases: the PTB-XL database [205] and the MIT-BIH Noise Stress Test database
[136], both publicly available in PhysioBank [53]. PTB-XL is described in the previous
section (section 4.2) and the MIT-BIH Noise Stress Test database contains three half-hour
recordings of BW, MA, and EM noise. Two channels of noise were collected at 250 Hz, by
placing the electrodes in such a way that the ECG was not visible.

The following pre-processing steps were applied to the ECG signals: (i) the 500 Hz
version of the PTB-XL database was down-sampled to 360 Hz (same as the MIT-BIH
arrhythmia database); (ii) a second-order bandpass butterworth filter was applied to all
ECG signals, with a high-pass cutoff frequency of 1 Hz and a low-pass cutoff frequency
of 45Hz to eliminate high-frequency noise [104]; and (iii) a Min-Max normalization was
performed (normalization based on the minimum and maximum values of each record).
The noise data was also resampled to 360 Hz.

Training, Validation, and Test Sets The ECG data from PTB-XL was divided in training,
validation, and test sets, with a proportion of 70%, 15%, and 15%, respectively. For each
signal, the three leads with the lowest number of peaks were selected and, for the training
set, the 3 leads were used as separate signals; for the validation and test sets, 1 of the 3
leads was randomly selected. The rationale of this procedure is: as all leads are records of
the same heart activity, a higher number of peaks in one lead is likely due to the presence
of noise. This way, we had 45777 (15259 × 3 leads) ECG samples for training, 3270 for
validation, and 3270 for testing. Regarding the noise data, both provided channels were
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Figure 5.1: Schematic representation of the creation of noisy samples from adding MA,
EM and BW noise to the clean ECG samples from PTB-XL.

used, totaling 60 minutes of BW, MA, and EM noise. 80% (48 minutes) was used for
training, 10% (6 minutes) for validation, and the remaining 10% for testing.

The model’s input: noisy samples For training our model, we added to each 10-second
clean ECG signal a random portion of noise, with a length of 2 to 6 seconds. The EM and
MA noises were added to a random part of the clean ECG signal while the BW noise was
always added to the entire 10 seconds, as illustrated in Fig. 5.1. Additionally, to some
records, mixed samples of different types of noise were added. The set of all possible
combinations was: (MA, EM, BW, BW + MA, BW + EM, MA + EM, BW + MA + EM).
There was a probability of 1/3 that the added noise was MA, of 1/3 that the added noise
was EM and of 1/3 that the added noise was either BW or any combination. The reason for
this is the fact that BW noise is the easiest to remove and having combinations of different
noise simultaneously is less likely in the real world scenarios. In the training set, since
we used 3 leads from the same signal separately, a different type of noise was added to
each lead. In the training and validation sets, in order to include different proportions
of noise, the noise was multiplied by a randomly chosen factor between [0.7, 1.5] before
being added to the ECG signal. These boundaries were chosen to ensure that the model
was exposed to neither too low nor unrealistically high amounts of noise. In the test set,
the added noise had known SNRin values of either 0, 5, 7, or 10 dB.

Architecture definition and training During the developmentof the GRU model, various
architectures were tested in the validation set. The optimized hyperparameters are
presented in Table 5.1. The model was fed with ECG signals following pre-processing and
noise addition steps. Prior to inputting the data into the model, a Min-Max normalization
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Table 5.1: Hyperparameters of the model and corresponding optimized values.

Hyperparameter Tested values
Number of layers {2,3}

Number of neurons {32, 64, 128, 256}
Dropout rate {0, 0.3}
Bidirectional {True, False}

was applied, resulting in sequences of3600 samples each (representing 10 seconds recorded
at 360 Hz) with values ranging from 0 to 1. The desired output consisted of the clean signals
after pre-processing. While the model’s number of layers, neurons, and the dropout rate
(applied to the output of GRU layers, except for the last one) were subject to optimization,
certain parameters of the model were preestablished. In the bidirectional approach, only
the first or first two layers (in the cases where there were three) were configured to be
bidirectional. The loss function employed was the Root Mean Square Error, measuring
the discrepancy between the predicted and desired outputs. All models were trained
using the 𝐴𝑑𝑎𝑚 optimizer, for 130 epochs with a batch size of 256 and an initial learning
rate of 0.005. For each approach, the model parameters from the epoch with the lowest
validation loss during training were saved. Finally, validation losses were compared and
the model achieving the lowest value was tested on the test set.

We conducted model training using a Nvidia GeForce GTX 1080 Ti GPU and the code
was implemented in the DL framework Pytorch [146].

Evaluation metrics To evaluate model performance on the PTB-XL database, the main
metrics found in the literature were used: the Root-Mean-Square Error (RMSE), the im-
provement in the Signal-to-Noise Ratio (SNRimp), and the Percentage-Root-Mean-Square
Difference (PRD) [31]. Equations 5.1 to 5.5 describe these metrics, where 𝑦 is the original
clean ECG signal, 𝑦̃ is the noisy signal, and 𝑦̂ is the denoised signal. It is important to
note that all these metrics imply the existance of a clean ground truth signal to compare
the denoised output with, which means that they are not useful for real use cases. The
equations that define these metrics are the following:

𝑅𝑀𝑆𝐸 =

√√√
1
𝑁

𝑁−1∑
𝑛=0

[𝑦(𝑛) − 𝑦̂(𝑛)]2 (5.1)

𝑆𝑁𝑅𝑖𝑚𝑝 = 𝑆𝑁𝑅𝑜𝑢𝑡 − 𝑆𝑁𝑅𝑖𝑛 (5.2)

𝑆𝑁𝑅𝑖𝑛 = 10 × 𝑙𝑜𝑔10

( ∑𝑁−1
𝑛=0 [𝑦(𝑛)]2∑𝑁−1

𝑛=0 [𝑦̃(𝑛) − 𝑦(𝑛)]2

)
(5.3)

𝑆𝑁𝑅𝑜𝑢𝑡 = 10 × 𝑙𝑜𝑔10

( ∑𝑁−1
𝑛=0 [𝑦(𝑛)]2∑𝑁−1

𝑛=0 [𝑦̂(𝑛) − 𝑦(𝑛)]2

)
(5.4)
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𝑃𝑅𝐷 =

√√∑𝑁−1
𝑛=0 [𝑦̂(𝑛) − 𝑦(𝑛)]2∑𝑁−1

𝑛=0 [𝑦(𝑛)]2
× 100% (5.5)

5.3.3.2 Part 2: Testing the model on industrial setting data

The main goal of the present study is to build a model that is effective in the task of
removing noise from ECG data acquired with wearable sensors in real-world scenarios,
namely during work in a factory, where noise sources are various and extremely difficult
to avoid. As such, After developing our model, we performed a test on data acquired in
an industrial setting, with the aim of testing the robustness of the model. In section 5.3.3.2,
the data acquisition protocol is described; in section 5.3.3.2 the applied method for testing
the model with these data is defined; and in section 5.3.3.2 we justify the parameters used
for evaluating its efficacy in the absence of clean ground truth data.

Data acquisition protocol A total of 46 subjects working in an automotive assembly
line participated in the study. Data from 3 subjects were lost due to equipment problems
during the acquisition, resulting in a final sample size of 43 participants (Table 2 contains
the demographics information of the participants). Each session had a duration of 20
minutes to 1 hour where the workers performed their regular work tasks (it was not
possible to standardize the time duration of the acquisitions because the regular assembly
line functioning could not be compromised). The data collection was performed using the
acquisition software OpenSignals (Plux, Lisbon, Portugal). A single-lead electrocardiogra-
phy sensor with triode configuration (Plux, Lisbon, Portugal) was placed on the operator’s
chest, as represented in Fig. 5.2, and the sensor was acquiring with a sampling rate of 350
Hz. The electrode placement was chosen to minimize the muscle activation noise, once
the workers are performing intense upper body work and there was the need of reducing
the risk of obtaining irreversibly noisy data. In addition to the ECG, other sensors were
used to acquire electromyography, respiration and movement data, nonetheless, this data
was not used for the present study. The protocol was clearly explained to each participant,
and all subjects gave their informed consent for inclusion before they participated in the
study. The study was conducted in accordance with the Declaration of Helsinki, and the
protocol was approved by the Ethics Committee of University of Porto.

The acquired raw data were stored and visually inspected. From the visual inspection,
it was possible to see that, although noisy as predicted, the data was in general of satisfying
quality considering the conditions under which the acquisitions were performed.

Pipeline for ECG denoising The main pipeline that was applied to the ECG data for
testing our model can be described by the following sequence of steps: (i) randomly select-
ing 10-min from each subject’s data, (ii) preparing the signal, which includes resampling
to 360 Hz, and MinMax normalization; (iii) running the model giving the prepared signal
as input; (iv) post-processing - the post-alignment step - which is the application of a 3rd
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Table 5.2: Participants’ demographics data.

Sex 4 F 39 M
Age 38.0 ± 7.7 yrs

Height 176.7 ± 6.9 cm
Mass 77.9 ± 11.1 kg

Figure 5.2: An illustrative representation of the ECG electrode placement.

order highpass butterworth filter with a cutoff frequency of 0.5 Hz. The last step was
added to our pipeline due to a bias that the model was adding to the output when long
signals were given as input, causing a misalignment.

For time optimization purposes, we evaluated the impact of segmenting the ECG
signal prior to its use as input to the model. The segmentation process, depicted in Fig.
5.3, can be outlined as follows: (i) dividing the signal into 31-second segments with a
1-second overlap with the preceding one (excluding the initial 30-second segment), (ii)
applying denoising to each segment using the BiGRU denoiser, and (iii) reassembling the
segments. To reconstruct the signal, the initial 0.5 seconds of each output segment are
cut, and the remaining overlapping 0.5 seconds undergo mean overlap computation, as
indicated in green in Fig. 5.3.

Model evaluation on industrial setting data Testing on real-world data is a necessary
step to understand if a model has the generalization power to properly execute the task
it was designed for or if it only learned the features of the data it was trained with (i.e.,
whether it is overfitted or has good generalization power). Nonetheless, this evaluation
is not straightforward, since there is no ground truth to compare our results with. The
literature on ECG quality assessment can be divided in 3 main approaches [87]: the first
uses statistical metrics to assess if the signal is of good quality or not, based on the expected
shape of the histogram of a clean ECG signal; the second is based on distance metrics from
template signals; the third comprises machine learning models that perform classification
distinguishing noisy from clean signals. The first two approaches fall short when we are

75



CHAPTER 5. DEEP LEARNING APPLIED TO ECG NOISE DETECTION AND
REMOVAL

Figure 5.3: Illustration of the segmentation process applied to long ECG signals. Within
the reconstruction phase of the process, "remove" and "mean" correspond to two key
actions performed on output signal segments: "remove" indicates the portions of the
signal that are cut, while "mean" designates the segments overlapped to compute the final
reconstructed signal, depicted at the bottom of the figure.

dealing with data that are not acquired in a clinical setting, because the shape of the ECG
signal and, consequently, of the histogram depend on the placement of the electrodes
while acquiring the ECG. This way, clean ECG signals can have high distance values
from ECG templates or have different histogram shapes not meaning that it is due to the
presence of noise. The most recent studies on ECG quality assessment methods focus on
distinguishing noisy from not noisy segments of signal and not on quality quantification
[19] [216]. This can be useful for automatic deletion of noisy data (for example, for clinical
purposes) or for selecting the parts of the data which should be denoised. For the purpose
of this paper, nonetheless, it is not applicable as we are dealing with data that is almost
continuously subject to noise and we are trying to improve its quality in order to allow
the study of cardiovascular response in workers using wearables. Moreover, it’s crucial
for these algorithms to be made publicly available, enabling wider testing and application,
and this is frequently not the scenario [19].

