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ABSTRACT

The electrocardiogram (ECG) is essential for diagnosing cardiovascular conditions,
yet ECG signals are highly prone to noise, which reduces their reliability, especially in
wearable devices and long-term monitoring applications. Traditional noise detection
methods achieve limited accuracy, and deep learning (DL) has emerged as a promising
solution. Current DL approaches are focused on binary classification (noisy versus clean)
and lack more detailed quality information. This paper explores these challenges by
developing a DL model capable of performing a comprehensive signal quality assessment
(SQA) through the detection of noisy segments and the classification of specific noise types
in the ECG data. To accomplish this, a labeled dataset is generated by injecting controlled
noise into clean signals. A model based on gated recurrent units (GRUs) is developed to
handle the time-series nature of the data, identifying and classifying common noise types.
The model achieved a high accuracy of 92.86 % for electrode motion (EM) noise followed
by an accuracy of 92.05 % and 81.55 % for baseline wander (BW) and muscle artifacts
(MA), respectively. Despite challenges with overlapping noise, the model consistently
maintains high recall and precision rates, proving effective in identifying noise when
present. Compared to state-of-the-art DL approaches, the proposed model significantly
outperforms previous methods, achieving 99.72 % accuracy when conducting a binary
classification of the signals.

This thesis offers a significant advancement in ECG signal processing by providing a
more detailed understanding of noise beyond binary classification. Future improvements
comprise adding the quantification of noise to predict the level of contamination. The work
has the potential to impact clinical practice, long-term monitoring, and self-monitoring
technologies, benefiting medical professionals, researchers, and wearable device users
alike.

Keywords: Electrocardiogram, Signal Quality Assessment, Deep Learning, Detection,
Classification, Gate Recurrent Units, Baseline Wander, Muscle Activation, Electrode
Motion, Wearables
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REsumMo

O eletrocardiograma (ECG) é uma ferramenta diagnéstica crucial para doencas cardi-
ovasculares. No entanto, os sinais de ECG sao vulneraveis a ruido, que comprometem a
sua qualidade e utilidade, especialmente em monitorizagdo a longo prazo e dispositivos
Vestiveis. Os métodos tradicionais de detecdo de ruido apresentam extatidao limitada, e
o deep learning (DL) surge como uma solugdo promissora. As abordagens atuais de DL
concentram-se na classificagdo bindria (ruido versus sinal limpo), sem fornecer informa-
¢des detalhadas sobre a qualidade dos sinais. Esta tese enfrenta esse desafio desenvolvendo
um modelo de DL que realiza uma avaliagido abrangente da qualidade do sinal (SQA) ao
detetar segmentos ruidosos e classificar tipos especificos de ruido nos dados de ECG.

Foi criado um conjunto de dados anotado ao injetar ruido controlado em sinais limpos.
Para lidar com a natureza temporal dos dados, foi desenvolvido um modelo baseado
em gated recurrent units (GRUs), capaz de identificar e classificar os tipos de ruido mais
comuns. O modelo alcancou uma extatiddo de 92.86 % na dete¢do de movimento de
eletrodos, 92.05 % para ruido de deriva de linha de base (BW) (MA) e 81.55 % para
artefactos musculares (MA). Embora a sobreposigdo de ruidos apresente desafios, o
modelo mantém altas taxas de recall e precisdao, demonstrando eficidcia na detegdo de
ruido quando presente. Comparado com as abordagens mais recentes, o modelo proposto
supera métodos anteriores, atingindo 99.72 % de extatiddo na classificacdo binaria dos
sinais.

Este trabalho representa um avango significativo no processamento de sinais de ECG,
oferecendo uma compreensao mais detalhada do ruido para além da classificagdo bindria.
Melhorias futuras incluem a quantificagdo do ruido para prever o nivel de contaminagéo.
O trabalho tem potencial para impactar a pratica clinica, a monitorizacdo a longo prazo e
a automonitorizagdo, beneficiando profissionais de satide, investigadores e utilizadores

de dispositivos vestiveis.

Palavras-chave: Eletrocardiograma, Avaliagdo da Qualidade do Sinal, Deep Learning,
Detecao, Classificagdo, Gate Recurrent Units, Deriva de Linha de Base, Ativacao Muscular,
Movimento do Elétrodo, Dispositivos Vestiveis
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1

INTRODUCTION

Cardiovascular diseases stand as the predominant cause of mortality worldwide,
claiming approximately 17.9 million lives annually [2]. This alarming statistic highlights
the importance of effective diagnostic methods. In this context, Electrocardiogram (ECG)
is a crucial tool, providing a real-time record of the heart’s electrical activity. However,
despite its widespread use in clinical and personal health monitoring the ECG is highly
susceptible to interference and artifacts, usually denominated as noise, which can severely
degrade the quality of the recordings, sometimes rendering them unusable [3]. These
challenges persist even in controlled clinical settings, such as 12-lead resting or stress tests,

where noise can still occur, sometimes requiring the exam to be repeated.

In the context of long-term monitoring, the adversities posed by noise become in-
creasingly evident. Arrhythmias, characterized by brief and irregular episodes of heart
activity, need extended monitoring over several days to achieve accurate diagnoses [4].
This type of monitoring can be performed in Intensive Care Units (ICUs), as well as with
wearble devices such as the Holter [5]. Holter devices enable long-term monitoring of
patients at home, users are often advised to avoid strenuous activities or showering, as
the device is not designed to withstand water exposure or physical stress from exercise.
Such conditions may interfere with its functionality, potentially leading to inaccuracies in
monitoring and gaps in the detection of transient arrhythmias.

Wearables, such as ECG patches [6], are also widely used in a sports settings, where
real-time monitoring of physiological parameters is essential for tracking performance
and avoiding increased risk for CVDs [7]. In addition, wearable devices can be employed
to monitor workers [8] in order to adjust the work schedules, settings, and tasks with the
aim to promote occupational health. Self-monitoring [9] plays an increasingly bigger role
in today’s society for personal health management. However, these contexts, much like
day-to-day activities, introduce significant levels of noise into the recorded data, which
can complicate the accuracy of the collections. This flexibility comes with challenges, as it
often leads to higher noise levels in the recorded ECG data. An additional application of
these devices in a research context is their usage as a source of data for datasets.

1



CHAPTER 1. INTRODUCTION

Consequently, there is an urgent need for more sophisticated noise identification sys-
tems to enhance signal quality assessment (Signal Quality Assessment (SQA)). Traditional
methods represent an earlier attempt at performing SOA, but their reliance on global
thresholds limits their effectiveness [10, 11]. While rule-based approaches account for
some variations, they still depend heavily on fixed threshold values, reducing their appli-
cability. In contrast, deep learning (Deep Learning (DL)) methodologies offer significant
improvements, as they generalize better by learning important features associated with
ECG signals and distinguishing noisy signals with high accuracy. However, a key limita-
tion of these approaches is their focus on binary classification of signals as either clean or
noisy [12], which may not be ideal when only segments of the signal are affected or when
tailoring denoising methods based on the type of noise present would be more effective.

The growing need for noise-robust ECG monitoring systems presents as the central
motivation for this thesis. This project introduces a DL classifier and detector capable
of identifying noisy segments in ECG recordings and categorizing the type of noise
present. By addressing the need for more detailed noise analysis, this approach could
open new possibilities for self and long-term ECG monitoring. In this context, both
medical professionals and individuals engaged in self-monitoring could potentially benefit
from the integration of alert systems, enabling timely corrective actions when necessary.
The classifier also plays a crucial role in the broader context of ECG signal processing
as it generates a detailed evaluation of noisy intervals, making it a valuable resource
for both researchers and users. This comprehensive classification guides the selection
of appropriate denoising methods, whether employing straightforward filters or more
sophisticated techniques, and also facilitates the creation of large noise-labeled datasets.

In summary, this thesis aims to provide a solution that expands on the traditional binary
classification of clean versus noisy ECG signals, offering a more detailed understanding
of the noise present in the data. The work presented has the potential to benefit a diverse
range of users, including clinical staff, researchers, individuals self-monitoring their health,
and those interested in signal processing, paving the way for new opportunities in both

clinical applications and future research.

1.1 Objectives

The primary objective of this thesis is to develop a robust method for the quality
assessment of ECG signals by classifying noise. To achieve this, the main objective can be

divided into four specific sub-goals:

1. Develop and evaluate a deep learning model capable of distinguishing between

different noise types and identifying the intervals of corruption.

2. Evaluate the performance of the developed model in a binary classification context
(noisy or clean)



1.1. OBJECTIVES

3. Compare with state of the art methods

By accomplishing these sub-objectives, the thesis aims to significantly advance SOA
methodologies and be applicable in ambulatory and clinical settings.

This thesis is structured to first define key concepts that are frequently referenced
throughout the document. It then provides a review of the state of the art, assessing
current methods in the field. Following this, the methodology used in the research is
presented, leading into the results and a discussion of the findings, before concluding
with final remarks.

The research work described in this dissertation was carried out in accordance with the
norms established in the ethics code of Universidade Nova de Lisboa. The work described
and the material presented in this dissertation, with the exceptions clearly indicated,

constitute original work carried out by the author.



2

THEORETICAL CONCEPTS

The chapter will comprise of essential theoretical concepts used thorough the thesis.

2.1 The Electrocardiogram

The ECG is a diagnostic tool that measures the electrical activity of the heart. It provides
a visual representation of the heart’s function, offering crucial insights into rhythm,
conduction, and potential irregularities [13]. The test involves placing electrodes on the
chest to detect changes in electrical potentials, which are then recorded and displayed as
waveforms. These changes correspond to the depolarization and repolarization processes
in the heart muscle. Key components of the ECG include the P wave, indicating atrial
depolarization; the QRS complex, representing ventricular depolarization; and the T wave,
which reflects ventricular repolarization, marking the heart’s recovery phase before the
next beat.

