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Resumen

Antecedentes

En los últimos años, el avance experimentado por los dispositivos aplicados a la elec-
trocardiograf́ıa y electrofisioloǵıa han provisto a los médicos de novedosas herramientas
para el diagnóstico de enfermedades card́ıacas. Adicionalmente y gracias a los sustantivos
avances en la capacidad de cálculo de los ordenadores y a la reciente aparición de siste-
mas de telemonitorización modernos, como son los dispositivos wereables, se ha abierto
un nuevo abanico de posibilidades que ha propiciado un nuevo resurgimiento del interés
por este campo.

Es por este motivo, que la presente tesis doctoral se ha centrado en el procesado
digital de las señales card́ıacas en un amplio marco de trabajo, desde el análisis de ruido
hasta la inicialización del riesgo diagnóstico, si bien más concretamente se centra en
tres contribuciones principales, a saber: el desarrollo de algoritmia para dispositivos de
monitorización prolongada (MP), la creación de nuevos ı́ndices de riesgo diagnóstico y
pronóstico y la aplicación de algunos de estos resultados sobre un dispositivo comercial
de telemedicina.

Tradicionalmente, la forma de tratar la calidad de un registro electrocardiográfico
(ECG) ha sido el uso sucesivo de etapas de filtrado que mejorasen las métricas clásicas de
calidad de señal, como es el caso de la relación señal a ruido (SNR). El problema de esta
aproximación es la falta de un criterio cĺınico que permita conocer qué partes del registro
son válidas. Este problema gana aún más importancia en registros de (MP), cuya duración
es sustancialmente superior a los tradicionales Holters. Esto es debido a que el esfuerzo
necesario para poder analizar este tipo de nuevos registros con las técnicas convencionales
sobrepasa el tiempo disponible para tal fin por los equipos médicos. Es por ello por lo
que el conocimiento de los tramos de la señal que son cĺınicamente analizables, es decir,
técnicamente válidos, puede ser un elemento clave a la hora de viabilizar el análisis de
estos nuevos registros.
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ii RESUMEN

Por otra parte, y aunque la bibliograf́ıa es extensa en lo que a detección de complejos
QRS en ECG y Holter se refiere, la aparición de registros de MP debe llevar asociada
una actualización de todas las fases del análisis de estas señales, ya que estas requieren
de un tratamiento espećıfico ajustado al ingente volumen de datos que supone. Por ello,
dentro de este nuevo escenario es necesario actualizar, adaptar o reformular los métodos
que realizan estos cálculos.

Adicionalmente, y entrando ya en las aplicaciones concretas que el procesado digital
puede aportar al diagnóstico cĺınico, recientes investigaciones han probado la relación
existente entre el QRS fragmentado y varias enfermedades como la sarcoidosis card́ıaca,
el śındrome coronario agudo, las cardiopat́ıas arritmogénicas, el śındrome de Brugada y
la miocardiopat́ıa hipertrófica (HCM). En esta tesis, se presenta los resultados del trabajo
realizado por el tesitando en relación con una de ellas, la HCM, dado que es muy probable
que electrofisiológicamente aparezca fibrosis y fragmentación en los pacientes que la sufren.
Esta patoloǵıa está asociada desde el punto de vista cĺınico con el riesgo de desarrollar
distintas arritmias potencialmente mortales, y asimismo puede estar relacionadas con las
otras enfermedades citadas con anterioridad.

Por último, es necesario señalar como los nuevos dispositivos referidos con su nombre
en inglés, wearables, han revolucionado el mundo de la monitorización card́ıaca, permi-
tiendo la generalización de su acceso al gran público, como son, KardiaTM, SnapECGTM o
BIOPACTM, entre otros. Esta aparente explosión de la oferta abre una interesante opor-
tunidad para el desarrollo de algoritmia especialmente adaptada a estos dispositivos que
permita analizar los interminables, y a priori fuertemente afectados por ruido e interfe-
rencias, registros de una forma eficiente facilitando para facilitar una vida más saludable
desde el punto de cardiovascular.

Objetivos

Cada una de las áreas mencionadas con antelación se formaliza a lo largo de la pre-
sente tesis en una serie de objetivos concretos que mejoran y aportan nuevos métodos al
conocimiento actual de la disciplina. Debido a la importancia de una buena calidad de
señal de cara a futuros métodos, el primer objetivo de este proyecto es creación de un
modelo de clasificación de la calidad de señal ECG, que permita a los médicos reducir el
tiempo de análisis en los registros de MP, eliminando aquellos segmentos de señal que no
sean cĺınicamente válidos.
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Siguiendo con la ĺınea de MP, uno de los métodos de procesamiento de señal básico
es la detección de los complejos QRS, que servirá como base a todo el procesamiento
posterior, ya que la distancia entre complejos QRS está relacionada con la frecuencia
card́ıaca. Por todo ello, el segundo de los objetivos propuestos en esta tesis es el desarrollo
de un algoritmo que permita la detección eficiente de complejos QRS en registros MP.

En esta tesis, también nos hemos propuesto la creación de ı́ndices de riesgo diagnóstico
y pronóstico. Dentro de este campo, recientes investigaciones han demostrado la relación
existente entre la fibrosis, que es la imbricación de células no conductoras entre tejido
sano del miocardio, la fragmentación, que es una alteración del ECG en la cual apare-
cen deflexiones extras en el complejo QRS, y el riesgo de sufrir distintas enfermedades
y arritmias potencialmente mortales. Por ello, este trabajo propone como objetivo la de-
tección de fragmentación que provea de una herramienta no subjetiva para su detección
y la detección de fibrosis que aporte una nueva técnica para la detección de esta, ambos
calculados sobre ECG tradicional y con la intención de generar ı́ndices de riesgo.

Finalmente, como última de las contribuciones de esta tesis, se encuentra el desarrollo
de algoritmia para un dispositivo comercial de telemedicina. Este trabajo nace bajo una
colaboración universidad-empresas amparada por un proyecto de investigación financiado
por el ministerio. Se trata por tanto de la última fase del proceso investigador, al cristalizar
la transferencia de conocimiento adquirido en la investigación para la mejora de la calidad
de vida de las personas en términos globales, y en particular en nuestro caso, el desarrollo
de métodos de análisis de señal card́ıaca para un sistema comercial de telemedicina.

Metodoloǵıa

Para la consecución del primero de los objetivos, las etapas seguidas fueron: (i) crear
un sistema de clasificación de la calidad de la señal basado en criterios cĺınicos; (ii) carac-
terizar estad́ısticamente los distintos niveles de calidad y las medidas cuantitativas; (iii)
evaluar el uso del sistema en registros de MP.

Podemos definir los pasos dados para el desarrollo del segundo de los objetivos como:
(i) analizar los detectores clásicos más utilizados en Holter de 24 horas; (ii) analizar el
comportamiento de dichos detectores sobre distintas bases de datos públicas y privadas;
(iii) usar el conocimiento adquirido para desarrollar un algoritmo de detección propio;
(iv) analizar el comportamiento del mejor de los detectores anteriores sobre registros de
MP.
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Para alcanzar el tercer y cuarto objetivo se han realizado los siguientes pasos: (i) iden-
tificar las caracteŕısticas que mejor representen la presencia de fragmentación en un ECG
mediante la interpretación fisiológica de las transformaciones multivariables como son el
análisis de componentes principales (PCA) y el análisis de componentes independientes
(ICA); (ii) analizar los clasificadores lineales y no lineales más utilizados en el campo
de la cardioloǵıa; (iii) crear un método que permita la detección de fragmentación; (iv)
desarrollar un algoritmo para la detección de fibrosis.

Finalmente, para alcanzar el quinto objetivo, las etapas realizadas fueron las siguien-
tes: (i) estudiar la señal recogida por los sensores del dispositivo; (ii) identificar los distintos
tipos de procesamiento que pueden realizarse; (iii) elegir los diferentes tipos de alarmas
que pueden generarse; (iv) desarrollar algoritmia de análisis y (v) realización de pruebas
piloto; donde el aparato sea testado en condiciones reales.

Resultados

Tras realizar los pasos descritos anteriormente para el primer objetivo, podemos con-
cluir que se ha conseguido crear un sistema de etiquetado de la calidad de señal percibida
por un cardiólogo. Este sistema propuesto ha sido validado sobre registros de especial
interés de acuerdo con las directrices de los especialistas cĺınicos.

En el caso del objetivo número dos, proponemos un detector válido para entornos
de MP basado en la combinación de canales que obtiene 99.5 % de sensibilidad, 99.5 %
de especificidad, 99.7 % de valor predictivo positivo, 99.5 % de exactitud y 0.9 % de error
evaluado sobre la base de datos Instituto técnico de Massachusetts y el hospital Beth
Israel.

En el caso de los objetivos tres y cuatro, se ha obtenido un algoritmo para la detección
de fragmentación que presenta un 94.1 % de sensibilidad, 87.5 % de especificidad, 88.9 %
valor predictivo positivo, 93.3 % valor predictivo negativo y 90.9 % de exactitud. Por otro
lado, el algoritmo para la detección de fibrosis presenta un 47.4 % de sensibilidad, 90.5 %
de especificidad, 81.8 % de valor predictivo positivo, 65.5 % de valor predictivo negativo
y 70.0 % de exactitud

Finalmente, el último de los objetivos propuesto se ha conseguido dando como resul-
tado un dispositivo de bajo coste, que permite la monitorización de la señal ECG desde
el hogar del usuario y genera una serie de alarmas que permiten la detección temprana
de diferentes dolencias card́ıacas.
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Conclusiones

Con carácter general, de entre las conclusiones de este trabajo, podemos destacar que
todos los objetivos e hipótesis señalados en su formulación, han sido cubiertos con un alto
grado de consecución, obteniendo resultados que servirán de base para futuros trabajos.

En el caso del primer objetivo y de acuerdo con los resultados obtenidos, concluimos
que es posible crear un modelo de clasificación de calidad de señal ECG basada en la
severidad cĺınica del ruido. Como continuación de este trabajo, se propone la creación de
un algoritmo que permita su etiquetado automático, siguiendo con los parámetros aqúı
definidos.

En el caso del segundo de los objetivos, se ha alcanzado un detector de complejos QRS
cumpliendo con una elevada exigencia cĺınica, al tiempo que su eficiencia computacional lo
hace viable para el uso en entornos de MP. Para su extensión posterior, se propone como
trabajo adicional la integración de este algoritmo con el anterior, creando un sistema de
análisis de registros MP que permita su utilización en entornos sanitarios de MP.

Debe hacerse una mención especial al logro de los objetivos tercero y cuarto, donde se
ha desarrollado un algoritmo que permite una detección efectiva que mejora los algoritmos
existentes en caso de fragmentación, abriendo una nueva ĺınea de investigación para el caso
de fibrosis. Se trata de un resultado pionero en este campo, ya que hasta la fecha no exist́ıa
literatura al respecto de la detección de fibrosis en el ECG.

Finalmente, podemos decir que se ha creado un sistema de telemedicina que permite,
de una manera muy simple, la detección de diversos problemas card́ıacos con un coste
asequible, permitiendo al público general, y en especial a las personas mayores, el acceso a
la monitorización cĺınica cardiaca para la detección temprana de determinadas patoloǵıas
en entornos no ambulatorios.





Abstract

Background

In recent years, the progress experimented by the electrocardiographic and electro-
physiologic devices has provided doctors with several tools for diseases diagnosis. Cur-
rently, thanks to the progression in the equipment computing capacity and the develop-
ment of recent modern telemonitoring systems, such as wearables devices, a new world of
possibilities has been opened, which has led to interest resurgence in this field.

This work is divided into three main areas related to cardiac digital signal processing
techniques, namely, development of algorithm for long-term monitoring (LTM) devices,
creation of new diagnostic and prognostic risk indexes, and industry collaboration to
develop analysis algorithm for a commercial telemedicine device.

Traditionally, the way to treat the quality of an electrocardiogram (ECG) record
has been the use of filtering stages that improve classical signal quality metrics, such as
the signal-to-noise ratio (SNR). The problem of this paradigm is the lack of a medical
criterion that allows knowing parts of the registry are valid from a clinical point of view.
This problem becomes relevant in LTM records, since the effort required to analyze them,
in temporary terms, is high. The knowledge of the signal sections that are clinically
analyzable will save time and effort to responsible clinicians of analyzing these records.

On the other hand, although the literature is extensive in beat detection algorithms
applied to ECG and Holter, in order to process LTM records, an update in all signals
analysis phases must be carried out, since they need special treatment due to the huge
volume of data. Therefore, within this new scenario it is necessary to update old methods
and develop new ones that perform these calculations.

Aditionally, Recent researches have proven the relationship between the appearance
of fragmented QRS and various diseases such as cardiac sarcoidosis, acute coronary syn-
drome, arrhythmogenic heart disease, Brugada syndrome, and hypertrophic cardiomy-
opathy (HCM). In this Thesis, we have focused on HCM because it can present both

vii



viii ABSTRACT

fibrosis and fragmentation. Both of them are associated with the risk of developing dif-
ferent life-threatening arrhythmias, moreover, they are also related to the aforementioned
diseases.

Finally, portable devices have revolutionized the cardiac monitoring world, allowing
the access to cardiac monitoring to the general public. The industry has demonstrated a
growing interest for this type of devices, as can be seen by the large number of them in
the market right now (e.g. KardiaTM, SnapECGTM, or BIOPACTM, among others). This
is a great opportunity for collaboration with the business world, which allows us to apply
the knowledge generated in academic researches to real solutions for the general public.
In this proposed collaboration, an efficient algorithm is required to analyze these records,
which ease a better control of cardiovascular health for final users.

Objectives

Each of these previously introduced areas is formalized in a concrete objectives series
that improve and contribute new methods to the current knowledge of each of them
which are described in this section. Due to the importance of good signal quality for
future methods, the first objective of this project is the development of a novel ECG
signal quality classification, which allows clinicians to reduce the spent time to analyze
LTM records, eliminating the signal segments that are not clinically valid.

Following the LTM research line, one of the basic signal processing methods is the
QRS-complexes detection, which serves as the basis for all subsequent processing, since
the distance between QRS-complexes is related to heart rate. Therefore, the second of
the objectives proposed in this Thesis is the development of a beat detection algorithm for
LTM scenarios.

In this Thesis, the creation of diagnostic/prognostic risk indexes has also been pro-
posed. Within this field, recent researches have demonstrated the relationship between
fibrosis, which is the non-conductive cells between healthy myocardial tissue imbrication,
fragmentation, which is an alteration of the ECG in which extra deflections appear in
the QRS-complex, and the risk of suffering various diseases and life-threatening arrhyth-
mias. Therefore, this work proposes the objective QRS-complex fragmented detection that
provides a non-subjective tool for its detection, and myocardium fibrosis detection that
provides a novel technique to detect this affection, and both of them, they applied over
classical ECG, aid to generate risk indexes.
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In the last objective of this dissertation, the development of an algorithm for a com-
mercial telemedicine device is deeply explained. This work was born as a collaboration
with the industry which allows a transfer of knowledge to improve the quality of life of
users. Therefore, the objective of this line of research is the development of algorithms
for commercial telemedicine system.

Methodology

In order to achieve the first proposed objectives the steps followed were: (i) To create
a system of classification of the quality of the signal based on clinical criteria; (ii) To
statistically characterize the different levels of quality and quantitative measures; (iii) To
evaluate the use of the system in LTM records.

The steps taken for the second proposed objective development were the following
ones: (i) To analyze the most used classic detectors in 24 hour Holter; (ii) To use the
acquired knowledge to develop an own detection algorithm; (iii) To analyze the behavior
of these detectors on different public and private databases; (iv) To analyze the behavior
of the best of the previous detectors on LTM records.

To achieve the third and fourth objectives, the following steps are proposed: (i) To
identify the features that best characterize the presence of fragmentation (fibrosis) in an
ECG through the physiological interpretation of multivariate transformations, principal
component analysis (PCA) and independent components analysis (ICA); (ii) To analyze
the most commonly used linear and nonlinear classifiers in the field of cardiology; (iii) To
create a method that allows fragmentation detection; (iv) To develop an algorithm for
fibrosis detection.

Finally, to achieve the proposed objective five, the steps to be carried out were the
following ones: (i) To study the signal collected by the sensors of the device; (ii) To identify
the different types of processing that can be performed; (iii) To choose the different types
of alarms that the device can generate; (iv) To develop analysis algorithm; And (v) pilot
tests, where the device was tested in real conditions.

Results

After performing the steps previously described for the first objective, we can conclude
that it has been possible to create a labelling system of the signal quality perceived by
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a cardiologist, this proposed system has been validated on specially relevant records,
according with medical guidelines.

In the case of objective two, we propose a detector based on multi-lead processing valid
for LTM environments that obtained 99.5% sensitivity, 99.5% specificity, 99.7% positive
predictive value, 99.5% accuracy and 0.9% error evaluated on Massachusetts institute of
technology and Beth Israel hospital database.

In the case of objectives three and four, an algorithm for fragmentation detection has
been obtained which presents 94.1% sensitivity, 87.5% specificity, 88.9% positive predic-
tive value, 93.3% negative predictive value, and 90.9% of accuracy. On the other hand,
the algorithm for the detection of fibrosis presents 47.4% sensitivity, 90.5% specificity,
81.8% positive predictive value, 65.5% negative predictive value, and 70.0% accuracy.

Finally, the last proposed objective has been achieved resulting in a low-cost device,
which allows the monitoring of the ECG signal from the users home, and generates a
series of alarms that allow the early detection of different cardiac illnesses.

Conclusions

According to the previous results we can conclude that all the proposed objectives
have been met with high satisfaction degree, obtaining results that will serve as a basis
for future work.

In the case of the first objective, according with the obtained results, we conclude
that is possible to create a novel ECG signal quality classification based on noise severity
perceived by a clinician. Moreover, it is proposed as future work the creation of an
algorithm that allows the labelling of the signal quality automatically, according to defined
parameters.

In the case of the second of the objectives, a QRS-complexes detector has been reached
that meets the clinical requirement parameters and is usable in LTM environments. Addi-
tionally, it is proposed as further work the integration of this algorithm with the previous
one, creating an LTM records analysis suite which speed-up the clinical analysis of this
kind of records.

Special mention must be made of third and fourth objectives achievement, an al-
gorithm, which allows an effective detection that improves the existing algorithms in
fragmentation case, has been developed, and opens a new research line in fibrosis case,
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this result is a pioneer in this field, since until now there was no evidence that fibrosis
could be detected in the ECG

Finally, we can say that a telemedicine system has been created that allows, in a very
simple way, the detection of various cardiac diseases with a reduced cost, allowing the
general public, and especially the elderly one, to access cardiac home monitoring for early
diseases detection.
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un placer compartir con vosotros el d́ıa a d́ıa. Much́ısimas gracias por esas tertulias a la
hora del desayuno, todas las dudas sobre distintos procedimientos que me habéis resuelto
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ABP: Arterial Blood Pressure.
Acc: Accuracy.
AF: Atrial Fibrillation.
ANN: Artificial Neural Networks.
AV: Atrioventricular.
BBB: Bundle Branch Block.
BIH: Beth Israel Hospital.
BS: Bootstrap.
BW: Baseline Wander.
CAD: Computer Aided Design.
CDF: Cumulative Distribution Function.
CETEM: Centro Tecnológico del Mueble y la Madera.
CI: Confidence Interval.
CVD: Cardiovascular Disease.
CWT: Continuous Wavelet Transform.
DT: Decision Trees.
ECG: Electrocardiogram.
EER: External Event Recorder.
EMD: Empirical Mode Decomposition.
EMG: Electromyogram.
FHCM-DB: Fragmented Hypertrophic Cardiomyopathy Database.
FN: False Negative.
FP: False Positive.
GND: Ground.
HCM: Hypertrophic Cardiomyopathy.
HCM-DB: Fibrosis Hypertrophic Cardiomyopathy Database.
HCUVA: Hospital Cĺınico Universitario Virgen de la Arrixaca.
HF: Heart Failure.
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HHT: Hilbert-Huang Transform.
HRV: Heart Rate Variability.
HT: Hamilton-Tompkins.
HIT: Hilbert Transform.
ICA: Independent Component Analysis.
ICA: Information and Communication Technologies.
KNN: K-Nearest Neighbour.
LDA: Linear Discriminant Analysis.
LE: Low Energy.
LLN: Law of Large Numbers.
LTM: Long-Term Monitoring.
LVEF: Left Ventricular Ejection Fraction.
MIT: Massachusetts Institute of Technology.
MLP: Multilayer Perceptron.
MRI-LGE: Magnetic Resonance Imaging with Late Gadolinium Enhancement.
NB: Naive Bayes.
NPV: Negative Predictive Value.
NYHA: New York Heart Association.
PCA: Principal Component Analysis.
PCC: Pearson Correlation Coefficient.
PLI: Power Line Interference.
PPV: Positive Predictive Value.
PT: Pan-Tompkins.
Poll: Polling.
RBF: Radial Basis Function.
RMS: Root Mean Square.
RMSE: Root Mean Square Error.
SA: Sinoatrial.
SC: Simple Coupling.
SCD: Sudden Cardiac Death.
SDN: Standard Deviation Noise.
Sen: Sensitivity.
Sfrag-DB: Subrogated Fragmented Database.
SNR: Signal-to-Noise Ration.
Spe: Specificity.
STFT: Short-Time Fourier Transform.
SVM: Support Vector Machine.
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SWfrag-DB: Subrogated Wide-Fragmented Database.
TN: True Negative.
TP: True Positive.
VIN: Voltage Input.
VMD: Variational Mode Decomposition.
VM1: VitalMob 1.
WHO: World Health Organization.
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Chapter 1

Introduction

In this chapter, the motivation of this research line is explained, together with, the
objectives, and the research plan followed. Moreover, the dissertation structure is also
presented, focusing on the author contributions in the field of cardiac signal analysis. This
section is written according to the previously published works [1, 2, 3, 4, 5].

1.1. Motivation and Objectives

For a long time, the information and communication technologies applied to electro-
cardiography and electrophysiology fields have been boosted on the clinical diagnostic
quality, giving several new tools to the clinicians. Nowadays, thanks to the computers
performance advance, and the rising of new telemonitoring systems, such as wearable de-
vices, a new world of possibilities has opened up that has led to the resurgence of interest
in this field.

Therefore, and according to the revealed potential of this new kind of resources, the
associated industry intensifies its efforts to create new devices, offering new features to
clinicians and researchers. This is the case of the new long-term monitoring (LTM) de-
vices, which increase the recording time until limits difficult to manage with the available
tools, forcing the medical team to devote unfeasible effective time for the supervision of
a single patient record. This new type of devices allows cardiac electrical activity moni-
toring along several weeks or even months. Although these devices enable a boosting in
diagnoses quality, this enhancement means most common singularities and events rising,
forcing a non-linear time increment in the record analysis, which is increased from several
minutes to hours. Moreover, the number of interferences that reduce the signal quality
due to patient daily activity are also amplified.

1
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On the other hand, the advances in machine learning and processing methods have
permitted to use novel techniques over digital electrocardiographic registers, allowing the
development of new diagnostic tools. All of it, together with the clinician interest in novel
methods for disease detection, has boosted this research field, which permits to extract
more information from such as a classical cardiologic test as the electrocardiogram (ECG).

Finally, the disruption of new low-cost devices for cardiac monitoring has interested to
industry, which has collaborated with academic researchers to generate synergies, boosting
the research and development and allowing to create devices with novel algorithms for
early cardiac illness detection.

In view of presented motivation and clinicians necessities, we can enunciate the fol-
lowing areas of action and specific objectives for the present Thesis:

1. Area 1 : Analysis methods for novel LTM registers.

a) Objective 1.a: Novel ECG signal quality classification.

b) Objective 1.b: Beat detection algorithm for LTM scenarios.

2. Area 2 : New diagnostic and prognostic risk indicators from classical ECG.

a) Objective 2.a: QRS-complex fragmented detection over classical ECG.

b) Objective 2.b: Myocardium fibrosis detection over classical ECG.

3. Area 3 : New telemonitoring devices.

a) Objective 3.a: Development of algorithms for commercial telemedicine system.

In the first acting area, we focus on the development of new methods that allow to
analyze the LTM registers. As said before, the current methods have proven a reduced
scalability to this new paradigm. Therefore, we considered the creation of new processes
and analysis models to this kind of registers. The clinical partners of our research team
suggest that the main problem in the LTM registers analysis is the increment in the
presented noise compared with classical monitoring registers, which is due to as time goes
by, the electrodes loose their adherent properties. Taking into account this problem, we
propose first objective of the Thesis, a new method that allows to know the clinically
analyzable segments in LTM register avoiding the noisy segments, in such a way that this
method will save time and effort in the LTM register analysis.