Previous results obtained within the scope of the OPERATOR project have shown a
significant correlation between heart rate variability (HRV) and fatigue state of subjects
performing repetitive work in a laboratory setting [30, 29]. These results suggest that
from HRV we can obtain meaningful information from a subject’s physiological state
during work. Nonetheless, the various sources of noise that were present in an industrial
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workstation contaminate the ECG data and, hence, lead to higher difficulties while
performing R-peak detection for the computation of HRV metrics. As such, in order
to evaluate the performance of the BiGRU model in this new dataset, the chosen approach
was to evaluate the improvement in R-peak detection after cleaning the noise with our
model, similarly to the strategy implemented by Rodrigues and Couto in [157].

In summary, for evaluating the model, we used a random 10-minute segment from the
data of each participant and computed the number of missing peaks (MP) and wrongly
detected peaks (WP) before and after performing the noise removal. To do that, we did
the following steps: (i) R-peak detection, for which we employed a widely used Python
algorithm from a well-know toolbox named Neurokit [118] (we used the default method,
where the QRS complexes are detected based on the steepness of the absolute gradient
of the ECG signal); (ii) compute the distance between each two consecutive peaks; (iii)
compute the upper and lower limits for outlier detection, based on the 25% (Q1) and 75%
(Q3) quartiles (and the Inter-Quartile Range (IQR)), as represented in equations 5.6 to 5.8;
(iv) compute the derivative of the distances vector and check if it is higher than a minimum
value of 50 (experimentally determined). The last criterion was added to make it robust to
large (yet physiologically acceptable) heart rate fluctuations, avoiding erroneous outlier
detections.

𝐼𝑄𝑅 = 𝑄3 −𝑄1 (5.6)

𝑈𝑝𝑝𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄1 + 1.25 × 𝐼𝑄𝑅 (5.7)

𝐿𝑜𝑤𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑄3 − 1.25 × 𝐼𝑄𝑅 (5.8)

5.3.4 Results

5.3.4.1 Part 1: Model development

From the models described in section 5.3.3.1, the one that achieved the lowest RMSE
on the validation set was the bidirectional GRU with 2 layers of 64 hidden units with 0
dropout rate. This model has 26121 parameters and achieved the best performance on the
validation set after training for 58 epochs. Fig. 5.4 illustrates the evolution of the model
performance throughout the training phase: after the first epoch, the model outputs a
timeseries that is almost entirely the same as the input; after 10 epochs it gets closer to
the clean signal and after training for 58 epochs the noise is essentially removed from the
input signal. Fig. 5.5 shows some examples of the performance of the final model on
different signals from the test set, corrupted with each type of noise and combination of
different noises.

Table 5.3 demonstrates the mean results over all test signals according to the SNRin.
When higher amounts of noise are added to the input (i.e., lower SNRin) the SNRimp

is higher. However, PRD and RMSE increase, indicating that the output has a higher
denoising error.
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Figure 5.4: Denoiser perfomance after the first, the tenth and the 58th (best) epochs.

Figure 5.5: Denoiser perfomance on samples from the PTB-XL test set: EM, MA, and BW.
Right: samples corrupted with different combinations of noise.

Regarding the model’s performance on different types of noise, described in Table
5.4, the results show that the model is most and least effective in cleaning BW and EM,
respectively.

In Fig. 5.7 we compare our model’s performance with two traditional denoising
methods: the Neurokit filter (a 0.5 Hz high-pass butterworth filter of 5th order, followed
by powerline filtering) and the Pan-Tompkins algorithm. These denoisers are open source
programs which are publicly available in the Neurokit Python Toolbox [118]. The RMSE

Table 5.3: Mean results obtained (SNRimp, PRD, and RMSE) for each SNRin.

SNRin (dB) SNRimp (dB) PRD (%) RMSE
0 21.7 8.9 0.041
5 19.5 6.5 0.029
7 18.6 5.7 0.025
10 16.5 5.4 0.023
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Figure 5.6: Denoiser perfomance on samples from the PTB-XL test set: samples corrupted
with different combinations of noise.

Table 5.4: Results obtained (SNRimp, PRD, and RMSE) per noise type.

Noise Type SNRimp (dB) PRD (%) RMSE
MA 19.2 6.4 0.029
EM 18.2 7.0 0.032
BW 20.6 5.5 0.024

MA + BW 19.4 6.5 0.027
EM + BW 19.5 6.1 0.027
MA + EM 19.2 6.4 0.029

MA + EM + BW 18.9 6.6 0.029

is 0.029, 0.393, and 0.405 when using the proposed GRU model, the Neurokit and the
Pan-Tompkins denoisers, respectively, which shows that our model clearly outperforms
these traditional denoisers.

5.3.4.2 Part 2: Testing the Model in Industrial Setting Data

As explained in Section 5.3.3.2, the results from the data acquired in the industrial work
setting were obtained by segmenting the input signals. This was done to decrease the
runtime of the model pipeline. Fig. 5.8 reveals the generated output when performing
versus not performing segmentation around an example of a segmentation limit, showing
that the results are similar, having little influence in the signal morphology around the
segments limits. In the subsequent figures of the present section, all the denoised signals
correspond to outputs obtained using the segmentation step.

The peak detection process, before and after denoising the signal, is represented in Fig.
5.9. This image illustrates the presence of outliers in the BPM signal, which was computed
from the distance between each two consecutive peaks divided by the sampling frequency,
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Figure 5.7: Comparative results of the proposed denoiser (GRU) and two denoisers publicly
available through the Neurokit Python toolbox [118]: Neurokit and Pan-Tompkins.

Figure 5.8: Comparison of the output signal around a segment limit when the segmentation
of the signal was not performed (top) versus when it was (bottom).
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Figure 5.9: Presence of outliers in the beats per minute (BPM) plot, from the peak detection
process in the ECG signal, before and after signal denoising.

360Hz, multiplied by 60s/min. The peak detection performance is extremely improved
after applying the proposed algorithm.

Fig. 5.10 exhibits an example of the output of the model in comparison with the noisy
input signal. In Table 5.5, we present the mean results across all 43 subjects, including
the counts of missing and wrongly detected peaks (MP and WP, respectively) before and
after denoising, along with the corresponding relative improvements (%Imp) achieved
after signal cleaning using the proposed algorithm. These results distinguish between
outcomes obtained before and after the implementation of the segmentation step. On
average, more than 70% of the missing peaks are correctly detected after denoising the
signal. Concerning WP, more than 50% of the peaks that were erroneously detected
are corrected. These results demonstrate that the efficacy of the model does not change
considerably due to the segmentation step. Nevertheless, performing signal segmentation
significantly reduced processing time by about 50% for 10-minute sequences.

Table 5.5: Results obtained in R-peak detection before and after applying the proposed
model. Two different approaches (with and without segmentation) are compared with
the results prior to cleaning the signals acquired in an industrial setting.

Before After (no segmentation) After (with segmentation)

MP WP MP WP MP WP

Mean ± std 60 ± 50.7 36.2 ± 28.5 17.0 ± 18.0 16.2 ± 17.2 16.7 ± 16.0 16.5 ± 17.5
% Imp - - 71.7 55.2 72.2 54.4
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Figure 5.10: Example of the result obtained when applying the proposed model to a noisy
input signal (shown in the upper plot) from the factory setting collection.

5.3.5 Discussion

Regarding the model’s performance on different types of noise, the results from Table
5.4 show that the model is most and least effective in cleaning BW and EM, respectively,
which is in accordance with results found in the literature. Unexpectedly, however, the
mean results reveal no consistent relationship between the presence of more than one
noise types and the model’s performance, as it does not necessarily yield worse outcomes
in these cases. For example, when denoising MA+BW noise, the RMSE is lower than
when removing just MA noise and higher than when removing just BW noise. This can be
interpreted as if the denoiser removes each type of noise independently and, for the same
amount of SNRin, when multiple noise sources are present, the error is around the mean
of the obtained error for each type of noise alone. Overall, the model is able to efficiently
remove a great part of the noise from the noisy ECG signals, achieving SNRimp values of
up to 30.6, 28.5, 26.5, and 24.2 dB on records with SNRin of 0, 5, 7 and 10 dB, respectively.

Regarding employment of the BiGRU model to the data acquired in a real industrial
setting, the results were satisfactory, for two main reasons. The first is the fact that the
new data in which the model was tested differed greatly from the data with which it was
trained: different environment (clinical setting versus factory), different protocol (steady
versus in movement), and different electrode placement in the body (which alters the
morphology of the signal). The second is that the workers were performing a variety of
upper body work tasks (and some of them were very intense) which inherently results
in a great amount of muscle activation noise summing to other noise sources from the
workplace context (previously unseen by the model). The fact that the model was able
to properly remove the main noise components of the signal (as it is visible in Fig. 5.9,
for example) shows that it has a good generalization power and that it is not over-fitted
neither for the PTB-XL ECG nor for the MIT-BIH NST noise sources.

Given that we are the first to use the PTB-XL database together with MIT-BIH Noise
Stress database as basis for developing a denoiser to clean MA, EM and BW noise, there are
no benchmarks available from the literature to which our results can be directly compared.
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Table 5.6: Overview of key attributes of main related work.

Model Parameters ECG Database Noise added Real noisy
ECG tests

Open-
source

FFNN [157] 3003000 1 MIT-BIH Arrhyth-
mia; MGH; QT 2

EM 3 Yes Yes

DAE [121] 12220 1 PTB Diagnostic GWN No No
CNN; LSTM
[12]

8764758;
21266320 1

Synthetic data;
MIT-BIH Arrhyth-
mia

Synthetic
random noise;
EM 3

No No

LSTM [9] 9915352 1 Synthetic data;
PTB Diagnostic

GWN No No

CDAE-
LSTM [39]

10919980 MIT-BIH Arrhyth-
mia

GWN No No

GAN [206] 281060 MIT-BIH Arrhyth-
mia

EM, MA, BW
3

No No

DeepRTSNet
[5]

346034 MIT-BIH Apnea EM, MA, BW
3

Yes Yes

biGRU 26121 PTB-XL EM, MA, BW
3

Yes Yes

For this reason, we opted for: (i) comparing our models to traditional denoising approaches
and (ii) performing a qualitative comparison with state-of-the-art models. From Fig. 5.7,
it is observable that our model’s performance significantly surpasses widely used publicly
available tools for ECG denoising. Regarding the state-of-the-art approaches reported
in the literature and described in Section 5.3.2, we undertook a qualitative comparison,
summarized in Table 5.6.