A lead in ECG terminology refers to a specific view of the heart’s electrical activity
[13]. A 12-lead ECG provides 12 different views, which allow for a three-dimensional
understanding of the heart’s electrical activity, similar to looking at an object from different
angles revealing its full shape and structure. Wearable devices such as smartwatches,
patches [6] and Holter [5] monitors provide simpler methods for heart monitoring by
using a reduced lead system compared to the traditional 12-lead ECG. These devices may
use a single-lead ECG resembling Lead I, a two-lead configuration similar to Leads I and
IT or I and III, or modified chest leads that approximate the precordial leads (V1-V6) in a

simplified form.

2.1.1 Types of Noise Found in ECGs

Noise in the context of ECG signals refers to any unwanted electrical artifacts that
distorts the true representation of the heart’s electrical activity by deforming the typical
features of the waveform. In ECG signals, various types of noise, such as Powerline
Interference (PLI), Baseline Wander (BW), Electrode Movement (EM), and Muscle Acti-
vation (MA), are present. This project will concentrate specifically on baseline wander,

4



2.2. SIGNAL QUALITY ASSESSMENT

electrode movement, and muscle activation. Powerline interference [14], characterized by
a sinusoidal waveform of 50 or 60 Hz from the alternating current power supply, can be

easily filtered due to its isolated frequency.

BW is a low-frequency noise, typically around 0.5 to 1 Hz. It is caused by factors such
as respiration or body movements [15]. The noise causes the ECG baseline to drift up
and down, rather than remaining steady [14]. The magnitude of the drift can exceed the
amplitude of the QRS affecting the ECG analysis.

MA noise originates from electrical activity of the surrounding skeletal muscles and
can be triggered by sudden movements. MA [15] noise usually overlaps significantly with
the frequency components of the QRS (above 100 Hz), ranging from 0.01 to 100 Hz [14,

16] this makes it difficult to distinguish between muscle activity and heart activity.

EM occurs as a result of poor electrode contact with the skin, leading to changes in
the impedance of the interface. These artifacts usually have a frequency range of 1 to 10
Hz and can be caused by patient movement and incorrect electrode placement [14]. EM
noise can often manifest as large-amplitude waveforms in the ECG signal, which can be
mistaken for QRS complexes, thus distorting the accurate interpretation of heart electrical

activity.

2.2 Signal Quality Assessment

SOA in the context of ECGs is the process of evaluating the accuracy and reliability
of electrocardiogram signals. It involves detecting and quantifying noise, artifacts, and
other distortions that can affect the clarity of the heart’s electrical activity [17]. Effective
SQA enables verification of clean ECG, enhancing the quality and usefulness of the signal

for various applications.

2.3 Machine Learning

Machine Learning (ML) is enables computers to learn from experience without being
explicitly programmed for specific tasks. Instead of following predefined instructions, a
machine learning model is provided with data and uses it to identify patterns and make
predictions [18]. As the model processes more data, it improves its ability to understand
and make accurate predictions, effectively learning how to perform tasks independently
by analyzing examples. Supervised learning is a specific approach of ML in which a model
learns from labeled data [18]. The model is provided with input-output pairs, learning
to map inputs to the correct outputs, labels by analyzing examples. Over time, as it is
exposed to more labeled data, the model improves its ability to make accurate predictions
on new, unseen data, effectively learning how to perform the task by being guided with

the correct answers during training.



CHAPTER 2. THEORETICAL CONCEPTS

24 Deep Learning

DL, a subfield of machine learning that uses multi-layered neural networks to model
complex data patterns [19]. Initial layers extract basic features from data, while deeper
layers build more complex representations, reflecting higher-level cognitive processes
[20].

An Artificial Neuron (AN) can be seen as analogous to a human neuron, serving as
the fundamental unit of an Artificial Neural Network (ANN), just as neurons are the core
components of human nervous system. Artificial neurons can be thought of as decision-
making units, capable of communicating with each other in a manner similar to biological
neurons.

Although the functioning of the human brain is much more complex and far from
being fully understood, the following simplified parallel can be drawn. In both artificial
and biological systems, neurons receive signals or data as inputs, each with an assigned
weight that reflects its importance [21], this parallelism is illustrated in figure 2.1.In
artificial neurons, weights are numerical values that adjust inputs, determining each
input’s contribution to the neuron’s output by increasing or decreasing its relevance [21,
22]

In ANs, such as Feedforward Neural Networks (FNNs)—the most fundamental type
of neural networks—the neuron sums the inputs after adjusting them based on their
weights. The summed inputs are then passed through an activation function (Fig. 2.1) [21],
which determines if the signal should be transmitted to other neurons based on whether it
exceeds a certain threshold. This process is crucial for the network’s decision-making. The
activation function introduces non-linearity into the model, allowing the FNN to learn
from data to handle complex tasks. After the activation function processes the input, the
final output can either serve as an input for subsequent neurons or act as the model’s final
prediction.

In a Fully Connected (FC) layer (also known as a linear layer), all neurons from the
preceding layer are connected to every neuron in the current layer [23], allowing for
comprehensive interactions between neurons across adjacent layers. This structure is
fundamental in many neural networks and helps to integrate information across different
layers effectively.

The equation for the output of a neuron in a neural network can be represented as

shown in Equation 2.1.

Yo = f (Z w;ix; + b) (2.1)
i=1

Where v, » represents the output, w; are the weights, x; are the inputs, b is the bias,
and f is the activation function. The bias [24] functions as a baseline adjustment, shifting
the entire output uniformly up or down, regardless of the inputs. Essentially, it acts as a
constant offset added to the weighted sum of the input features.

6



2.4. DEEP LEARNING

X1 Wy

N\

N i

. Activation

: Wn Function y
Weights Sum Output

Xn

Inputs

Figure 2.1: Artificial neuron overview

241 The Training Process

In a similar way that humans learn through study and practice, the training process in
DL involves the model learning from data to perform a specific task. During supervised
learning, this means using a dataset with known outputs to teach the model. The model’s
performance is evaluated by comparing its predictions to these known results, with the
goal of minimizing training error and ensuring the model generalizes well to new, unseen
examples. Just as humans refine their understanding through repeated learning and
feedback, the FNN improves its accuracy through iterative training and adjustments [25].

Backpropagation [25] is used to propagate errors backwards through the network,
adjusting the parameters at each layer to reduce the error. These adjustments are guided
by the gradients of the loss function, which indicate the necessary changes. Optimization
[25] plays a central role in this process, involving the minimization or of the loss function
(also referred to as the cost function, objective function, or error function).

Optimizers are crucial for implementing the adjustments based on the gradients. They
determine how the parameters are updated [23, 25], employing various strategies to
influence the speed and effectiveness of the learning process. The choice of optimizer
can significantly impact how quickly and effectively the model converges and its final
performance.

Training DL models presents several challenges. Overfitting happens [25] when the
model learns the training data too well, including specific details that do not generalize
to new, unseen data. This can be mitigated through regularization techniques such as
dropout and cross-validation. Additionally, imbalanced datasets, where certain classes
or features are underrepresented, can lead to biased models. Addressing this requires
strategies such as adding penalties to the parameters of the loss function [25].

2.4.2 Architectures of Neural Networks

In neural network design, different architectures are suited to different tasks, especially
as complexity increases. While FNNs are effective for straightforward input-to-output
mappings, they are limited in handling sequences or dynamic data.

Recurrent Neural Networkss (RNNs) are motivated by the simplicity of FINNs but are
designed to process sequential data by allowing information to persist across time steps.
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Unlike FINNs, which only consider the current input, RNNs have loops that enable the
network to retain information from previous inputs, making them suitable for tasks where

context or memory is essential.

2.4.2.1 Long Short Term Memory Networks

This workflow in RNNs [23] is particularly useful in tasks like language modeling or
time series prediction, where the current output depends not just on the current input but
also on previous inputs. Long Short-Term Memory Neural Networks (LSTMs) build upon
this idea by introducing mechanisms to better manage the flow of information across
longer sequences, addressing issues like vanishing gradients that standard RNNs may
face.

LSTMs [26, 27] are an extension of RINNs with the addition of input, output, and
forget gates. These gates control the flow of information through the cell. The forget gate
decides what information from the previous cell state should be discarded. The input
gate determines what new information should be stored, using the current input and
the previous hidden state to decide which values to update. The output gate controls
what information should be passed to the next hidden state, based on the current input
and the previous hidden state [23]. These gates allow LSTMs to control and manipulate

information over long sequences effectively.

2.4.2.2 Gated Recurrent Networks

Although LSTMs are powerful, they are also complex due to their multiple gates.
To simplify this architecture, Gated Recurrent Unitss (GRUs) [27] were introduced, they

merge the cell state and hidden state. They are also a variant of RNNs that combine the
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input and forget gates into a single update gate, which decides what information to keep
from the previous time step and what new information to add, as illustraded in Figure 2.2.
GRUs also include a reset gate, which determines how much of the past information to
forget [23]. GRUs do not have an output gate, which simplifies their architecture while still
maintaining the ability to manage long-term dependencies effectively. This makes GRUs
computationally more efficient than LSTMs [28, 29], while often achieving comparable

performance.
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STATE OF THE ART

The primary goal of ECG quality assessment is to identify noise that could distort
critical features of the signal. By detecting and flagging these compromised signals, the
process ensures that only clean and reliable data are used for further analysis. This
literature review will first cover traditional methods, which typically depend on manually
crafted features and fixed thresholds, and then shift focus to deep learning approaches
that provide more flexible and scalable alternatives.

3.1 Traditional Metrics

Traditional methods for assessing the quality of ECG signals have evolved over time,
employing a variety of approaches to evaluate the noise levels present in ECG recordings.
Each of the following methods has its own set of techniques and focus on different features
of the ECG signals. These can be divided in fundamental categories: statistics-, feature-,
frequency-, morphology-based.

Statistical approaches focus on computing statistical metrics to check if the signal’s
distribution and shape falls under acceptable ranges that characterize noise-free signals.
Sungho Oh’s approach [30] incorporates various statistical metrics: (1) signal variance,
where higher values suggest the presence of noise, (2) zero-crossing rate, which measures
how frequently the signal transitions from positive to negative, (3) turn counts, which
track the number of local minima that exceed 0.1 mV. Kurtosis [11, 31] and skewness
[10, 11] have also been proposed as good indicators: these check for any anomalies in the
signal’s distribution, namely identifying abnormal sharpness and asymmetry, respectively.
A significant challenge with these metrics is the need to establish appropriate thresholds
and ranges that may not always be applicable in different contexts.