Traditionally, dealing with poor quality ECG has been faced as a denoising problem
where the target consists of improving some quality metrics, such as the root mean square
(RMS) or the signal-to-noise ratio (SNR), which are often measured on artificially contam-
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inated ECGs. Recent quantitative analysis have been made within this framework using
different signal processing techniques, such as transform domains [6, 7, 8, 9, 10], indepen-
dent component analysis (ICA) and principal component analysis (PCA) [11, 12], adaptive
filtering [13], genetic algorithms [14], empirical mode decomposition (EMD) [15, 16], fuzzy
logic [17], or artificial neural networks (ANN) [18, 19, 20].

Moreover, novel research [21] has proposed a new model based on the clinician per-
ceived signal quality, in other words, the authors propose to measure the signal quality
according to the clinical information that can be extracted from it. This model allows
to reduce the analyzing times, due to the processes applied to each signal segment are
personalized according to its quality. Under this new assumption, the first objective of
this dissertation is proposed, and it consists of the creation of a novel ECG signal qual-
ity classification, which includes in the preprocessing stage of LTM records, allowing an
efficient management of them.

The cardiac monitoring main objective is the detection of illnesses with intermittent
symptoms. The most common way to perform this monitoring is by using a Holter,
which is a device that records the cardiac electrical activity for 24 hours. Recent research
[22, 23, 24] has proven that the monitoring period enlargement enhances the diseases
detection, especially in those ones with very infrequent symptoms. In this new scenario,
one of the most important challenges is the extraction of clinically relevant parameters
allowing the clinicians a better diagnosis. Nevertheless, the majority of current methods
presents low scalability, and this make unfeasible the use of these methods in real clinical
settings due to their high processing time.

One of the key parameters in the cardiac signal analysis is the QRS-complexes de-
tection, and this stage makes possible all the subsequent processing, allowing the ECG
wave delineation, which is main part in several cardiac analysis methods [25]. Moreover,
the QRS detection allows the heart rate variability (HRV) analysis, because the tempo-
ral difference between two consecutive QRS-complexes is inversely proportional to the
instantaneous heart rate, and this kind of analysis allows the arrhythmias detection [26].
Therefore, and taking into account the number of existing QRS-complexes detection al-
gorithms, we propose to study the most used algorithm scalability in LTM scenarios, and,
if needed, the creation of a beat detection algorithm for LTM scenarios.

In the second acting area, we propose new algorithms that provide the clinicians
with novel tools to enhance their diagnosis quality. This research line was born from the
necessity of new methods, which allow to increase the value of common cardiac tests by
computing new prognostic and diagnostic risk indexes based on different hard-to-notice
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hints by the clinician. According to the medical partners in our research group, we covered
the fibrosis, which is the apparition of non-conductive (fibrous) tissue patches within the
normal myocardium tissue. These patches act as obstacles in the normal myocardium
electrical conduction and favor the risk of suffering different kinds of arrhythmias [27],
even those ones that can cause sudden cardiac death (SCD). On the other hand, recent
research [28, 29, 30] suggests that the presence of fragmentation, which is an ECG feature
that manifests as a number of extra peaks and deflections in QRS-complex, is related to
the presence of myocardial fibrosis. Nowadays, the fragmentation is detected by visual
inspection of the ECG, but this method presents two main drawbacks, namely, several
different definitions of this condition are present in the literature, and the inter-observer
error is high, because this characteristic can be confused with noise or artifacts in the
ECG. Moreover, the fibrosis is usually detected by magnetic resonance imaging with late
gadolinium enhancement (MRI-LGE).

Therefore, and jointly with the clinical part of our research team, we develop an algo-
rithm that allows QRS-complex fragmented detection over classical ECG, which permits
the clinicians to find hints related to different illnesses, such as SCD or Brugada syndrome,
among others. On the other hand, we also propose the development of an algorithm that
allows myocardium fibrosis detection over classical ECG, which supposes an advantage in
this field because this detection is performed now by MRI-LGE, due to it is an expensive
technique, and this new method reduces this cost in terms of time and money.

A clear trend of population ageing has been emerging in developed nations during last
decades and it is recently accelerating. This trend poses a challenge that will impact our
societies forever bringing profound changes, especially related to economic sustainability
due to the enormous resources required to provide the necessary care for older adults.
The amount of people over 65 is growing much faster than any other population segment
along with very low birth rates, which is inverting our population pyramid and even the
dynamics of most developed economies. According to the World Health Organization
(WHO), this trend has been identified as one of the biggest challenges for our society
[31], which needs to be addressed so that the necessary services can be provided at a
manageable cost [32]. Policy makers have realized this situation and they are doing a
great effort to support initiatives that create new services for the older population based
on technological solutions that promote their independence and provide new intelligent
functionalities for helping them on their daily living needs and health issues.

The elderly is the most prone population group to suffer cardiovascular diseases
(CVD) such as heart attacks, strokes, and arrhythmias. Up to 17.9 million people die each
year from CVDs (31% of deaths worldwide) and more than 75% of these deaths are due to
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heart attacks and strokes [33]. Frequent cardiac monitoring at home can help to identify
CVDs and prevent future cardiovascular problems and even risk of death can be predicted
with the ECG [34]. To that end, telemedicine devices operated by patients themselves
from their own homes are a great solution, since they do not require the assistance of
medical professionals.

Traditional medical-grade ECG is obtained by attaching electrodes (between 3 and 10
of them) on specific points of the body skin around the chest [35, 36], and it is typically
carried out and analyzed by medical personnel with the necessary knowledge and experi-
ence. However, this type of ECG can be sometimes cumbersome and unpractical for older
people to use. For this reason, we propose the development of algorithms for commercial
telemedicine system created by our companies partners RGB and Centro Tecnológico del
Mueble y la Madera (CETEM).

1.2. Methodology

In general terms, the methodology followed to pursue all previously proposed objec-
tives, can be structured as follows. First, the clinicians partners of our team propose a
relevant challenge for their medical practice, the objective setting stage. Second, we per-
formed a literature search to know the state of art in this topic, in the background stage.
In case no literature were found related to the topic, we extended the scope to adjacent
topics. Third, the engineering side of our team discussed about the different solutions on
literature and elaborate eventually new ones, in the study stage. Four, the engineering to-
gether with the clinical side of the team debated on the possible research and experiments
and its contribution to the knowledge in the field. All this within an analysis stage. After
that, as a fifth step in an algorithm development stage, taking into account medical view,
we developed an alpha version of the algorithm, it is tested over the selected database.
This database and the suitable records were always specifically selected and labelled by
the clinical team. Sixth, the testing stage was an iterative stage where the algorithm was
fine-tuned in an iterative process. Seventh, in the stress test stage, the clinical part of
our team selected a number of cases, considered relevant in terms of difficulty. This phase
let the team to check the performance and to evaluate the limits. Finally, in the results
stage, the final algorithm is measured according to the clinical figures of merit.
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1.3. Thesis Structure and Contributions

This dissertation is structured as follows. An introduction and state of art revisitation
is firstly performed, focusing on each of the previously mentioned areas, which are deeply
treated in their corresponding chapter. Then, each of the previous objectives are devoted
in a separate chapter. Each one of these chapters is structured according to: (i) A
brief introduction to the treated problem; (ii) Used database and proposed methods;
(iii) Performed experiments and obtained results; And (iv) a brief discussion about the
results. Finally, in the last chapter we present the conclusions and the further work in
each research line.

In Chapter 2, an anatomically and functionally human heart description is performed,
moreover, the most common types of monitoring devices used in clinical practice are
explained. Once finished the clinical part, the basic and advanced cardiac signal analysis
methods are explained focusing on those ones that we used in this Thesis. Finally, several
relevant techniques, such as multivariate transforms, machine learning, and bootstrap (BS)
resampling, are explained according to their relevance in this dissertation.

Chapter 3 is focused on the different steps performed to create a novel ECG signal
quality classification, in the Objective 1a. We propose a new method to classify the ECG
signal quality based on clinical severity of noise, moreover, we introduce a novel method to
visualize the signal quality along the monitoring period. The results of this research were
published in an indexed journal [C1], and in an international congress communication
[C2].

In Chapter 4, the creation of a beat detection algorithm for LTM scenarios, or Ob-
jective 1b, is deeply explained. We focused on the development of a new efficient beat
detection algorithm that allows to work in LTM scenarios meeting the clinician require-
ments in terms of processing time and accuracy. These ones were published in an indexed
journal [C3], in an international congress communication [C4], and in a national congress
communication [C5].

Chapter 5 is devoted to understand the behavior of multivariate transforms over
fragmented QRS-complexes in order to develop prognostic and diagnostic risk indexes.
This chapter is a first stage in order to comply the Objectives 2a and 2b. Here, we
apply the most common multivariate techniques to fragmented (fibrotic) records in order
to know the fragmented (fibrotic) components behavior to further develop of detection
algorithms. The obtained results were published in an indexed journal [C6].
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Chapter 6 is focused on the fragmentation and fibrosis detection by using the previ-
ously developed tools. Here, we implement different detection algorithms based on linear
and non-linear classifiers, and this chapter jointly with the previous one completes the
Objectives 2a and 2b. The derived results of this chapter were published in an indexed
journal [C7], in an international congress [C8, C9], and in a national congress [C10].

In Chapter 7, the algorithms for a commercial telemedicine device development is
explained. Here, we describe the different parts of a commercial telemedicine device, and
we focused on the algorithms developed for this project by our group conjoined with the
industry. These results were published in an indexed journal [C11].

Finally, in Chapter 8 the conclusions for each presented area are discussed, and future
work for all the proposed research lines are also presented.
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Chapter 2

Background

According to the multidisciplinary character of this study, a chapter including basic
concepts about cardiology, electrocardiography, and signal processing in the biosignal field
revisitation is required. The reader should understand this chapter as a brief introduction
to the clinical and technical concepts that are used along this thesis document. Hence,
the chapter is divided in two main parts: First, an introduction to cardiology is given,
where basic notions about cardiology, electrocardiography, and the devices used to monitor
the heart activity are described; And second, an introduction to biosignal processing is
summarized, focused on heart signal processing. Moreover, the existing algorithms used
along this dissertation are presented. This section is adapted from [1, 2, 3, 4, 5]

2.1. Background in Cardiology

This section is structured as follows: First, an introduction to the anatomy and
physiology of heart is presented, in order to explain the basic concepts about its behavior;
Second, we talk about the heart behavior from an electrical conductivity point of view, and
we use this part to explain how the electrical activity occurs, how this activity is recorded,
and how this information is used by clinicians to diagnose diseases; Finally, we introduce a
number of related to heart rhythm illnesses, which are relevant in further analysis, and we
also explain the most common medical devices for heart activity monitoring, with focus
on the apparatus used in this dissertation and its use by clinicians to detect illnesses.
Further detail and additional in depth knowledge could be found in following documents
where these concepts were adapted from [37, 38].

9
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Figure 2.1: Cardiovascular system scheme, the pulmonary circuit is represented in blue, whereas
the systemic circuit is represented in red.

2.1.1. Introduction to Cardiology

The circulatory system, which is also known as cardiovascular system, allows the
transport of nutrients to each cell in the human body. To do so, this system is divided in
two pathways, namely: Pulmonary circuit, which collects the unoxygenated-blood from
each part of our organism and carries it to the lungs in order to oxygenate it; And systemic
circuit, which delivers the oxygenated-blood to each cell in the human body after collected
it from the lungs, where it was oxygenated. These two pathways can be seen in Fig. 2.1.
In order to perform its aim, the cardiovascular system is compounded by several parts,
and in this dissertation we cover two of them, namely, the transporting system, which is
formed by arteries, veins, and capillaries, and the pumping system, which is compounded
by the heart. The aim of the transporting system is to serve as path to carry the blood,
and this task is performed as follows. The arteries leave the heart to reach the whole body,
they became small gradually until transform in capillaries, which are the part where the
nutrient exchange is performed. After that, these capillaries join to create the veins, which
return unoxygenated-blood to the heart, in order to deliver it to the lung to oxygenate
it. Therefore, we can define the arteries as the blood paths that leave the heart, and the
veins as the blood paths that return to the heart.

The heart is the principal organ of circulatory system, responsible for pumping the
blood to whole body. From an anatomical point of view, the heart is divided in four
different chambers, namely, the right and left atria, which are at the upper part of the
heart, and the right and left ventricles, which are at the lower part of the heart. These two
parts, right and left, are divided by a wall, which is known as septum, banning the mixing
among both circuits. The cardiac cycle, which is known as beat and it is compounded
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by two phases, systole and diastole, allows to blood-flowing for the two circuits. In the
diastole, the atria receive blood from the cava and pulmonary veins. Once they are full
of blood, the atria squeeze to pump the blood to the ventricles through the mitral and
tricuspid valves, when the ventricles are full of blood the systole begins. In this second
phase, the ventricles squeeze to pump the blood outside the heart through the pulmonary
(aortic) valve, which are at the pulmonary (aortic) artery and deliver the blood to the
lungs (whole body). In Fig. 2.2 an anatomic model of the human heart is shown for
reader convenience.

The heart blood pumping generates a pressure against the arteries wall, which is
known as arterial blood pressure (ABP). Traditionally, the ABP is divided in two different
measures, the systolic ABP, which is measured when the heart beats, and the diastolic
ABP, which is measured when the heart is relaxed, this one is smaller than systolic ABP.
The two main groups of ABP measurement techniques are called invasive and non-invasive
[39]. Invasive techniques have the major drawback of requiring medical intervention to
place a cannula needle in an artery and close medical supervision, however they are much
more accurate than non-invasive ones. Thus, they are mostly used for hospitalized and
critically ill patients. On the other hand, non-invasive techniques are quicker and simpler
than invasive ones, they do not require any expertise and have no difficulties for end users,
who are even able to make the measurements personally with portable devices. Automatic
ABP monitors are very common and well-known nowadays, even for personal use at any
age. Many different models are cheaply and widely available on the market [40, 41]. These
devices are usually very easy to operate for users, sometimes they allow data to be stored
digitally, and even they can be connected with a mobile app for an interface [42, 43]. The
system developed in Chapter 7 integrates a cuff-based ABP measurement system as part
of its functionalities. The cuff is connected to the main device chassis and it can be used
in a straightforward and safe way.

In order to create the beat, the human heart has a conduction system capable of
generate an electric impulse squeezing and relaxing all its cells. In general, we can divide
the conduction system in four different parts, namely, the sinoatrial (SA) node , the
atrioventricular (AV) node, the His bundle, and the Purkinje fibers. The SA node is a
structure at the upper part of right atrium, near to the superior vena cava, it is compound
by several cells capable of generate a periodic electrical impulse, for this reason, it is known
as physiological pacemaker. After the generated electrical impulse is driven by the atria, it
necessary to pass it to the ventricles, but the directly conduction from atria to ventricles is
impossible, because the atria-ventricles interface is compounded by non-conductive tissue.
Therefore, it is necessary to pass through the AV node, which is a channel of conductive
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Figure 2.2: Anatomic model of human heart.

tissue on the atria-ventricles interface. Moreover, this node induces a delay in the impulse
not allowing the premature squeeze (fill up) of atria (ventricles). After passing through the
AV node, the His bundle splits the impulse in two semi-impulses, each one passes through
a network of fibers extending on the ventricles, which is known as Purkinje fibers. This
network allows the coordinated excitement of each cell in the ventricles. In Fig. 2.3 the
scheme of conductive system is presented.

The conductive system presents a number of relevant characteristics, namely, automa-
tism, excitability, and conductivity. The automatism is defined as the property of some
cells to generate an automatic impulse, without any previous stimulus. This is relevant
due to the structures compounded by this kind of cells can act as physiological pace-
makers. The human body presents three of these pacemakers, which show descending
hierarchy; If one of them cannot generate impulses, the following one takes the control
and generate them. The structures that present these characteristics are: The SA node,
which generates from 50 to 70 impulses per minute; The AV node, which generates from
35 to 50 impulses per minute; and the Purkinje fibers, which generate from 35 to 50

Figure 2.3: Heart conductive system scheme.
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impulses per minute. The next relevant property is the excitability, consisting of that the
cells compounding the conductive system are capable to generate an electrical impulse if
they are electrical or mechanical stimulated, unlike if the stimulus is inside the refractory
period. This period is defined as the time from that a cell responds to a stimulus until
it can respond again, this time is proportional to the duration of the stimulus. Finally,
the conductive system cells can be divided in two groups attending to their conductivity,
namely: The decremental conductivity cells, which present a conduction speed inversely
proportional to the previous impulse speed, an example of this type of cells are those ones
that compound the AV node; And the non-decremental conductivity cells, which present
a conduction speed independent of the previous impulse speed, an example of this kind
of cells are those ones that compound the Purkinje fibers.

Once the conductive system is explained, the next topic to present is the action po-
tentials, which are the impulses generated by the cells of the conductor system. According
to its automatism, the cells can be divided into two main groups, namely, self-excitable
and not self-excitable. Self-excitable cells have a resting potential between -85 and 80
mV, when this kind of cells are stimulated, four different phases are triggered allowing
them to conduct this impulse. These phases are:

Phase 0: The cell squeezes fast due to the incoming Na+ ions passing through
the channels of the cell membrane, after one or two milliseconds these channels are
closed, and the potential of cells rises to 20-30 mV.

Phase 1: The cell relaxes due to the activation-inactivation current produced by the
output of K+ ions.

Phase 2: The cell potential is balanced due to two input currents, one caused by
Na+ ions from non-closed channels during phase 0, another caused by Ca2+ and
three output currents associated to K+ channels.

Phase 3: The cell is completely relaxed due to fast output of K+ ions, and the close
of the Na+, and Ca2+ channels.

Phase 4: The cell returns to resting stage where potential is between -85 y -80 mV,
it remains on this stage until a new stimulus triggers the process.

Figure 2.4.a shows the representation of different phases of the non-self-excitable cells,
an example of this kind of cells are the myocytes. On the other hand, the self-excitable
cells action potential is quite similar, but they not present stability in phase 4, unlike
during this phase they are charging slowly until reaching an activation threshold that
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triggers the phase 0, the node SA cells are an example of this. Figure 2.4.b shows the
representation of each phase from self-excitable cell.

2.1.2. Heart Monitoring Devices

In this subsection, the common monitoring devices are presented, focusing on those
ones used in this dissertation. These devices were developed under the assumption that the
morphology and temporal distribution of the generated electrical impulses are indicative
of different pathologies. The history of these apparati begin with Alexander Muirhead,
which was the first person to register the cardiac electrical activity by attaching two
conductors to patients wrist. Another relevant person in the heart monitoring field is
Willem Einthoven, which is considered the precursor of electrocardiography, his research
laid the foundation of the first electrocardiograph and its clinical applications [44].

Among different existing monitoring devices, the most common ones are: The elec-
trocardiograph, which records the heart electrical activity and registers it by a number of
leads attached to patient limbs and chest, so that this record is named ECG; The Holter,
which is a device that monitors the heart electrical activity during periods around 24
hours; The external event recorder (EER), which is an apparatus that records the anoma-
lous heart activity; The pacemaker, which is a device that scopes the atria and ventricles
electrical activity and stimulate them if it is needed; The implantable cardioverter defib-
rillator, which is a device that registers the atria and ventricles activity and shock them
if the heart begins to chaotically beat; The polygraph, which is a device that permits to
record the surface ECG, and the atria and ventricles electrical activity; The navigators,
which are systems that allow to create an atria and ventricles electrical activation map
by recording them using a catheter; And the wearable devices, such as mobile phones,

(a) (b)

Figure 2.4: Action potentials in conductive system. (a) Non self-excitable cell. (b) Self-excitable
cell.
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Figure 2.5: Creation of the ECG waveform by superposition of each single action potential.

smart watches, or vests, among others, so that all of them allow to perform monitoring
and simple analysis of signals in non-ambulatory scenarios.

Electrocardiogram

The ECG is the representation of the cardiac electrical activity, and this test regis-
ters around 10 seconds of this activity. The registered waveforms are the result of the
superposition of each single action potential seen in previous section, as it is shown in
Fig. 2.5. In order to perform this test, it is necessary to attach a number of electrodes
to the patient chest and limbs, as indicated in the Fig. 2.6, where Panel (a) shows the
electrode positioning in the patient limbs, and Panel (b) shows the electrode positioning
in the patient chest. The electrocardiograph, Fig. 2.6.c, registers each projection of the
myocardial electrical activity, which are known as leads, and these ones can be divided in
three main groups:

Classical: This group is compounded by the leads defined by Einthoven, namely,
potential difference between right and left arm, which is known as I, potential dif-
ference between right arm and left leg, which is called II, and potential difference
between left arm and leg, which is known as III. The triangle formed by the position
of these electrodes is known as Einthoven Triangle, and the zero potential point is
the center of this triangle.

Augmented: These leads are computed by difference of limbs absolute potential and
the zero potential point as follows: Difference between right arm absolute poten-
tial and the zero potential point, which is known as aVR; Difference between left
arm absolute potential and the zero potential point, which is known as aVL; And
difference between left leg absolute potential and the zero potential point.
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(a) (b)

(c) (d)

Figure 2.6: Elements of ECG test: (a) Positioning of classical and augmented leads; (b) Po-
sitioning precordial leads; (c) Electrocardiograph,; And (d) example of synthetic ECG printed
over millimeter paper.

Precordial: These leads are compounded by monopolar electrodes attached to the
patient chest. To this group belong: V1 which registers the atria and anterior part of
right ventricular potentials; V2 which records the right ventricular wall potentials;
V3 which registers the both ventricles electrical activity; V4 which records distal end
of the left ventricle electrical activity; And V5-V6 which register the left ventricle
electrical activity

The recorded signals are drawn in millimeter paper, as represented in Fig. 2.6.b. The
small squares, which measure 1x1 mm, represent 0.1 mV in vertical axis, and 40 ms in
horizontal axis. The big squares, which measures 5x5 mm, represent 0.5 mV in vertical
axis and 200 ms in horizontal axis.

As we have seen before, the ECG waves are compounded by the superposition of action
potentials from the myocardial conductive system cells. As it can be observed in Fig. 2.7,
the ECG is conformed by five principal waves, namely: P wave, which represents the atrial
contractions, in healthy patients exhibits a duration around 100 ms and 250 µV maximum
potential, moreover, it is positive in almost every lead; Q wave, R wave, and S wave, which
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Figure 2.7: ECG representation where the relevant waves, segments, and intervals are high-
lighted.

form the QRS-complex, and this represents the ventricles contractions, in healthy patients
presents a duration between 60 and 100 ms, and alterations of this complex indicate
diseases, such as, myocardial infarction, pericarditis, hypertrophy, among others; Finally,
the T wave represents the ventricles relaxation, it presents an asymmetric morphology,
with a rising flank slower than the falling, and it also exhibits an amplitude lower than
500 µV in classical and augmented leads, and lower than 1500 µV in precordial. The
waves related with the atria relaxation are masked by QRS-complex presence, and they
are invisible in the ECG representation.

Moreover the presence of these waves, are defined different relevant segment and
intervals, namely: the RR interval, which represents the distance between successive R
waves, it is measured from the beginning of first to the beginning of second R wave, and its
value is inversely proportional to the cardiac frequency; The PR interval, which represents
the atria contraction time plus the AV node induced delay, and it is measured from the P
wave beginning to the QRS-complex beginning; The QRS interval, which represents the
whole ventricles contraction time, and it is measured from the QRS-complex beginning,
usually the Q wave beginning, to the QRS-complex end, usually the S wave end; The QT
interval, which represents the ventricles contraction-relaxation cycle, and it is measured
from the QRS-complex beginning to the T wave end; The PR segment, which represents
the time between the atria are contracted to the ventricles contraction beginning, and it is
measured from the P wave end to the QRS-complex beginning; Finally, the ST segment,
which represents the time between the ventricles are contracted to the ventricles relaxation
beginning, and it is measured from QRS-complex end to the T wave beginning. All of
these measurements can be seen in Fig. 2.7.
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(a) (b)

(c)

Figure 2.8: ECG morphologies for atria and ventricles alterations: (a) Detailed P wave for
different atria alterations, Panel 1 shows a normal P wave, Panel 2 shows a P wave created by
enlarged right atrium, and Panel 3 shows a P wave created by enlarged left atrium; (b) Different
morphologies related to enlarged right ventricle, odd numbers represent mild version of patholo-
gies in titles, and even numbers represent severe version of them; (c) Different morphologies
related to enlarged left ventricle in presence of aortic valvopathy. All of these figures have been
adapted from [38].