As already mentioned in the section 5.3.2, in most studies the models were trained
using the MIT-BIH Arrhythmia database. Apart from this one the other databases that
were used are: the MGH Waveform database, with data from 250 patients [209], the QT
database, which included 105 recordings [98], the PTB Diagnostic, from 290 subjects [22],
and the MIT-BIH Apnea, consisting of 18 records [75]. Compared to the size and inherent
diversity of PTB-XL, the mentioned databases lack representative power. Regarding the
noise addition step that is common to all approaches, limiting the training and testing
of the model to the presence of gaussian white noise (as in [121], [12], and [39]) is very
restrictive. In [157], the authors perform tests on one record from the MGH database,
which contains real noisy signals (ie, there was not the need of artificially adding noise
to it); however, the only paper that also performed tests on a non-clinical environment
was [5]. Even so, the tests performed in the present study go a step further when the data
collection is performed in a non-controlled environment, where the researchers had no
interference on the tasks that were being performed.

In terms of computational complexity, our model has a parameter count of 2.6 × 104.
Among the related works, from our estimates, the DAE from [121] has an even lower
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parameter count; however, its training and testing were limited to Gaussian noise, signifi-
cantly limiting its adaptability to other prevalent sources of noise. Our proposed model
outperforms the remaining by at least a tenfold reduction in the number of parameters
when compared to other studies. This advantage is critical, particularly for reducing
testing time, especially on lightweight devices, where computational resources are con-
strained. It’s worth noting that most of the existing models are not publicly accessible,
rendering testing and utilization impossible. The FFNN model [157] and DeepRTSNet [5]
are publicly accessible. While the former provides the code but not the trained model, the
latter requires a paid subscription for access.

The primary limitation of this study pertains to the R-peak detection tool utilized, as
it is not infallible. Nonetheless, we contend that the impact of this limitation is mitigated.
Also, it’s worth noting that the clean signals used for model training are not entirely
devoid of noise (although the database is of very good quality); in the context of our study,
the metrics employed in the initial phase compute the divergence between the provided
output and the original signal. Consequently, an output that surpasses the original signal
in terms of cleanliness might erroneously receive a lower performance score. Another
limitation pertains to the absence of a ground-truth reference for evaluating the denoiser’s
performance on real-world noisy data. Nevertheless, it’s worth noting that this challenge
extends to the evaluation of most machine learning models, as real-world scenarios often
lack definitive ground-truth references. Addressing this issue is imperative to effectively
assess the model’s generalization capabilities.

5.3.6 Key Takeaways

In this work, a lightweight GRU-based DL architecture is proposed to execute the task
of ECG denoising. For the first time, a DL denoiser was trained and tested on the PTB-
XL database for the task of removing MA, EM and BW noise from ECG signals. The
developed approach cleans noisy ECG signals and outputs signals with good quality,
while simultaneously preserving the trace of abnormal signals of patients. Furthermore,
the model’s robustness for application in real-world scenarios was tested on a large data
collection that was performed in an industrial setting, during work. The results obtained
from the new dataset emphasize the model’s efficacy and generalization power, supporting
the potential integration of the BiGRU denoiser into a comprehensive framework for
monitoring the occupational health of workers through wearable data.
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5.4 Noise Detection and Classification2

In the previous section, we presented a solution for removing the most typical noise types
from ECG records. A more complete denoising pipeline should, however, include an ECG
quality assessment tool, responsible for identifying and selecting segments of the signal
requiring cleaning, ensuring that the denoiser is applied only where necessary.

Traditional methods for Signal Quality Assessment (SQA) for ECG signals typically
rely on statistical, frequency or morphological features of the data. Statistical approaches,
as the name suggests, are based on statistical metrics, such as variance and zero-crossing
rate, which provide insights into the signal’s variability, or kurtosis and skewness, which
assess whether the signal’s distribution falls within expected ranges [156, 87]. Rule-
based approaches often combine multiple metrics to enhance the robustness of quality
assessment; however, these methods depend on fixed thresholds, which may not perform
consistently across different contexts or datasets. Frequency-based methods focus on
analyzing the power spectrum of the signal. However, their effectiveness is significantly
limited when the noise frequency band overlaps with the frequencies of the ECG signal,
restricting their applicability. Morphology-based approaches, on the other hand, rely on
clean ECG templates that are assumed to represent a noise-free signal, comparing new
ECG data against these templates [156]. As discussed in Chapter 4, the shape of an ECG
signal is influenced not only by electrode placement but also by the presence of CVD.
Consequently, deviations from a ’typical’ ECG pattern do not necessarily indicate the
presence of noise, which poses challenges for the generalized use of morphology-based
methods.

As argued both in Chapter 4 and in the previous section, DL models learn high-level
features directly from ECG signals, allowing for more adaptive and scalable approaches
compared to traditional approaches. The reviewed studies from the literature explore
various DL approaches for ECG signal quality assessment and classification, primarily
leveraging CNN and LSTM architectures. Zhou et al. [224] pioneered the use of 1D
CNNs for binary classification of ECG quality, demonstrating their effectiveness over
traditional methods. Building on this, Mondal [134] introduced a three-layer 1D CNN
architecture incorporating first-order derivatives to enhance noise detection, while Liu et
al. [110] proposed a dual-input model combining scalograms with handcrafted features.
Extending into 2D representations, Huerta et al. [73], [74] applied transfer learning
with image-based CNN models such as AlexNet and VGG16, achieving competitive
results. Addressing temporal dependencies, J. Zhang et al. [219] employed LSTM
structures combined with domain-specific features to enhance classification accuracy.
To counteract dataset limitations, Zhou et al. [225] introduced a CGAN-based data
augmentation technique, improving performance significantly. More recent approaches

2This section is based on the publication “Assessing Electrocardiogram Quality: A Deep Learning
Framework For Noise Detection And Classification” by Márcia Monteiro, Mariana Dias, and Hugo Gamboa,
published in the BIOSTEC 2025 Conference. In the present document, only a summary of the most relevant
aspects of the study is provided; for a comprehensive overview, please refer to the open-access publication.
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Figure 5.11: Schematic representation of the proposed model. The input is a signal with
shape [1, 3600], where 3600 is the sequence length, and 1 represents the input size (number
of features per time step) and the output is a tensor of shape [3, 3600], since each time step
contains the multi label classification of the 3 noise classes.

integrate attention mechanisms, such as Jin et al.’s DAC-LSTM [83] and Zhong et al.’s
DenseNet with Squeeze-and-Excitation modules [222], which improved feature selection
and classification. Furthermore, transformer-based methods have emerged, with Chen et
al. [32] proposing SwinDAE, leveraging 1D Swin Transformers to handle long recordings
with reduced computational costs. Finally, X. Zhang et al. [220] explored a hybrid CNN-
RNN model using residual recurrent modules (RRMs) to classify wearable ECG signals,
achieving high accuracy but facing challenges in handling electrode motion artifacts.

The described methods are mostly limited to binary classification and do not provide
additional details, such as the exact location or type of noise present. For this reason, a
new approach is introduced in this section. Using a methodology very similar to the one
outlined in Section 5.3 for training the noise removal model, a model for noise detection
and classification was also developed. The data sources were, again, PTB-XL and MIT-BIH
Noise Stress Test. The pre-processing steps and the methodology to create the noisy signals
was the same as described in 5.3.3.1. The input to the model were, similarly, the corrupted
10-second signals and the main difference from the methods described in section 5.3.3.1 is
that instead of producing a clean signal as output, the model generates a one-hot-encoded
vector of the same length as the input signal, meaning that each timestep is classified as
contaning, or not, each type of noise. Each dimension of the matrix corresponds to one
of the three types of noise to be detected - MA, EM, and BW - where values of 0 and 1
indicate the absence or presence of noise, respectively, as represented in Figure 5.11.

The architecture includes three stacked GRU layers with bidirectional processing. A
dropout layer follows each GRU layer to prevent overfitting by temporarily deactivating
units across the feature space. The fully connected (FC) layer transforms the GRU output
into a [batch_size, 3600, 3] tensor, classifying each time step into one of three states [MA,
EM, BW]. The model outputs a sequence of vectors with dimensions [batch_size, 3600, 3],
providing raw logit scores for each noise type at each time step. The loss function used
for training was Binary Cross-Entropy with Logits Loss, which is well-suited for binary
classification tasks where the model outputs raw logits for each class.

For performance evaluation, an individual confusion matrix was computed for each
noise type to evaluate the model’s ability to correctly predict whether each class (MA,
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EM, BW) is ’Present’ or ’Absent’. The matrix shows the counts of True Negatives (TN),
False Positives (FP), False Negatives (FN) and True Positives (TP). Additionally, a general
multi-label confusion matrix was calculated to evaluate the model’s ability to detect each
of the four categories: MA [1, _, _], EM [_, 1, _], BW [_, _, 1], and None [0, 0, 0]. This matrix
summarizes the frequency of noise misclassification and helps to identify which classes
are most commonly confused. It is important to note that None is not a distinct class but
rather a result of no noise being present.

A grid search was performed (from the values presented in table 5.7) and the archi-
tecture of the model that lead to the lowest loss in the validation set has 3 bidirectional
layers with a hidden size of 128, a dropout rate of 0.3, a learning rate of 0.001, and a batch
size of 128.

The model performance was evaluated using accuracy, precision, recall, and F1-scores
for three noise types. These results are summarized in Table 5.8. Accuracy was highest
for EM noise at 92.86 %, followed by BW noise at 92.05 %, with the lowest accuracy for
MA noise at 81.55 %. In precision, BW noise scored highest at 82.36 %, indicating fewer
false positives, while EM and MA noise scored 79.35 % and 50.37 %, respectively. Recall
was consistently high, with BW noise achieving 96.56 %, followed by MA at 90.14 % and
EM at 85.26 %. The F1 score, balancing precision and recall, reflected these trends, with
BW noise scoring 88.89 %, EM 82.19 %, and MA 64.62 %.

The model’s performance metrics show that it performed best in detecting BW noise,
achieving high precision and recall, while EM showed high accuracy but lower recall,
indicating occasional missed detections. MA classification proved more challenging,
with higher false positives and lower precision, though recall remained strong. The
F1 score highlighted BW as the most effectively managed noise, with EM achieving a
moderate balance and MA struggling with false positive and negative rates. Despite these
challenges, the model demonstrated robustness in identifying noise presence across classes.

Table 5.7: Hyperparameter values explored during grid search

Hyperparameters Values
Type of layers GRU

Number of layers 3
Bidirectional { True, False }

Batch size 128
Hidden size { 64, 128, 256 }
Dropout rate { 0, 0.3, 0.5 }

Table 5.8: Performance Metrics

Metric MA EM BW
Accuracy (%) 81.55 92.86 92.05
Precision (%) 50.37 79.35 82.36

Recall (%) 90.14 85.26 96.56
F1 Score (%) 64.62 82.19 88.89
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Its capability to simultaneously classify and localize noise types represents a significant
advancement over existing Signal Quality Assessment (SQA) methods, offering a more
comprehensive approach to ECG noise detection.