In 2018, Zhao [11] introduced a rule-based classification method that uses several
metrics to assess ECG signal quality. This approach integrates traditional feature extrac-
tion with fuzzy logic to evaluate signals. The process is divided into two main steps.
First, key Signal Quality Indicators (5QIs) are derived from the signal, including R peak
detection, power spectral distribution, R-R interval variability, kurtosis, skewness, and
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baseline power. These features are then combined through heuristic fusion, a rule-based
approach that selects the optimal combination of SOIs based on accuracy. In the second
step, a comprehensive fuzzy evaluation is applied. Fuzzy logic is useful when signal
quality is not easily classified as simply "good" or "bad" assigning degrees of membership
to the categories "excellent", "acceptable"”, or "poor". This method’s dependence on heuris-
tics and subjective parameter tuning can reduce its effectiveness, increasing the risk of
misclassification in more complex or ambiguous cases.

Feature-based approaches assess signal quality by analyzing specific characteristics
of the ECG. An example is the adaptive threshold QRS detection method proposed by
Chiarugi et Al. [32]. In their approach, they utilize ECG features to calculate a noise index
based on both the baseline level of the ECG and the variability of the QRS complex. This
approach can have some limitations such as the correct estimation of the baseline level
of the signal and the variability of the QRS complex. Sungho Oh [30] adopts a feature
extraction and reduction approach for ECG SOA. His methodology employs Principal
Component Analysis (PCA) to reduce the dimensionality of ECG data, distinguishing
between significant features like heartbeats and noise. PCA helps in isolating noise by
identifying components with lower eigenvalues, though its success depends on precise
component selection.

Frequency-based SOA involves analyzing the frequency bands of the recorded signals,
as the typical frequency range of an ECG is highly distinctive. In Liping Li’s paper [33],
these characteristic frequency bands are utilized. This method focuses on analyzing the
power spectrum of the signal within the 0.05 to 30 Hz range, where most ECG features
are concentrated, and compares it to the 30 to 60 Hz range, which is primarily associated
with noise. By calculating this ratio, a quantitative measure of the noise level is obtained.
That said, it is limited to addressing specific noise types, such as PLI EM noise, and also
relies on static thresholding.

One foundational type of ECG SQA are the morphology-based methods, with Wang’s
work [34] being a prominent example. This approach evaluates signal quality by ana-
lyzing the differences in the area between successive QRS complexes and accumulating
mismatches in a histogram. Although effective in highlighting discrepancies in the mor-
phology of the ECG, this method is highly dependent on accurate QRS detection, which
can be problematic if the noise present significantly distorts the signal. Additionally, it
assumes a normal QRS complex morphology, potentially overlooking variations caused
by pathological conditions. Morphological approaches rely on standard “clean” ECG as
templates to compare real signals with and look for the presence of noisy components.
Iravanian’s [35] approach involves averaging the ECG signal and subtracting this average
from the original signal to isolate the residual components. This residual can then be
analyzed to estimate the noise present. However, this method relies on the assumption
that the average ECG signal is representative of a clean signal, which may not always be the
case. Rio et. Al [31] creates a template using Least Mean Squares (LMS) adaptive filtering
to isolate the ECG component from the noise. However, this method’s effectiveness is
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heavily dependent on the quality and representativeness of the clean template.

In conclusion, while traditional methods provide valuable frameworks for ECG SOQA,
they each face inherent limitations. These methods often rely on predefined threshold
values and assumptions about signal characteristics, which may not be universally ap-
plicable across different contexts or patient populations. Furthermore, the effectiveness
of these metrics depends on the accuracy of signal features such as QRS detection or
baseline estimation, which can be compromised in noisy environments. Therefore, while
traditional SOA is important, it requires careful implementation and may benefit from

adaptive approaches to account for the variability in real-world ECG recordings.

3.2 Deep Learning

DL methods for ECG SOA have evolved significantly over the past decade, offering
increasingly sophisticated techniques for evaluating signal quality. Unlike traditional
methods that depend on handcrafted features and expert-defined rules, DL. models learn
high-level features directly from ECG signals, allowing for more adaptive and scalable
approaches. These advancements are particularly noticeable when comparing various
architectures, datasets, and performance metrics, as summarized in Table 3.1, which
provides a structured comparison of the models discussed.

Zhou et al. present an early example of a 1D Convolutional Neural Network (CNN)
model [36] trained on the PhysioNet/CinC 2011 and 2017 datasets [37-39], achieving 94.30
% accuracy by classifying single-lead ECG signals as either acceptable or unacceptable.
As shown in Table 3.1, the architecture, consisting of two convolutional layers followed by
a FC layer, demonstrates that even simple CNN architectures can outperform traditional
methods.

While Zhou's early CNN model excelled in handling single-lead signals, Huerta et
al. [40, 41] expanded this approach by using scalograms and transfer learning with
advanced image classification models to better manage noisy signals. These models
include AlexNet, VGG16, and GoogLeNet. As highlighted in Table 3.1, AlexNet achieved
the highest accuracy at 91.20 %, followed by VGG16 at 89.65 % and GoogLeNet at 90.75 %,
underscoring the effectiveness of CINNs in frequency-domain noise detection.

Mondal’s work [42] continued the exploration of CINN-based models, focusing on
binary classification of ECG quality. In this approach, signal segments were corrupted
with synthetically added noise, similar to the method used in this thesis. The architecture,
consisting of three 1D CNN layers, pooling layers, and a dense layer. The method used
the first-order derivative of the ECG to enhance high-frequency components typically
associated with noise. This CINN-based model achieved a 91.77 % accuracy on the
PhysioNet Challenge 2017 [38, 39] dataset.

Liu et al. [43] introduced a dual-input method, where the primary input was a
scalogram, and the second input comprised handcrafted statistical features such as baseline
drift and R-peak count. The CNN architecture, consists of three convolutional layers,
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fused CININ-extracted features with handcrafted ones, effectively distinguishing between
acceptable and unacceptable signals. However, the reliance on scalograms limited the
model’s applicability to raw ECG signals, where time-series architectures, such as LSTM
models, may be more suitable.

J. Zhang et al. [44] tackled the temporal dependencies of ECG signals by utilizing
LSTM structures. They developed a large private dataset with 179,130 records—one of
the largest used in this field. Their LSTM-ECG model achieved 93.50 % accuracy by
merging the features learned by LSTM layers with domain-specific features, including
spectral distribution and waveform variation. Without these domain-specific features, the
precision fell to 91.10 %, highlighting the efficacy of the dual input method.

DL approaches are highly data-dependent, and the limited size of public ECG databases
can lead to misleading performance outcomes. This data limitation drives the need for data
augmentation. Zhou et al. [45] addressed this by introducing a Conditional Generative
Adversarial Network (CGAN), performing both data augmentation and quality assessment.
The CGAN'’s generator, consisting of two LSTM layers, and the discriminator, composed
of two CNN layers, generated artificial ECG segments to balance the dataset and improve
training efficiency. The CGAN-based system achieved accuracies of 97.10 % and 96.40 % on
two datasets, highlighting the role of data augmentation in improving model performance.

A more recent innovation is the use of attention mechanisms. Jin et al. [46] introduced
the DAC-LSTM model, which combined CINNs and bidirectional LSTMs with attention
mechanisms to enhance feature selection from 12-lead ECGs. CNNs and LSTMs extracted
teatures, followed by a time-based attention mechanism to select the most important
segments for classification, ending with a softmax classifier. The model achieved 94.
00 % accuracy, which makes it highly applicable in real-world clinical settings, such as
triage. Similarly, Zhong et al. [47] incorporated attention mechanisms through Squeeze-
and-Excitation modules within a DenseNet architecture, achieving a high accuracy of
96.02 %. However, while these approaches enhance feature selection and classification
performance, they still fall short in characterizing noise in detail, particularly in identifying
noise sources.

Chen et al. [48] introduced SwinDAE, a model combining a denoising autoencoder
with a 1D Swin Transformer, designed to efficiently handle long ECG recordings while
reducing computational complexity. The encoder used the Swin Transformer to break the
ECG into patches and extract key features like the P wave, QRS complex, and T wave,
filtering out noise. The model, trained with three loss functions, achieved an overall F1
score of 83.58 %, with precision at 97.62 % and sensitivity at 95.38 %, demonstrating its
effectiveness in distinguishing signal quality levels.

X. Zhang et al. [49] developed a model for wearable ECGs using Residual Recurrent
Modules (RRMs), combining CNNs and RNNs with residual connections. This architec-
ture, tested on ECG data from 20 cardiovascular patients and the China Physiological
Signal Challenge 2020 dataset [50], achieved 98.72 % accuracy for two-category classifica-

"non

tion and 92.31 % for three-category classification ("good", "medium", "poor"). However,
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its reduced sensitivity to electrode motion artifacts remained a challenge.

Traditional ECG quality assessment methods rely on rigid empirical thresholds or
statistical calculations, making them difficult to adapt to new datasets. DL offers flexibility
and improved accuracy by learning directly from data, but these models typically require
large labeled datasets, which are often hard to obtain.

Despite recent advances, current DL. models, while effective in classification, fail to
identify the specific types of noise present.