(a) (b)

(c) (d)

Figure 2.9: ECG morphologies for Purkinje fibers alterations: (a) Twelve leads ECG for a right
BBB; (b) Twelve leads ECG for a left BBB; (c) Leads where the alterations are presented in
fascicle block; (d) Twelve leads ECG for a fascicle block plus right BBB. All of these figures
have been selected from [38].
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(a) (b)

(c) (d)

Figure 2.10: ECG morphologies for preexcitations, infarct evolution, and SCD: (a) Charac-
teristic pattern for most common preexcitations, Panel 1 represents the normal ECG, Panel 2
represents the Wolff-Parkinson-White, and Panel 3 represents the short PR preexcitation; (b)
Ischemia and injury patterns, the title shows the elapsed time after the chest pain, Panel 1 shows
a normal ECG, Panel 2 shows an ischemic ECG, Panel 3 shows an injured ECG, and Panel 4
shows an ischemic ECG. (c) ECG evolution of infarct, the title shows the elapsed time after
the chest pain, Panel 1 shows an injured ECG, Panels 2-3 show the evolution of characteristic
Q wave and the T wave polarity change, Panel 4 shows the necrosis ECG morphology; Finally,
(d) ECG pattern related to SCD, upper Panels represent long QT syndrome caused by genetic
alterations, first and second lower panels show the Brugada syndrome morphology, third lower
Panel shows the right ventricle arrhythmogenic cardiomyopathy, and two last lower panels show
the typical ECG of HCM. All of these figures have been adapted from [38].
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The alterations of the previous waveforms, segments, and intervals are caused by
problems in the heart normal behavior, and the most common alterations of the ECG are
next ones [38]:

Atria alterations: They are presented in patients that suffer hypertrophy (atria
dilatation), and intra-atrial blocks. When the hypertrophy (dilatation) affects the
right atrium, the ECG shows a P wave amplitude above 0.25 mV in II and/or above
0.15 mV in V1. In the case of the left atrium, the ECG exhibits a P wave duration
above 0.12 s and bimodality in the majority of leads. Finally, in case of intra-atrial
blocks, the ECG presents a similar alteration to left atrium hypertrophy cases. An
example of each one of these alterations can be seen on Fig. 2.8.a.

Ventricles alterations: They are presented in patients that suffer ventricles hypertro-
phy (dilatation). When it occurs in the right ventricle, the ECG exhibits different
morphologies as it is shown in Fig. 2.8.b. In the case that this affects the left ven-
tricle, the ECG shows a R (S) wave with an amplitude above 0.2 mV in V1, or/and
R (S) wave with an amplitude above 0.7 mV in V5 and V6. These morphologies
can be seen on Fig. 2.8.c.

Intraventricular conduction blocks: These alterations occur when there is a problem
in the Purkinje fibers that delays or blocks the conduction from the AV node. This
can affect the complete left or right Purkinje fibers branch or only a part of them,
which is known as fascicle block. A complete right bundle branch block (BBB)
appears in the ECG as enlarged QRS, above 120 ms, and T wave with reverse
polarity to the QRS enlarged component, and an example of right BBB morphology
can be seen on Fig. 2.9.a. If the right BBB is partial, the QRS-complex presents a
duration between 100 and 120 ms and it presents a positive wave after the S wave,
which is named R’, in V1. On the other hand, the complete left BBB presents a
QRS-complex duration above 120 ms, V1 presents a QS or RS pattern with R wave
amplitude smaller than S wave amplitude, I and V6 present a R pattern, and aVR
presents a QS pattern with positive T wave. An example of left BBB morphology
can be observed on Fig. 2.9.b. The fascicle block presents a QRS-complex duration
lower than 120 ms, according to the affected fascicle presents different morphologies,
as it can be observed on Fig. 2.9.c. Moreover, the fascicle block can appear with
the right BBB, and in these cases, the QRS-complex presents a duration above 120
ms and the morphologies are a mix between the right BBB and the fascicle block,
as it can be observed on Fig. 2.9.d.
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Ventricular preexcitations: These alterations are due to abnormal pathways between
the atria and the ventricles, allowing part of the electrical impulse to arrive to the
ventricles before the impulse reaching them by the normal conduction pathway.
Attending to the preexcitation mechanism, we can divide them in several groups,
namely: Wolff-Parkinson-White, which is characterized by a short PR interval as-
sociated to enlarged QRS-complexes, and altered T wave; Lown-Ganong-Levine,
which is characterized by a short PR interval and normal QRS-complexes; And
Manhaim, which is characterized by a normal PR interval and QRS-complex mor-
phology similar to the left BBB. An example of Wolff-Parkinson-White can be seen
on Fig. 2.10.a.

Ischemia, injury, and necrosis: These are stages after coronary artery occlusion,
which is known as infarction. The ischemia is the result of myocardial oxygen re-
duction during a period lower than 20 minutes, it is reversible, and it can be seen
in the ECG as T wave alteration, which can be more positive (negative) in suben-
docardial (transmural) ischemia. The injury is defined as the myocardial oxygen
reduction during a period greater than 20 minutes but lesser than 2 hours, this
damage is reversible in the majority of cases, and its effects are visible in the ECG
as ST segment depression (elevation) if the subendocardium (subepicardicum) is
affected. The effects of ischemia and injury in the ECG can be seen on Fig. 2.10.b.
Finally, the necrosis is the result of the myocardial oxygen reduction during more
than 2 hours, its effects are not reversible, and it is expressed as the presence of a
characteristic Q wave and a negative T wave, it is possible to know the myocardium
infarcted zone according to the leads where these waves appear. An example of the
effects of the injury and the necrosis in the ECG are shown on Fig. 2.10.c.

SCD: A number of genetic causes presents SCD with noticeable effects in the ECG,
namely, long QT syndrome, Brugada syndrome, HCM, or right ventricle arrhyth-
mogenic, among others. These ones can be seen on Fig. 2.10.d.

Holter

On the other hand, moreover the previous cited alterations in the ECG morphology,
the ECG can be used to detect rhythm alterations, often known as arrhythmias, but the
ECG duration is too limited for intermittent arrhythmias diagnose, which are clinically
named paroxysmal. To detect the paroxysmal arrhythmias, we need a device that allows
a larger monitoring period, and under this assumption the Holter was created. This
apparatus registers the heart electrical activity over periods around 24 hours, using a
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Figure 2.11: Electrode positioning scheme in the Holter monitor.

reduced number of electrodes attached to the patient chest, as it is shown on Fig. 2.11.
In order to manage the output of the Holter and diagnose the patients, clinicians follow
the next scheme:

Rhythm and morphology inspection: The clinicians inspect the heart rhythm changes
along the Holter monitoring period, and they also focus on the morphology changes.
Figure 2.12.a shows an example of commercial Holter analysis software, where the
clinicians can scope the rhythm during all the test and inspect the selected segment
morphology in detail.

Families classification: After collecting a global idea about the rhythm and morphol-
ogy, the clinicians supervise the automatic beat classification, according to their
morphology, and it is performed by the analysis software as it is shown on Fig.
2.12.b. Moreover, they also correct the software miss-classifications. The different
beat families are: Right and left BBB, seen in the previous ECG section; Ventricu-
lar beats, which are beats created at the ventricles conductive system and present
an enlarged QRS and absence of P wave; Artefacts, which are peaks produced by
noise and they can be confused with real beats; Paced, which are beats initiated by
a pacemaker, and their morphology depends of the used pacemaker; Fusion, which
are beats exhibiting a morphology mixed between sinus and ventricular, and they
are created by the addition of a sinus beat plus a ventricular; And sinus beats, which
are those ones that are correctly created and conducted.

Event revision: Once all the beats are correctly classified, the clinicians look for
different kinds of arrhythmic events, as seen on Fig. 2.12.c. These events are created
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by the combination of previous beats, an example of these ones are the tachycardia,
which are a group of several supraventricular or ventricular beats.

As said before, the Holter use aids the clinician to detect the paroxysmal arrhythmias,
which are relevant in many cases due to its effects over the patient life quality. The most
common kinds of arrhythmias can be classified as follows: First, the premature atrial
(ventricular) complex, which is defined as the apparition of normal (ventricular) beats, so
that if more than 10 of these beats per hour are observed, this arrhythmia is considered as
frequent premature atrial (ventricular) complex. Second, the supraventricular (ventricu-
lar) tachycardia, which is defined as the apparition of several normal (ventricular) beats
in a row. Third, the atrial flutter, which is defined as a rising in cardiac frequency created
by an atrial overstimulation due to an atrial feedback loop. Fourth, the atrial (ventric-
ular) fibrillation, which is defined as type of supraventricular (ventricular) tachycardia
where the atria (ventricles) randomly generate impulses that stimulate the conductive
system. The atrial fibrillation (AF) persistence induces changes in the atria morphology,
developing a number of associated problems. On the other hand, if ventricular fibrillation
is not reverted in few minutes the patient dies. Fifth, the sinus bradycardia, which is
defined as a node SA malfunction that slows the impulse generation in the atria. Finally,
AV block, which is defined as node AV malfunction that blocks the atria to ventricles
impulse conduction, which slows the cardiac frequency, the block can be partial, which
blocks some impulses, or complete, in this case a pacemaker is needed. Figure 2.13 shows
an example of each presented arrhythmia.

In order to perform the previous analysis, an expert clinician spends between 10 to
15 minutes, this time is compatible with other developed functions during him workday,
but when the Holter is difficult to read, due to the high number of artefacts or present
noise, this time rises harming the normal behavior of the clinician workday.

Long Term Monitoring Devices

The use of Holter is required when there are suspicions of paroxysmal arrhythmias,
but in many cases the Holter monitoring period is not enough to catch these alterations.
One example of these, is the paroxysmal AF in patient that suffers cryptogenic stroke
[23]. In order to detect arrhythmias with transient manifestations two devices, the EER,
and the LTM Holter are used in clinical practice.

The EER is a device similar to the Holter that presents a number of electrodes, usually
3 of them, which record the heart electrical activity under certain conditions. The EER
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(a)

(b)

(c)

Figure 2.12: SyneScopeTM from SorinTM commercial Holter analysis software. (a) Rhythm
and morphology inspector, red square highlights the cardiac frequency representation over total
Holter duration, blue square highlights a 1 minute low resolution temporal windows centered in
selected point, green square highlights a 20 second high resolution temporal window centered
in selected point. (b) Beat families classification, red square highlights a selected family to
supervise its classification, yellow square highlights another selected family to compare, blue
square highlights the detailed representation of a temporal window centered in the selected
beat.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 2.13: Representation of most common arrhythmias. (a) Premature atrial complex, as can
be seen, the premature beat (4st) morphology is similar to the others. (b) Premature ventricular
complex, as can be observed, the premature beat (3rd) presents an enlarged QRS-complex. (c)
Supraventricular tachycardia, as can be seen, this is compound by several atrial premature
complex in a row. (d) Ventricular tachycardia, as can be seen, this is compound by several
ventricular premature complexes, which present enlarged QRS, in a row. (e) AF, the arrow marks
the beginning of it, we can observe the randomly temporal distribution of the QRS-complexes,
the perturbation in the isoelectric line, and P waves absence. (f) Ventricular fibrillation, after
two normal beats we can see its beginning and its characteristic waves. (g) Atrial flutter, here
we can observe the characteristic saw-tooth signal between atria loop generated beats. (h) Sinus
bradycardia, we can observe a pause due to the malfunction of SA node. (i) AV block, the red
circle shows a P wave no stimulating the ventricles due to the partial block.
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Figure 2.14: Event ScopeTM from SorinTM commercial EER analysis software. Red square
highlights the day selector used to select the day to analyze, green square highlights a recorded
event. Note that in second strip, the beat is miss-classified as ventricular by effect of noise.
Moreover, a low signal quality of lead two increase the miss-classification rate.

software allows it to analyze the signal and to decide if any kind of relevant event exists
in order to store it. Moreover, this device has a button that allows the patient to register
the signal if he/she notices any symptom, as palpitations. This device exhibits two main
drawbacks, namely, the signal is not continuous recorded (only a number of relevant events
are stored), and the software tends to over-detect the relevant events storing many noisy
segments miss-classified as arrhythmic ones.

In clinical practice, the EER test is compounded by two parts, which are the apparatus
carried by the patient for a period around 15 days, and a diary where the patient describes
the suffered symptoms when he/she presses the button. Clinically, the steps to analyze
an EER record are the following: First, the events recorded when the patient presses the
button are revised taking into account the wrote symptoms for better diagnosis; Then, the
automatic recordings are reviewed to look for other pathologies with symptoms that the
patient does not notice. This is a difficult task because the majority of the recorded events
are noise that the internal software has miss-classified. Figure 2.14 shows an example of
Event ScopeTM from SorinTM, a commercial EER analysis software, where it can be seen
the presence of real and miss-classified events.
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(a)

(b)

Figure 2.15: QuickReaderTM from Holter SuppliesTM software to LTM record analysis, (a) Ex-
ample of good signal quality, (b) Example of poor signal quality, note that the time between the
two examples is around 4 minutes. Red square highlights the detailed signal of selected segment,
blue square highlights the relevant events automatically detected, and yellow square highlights
the representations of cardiac frequency during all the record, note that is not continuous due
to the software only computes this frequency when it decides that signal is interpretable.
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(a) (b) (c)

Figure 2.16: Different commercial wearable monitoring devices, (a) KardiaTM, (b) Checkme
LiteTM, NuuboTM vest. All of these images have been gathered from their company webpage.

On the other hand, the LTM Holter allows to record the heart electrical activity
during a period from several days to one month. This device stores a large number of
information about the heart behavior, and its analysis is quite similar to the normal
Holter. Although, it exists two main limitations for this analysis: First, the total amount
of noise recorded as result of daily patient activity and the electrode wear; And second
the time required by the clinician to deeply analyze and diagnose this record, partly due
to the noise. Figure 2.15 shows QuickReaderTM from Holter SuppliesTM, a commercial
software to analyze LTM Holter records, in which can be seen the signal quality difference
between the two panels.

Wearable Monitoring Devices

In last years, several recording devices have been developed, mostly boosted by the
rese of smartphones and wearable technology. These new devices allow to record short
segments of ECG by using cheap add-ons, and this permits the self-monitoring of heart
behavior. Many of these apparati include processing software performing detection of
some kinds of arrhythmias, such as AF. These new devices can be classified according to
the used platform:

Smartphone based devices: This group is compounded by these ones using the
smartphone and some add-ons to monitor the heart electrical activity. This cate-
gory can be divided in two main groups: Those ones that only monitor the heart
frequency, such as smartphone apps that use the camera and the flash, or different
kind of bands, by using photoplethysmography (e.g. MiBandTM [45], or Accurate
Heart Rate MonitorTM [46]), which consists in measure the time between the blood
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reach the finger and the return to heart; And those ones performing an one lead
ECG by potential difference between two electrodes placed in a peripherical device
attached to the smartphone (e.g. KardiaTM [47]) shown in Fig. 2.16.a.

Stand-alone devices: This group is compounded by devices that monitor the heart
electrical activity by themselves, although they can be connected to a smartphone,
and it is not needed to perform the analysis. One type of these devices is the
Checkme LiteTM device from ViatomTM Tech [48], shown in Fig. 2.16.b, which
presents two electrodes to perform a one lead ECG.

Textile embedded devices: This group is compounded by these devices created to
monitor the heart electrical activity during physical activity. They usually are
compounded by a shirt or vest that presents embedded electrodes, and this kind
of apparatus allows to realize measurements that otherwise would be very difficult
or uncomfortable to perform. An example of this group is the NuuboTM vest [49],
shown in Fig. 2.16.c.

The two main drawbacks of these devices are the poor quality of the recorded signal,
which only allows them to perform rhythm analysis, and that the majority of them present
a proprietary software, which difficults its integration in medical scenarios. On the other
hand, the advantages are their easy use, the reduced size compared with the classical
monitoring devices, their cost being lower than classical devices, and the possibility to
record only when the symptoms appear, thus storing mostly the relevant events.

2.2. Background in Biosignal Processing

Once the clinical part of this work is introduced, a revision of the main biosignal pro-
cessing techniques is needed. In this section we cover the basic and advanced techniques
in cardiac signal processing, focusing on the methods related to the developed algorithms
in this Thesis. The first part of this section is dedicated to explain one of the most
relevant stages in every cardiac signal processing method, the signal adequation, where
the noise and artifacts presented in the signal are removed, or at least reduced, in order
to ease further processing. Moreover, the algorithms for QRS-complexes detection are
explained, which are base of several advance processing techniques, such as HRV analysis,
beat classification, or arrhythmias classification, among others.

On the other hand, the second part of this section covers advanced techniques in
signal processing applied to cardiac signals. We scrutinized the multivariate analysis
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techniques, PCA and ICA, which are broadly used to extract ECG relevant components,
and the machine learning techniques, which are used as classifications in many cardiac sig-
nal processing such as arrhythmia classification, beat classification, or risk stratification,
among others. The cross-validation techniques, which allow to select the best parameters
for our model and avoid the excessive data-to-model dependency. Finally, we present the
BS resampling method, which allows to compute the statistical distribution of a statistical
parameter, such as the expected value, or the standard deviation, among many others.

2.2.1. Basic Techniques in Cardiac Signal Processing

This subsection is structure as follows. First, the different types of noise that can
affect the ECG are presented, and we focus on different kinds of noise that can appear
in the heart monitoring records. After, we show the most relevant techniques, focusing
on those ones used in this dissertation. Then, we introduce the QRS-complexes detection
algorithms, which are a key stage in cardiac signal processing allowing all the further
processing. Finally, we explain the different HRV analysis methods, focusing on those
ones used in this dissertation.

Noise and Filtering

As said before, this processing is the most relevant part of the signal analysis. The
main goal of this kind of algorithms is to obtain a cardiac signal with enough quality
to perform further processing. The ECG may be corrupted by several types of noise
components and artifacts, which reduce the signal quality and difficult its interpretation.
For this reason, these noise components must be removed, or at least reduced, but we need
to take care about how to perform this reduction, because many filtering techniques can
induce undesirable effects to the signal that we must take into account. The most common
sources of noise components that affect the ECG are, the powerline interference (PLI),
the baseline wander (BW), the electromyogram (EMG) noise, and the motion artifacts,
among others [50]. All of these noise components can be seen in Fig. 2.17.

The BW, which appears as a low-frequency changing-bandwidth signal that modu-
lates the ECG amplitude, is generated by the effects of electrode-contact impedance, the
movement associated to patient respiration, and patient body movements. Its frequency
is typically lower than 0.5 Hz, and the main techniques to reduce BW are the follow-
ing: Linear time-invariant filters, which consist in high-pass filters with 0.5 Hz cut-off
frequency; Linear variant filtering, which consists in high-pass filters with a cut-off fre-
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Figure 2.17: Different types of noise present in ECG. (a) BW, (b) PLI, (c) EMG noise, and (d)
motion artifacts, adapted from [51].

quency inversely proportional to the instantaneous RR interval; And polynomial fitting,
which consists in approximating the drift by a curve, e.g., using a cubic spline interpola-
tion, and then subtracting it.

The PLI, which appears as sinusoidal-like fluctuation at powerline frequency and its
harmonics, is created by problems in the recorders, grounding, and shielding. This kind
of noise, which appears in the frequency band of interest, difficults the low-amplitude
waveforms interpretation such as, P or Q waves. The main used techniques to reduce PLI
are: Linear time-invariant filtering, which consist in a notch filtering centered in powerline
frequency; The non-linear time-invariant filtering, which consists in subtracting from the
signal a sinusoid generated with a nonlinear filter that updates its parameters according
to an error function; And the adaptative filtering, which consists in estimating the noise
presented in the isoelectric line and subtracting it from the whole signal.

The EMG noise, which appears as peaks about 10% the ECG amplitude, is especially
intense in Holter-recorded ECG, and its bandwidth goes from 20 to 2 KHz that overlaps
the ECG signal. Therefore, it constitutes the relevant and challenging effort in this kind
of signal denoising. And to so, standard filtering techniques could be applied negatively
shaping the actual QRS, or statistical filtering by averaging QRS complexes with the
only requirement of having multiple properly correlated beats. Other pre-processing used
techniques are time varying filtering for BW, and adaptative filtering for PLI. The motion
artifacts are created by the patient movement and they appear as an effective combination
of previous mentioned noise, and though processed.

We work on this research line in order to propose a noise classification based on clinical
severity, which aids clinicians to speed-up their diagnoses allowing faster analysis of the
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LTM registers, shown in previous sections, because they can skip the non-analyzable
registered segments. This is the proposed Objective 1a, which is deeply explained in
Chapter 3.

QRS-complex Detection

Beat detection is one of the most relevant ECG processing techniques because find-
ing the exact location of QRS-complexes, enables the right segmentation of ECG into
sub-waves. And so, it constitutes a basic step for almost any algorithms [25], where
R-detection is usually the very first step before beat-feature extraction and beat classi-
fication [52]. Many example of the importance of the correct heartbeat detection can
be found [26], especially in the studies where heart rate is key such as arrhythmias, and
arrhythmic risk assessment.

Although the detection of the QRS-complexes has been extensively studied over the
years, it is still a field under development. The reason is that the detection of the R-wave in
the ECG is an apparently very simple problem, which can be tackled from many different
viewpoints. Initially, the development of accurate methods was the point of interest [53,
54], but, currently, researches mainly focus on the design of novel methods usually based
on modern processing techniques. Despite the application of advanced data processing
methods, the performance of the new approaches seldom overcome the former ones. In
fact, in many cases some recent techniques are applied in combination with traditional
methods such as the Pan-Tompkins algorithm (PT) or frequency transforms [54, 55, 56,
57]. Accordingly, huge amounts of contributions have been reported, the literature in this
area is large and complicated, and the task of determining which is the best suited or the
more efficient algorithm among the available ones has become difficult.

Beyond the accuracy of the methods, not all of them can be straightforwardly applied
to LTM recordings. The initial constraint is given by the limited computational capacity
of current equipments to process the big amount of data resulting from 7 to 21 days ECG
recordings. Additionally, the high performance exhibited by current methods is difficult to
reach in LTM applications. One of the reasons is the testing methodology, and despite the
algorithms being checked by means of comparison tests against state-of-the-art methods
and over public databases, the set size often is limited, which makes some analysis scarcely
representative. Another, and perhaps more important reason, is that the algorithms are
sensitive to the dataset, so that the parameter tuning needs to be readjusted depending on
the working conditions. Therefore, an R-wave detector for LTM recordings must be only
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be accurate, but also reliable, robust, and efficient from a computational cost viewpoint,
in order to be able to deal with very long sets in the presence of noise and artifacts [58, 1].

On this research line, and to comply the proposed Objective 1b, we developed an LTM
suitable algorithm to detect the QRS-complexes in that kind of registers. This detector
is deeply explained in Chapter 4.

Heart Rate Variability Analysis

Nowadays, the existing HRV analysis techniques can be divided in three main groups
[59], namely: Time domain methods, which are compounded by statistical and geomet-
rical techniques; Frequency domain methods, which are divided in short and long term
analysis methods; Finally, the non-linear methods, which are compounded by several
types of measurements based on chaotic or fractal signal models, such as, random walk,
approximate entropy, or biespectra, among others.

In Chapter 6, a number of time domain methods are used, and the most relevant ones
are next explained. The time domain methods based on statistical techniques perform a
statistical analysis of the temporal difference between each detected beat, which is called
RR or NN interval according to excluding or not the non-sinusal beats. We can enumer-
ate the basic ones, namely, the average heart rate, the difference between the longest and
shortest interval, the difference between night and day heart rate, or the NN interval stan-
dard deviation. On the other hand, among the geometrical methods we can highlight the
following ones: The triangular index, which measures the triangularity of the RR interval
histogram; The Lorenz-Poincaré diagram, which is a point cloud representation of each
RR interval based on its precedent one; Or the logarithmic coefficient, which represents
the coefficient from the negative exponential curve which is the best approximation of the
histogram of absolute differences between adjacent NN intervals. In this dissertation we
applied HRV to AF detection. One of the clinically used tools to perform this detection
is by using the Lorenz-Poincaré diagram. According to medical knowledge, a randomly
distributed Lorenz-Poincaré diagram is AF indicative [60].

2.2.2. Advance Techniques in Cardiac Signal Processing

This section is structured as follows. First, the multivariate analysis methods are
explained, focusing on PCA and ICA, which are used in Chapter 4 for QRS-complexes
detection, and in Chapter 5 for fragmentation and fibrosis detection, which are two ECG
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characteristics related to risk of deathly arrhythmias development. Second, the machine
learning techniques and cross validation methods are introduced. The machine learning
techniques allow us to classify cases, after a training stage where several parameters are
set, in order to prevent the excessive data to model dependence the cross-validation meth-
ods are used. These techniques are utilized in Chapters 4 and 5. Finally, we present the
BS resampling method, which is used in Chapter 5, that allows to compute the statis-
tical distribution of statistical variables, such as expected value or standard deviation,
by computing a version of it over a subset of cases created by resampling the original
population.