5.5 Final Remarks

This chapter presents advancements in ECG noise detection, classification and removal
using lightweight DL methods. The proposed denoising model demonstrated robust
performance in eliminating common noise types - MA, EM, and BW - while maintaining
the integrity of the ECG signal. Notably, the model’s performance remained consistent
even when applied to real-world industrial data, highlighting its generalization capability
beyond controlled environments. Similarly, the noise detection and classification model
achieved competitive results, providing an automated and granular assessment of signal
quality across diverse conditions. Together, these approaches contribute to enhancing
ECG signal reliability, facilitating more accurate downstream analyses in both clinical and
occupational settings.

Beyond the specific applications discussed, this work provides valuable insights into
the broader field of DL for biosignal processing. The results underscore the importance
of balancing complexity and computational efficiency, as the results showed - just like
in Chapter 4 - that higher complexity does not necessarily mean enhanced performance.
As biosignal acquisition moves outside clinical settings, solutions must prioritize adapt-
ability to diverse and dynamic environments, ensuring robust performance across varied
conditions.

While the noise removal and detection models were developed independently, the
possibility of leveraging one for the other - such as reusing the denoiser in the detection
model via transfer learning - emerged as a promising direction for future work. Such
an approach could optimize resource utilization, accelerate convergence, and foster a
more cohesive framework for biosignal analysis. This reflection sets the stage for the
next chapter, which introduces the Neural Library for Biosignals, a framework aimed at
developing modular and reusable DL tools for comprehensive biosignal processing.

In conclusion, the findings presented in this chapter contribute to the growing body
of research demonstrating the effectiveness of DL in biosignal processing. They also pave
the way for future explorations into unified, resource-efficient approaches that maximize
the potential of DL in both research and practical applications.
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The Neural Library

In Chapter 3, both in section 3.1.5 and 3.2.1, we analysed two complex and interconnected
challenges of the field. On the more technical side, we discussed complexity, overfitting
and generalization and, on a more ethical perspective, the environmental impact of Deep
Learning (DL). Chapter 4 and Chapter 5 present two studies whose results show us that
high complexity does not mean higher predictive power, reinforcing the shift toward more
sustainable and efficient approaches. In this Chapter, we present NeuralLib, a DL-based
framework for biosignal processing implemented upon three fundamental principles:
modularity, efficiency, generalization.

6.1 Introduction and Objectives

Biosignals are time series that capture physiological processes or specific dimensions of
those processes. As such, they are widely used for monitoring and extracting information
about the body’s functioning at a given moment or within a particular context. However, as
discussed throughout this thesis, transforming raw signals into interpretable information is
not straightforward - biosignals are non-stationary, noisy, and highly variable, both across
individuals and within the same individual over time. DL has proven highly effective in
addressing these challenges, as demonstrated in Chapter 4, where DL models extracted
meaningful patterns from cardiovascular data, and Chapter 5, where they successfully
identified and removed noise in biosignal recordings.

Meanwhile, growing awareness of the computational cost of DL models has raised
concerns about the sustainability of current approaches, where most AI practitioners
prioritize model efficacy, often drastically increasing complexity for only marginal gains in
accuracy. Researchhas shown that it is possible to reduce resource usage while maintaining
performance, particularly by leveraging hierarchical feature learning. Neural networks
tend to learn general, transferable representations in their early layers, with deeper layers
specializing in solving specific tasks. This makes reusing pre-trained models an efficient
and practical approach, reducing the need for training from scratch. One way to achieve
this is through Transfer Learning (TL) strategies, such as model-based TL, which allows
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models trained on one task to be adapted to another with reduced additional training.
Given the increasing adoption of DL in biosignal analysis, it is crucial to move toward a
structured, resource-efficient approach that prioritizes model reusability and accessibility.

Standardizing model development can streamline the process of designing, training,
and evaluating DL architectures, making it easier to compare approaches and optimize for
efficiency. A structured framework should also support the organization and sharing of
trained models, ensuring that researchers and practitioners can leverage existing knowl-
edge instead of unnecessarily expending resources to develop similar models repeatedly.
Also, allowing the adaptation of trained models for similar biosignal-related tasks prevents
the need for new models to be trained from scratch for each new application. This not only
minimizes energy consumption but also enables faster model deployment in real-world
settings. Adopting modular design principles and efficient DL strategies makes it possible
to enhance both the scalability and accessibility of DL applications in biosignal processing.

Within the scope of this thesis, the Neural Library was developed to embody these
ideas, providing an open-source DL-based structured framework that promotes efficiency,
reusability, scalability, and collaboration, empowering researchers and practitioners to
apply state-of-the-art neural models to biosignal data. The primary objective of NeuralLib
is to establish a modular, efficient, generalizable framework for biosignal processing using
DL.

Specifically, NeuralLib aims to:

• Provide a systematic methodology for implementing DL models tailored to biosignal
processing.

• Enable the training of new architectures from scratch while ensuring that pre-trained
models are available for direct use.

• Promote transfer learning by offering tools to extract, recombine, and fine-tune
components of trained models.

• Foster community-driven collaboration by making models and code publicly acces-
sible for further development.

• Minimize computational overhead by encouraging efficient training and adaptation
strategies.

NeuralLib is not intended to be a one-size-fits-all solution to every biosignal processing
challenge. Instead, it aims to build a dynamic and expandable ecosystem of models, where
components can be efficiently reconfigured to address diverse tasks. This vision aligns
with the broader goal of generalization, as models are intended to be adapted to new
domains and applications.

To support these objectives, the trained models and code repository are publicly
available:
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• Code repository: https://github.com/novabiosignals/NeuralLib

• Pre-trained models: https://huggingface.co/collections/novabiosignals/neurallib-
deep-learning-models-for-biosignals- processing-6813ee129bc1bba8210b6948

• Code documentation: https://novabiosignals.github.io/NeuralLib-docs/

By fostering an open-source DL framework for biosignal analysis, NeuralLib seeks
to simplify model deployment and foster collaboration within the scientific community
while minimizing computational overhead through model sharing and reuse. This library
is based on 3 principles: modularity, efficiency, and generalization. In the following
section, these are contextualized and described.

All schematics in this chapter use a recurrent network structure as an illustrative
example. This choice is purely for visualization purposes and does not imply that the
described concepts are limited to recurrent architectures.

6.2 Principles of the Framework

6.2.1 Modularity

Modularity is a principle observed in various fields, from biology to computer science. It
refers to the decomposition of a system into smaller, functionally independent components,
known as modules. By breaking down complexity into manageable parts, modularity
facilitates adaptability and enhances the overall efficiency of a system. In the context of
computational models, this structured organization offers multiple advantages, such as
improved scalability, reusability, and incremental development [191].

In DL, a module refers to any model or self-contained component within a model that
performs a specific transformation. This transformation can be explicitly trained - such
as in a standalone model designed for a particular task - or implicitly learned when the
module consists of a layer or a set of layers within a larger model, as represented in Figure
6.1. In the latter case, the module’s function is not predetermined but rather shaped by
the training process, meaning its role may not correspond to an easily interpretable task
[148]. Modularity in DL aligns with reusability, as it allows the reuse, repurpose, and
recombination of components. It is also on the basis of the idea of generalizing to broader
domains, ultimately leading to higher computational efficiency. The 3 principles discussed
in the present section are, hence, inherently interconnected.

For leveraging pre-trained models and use knowledge transfer strategies, namely
through model-based TL approaches (analysed in section 3.2.3), modular frameworks
present some advantages, such as parameter efficiency. Instead of fine-tuning an entire
model for a new task, modular approaches allow updating only relevant parts, making
computation more efficient [148], as represented in figure 6.2. Moreover, it allows for
progressive learning and adaptation, as new modules can be introduced over time, helping
models learn continuously without catastrophic forgetting [148].
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Figure 6.1: Schematic representation of NeuralLib’s modularity. The diagram depicts a
network architecture composed of distinct modules, each represented by a different color.
Each module performs a specific transformation - either as a single layer or a group of
layers - and can be reused or adapted independently.

The AlphaPeptDeep framework is an example of the power of modularity in DL [217].
Designed for mass spectrometry-based proteomics, it employs a flexible architecture that
allows researchers to predict peptide properties - such as retention time, ion mobility, and
fragment intensities - using interchangeable DL models. Its modularity enables easy adap-
tation to new experimental conditions and peptide types by allowing users to refine and
extend models without needing large datasets. This approach maximizes reusability by
integrating pre-trained models and fine-tuning them for specific applications, drastically
reducing the computational burden. Another example is the Interpretable Modular Deep
Learning Framework for Video-Based Fall Detection illustrates modularity by breaking
down fall detection into distinct, specialized components [42]. The system is composed
of multiple independent modules that handle specific tasks. By allowing individual
components to be activated or deactivated depending on privacy and monitoring re-
quirements, the framework offers flexibility that makes it adaptable to different healthcare
settings. Both of these studies effectively showcase how modular DL architectures enhance
scalability, reusability, and flexibility.

Instead of models being designed in isolated, monolithic structures, modular ap-
proaches enable the community-driven sharing, expansion, and continuous refinement
of models. It fosters more efficient AI development by reducing redundancy and encour-
aging the reuse of existing knowledge. As a result, modular DL contributes to a broader
ecosystem where models and components can be interchanged, improved, and adapted
to new challenges over time.
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Figure 6.2: Schematic representation of modularity in Transfer Learning (TL), where
pretrained parameters from the first layer (blue) of model A are transferred to model B.
The different colors in the inputs 𝑥 and outputs 𝑦 represent different datasets, while the
color differences in the layers indicate different parameter sets.

6.2.2 Efficiency

As discussed in section 3.2.1, the energy consumption required to train DL models is
high due to several factors, including: (i) computationally intensive operations requiring
high-performance GPUs, (ii) long training times, and (iii) the use of cooling systems
in cases of high-energy consumption setups. Additionally, the manufacturing of hard-
ware required for these computations contributes to environmental impact, both through
resource extraction - associated with ecological disruption in mining areas - and the
generation of electronic waste (e-waste) when devices become obsolete. To mitigate these
issues, optimizing algorithms for computational efficiency is essential. In this regard,
models with lower complexity offer, in general, a more sustainable alternative. Chapters 4
and 5 illustrate how less complex models can achieve competitive, state-of-the-art results,
reinforcing their viability as efficient yet effective alternatives.