This thesis addresses these gaps by proposing a model that not only detects and
classifies noise but also identifies the specific noise source, percentages, and temporal
intervals of contamination within the ECG signal. Focuses on three types of noise, BW,
MA, and EM, to provide a comprehensive quality assessment based on the overall presence
of noise over time. By employing a unique vectorized representation, where each position
corresponds to a specific noise type, this model provides a more robust solution compared
to existing methods. Its capability to simultaneously detect and classify multiple noise

types addresses critical gaps in current ECG SOA research.
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Table 3.1: Overview of main attributes and results of state of the art studies

Ref. Model Architecture Datasets Classes Acc% Recall % Spe% Pre% F1%
. . . PCCC11, Clean/
[36] 1D CNN 2CNN — 2 FC PCC17 Noisy 94.30 91.30 95.50 — —
AlexNet Clean/
[40] + 5 CNN/5 MaxPool — 3 FC PCCC17 Nois 91.20 100.00 90.30 — —
Scalogram Y
VGG16 13 CNN/5 MaxPool —
[41] + 3 FC — 1 Softmax 89.65 85.60 93.70 - -
Scalogram PCCC17  Clean/
2 CNN — 3 MaxPool — Noisy
GogglLeNet .
9 Inception Modules —
+ N 90.75 88.80 92.70 — —
Scalogram 1 AvgPool — 1 FC —
1 Softmax + 2 AuxClassifiers
1D 3 CNN — 3 MaxPool — PTB, Clean/
M2 . o MITBIHA, X 91.77 — — — —
CNN-dECG Flatten — 1 FC PCCC17 Noisy
2 Inputs (Spec + Stats):
HC-Stats o
[43] + 3 CNN/3 MaxPool — pccenn e 509 97.67 7733  93.67 84.72
Spectrogram ancatenate — Noisy
P 1 FC — 1 Softmax
P 3LSTM —
[44] LSTM-ECG Merge (LSTM + Domain) 93.50 81.20 97.20 — —
8 PCCC11, Clean/
— 1 FC — 1 Softmax Privat Noi
LSTM rivate o15y
NF-ECG 3 LSTM — 1 FC — 1 Softmax 91.10 79.20 94.60 — —
PCCC17,
CGAN: 2 LSTM (G) — 2 CNN (D) TELE 97.10 98.60 96.40
4s)  COAN e ] Siemoid ECG, Clean/ o 7 o
-SQA remot MITBIHA,  Noisy - =

SQA: 2 CNN — 2 LSTM — 1 FC 96.40 99.10 95.00

MIT-
BIHNSR

Channel Attention — 5 CNN —

[46] DAC-LSTM  1BiLSTM — Time Attention -  PCCC11 (1:\11(;?:/ 94.00 9759 7647 @ — @ —
Softmax y
- . Clean/
[47] DenseNet-SE ~ DenseNet (CNN) — SE Attention =~ PCCC11 Noisy 96.02 99.19 86.16 — —
High/
. 1D Swin Encoder — 1D CNN PTB-XL, Medium
[48] SwinDAE Decoder — 1 FC BUT QDB /Low 95.38 — 97.62  83.58
Quality
Clean/
Noisy 97.72
3 RRM: T 2labels)
[49] RRM (Recurrent + Residual — 1D CNN)  CPSC2020 High/ 91.7. 4s — — — —
— Softmax Medium/ ¥
(3 labels)
Low
Quality

The mentioned datasets are available at: PhysioNet [39] Challenge 2011 (PCCC11) [37]; PhysioNet [39] Challenge 2017 (PCCC17) [38]; TELE
ECG dataset (TELE ECG) [51]; MIT-BIH Arrhythmia Database (MITBIHA) [39, 52]; MIT-BIH Normal Sinus Rhythm Database (MIT-BIHNSR
[39, 53]; Physikalisch-Technische Bundesanstalt Database (PTB) [39, 54]; PTB-XL Database (PTB-XL) [39, 55]; Brno University of Technology
ECG Quality Database (BUT QDB) [56]; China Physiological Signal Challenge 2020 (CPSC2020) [50]. The abreviations used are: Max
Pooling (MaxPool); Average Pooling (AvgPool); Auxiliary Classifier (AuxClassifier); Handcrafted (HC); Spectogram (Spec), Statistic (Stat);
Non-Features (NF); Generator (G); Discriminator (D); Dual Attentional Convulutional (DAC); Squeeze-and-Excitation (SE); Swin Transform
(Swin); Denoising Autoencoder (DAE).
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METHODS

This chapter covers the methods applied in the development of the model alongside

with the computational resources, programming environment and datasets used.

4.1 Computational Resources and Programming Environment

This project was developed using Python [57] language. The model development was
carried out using Pytorch [58], with the computational power provided by an NVIDIA
RTX 6000 Ada Generation [59] Graphics Processing Units (GPPUs) card. For data manipu-
lation and visualization, the primary packages employed were pandas [60], numpy [61],
Waveform Database Software (WFDB) [39, 62] and matplotlib [63]. The entire workflow

was managed within Pycharm [64].

4.2 Public Datasets

As outlined in the Introduction, this thesis involves the generation of a custom dataset,
of ECGs with controlled injections of typical ECG noise. To generate the custom dataset,
two datasets were used, these are available in PhysioNet [39], a public repository of
physiological. The datasets selected were the PTB-XL [55, 65] and the MIT-BIH [66].

421 PTB-XL PhysioNet Dataset

The PTB-XL ECG dataset [55, 65] is a large-scale publicly accessible collection of 21,837
12-lead clinical ECG recordings, each lasting 10 seconds, gathered from 18,885 patients.
The dataset is stored in a 16-bit binary format with a resolution of 1 4V /LSB and provides
recordings in two formats: the original high-resolution version with a 500 Hz sampling
frequency and a down-sampled version at 100 Hz. PTB-XL includes metadata on signal
quality, addressing issues like noise, baseline drifts, static noise, burst noise, and electrode

problems.
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PTB-XL is particularly notable for its diversity, encompassing a wide variety of ECCs,
including Normal (NORM), Conduction Disturbance (CD), Hypertrophy (HYP), Myocar-
dial Infraction (MI), and ST-T Changes (STTC) diagnostics. The distribution of these
categories is shown in Table 4.1. The dataset consists of 56.36 % normal ECGs and 43.64 %
of pathological ECGs. The annotations were performed by cardiologists, with peer review

by a second cardiologist in some cases, ensuring high precision.

Table 4.1: Summary of ECG records by diagnostic category

Number of Records  Diagnostic Description
9514 NORM Normal ECG
5469 MI Myocardial Infarction
5235 STTC ST/T Changes
4898 CD Conduction Disturbance
2649 HYP Hypertrophy

Overall, PTB-XL provides a comprehensive resource for advancing research in auto-
mated ECG analysis, offering extensive annotations, high-quality signals, and detailed

metadata.

4.2.2 MIT-BIH Noise Stress Test PhysioNet dataset

To create a noisy version of the ECGs, noise was overlaid on the clean ECG signals. The
MIT-BIH Noise Stress Test Database was utilized for this purpose, specifically selecting
records associated with EM, BW and MA [55, 66]. These types of noise were chosen due to
their prevalence in ECG recordings and their significant impact on signal quality, allowing
a controlled but realistic simulation of noisy ECGs.

The noise dataset used contains 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.

The noise recordings were sampled at 360 Hz and consist of two channels. The three
noise records include EM, BW and MA.

4.3 Generating Custom Dataset

This thesis requires the process of generating noisy controlled signals from clean ECCs,

this process is illustrated in Figure 4.1.

4.3.1 PTB-XL and MIT-BIH Records Curation

The first step involves loading and preparing the PTB-XL ECG Dataset along with
the MIT-BIH Noise Stress Test Database. The PTB-XL dataset is first downloaded from
PhysioNet, and the associated metadata is processed to eliminate records with noise
filtering out records with annotations indicating issues such as baseline drift, static noise,
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Figure 4.1: Generation of noisy signals (signal 10100 of the test set)

burst noise, or electrode problems, ensuring only high-quality ECG signals are retained.
The prepared clean ECGs and noise records are stored locally in an accessible format,

ready for subsequent processes.

4.3.2 Pre-processing

Prior to creating the noisy ECG records for the custom dataset, a few preprocessing
steps were applied to ECG records from the database. This corresponds to the first step

of the pipeline illustrated in Figure 4.1.

1. Resampling: Each record is resampled from its original frequency (500 Hz) to 360

Hz. This resampling aligns the ECG signals with the noise data of the MIT-BIH
database.

. Min-max scaling: The amplitude of the signal was normalized [67] between 0 and 1
this improves the convergence speed of the model, and prevents any single feature
from dominating the learning process due to its scale.

. Filtering: The records are filtered using a combination of a bandpass filter and
moving average [68], effectively removing baseline drifts and smoothing the signal
without compromising the integrity of the signal itself.

a) The bandpass has a range of 1 to 45 Hz [68] isolating the relevant ECG frequen-

cies.

b) The moving average uses a sliding window of size 7 to compute the average of
neighboring values in the ECG signal, smoothing out very rapid fluctuations
and reducing high-frequency noise while preserving key features such as ECG
peaks. Padding is applied by mirroring the first and last 3 samples to prevent
edge artifacts and ensure smooth convolution at the boundaries.

. Lead Selection: The filtered records undergo a lead selection phase where R-peaks
and total peaks (including R-peaks and other peaks) are analyzed. Leads with fewer
than 8 R-peaks are excluded to ensure that empty signals are discarded. Among the
remaining leads, the three with the fewest number of total peaks are selected, as a
higher number of non-fiducial peaks is indicative of higher noise. Therefore, the
selected leads are considered less noisy and prioritized.
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This pipeline (Figure 4.1) ensures that only the cleanest signals are used, retaining just

three leads per record while maintaining a controlled environment for the noise injection.

4.3.3 Train, Test and Validation Split

The train-test-validation split of the ECGs is done according to the patient’s Identifica-
tion (ID) to ensure that the data from a patient does not appear in more than one subset.
This patient-level splitting is fundamental to avoid any data leakage, which could lead to
bias. The data set is then divided accordingly, 70 % of the patient IDs are allocated to the
training set, 15 % to the validation set, and the remaining 15 % to the test set. This split
by patients IDs results in different total numbers of ECG in the test and validation sets, as

seen in Table 4.2. The same 70/15/15 split is applied to normalized noise records.