Multivariate Analysis Methods

The multivariate analysis methods are techniques that allow to create new signals,
which are called components, by splitting the original signal information in these new
signals. These ones present a feature according to the multivariate method used, they
can be statistical independent among them, in case of ICA is used; Uncorrelated among
them, in case of PCA is used; Or divided by spectral content, in case of EMD or variational
mode decomposition (VMD) are used.

In this dissertation, we scrutinized the PCA and ICA methods according to their
broadly use in ECG processing. A number of researchers have proposed the use of PCA
or ICA to detect clinically relevant waveforms that cannot be straightforwardly observed
visually. The applications in this field could be divided into five main groups according to
their goal, namely, QRS-complex detection [61], noise reduction [62], AF detection [63],
fetal ECG decoupling [64], and breathing signal isolation [65]. Further explanation of
these uses is presented in Chapters 4 and 5.

PCA is a statistical multivariate processing tool that allows us to decompose a signal
in uncorrelated sub-signals, so-called principal components. From a mathematical point
of view, PCA can be defined as an orthogonal linear transformation that maps the input
signals to a new coordinate system where the new orthogonal axes are the directions of
maximum variation of the input signals. This also means that we are implicitly assuming
a multivariate Gaussian distribution on the time samples of the analyzed multivariate
recording. In order to compute the PCA of the ECG signals, several steps must be
followed, which are summarized next: First, the data must be centered and scaled, and
this process is done by subtracting the mean from each variable and dividing by its
standard deviation, in order to get the input signals with zero mean and unit variance;
Second, the covariance matrix of the input signals is computed, and this matrix takes
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into account the variance of each variable in our signals; Third, the eigenvectors and
eigenvalues of the covariance matrix are computed; Then, the eigenvectors are sorted
according with the decreasing value of their eigenvalues; Finally, the principal components
are computed by vector-multiplying the eigenvectors and the input signals [66]. Figure
2.18.a shows an example of the PCA method applied over synthetic signals, as can be
seen, the top components, first panels of third row, bring information about the most
powerful variation of the mixed signals, and the detailed components, last panels of third
row, bring information about the slightly variation of mixed signals.

ICA is a statistical multivariate method for decomposing signals in a set of new ones
that are statistically independent. Let us denote

X = S ·A (2.1)

where X is the matrix that contains the recorded multichannel ECGs, S is matrix that
represents the effect of the patient body over the heart surface signals represented by a
mixing matrix, and A represents the heart surface signals. ICA is defined as a linear
transformation that can unmix the previously mixed signals, in other words, ICA can
compute matrix S−1 without knowing A and S, as far as the source signals in A meet
some special conditions, namely, the source signals must be statistically independent,
and the statistical distribution of the source signals must be non-Gaussian. The steps
to compute ICA are next summarized: First, the input signal is centered and whitened,
in order to get an uncorrelated input signal with zero mean and unit variance; Second,
the independent components are computed, and for this purpose the method selected
here (FastICA) uses an iterative process that minimizes the Gaussianity of the extracted
components by using the concept of negentropy; Finally, and due to the unmixed signal
given by ICA are unsorted, it is necessary to sort them, and for this goal we proposed
the use of the kurtosis as sorting key to sort the variables from less Gaussian to more
Gaussian [67]. Figure 2.18.b shows an example of the ICA method applied over synthetic
signals. As it can be observed, the use of ICA can almost recover the original signals.

Machine Learning Techniques

In Chapter 5, we use five different classifiers to evaluate the diagnostic capabilities of
each of them to detect fragmentation or fibrosis. We selected those classifiers because they
previously have presented good performance in other similar biosignal processing fields,
which are: Support vector machine (SVM), used for the vasovagal syncope detection [68];
K-nearest neighbors (KNN), applied in beat classification tasks [69]; Multilayer perceptron
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Figure 2.18: Multivariate analysis methods example, (a) PCA example, (b) ICA example. The
first row of both panels represents the original signal, the second row of both panels represents the
signals after mixing by a random matrix, the last row of both panels represents the multivariate
transform components.

(MLP), used for arrhythmia classification in implanted cardioverter defibrillators [70];
Naive Bayes (NB), applied also in arrhythmia classification tasks [71]; And decision trees
(DT), used for lung cancer detection [72]. All of these presented classifiers were developed
and tested according to the recommendations in [73].

Before the explanation of each classifier, some shared mathematical concepts need
to be summarized. First, our observations are defined in terms of their features, which
are numeric values that shape the observations, and they are labelled according to the
class that they belong. More, hereafter we work with binary problems. Therefore, from
a mathematical point of view, our data set can be defined as

S = {xi, yi} ; i = 1, 2, . . . , N ; xi ∈ Rn

yi ∈ {−1, 1}
(2.2)
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where xi (yi) is the feature vector (label) of the i-th observation. Second, all of these
classifiers provide us with a final classification function that is computed by using the
training observations xi to determine the label of a new unknown observation, denoted
as x. Third, most of these classifiers are based on a training-test scheme, and they must
be trained with a subset of observations to set their internal parameters in order to define
their classification function. As said before, each observation is defined by its features,
hence, the input space is often called also feature space.

The SVM, which was proposed in [74], is a classifier with at least three interesting
properties, namely, it presents a tractable optimization formulation, tractable complexity
control, and flexible non-linear parametrization. The basic idea behind the SVM is the
computation of a hyperplane that splits the input space according to the observed classes.
For reader convenience, some basic cases are next explained. Let us consider a linearly
separable binary classification problem in which the classification function is given by

H : wT x + b = 0
C(x) = sign(wT x + b)

(2.3)

where H is the separator hyperplane, w is the normal vector to this plane, and b is the bias
or independent term. According to this equation, the number of separator hyperplanes is
infinity, therefore, we must define the optimal hyperplane. It is advantageously defined
as the hyperplane that maximizes the distance to the closest observation in both classes,
which are named the support vectors. After computed all the calculus, the equation for
w and b can be written as

w = ∑N
i=1 αi yi xi

b = (yk −wT xk) for αk 6= 0
C(x) = sign(∑N

i=1 αi yi xT x + b)
(2.4)

where αi is the i-th Lagrangian multiplier, which is greater than zero as far as the i-
th observation is a support vector. As can be seen, the classification function C(x) is
computed by applying inner product of support vector, those ones observation which
present αk = 0, and the observation that we want to classify x. This solution is known
as hard-margin classification, and an example of this kind of problems can be seen in Fig.
2.19.a, where the highlighted points are the support vectors, the solid line represents the
optimal separator hyperplane, and the dotted lines represent the optimized margin.

As it can be seen, the SVM provides the classifier equation as a function of the inner
product of the training observations. It should be noticed here that in the real world,
the previous solution cannot be computed as clean as expected due to the existence of
classification errors and noisy observations. In order to deal with this, a new parameter
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needs to be added to the formulation. This new approach considers slack variables, the
solution derived from this approach is known as soft-margin, and after these new calculi
the new equation for w and b can be expressed as

w = ∑N
i=1 αi yi xi

b = (yk(1− ζk)−wT xk) for αk 6= 0
C(x) = sign(∑N

i=1 αi yi xi
T x + b)

(2.5)

where ζk is the slack variable associated to the k-th support vector. As we have seen,
the hard and soft margin approaches present a similar classification function, which only
depends of the inner product among support vectors and the observation to be classified.
An example of this kind of problem can be seen in Fig. 2.19.b, where the highlighted points
are the support vectors, the solid black line represents the optimal separator hyperplane,
the solid colored lines represent the slack variables, and the dotted lines represent the
optimized margin.

The SVM is a powerful tool to work with linear problems, yet a classical question
is how it deals with non-linear problems. As we have seen before, the SVM can classify
linearly separable problems, hence the way to manage the non-linear problems is to use
a function allowing to map the features space into a higher dimensional space where the
problem is linearly separable, and this mapping is performed by function φ(x). Now the
problem is to find that function φ(x) which meets the following equation

K(xi,x) = φ(xi)T φ(x) (2.6)

where K is the kernel function, which represents the inner product in a higher dimensional
space. As can be observed, finding φ(·) that meets the previous equation can be difficult,
therefore we can apply the Mercer’s Theorem that allows us to use a function as a kernel
if it is semi-positive definite symmetric. An example of the use of kernel function to solve
a non-linear problem is shown in Fig. 2.19.c, where the highlighted points are the support
vectors, the solid line represents the optimal separator hyperplane, and the dotted lines
represent the optimized margin. The most common kernel functions used in this work are
described here after. First, the linear inner product function which is computed according
to

K(xi,x) = xT
i x (2.7)

where xi is the i-th observation of training set, and x is a new observation. In a similar
way, the Gaussian function, maps the input space and performs the product in the feature
space according to

K(xi,x) = e−
||xi−x||2

2σ2 (2.8)
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(a) (b)

(c)

Figure 2.19: Examples of different SVM problems. Highlighted observations are the support
vector, solid line is the separator hyperplane, and dashed lines represent the optimized margin.
(a) Linear SVM applied over a linear separable problem. (b) Linear SVM applied over a linear
non-separable problem. (c) Non-linear separable problem solved by using a kernelized SVM.

where xi is the i-th observation of training set, x is a new observation, and σ is the width
of the Gaussian given as SVM input, it is also called radial basis function (RBF) kernel.

The second classifier that can be used is the MLP [75]. This model is a classifier based
on the biological neural systems, and it is structured as several perceptrons or neurons
in different layers and interconnected. The neurons are composed by four different parts,
namely: Input weights, which assign importance to the inputs; Bias, which acts like
a threshold; Adder, which sums all the weighted inputs and the bias; And activation
function, which give us the output of the neuron. Mathematically the output function of
a simple neuron can be expressed as

t(xi) = g(
P∑
j=1

wj · xij + w0) (2.9)

where g(·) is the activation function, P is the number of inputs, w is the vectors of weight
associated to the inputs,xij is the j-th feature of the i-th observation, and w0 is the bias.
The most common activation functions are, the linear function, the step function, and
the sigmoid function, defined according to Equation 2.10 respectively.

g(a) = a g(a) =

0 if a < 0

1 if a ≥ 0
g(a) = 1

1+e−a (2.10)
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Figure 2.20: Example of an MLP, compounded by three different layers: An input layer, where
the observations features are weighted, added, and mapped by an activation function; A hidden
layer, where the outputs of the input layer are weighted, added, and mapped by an activation
function; And output layer where the output of the hidden layer are weighted, added, and
mapped by an activation function in order to classify the observation.

As said before, these MLP, which are also known as ANN, are formed by aggregation
of neurons in layers. For a complex ANN, conformed by L layers with P neurons per
layer, the classification function can be written as

C(xi) = sign(g(∑PL−1
j=1 (wLj · oL−1

j ) + wL0 ))
ol = g(∑Pl−1

j=1 (wlj · ol−1
j ) + wl0)

(2.11)

where g is the activation function, wLj is the weight associated to the j-th input of the
output layer, and ol, which is a function of xi, is the output of the l-th layer. An example
of an MLP can be seen in Fig. 2.20.

In order to use the MLP as classifier is needed a training stage, where each bias and
weight of every perceptron in the classifier. The algorithm used to perform this training
stage is compounded by several steps: (i) All the weights and bias are initialized; (ii) The
outputs are computed for each observation of the training subset; (iii) The squared error
is computed for these observation; (iv) The generalized delta rule is used to modified
the weights and bias; (v) Steps (ii), (iii), and (iv) are repeated until all the training
observations are used; (vi) The total error of each training iteration is computed; (vii)
If the total error is less or equal than a threshold the training is finished, else the steps
(ii), (iii), (iv), (v), and (vi) are repeated until the threshold is satisfied or the maximum
number of iterations is reached.

Another option is the NB classifier [75], which is based on Bayes Theorem, and the
word näıve is related to the assumption of statistical independence among the variables.
The NB classifies using the probability of belonging to a class. From a mathematical point
of view, the probability of certain observation modelled by its feature vector xi belonging
to a class c can be written

P (c|xi) = P (xi|c) · P (c)
P (xi)

(2.12)
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The previous equation cannot be solved without considering the statistic independence
among the features, but by applying this assumption, we can rewrite it into

P (c|xi) = P (xi1|c) · P (xi2|c) · P (xi3|c) . . . P (xin|c) · P (c) (2.13)

where P (c) is the probability of a class, this value is a constant that can be computed
as 1

#classes or as the probability of the class in the training data, and P (xij|c) can be
computed as a Gaussian function, according to

P (xij|c) = 1√
2πσ2

c

e
−(xij−µc)2

2σ2
c (2.14)

where σ2
c is the variance of the i-th feature and it is computed using the training data, µ2

c

is the mean of the j-th feature and it is computed using the training data, and xij is the
value of the j-th feature of test data. Finally, the decision rule can be written as

C(xi) = argmax(P (ck)
n∏
j=1

P (xij|c) (2.15)

where P (ck) is the probability of the k-th class, and xij is the j-th feature from i-th
observation.

Another widely used classifier is the KNN [76], which belongs to the so-called lazy
learning classifiers, as they do not use the whole training dataset, but instead the so-
lution is only computed as a discriminative function from the closest subset of training
observations to classify the test dataset. The classification process follows the next steps:
First, the training dataset is mapped to features space; Second, when a new observation
is classified, the KNN must compute the distance to every point in the plane; Finally, the
classification is made taking into account the label of the k-nearest points in the plane.
The distance definition could diverse, but the Euclidean distance is mostly used, and it
can be mathematically expressed as

d(xi,xj) =

√√√√ D∑
k=1

(xik − xjk)2 (2.16)

where D is the number of dimension of observation x , and xi and xj are the points
which their distance between which we need to know. Moreover, there is a collection
of algorithms to label an observation according to their neighbors, and one of the most
used is the one using a polling among the k-nearest neighbors in order to label a new
observation, this is,

V otexi =
K∑
k=1

1
d(xk,xi)

α (2.17)
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(a) (b)

Figure 2.21: Examples of attribute test condition. (a) Non-binary attribute test condition. (b)
Binary attribute test condition.

where V otexi is the voting value of the c-th class for xi observation, xi is the observation
that we wanted to classify, xk is the k-th nearest neighbour, and α is a constant that is 1
when xi and xk belong to the same class, and zero otherwise. The final classification is
performed by taking the label that reaches highest value of V otexi .

The DT are classifying algorithm that recursively split the input space [75]. DT are
compounded by three different parts, namely, the root node (which has no inputs), the leaf
nodes (which have one input and no outputs), and the internal nodes (which present one
input and different outputs). Each internal node divides the input space into two or more
semi-spaces according to a discrete function of the features. Many different algorithms
to generate a binary DT are based on Hunt’s algorithm, which is a simple algorithm
conformed by the following steps: First, if all the observations on a node are from the
same class, this node is marked as a leaf; Second, if not all the observations are from
the same class, the node is marked as an internal one, the observations are divided by
using attribute test conditions, and it repeat them until all the observations are classified.
Nowadays, the algorithms to build a DT are very efficient and implement stop criteria to
prevent the overfitting.

As said before, we need some attribute test conditions, which are the way of splitting
the observations in a node according to the value of their features, as shown in Fig. 2.21.
In order to select the best splitting, we need to implement a variable that can take into
account the impurity, which is a measure of the number of classes present in a node, of
the parent and the child nodes. This variable is known as gain, ∆, and it is computed as

∆ = I(parent)−
K∑
j=1

Svj
S
I(vj) (2.18)

where I(parent) represents the impurity measured in parent node, K is the number of
children nodes, Svj is the number of observations in the children node vj, S is the number
of observations in the parent node, and I(vj) is the impurity of children node vj. The
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impurity can be computed from different ways, and in this work, we used the following
implementation,

Gini(t) = 1−
C−1∑
i=0

[p(i|t)]2 (2.19)

where C is the number of classes in the subset, i is the class, and t is the selected node.

The main drawback of DT is their tendency to grow too much. Hence, exiting tech-
niques must be implemented, such as pruning algorithms that remove the branches with
lower information, or setting maximum values for the parameters that control the growth,
as the maximum depth or the minimum number of observations per leaf.

Cross Validation Techniques

It was explained in the previous paragraphs that the use of classification algorithms
requires an interactive process. It is clear for the reader that depending on how this
iterations are performed the results could vary. It is especially relevant the undesired effect
of the overfitting in this part of the learning process. One of the most used techniques
to prevent this situation from happening is the cross-validation. This practice force to
have the independence of the dataset every round in the validation process, improving
the statistical significant of the results and avoiding overfitting.

One of the common cross validation methods is the K-folds. This method splits the
dataset in K equally sized subsets. In each iteration K − 1 subsets are used as training
set and one subset as test set, and this is performed K times and an error is computed
per iteration. Finally, the error of the model is computed according to

ErrorK−folds = 1
K

K∑
k=1

Errork (2.20)

where Errork represents the k-th classification error. A scheme of this method can be
seen on Fig. 2.22.a, where the technique is represented for K = 4. As it can be observed,
this method does not consider the samples class. Another usual cross validation method
used is the stratified K-folds. This technique is a variation of previous method that takes
into account the classes to split the dataset in K different subsets, achieving each subset
presents the same classes ratio than the original dataset. The method error is computed
according with the same equation used in K-fold. Figure 2.22.b shows the behavior of
this method for K = 4.

Another common type or methods are those ones that are based on random permu-
tations, the following techniques do not ensure the existence of unique subsets. The first
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Figure 2.22: Representation of common cross validation methods for K = 4: (a) K-folds; (b)
Stratified K-folds; (c) Shuffle split; (e) Stratified shuffle split; (f) Time series split; (h) Leave one
out. Each panel is compounded by 5 rows, the first four represent a different iteration, the test
(training) set is shown in blue (red). The last row shows the labels for each sample.
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Classifier C γ Accuracy Accuracy over hidden dataset
SVM 10 0.01 98.59% 95.43 %

Cross Val SVM 1000 0.001 98.59% 96.84%

Table 2.1: Effect of cross validation technique in classification tasks.

one of these methods is the shuffle split cross validation performing K iterations, where
the training set is compounded by a number of samples randomly selected from whole
dataset, meanwhile the training set is created by the non-selected samples. The error
is computed according to the same equation presented in K-fold method. Figure 2.22.c
shows an example of this method for K = 4. The next method is a shuffle split variation,
and it is known as stratified shuffle split. In this technique, the test set is pseudo-randomly
selected based on the samples class in order to keep the same classes ratio than original
dataset. The non-selected samples compound the training dataset, and the method error
is computed according to the equation of K-fold errors. Figure 2.22.d shows an example
of this technique for K = 4.

The following two methods are not related to the previous ones. The first one, is
known as time series split, this splits the whole dataset in K+1 subsets, the training and
test datasets split are constructed by following the next steps: In the first iteration, the
first (second) subset is marked as training (test) set; In following iterations, the previously
used subsets are marked as training subset and a new subset is added as test subset until
each subset is used; The method error is computed according to the equation of K-fold
errors. An example of this method with K = 4 can be seen on Fig. 2.22.e. The presented
method is known as leave one out. This is probabily the computationally heaviest cross
validation technique. In each iteration the training subset is compounded by N − 1
samples and the test subset is compounded by only one sample, as it is shown in Fig.
2.22.f. The method error is computed applying a variation of the equation presented in
K-fold method, where the number of samples N is used instead of K.

An example of the relevance of these methods can be seen on Table 2.1, where the
behavior of a classifier with and without cross-validations techniques are compared. As
it can be observed, the use of cross-validation techniques enhanced the accuracy rate of
our classifier. In order to construct this table, we select the first 140 records from well-
known breast cancer dataset [77]. Each record is compounded by 30 features. We split
the whole data set in two equal subsets, one of them is used to test the SVM, and it
is called hidden dataset. Finally, we set the internal parameters of SVM by using the
non-hidden dataset and testing the trained SVM over the hidden dataset, and comparing
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the accuracy whether or not cross validation techniques are used. In this case, the use of
this technique presents 1.41% of accuracy enhancement.

Bootstrap Resampling Method

Once the cross-validation methods have been visited, the BS is the next technique to
be explained in this chapter. This technique proposes a simple though computationally
heavy method, to non-parametric probability distribution function extraction of any sta-
tistical magnitude [78]. The main advantage of this technique is the accurate magnitude
estimation, although the available observations number is small. Due to this advantage,
BS is often used in ECG processing field, since the used databases are too small to com-
pute accurately statistical magnitudes by classical methods.

From a mathematical point of view, BS is defined as follows. Let X = {x1, x2, · · · , xn}
be a set compounded by N observation from a random variable with a cumulative distri-
bution function (CDF) F (x), and let θ(F ) a statistical magnitude of this distribution, e.g.
the standard deviation. We can define θ̂(X) as θ(F ) estimation, which results of applying
an operator Z(X) over the observation set. Therefore, we conclude θ̂(X) is the point
estimation of θ(F ), e.g. θ(F ) is the expected value, and θ̂(X) is the sample mean. Hence,
the problem is aimed to know how accurate is the estimator θ̂(X), to do so, we need a
method to compute its probability density function (pdf) in order to know its average and
confidence interval (CI).

At this point, two possibilities open up: First, we supposed that both, the population
and the distribution F (x), are known. In this case, whenever it is possible, the θ̂(X)
pdf can be analytically computed. Although, if F (x) is too complex to compute it, we
can use the Monte Carlo method. This generates several observations subsets that allow
to use the Law of Large Numbers (LLN) to infer the real value, expected value, of any
function of point estimator, computed as the mean of the results of applying this estimator
over the subsets. Mathematically can be written as, let B the number of subsets of
observation, {X1,X2, · · · ,XB}, compounded by N independent, and equally distributed
samples extracted from population, Xb = {xb1, xb2, · · · , xbN}, if B is larger enough, we can
apply the LLN to compute,

E{g(θ(X))} = 1
B

B∑
b=1

g(θ(X)b)) (2.21)

where g(·) is any function, and E{·} represents the expected value operator. If we apply
the previous equation, any statistical magnitude dependent from θ̂(X) can be computed,
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the calculi for mean and standard deviation can be seen in next equation,

E{θ(X)} = 1
B

∑B
b=1 θ(X)b

θ(X)} = E{θ2(X)} − (E{θ(X)})2 = 1
B

∑B
b=1 θ

2(X)b − ( 1
B

∑B
b=1 θ(X)b)2

(2.22)

This same method allows us to compute the distribution of θ̂(X), to do so, we need
to define the θ̂(X) CDF according to

F (θ̂(x)) = P (θ(X) ≤ x) (2.23)

where P (θ(X) ≤ x) represents the probability of the point estimation is lower or equal
than x. Moreover, according to previous equation, we can use the Monte Carlo technique
to obtain the CDF from the desired statistical magnitude, as shown in the next equations,

F (θ̂(X)) = P (Y)

E{I(Y)} = P (Y)

E{I(Y)} = 1
B

∑i=1
B I(Yi)

1
B

∑i=1
B I(Yi) = 1

B
(#Yi)

F (θ̂(X)) = 1
B

(#Yi)

(2.24)

where Y indicates θ̂(X < x), Yi represents θ̂(Xi < x), (#Yi) indicates the number of
θ̂(Xb) from all B subsets that are greater or equal than x, and I(·) represents the indicator
function, which is 1 if the condition is true and 0 otherwise. As it can be observed, we can
approximate empirically the θ̂(X) probability distribution by the using of B estimation
of θ̂(X) computed in each resample, the approximation error is inversely proportional to
the number of estimations.

The second one is where the actual population distribution is unknown. In this
case, is when BS is really useful. We assume that the observations Xb contain enough
information to use them as whole population. In similar way to previous case, we can
use the Monte Carlo method to extract B subsets {X∗1,X∗2, · · · ,X∗B} compounded by
N observations from the available population. It note the notation changes due to the
subsets are compounded by the observation from available population not from whole.
Therefore, the first step is to compute the whole population CDF, and to do so, we
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compute the empirical distribution according to

F (x) ' ˆF (x) = 1
N

n=i∑
N

I(xn ≤ x) = 1
N

(#xn ≤ x) (2.25)

As it can be observed, this computation is done in a similar way than in the previous
case. On the other hand, the pdf f(x) is empirically approximated according to

f(x) ' ˆf(x) = 1
N

N∑
j=1

δ(x− xj) (2.26)

where δ(x) is the Dirac delta function. It is necessary to comment that each subset X∗b

is often known as resample, and it is created by the extraction with replacement of N
elements from the available population X. In this way, each sample is an independent and
identically distributed sample of a population with distribution F̂ .

We can define BS as a technique that allows to obtain replications of a statistical
magnitude by computed it using F̂ as F , and this process is known as plug-in principle.
We can apply this resampling B times to obtain a set of {θ̂(X∗1), θ̂(X∗2), · · · , θ̂(X∗B)}
from which we can infer, analogously to the previous case, the empiric pdf according to

f̂(θ̂(x) = 1
B

B∑
b=1

δ(θ̂(x∗b)) (2.27)

In this dissertation we proposed the use of BS to compute the distributions and CI
of merit figures used in Chapters 4 and 5.