The principles of efficiency in DL parallel the well-known environmental sustainability
framework of the three R’s: Reduce, Reuse, and Recycle. First, reducing computational
costs should be a priority, which can be achieved by designing smaller, more efficient
models that require fewer resources to train and deploy. Next, reusing existing models
before training new ones - leveraging pre-trained networks whenever possible - minimizes
redundant computations and promotes knowledge sharing within the community. Finally,
recycling models refers to the repurposing and fine-tuning of pre-trained architectures for
new tasks - a process enabled by TL. This approach allows previously acquired knowledge
to be adapted to different contexts, reducing the need for extensive training from scratch.
By leveraging models that have already internalized generic patterns from large datasets,
TL facilitates faster convergence, lowers data requirements, and significantly reduces
computational overhead. In doing so, it reinforces both computational efficiency and the
sustainable use of DL resources.
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While DL research often emphasizes achieving the highest possible accuracy, this
pursuit frequently comes at the expense of efficiency. It is common to find models claiming
novelty based solely on a marginal increase in accuracy, yet these improvements often
come with significantly higher computational costs [65], as discussed in 3.2.2. Moreover,
variations in evaluation datasets, metric formulations, and testing conditions can make
these small gains unreliable or context-dependent. Instead of focusing exclusively on
performance benchmarks, a "good enough" approach prioritizes extracting meaningful
and actionable insights while minimizing resource consumption. The goal is not simply to
push error rates lower but to develop models that efficiently capture the essential patterns
in data, balancing accuracy with sustainability. This shift in focus encourages more
responsible AI development, ensuring that advancements in DL contribute meaningfully
to both scientific progress truly and sustainable computing practices.

Efficiency is, thus, a ratio between performance and footprint. To measure the footprint,
the metrics proposed in [127] for both training and inference are used: number of FLOPs
(floating-point operations), number of parameters, and RAM consumption.

6.2.3 Generalization

Generalization in DL, as discussed in section 3.1.5 refers to a model’s ability to perform
well on previously unseen data, beyond the specific examples it was trained on. A well-
generalized model can effectively capture the underlying patterns of the data rather than
memorizing the training set, ensuring reliable performance in real-world scenarios.

While increasing model complexity can enhance representational power, it does not
always translate to better generalization. In fact, as discussed in Chapters 4 and 5, as well
as in the literature [65], excessive complexity can lead to overfitting - where the model
performs well on training data but fails to adapt to new data. In contrast, simpler models
with optimized architectures often achieve better generalization, particularly when trained
on diverse and well-curated datasets. The work presented in Chapter 5 demonstrates
that it is possible to generalize well to different contexts without the need for additional
training or fine-tuning.

However, from the literature review presented in Section 3.1.5, it is known that in cases
where test data does not follow the same distribution as the training data, generalization
might be harder to achieve. Domain Generalization (DG) approaches are often employed
to prevent performance drops in those cases, when data distribution shifts between
training and deployment [223]. However, as DG aims to create models that generalize
well across different data domains without using target domain data, it often requires
more complex architectures and training strategies, increasing computational demands
and making implementation challenging [103]. An alternative and more computationally
efficient strategy is Domain Adaptation (DA), where models are adjusted to new data
distributions using a limited amount of target domain data. Once more, TL plays a central
role in this process, as pre-trained models can be fine-tuned for specific tasks with minimal
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Figure 6.3: Schematic representation of two generalization scenarios: (i) the model suc-
cessfully generalizes to a new dataset without requiring domain adaptation when the data
distributions are sufficiently similar; (ii) when the new dataset has a different distribution,
fine-tuning is necessary to achieve generalization.

labeled data from the new domain. This approach reduces the need for excessive model
complexity, making it an effective alternative to domain generalization when adaptation
data is available. For this reason, the present work prioritizes DA over DG, leveraging TL
to achieve generalization across different data distributions in a computationally efficient
manner.

Furthermore, modularity provides a structured approach to generalization by allowing
models to systematically adapt to new tasks through the recombination and local updating
of modules [148]. Instead of retraining entire models, modular architectures make it
possible to transfer knowledge efficiently by integrating and fine-tuning only relevant
components. This modular approach not only improves reusability but also enhances
generalization while maintaining computational efficiency. The three principles are well
aligned.

6.3 NeuralLib

The complexity of biosignal processing tasks, coupled with the growing availability of
DL models, has created a need for flexible, scalable, and efficient frameworks that allow
researchers and developers to streamline model development and deployment. NeuralLib
was designed to address this need by providing a structured, modular framework that
enables both training DL architectures from scratch and leveraging pre-trained models
through TL.
NeuralLib’s core design principles - modularity, efficiency, and generalization - ensure

that models can be easily adapted, reused, and shared. The framework includes a set
of predefined biosignal architectures tailored for both regression and classification tasks,
allowing users to experiment with various model configurations and training strategies.
Additionally, it provides built-in functionalities for extracting, fine-tuning, and reusing
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trained components, making it a practical tool for research and other applications.
The key elements of NeuralLib are illustrated in Figure 6.4. The framework adopts an

object-oriented approach built around four core classes: Architecture, ProductionModel,
TLFactory, andTLModel, eachrepresentedas a distinctblock in the figure. TheArchitecture
class provides the fundamental methods required to train models from scratch or retrain
them from saved checkpoints. Once a model has been trained and tested, it can be
uploaded to Hugging Face and wrapped as a ProductionModel, which stores not only
the model itself but also essential metadata such as task type, performance metrics, and
hyperparameters. To enable transfer learning, the TLFactory class offers mechanisms
to extract and repurpose components from an existing ProductionModel, allowing the
creation of a new TLModel. This model can then be fine-tuned, tested, and, if suitable,
converted into a new ProductionModel, supporting iterative development and model
reuse. The following subsections explain in more detail how these classes function and
interact.

Figure 6.4: Schematic representation of the NeuralLib framework, illustrating the roles
and interactions of its four core classes. Each class is represented in a block: Architecture
for model development, ProductionModel for model packaging and sharing, TLFactory
for Transfer Learning operations, and TLModel for models adapted from pre-trained
parameters. Arrow directions illustrate the workflow. White nodes indicate untrained
parameters; colored nodes indicate trained parameters, with each color representing a
distinct set trained together.

6.3.1 Package structure

NeuralLib is organized in a way to facilitate development and extension. It was im-
plemented in Python [200] using the Pytorch DL framework [147]. The framework is
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structured into three sub-packages:

• architectures/: Contains the implementation of the main class Architecture and
its methods, such as training and testing functions. Includes the implementation
of several biosignals architectures designed for biosignals processing tasks. Also
provides utilities for uploading trained and tested models to Hugging Face and
share them with the community.

• model_hub/: Manages ProductionModel instances, allowing users to load trained
models from Hugging Face, fine-tune, orextract trainedcomponents usingTLFactory
for creating and training TLModel objects.

• utils/: Contains auxiliary functions, including plotting tools, as well as dataset
validation, handling, and loading, through the DatasetSequence class.

A detailed breakdown of the directory structure and its components is provided in
Appendix A. The following subsections describe the two core subpackages of the library:
architectures and model_hub.

6.3.2 Architectures

architectures contains the implementation of the Architecture class, providing a
structured framework for defining, training, testing, and managing neural network models
for biosignal processing. It integrates with PyTorch Lightning, streamlining the training
workflow while providing checkpoint management and hyperparameter optimization via
grid search. It also supports (optionally) the integration with TensorBoard for visualization
of training metrics, model tracking, and logging.

6.3.2.1 Main Methods

The architectures subpackage provides a structured foundation for model development,
ensuring a standardized approach to implementing and training neural networks, namely
through the usage of the Architecture class and its methods. Among its key func-
tionalities, the train_from_scratch()method enables the development of new models
from scratch, handling dataset loading, model initialization, hyperparameter optimization
(through grid search), and testing, while integrating mechanisms such as checkpointing
and early stopping. The retrain method extends this functionality by allowing models
to be further trained with additional data or longer training durations while preserv-
ing previous training history. To facilitate evaluation, test_on_test_set() applies the
trained model to the provided test set, ensuring that generalization performance is sys-
tematically assessed, while test_on_single_signal() allows for an in-depth analysis of
model behavior on individual inputs. These testing functions allow for the addition of a
post processing step to be applied to the output of the network, if post_process_fn() is
provided. Additionally, the class provides utilities for managing training metadata and
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checkpointing, such as save_training_information(), which records essential details
of the training process for reproducibility and tracking. Finally, the upload_to_hugging()
method allows a trained and tested model to be uploaded to Hugging Face. This pro-
cess uploads four files: a .json file containing training metadata, a .yaml file with the
model’s hyperparameters, a .pth file storing the model’s learned parameters - these three
are automatically generated during training - and a README.md file, created at the time
of upload to serve as the model card. These methods collectively enable NeuralLib to
support efficient model development, tracking, and reuse, aligning with the overarching
principles of modularity and efficiency in DL.

In Appendix B, it is possible to find a full hands-on guide on the different functionalities
of the library. Sections B.1 and B.2 encompass functionalities from the architectures
subpackage. The development of any model entails selecting an appropriate architecture
paradigm, defining the task type, and specifying the input and output shapes. The
following section outlines the reasoning behind the design of the biosignal processing
architectures included in the library.

6.3.2.2 Architectures for Biosignals Processing

Biosignals processing encompasses a wide range of tasks, such as regression, classification,
or signal generation, each demanding tailored computational approaches depending on
the nature of the signals and the desired outputs. The selection of a neural network
architecture is driven by the specific problem being addressed. These tasks are categorized
here based on the structure of the output, as the input is consistently a time series -
specifically, a biosignal. Three main types are considered:

• sequence-to-sequence: each time step in the input corresponds to a transformed
value at the same time step in the output, illustrated in Figure 6.5 (a)

• sequence-to-one: the entire input sequence is mapped to a single value or vector
(not a timeseries), shown in Figure 6.5 (b)

• encoder-decoder: the input sequence is transformed into an output sequence that
does not align one-to-one with the input in terms of time steps and includes an
intermediate step of compressing the input into a latent representation, represented
in Figure 6.6.

While encoder-decoder models are formally a subclass of sequence-to-sequence ar-
chitectures, they are treated here as a distinct category based on output structure, as
described above. These three architecture categories, collectively referred to as biosignals
architectures, are represented in the illustration of NeuralLib in the Architecture block
of Figure 6.4. Each model implementation inherits from the base Architecture class,
allowing consistent training workflows.
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(a) (b)

Figure 6.5: Schematic representation of (a) sequence-to-sequence and (b) sequence-to-one
architectures.

Additionally, the nature of the task itself may involve multiclass or multilabel classi-
fication, or regression. Binary classification is implemented as multi-label with 1 class.
All biosignals architectures inherit from Architecture class. The combination of these
dimensions - input-output mapping and task type - guided the design choices for biosignal-
specific architectures. Given the temporal dependencies inherent to biosignals, two DL
paradigms were selected:

• GRU: As discussed in Chapter 3, biosignals exhibit complex temporal dependencies,
non-stationarity, and high inter- and intra-subject variability, requiring models capa-
ble of capturing both short-term and long-term dependencies. GRUs are well-suited
for biosignal processing due to their ability to efficiently model temporal patterns
while mitigating the vanishing gradient problem, making them particularly effective
for sequence-to-sequence and sequence-to-one tasks with limited computational
overhead.

• Transformers: Transformers, with their self-attention mechanisms, excel at modeling
long-range dependencies and capturing global relationships across time, making
them highly effective for biosignals with complex temporal structures or when large
amounts of training data are available [10].