Table 4.2: Number of records in train, validation and testing sets

Set Number of Records
Training 35157
Validation 7509
Testing 7592

4.3.4 Model’s Inputs

This subsection aims to simulate real noisy ECG signals by injecting noise typically
associated with ECG data into the clean signals processed in Section 4.3.2, this step is also
depicted in Figure 4.1. This ensures that the data used as input to the model is diverse
enough to emulate the signals encountered in real-world scenarios. The method applied

involves adding noise to the clean signals based on the following principles:

1. Number of Noise Intervals: The number of noise intervals to be added is generated
randomly, ranging from 0 to a specified maximum (set to 4 due to the duration of
the signals being 10 seconds). The inclusion of 0 as a possible outcome ensures that

some signals are kept clean, mimicking real-world variability
2. Noise Types and Interval Selection:
a) BW noise has a minimum interval length of 5 seconds (1800 samples) to simulate
prolonged disturbances, typical of baseline wander.
b) Othernoise types have a maximum intervallength of 5.6 seconds (2000 samples),

ensuring that the noise does not dominate the entire signal.

3. Smoothing the Noise Transitions: Smooth transitions at the beginning and end
of the noise intervals are applied using a moving average filter to avoid abrupt
changes that could create unrealistic noisy signals. This step simulates more natural

occurring noise patterns.
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4. Scaling the Noise: The noise is also scaled using a random factor between 0.2 and 1,

ensuring variability.

5. Saving the Noisy Signals and Noise Information: Both the noisy signals and the
detailed information about the noise intervals are saved. The noise information
includes the starting and ending samples of the noise addition, along with the
one-hot encoding of the noise types present per interval. This logging is essential

for generating the true labels.

4.3.5 Model’s Outputs

The model’s output is a one-hot encoded vector with the same length as the input
signal. Each position of the one-hot encoded array represents a type of noise, in this case
MA, EM, BW. The structure of the output is shown in Figure 4.2. The generation of the
true labels handles overlapping intervals, allowing multiple types of noise to be present

simultaneously at any given time.

The one-hot encoded labels generated by this method provide a clear and structured
representation of the noise present in each signal, which is crucial for training models to
detect and classify different types of noise. The method’s ability to handle overlapping
noise intervals reflects real-world scenarios where multiple noise types may coexist.

P |

0000000000000000000 |MA
0000000000000000000 |EM
0000000 0 [BW

Samples

Figure 4.2: Example of the model’s output (signal 265 of the test set)

4.4 Model Design

In this thesis, the main structure of the neural network is designed to detect and
classify different types of noise in ECG signals. The model outputs a one-hot encoded
vector, representing the presence of each type at each time step. This section details the
model architecture, including its structure and components. It also covers the processes

for training, validation, and testing.
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44.1 Model Architecture

4.4.1.1 Input Sequence

The model accepts input sequences of the size [’batch_size’, ’sequence_length’,

"input_size’]. Where the "input_size’ is 1, as each time step corresponds to a sin-

gle value from the ECG. In this context the input sequence has the following shape:

['batch_size’, 3600, 1]. The overall structure of the model is displayed in Figure 4.3

Fully Connected Layer

3 Stacked GRU layers Dropout layer
‘ W T o0 000 11111111111 000 |MA
\‘ (128, 3600, 1] (128, 3600, 256]| {128, 3600, 256] O=7/K_ . [128, 3600,3] | 000 00000000000 -~ 000 |EM
Y [a 000...00000000000...000 |BW
Droput rate =0.3 4 0 3600
U .

Droput rate =0.3
Hidden State [6, 128, 128]

Figure 4.3: Final model overview and output interpretation: The input tensor has a shape
of [128, 3600, 1], where 128 is the batch size, 3600 is the sequence length, and 1 represents the input size
(number of features per time step). The hidden state in the GRU is [6, 128, 128], reflecting 3 stacked layers
with bidirectional processing (3 x 2 directions), where the first 128 is the batch size and the second 128 is the
hidden size (number of neurons). After processing through the GRU, the output has a shape of [128, 3600,
256] (due to being a bidirectional stack), which is passed a dropout layer and through a fully connected layer,
reducing the dimensions to [128, 3600, 3] to classify each time step into one of 3 possible states. (Signal 150 of

the test set)

4.4.1.2 Layers

1. GRU Layers: Stacked GRU layers process the input sequence and produce an output
sequence of hidden states, each hidden state corresponding to a time step in the
input sequence. The length of the output sequence remains the same as the input
sequence, preserving the temporal structure of the data. These layers are configured
with the following parameters:

a) hidden_size: Defines the size of the hidden state vector at each time step. The
hidden "hidden_size’ corresponds to the number of neurons in the layer. This
results in an output tensor of shape [batch_size, 3600, "hidden_size’]

b) bidirectional: This parameter can be set to either to ’True’ - processing
the input sequence in both directions, effectively doubling the hidden size for
each time step, though this does not change the sequence length - or ’False’-
processing the input sequence in a single direction, maintaining the original
hidden size. This approach may capture less contextual information compared
to previous setting.

¢) dropout: Dropout defines the rate at which a random subset of hidden units
(neurons) are deactivated (set to zero). These hidden units produce outputs
that represent the values generated by the hidden state and the input after
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passing through both gates. The values can represent either the next layer’s
hidden state or the output of the stack, if applicable. Dropout is applied to the
non-recurrent connections (i.e., the output of each GRU layer) but not to the
recurrent connections (the hidden state passed between time steps).

2. Dropout Layer: Dropout [23] is applied between the stacked layers and the FC layer.
This deactivates a subset the output generated from the stacked GRU, across the
tfeature space before passing it into the FC layer. This regularization ensures that
the model does not rely too heavily on any single feature, improving the models

generalization since it learns to make predictions based on a broader set of features.

3. FC Layer: The FC [23] layer transforms hidden state vectors with a dimension of
hidden_size to an output vector with a dimension of number_of_states. This out-
put dimension matches the length of 3 in the one-hot encoded output, corresponding
to the possible types: MA, EM, and BW.

4.4.1.3 Output Sequence

The final output of the model is a sequence of vectors with dimensions [’batch_size’,
’sequence_length’, 'number_of_states’]. Each vector at each time step contains raw

logit scores for each noise type.

4.4.2 Model Process
4.4.2.1 Model Training

The training of the models is conducted over 200 epochs using early stopping criterion
to prevent overfitting the model to the data. Each epoch consists of a forward pass, loss

computation, backpropagation and model parameter updates.

1. Forward Pass: In each epoch, the model performs a forward pass by processing a
batch of input data through the layers described in Section 4.4.1.2. During this pro-
cess, each layer computes its output, which is then passed as input to the subsequent
layer. The final output of the model has dimensions [batch_size, sequence_length,

number_of_states], matching the target labels used for loss calculation.

2. Loss Calculation: The Binary Cross-Entropy with Logits Loss (BCEWithLogitsLoss)
[23] function is used to measure the performance of the model in multi-label classi-
fication tasks. It computes the binary cross-entropy loss by combining the sigmoid
activation function and the binary cross-entropy calculation into one numerically
stable operation. This loss function takes the raw logits output from the forward
pass, applies the sigmoid function to obtain probabilities, and then calculates how
well these probabilities match the target labels. Additionally, BCEWithLogitsLoss
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supports class weights to ensure that minority classes are adequately represented

during training.

a) Class Imbalance Problem: In an imbalanced dataset, certain classes appear less
frequently than others. For instance, MA and EM occur less often compared
to other noise type. The class distribution is as follows: 16.0 % for EM, 16.0
% for MA, 27.4 % for BW, with the remaining 40.7 % representing instances
with no noise. To address this, the loss function was adjusted by penalizing the
misclassification of less frequent classes more heavily. This is done by assigning
higher weights to these classes in the loss calculation. As a result, the model
receives stronger feedback for errors involving the rare classes, which helps it
to better learn and predict these underrepresented classes.

b) Backward Pass and Optimization: Gradients were computed using backprop-
agation, and the model parameters were updated with the Adaptive Moment
Estimation (Adam) optimizer [23], set with a learning rate of 0.001. This opti-

mizer was selected for its adaptive learning rate capabilities.

4.4.3 Validation Process

Validation is conducted after each epoch to assess the model’s performance on unseen
data and to guide the training process. Validation involves setting the model to evaluation
mode, where gradient computation is disabled. This allows to objectively measure the

model’s effectiveness without influencing its learning.

1. Validation Loss Calculation: During validation, the loss is calculated using the same
criterion as during training phase. However, unlike training, no backpropagation
or parameter updates occur. The purpose of this step is to evaluate the model’s
ability to generalize to new data, which helps identify any potential overfitting to

the training set.

2. Evaluation and Model Saving: The model’s performance is evaluated based on
the validation loss. If the validation loss decreases compared to previous epochs,
it indicates that the model’s ability to generalize has improved. In such cases, the
model is then saved as the best version. This checkpoint includes the model’s state,
optimizer state, and all relevant hyperparameters, ensuring that the model could be

restored.

3. Early Stopping: Early stopping is employed with a patience of 40 epochs to prevent
overfitting. This means that if there is no improvement in validation loss for
40 consecutive epochs, the training process is terminated. Early stopping helps
avoiding unnecessary training beyond the point of optimal performance, thereby
reducing computational resources and ensuring that the model does not become

overly specialized to the training data.

23



CHAPTER 4. METHODS

4.4.4 Hyperparameter Optimization Via Grid Search

To optimize the model’s performance, hyperparameters were fine-tuned using a grid
search approach. Grid search systematically explores a predefined set of hyperparameter
values by training and validating the model on different combinations of these. This
process assisted in identifying the optimal configuration that yields the best validation

performance.

1. Grid Search Methodology: A grid search is performed by exhaustively evaluating
every combination of the specified hyperparameters within a defined range, the
overall tested values can be seen in Table 4.3. For each combination, the model is
trained and validated, and the results were recorded. The combination that resulted

in the lowest validation loss is selected as the optimal set of hyperparameters.

Table 4.3: Hyperparameter values explored during grid search

Hyperparameters Values
Types 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

2. Selection of the Best-Performing Set of Hyperparameters: After conducting the
grid search, the best-performing hyperparameter set is chosen based on its ability

to minimize validation loss.

4.4.5 Testing Process

After training and validating the model, the final step is to evaluate its performance
on the test dataset. This evaluation is crucial for assessing the model’s ability to generalize
to unseen data, allowing for the computation of key metrics such as confusion matrices,
accuracy, F1 scores, precision, and recall.