Chapter 3

Clinical Severity of ECG Noise

3.1. Introduction

This chapter is written according to the previously published works [1, 58] by our
research team in an indexed journal and in an international congress.

Nowadays, the interest of monitoring patients over several days is growing due to its
potential to find anomalies which remain undetected in standard ECG and 24 h Holter.
This kind of register is referred to as LTM recordings, and they have been found useful
for detection of subclinical AF in patients with cryptogenic stroke [23, 22], for detection
of non-sustained atrial or ventricular arrhythmias in patients with heart failure (HF) [79],
and for assessment of autonomic parameters obtained from HRV analysis [80]. Holter
ECG is obtained from portable devices while patients continue with their daily activities,
thereafter the signal is highly affected by noise and artifacts. Thus, as a result of the
extensive use of Holter ECG, noise has become a matter of major concern, especially in
LTM records, because its presence may result in wrong diagnosis.

The main sources of noise are patient movements (BW, EMG noise, and electrode
motion), PLI or electronic-device interference at data collection, signal processing, or
medical equipment [81]. As said before, the noise presence has been dealt as a problem of
non-desirable components removal by means of several quantitative signal metrics, such as
SNR or RMS. Recent quantitative analysis have been performed on this scenario applying
a number of signal processing techniques, such as transform domains [6, 7, 8, 9, 10], ICA
ad PCA [11, 12], adaptive filtering [13], genetic algorithms [14], EMD [15, 16],fuzzy logic
[17], or ANN [18, 19, 20].

49
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The underlying assumption of these approaches is that the denoising process can pro-
vide a valid signal if the resulting metric values are solid enough. However, none of the
used measurement parameters reports information about diagnostic features allowing us
to assess their clinical validity. For example, notice that sometimes a moderate SNR does
not affect the ECG morphology, whereas similar SNRs in different conditions may dra-
matically decrease the signal quality. Besides, on some occasions, the ECG is so strongly
altered that none of its waves is recognizable, thus becoming useless. In consequence,
rather than noise elimination, an alternative approach is followed in recent research fo-
cusing on two aspects, namely, noise quantification from a clinical standpoint, and ECG
quality assessment. The quality is considered in this chapter as a synonym of clinical
validity, i.e., a signal is considered good quality when it can be used for clinical purposes.
According to this view, the signal processing of LTM for quality ECG purposes would not
be limited to artifact removal any more, but it should also include the identification of
severely corrupted segments, which are clinically invalid with different severity levels, in
order to avoid false diagnosis. One of the most clarifying contribution following this ap-
proach is given in [21], which proposes a method for classifying the quality of an ECG into
five levels. This chapter is also a good summary of previous works on this topic. Other
examples of automatic detection and classification of noise are [82] and [83], although
these two works do not rate the noise in the ECG from a clinical standpoint.

Therefore, and according to this novel approach, our hypothesis is that it is possible:
(a) to create a clinical severity score for the effect of noise on the ECG; (b) to characterize
its consistency in terms of its temporal and statistical distribution; and (c) to use it
for LTM evaluation of signal quality, providing a better criterion for diagnostic index
extraction when compared to conventional quantitative noise magnitude measurements.

To test this hypothesis, we scrutinized the following elements. First, we proposed
to create and use noise maps, defined as a simple overview of the temporal distribution
of the proportion of noise with different quality throughout time windows with adequate
duration for long recordings. Second, we propose to create a measurement of the noise
clinical severity, according to the criteria of a specialist on the impact that different noise
intensities and presence will have on subsequently measured clinical indices. This noise
clinical severity will be potentially used as the Gold Standard for analyzing the con-
ventional quantitative noise measurements. We subsequently analyzed the noise clinical
severity measurement on LTM recordings from EER in 10 patients and one case from
7-day Holter monitoring on a detailed timeline.

The scheme of the chapter is as follows. In Section 3.2, we describe our patient
database and the LTM Holter patient case. The clinical severity criteria for ECG noise
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are also described, as well as the state-of-the-art proxies for quantitative noise and the
definition of noise maps. The results are presented and the achieved noise classification
criteria are summarized in Section 3.3, together with the noise maps for clinical and
quantitative noise criteria, and the noise statistical distributions are scrutinized both in
the EER database and in the LTM Holter case example. Some relevant considerations on
the PLI and on the inter-observer variability are also included therein. The discussion of
the present work is finally addressed in Section 3.4.

3.2. Materials and Methods

The data used for this study were gathered from two different continuous-recording
ECG sources, namely, EER (SpiderFlash-T(R)) and a 7-day Holter device (Del Mar
Reynolds Lifecard CF). Data were obtained from clinical indications from the Arrhyth-
mia Department of the Hospital Cĺınico Universitario Virgen de la Arrixaca (HCUVA) at
Murcia, Spain.

EER devices perform continuous ECG ambulatory monitoring and they also analyze
the signal in real time looking for QRS-complexes. Arrhythmic event detection is based on
the rate and regularity of the QRS series [84], but in practice, also noise and artifacts often
trigger the event recording even during sinus rhythm. Every detected event (arrhythmia,
artifact, or noise) triggers an automatic recording with a duration of about 30 to 300
seconds, at sampling frequency of 200 Hz. The system has 3 electrodes, yielding 2 signals
for subsequent analysis. Our database consisted of data from 10 patients (5 women and 5
men, 65.20 ± 23.52 years) who had been referred to the hospital for palpitation, syncope,
or presyncope evaluation.

The use of the EER recordings as a convenient support for LTM was decided after
considerations by the medical staff. From a clinical point of view, the interest of the short
recordings of EER in this scenario is twofold. On the one hand, they are a real problem
in clinic, as these devices are likely to be intensely working and used during the next
years. On the other hand, they select almost certainly those most interesting segments of
the continuous signal, either for being actual arrhythmias or for being artifacts that are
considered as arrhythmias by the device. In the second case, these segments represent
noise with similar properties than the arrhythmias, which is what we want to classify
correctly (for instance, 50 Hz noise and constant line for amplifier saturation can be more
readily detected and they do not have much clinical interest). Our view is that if we
are able to discriminate well the noise in these EER recordings, it will be easier to work
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with LTM in Holter recordings, which often include less noisy signal regions to the global
patient map.

A continuous and exhaustive classification and labelling of noise severity in one 7-day
Holter recording was also made. The mean left ventricular ejection fraction (LVEF) in this
database was 36.6 ± 9.6%, 86.8% of patients were in New York heart association (NYHA)
class I or II and their ages were 54.1 ± 13.9 years. All the records were continuously
registered at a sampling frequency of 128 Hz. Noise clinical severity was evaluated only
in one out of the 53 HF patients of the database due to the high complexity and time-
consuming process of labelling (see [80] for more details). More than 10,000 screens from
this recording were manually supervised and labelled by a trained expert for more than
150 hours.

Whereas a single 7-day patient can be seen as limited, and it could have too patient-
specific noise, this approach represents a trade-off between viability and scope of the
present study. The time required for continuous labelling of the 7-day Holter was about
150 hours, which means near 20 days of continuous work only to label, and effectively a
larger period than this for a researcher workload. Hence, we considered that this first work
was necessary, as far as it would provide us with relevant considerations to be considered
for growing effectively the Gold Standard. If we want to expand the Gold Standard in
the future to a wider set of 7-day Holter recordings, then it is necessary to have a starting
point being informative enough to make it later viable and efficient from a human resource
viewpoint.

Nevertheless, as a comparison to the scope provided by the EER database, the Mas-
sachusetts Institute of Technology (MIT) Noise Stress database [85, 86] is often used as
gold standard in this environment (but with different purposes of algorithm tuning). This
widespread used database consists of about 6 hours, with segments of 12 half hours in two
patients (118 and 119), with artificially added noise with 6 different SNRs. In this chap-
ter, only in EER we built more than 6.5 hours of detailed and continuous-time labelled
segments in 10 patients, hence both databases can be comparable in terms of duration,
and the present one has improved scope in terms of representing different patients.

3.2.1. Noise Clinical Severity

This study deals with the quality of the ECG, under the assumption that good quality
means clinical validity of the signal, whereas poor quality compromises the clinical value of
the ECG for diagnosis support. According to this view, and rather than noise elimination,
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our attention here is devoted to noise quantification for the purpose of identifying clinically
invalid segments to analyze ECG measurements on them. Therefore, the establishment
of quality criteria with clinical validity is the first point to be tackled.

We defined and validated a set of noise severity criteria in real ECG signals obtained
from an EER in 10 patients (see [58] for details on the database). An expert cardiologist
made a qualitative description of the noise levels in Holter recordings in terms of its
impact on the clinical diagnosis of basic parameters, such as ECG waveform and heart
rate distortion. After several iterations, an expert, trained to manually label the ECGs
from our patient database. Note that it would have been ideal to have two observers for all
the recordings in order to generate the labels, but this represented a limitation in terms
of workload. Nevertheless, a set of recordings was initially scrutinized with the use of
two observers, and given that there was a high concordance between them, an agreement
could be readily achieved in a set of rules after training the expert in a representative set
of complicated examples, and an iterative process was used to review the doubtful cases
together.

After this long iterative process, we established and applied the following set of criteria
to be used as labels in the ECG segments:

Noise free (type 0): segment without noise.

Low noise (type 1): some noise is present in the segment, but P and T waves and
the QRS-complexes are readable, and their morphology can be identified.

Moderate noise (type 2): noisy segment in which only the QRS-complexes are reli-
ably identified, at least in 3 consecutive beats.

Hard-noise (type 3): noisy segment with hardly- or not-recognizable QRS-complexes.

Other noise (type 4): segments are calibration pulses or straight lines due to the
complete absence of signal or amplifier saturation.

It can be seen that these proposed noise criteria are based on the clinical impact of the
noise on the parameters to be measured in the ECG, independently from power noise and
signal magnitude descriptions. We noted that this final noise classification was closely
related to the ones provided by other references (e.g. [21]). However, and in contrast to
other works, our approach created a continuous-running labelling for all the times in all
the signals in our database. Therefore, after achieving uniform criteria and classifying all
the EER segments in these types of noise, we obtained a running Gold Standard for noise
taxonomy in terms of its clinical severity.
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Figure 3.1: Illustrative examples of estimated noises for different quantitative types analyzed in
this chapter. Each panel (a, b, or c) shows two sub-panels, one for the cardiac signal extracted
from the event recorder, and another for the noise of different kinds and estimated from that
same signal: (a) cardiac signal with significant presence of PLI noise; (b) cardiac signal when
relevant BW noise is present; (c) cardiac signal when SDN noise exhibits high values.
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3.2.2. Noise Measurements using Quantitative Metrics

In order to scrutinize the impact of the noise on the ECG clinical interpretation, we
also analyzed the relationship between noise intensity and clinical severity. The measure
of the distortion in an ECG recording is undertaken here for three types of noise, namely,
BW, PLI, and standard deviation noise (SDN). BW and PLI were chosen because they
are the most usual types of noise in cardiac records and they are also easy to extract from
the ECG signals. In addition, SDN is a novel measure proposed in this chapter, which
was designed to consider events which make the signal unreadable, like signal loss or gain
saturation due to electrode disconnection.

Among the existing methods to quantify noise, the following implementations were
used here:

1. BW was calculated by using a cubic spline with a third order polynomial interpo-
lation and a 0.8 s time window for node estimation.

2. The quantification of PLI was made with a notch filter with center frequency at 50
Hz.

3. The proposed SDN was extracted by following these steps: (a) The standard devi-
ation of the signal was computed in blocks of 0.5 seconds; (b) Every ten blocks, the
mean and the standard deviation was calculated; (3) Finally, the mean plus twice
the standard deviation were used as measure of noise for each block.

Figure 3.1 shows several illustrative estimated examples of these noise types. Note
that in general they are not actually independent from each other, as BW is partly
included in the SDN calculation, and vice versa. In any case, we used them to scrutinize
the different quantitative measurements in terms of the expected quality, and to compare
them with the noise clinical severity.

Once the measurements of noise intensity are available, either from the clinical severity
criteria or from the three quantitative metrics, the ECG signal can be characterized in
terms of its distortion. The noise characterization was tackled in two complementary
viewpoints, namely, time distribution and amplitude distribution. Methods for time and
amplitude characterization are explained next.
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3.2.3. Time Characterization with Noise Maps

We propose to tackle the characterization of the noise severity in the time domain by
means of a new graphical representation, so-called noise maps. A noise map allows us to
look at the quality of an ECG at a glance, so it is conceived to scrutinize how much the
quality of the signal changes with time. Thus, a noise map just depicts the noise level in
a given ECG recording over time and for all the recording times.

Noise maps can be used when the noise intensity is determined either by clinical or
quantitative criteria. In both, the following steps are followed to build a noise map from
an ECG recording:

First, the ECG signal is divided into segments, which are labelled according to its
noise power. Recall that labels for clinical severity were defined in Section 3.2.1.

After, quantitative noise is split into 4 unevenly distributed levels, which in this
chapter were adjusted in the event recorder noise distributions in order to match as
close as possible for an expert observer the quantitative noise map with the clinical
severity noise maps. This action generates a segmentation on the ECG, for which
a list needs to be stored, which includes the reference number of each segment, its
starting and ending times, and its noise severity labels.

Finally, the time instants where label category changes are used to define different
size segments corresponding to the set of samples with the same label.

As a result, a noise map is the depiction of these label segments as a function of continuous
time. Note that, for the quantitative noise measurements, the instantaneous noise can be
readily defined and used as the basis for the noise maps.

An example of noise map can be seen in Fig. 3.2, which corresponds to a 75s ECG
excerpt taken from an EER and labelled according to noise clinical severity criteria. Every
heartbeat from the signal is tagged with a single label, hence, the label segments do not
overlap each other. This representation reports reasonably well about the noise severity
evolution over the recording. In this case, the severity ranges from noise free (type 0) up
to hard noise (type 3). More than half of the ECG excerpt is labelled as type 2 (moderate
noise) and 3 (hard noise). These segments stand for noisy blocks, which can scarcely be
used for a reliable analysis of the full heartbeat. Therefore, and despite the short duration,
the example corresponds to a noisy ECG when analyzed from a clinical viewpoint. This
is consistent with the characteristics of the EER database because, as mentioned before,
the result of an EER acquisition is the continuous recording of either arrhythmic or noise
events, which can be likely labelled within some of the previously defined noise categories.



3.2. MATERIALS AND METHODS 57

650 660 670 680 690 700 710 720
Time (s)

-4

-2

0

2

4

A
m

p
li

tu
d

e

ECG signal

650 660 670 680 690 700 710 720
Time (s)

0

1

2

3

4

Q
u

a
l 

n
o

is
e

Patient 1 Lead 1

Figure 3.2: Noise map representation (bottom) of the clinical severity of noise observed in a
75s ECG (top). Horizontal lines extend during the time periods for which each segment has
been labelled by an expert. There are noise-free segments in blue (type 0), and also segments in
green, where the P and T waves, as well as the QRS-complexes, are readable (type 1). In yellow
segments, only the QRS-complexes can be reliably identified (type 2), whereas segments with
hardly recognizable QRS-complexes, in red (type 3), are those for which no clinical parameter
can be trustfully measured due to severe noise.

3.2.4. Statistical Characterization of the Noise Amplitude

Besides the representation of noise distribution over time, noise maps are also con-
ceived to display coincidences between clinical severity and quantitative noise. Nonethe-
less, it may be considered that noise severity, when defined from a clinical point of view,
can be somehow related to the quantitatively determined noise power. For this reason,
the quality analysis of the ECG is next accomplished through the analysis of the naive
amplitude, defined here as the absolute value of the estimated instantaneous noise.

Let p (n) stand for the ECG noise pdf, n(t), and let p (nv), v = {bw, pli, sdn}, be the
specific noise pdf’s for the previously used quantitative components. Note that we assume
that no further noise sources are present and that they are independent, which will not
be true in general, nonetheless, these distributions are used here for description purposes
on different noise sources. Then, the following signal model is used:

x(t) = xc(t) + nbw(t) + npli(t) + nsdn(t) + e(t) (3.1)



58 CHAPTER 3. CLINICAL SEVERITY OF ECG NOISE

where both x(t) and xc(t) are the noisy and the noiseless ECG, respectively; nv(t),
v = {bw, pli, sdn} refers to the quantitative noisy components; and e(t) is an error term
representing any other non-considered noise source which is still present in the signal. In
order to further analyze the relationship between noise clinical severity and quantitative
noise, we consider the conditional pdf with respect to the discrete levels of noise clinical
severity, defined in Section 3.2.1 and denoted here as l0, l1, l2, l3 and l4. Hence, we can
define the conditional pdf of each type of noise in terms of the noise clinical severity for
their comparison, which for the example of BW noise is given by

p(nbw) =
4∑
i=0

p(nbw|li)Pbw(li) (3.2)

where li denotes the type of noise clinical severity, p(nbw|li) is the conditional distribution
of BW noise with respect to type li, and Pbw(li) is the prior probability of that type of
noise in the BW noise component. These conditional pdf’s can be similarly established
for the other noise components.

3.3. Experiments and Results

3.3.1. Analysis of the Conditional Distributions

The log-scaled histograms depicted in Fig. 3.3 correspond to the distributions of the
right-hand side in Eq. (3.2), and each curve represents one level of noise clinical severity.
Left (right) panels correspond to noise in EER (7-day Holter) recordings. From top to
bottom, the distributions are shown for PLI noise in panels (a, b), for BW noise in panels
(c, d), and for SDN noise in panels (e, f). Each plot represents the value of the quantitative
noise conditionally separated according to the clinical severity label.

All the curves represent the full range of existing values for the noise in the horizontal
axis, thus, we may see that PLI noise (upper plots) for noise free has a distribution
confined to 0.4 mV in EER, and to 1 mV in 7-day Holter. In both cases, the amplitude
distributions for different levels overlap one another, hence, the PLI amplitude alone is
not yielding a measurement of the noise clinical severity. A similar result is obtained for
BW noise (middle plots). The distributions of Fig. 3.3.c exhibit heavier tails than the
previous ones, which makes evident that high values of BW noise may not correspond
with hard noise in terms of clinical severity. Distributions for 7-day Holter (Fig. 3.3.d)
are also heavy tailed and quite similar to those of EER. The heaviest tailed distribution is
the hard noise one in 7-day Holter, which is almost uniform. This fact again prevents us
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Figure 3.3: Estimated distributions (from scaled log-histograms) for the different noise types
in EER (a, c, e) and 7-day Holter (b, d, f) recordings. Noise samples (in duration, seconds,
as multiplied times the sampling period) are represented in terms of the noise with the same
voltage level (in mV). Color code is similar to the noise maps: noise free segments (blue), low
noise (dashed green), moderated noise (crosses, yellow), hard noise (red, dotted), and other
noises (dash-dot, black).
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from making a division in terms of clinical severity just by using the BW noise amplitude
as a criterion.

A similar situation happens again with SDN noise for EER (Fig.3.3.e), where the
hard noise covers the full voltage range, hence avoiding the labelling according to clinical
severity criteria. Regarding the distributions of the remaining noises, they are lower in
amplitude and they are concentrated in specific regions, exhibiting blank spaces (values in
vertical axis lower than 100µV ) in between. In the 7-day Holter case (Fig. 3.3.f), the noise
distributions coexist in an interval which goes up to the local minimum for hard noise
distribution (around 1 mV). This overlapping means again that small variations in the
SDN noise can be labelled in different clinical severity categories. After that minimum,
all the distributions behave similarly to those in Fig. 3.3.e, with the aforementioned
incapability of labelling the signal according to the clinical severity criteria based on
SDN noise. Note that the differences in the noise amplitude of the horizontal axis for
distributions of the same class of noise are due to the different nature of the data, and
that normal ECG segments seldom appear in EER records because they capture noisy
events, whereas many normal sinus ECG can be often found in the 7-day Holter record.

3.3.2. Results on Noise Maps for EER

Table 3.1 shows the durations of the different clinical severity noises for each patient
in both leads of the EER and according to their clinical severity, which overall were 3 h
27 m 56 s (free, 26.77%), 3 h 01 m 15 s (low, 25.67%), 4 h 04 m 50 s (moderate, 31.52%),
1 h 29 m 18 s (hard, 11.50%), and 53 m 27 s -other- (6.88%).

Given that the quantitative noise amplitude is as a continuous-variable function, a
set of labels must be determined in order to present them as noise maps. We used labels
to represent noise free, as well as low, moderate, and hard noise. To obtain each category,
a set of different thresholds were manually set by using the amplitude histograms for
every quantitative noise. In order to set the different thresholds, the following rules were
used: (a) The noise-free threshold was set in order to contain the near-zero values; (b)
The hard-noise threshold was set to isolate the heavy tails of distribution; And (c) the
threshold to separate the low-noise and the medium-noise was set in about the middle of
the regions delimited by the noise-free and hard-noise thresholds.

The threshold divisions, as well as the histograms of every kind of noise, are shown
in Fig. 3.4. In order to set the threshold values, only the EER histograms were used
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Figure 3.4: Histograms and thresholds established for the different quantitative noise types
present in EER (a) and 7-day Holter (b) recordings. Horizontal axis is the noise amplitude (in
mV) as explained in Section 3.2.2, and vertical axis represents the number of samples per voltage
bin. Note that the tails are better visualized in logarithmic scale for the histogram of sample
counts (insider plots in each panel).

because they provided us with a wider view of the noise, as the records came from different
patients and covered much different situations related to noise.

Note that the horizontal axis has a much lower magnitude in the PLI noise, as far as its
amplitude will be in general much smaller than BW and SDN noise. But in all of them,
distributions are shown to be mostly exponential-like (PLI and BW noise) with heavy
tails, though SDN is slightly different and centered. The thresholds were chosen on the
histogram regions, aiming to separate the low-amplitude region (close to zero amplitude),
the heavy-tail region (large amplitude values), and different trends in the distribution
mass morphology to separate low from medium.

The visualization of noise maps in long recordings can be operatively limited, hence,
we also introduced the use of noise bars, as seen in the example in Fig. 3.5. Noise bars
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were obtained by aggregating the durations of the same types of noise in fixed-duration
segments, known as time bars, and then normalizing them in each time bar. Note that
the time bar was 30 s length in EER patients. Thus, a vertical bar stands for one single
time segment, which shows the ratio of each kind of noise present throughout that time
period. The same color code is used so that the lower (upper) part of the bar conveys the
lower (harder) noise levels. This provides a profile view giving a good idea on how clean
or noisy is a recording, and how many and which clinical parameters will be possible to
measure through it. Different time segments are separated by a blank bar for the case of
EER when stored segments are not continuous in time.

Figure 3.5 shows the noise bars of patients 1 and 3, for noise clinical severity in terms
of PLI, BW, and SDN (from top to bottom). In patient 1, according to the noise clini-
cal severity (upper plot), all the clinical measurements are allowable (noise-free, in blue)
except a small section at the beginning (in red, 2 or 3 bars) and another predominantly
yellow section (15 to 20 and 65 to 80 bars), where only QRS are morphologically recog-
nizable. In contrast to the Gold Standard, if the noise analysis were based only on PLI
(second plot), an area defined to be allowable according to the clinical standard would
have been labelled as useless for measuring morphological parameters (yellow section).
If we just look at the BW map (third plot), the first section would have been tagged
as non-usable, which is not true according to clinical severity. The rest of the recording
would have been identified as valid, which would cause wrong parameter measurement
in those areas where the clinical severity map is mainly labelled in yellow. If we analyze
the quality according to the SDN noise map (lower plot), most of the recording would
be valid except a couple of small areas tagged in red. However, those unacceptable areas
in terms of quality can indeed be used to measure the morphological parameters. Given
these differences, none of the combination of the three methods will provide the definition
arisen by the Gold Standard.

Similar observations can be stated regarding patient 3. In this case, the Gold Standard
advises us of a more distorted ECG than that of patient 1. For example, the noise
maps from SDN and BW inform wrongly that the signal has long noiseless periods (type
0, in blue), whereas the clinical severity map indicates that only the QRS-complex is
morphologically recognizable (type 1, in green).

Figure 3.6 shows the noise bars for all the 8 EER patients with the four noise types,
allowing us to scrutinize the correspondences among different noise types in this patient
population. Panel (a) shows the Gold Standard noise bars for each patient, and they
allow to see that some recordings have very good quality, hence, they will provide with an
excellent basis for measuring both waveform parameters and rhythm parameters based
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Figure 3.5: Example of EER noise bars to compare qualitative and quantitative noise. Each
bar represents 30 s segments of the recording, for patient 1 (a) and patient 3 (b).
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on cardiac cycle, especially in patients 1 and 5, for whom mostly green and blue bars
are predominant. We have also questionable quality recordings for patients 2, 4, and
8, for whom red and black bars are predominant, hence measured parameters in these
recordings should be either discarded or dealt with extreme caution. Finally, we will be
able to measure the cardiac rhythm most of the time in patients 3, 6, and 7 (mostly
yellow and green bars), but in these cases, morphological parameters should be either
avoided or dealt with caution. Blank bars indicate those cases in which the stored EER
segments were not continuous in time, given that these recordings are triggered either by
arrhythmic events or noise artifacts, whereas in 7-day Holter recordings pauses are often
recorded through isoelectric line and can be seen mostly in black bars.