The complementary strengths of these architectures provide a versatile foundation for
NeuralLib, ensuring adaptability across different biosignal processing tasks. Biosignals ar-
chitectures include GRU- and Transformer-based models implemented in the three formats
described above: sequence-to-sequence, sequence-to-one, and encoder-decoder. Each of
these implementations supports different task types - namely, multiclass or multilabel
classification, or regression - depending on the configuration selected by the user. Table 6.1
summarizes the loss functions used during training, along with the corresponding output
shapes for each model category and task type.
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Figure 6.6: Schematic representation of encoder-decoder architectures. Unlike the
sequence-to-sequence architecture, the input and ouput timeseries have different lenghts,
𝑇1 and 𝑇2, respectively.

Table 6.1: Loss functions used during model training and corresponding output shapes,
according to the task type and model architecture. n_classes denotes the number of classes,
len is the output sequence length, and n_feat refers to the number of channels or features in the
input sequence. BCE stands for Binary Cross Entropy, and MSE stands for Mean Squared Error.

Task Loss Function Y shape
Seq2one Seq2seq / ED

Classification Multi-label 𝐵𝐶𝐸𝑤𝑖𝑡ℎ𝐿𝑜𝑔𝑖𝑡𝑠 (1, 𝑛_𝑐𝑙𝑎𝑠𝑠𝑒𝑠) (𝑙𝑒𝑛, 𝑛_𝑐𝑙𝑎𝑠𝑠𝑒𝑠)
Multiclass 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦 () (𝑙𝑒𝑛)

Regression 𝑀𝑆𝐸 (1, 𝑛_ 𝑓 𝑒𝑎𝑡) (𝑙𝑒𝑛, 𝑛_ 𝑓 𝑒𝑎𝑡)

6.3.3 Model Hub

The model_hub subpackage provides streamlined tools for managing and reusing pre-
trained models within NeuralLib. It enables users to efficiently deploy trained models,
perform inference, and apply transfer learning techniques to adapt existing models to new
biosignal tasks. Specifically, it allows users to:

• Load pre-trained models from Hugging Face

• Perform inference on biosignal data using ProductionModel instances

• Extract and inject pre-trained weights into new TLModel instances for TL

• Freeze/unfreeze layers to optimize training using TLFactory.

6.3.3.1 Production Models

Once a model is trained, tuned, and tested, it can be exported and uploaded to Hugging
Face for public access and reuse. The ProductionModel class, part of the model_hub, is
designed to facilitate the import and use of these models for both inference and parameter
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extraction. It inherits from the Architecture class and extends its functionality with
automatic loading of weights, training metadata, and model configuration directly from
Hugging Face repositories. The list_production_models() function displays all mod-
els available in NeuralLib’s Hugging Face repository. Additionally, models from other
repositories can be loaded by explicitly providing the full Hugging Face repository ID.

6.3.3.2 Transfer Learning Factory

The TLFactory class enables the adaptation of existing models to new tasks or datasets
using model-based TL. Through this class, it is possible to:

• Load an existing ProductionModel.

• Extract selected layers (e.g., GRU layers) from the original model.

• Inject these layers into a new architecture via TLModel.

• Configure which layers are frozen (to preserve learned features) and which are
trainable (to adapt to the new task).

The resulting TLModel is a new architecture that leverages pre-trained components
and is ready for fine-tuning. Since TLModel inherits from Architecture, it retains full
compatibility with training, testing, and deployment methods, maintaining a consistent
model definition across the framework.

6.4 Final Remarks

This chapter introduced NeuralLib, a structured DL framework developed to address core
challenges in biosignal processing. Built upon the foundational principles of modularity,
efficiency, and generalization, NeuralLib aims to simplify the development and reuse of
neural models, offering a consistent and flexible environment for training, evaluation, and
deployment.

The design of the library emphasizes scalability, enabling users to either build models
from scratch or adapt pre-trained ones through TL. Features such as integration with
Hugging Face for model sharing and support for layer-wise reuse and fine-tuning via
TLFactory position NeuralLib within the broader transition toward unified and more
sustainable practices in DL. While progress has been made in improving model perfor-
mance, the challenge that remains is to achieve these advances with greater computational
efficiency.
NeuralLib was conceptualized upon the experimental findings from earlier chap-

ters. For instance, the results from both Chapters 4 and 5 demonstrated that simpler
architectures can perform competitively in real-world tasks, and these findings helped
shape the library’s core philosophy, which prioritizes computational efficiency without
compromising performance.

101



CHAPTER 6. THE NEURAL LIBRARY

Although NeuralLib currently supports a set of task-specific architectures and work-
flows, its modular structure allows for easy extension to other architecture paradigms.
By encouraging model sharing and reuse, it contributes to the democratization of DL for
biosignals, fostering more transparent, reproducible, and sustainable practices.

In this sense, NeuralLib serves not only as a practical tool but also as a step toward
more efficient and collaborative research in biomedical signal analysis.
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Conclusions

This chapter revisits the research objectives outlined at the beginning of the thesis, dis-
cussing how each was addressed and the key findings that emerged from this work. The
discussion is framed around the four main objectives (O1-O4) and the research ques-
tions (RQ1-RQ2), highlighting contributions, limitations, and potential paths for future
research.

7.1 Main Conclusions

This thesis explores the potential of Deep Learning (DL) in biosignal processing, with two
primary use cases: cardiovascular disease classification and ECG noise removal. Based on
the findings from these studies and on state-of-the-art literature - with the ultimate goal
of contributing to more unified and sustainable solutions for biosignal challenges using
DL - a systematic framework was proposed. Each objective tackled a distinct aspect of this
problem space, from optimizing model complexity to promoting real-world applicability
and supporting open, reproducible research. Next, we revisit these objectives and discuss
the key findings related to each.

O1: Apply DL techniques for cardiovascular disease (CVD) classification, analysing
model complexity and performance.

Electrocardiography can be very effective in the early identification of CVD. For instance,
in diseases that affect the heart’s electrical conduction, the diagnosis is directly done
through the recognition of abnormal waveforms. DL facilitates ECG analysis by enabling
the direct use of raw signals and automating processing steps that would otherwise require
some level of expertise to be carried out.

While most literature on the application of DL methods to ECG relies on the 1D signal,
2D representations have also been successfully employed, as they highlight anomalies in
ways that differ from the raw 1D format. Acknowledging that distinct representations can
convey complementary information, we investigated whether their combined use could
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enhance performance, and, if so, how this integration would influence the complexity of
solving the classification task.

This objective was primarily addressed in Chapter 4, where distinct DL models were
applied to classify CVDs using ECG data. The investigation focused on understanding
how different data formats and model architectures impact classification performance.
To achieve this, we evaluated the use of 2D Convolutional Neural Networks (CNNs) for
processing image representations of ECG signals, and both 1D CNNs and Recurrent
Neural Networks (RNNs) - including Gated Recurrent Unit (GRU) and Long Short Term
Memory (LSTM) networks - for processing the original 1D signals. CNNs were explored
for their ability to extract spatial features , while RNN-based architectures were assessed
for their capability to model temporal dependencies in biosignals. A multimodal approach,
combining 1D CNNs for feature extraction with RNNs for sequential learning, was also
tested. Since each format entails specific architectural choices, in parallel to assessing
model performance in each case, we reflected on complexity variation, using, for that, the
number of trained parameters for each approach.

The results demonstrated that using models with higher capacity did not improve
classification performance in the present challenge. While improvements were found in
classification sensitivity with the multimodal approach, which is important in disease
diagnosis, the raw ECG signal processed by a unidirectional 3-layer GRU yielded the
overall best performance, with a model size under 250 thousand parameters. Competitive
results were achieved while maintaining efficiency, reinforcing the importance of balancing
representational power and resource constraints.

O2: Develop a DL model for ECG noise removal and assess its generalization across
diverse datasets.

Ensuring data quality and readability is crucial for effective biosignal analysis, yet this
becomes particularly challenging when it is acquired in uncontrolled environments. To
address this objective, Chapter 5 introduced a GRU-based deep learning model designed
to remove noise from ECG signals. The model was first trained and evaluated using
real ECGs merged with noise recordings to simulate contamination with various types
of noise. Subsequently, it was tested on real-world data acquired in an industrial setting
with multiple noise sources.

The results demonstrated that the model effectively improved signal quality while
preserving key morphological features. Quantitative metrics such as signal-to-noise ratio
(SNR) and mean squared error (MSE) confirmed the model’s ability to denoise signals
across a range of conditions. Despite being trained only on synthetically contaminated
data, the model maintained robust performance when applied to real signals, suggesting
a strong capacity for generalization across acquisition contexts and device types. Notably,
this generalization was achieved on a BiGRU model with 26 thousand parameters,
comparatively small in relation to state-of-the-art approaches.
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In addition to denoising, a similar model extended this work to perform automatic
detection and classification of noise types, enabling a more nuanced understanding of
signal contamination. This capacity for both signal enhancement and noise diagnosis
supports its applicability in real-world scenarios where biosignals are subject to multiple
sources of degradation.

Overall, the findings from this objective highlight the potential of DL to support robust
and generalizable preprocessing pipelines, especially in challenging environments where
traditional noise reduction techniques fall short.

O3: Develop a systematic DL framework that supports modularity and efficiency in
biosignal processing tasks.

Chapter 6 addressed this objective through the development of NeuralLib, a structured
DL framework designed to promote modularity, reusability, and efficiency in biosignal
processing. The library integrates standardized training and testing routines, support
for model sharing via Hugging Face, and tools for TL through layer-wise weight reuse
and fine-tuning. These features facilitate the adaptation of trained models to new tasks
or datasets without the need to retrain from scratch, supporting more sustainable and
accessible practices in DL.

Efficiency in deep learning is influenced by several factors, including the type of
hardware used, the duration and complexity of training, and the cost of inference. While
inference remains an unavoidable step, the energy required for training can be significantly
reduced, when leveraging pre-trained models. Fine-tuning these models offers a middle
ground by reducing training time and computational resources, provided that the new
task is sufficiently related to the original one. However, in cases where data distributions
or task definitions differ substantially, fine-tuning may lead to catastrophic forgetting and
hinder model performance.

By offering a flexible structure that accommodates model reuse and selective retraining,
NeuralLib contributes to minimizing redundant computational efforts and supports
the broader shift toward more efficient and environmentally conscious DL practices in
biosignal analysis.

O4: Ensure accessibility and scalability by making the models, training methodology,
and codebase open-source for the research community.

Transparency, reproducibility, and accessibility are critical pillars for advancing scientific
research. In response to these principles, Objective 4 focusedon ensuring that alldeveloped
resources - models, training methodologies, and the underlying codebase - were made
publicly available. The result is NeuralLib, an open-source deep learning framework
designed to facilitate the development, evaluation, and reuse of neural models in biosignal
processing.
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To promote accessibility, NeuralLib was made freely available on GitHub, accompa-
nied by detailed documentation and tutorials (see Appendix B) to support adoption by
the broader research community. In parallel, pre-trained models developed during the
thesis were shared through the Hugging Face platform, making them readily accessible
for inference or fine-tuning across diverse applications. These models are accompanied
by training metadata and model cards to ensure proper understanding of their use cases
and limitations.