Testing begins by loading the best model saved during training. This model is reinitial-
ized with the same architecture and hyperparameters, and the model’s state, including
the learned weights, are restored.

At this stage, the model outputs raw logits for each time step are passed through a
sigmoid function to produce probabilities. The probabilities are then converted into binary
predictions, indicating the presence or absence of each noise type at each time step. This is
achived using a class-specific threshold optimization in a multi-label classification setting
to improve model performance. For each class, the Receiver Operating Characteristic
(ROC) curve is computed, mapping the relationship between True Positives (TP) rate
and False Positives (FP) rate at various thresholds. The G-Mean, or geometric mean
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of TP rate FP rate, is calculated, as \/TPR X (1 — FPR) for each threshold to capture a
balance between sensitivity and specificity. The threshold that maximizes the G-Mean
is selected as the optimal value, ensuring that each class receives a threshold tailored
to its individual distribution. The thresholds are calculated on validation set and then
applied to the testing set, allowing an unbiased assessment of the model’s generalization
performance. This step adjusts the balance of the performance metrics. This method
provides a refined evaluation approach that addresses the imbalanced nature of multi-
label dataset by aligning thresholds with class-specific predictive behavior, resulting in
more reliable performance metrics across all classes.

4.4.5.1 Performance Evaluation

To evaluate the model’s performance, the predictions are compared to the actual labels.
The following metrics are used for this assessment.

1. Confusion Matrices

a) Confusion Matrix for each individual class:
An individual confusion matrix is computed for each noise type to evaluate
the model’s ability to correctly predict whether each class (MA, EM, BW) is
'Present’ or 'Not Present’. The matrix shows the counts of:
¢ True Negatives (IN): Correctly predicted the noise type as ’Not Present’
¢ [P: Incorrectly predicted the noise type as 'Present’
¢ False Negatives (FIN): Incorrectly predicted the noise type as ’Not Present’

e TP: Correctly predicted the noise type as *Present’

b) Global Confusion Matrix: All Classes including a None class.

A general encapsulating matrix is calculated to evaluate the model across 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.
¢ TP along the diagonal: Correct predictions where the true labels match the
predicted labels.

¢ Off-diagonal values: Misclassifications, where one class is incorrectly pre-
dicted as another.

* None category: Indicates how well the model recognizes instances where
none of the other classes are active.

2. Performance Metrics

From the individual confusion matrices for each class, the following metrics are
calculated to assess the model’s performance:
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* Accuracy: Accuracy measures the proportion of correct predictions out of the
total number of data points. While it provides a general indication of the
model’s effectiveness, it can be misleading in cases of imbalanced data, as it
may overestimate performance on the majority class. However, as mentioned
in Section 4.4.2.1, penalizations were added to mitigate this effect and improve
accuracy for the minority classes.

Accuracy : [P+TN
Y TP+TN+EP+IN

¢ Precision: Precision indicates how many of the predicted positives were actually

(4.1)

correct. It is particularly important when dealing with imbalanced data, as it
reflects the model’s ability to avoid false positives.

i TP
Precision : TP+ FP 4.2)

* Recall: Recall, also known as sensitivity, measures the ability of the model to
correctly identify actual positives. In the context of imbalanced data, recall is
crucial for ensuring that the minority classes are accurately detected.

TP
Recall : m (43)

* F1 Score: The F1 Score is the harmonic mean of precision and recall. It balances

the trade-off between these two metrics.

Precision X Recall
F1 12X 4.4
Score Precision + Recall S

These evaluation metric provide a comprehensive and balanced understanding of the
model’s performance.

4.5 Classification and Output Interpretation

The output structure allows for easy translation into a readable format, enabling
precise classification of the signal’s noise contamination. It reports the overall percentage
of noise, as well as the breakdown for each type (EM, MA, BW), and identifies the specific
intervals where they occur. The final classification, as detailed in Figure 4.4, presents this

information in a simplified format.

4.6 Tradional Methods Comparison

The method for comparing the effectiveness of traditional SOIs focuses on evaluating
the performance of these metrics across the test set. This approach assumes that signals
with added noise are noisy, regardless of the magnitude, and that the clean labeled
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Classification for the signal 74 of the test set: Classification for the signal 288 of the test set:

Noise Percentage: 0.0 % Noise Percentage: 34.14 %

MA Percentage: 0.0 % MA Percentage: 0.0 %

EM Percentage: 0.0 % EM Percentage: 34.14 %

BW Percentage: 0.0 % BW Percentage: 0.0 %

Quality: The signal is clean, with 0% noise contamination Quality: Less than 40 % of the signal is contaminated with noise
MA Intervals (s): [] MA Intervals (s): []

EM Intervals (s): [] EM Intervals (s): [2.66,6.87]

BW Intervals (s): [] BW Intervals (s): []

Classification for the signal 24 of the test set: Classification for the signal 285 of the test set:

Noise Percentage: 11.0 % Noise Percentage: 62.19 %

MA Percentage: 0.0 % MA Percentage: 23.86 %

EM Percentage: 11.0 % EM Percentage: 0.0 %

BW Percentage: 0.0 % BW Percentage: 61.19 %

Quality: Quality: More than 40 % of the signal is contaminated with noise
MA Intervals (s): [6.38,8.76] MA Intervals (s): [6.38,8.76]

EM Intervals (s): [] EM Intervals (s): []

BW Intervals (s): [3.4,9.62] BW Intervals (s): [3.4,9.62]

Figure 4.4: Examples of generated reports for the signals 74, 24, 288, 284 of the test set

signals are those prior to noise addition. To assess performance, the number of incorrect
classifications by the SQIs, based on clean and noisy labels, is counted. Given the known
thresholds for Kurtosis (kurt), Skewness (skew), Power Spectral Density (psd), and Baseline
Relative Power (bas), the percentages of correct and incorrect classifications are calculated.
For the Signal-to-Noise Ratio (SNR), both clean and noisy signal pairs are used. The
thresholds used are presented in Table 4.4.

Table 4.4: Thresholds found in literature for clean ECG signals

Metric Range ref.
kurt >5 [11]
psd > 0.9 [11]
bas > (0.95 [11]
skew >-0.8Nn<0.8 [10]
SNR >10dB [10]

4.7 Deep Learning Methods Comparison

The method used to compare the approach presented in this thesis with state-of-the-art
studies involved simplifying the model’s predictions. Instead of using a one-hot array for
each time step, these were converted to a binary output per time step: one if there was
any noise present and zero if no noise was detected. This allowed for the classification
of signals into noisy or clean categories. After this conversion, performance metrics, as

shown in Section 4.4.5.1, were calculated, allowing a closer comparison.
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REsuLTs

This chapter presents the results of the study, focusing on the identification and

classification of noise. The objective was to detect the presence of noise and classify its

type to expand on a gap in the literature concerning the ECG SQI into acceptable and

unacceptable classifications.

5.1 Optimal Architecture Via Grid Search

The optimal model configuration and hyperparameters were identified through a grid

search. The final GRU-Based architecture, summarized in Table 5.1 and illustrated in

Figure 4.3, consists of three GRU layers followed by one Dropout layer and FC layer, with

a hidden size of 128, bidirectional setup, 0.3 dropout rate, 0.001 learning rate, and a batch

size of 128. The model achieved its lowest validation loss of 0.34 at epoch 43. As shown

in Figure 5.1, the training and validation loss curves demonstrate convergence to this

optimal point.

Training Loss
Validation Loss

04
03 \\\\

0 20 40 60 80
Epoch

Figure 5.1: Loss curves for the training and

validation processes
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Hyperparameters Values
Number of GRU layers 3
(with internal Dropout)

Number of Dropout 1
layers
Number of FC layers 1
Hidden Size 128
Bidirectional True
Dropout Rate 0.3
Learning Rate 0.001
Batch Size 128
Best Validation Loss 0.34

Table 5.1: Model hyperparameters and
best validation loss
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5.2 Performance Metrics on the Test Set

The performance of the model was evaluated using accuracy, precision, recall, and
F1-scores across three types of noise. The results are summarized in Table 5.2.

In terms of accuracy, the model performed best at identifying EM noise, achieving
92.86 %. This was followed by BW noise with 92.05 % accuracy, while the lowest accuracy
was observed for MA noise at 81.55 %.

When analyzing precision, the model demonstrated its highest performance in detect-
ing BW noise, with a precision of 82.36 %, indicating a lower false positive rate for this
type of noise. The precision for EM and MA noise was lower, at 79.35 % and 50.37 %,
respectively.

The recall metric, which measures the ability of the model to correctly identify the
true positive cases, remained high across all noise types. BW noise achieved the highest
recall at 96.56 %, followed by MA at 90.14 % with EM recording 85.26 %.

Finally, the F1 score, which balances precision and recall, further underscores the

model’s performance trends. BW noise achieved the highest F1 score at 88.89 %, followed
by EM noise with 82.19 %, and MA noise with 64.62 %.

Table 5.2: Performance metrics

Metric MA EM BW

Accuracy (%) 8155 92.86 92.05
Precision (%) 50.37 79.35 82.36

Recall (%) 90.14 8526 96.56
F1 Score (%) 64.62 82.19 88.89

5.3 Confusion Matrix Analysis

The confusion matrices for each type of noise, Figure 5.2, reveal distinct patterns in
how the model distinguishes between the presence and absence of noise. It is important
to note that the "Not Present’ category has a higher count in these matrices, which is

expected given that the signals consist mainly of clean recordings with intervals of noise.

100% 100% 100%
MA EM F BW

Absent 6470% 16.61% || 76.39% 4.29% || 160.23% 6.82%

(17682535) (4538 917) (20877537)  (1172137) (16462462) (1862 890)
50% 50% 50%

Present 1.84% 16-85% 2-85% 16-47% 1.13% 31.82%

(504010)  (4605738) (778771) (4502755 250, | GUISTE)  (86959972)

75%

25%

Absent Present Absent Present Absent Present

@ (b) (©
Figure 5.2: Matrices for each type of noise
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For MA noise, Figure 5.2 (a) shows that 81.55 % of the instances were correctly classified
regarding noise presence: 64.70 % were successfully identified as noise-free, while noise
was correctly detected in 16.85 % of the cases. There were 1.84 % of cases where noise was
incorrectly detected when it was actually absent, and 16.61 % of the instances where the
noise was present but went undetected.