Panel (b) shows the noise bars according to the BW noise, and its concordance with
panel (a) is low. For instance, most of the patients have stronger presence of blue and
green bars, which should promote the calculation of all the clinical parameters in all the
patients, which should be misleading. Similar conclusions could be drawn in panels (c)
and (d) for PLI noise and SDN noise. Note also that, for the three quantitative cases,
regions identified as non-suitable for measuring clinical parameters (mostly red bars) are
mostly different from each other and are mostly different from the Gold Standard.

3.3.3. Specific Considerations on PLI Noise

As seen in Fig. 3.4, the histograms of the estimated PLI noise could give the reader
the idea of extremely low noise power being present in the present database. We would
like to emphasize that the method used for estimating the PLI noise basically consisted
of a notch filter and the subtraction of the filtered signal from the unfiltered signal. This
means that, when no PLI noise is present, an extremely small residual is extracted, and if
the recordings have long PLI-noise-free periods, this will represent and noticeable density
mass in low noise amplitudes. Moreover, this PLI simple estimation method is sensitive
to wide-band artifacts, such as electrode disconnection, saturation, and others. But it
would suffice to include here a quantitative estimation of PLI presence in the recordings
for the present chapter, focused on clinical severity of the noise.

Figure 3.7 shows two signal examples both on the dependence of the estimated PLI
noise with other noise sources, and on the amplitude histogram and the relevance of its
tails when the noise is not present throughout the signal. The difference between a high-
and a low- PLI contaminated segment can be observed in panel (a), where lower noise
is present in the estimated 50 Hz noise in the first half but it is due to artifacts, and
much clearer noise is present in the second half which is due to the actual presence of
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Figure 3.6: Noise bars of all the analyzed noise types for every patient in the EER database:
(a, b) noise clinical severity according to the Gold Standard; (c, d) BW noise component; (e,
f) PLI noise component; and (g, h) SDN noise component. Blank bars indicate those cases in
which the stored EER segments are not continuous in time.
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Figure 3.7: Additional considerations on the estimated PLI noise: (a) Example of EER segment
with high presence of PLI noise; (b) Example of EER segment with all kinds of quantitative
noise.
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50 Hz noise. In panel (b), there is no 50 Hz noise present, so that the estimated PLI
noise exhibits low-amplitude, and in this case the histogram has intense mass density
in very low noise amplitudes. From observing these partial-signal amplitude histograms,
one can note that the significant information in this kind of noise is in the tails, and
that the cleaner the database, the larger the pdf mass will concentrate on extremely low
amplitudes. This is one of the reasons to represent the overall pdf with logarithmic scale
in preceding figures.

Note also that the thresholds that are used in this chapter are not set intending to
be universally established, but instead, we just wanted to show a quantification of the
PLI noise, together with the other noises, and using them in the available recordings
to scrutinize their correspondence with the clinical severity criterion. The use of other
thresholds than the ones herein would be recommended in terms of different applications.
Nevertheless, after noting that there was not much PLI noise in the used recordings, we
analyzed two new cases of EER (labelled here as patients 23 and 27), which were selected
according to a noticeable presence of PLI noise in them. Their noise bars can be seen in
Fig. 3.6, and compared with the other cases, it could be confirmed that the PLI noise
was represented by existing records in the previous dataset.

3.3.4. Considerations on Inter-Observer Variability

Aiming to have some information on the variability of the inter-observer criteria, we
obtained the concordance on the two newly available recordings used in the preceding
subsection. Another author was trained to follow the designed criteria and labelled pa-
tients 23 and 27 according to them. Whereas this represents a posteriori analysis of the
inter-observer variability, it still brought into scene some relevant considerations.

Table 3.2 shows the confusion matrix for the concordance between both labelers (only
for lead 1) in these recordings. We can see that types 3 and 4 are extremely concordant,
whereas types 0 to 2 are less concordant, which is an expectable result, due to the partly
subjective nature of the labelling. Note that the larger differences take place with neighbor
severity types, a fact that was previously observed by other authors. For instance, a
similar observation in [21] was solved by accounting for neighbor classes in the concordance
measurement. We preferred here to stick to the established classification, and note that
the concordance is in general high, as quantified by the Cohen-kappa coefficient [87] of
0.6987. We further note that types 0 and 1 (no noise and low-level noise) could be even put
together in the same class, as they both will yield good quality clinical indices with either
no processing or with very light processing. In this case, and for informative purposes
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Observer 2
Free Low Moderate Hard Others

Free 3.7 1.9 0.0 0.0 0.0
Low 0.3 20.5 0.3 0.0 0.0

Observer 1 Moderate 0.1 6.9 6.9 0.0 0.0
Hard 0.0 0.0 0.0 2.1 0.0

Others 0.0 0.0 0.0 0.0 5.1

Observer 2
Free-Low Moderate Hard Others

Free-Low 26.3 0.3 0.0 0.0
Observer 1 Moderate 7.0 6.9 0.0 0.0

Hard 0.0 0.1 2.1 0.0
Others 0.0 0.0 0.0 5.1

Table 3.2: Confusion matrices, in minutes, for Cohen-kappa coefficient in segments for EER
patients 23 and 27, for the established classification of clinical noise intensity (up) and after
merging classes free and low (type 0 and 1).

only, the confusion matrix would be as seen in the same table when we put together types
0 and 1, and the Cohen-kappa coefficient raises up to 0.72. This last result implies that,
given the cost of the continuous labelling, in combination with the impact that considering
types 0 and 1 separate will have on the measurement, it could be recommended to put
together these two classes from a practical point of view.

3.3.5. Results on the 7-day Holter Case

In the 7-day Holter recording, the following amounts of noise were found (again Ta-
ble3.1): 9 h 42 m 35 s (noise free, 5.76%), 5 d 18 h 54 m 02 s (low noise, 82.4%), 2 h 52
m 35 s (moderate noise, 1.7%), 20 m 52 s (hard noise, 0.2%) and 16 h, 41 m 52 s (other,
9.9%). Differences were observed in the shape of their histograms (again Fig. 3.4. For
instance, there was less PLI noise in the 7-day Holter case (much narrower histogram). In
addition, the BW and SDN distributions, which had their largest probability close to zero
in the ECG, were close to a non-zero mean value in the 7-day Holter. This was checked
to happen because in this single case the noise level often remained at a quasi-constant
level. Even so, the widths of the histograms were qualitatively comparable, although with
lower tail for extreme amplitudes in both types of noise in the Holter case. Nevertheless,
the same thresholds obtained from the EER recordings were used for the 7-day Holter
case, as the former represented a wider population and to avoid overfitting to one single
histogram.

Figure 3.8 shows the noise maps for all the noises for this LTM recording. Comparison
between quantitative noise bars and the Gold Standard shows that we could extract
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Figure 3.8: Example of noise bars for one lead of the 7-day Holter case. Each bar represents 1
hour of recording (total about 170 hours).

morphological parameters and cycle with clinical reliability in virtually all the recording,
except for the black sections, which correspond to disconnections and recharges during
day 7. Comparing with the PLI noise map, the whole record is mostly free of network
noise, as we just saw in the first histogram of Fig. 3.4(b) that in this record there was
hardly any noise of this type.

In the case of BW, noise maps are overall in compliance with the Gold Standard
regarding the low noise level (green), indicating that all the clinical measurements can
be mostly done. Nevertheless, we would discard a good number of sections (in yellow)
of morphological parameters, without need for this. The SDN noise map shows an ex-
tremely changing behavior. It would wrongly mark as valid black regions (as those of
the beginning), and it also would wrongly label as invalid (in red) at least three large
regions without need. Accepting that in this case the BW could be a relatively accept-
able proxy to the Gold Standard, the populational characteristics of the EER recordings
suggest that a wider population in 7-day Holter recordings will exhibit larger dispersion
and discordance, even for BW color bars.

Finally, Fig. 3.9 shows the front-end of our proposed noise maps when used with the
7-day Holter. The first panel shows the noise bars for the entire Holter, and the segments
of different severity according to the Gold Standard are shown in the second panel. A high
presence of low noise in more than 80.0% of the recording (in green) allows to measure
all the clinical measurements, both in morphology and rhythm. The third row with two
plots shows noise bars and their corresponding noise maps to measure the amount of
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Figure 3.9: Noise maps interface of the 7-day Holter recording (lead 1). See text for details.

BW, PLI or SDN components, so that qualitative versus quantitative comparisons can be
performed to show the significance of the ECG clinical distortion. The lower panel shows
the color-labelled ECG segment, which can be navigated on the second row and adjusted
in time length.

3.4. Discussion

In this chapter, attention has been paid to noise quantification with the purpose of
identifying clinically invalid ECG segments, rather than for noisy segments elimination,
in terms of the clinical parameters (morphology, rhythm) that can be reliably measured
on them. For this purpose, we first proposed a four-type criterion of noise clinical sever-
ity. The concept of noise maps has been defined as the representation of the temporal
distribution of the noise proportion with qualitative levels, as well as with other dis-
crete magnitude noise severity levels as assigned for different quantitative types of noise.
Whereas the labelling process has been extremely time-consuming, the proof of concept
shows that the noise maps with the clinical criteria show consistency with time and with
statistical amplitude distributions. Hence, this chapter presents a solid basis, to be ex-
tended in the future for training intelligent systems capable of automatically determining
the noise level severity on a complete ECG recording.

Our proposal is different from other noise descriptions based only on the level of the
SNR estimated by mathematical metrics. When ECG signals are filtered to eliminate
noises components (e.g., low and high frequencies), the ECG morphology-based magni-
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tudes, which are usually useful for detecting cardiac pathologies, could be modified or
distorted by these filters. Most of previous efforts in the ECG noise study domain focus
on the mitigation or removal of the noise in ECG recordings from public databases, e.g.,
MIT and Beth Israel Hospital (BIH) Arrhythmia or Noise Stress Test databases. Differ-
ent from our present research, these databases recordings are not continuously labelled in
terms of their signal quality. In addition, these studies seldom describe a detailed noise
scale classification, but only the usual BW, muscle artifact, PLI, and SDN noise powers
[88, 89, 90, 91], and controlled noise with different SNR values is often added to the ECG
signal [17, 92, 93], or assigned in global terms of acceptable or unacceptable signal for the
ECG quality assessment [83, 94, 95].

To our best knowledge, the concept of noise maps with noise severity criteria has
never been raised. In the scarcity of published evidence to support noise clinical sever-
ity descriptions, methods are mainly designed with the purpose of testing the denoising
algorithms proposed by their authors. For example, the MIT-BIH Arrhythmia Database
was used in [21] to train a SVM classifier to perform quality classification of clean ECG
signals with added noise of 3 different kinds, namely, muscle artifact, BW interference,
and electrode motion, with different SNR levels. Similarly to our work, they identified 4
types of quality level noise (minor, moderate, severe, and extreme). In [96], the cardiol-
ogists manually re-annotated the quality of 1,500 10-second recordings and 25 60-minute
recordings, and they identified three types of noise from an energy point of view, namely,
low-, medium-, and high-energy noise. In [93], six noise corruption levels were established,
from no-noise to noise positive detection, according to ECG amplitudes and slopes in dif-
ferent frequency bands). In [97], authors described a mathematical algorithm for noise
level estimation based on thresholds and comparison with R-waves. None of these stud-
ies scrutinized the statistical and temporal distribution of a clinically established Gold
Standard for the noise severity.

It has been pointed out before that noise components in one application could be
interpreted as ECG signal in others, so that SNR can be an inexact measurement for
clinical quality [98] studies have been published with 24 hour Holter recordings, only
some segments of some few minutes are considered to test different algorithms, and few
detailed noise descriptions can be found [88]. With the recent increase of wireless mobile
wearables and LTM clinical devices, the necessity of analyzing continuous segments is
today even more evident [99] that this is possible from a statistical and time evolution
point of view.



Chapter 4

Beat Detection on LTM Records

4.1. Introduction

This chapter is written according to the previously published works [100, 101, 2] by
our research team in an indexed journal, in an international congress, and in a national
congress.

The main purpose of cardiac monitoring is the detection of cardiac diseases with
transient manifestations or symptoms. The most frequently used device to continuously
record the heart’s rhythm during daily activities is the 24 h Holter, in which patients are
continuously monitored during one day through a series of electrodes attached to the skin
and while performing their daily activities. This procedure can be also carried out during
longer periods, such as seven days, 15 days, or 21 days, thus recording what we refer to as
LTM. In previous research, LTM has been proven to be an important diagnostic tool, since
it can detect several diagnostic indicators that are not always present in shorter monitoring
periods (specially for transient and very infrequent electrocardiographic abnormalities).
For this reason, recent research is increasingly focusing on LTM protocols and systems
[22, 23, 24, 102]. Inside this new scenario, one of the most important challenges is the
extraction of different parameters that can be used to improve the diagnostic accuracy.
Using traditional protocols and signal processing techniques, the massive amount of data
that the clinicians must analyze and validate for each patient represents a time-consuming
challenge. To solve this problem, new protocols and new more advanced signal processing
techniques are required. Beat detection is one of the most relevant ECG processing
techniques because finding the exact location of QRS-complexes (i.e., the signal deflections
corresponding to ventricular depolarization) enables the segmentation of the ECG into
its sub-waves, which is often a basic step for multiple and more complex algorithms

73
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[25]. For this reason, R-detection is usually done in the initial stage before beat-feature
extraction and beat classification [52]. An example of the importance of the correct
heartbeat detection is its application to the study of changes in the heart rate, which is a
key parameter to analyze many heart diseases, such as arrhythmias, and arrhythmic risk
assessment of patients, among others [26].

Therefore, and considering the current situation of the R-peak detection field, the
purpose of this work was twofold. On the one hand, we aimed to determine the scope and
limitations of the R-wave detection algorithms currently available when they are applied
to LTM records. On the other hand, we proposed an accurate and reliable method to be
specifically designed for LTM. In order to achieve these targets, we drove both a qualita-
tive and quantitative study by means of a longitudinal and a transversal analysis. The
longitudinal analysis aimed to identify and analyze the most commonly used processing
blocks in this field, and the results derived from this part of the study enabled the design
of an efficient detection system with the most suitable processing blocks. The transversal
analysis was carried out to overcome the effect of using different databases and given the
dependency of the detector with the dataset used in its original design. This part of the
study provided the clues to correctly refine the parameters of the different elements of the
detection algorithm. The transversal analysis was tackled through comparisons carried
out over several public and own large databases.

As a result, we present here a reliable, robust, and efficient R-wave detector for LTM,
outpacing the existing ones, and benchmarking it simultaneously over a wide range of
databases. To do so, we deeply stress-tested the performance of the most popular pub-
lished methods, not only over the traditional public (and well known) databases, but also
over two trusted and solid new databases of 24 h and 7-day LTM clinical recordings, from
HCUVA at Murcia, Spain. These private databases contain a variety of patient illnesses,
as well as different signal noises, lengths, or recording characteristics, such as sampling
frequency and number of bits per sample. The developed optimal detector consisted of
a new–and–modified PT algorithm based on simultaneous-multilead processing, which
outperformed all the tested methods in terms of efficiency and accuracy.

This chapter is structured as follows. Section 4.2.1 describes the appliances and tools
used for signal registering and processing, and then it elaborates on details for all the
algorithms and databases used for signal processing. Section 4.2.2 includes the different
selected methods, while, in Section 4.3, experiments are applied over our database and
the corresponding results are reported. Finally, Section 4.4 contains the discussion of all
the work carried out.
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Experiment Database Type # ECGs Duration
Longitudinal vPREDICT private 16 24 h

Transversal

MIT-BIH

public

48 30 m
NSTDB 15 30 m
LTSTDB 86 21-24 h
LTAFDB 84 24-25 h

LTMITDB 7 14-22 h
INCART 75 30 m

LTM PREMARIS private 5 7-days

Table 4.1: Duration and number of ECGs used from different databases in this study.

4.2. Materials and Methods

4.2.1. Databases

For testing the algorithms and methods analyzed and designed in this Thesis, several
private and public databases have been used. More precisely, a private 24 h Holter
database that was manually labelled by experts was used to analyze the optimization
of classical algorithms in a high-quality annotated and long-duration set of recordings.
After that, the most popular public labelled databases in the scientific literature were
used to compare our results with those of others, aiming to account here for possible
deviations in the algorithm accuracy due to overfitting to the database used for algorithm
tuning. Finally, we worked with another set of labelled 7-day Holter recordings in order to
adapt the algorithms to a larger time-scale database. To our best knowledge, there is not
a public LTM database manually and beat-by-beat labelled with respect to arrhythmic
events, hence we decided to use again the available recordings from precedent studies,
which had been carefully revised because their research use. Table 4.1 shows a summary
of the names of the databases and their characteristics.

(1) vPREDICT Private Database. The vPREDICT project [103, 104] was designed
to establish data relationships between electric cardiac signals and SCD events using
signal processing-based indices. Given that these recording were assembled for research
purposes, they had been carefully annotated, which made them suitable for quality valida-
tion of ECG signal-processing algorithms. This database contains 24 h Holter recordings
from 122 heart failure patients in 5 different hospitals. For testing the algorithms and
methods in this work, only 16 patients were selected among them, including diverse clin-
ical conditions, namely, two subjects with normal heart function, five with an implanted
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defibrillator, five with AF, and the last five with frequent premature ventricular contrac-
tions. Two different Holter recorders were used, namely, SpiderView former ELA Medical,
and now part of Livanova , and SpiderView Plus (former Sorin Group, and now also part
of Livanova). The acquisition was made with 3 or 5 sensors, yielding the usual two or
three leads in Holter, and the sampling rate was 200 Hz. The electrodes were placed ac-
cording to SpiderView manual, i.e., in the case of 3-electrode configuration, the electrodes
were placed on the sternal manubrium, the xyphoid process and the area of the apex
generating a pseudo-II and V5 leads.

(2) Public Databases. For decades, Physionet has offered online large physiological
collections of signals that have powered the clinical and technical research in many fields.
In this work, and in order to evaluate the generalization of the optimization of classical
algorithms previously used in the vPREDICT database, six open-access labelled ECG
signal databases from Physionet were used:

MIT-BIH. The MIT-BIH Arrhythmia database contains a representative collection
of independently annotated ECG signals, consisting of 48 half hour excerpts of two-
lead 24 h ambulatory ECGs with clinically significant arrhythmias sampled at 360
Hz [105, 106]. We chose this classical database due to its widespread and current
use [107].

NSTDB. The MIT-BIH Noise Stress database includes 12 half-hour ECG record-
ings and three half hour recordings of three types of noise that are more commonly
present in ambulatory monitorization, namely, BW, EMG noise, and motion arti-
fact. Noise data were made using physically active volunteers with standard ECG
recorders, leads, and electrodes, and then adding it to the recordings from the MIT-
BIH [85, 86]. We selected these data for the wide use of its noise components (e.g.,
see [108]).

LTSTDB: The long-term ST database includes 86 Holter recordings of two or three
leads with a duration between 21 and 24 h. This database shows a variety of events
of ST segment changes [86, 109].

LTAFDB: The long-term AF database includes 84 two-lead Holter recordings sam-
pled at 128 Hz with a duration between 24 and 25 h [86, 110].

LTMIT-BIHDB: The long-term MIT-BIH database includes 7 Holter recordings
between 14 and 22 h [86].

INCART : St. Petersburg Institute of Cardiological Technics 12-lead Arrhythmia
database consists of 75 annotated recordings extracted from 32- half-hour Holter
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recordings of coronary artery disease patients sampled at 257 Hz [86]. In order
to compare our Holter recordings with other Holter segments, we chose this data
following other current researchers (e.g., see [111]).

(3) PREMARIS Private Database. This database was manually labelled by experts,
and it has been used in previous research by our group [80, 79]. It includes 84 real cases
of 7-day Holters, in patients suffering from HF and/or left ventricular dysfunction. In
order to evaluate the performance of the previously developed algorithms over real LTM
recordings, five patients with sinus rhythm were selected from the database. Four out
of these five were males. It should be mentioned here that 7-day Holter recordings are
registered during the normal daily life of patients, and so these records included not only
the usual amount of artifacts and noise in standard ECG, but also strong presence of
sensors decoupling and signal losses due to the long exposition. The sampling frequency
was 128 Hz.

4.2.2. R-Wave Detector System

Several types of QRS detector methods have been proposed to date in the literature
and in the commercial systems. The most usual family of algorithms used for 24 h
Holter monitoring is based on waveform analysis principles. These algorithms use signal
processing techniques to reduce noise as well as to emphasize relevant signal elements
through a number of computational strategies. In this work, we scrutinize the performance
of the most commonly used R-wave detector systems applied to 24 h Holter recordings,
and specially how they behave when they are moved towards LTM scenarios. Towards
that end, we present in this section a compiled architecture of the best knowledge in the
literature.

Waveform algorithms applied in literature are generally categorized into two subsets.
The first one incorporates all those methods using multiple leads that are recorded through
parallel acquisition. Examples of these multilead processing techniques are those using
PCA, ICA, or linear discriminant analysis (LDA) [61]. The second subset of algorithms
treats each lead individually, and they apply filters in order to reduce the noise and
enhance the relevant signal components. Examples of this second type include the very
well-known PT, as well as the Hamilton-Tompkins (HT) and the Chouhan methods [54,
112, 113, 114]. Table 4.2 shows the accuracy rates benchmarked over the MIT-BIH of
relevant methods on the literature, such as Continuous Wavelet Transform (CWT) [115],
Short Time Fourier Transform (STFT) [116], Hilbert Transform (HIT) [117], or Hilbert-
Huang Transform (HHT). These reported values should be considered as the standard
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Method
Statistical Measures [%]

Ref.
Sen Spe PPV

PT 99.8 - 99.5 [54]
HT 99.7 - 99.8 [112]

CWT 99.9 - 99.5 [115]
STFT 99.1 99.6 - [116]
HIT 99.8 - 99.8 [117]
HHT 98.9 99.0 - [118]

Table 4.2: Key QRS detection methods and statistical comparison of their performance over
MIT-BIH.

target accuracy also for LTM scenarios, but the methods should also be competitive in
terms of computational cost, considering the dramatically longer signal duration.

Our literature review highlighted the common stages for R-wave detection in commer-
cial algorithms [54, 55, 112, 104, 113, 119]. Roughly speaking, three steps are generally
applied (see Fig. 4.1). First, Signal Preprocessing is usually performed, in which the
signal is adjusted to fit a certain common standard by removing noise, BW, and unde-
sirable artifacts. To do so, different types of filters are applied, such as low-pass, high
pass, and notch filters. In a second stage, usually known as Feature Signal Extraction,
a much stronger and sometimes uncompromisingly processing is performed in order to
isolate the QRS-complexes for their better detection. At this stage, the focal point is to
detect the presence of the QRS-complexes by the creation of a new signal, a so-called
feature signal, where the QRS-complexes are enhanced in order to ease their detection in
the next stage. In the final R-wave Detection stage, the R-waves are situated by using
an adaptive-threshold based on statistical and temporal properties of the feature signal.
Many algorithms are proposed in the literature for this final and critical step, although
the main differences in terms of accuracy and computational cost are found in the Feature
Extraction stage. Here follows a deeper detailed description of each of the stages including
a short description of the methods present in literature, as well as new adapted methods
developed in this work to enhance the performance. The reader should notice that no
exhaustive description or full enumeration of all the reported methods are included in this
work, as over 500 papers are released yearly in this topic, but rather the most relevant and
effective methods are described, implemented, benchmarked, and summarized hereafter.
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Figure 4.1: Main stages of the QRS detection algorithms proposed in this work. The yellow
boxes are inputs/outputs, the blue boxes represent the preprocessing stage, the green boxes
represent the feature signal extraction stage, and the red boxes represent the QRS detection
stage.

4.2.3. Signal Preprocessing Stage

Preprocessing is the first stage of the algorithm, and decisions taken at this point will
impact all the subsequent blocks. In our specific application for LTM, a prior segmentation
process is applied for computational convenience. Segmentation is the process of dividing
the ECG record into smaller segments to be processed efficiently [120, 107, 121], according
to standard computational resources. Although segmentation is not always included or
mentioned in the literature, as it has no impact on standard clinical ECG records of few
seconds, it is of relevant impact in LTM implementations. As a token, the reader should
be aware that a 3-lead signal, sampled at 200 Hz with 15-bit resolution and during 48
consecutive hours, creates a single file of about 100 MB. This file size becomes intractable
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Figure 4.2: Example of the signal preprocessing stage over a segment of 3-lead signal from
vPREDICT database.

when it has to be handled with intensive processing techniques, and commercial devices
do not always have enough resources.