By encouraging model sharing and reusability, this objective supports scalability
beyond the scope of this work, enabling future researchers to build on existing resources
without the need to retrain models from scratch. It also reduces the environmental and
computational cost typically associated with training deep learning models, reinforcing
the commitment to more sustainable AI practices.

Overall, this objective consolidates the idea that scientific contributions should be
not only technically robust but also open, reusable, and extensible - contributing to a
collaborative ecosystem where knowledge is continuously refined and shared.

7.1.1 Reflections on the Research Questions

RQ1: How can DL be effectively applied to biosignal processing tasks?

This thesis explored the application of deep learning in biosignal processing through two
distinct case studies: cardiovascular disease classification and ECG noise removal. These
examples demonstrate the versatility of DL in handling real-world biosignals, which are
often noisy, variable, and context-dependent. By adapting model architectures to task-
specific requirements, this work showed how careful design can significantly enhance
model effectiveness.

Additionally, the choice of input representation was foundto influence modeloutcomes,
with 1D, 2D, and multimodal formats each emphasizing different aspects of the signal.
Importantly, findings across both studies confirmed that simpler architectures can perform
competitively, supporting a more efficient and sustainable approach to DL applications in
this field.

Generalization across datasets and acquisition conditions was also a key focus, partic-
ularly in the denoising task, where the model trained on mixed-source data maintained
robust performance in a real industrial scenario. Finally, the development of NeuralLib
provided a structured, extensible framework that supports training, evaluation, and reuse
of models across biosignal tasks, illustrating not just how DL can be applied effectively -
but also how it can be deployed efficiently and reproducibly in practice.
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RQ2: What strategies can be implemented to improve computational efficiency in DL
models while maintaining performance in biosignal applications?

The findings of this thesis highlight several complementary strategies that can improve
computational efficiency in DL models for biosignal applications, without compromising
performance. First, both case studies presented in Chapters 4 and 5 showed that relatively
simple architectures - such as GRUs with a limited number of layers and hidden units -
were capable of achieving competitive results across diverse tasks. These findings reinforce
the idea that lower complexity does not necessarily come at the cost of accuracy.

Transfer learning emerged as a key strategy for minimizing training costs. By reusing
parts of models trained on related tasks and adapting them to new datasets, the cost of
training can be significantly reduced - and in some cases, avoided entirely if inference on
a pre-trained model is sufficient. The importance of task similarity was also underscored,
since reusing models in very different domains may lead to performance degradation
due to catastrophic forgetting. To support these strategies, NeuralLibwas developed as a
modular and extensible framework that facilitates model reuse, sharing, and adaptation.
The framework includes support for measuring efficiency using objective metrics - such
as FLOPs, number of parameters, and memory consumption - ensuring that performance
improvements can be considered in balance with resource demands.

Overall, this work advocates for a shift in focus from maximizing accuracy at all costs
toward prioritizing sustainable and efficient DL practices, particularly relevant in biosignal
processing contexts where computational resources are often limited.

7.1.2 Limitations and Other Considerations

While this work presents promising approaches and contributions to DL for biosignal
processing, its limitations should be acknowledged to contextualize the findings and guide
future developments.

The first study presented in this thesis (Chapter 4) is primarily limited by the fact that
models were not evaluated on ECG signals from datasets outside the PTB-XL database.
This restriction was due to the absence of other public databases containing the same
diagnostic labels. As a result, the generalization capacity of the models across acquisition
settings and populations could not be fully assessed.

In the second study (Chapter 5), additional limitations arise from the nature of the data
and the evaluation procedures. Although the training data was constructed using real
ECG and noise recordings, the clean ECGs used as references were not entirely noise-free.
This could introduce bias in the evaluation, particularly in cases where a denoised output
improves upon the reference signal but receives a lower score. Moreover, no ground-truth
was available for the real-world noisy recordings, limiting the ability to rigorously assess
the model’s real-world performance. This issue, while common in biosignal research,
highlights the ongoing challenge of evaluating models under operational conditions.
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While the relationship between model complexity and performance was explored, no
generalizable rule could be established. As observed in both case studies, comparatively
light models were often able to achieve competitive results. However, performance varied
depending on the task and data characteristics, suggesting that complexity-performance
trade-offs must be assessed on a case-by-case basis rather than through universal assump-
tions.

Additionally, only two use cases were explored in depth: cardiovascular disease
classification and ECG noise removal. Although both tasks are highly relevant and
complementary in nature, they do not represent the full range of applications encountered
in biosignal research. Further work is needed to explore more tasks and more modalities
other than ECG, in order to validate the generalizability of the conclusions.

Despite the emphasis on designing more sustainable deep learning workflows - dis-
cussed in Chapter 3 and reflected in the design of NeuralLib (Chapter 6) - accurately
quantifying the environmental footprint of each model was beyond the scope of this
thesis. Energy consumption depends not only on the architecture itself but also on nu-
merous external factors including hardware type, power source, and cooling systems.
Additionally, while practices such as grid search help optimize performance, they involve
training multiple models, which may offset the environmental gains made through model
simplification or efficient inference.

Finally, although TL is a core concept in this thesis, particularly in the NeuralLib
framework, it was not empirically tested across the two case studies. Given that both
studies used ECG data, applying cross-task transfer could have yielded valuable insights
into the potential for reuse and adaptation in biosignal contexts.

7.1.3 Perspectives for Future Research

This work opens several avenues for continued exploration. One of the most promising is
the deeper investigation into the potential and limitations of TL in biosignal processing.
While TL is widely recognized as effective when source and target tasks are sufficiently
aligned, the boundaries of this alignment remain underexplored. Future work could
focus on systematically assessing the impact of task similarity, data domain, and signal
modality on TL performance. Key questions include: How similar do the source and target
domains need to be for TL to remain beneficial? Is there a measurable threshold beyond
which performance degrades? How does model complexity influence TL success? These
questions are especially relevant in light of evidence suggesting that domain generalization
benefits from increased architectural complexity - raising the question of whether the
same applies to domain adaptation.

In parallel, continued development of NeuralLib presents valuable opportunities.
While the current framework supports modularity, model reuse, and pretraining work-
flows, future updates could expand architecture diversity (e.g., including convolutional
RNNs, attention-based mechanisms), extend support to other signal types (e.g., EMG,
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EEG, ACC), and incorporate model compression or quantization tools for edge-device
deployment. Another aspect involves evaluating alternative hyperparameter optimiza-
tion strategies beyond grid search, which may provide comparable tuning quality at a
lower computational cost. Additionally, future versions of the framework could explore
strategies to improve efficiency at inference time, such as compression techniques (e.g.,
pruning and quantization) or learning strategies like knowledge distillation, which allow
smaller models to retain the performance of larger ones while significantly reducing
computational demands.

Finally, future research could explore human-in-the-loop and active learning methods
to combine expert input with DL models in biosignal labeling or noise identification,
reducing reliance on large, fully labeled datasets while maintaining high performance.

7.2 Contributions

Throughout my PhD, I have had the opportunity to contribute to open science, teaching,
and mentorship.

7.2.1 Research Contributions

Along with the team from LibPhys-Biosignals, I have been actively involved in large data
collection efforts as part of the Operator - MIT Portugal Project, conducting two extensive
studies:

• A controlled laboratory experiment with 37 subjects, aimed at identifying physio-
logical markers for fatigue detection.

• A field study in industrial settings with 46 participants, assessing occupational risk
on an automobile assembly line.

Within this project, I also took part in exploring the potential of Respiratory Inductive
Plethysmography (RIP) and Heart Rate-related metrics for tracking fatigue and cardiores-
piratory response in assembly line work, studies that lead to the publication of two journal
papers and three conference proceedings. Additionally, I contributed to the PrevOccupAI
project, by participating in the development of a portal for occupational health assessment
through questionnaires.

My international research experience was strengthened through the Fulbright Program,
where I spent four months at MIT. During this time, I collaborated with MIT.nano’s
Immersion Lab, implementing code for automatic motion capture marker labeling.

Beyond technical contributions, I contributed to the LibPhys-Biosignals group by
conceptualizing and drafting a research proposal for a new project to advance the lab’s
work in biosignal processing and DL applied to Occupational Health.
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7.2.2 Teaching and Mentorship

My PhD journey also included teaching responsibilities at NOVA School of Science and
Technology (FCT NOVA), where I was an invited teaching assistant in the Physics Depart-
ment, covering electrophysiology and thermodynamics practical classes. Additionally, I
was invited to teach a guest lecture on Deep Learning theory in the Machine Learning
course, as well as two workshops on biosignal processing.

I have also had the opportunity to contribute in the supervision and guidance of three
master’s students, supporting their academic development in biosignal processing and
Machine Learning.

7.2.3 Open Science and Scientific Dissemination

As part of my commitment to open science, I contributed to the development of NeuralLib,
a software for biosignal processing, which will be made freely available to the research
community, supporting reproducibility and facilitating future studies in the field.

The developed research has been shared with the scientific community through three
oral presentations at conferences and three poster presentations, contributing to discus-
sions on biosignal processing, fatigue detection, and DL for physiological signal analysis.
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A

NeuralLib Structure

A.1 Directory Breakdown

The NeuralLib package is structured into several modules, each responsible for a specific
aspect of biosignal processing and deep learning model management. Below is a detailed
breakdown:

• architectures/

– base.py: Defines a base class for neural architectures (Architecture), establishing
common methods and attributes.

– biosignals_architectures.py: Defines different architectures suitable for
biosignal processing.

– train_architectures.py: Implements training routines for models, namely
for running grid search for hyperparameter tuning.

– upload_to_hugging.py: Provides functionality to upload trained models on
the Hugging Face platform.

– post_process_fn.py: Includes post-processing functions for refining model
outputs.

• model_hub/

– production_model.py: Handles loading, saving, andmanaging trainedmodels
(ProductionModel) and using them for inference.

– TL.py: Facilitates transfer learning workflows (with TLFactory), allowing users
to extract trained components from ProductionModels and fine-tune them for
new tasks, creating new models.

• utils/

– plots.py: Includes visualization tools for analyzing model outputs and per-
formance metrics.
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– utils.py: Defines DatasetSequence, a pytorch Dataset inheriting class for han-
dling biosignal data. Contains helper functions for validating the dataset
according to the task, data imports, and other general utilities, like device
configuration.

• Root-level scripts

– __init__.py: Initializes the package and ensures modularity.

– config.py and config_pip.py: Handle configuration settings, including pack-
age dependencies and installation settings.
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Usage Guide for NeuralLib

This appendix provides a practical guide to using NeuralLib, complementing the concep-
tual descriptions presented in Chapter 6. It is intended to help readers understand how to
configure, train, evaluate, and deploy models using the library in real-world scenarios. To
ensure clarity and consistency, the entire guide is structured around a running example:
a GRU-based sequence-to-sequence model named ECGPeakDetector, designed for ECG
peak detection. This model classifies each time step of an ECG signal as either a peak or a
non-peak, serving as a representative case for typical biosignal classification tasks.

The guide is divided into three main sections:

• In Section B.1, the ECGPeakDetector model is trained from scratch using a single
manually defined configuration of hyperparameters. The training workflow is
broken down step by step, including model initialization, training, evaluation, and
saving of outputs.