In the case of EM noise, Figure 5.2 (b) displays that 92.86 % of the cases were correctly
classified regarding the presence or absence of noise: 76.39 % were accurately identified
as having no noise, and 16.47 % were correctly recognized as containing noise. Misclas-
sifications occurred in 2.85 % of the cases where noise was detected despite its absence.
Furthermore, there were 4.29 % of the occurrences in which noise was present but not
detected.

For BW noise in Figure 5.2 (c), 92.05 % of the instances were correctly classified
regarding the presence of noise: 60.23 % were recognized as having no noise, and 31.82 %
were identified as containing noise. False positives, where noise was incorrectly identified,
accounted for 1.13 % of the cases. False negatives, where noise was present but not
detected, made up 6.82 % of all occurrences.

The overview matrix in Figure 5.3 provides a structured evaluation of the model’s
performance across different noise categories and clean intervals. The None category,
which represents periods without noise, shows a high proportion of correctly identified
instances, 99.73 %. Misclassifications in this category are minimal, with 0.12 % incorrectly
identified as M A, 0.08 % as EM, and 0.08 % as BW. As mentioned previously, the None
category will accumulate more occurrences due to the structure of the input signals.

100%

3.98% 717%  0.23%
MA
(206919) (372853  (11698)
75%

Lﬁg EM 9.28% 12.29% 0.28%
,_% (534 779) (708252)  (15901)
— r 50%
g 2.05% 2.05% [EREGYAN 0.21%
&= BW (186373)  (186754) NEEXVAM (19 110)
25%
0.12% 0.08% 0.08% [EENEXI
None i
(15 246) (9915) 9868)  [CEIEEEY)

MA EM BW None
Predicted Label

Figure 5.3: Overview matrix

For BW, the model achieves a correct classification rate of 95.68 %. Some confusion
occurs between BW and other noise types, with 2.05 % of BW instances misclassified as
EM and 2.05 % as MA.

EM shows a correct classification in 78.15 % of instances, misclassifications are more
prominent in this category, with 12.29 % of EM instances being misidentified as BW and
9.28 % as MA.

MA has a correct classification rate of 88.62 %, misclassification rates in this category
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are higher, with 7.17 % of MA instances confused with BW and 3.98 % with BW.

5.4 Visualization of Model Predictions

Figure 5.4 presents two signals from the test set, demonstrating the model’s ability
to classify isolated noise types without overlap. In Signal 265 (a), the model accurately
detects BW noise, matching the true labels. In Signal 1482 (b), it effectively distinguishes
between distinct segments of EM and MA noise. These examples showcase the model’s

high accuracy in identifying various noise types when they occur independently.

[ BW EM MA
= O (True Labels)
g AN \ J | A AN
2 [ \ “ | | (Prediction)
E . |
£
< 4 6 8 100 2 i 6 8 10
Time [s]
(a) Signal 265 from the test set (b) Signal 1482 from the test set

Figure 5.4: Model’s prediction with accurate classification of the different noise types
isolated

Figure 5.5 illustrates the model’s performance with two overlapping noise types. In
Signal 6082 (a), the model correctly identifies combinations of BW with MA and BW with

EM. Signal 5316 (b) also shows the accurate classification of overlapping segments of MA
and EM.

[ABW I [MA + BW BW + EM EM MA + EM

T 10 (True Labels)
g AR
g -
2051|) \NM NIN Jpnd (Prediction)
= 4\ [ | | |
el .
< 2 4 6 8 100 2 4 6 8 10
Time [s]
(a) Signal 6082 from the test (b) Signal 5316 from the test

Figure 5.5: Model’s prediction with accurate classification of two overlapping noise types

In contrast, Figure 5.6 in Signal 1181 (a), it can detect the noisy segments but mis-
classifies EM as MA. In Signal 898 (b), it correctly identifies the presence of noise but
missclassifies MA with EM.

Figure 5.7 demonstrates the model’s performance in scenarios involving three over-
lapping noise types. In Signal 5987 (a), the model accurately classifies the complex
combination of BW, MA, and EM noise. However, in Signal 697 (b), the model fails to
differentiate the noise types correctly, resulting in misclassifications.
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(a) Signal 1181 from the test set with (b) Signal 898 from the test set with
EM noise is classified as MA MA noise is classified as EM

Figure 5.6: Model’s prediction with correct detection of noisy segments with incorrect
classification of their types

[T BW BW + MA + EM MA BW+EM [ [FIMA + BW
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(a) Accurate prediction of the three (b) Innacurate prediction of the three
types of noise combined types of noise combined
(signal 5987 from the test set) (signal 697 from the test)

Figure 5.7: Model’s prediction with classification of the three overlapping noise types
5.5 Traditional Metrics as an Assessment Tool

As shown in Table 5.3, the SNR achieved the highest correct classification rate with
88.70 %, followed by 74.54 % skew, kurt at 54.12 % and bas at 53.17 %. A lower correct
classification rates were observed for psd at 52.83 %.

Table 5.3: Performance of traditional metrics in the test set

Metric Signal Type Range Min Max  Mean SD Incorrect % Correct %
kol g S5 im0 eaw new em B 12
i Nem oS oomoamoon0 g
O
weotol N SIRon SISm0 2 oy
SNR[10]  Noisy and Clean cleanif 10dB  -4.138 48.682 20.577  8.289 11.30 88.70

5.6 Binary Classification:

Performance Evaluation

This section evaluates the adaptations described in Section 4.7, which enable binary
classification of signals as either clean or noisy. These adaptations facilitate a direct
comparison with deep learning methods that exclusively classify signals in this manner.

32



5.6. BINARY CLASSIFICATION: PERFORMANCE EVALUATION

An accuracy of 99.72 %, precision of 99.78 %, recall of 99.68 %, and F1 score of 99.73 %
were achieved.
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DiscussioN

This chapter presents a comprehensive discussion organized into several key sections.
First, attention focuses on the final model architecture, followed by an analysis of classifi-
cation results to examine potential patterns and explore the underlying reasons for their
occurrence. Next, a comparison with state-of-the-art methods contextualizes the model’s
performance within the field. Finally, the discussion addresses the model’s strengths and
limitations, as well as potential avenues for future work.

6.1 Training Process

The final architecture of the model, illustrated in Figure 4.3, was achieved through an
extensive grid search method, where the best performing model was found from multiple
configurations. This iterative process led to the selection of a model that demonstrated
the lowest validation loss of 0.34, achieved at epoch 43.

The behavior of the training and validation loss values throughout the training process
is depicted in Figure 5.1. Here, it is possible to observe the trends in both training and
validation losses, the curves provide insight into the model’s learning process and the
effectiveness of the chosen architecture. Initially, a steep decline occurs in both training
and validation losses, primarily due to the random initialization of weights. The slope
of the curve decreases rapidly, particularly evident from epoch 0 to 20, indicating that
the model is rapidly learning and adjusting its weights to capture underlying patterns
in the data towards the minimization of the loss function. As training progresses, the
validation loss exhibits noticeable fluctuations and occasional spikes. These variations
can be attributed to weight adjustments during training that do not lead to improvements
in the validation set, as well as to the presence of dropout, which introduces variability
during the training process. Initially, the spikes in the validation loss curve are prominent,
but they tend to reduce as training continues, leading the curve to flatten and approach
the training loss curve, illustrating that the model is reaching a point of diminishing
returns in terms of learning. The point in which learning ceases to yield improvements is

associated with the lowest validation loss observed, achieved at epoch 43, just before its
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subsequent increase. This is evidenced by the widening of the gap between the training
and validation loss curves. Continuing to train beyond this point would compromise the
model’s generalization ability, potentially leading to overfitting. The implemented early

stopping mechanism effectively halts the training process before this decline occurs.

6.2 Performance Metrics on the Test Set

The performance metrics in conjunction with the individual confusion matrices, pro-
vide valuable information into the model’s ability to correctly classify each noise type,
identifying instances of false positives, false negatives and overall accuracy for each class.
While accuracy offers an overview of performance, it may not fully capture the impact of
errors due to the imbalanced dataset. Therefore, alongside accuracy, particular attention
will be given to precision, recall and the class matrices, as these help identify whether a
class is being falsely detected, associated with FP’, or overlooked when present, linked to
FN instances.

The class that performed overall the best in all metrics detailed in Section 4.4.5.1 was
the BW, achieving an accuracy of 92.05 %, correctly classifying 60.23 % of instances as
BW-free and 31.82 % as having the noise present. The low rate of FI’ (1.13 %) and FIN (6.82
%) aligns with the high precision and recall rates, confirming that the model is effective at
recognizing BW when present and absent.

Class EM exhibits the highest accuracy among the classes, reaching a accuracy of 92.86
%, accurately classifying 76.39 % of the instances as free of EM and 16.47 % as containing
the class. The rate of FI’ is now higher than anticipated at 4.29 %, while the FIN rate is 2.85
%. This leads to decreased precision and recall scores of 79.35 % and 85.26 %, respectively,
with the precision being the lowest among the three categories. These shifts indicate
that the model is detecting the class more frequently than expected, and occasionally
overlooking it.

The lowest accuracy is observed in class MA (81.55 %), identifying 64.70 % of the
instances as not containing the class and 16.85 % as present with MA. In this case, the
rates of FI” and FIN align with the trends observed for the EM class, but with a higher
FP rate of 16.61 % and a lower FN rate of 1.84 %. The elevated FI’ rate contributes to the
lowest precision among the three classes at 50.37 %, while the recall stands at 90.14 %.
These metrics indicate that this class is being detected more often than expected and, to a
lesser extent, not being accurately predicted when present.

The F1 score provides a balanced measure by combining precision and recall. The
highest F1 score for BW noise at 88.89 % reinforces the notion that the model identifies this
noise type correctly, maintaining a good balance between precision and recall. In contrast,
the F1 scores for EM (82.19 %) and MA (64.62 %) noises are lower, reflecting the model’s
challenges in managing both FI” and FIN effectively.