As a part of the standard preprocessing, denoising, BW, and signal detrending are
very well described in literature, and frequently built-in in almost any commercial or
research system. The removal of these undesirable components is generally referred to as
preprocessing, although as we mentioned before it could also include some other signal
accommodation. The most common types of noise present in the ECG methodology
are PLI, other device electromagnetic interference, EMG noise, breathing induction, and
artifacts related to decoupling of sensor interfaces. The relevance of all these possible
elements have a capital impact on LTM due to the unfeasibility to keep the recording
device in a noise-free environment and connected to ground, as the device is portable and
the patient should be running his normal life during the recording period.

Our implementation incorporated the following algorithmic stages: cubic spline de-
trend BW, power line and harmonic notch filtering, a low-pass filter to remove muscle
artifact and other high frequency interferences, and, finally, a filter based on the time-local
variance, which is used to remove the patient-electrode motion artifacts [1]. An example
of the result of this stage is shown in Fig. 4.2.
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4.2.4. Feature Signal Extraction Stage

The next step after preprocessing is Feature Signal Extraction. At this stage, the focus
is not to retain the ECG morphology for diagnostic purposes, but rather to undoubtedly
identify the region where the QRS-complexes are. A number of algorithms have been
proposed that compute the feature signal in many ways. We can classify them all in
two families attending to the way it is being processed. The first family could be called
Matrix Methods. These methods leverage on the multiple available leads to enhance
the QRS by applying very well-known multichannel processing techniques, such as PCA
and ICA [122, 123, 124, 125, 126, 127]. The second family could be generally named as
Digital Filtering methods, and it includes PT, RMS, and combinational methods. All the
methods in this family share the use of filtering techniques to enhance the QRS against
the rest of the elements present in the ECG signal.

PCA is one of the most relevant Matrix Methods since it was first introduced [128],
and it consists of a multivariate linear conversion that transforms the original signals into a
new coordinate system where signals are orthogonal. This transformation may eventually
highlight relevant elements, as the QRS, in one of the output signals if the input signals
incorporated different projections of these elements. As a result, this processing could
reduce both noise and data dimensionality, selecting only the output signals with relevant
information. PCA is often used in a number of denoising processes, and it has also shown
to be appropriate for multilead Holter recording analysis, where different noise sources
distort the measured signal. To perform this processing, the covariance matrix of available
leads is calculated, as well as its eigenvectors. As a second step, a transformation is
applied ensuring orthogonality, and the output new signals are sorted according to their
eigenvalues, which ensures to retain the largest variance components. The eigenvector
associated with the largest eigenvalue corresponds to the largest explained variance from
the decomposition [129], which usually makes the projection of all the leads onto that
direction the most suitable to be used as a feature signal for this stage. Once it has been
obtained, it is often squared to highlight the R-peak magnitude, which usually enables an
enhancement on its presence.

The second technique applied under the Matrix Methods is the ICA, which also allows
us to represent a set of signals as a combination of statistically independent components.
Its main purpose is the extraction of signals from a signal mixture model created under
unknown conditions. This situation mirrors and matches the real fact of the different
projections of the QRS in multiple lead signals. In order to apply this technique, the
signals must meet certain conditions, namely, the original signals are assumed to be
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Figure 4.3: Computed feature signals for each proposed method. The upper four panels show
the feature signal for the next methods: ICA, PCA, PT, and RMS. In the lower panel, the
feature signals from the combinational methods are presented.
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independent among them, and they follow a non-Gaussian distribution. Different from
PCA, it is not clear which component is more relevant than another in ICA [130], and
in this work we used the heuristically accepted approach of sorting the relevance of the
projection directions with the descending kurtosis of the projected output.

Entering now in the Digital Filtering methods, the PT algorithm [54] designed to
provide QRS complex detection in real time is widely used, and it may be the most
benchmarked method of all the ones reported in the literature. This method works on a
single lead, and in the case of having more than one lead, the one with lowest noise content
is selected. The signal is then filtered, first with a narrow-band-pass filter, and then with a
derivative, which emphasizes the QRS segment. The resulting signal is squared to boost
the amplitude of R-peaks, and a mean filter is applied with a sliding window in order
to integrate the signal. Finally, the R-peak detection is done with the application of a
threshold over the amplitude of the before computed signal. Two main drawbacks of
this PT algorithm method should be mentioned. First, the initial selection of the less-
noisy lead is crucial, having a relevant impact on final results, and, second, the threshold
selection is not always direct or evident, and it has noticeable effects on the final results.

To improve the observed disadvantages involving the PT detector, especially the first
one, we proposed and developed a set of new algorithms based on this very well-known
method. We describe and present here only that provided better results. One of them is
the RMS method, which creates a ready-for-thresholding feature signal from a multi-lead
Holter recording by just combining all the leads as follows:

yc[n] =

√√√√ L∑
l=1

x2
f [n, li], (4.1)

where yc[n] is the feature signal, xf [n, li] is the ith lead of the pre-processed signal filtered
with the PT derivative-filter, and L is the number of leads.

Another implemented variation consisted on applying PT derivative-filter to each lead
and the result is mixed using the following combinational lead approach:

yc[n, li] = xf [n, li]

√√√√√ L∏
j=1,i 6=j

xf [n, lj]. (4.2)

This last implementation of a combinational method consists of the evaluation of the
feature signal for R-peak detection on each lead and to jointly assess the detection based
on a certain algorithm applied to all of them simultaneously. Four different possibilities
were calculated and benchmarked. The first one is called the And method, in which all the
detection vectors are combined by using the and logical function. The second one is called
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Figure 4.4: Thresholding process and peak detection for each proposed method. Panel one
shows the feature signal, the threshold, and the peaks detected for the next methods, ICA,
PCA, PT, and RMS. In panel two, the feature signal, the threshold, and the peaks detected for
the combinational methods are presented. The yellow crosses shown the real peak presented in
the signal, and the red circles shown the peak detected by each method.



4.3. EXPERIMENT AND RESULTS 85

the polling (Poll) combination, and, in this method, if a peak is detected in the majority
of the leads, then it is tagged as a valid peak. The third one is called simple coupling
(SC), and it is based on the And method, but to report an R-peak as valid, it must be
present in at least two leads. The last one is known as Or, and all the detected R-peaks
are combined by the use of the or logical function. As the physical location of the R-peak
may differ slightly among leads, a tolerance window is implemented around the peaks
as far these combinational methods are concerned. Maximum tolerance was set to 10ms
based on the clinical knowledge and empirical review. Additionally, a refractory period
for R-peak detection was set in order to avoid artifact detection and other prominent false
positive detections, such as prominent T-peaks.

Figure 4.3 shows the different feature signals computed for each method presented in
this work using the signal shown in Fig. 4.2.

4.2.5. R-Wave Detection Stage

This subsection describes the method followed to finally locate the R-peak in the
ECG previously determined region. We implemented a thresholding method as usual in
the literature [55, 104, 119, 113]. The threshold is defined as α · y + β · std(y), where y
is the feature signal that was calculated according to the methods seen before, and it is
applied to a widen by 75 ms of the preselected QRS segment.

Once all the segments that contain an R-wave are determined, the detection is car-
ried out using an algorithm with two steps. First, we implemented a coarse detection
stage where the algorithm searches the maximums of each of the previous regions candi-
dates. This allows for a specific detection of the R-waves using the following equation:
Prepeak(r) = max(| (xf [r, l]) |), where r refers to the previously calculated segments
and xf [r, li] stands for the ith lead of featured signal computed before. Second, we im-
plemented a fine detection stage, where the algorithm looks for the maximum value in a
window centered in each pre-detected peak over a softer filtered version of the initial input
signal. In Fig. 4.4, an example of peak detection for each proposed method is shown.

4.3. Experiment and Results

The algorithms presented in the previous section need to be tuned by setting differ-
ent parameters in order to maximize their performance. This section is divided into three
subsections. The first subsection corresponds to the so-called Longitudinal Optimization
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and includes the free-parameter optimization on the private database vPREDICT. The
results of this step allow the best present algorithm to be used here and after. In the
second subsection, so-called Transversal Optimization, the knowledge acquired in the pre-
vious section is applied to different public databases from the Physionet repository. This
application provides a three-fold outcome. First, it allows us to check the performance
versus different databases and to make the model independent from the used database.
Additionally, it allows us to benchmark versus well known databases, and improve the
performance over a second parameter adjustment. The last subsection, described as LTM
Application, extends the resulting algorithm over our LTM database and evaluates the dif-
ferent inaccuracies arising in the significant different environment of 24 h to 7-day Holter
monitoring.

The throughput analysis of the system relies on the statistics of detections achieved
by the algorithm, which can be either correct or incorrect. The study of detections only
provides information about the ability of detecting R waves, but it tells nothing about
the failures to detect QRS-complexes. For this reason, the statistic of the non-detected
events must also be incorporated. Regarding detections, a correct match of the algorithm
is a detection that falls within the range of a short interval around an annotated QRS,
which is referred to as a true positive (TP ). Conversely, a wrong detection is a detected
QRS complex that is not corresponding to an actual one; in this case, the detected event
is labelled to be a false positive (FP ) detection. Regarding the non-detected events,
the failure to detect a QRS stands for a wrong non-detection that is labelled as a false
negative (FN). However, the non-detection of any event between consecutive R waves,
i.e., no FPs in between two QRS-complexes, stands for a correct match of the algorithm,
and it is then classified to as a true negative (TN). The benchmark comparison is then
performed using the classical figures of merit, namely, Sensitivity (Sen), Specificity (Spe),
Positive Predictive Value (PPV), Accuracy (Acc), and Error. The interpretation of this
parameters is extensively described in the literature [131] and they are calculated as
follows:

Sen = TP

TP + FN
, (4.3)

PPV = TP

TP + FP
, (4.4)

Spe = TN

TN + FP
, (4.5)

Acc = TP + TN

Nbeats

, (4.6)

Error = FP + FN

Nbeats

. (4.7)
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Figure 4.5: Mean detection errors and processing times for different segment lengths in the
proposed algorithms.

In summary, we should mention at this point that standard definition of Spe requires
the existence of True Negatives, and, for benchmarking purposes, we have slightly re-
defined this very well-known statistic as mentioned for the R-wave detection setting.
Thus, the results of Spe should be considered with caution as this new parameter does
not reflect exactly the standard definition in other environments.

4.3.1. Longitudinal Optimization

LTM presents two main differences compared with standard ECG records. One of
them is its higher relevance as a consequence of the uncontrolled environment in contrast
to ambulatory ECG recordings. Another difference is the time length of LTM recordings
compared with usual ambulatory recordings. This can have a twofold impact because it
is possible to implement techniques that take advantage of the record length in order to
improve the processing, for instance by statistical denoising through averaging, but also
digital processing may collapse the existing commercial devices. In order to approach
this second aspect, the first part of this subsection evaluates the required Segmentation
Optimization for processing feasibility. Additionally, a Threshold Optimization process is
included to set the minimum size of the most accurate level of peak detection that should
be considered in the subsequent processing steps.

Segmentation Optimization. As described before, segmentation is a relevant part
of any R-wave detection algorithm, as a suboptimal election of the segment length can
cause a heavy computational load and make the algorithm unsuitable for LTM scenarios.
For that reason, the aim of this first experiment was to determine the adequate segment
length that achieves the minimum processing time.
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Figure 4.6: Estimated computational complexity in terms of the number of operations per
recording and of its duration (from 1 to 31 days), and for different number of leads. The dark
blue line represents the number of operations of a complete single-lead signal, and the others
show different lead configurations when including the segmentation stage.

Method Processing Time (s) Error (%) Segment Length (s)
Poll 0.06 4.1 300
Or 0.06 4.7 300

And 0.06 4.1 300
SC 0.06 3.9 300
ICA 0.15 26.5 7200
PCA 0.06 7.3 300
PT 0.06 12.0 300

RMS 0.06 5.0 300

Table 4.3: Optimal segment lengths, processing time per segment, and detection error for each
proposed method in vPREDICT database.
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Method Alpha Beta Error (%)
Poll 2.21 0.50 3.9
Or 3.9 0.50 4.5

And 2.21 0.50 3.9
SC 2.79 0.50 8.4
ICA 0.50 1.00 47.1
PCA 2.21 0.50 5.9
PT 1.64 0.50 27.8

RMS 0.50 2.00 4.7

Table 4.4: Merit figures using the optimal threshold for each method proposed in the vPRE-
DICT database.

For this objective, a subset of the vPREDICT database was selected and an intensive
analysis from 1 min to 24 h segments on 5 min steps was performed. As shown in the upper
panel of Fig. 4.5, all the algorithms exhibited similar behavior in terms of processing time,
except for ICA being instable in short segments and divergent above 8 h segments. The
errors shown in the lower panel showed a stable performance over the segment lengths,
except for PT and ICA, where errors were much higher than in the other methods. In
ICA, the performance enhancement was directly related to the segment length, while
PT showed the opposite behavior. The best segment lengths and the results for each
method are shown in Table 4.3. Our segmentation approach allowed us to reduce the
computational complexity of the problem. Our algorithm is based on the conventional
PT algorithms, and it uses the squared-sample operation to build the feature signal. For
this reason, the PT complexity has an order of magnitude about n2, where n is the
number of samples of the whole signal. The use of segmentation reduces the complexity
to about S · n2

seg, where S is the number of segments, and nseg is the number of samples
in a single segment. Figure 4.6 shows the computational complexity in terms of the
number of operations carried out. We compared the following scenarios: (i) our modified
PT algorithm applied to one single lead without any segmentation processing, meaning
that the application was applied to the whole signal; (ii) in all of the other analysis, our
modified PT was applied to various leads simultaneously and including also segmentation.
It was proven earlier that segmentation enhanced the computational performance.

Threshold Optimization. The aim of the next experiment was to tune the R-wave
detection threshold. In order to obtain the best threshold for each proposed algorithm,
we implemented a K-fold cross-validation with K = 4. The results of this experiment are
shown in Table 4.4 for each proposed method, showing that the algorithms with lower
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vPREDICT Sen Spe PPV Acc Error
Mean ± std 99.3 ± 1.0 95.8 ± 3.8 97.0 ± 2.9 97.7 ± 2.1 3.8 ± 3.6

95% CI [96.5, 100.0] [88.3, 100.0] [91.3, 100.0] [93.5, 100.0] [0.0, 10.6]
MIT-BIH
Mean ± std 99.0 ± 3.0 99.6 ± 1.5 99.7 ± 1.3 99.2 ± 2.1 1.3 ± 3.4

95% CI [82.4, 100.0] [89.87, 100.00] [90.9, 100.0] [88.9, 100.00] [0.0, 12.3]

Table 4.5: R-wave results on 24 h Holter recordings from vPREDICT and MIT-BIH databases.

detection errors are Poll and And. We selected the Polling method because it was the
best algorithm in terms of error and processing time.

Optimal R-peak Detection Method. According to previous experiments, the
Polling method outperformed all the other implemented ones. Its standouts in terms
of computational time, as well as in detection accuracy. The selected algorithm, over
vPREDICT and MIT-BIH, presented quite similar results in both cases and in line with
algorithms in the literature, as it can be observed in Table 4.5.

4.3.2. Transversal Optimization

In this subsection, we checked the method independence from the database used
during the tuning process. To do so, we first tested on the MIT-BIH, and after that on
the rest of available databases.

For better performance and model optimization, some empirically found improve-
ments were applied, which are summarized next: (1) The low-pass-filter cut-off frequency
was set to 25 Hz; (2) The refractory period was adjusted according to empirical findings;
And (3) the amplitude threshold was set to be updated every three seconds for a closer
signal follow-up. These updates required a new K-fold cross-validation process, which
was applied to MIT-BIH, and it was established K = 12. The results were now α = 3
and β = 0.5, and the averaged error was 0.9%.

In Fig. 4.7, the improvements can be scrutinized on several examples. The first two
plots depict leads one and two for record 100. In these panels, the reader can see clearly
how the new processing is able to closer follow the signal evolution, so that the detection
is possible even in the second lead, where it is found a relevant difference on the level
of the signal form one beat to another. The following four panels also show the same
concept, but now overprinted at two intermediate feature signals, without applying the
last-mentioned improvements (left) and after applying it (right). Table 4.6 details these
improved results on a per-patient basis.
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Figure 4.7: Comparison between the non-optimized and the optimized algorithm in record 100.
The two upper panels depict leads 1 and 2. The four lower panels depict the feature signals for
both leads.
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MIT-BIH
Record Sen Spe PPV Acc Error

100 99.91 100,0 100,0 99.96 0.09
101 99.89 99.87 99.89 99.88 0.21
102 99.95 100,0 100,0 99.98 0.05
103 98.61 99.68 99.9 98.85 1.49
104 99.78 99.79 99.82 99.78 0.4
105 98.64 97.05 98.95 98.16 2.41
106 99.56 99.75 99.85 99.62 0.59
107 99.91 99.95 99.95 99.93 0.14
108 99.49 98.76 99.21 99.05 1.3
109 99.76 100,0 100,0 99.88 0.24
111 99.86 100,0 100,0 99.93 0.14
112 100,0 100,0 100,0 100,0 0,0
113 99.94 100,0 100,0 99.97 0.06
114 99.84 100,0 100,0 99.92 0.16
115 99.69 99.46 99.95 99.67 0.36
116 99.59 99.9 99.92 99.72 0.5
117 99.93 100,0 100,0 99.97 0.07
118 99.96 100,0 100,0 99.98 0.04
119 99.95 99.3 99.95 99.91 0.1
121 100,0 100,0 100,0 100,0 0,0
122 99.96 100,0 100,0 99.98 0.04
123 99.93 100,0 100,0 99.97 0.07
124 99.94 100,0 100,0 99.97 0.06
200 95.42 98.94 99.2 96.88 5.34
201 99.49 100,0 100,0 99.75 0.51
202 99.95 100,0 100,0 99.98 0.05
203 99.26 99.66 99.8 99.41 0.94
205 99.32 100,0 100,0 99.66 0.68
207 99.68 88.89 90.26 94.19 11.08
208 90.66 99.37 99.74 92.96 9.58
209 99.7 99.32 99.93 99.67 0.37
210 99.62 99.92 99.96 99.72 0.42
212 99.78 99.89 99.96 99.81 0.25
213 99.88 100,0 100,0 99.94 0.12
214 99.82 99.94 99.96 99.87 0.22
215 99.97 100,0 100,0 99.99 0.03
217 99.82 100,0 100,0 99.91 0.18
219 99.91 100,0 100,0 99.95 0.09
220 99.95 100,0 100,0 99.98 0.05
221 99.96 100,0 100,0 99.98 0.04
222 99.88 100,0 100,0 99.94 0.12
223 99.58 100,0 100,0 99.79 0.42
228 99.81 99.83 99.95 99.81 0.24
230 99.96 100,0 100,0 99.98 0.04
231 99.94 100,0 100,0 99.97 0.06
232 99.78 98.55 99.16 99.28 1.07
233 99.68 100,0 100,0 99.84 0.32
234 99.93 100,0 100,0 99.96 0.07

Mean [CI low-CI high] 99.5 [90.7-100.0] 99.5 [88.9-100.0] 99.7 [90.3-100.0] 99.5 [93.0-100.0 0.9 [0.0-9.6]

Table 4.6: Results of the transversal-optimized algorithm using the complete MIT-BIH.
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Record Sen Spe PPV Acc Error
118e00 94.56 82.89 89.75 89.61 16.24
118e6 98.29 95.88 97.77 97.29 3.95
118e12 99.74 99.78 99.87 99.72 0.4
118e18 99.96 100,0 100,0 99.98 0.04
118e24 99.96 100,0 100,0 99.98 0.04
118e-6 84.64 75.62 83.14 80.19 32.53
119e00 96.02 81.86 88.7 89.92 16.21
119e06 99.45 95.38 97.34 97.82 3.27
119e12 99.95 98.88 99.9 99.86 0.15
119e18 99.95 99.3 99.95 99.91 0.1
119e24 99.95 99.3 99.95 99.91 0.1
119e-6 89.28 71.09 80.2 80.76 32.76

Table 4.7: Results of the transversal-optimized algorithm using the NSTDB.

Database Sen Mean [CI low-CI high] Spe Mean [CI low-CI high] PPV Mean [CI low-CI high] Acc Mean [CI low-CI high] Error Mean [CI low-CI high]
vPREDICT 99.6 [98.4-100.0] 95.6 [87.5-100.0] 96.9 [90.6-100.0] 97.8 [93.58-99.98] 3.8 [0.0-10.6]

LTAFDB 98.9 [91.1-100.0] 96.4 [81.0-100.0] 97.6 [88.7-100.0] 97.7 [91.0-99.9] 3.7 [0.1-12.9]
LTSTDB 99.9 [99.2-100.0] 99.8 [97.5-100.0] 99.87 [98.74-100.0] 99.8 [98.5-100.0] 0.3 [0.00-1.97]

LTMITDB 99.7 [98.9-100.0] 98.5 [96.6-100.0] 99.0 [97.6-100.0] 99.2 [98.3-100.0] 1.3 [0.0-2.9]
INCART 99.4 [95.3-100.0] 99.6 [96.6-100.0] 99.8 [98.0-100.0] 99.5 [96.9-100.0] 0.9 [0-4.9]

Table 4.8: Results of the transversal-optimized algorithm using non-LTM databases.

For testing purposes, the algorithm was also applied to the other databases described
earlier, namely, NSTDB, LTSTDB, LTAFDB, LTMITDB, INCART, and vPREDICT. As
an example of the resulting performance, Table 4.7 shows the outcome for the NSTDB.
The high-performance values obtained show that the algorithm is robust against strong
noise. Table 4.8 additionally summarizes the behavior on all the non-LTM databases
used in this Thesis. It is remarkable that the algorithm settings cope well with all the
databases simultaneously, making it a valid algorithm to use in clinical environments,
since it has proven its efficacy in this wide variety of cases.

4.3.3. Application to LTM Recordings

After the algorithm has been designed, tuned, and proven accurate over a number
of short-term databases, we finally evaluated its behavior in LTM recordings. To do so,
the PREMARIS database was used. PREMARIS contains a set of 84 archives of 7-day
recordings from patients suffering of HF with left ventricular dysfunction. The details of
this database have been introduced previously in the literature [80]. The computational
cost of computing over half a million beats on each record suggested to evaluate a sub-
sample of five records of this database. Table 4.9 summarizes the results over these LTM
records. The first finding is a higher number of errors compared with the 24 h recording
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Patient Sen Spe PPV Acc Error
1 99.3 91.0 93.5 95.5 7.7
2 99.4 88.3 91.0 94.1 11.1
3 99.9 95.3 96.6 97.8 3.7
4 99.9 96.3 97.2 98.3 3.0
5 100.0 98.7 99.1 99.4 0.9

Mean [CI low-CI high] 99.7 [99.4-100.0] 93.97 [90.3-97.6] 99.1 [92.7-98.3] 99.4 [95.1-98.9] 5.3 [1.7-8.8]

Table 4.9: Results of the optimized algorithm on 7-day Holter database PREMARIS.

signals in absolute terms. The reason for this could be found in the difficulties for the
user to keep the same care level about the system over the seven days, hence inducing
higher noise and probably worst electrodes contact.

In order to explore this speculation, the detection error evolution was plotted as a
function of time for all the cases, which allowed a visual representation of the possible
errors produced throughout the days of the test. As seen in Fig. 4.8, upper panel, the
evolution of the detection errors shows a clear increase in many cases about the middle
of the test (days 3 to 5), and a reduction in less proportion when approaching to its end
(days 6 to 7). Partial or complete disconnection of the electrodes were the main causes
of error, which is related either to incorrect positioning after disconnection, or to daily
physical activity of the patient. Any of these situations debuts in an increase of noise
levels in the signal. An example of this is shown in the same figure, in the middle and
lower panels.