• In Section B.2, a grid search is performed to explore multiple hyperparameter
configurations and identify the one yielding the lowest validation loss. The best-
performing model is then tested, evaluated on a single signal, and uploaded to
Hugging Face for sharing and reuse.

• Finally, Section B.3 demonstrates how to work with pre-trained models available
in the model hub. A model trained for ECG denoising (introduced in Chapter 5)
is used to initialize a new model through transfer learning using TLFactory and
TLModel. Selected layers from the pre-trained model are reused and fine-tuned on
the peak detection task.

B.1 Train a model from scratch

In the first section, the goal is to train a new model from scratch. In this example, we are
training a model called ECGPeakDetector, for peak detection in ECG signals, as the name
suggests. We will start by defining the architecture’s hyperparameters and the training
conditions, followed by model initialization, training, and testing.
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Define architecture’s hyperparameters and training conditions

arch_params = {
‘model_name’: ‘ECGPeakDetector’,
‘n_features’: 1,
‘hid_dim’: [64, 128], # Hidden dimensions per layer
‘n_layers’: 2,
‘dropout’: 0.3,
‘learning_rate’: 0.01,
‘bidirectional’: True,
‘task’: ‘classification’,
‘num_classes’: 1, # binary classification

}

train_params = {
‘path_x’: ‘path_to_input_data’,
‘path_y’: ‘path_to_output_data’,
‘epochs’: 100,
‘batch_size’: 256,
‘patience’: 20,
‘dataset_name’: ‘dataset1’,
‘trained_for’: ‘peak detection’,
‘all_samples’: False,
‘samples’: 300,
‘gpu_id’: 0,
‘enable_tensorboard’: True

}

Initialize and Train the Model

Define the model’s architecture and set the hyperparameters. list_architectures()
provides the list of available architectures. In this example, we are using a sequence-to-
sequence GRU-based architecture. For performing peak detection, we will classify each
timestep of the signal as either peak or no peak (binary classification). As such, task is
set to classification, and has 1 class (binary classification) - the criterion (loss function)
is thus automatically set to BCEWithLogitsLoss.

from NeuralLib.architectures import GRUseq2seq
from NeuralLib.architectures import list_architectures

list_architectures()

model = GRUseq2seq(**arch_params)

model.train_from_scratch(**train_params)

# checkpoints directory
checkpoints_dir = model.checkpoints_directory
print(checkpoints_dir)

Breakdown of train_from_scratch():

1. Model Initialization & Checkpoints

A directory for storing model checkpoints is created in: <DEV_BASE_DIR>/results/
<model_name>/checkpoints/<architecture_name_hparams_datetime>
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2. Dataset & DataLoader Preparation

Training and validation datasets are instantiated from DatasetSequence, loading
data from path_x (inputs) and path_y (outputs). PyTorch DataLoader objects are
created with support for dynamic sequence lengths. Both path_x and path_ymust
contain the subfolders train, val, and test - during training, path_x/train and
path_x/val are accessed; for testing, the data from path_x/test is used.

3. Defining Callbacks for Training

• Checkpoint Callback: Saves the best model based on validation loss (val_loss).

• Early Stopping Callback: Stops training early ifvalidation loss does not improve
for a number of epochs defined by patience.

• Loss Plot Callback: Saves a loss curve to visualize training progress.

4. Trainer Initialization & Logging

If TensorBoard is enabled, a TensorBoardLogger is created for tracking metrics and
hyperparameters (hparams.yaml), saved in the checkpoint directory. The PyTorch
Lightning Trainer is then instantiated with specifications for maximum epochs
(epochs), device configuration, defined callbacks, and logging.

5. Training Execution

The model is trained using:

trainer.fit(model, train_dataloader, val_dataloader)

6. Post-Training Processing & Model Saving

• The best (lowest) validation loss is retrieved from the checkpoint callback.

• Training metadata (trainer state, optimizer, dataset used, GPU info, loss met-
rics, etc.) is saved via model.save_training_information() and written to
training_info.json in the checkpoint directory.

• The final model weights (corresponding to the best validation loss) are saved
as model_weights.pth in the same directory.

Test the model on the test set

predictions, avg_loss = model.test_on_test_set(
path_x=train_params[’path_x’], # the test subfolder is used in this case
path_y=train_params[’path_y’],
checkpoints_dir=checkpoints_dir,
gpu_id=train_params[’gpu_id’],
all_samples=False, # if True, test on all available samples
samples=5,
save_predictions=True

)

print(f"Average Test Loss: {avg_loss:.4f}")
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Summary

• Defined architecture and training parameters

• Initialized and trained a GRU model for ECG peak detection

• Tested the model on the test set

• Saved checkpoints and training metadata

B.2 Perform grid search and upload optimal configuration

In the present section, the goal is to perform grid search on ECGPeakDetector to find the
hyperparameters that lead to the lowest validation loss.

Define architecture’s hyperparameters options and perform grid search

run_grid_search() trains the model for all valid combinations of the provided hyper-
parameter options. In archi_params_options, each hyperparameter is assigned a list of
possible values instead of a single value. If an incompatible configuration is encountered
(e.g., specifying 2 layers and 3 hidden dimensions), it is automatically skipped without
raising an error.

import NeuralLib.architectures as arc

architecture_name = ’GRUseq2seq’

archi_params_options = {
‘model_name’: ‘ECGPeakDetector’, # model name remains always the same, regardless

of the configuration. in the end, a single configuration is selected
‘n_features’: [1],
‘hid_dim’: [[32, 64, 64], [64, 64, 64], [64, 128, 64], [64, 128]],
‘n_layers’: [3, 2],
‘dropout’: [0.3, 0],
‘learning_rate’: [0.001],
‘bidirectional’: [True],
‘task’: [‘classification’],
‘num_classes’: [1],

}

train_params = {
‘path_x’: ‘path_to_input_data’,
‘path_y’: ‘path_to_output_data’,
‘epochs’: 100,
‘batch_size’: 256,
‘patience’: 20,
‘dataset_name’: ’dataset1’,
‘trained_for’: ’peak detection’,
‘all_samples’: False,
‘samples’: 300,
‘gpu_id’: 0,
‘enable_tensorboard’: True,

}

best_dir, best_val_loss, val_losses = arc.run_grid_search(architecture_name,
archi_params_options, train_params)
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Test the best model configuration on the test set

# Load architecture parameters from the hparams.yaml file
architecture_params = arc.get_hparams_from_checkpoints(best_dir)

# Initialize the model using the loaded parameters
model = arc.GRUseq2seq(**architecture_params)

predictions, avg_loss = model.test_on_test_set(
path_x=train_params["path_x"],
path_y=train_params["path_y"],
checkpoints_dir=best_dir,
gpu_id=train_params["gpu_id"],
save_predictions=True,
all_samples=False,
samples=5,

)

Test the best model on a single signal

import os
import numpy as np

signal_dir = os.path.join(’path_to_signal’, ’example.npy’)
signal = np.load(signal_dir)
single_prediction = model.test_on_single_signal(signal, checkpoints_dir=best_dir,

gpu_id=train_params["gpu_id"])

Upload to Hugging Face the best configuration model

To upload the model to Hugging Face, it is only necessary that the three files that are
uploaded are in a single folder (copy and paste them from the model’s checkpoints to
any folder): hparams.yaml, model_weights.pth, training_info.json. An additional file
is automatically created, README.md, for the model card, which contains the basic
information about the model to be presented in Hugging Face.

# Example
description = "GRU-based model for ECG peak detection"
arc.upload_production_model(local_dir=’model_files_directory’,

repo_name=’repo_name’,
token=’insert_your_token’,
model_name=’ECGPeakDetector’,
description=description)

Summary

• Defined hyperparameter search space using archi_params_options

• Executed grid search using run_grid_search() to identify the configuration with
the lowest validation loss
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• Loaded and tested on the test set the best-performing model

• Performed evaluation on a single input signal

• Uploaded the trained model and metadata to Hugging Face for sharing and reuse

B.3 Use the Model Hub for making predictions and perform
Transfer Learning

Make predictions with a Production Model

import NeuralLib.model_hub as mh
from NeuralLib.architectures import post_process_peaks_binary
import numpy as np

mh.list_production_models() # Check Production Models available in the NeuralLib
Collection

# Import the model
peak_detector = mh.ProductionModel(model_name="ECGPeakDetector")

# Make predictions
predicted_peaks = peak_detector.predict(
X=test_signal,
gpu_id=None,
post_process_fn=post_process_peaks_binary, # post_process_peaks_binary: defined

function for post-processing the output from ECGPeakDetector
threshold=0.5, # parameter of post_process_peaks_binary
filter_peaks=True # parameter of post_process_peaks_binary

)

Use TLFactory to extract pre-trained parameters for TLModel

In this part, we are importing a production model from the collection to apply Transfer
Learning on a different task.

from NeuralLib.architectures import GRUseq2seq

factory = mh.TLFactory() # initialize the TL factory

factory.load_production_model(model_name="ECGDenoiser") # load the production model to
the factory

prod_model = factory.models[’ECGDenoiser’] # get the production model from the factory

# Define the TLModel configuration
arch_params = {
’model_name’: ’ECGPeakDetectorTLDenoiser’,
’n_features’: 1,
’hid_dim’: [64, 64, 32],
’n_layers’: 3,
’dropout’: 0,
’learning_rate’: 0.001,
’bidirectional’: True,
’task’: ’classification’,
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’num_classes’: 1
}

# Initialize TLModel
tl_model = mh.TLModel(’GRUseq2seq’, **arch_params)

# Extract desired pre-trained parameters from the Production Model
layer_mapping = {
’gru_layers.0’: prod_model.model.gru_layers[0].state_dict(), # First GRU layer

weights
’gru_layers.1’: prod_model.model.gru_layers[1].state_dict() # Second GRU layer

weights
}

# Define freezing and unfreezing strategies
freeze_layers = [’gru_layers.0’]
unfreeze_layers = [’gru_layers.1’]

# Configure the TLModel
factory.configure_tl_model(
tl_model=tl_model,
layer_mapping=layer_mapping, # inject mapped weights from the prod model
freeze_layers=freeze_layers,
unfreeze_layers=unfreeze_layers

)

# Define training parameters for training TLModel
train_params = {
‘path_x’: ‘path_to_input_data’,
‘path_y’: ‘path_to_output_data’,
‘epochs’: 100,
‘batch_size’: 256,
‘patience’: 20,
‘dataset_name’: ’dataset1’,
’trained_for’: ’fine-tuning for peak detection’,
’all_samples’: False,
’samples’: 300,
’gpu_id’: 0,
’enable_tensorboard’: True

}

# Train TLModel
tl_model.train_tl(**train_params)

Summary

• Loaded a pre-trained model from the NeuralLibModel Hub

• Performed predictions on new input data with optional post-processing using
ProductionModel

• Imported a production model into TLFactory for reuse in a new task via transfer
learning

• Initialized a TLModelwith new architecture and training parameters

• Mapped and transferred selected pre-trained weights to the new model

• Configured layer freezing and unfreezing strategies
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• Trained the new model on a different task using train_tl()
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