It is important to note that despite some decrease in recall values between classes, the
range achieved of 85.26 % to 96.56 % indicates that the model effectively identifies positive
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instances. This suggests that the use of class weights, as discussed in Section 4.4.2.1, has
improved the model’s performance, even in the presence of a disproportionate number

of negative instances (noise-free instances).

6.3 Comparative Evaluation of the Classes

To comprehend the reasons behind the accurate detection of BW and the lower F1
scores for the other classes (M A and EM), as well as the excessive detection of EM when
it is absent and the oversight of EM when present, it is essential to examine the overview
confusion matrix, displayed in Figure 5.3.

In cases where different noise types are overlapped in the same segment of signal, a
factor that is likely contributing to the occurrence of misclassifications is the scale factor
that is applied to each noise type before adding it to the interval. Since each noise is
multiplied by a random scale factor, some types may be more prominently represented
in the interval. This uneven representation can result in predictions where the model
classifies the dominant type, leading to misclassification of less pronounced noises, this
is evident in case of overlapping noise, as shown in the Figures 5.6 and 5.7.

Given this context, the discussion will focus related misclassification patterns and
possible causes. The BW is identified correctly 95.68 % of all instances, this is expected
since it is a low-frequency noise (typically around 0.5 to 1 Hz) [15]. Shows some minor
misclassification as EM (2.05 %) and MA (2.05 %).

Meanwhile the MA class was properly detected with a rate of 88.62 %, with more
significant misclassifications, note that this class is occasionally overlooked when present
so it is being misclassified as BW 7.17 % of the times and as EM, less frequently, sitting at
a 3.98 % rate.

The class EM has the lowest percentage among the classes with a value of 78.15 %, the
misidentifications being more prominent, as BW has a rating of 12.29 % and as M A a value
of 9.28 %. The EM has lowest recall, which is confirmed by the rates of misidentification,
indicating the high number of FIN.

The incorrect categorization of classes as BW is probably the result of the overrepre-
sentation of BW, which occurs due to its minimum duration of 5 seconds each time it is
present, leading to increased representation in the dataset. Although the recall values for
all classes are relatively high, indicating that the impact may not be significant, a closer
examination of the overview confusion matrix reveals noticeable effects. The misclassi-
fication of EM as MA highlights the higher number of FP associated with MA and the
increased FN for EM. Regardless, the opposite still occurs, as seen in Figure 5.6, where
the MA is being identified as EM, this aligns with the results provided by confusion
matrix, recall and precision scores. This may result from the characteristics of both noise
types, which can have overlapping frequency bands. MA typically ranges from 0.01 to
100 Hz [16], and EM, which falls between 1 and 10 Hz [14]. These similarities can make it

challenging for the model to distinguish between their features.
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6.4. COMPARISON WITH TRADITIONAL METRICS

Overall, the model demonstrates several positive aspects, showing a strong potential
to detect and classify noise in ECGs and its effectiveness in recognizing these noise types,
including some combinations of overlapping noise, although it is not always successful in

more complex situations.

6.4 Comparison with Traditional Metrics

Although a direct comparison between traditional metrics and DL methods is not
possible due to differences in approach, it is worth noting the contrast in performance
contrast in performance when doing a simple binary test of distinguishing signals contain-
ing segments with noise versus noise-free signals (ie, noisy versus clean signals). In this
experiment, traditional metrics like SNR achieved 88.70 % accuracy, while the majority of
others fell below 75 %, as shown in Table 5.3. However, SNR’s practical utility is limited,
as it requires access to both clean and noisy versions of a signal, a requirement rarely met
in real-world settings where clean signals are typically unavailable. In contrast, the model
presented here exhibits significantly higher performance, highlighting the potential ad-
vantages of DL approaches for SOA, this can be illustrated by the Annex I. This disparity

further motivates the need for exploring DL techniques in this domain.

6.5 Comparison with other Deep Learning Methods

The model excels atidentifying binarily whether a signal contains noise and pinpointing
its location, regardless of its magnitude, achieving an accuracy of 99.72 %, precision of
99.78 %, recall of 99.68 %, and F1 score of 99.73 %. In comparison, the highest accuracy
reported in Table 3.1 is 97.72 % [49]. The cited work defines a signal as noisy if it disrupts
the readability of the QRS complex, which hinders the ability to make a direct comparison.
Furthermore, it is important to note that an objective comparison is challenging, as many
referenced papers do not provide all the metrics used in this thesis. The model also
effectively extends this approach by accurately identifying which segments are noisy and

classifying its type.

6.6 Limitations and Future Work

Despite its strengths, the model exhibits certain limitations that require consideration.
Its performance declines when handling overlapping noise types, particularly in distin-
guishing between EM and MA noises. While the results are satisfactory, there is potential
for further improvements. One approach to address this limitation involves integrating
an attention mechanism. By incorporating an attention layer after the stacked GRU layers,
that allows the model to focus on the characteristic features of each noise type, allowing

for better differentiation between overlapping segments and improve classification results.
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CHAPTER 6. DISCUSSION

In a clinical context, this model could be expanded to receive input from the 12-
lead ECG, enabling the identification of specific types of noise and providing real-time
teedback for medical professionals to take proper measures during recordings. Meanwhile
ambulatory settings, the model could similarly alert patients to issues and offer guidance
for corrections.

Additionally, this model contributes to research by expanding current DL approaches,
offering a tool that not only detects noise but also categorizes it. This capability can make
denoising methods more efficient, both traditional and DIL-based, by highlighting the
noisy segments that would be subject to cleaning and directing the appropriate denoising
mechanisms to the specific type of noise present. Another potential application is the
creation of automatically labeled databases, particularly since most research datasets stem
from wearable-acquired data.

A key point to consider is that the model currently focuses on temporal quantization
rather than noise intensity. To improve its usability in the mentioned contexts, incorpo-
rating noise level values into the temporal quantization would be beneficial. Currently,
the model outputs a one-hot array for each timestep to identify active noise types. This
approach could be enhanced by applying transfer learning to include noise intensity
alongside noise type. By leveraging existing temporal features, the output vector could be
extended to capture continuous values representing noise levels, quantifying the difference
between the clean and noisy signals.

The model achieves good results, and has a relatively simple architecture, which
contributes to its computational efficiency. However, it currently employs a sample-to-
sample approach, produces very long outputs without the need for that, since a sample-
wise detection of noise is not necessary. For example, analyzing a 10-minute signal at
360 Hz would produce an output of 216,000 samples, making it impractical for real-time
applications. A more efficient solution could involve adopting an interval-based approach,
where the model summarizes noise detection over fixed time intervals, such as 1-second
windows, reducing the output to 360 samples. This would significantly decrease the
output size while maintaining adequate accuracy, making it more suitable for integration
into real-time, user-friendly tools.

Another consideration is the usage of real datasets to test and train the model. The
training could be fine-tuning the model by training some epochs with a real dataset to seek
improvements. Testing would require extensive manual labeling, and real-world signals

often lacks clearly distinguishable noise types, making this a challenging adjustment.
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7

CONCLUSION

The primary objective of this thesis is the development and evaluation of a DL. model
capable of performing SOA by detecting and classifying noisy segments in ECG. To
achieve this, a labeled, controlled noisy ECG dataset was generated, and a GRU-based

model was designed to identify and categorize noise in time series data.

The results indicate that the model excels in detecting the different noise types achiev-
ing an accuracy of 92.86 % for EM and 92.05 % , 81.55 % for BW and MA. Misclassifications
are likely due to the morphological and frequency similarities of these noise types. In
cases of overlapping noise, the chances of occurring misclassifications are higher, due
to increased difficulty in distinguishing the different classes and one class being more
dominant than the other(s). Despite these challenges, the model maintained high recall
and precision rates, demonstrating its effectiveness in identifying noise when present,
with the exception of the precision of MA, due to the higher FP rates. This thesis supports
the evidence that DL may be more effective than traditional methods for SOA. While con-
ventional methods like SNR achieve only 88.70 % accuracy or lower, the proposed model
significantly outperforms them. Moreover, when comparing to other DL approaches, the
model achieves 99.72 % accuracy for binary classification, surpassing the highest results
reported in the current literature. Nevertheless, there are limitations to be addressed.
The model encounters challenges with overlapping noise types, especially between EM
and MA. This could be improved by incorporating attention mechanisms to enhance the
model’s focus on distinctive noise features. The current model detects noise presence but
not intensity. Adding noise level quantification via transfer learning could expand its
use. Shifting from a sample-based to an interval-based method may improve efficiency
for real-time applications in ambulatory settings. A challenge remains in testing with

real-world datasets due to the difficulty of manually labeling noise.

By refining noise classification beyond clean versus noisy, this work improves the
model’s reliability in continuous monitoring systems, benefiting clinicians, researchers,
wearable device users, and individuals with interest in signal processing while creating

opportunities for clinical and research advancements.

In conclusion, the objectives outlined in the Introduction are achieved, namely the
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CHAPTER 7. CONCLUSION

development of a DI.model capable of identifying noise types in ECG signals, an evaluation
of the model’s performance in binary classification, and a comparison with state-of-the-art

methods.
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COMPARATIVE ILLUSTRATION OF

TRADITIONAL METHODS VERSUS PROPOSED
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Figure I.1: Example of traditional metrics applied to signal 187 of the test set: The following
SQI were applied to the presented signal: kurt, psd, bas, skew, and SNR. The thresholds for these indicators
were derived from established methods as outlined in [10, 11]. A good quality signal usually is associated
with kurt > 5, psd > 0.9, bas > 0.95, skew values between -0.8 and 0.8 and a SNR superior to 10 dB. A
rule-based method by Zhao et al. was used to assess the overall signal quality [11]. While Zhao’s method
ranked the signal as "Excellent," this contradicts the visual appearance of the signal, as two of the five metrics,
psd and skew, indicate a noisy signal. On the left, the signal processed by the employed model is shown for

comparison.
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