As previously stated, one of the main purposes of this study was to scrutinize what are
the main issues in R-wave detector when applied to LTM. Hence, we manually analyzed
the first 500 errors from the worst day in terms of detection errors for each patient, and
we classified them as shown in Table 4.10. On the one hand, those beats that were
not detected by the commercial algorithm, but were correctly detected by the proposed
algorithm, are referred to as Holter miss-detection. Inside this group, we split them into
two separate groups, namely, those corresponding to a Single beat or those included in a
Burst of detection errors. On the other hand, those detection errors that were generated
by our final algorithm are categorized under the name Algorithm errors, regardless they
are FP or FN. As an informative type of identified errors, we included those ones that were
not detected either by the commercial software or by our algorithm, and they were called
Shared errors. The reader can check in Table 4.10 that about 90% of error detections did
not correspond to real errors of the presented algorithm. In addition, within the last 10%
of detection errors, up to 5% corresponded to effective errors of the introduced algorithm,
and the other 5% corresponded to beats that none of the methods were able to detect.
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Figure 4.8: Evolution of the detection error for each LTM patient across the test duration (a),
and examples of noise types present in 7-day Holter recordings (b) and (c).
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Holter Miss-Detections Algorithm Errors Shared Errors
Patient Analyzed Segments (h) Burst Single Beat FP FN

1 4.23 217 233 25 15 10
2 3.5 449 17 10 10 14
3 2.54 59 335 19 18 69
4 5.32 118 342 2 13 25
5 7.52 37 462 0 1 0

Table 4.10: Results of analyzing the first 500 errors in the worst day of the LTM recordings in
PREMARIS database.

Figure 4.9 illustrates some examples of error detections in the commercial software, and
Fig. 4.10 shows additional examples of error detections by the newly introduced algorithm.

4.4. Discussion

A number of methods and algorithms have been reported in literature for R-wave
detection in ECG recordings. A subset including the most relevant R-wave detectors in the
literature, as well as new ones based on multilead processing and specially devoted to LTM
records, have been proposed, developed, and benchmarked in the present chapter. LTM
algorithms have specific requirements when compared to standard ECG for two reasons.
First, the signal processing needs to be extremely efficient to cope with extremely long
records (over half a million beats in 7-day recordings), and also it should be simple enough
to run on commercial hardware. Second, a much deeper and precise analysis is necessary
to extract a clean R-wave, as the signals recorded in LTM incorporate a significantly
higher content on noise and other artifacts. A reason for this much worse signal quality
is that the recording is not performed in an ambulatory environment. However, even
more, the extension over one week or more in LTM, it unfailingly does not facilitate the
attention that the patient can make of the system and the electrodes, this becoming an
uncomfortable element as the duration extends.

In order to work under these circumstances, an innovative algorithm has been pro-
posed in this Thesis to handle this new singular environment of LTM, which was compared
with the most promising published methods in literature, both over public and private
databases. To check its performance in LTM environments, a gold standard database has
been labelled by experts and clinicians who manually evaluated two sets of 24 h and 7-day
Holter recordings. As a result, not only the designed algorithm improves the detection,
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Figure 4.9: Example of single beat miss-detection in conventional LTM Holter. The panels in
the first-row show leads 1 and 2 for an example of Holter miss-detection, the second row shows
the feature signal for the leads plotted before. The last four panels follow the same scheme for
other Holter miss-detection examples.
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Figure 4.10: Example of beat miss-detection in proposed algorithm on 7-day Holter recording.
The panels in the first-row show leads 1 and 2 for an example of algorithm miss-detection, the
second row shows the feature signal for the leads plotted before. The last four panels follow the
same scheme for other algorithm miss-detection examples.
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but also it incorporates relevant efficient noise removal that can be considered for other
Holter and ECG recording types, and not only to LTM.

In order to justify the good behavior of the polling strategy, we can argue that, as
a voting strategy itself, and from the statistical point of view, it can be assimilated to
median modeling in statistical biological processes. Thus, in our problem, and as in many
biological processes where results are better characterized by using a figure of merit that is
resilient to single-errors or outliers, the pooling method offers a solid tool to better detect
QRS in multilead ECG recordings, as it is ready to overcome singularities, impulsive noise,
and other effects that may apply due to the more than frequent uncoupling of electrodes
in LTM.

Not all of the categories of proposed ECG analysis algorithms are presented in this
chapter. We only considered those with higher prevalence in the literature, and espe-
cially those included on articles dealing with R-wave detection. Other families have not
been considered here because they seem not to match with the specific LTM criteria,
specially the computational efficiency. As an example, time-frequency analysis methods
offer a versatile representation in both the frequency and time domains, by varying the
scaled parameters according to global and local signal features, as in the case of detectors
based on CWT [115], discrete wavelet transform [132], STFT [116], HIT [117], or HHT
and EMD [118]. The adaptation ability of these methods demands high computational
requirements, which currently precludes their use in LTM scenarios. Methods based on
advanced statistical and multivariate analysis, like ANN, offer high adaptability, but they
also demand extended processing time for training. In the field of ECG signal processing,
ANN have been proposed as adaptive preprocessing stages [121], R-peak detectors [133],
and commonly as classifiers of the detected and segmented QRS-complexes [134]. ANN-
based detectors deal with ECG signal prediction and examination error; therefore, their
extension to LTM scenarios remains to be efficiently formulated.

Two major issues require attention from researchers when analyzing R-wave detection
algorithms. First, the never-ending and growing list of proposed methods in literature
almost discourages any attempt to check them all. Second, the difficulty to be able to
compare the results as the coding is not described deeply enough in papers, and databases
are not always available or shared. This situation is even more complex, as when it comes
to LTM cardiac recordings, we are still lacking from a standard and shared framework
for comparison. For that reason, in this Thesis, we first addressed a Longitudinal Op-
timization, which allowed to benchmark, tune, and improve the best available waveform
algorithms in the literature for non-LTM. After that, a modified and multilead R-wave
detection algorithm based on PT was proposed with a suitable segmentation and using
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the complete, and Polling-function combined, content present in all of the available leads.
As a consequence, significant improvements were found in terms of accuracy and com-
putational efficiency. In order to get a Transversal Optimization, further analysis and
comparisons over public databases were performed to validate and ensure the results’
independence from the tuning databases, sampling frequency, or any other over-fitting ef-
fect. Hence, we proved that it is possible to implement an accurate and efficient method,
with low computational cost, valid for LTM and suitable for its clinical use. Our 7-day
Holter recordings on previous research have been found to be useful in HF patients for
the detection of non-sustained atrial or ventricular arrhythmias [79], for the evaluation
of heart rate turbulence [135], and for the assessment of autonomic parameters obtained
from HRV analysis [80].



Chapter 5

Comprising the ECG Fragmented Activity

5.1. Introduction

This chapter is written according to the previously published work [3] by our research
team in an indexed journal.

As it seen in Chapter 2, the ECG is a clinical test used to record the myocardial
electrical activity. In healthy subjects, this activation is homogeneous, and it does not
present abrupt changes generating clear deflections in the ECG. In some diseases the ECG
homogeneity is broken, and this is reflected as abrupt changes in the myocardial electric
activation, it generate the apparition of additional peaks and notches in the ECG, this
condition is known as fragmentation.

One of the causes of this phenomena is fibrosis, which is characterized by apparition
of non-conductive tissue zones dispersed in healthy myocardial the tissue, so that these
non-conductive zones break the homogeneous conduction. The fibrosis is an unspecific
tissue response, which is shared by a number of illness, such as: Ischemic cardiopathy;
Dilated, hypertrophic, or restrictive cardiomyopathy; Or heart failure [136, 137, 138, 30].
The effects of fibrosis can be divided in two groups: Mechanical, in which fibrosis increases
the myocardial rigidity difficulties the diastole; And electrical, because the dispersion of
non-conductive tissue aids the appaerance of reentry arrhythmias, which are potentially
serious and are related with the sudden death. The fibrosis diagnoses is performed by
pathological anatomy, which requires the extraction of tissue fragment to analyze. In
clinical practice, this detection is carried by the use of magnetic resonance image with
late gadolinium enhanced (MRI-LGE), but this technique is expensive and cannot be
performed in all the cases.

101
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The potential relation between the fibrosis and the fragmentation presented in the
ECG suggest searching for fragmentation markers in it, as it would represent a cheaper
and faster technique than MRI-LGE. Nevertheless, the fragmentation detection by clini-
cians presents some drawbacks, as the different definitions presented by the fragmentation
literature, and the high inter-observer variability, due to the fragmentation magnitude is
low and it can be masked by noise. Therefore, the main goal of this study is to elaborate,
and if possible to propose, a multilead transformation of the ECG that effectively con-
solidates the existing fragmentation components into one, or into a minimum number of
leads, where this information is enhanced for clinical inspection or for further processing,
and eventually to suggest a specific pathology index detection. To do so, we propose
the use of multivariate techniques, such as PCA and ICA, which can allow us to decom-
pose the ECG in different sub-signals as a new approach to the fragmentation detection.
Although, some few works have been recently published in this field [139, 140], the strat-
egy proposed in those papers mainly focus on standard morphological analysis, after a
previous denoising process, but this kind of approach presents a critical drawback.

As fragmentation is revealed in the ECG as a high frequency noise, a significant part
of its expression is filtered out by standard and conventional high-frequency filtering. In
other words, it is especially thoughtful in these analysis the fact that high-frequency noise
filtering could have undesired effects on the fragmentation components as they may (or at
least partially) share the same spectrum. But of course, if no denoising is performed, high-
frequency noise might hinder the extraction of the fragmentation itself. So, traditional
approaches will always require a choice between soft-filtering to prevent cancelling of
fragmentation effect but keeping the noise, or a much harder filtering that might remove
part of the fragmentation. In our work, and with the aim of not damaging the target-
components, we propose a statistical filtering by properly averaging specific consecutive
beats. This technique allows us to statistically eliminate random noise, without damaging
the relevant part of the fragmentation present in high frequencies. We used records
from patient suffering HMC diagnosed by MRI-LGE, due to this disease is highly related
with the risk of suffer sudden death. This illness is characterized by the increase of the
heart wall thickness (hypertrophy) in the absence of extramyocardical causes such as
hypertension or valvopathies.

This chapter is structured as follows. In Section 5.2, the used databases are de-
scribed, as well as the methods and techniques used throughout the experiments. Section
5.3 presents the results of the experiments carried out, both with the subrogated models
and with the real diagnosed records. The mentioned section presents in detail the followed
process, which incorporates novel work in terms of morphological and physiological anal-
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ysis, to ensure the coherence of the finally validated model. Finally, Section 5.4 presents
the conclusions of this work,

5.2. Materials and Methods

This section is divided in three main parts. We firstly presented the used databased
and we focused on the subrogated model, a set of signals manually fragmented that we
used to modeling our algorithm. In second part, the preprocessing stage from the pro-
posed algorithm is presented. Finally, the used multivariate transformations are shortly
explained, and its peculiarities are presented.

5.2.1. Database and Subrogated Model

In this work, two patient databases are presented and used. The first one, called
fragmented hypertrophic cardiomyopathy (FHCM) database, is compounded by 80 stan-
dard twelve-lead ECG records which were collected, analyzed, and diagnosed by expert
clinicians in our group from HCUVA at Murcia, Spain. These records were selected from
a larger database compounded by 225 patients with standard twelve-lead ECG records,
and we selected those ones which were in electronic format. The demographic data of
the complete database were 47.0± 15.9 years and men–to–women ratio of 152/73. These
ECG were recorded with GE-MAC 5000 system from General ElectricTM, at 500 Hz sam-
pling rate and 4.88 µV resolution. An example of fragmented ECG and non-fragmented
ECG in FHCM database can be seen in Figs. 5.1.a and 5.1.b, respectively. The second
database, called Control database, is compounded of the first 200 records from a database
of 418 standard twelve-lead ECG from students of Universidad Católica de Murcia, where
the demographic data of the complete database were 23.1±4.3 years and men–to–women
ratio was 314/104. These ECGs were recorded with ELI 350 system from MortaraTM and
digitized at 1000 Hz sampling rate and 2.5 µV resolution. An example of control ECG
can be seen in Fig. 5.1.c.

In addition to the before described databases, in this work we developed a new set
of signals, so-called subrogate modeled signals, which comprise the control records after
their artificial modification by adding a synthetic fragmented-wave component. This
fragmented wave was added randomly in terms of number of the leads affected and of the
time-slot in the QRS complex where it was located. The function used for the fragmented-
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Figure 5.1: Example for each type of used register in this work. (a) Example of a beat without
fragmentation. (b) Example of a fragmented beat. (c) Example of a beat from control patient.
(d) Example of a synthetically fragmented beat.

wave component follows the expression of a simple sinusoid, as follows,

F (t) = A · sin
(
πnt

w

)
(5.1)

where A is a random number between 1% and 30% of the main peak amplitude, t is
the time vector an its values going from 0 to 2w, w is a random number between 4 ms
and 24 ms that represents the fragmentation duration, and n represents the number of
semi-cycles of the sinusoid. An example of synthetically fragmented ECG can be seen in
Fig. 5.1.d.

5.2.2. ECG Preprocessing

The signal settlement process included three different processes as well: (i) Starting
with a low–order band-pass filtering from 0.5 Hz to 100 Hz, to reduce the out–of–band
noise without changing the wave forms; (ii) Then applying a set of notch filters centered
in 50 Hz and its harmonics, to reduce the PLI, to the signal; And (iii) finally applying a
BW filter, based on cubic spline interpolation [1].
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In the QRS detection according to the implementation in [2], after filtering the input
record, the derivative feature signals are computed, and QRS complexes are detected
through an adaptive threshold.

According to physiological knowledge, the fragmentation is supposed to be present
in almost every beat scoping the heart region where this affection is visible. Therefore,
the creation of a beat template for each lead could be understood as a a morphology-
emphasizing statistical filtering, as far as this affection in concerned. Beat templates were
computed by averaging highly correlated beats of each lead, according to [104].

5.2.3. Multivariate Analysis for Fragmented-Wave Isolation

In an attempt to boost fragmentation waves within the ECG, two approaches were ex-
plored. Taking into account that, according to the medical knowledge, fragmented waves
are expected to debut in the ECG as an additive limited amplitude wave over standard
QRS Complex, our first approach assumed uncorrelation among the QRS components
and the fragmentation waves. Hence, PCA is proposed as a likely valid tool to detach and
consolidate all the diffused constituents of the different projections of the affection over
the separate leads. In our second approach, we assumed that the fragmented waves could
be modeled as statistically independent from the other waves in the ECG, and accord-
ingly we proposed the use of ICA for the same objective. A deep description on PCA and
ICA multivariable techniques and applications can be easily found in the corresponding
references included in Chapter 2.

The use of PCA or ICA has two drawbacks that specially can affect us. The first one
is referred to the sign of the output. According to the PCA processing, the eigenvectors
are computed by solving the next equation,

vi = max||V ||=1
(
||XV ||2

)
(5.2)

where vi is the i-th eigenvector, X is the input–signals matrix, and V is the eigenvectors
matrix. As it can be derived from this equation, both vi and −vi are solutions for it.
In the case of ICA, the process that minimize the Gaussianity has a similar property.
This effect should be managed in order to extract information about the PCA or ICA
output. The second inconvenient is referred to the loss of the spatial information, as
both transformations compute new signals by using linear operators removing the spatial
information given by the leads in the input signals. These two drawbacks are explored
and addressed in the next section.
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5.3. Experiment and Results

In this section we present different experiments and their corresponding results, and
they are divided into three sets. In the first set of experiments, we developed and ap-
plied different techniques plus PCA transformation in order to enhance the presence of
fragmentation waves in the ECG. In the second set of experiments, we applied ICA with
the same objective. Finally, we benchmarked these techniques from both groups over real
fragmented signals.

5.3.1. PCA as Fragmentation-Wave Enhancement Tool

The aim of the following set of experiments is to determine the behavior of the PCA
transformation to enhance the presence of fragmentation in common twelve-lead ECG.
For this purpose we applied PCA over the beat templates, as according to medical knowl-
edge, the fragmentation is the result of a missconductions over the myocardium, thus
it must be replicable for the beats within each lead. Being said that, we could argue
on how PCA will manage the fragmented wave, and if it will consistently consolidate
the presence of this singular additive element over a certain component. In other words,
and with a much wider view, we need to determine how the presence of fragmentation
in the ECG could alter the order in the PCA–components output, and how these new
components will be consolidated in the PCA output. To do so, we propose the use of
a subrogated database to compare the PCA output between non–affected and affected
equivalent cases. Our database for this purposed consisted of the control beat templates
and for their synthetically fragmented copies, as described earlier. We also compared the
PCA output of the control and subrogated through the Pearson correlation coefficient
(PCC) to identify effective fragmented waves contribution transference among different
principal components.

As a result, we built the confusion matrix presented in Table 5.1. As it can be observed
in this table, components from 6–th to 11–th exhibited a ratio of paired components
lower than 0.90, showing a relevant leakage among components. We can conclude that the
use of this technique does not make possible the isolation of the fragmentation contribution
into few components.

To obtain a better knowledge on how PCA methodology is affected by fragmenta-
tion, and how fragmentation is distributed over the output components, we defined the
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frag 1 frag 2 frag 3 frag 4 frag 5 frag 6 frag 7 frag 8 frag 9 frag 10 frag 11 frag 12
Ctr 1 1 0 0 0 0 0 0 0 0 0 0 0
Ctr 2 0 0.998 0.002 0 0 0 0 0 0 0 0 0
Ctr 3 0 0.002 0.986 0.005 0 0 0 0 0.002 0.002 0 0.002
Ctr 4 0 0 0.012 0.959 0.012 0.005 0.002 0 0 0.002 0.005 0.002
Ctr 5 0 0 0 0.036 0.906 0.031 0.002 0.002 0.002 0.007 0.007 0.005
Ctr 6 0 0 0 0 0.077 0.834 0.039 0.029 0.002 0.002 0.01 0.007
Ctr 7 0 0 0 0 0.005 0.123 0.773 0.053 0.019 0.007 0.012 0.007
Ctr 8 0 0 0 0 0 0.007 0.176 0.728 0.048 0.017 0.017 0.007
Ctr 9 0 0 0 0 0 0 0 0.178 0.713 0.075 0.024 0.01
Ctr 10 0 0 0 0 0 0 0.002 0.005 0.195 0.728 0.058 0.012
Ctr 11 0 0 0 0 0 0 0.005 0.002 0.007 0.159 0.781 0.046
Ctr 12 0 0 0 0 0 0 0 0.002 0.01 0 0.087 0.901

Table 5.1: Normalized confusion matrix of PCA for 12-lead ECG. The ij value of the table
represent the ratio of i-th component of control patient that is paired with the j-th component
of synthetically fragmented patient according to the value of PCC.

dispersion coefficient εdisp given by

εdisp = 1−
∑N
j,i=0;i 6=j C(i, j)∑N
j,i=0 C(i, j)

(5.3)

where N is the number of principal components, and C denotes the confusion matrix
coefficients. This coefficient reflects the aggregated leakage effect of confusion matrix,
and for the case of PCA applied over twelve-leads, the obtained value was 0.14. As it can
be seen in Fig. 5.2, which illustrates the swapping effect among in-and-out components,
the existence of a low-power fragmentation waves (red lines in the third column) induces a
some position swapping in the PCA output, and this effect can be observed in the fourth
column, which shows the correlation between the fragmented and the non-fragmented
components.

In order to further improve the dispersion coefficient, we proposed the use of linearly
independent leads in the PCA process, to elaborate whether the inclusion of not duplicated
information could make a difference in this topic. According to the medical knowledge,
leads I, II, III, aVF, aVR, and aVL are related according to the following equations,

aV R = −I + II

2
aV L = I − II

2 (5.4)

aV F = II − I

2
III = II − I
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Therefore, and due to the fact that leads III, aVF, aVR, and aVL add nothing more
than redundant information to the rest of the leads, we could explore the fragmentation
isolation capabilities of the suggested methodology when these leads are not considered in
this process. Results of this experiment are shown in Table 5.2, where a lower dispersion
rate can be observed compared with Table 5.1. Similar results are observed in terms of
dispersion coefficient, which is reduced to 0.07. But the findings in Table 5.2 are even
more illustrative and relevant, confirming that only three components presented figures
lower than 0.90, hence narrowing the uncertainty of PCA output components. Figure 5.3
shows an example of relevant component in-and-out cross-signal-transference applying
this technique. An exceptional and singular case could be found in Panels (2,3) of said
figure, where this swap is due to the non-physiological case of the prominent amplitude of
the additive fragmented wave, the magnitude of which positively compares to the T-wave.

In order to highlight fragmentation in PCA transformed components, we also oper-
ated with the previously defined database, but only taking into account the independent
leads, namely, I, II, V1, V2, V3, V4, V5, and V6, by following the methodology de-
scribed hereafter: First, PCA was computed for control and subrogated records; Then,
the root mean square error (RMSE) was calculated for control (RMSEECG) and sub-
rogated (RMSEPCA) signals; And finally, coefficient ρRMSE was evaluated. RMSE and
ρRMSE were computed using the closed form,

RMSEECGl =

√√√√ 1
N

N∑
i=1

(X̃[i, l]−X[i, l])2

RMSEPCAc =

√√√√ 1
N

N∑
i=1

(Ỹ [i, c]− Y [i, c])2 (5.5)

ρRMSEc = RMSEPCAc −max(RMSEECG)
RMSEPCAc +max(RMSEECG)

where l correspond to the l-th lead of the original ECG signal, X is the matrix that
contains the beat templates of the original ECG signal, X̃ is the fragmented replication of
X, c is the c-th principal component, Y is a matrix that contains the principal components
of X, and Ỹ is the matrix that contains the principal components of X̃. This coefficient
belongs to the interval [-1,1], and positive values of this coefficient represent RMSE values
computed over normalized principal components higher than the RMSE values computed
over normalized ECG. Finally, we compute the enhancement ratio as the proportion of
cases where ρRMSE > 0.
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In Fig. 5.4.a the distribution of ρRMSE along each principal component is shown. As
it can be noticed, the effect of fragmentation is higher in the detail-components, those ones
that exhibit low variance, as they usually consolidate higher frequency constituents. Panel
(b) shows the defined enhancement ratio for each output-component, offering a view of the
number of cases presenting the fragmentation enhancement using this technique. Finally,
Panel (c) shows the joint enhancement ratio as the number of components that jointly
achieve a complete detection of the fragmentation. As it can be observed, a trade-off
between results and computational efficiency is reached using the 3 detail components.

As we reported in the previous experiments, the fragmented wave could be a source
of divergence among the principal component output. Therefore, we designed this exper-
iment to quantify the effect of the different parameters of the fragmented wave over the
principal component order. We used a subset of 50 cases from the control database. We
created copies of these cases and we varied the fragmented wave parameters to better
understand the effects in terms of where the fragmentation ends up swapping after PCA.
The varied features were: Amplitude, which was varied from 1 to 50% of the maximum
amplitude of the signal; Width of the fragmented wave, which was varied from 10 to
200 milliseconds; Number of cycles of the fragmented wave, which was varied from 0.5
to 25 cycles; And number of lead affected by the fragmentation, which was varied from
1 to 8 leads. These parameters were varied one by one to ensure that the effect of one
of them over the position swapping was not contaminated by the others. We computed
the confusion matrices for each case and the dispersion coefficient. In Fig. 5.5, the de-
pendence of the dispersion coefficient with each parameter is shown. As we can see, the
parameters with the strongest effect over the dispersion coefficient are the amplitude of
the fragmented wave and its width.

The next experiment was performed to evaluate the effect of the fragmentation wave
parameters variation over the ρRMSE coefficient. For this experiment, we used the same
values of the previous ones and computed the ρRMSE coefficient for each parameter and
for each principal component. As a result, Panel (a) on Fig. 5.6 shows the effects of
fragmented wave amplitude variation on the ρRMSE coefficient, Panel (b) shows the effects
of fragmented wave width on the ρRMSE coefficient, Panel (c) shows the effects of the
number of cycles included in the fragmented wave on the ρRMSE coefficient, Panel (d)
shows the effect of the variation on the number of leads affected. As we can see in Panel
(a) and Panel (b), the ρRMSE coefficient distribution is positive in the majority of the
principal components. This effect is due to the emergence of new components caused by
large amplitude or width that PCA tends to isolate them. As it can be seen in Panel
(c) and Panel (d), the ρRMSE distribution is negative in the higher (detail) components
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frag 1 frag 2 frag 3 frag 4 frag 5 frag 6 frag 7 frag 8
Ctr 1 1 0 0 0 0 0 0 0
Ctr 2 0 0.995 0.002 0 0 0 0 0.002
Ctr 3 0 0.005 0.988 0.005 0 0.002 0 0
Ctr 4 0 0 0.007 0.959 0.022 0.01 0 0.002
Ctr 5 0 0 0.002 0.036 0.887 0.048 0.024 0.002
Ctr 6 0 0 0 0 0.089 0.824 0.077 0.01
Ctr 7 0 0 0 0 0 0.113 0.853 0.034
Ctr 8 0 0 0 0 0.002 0.002 0.046 0.949

Table 5.2: Normalized confusion matrix of PCA for the 8 independent leads from ECG. The
ij value of the table represent the ratio of i-th component of control patient that is paired with
the j-th component of synthetically fragmented patient according to the value of PCC.
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Figure 5.4: Measurements of fragmentation enhancement using PCA over independent leads.
(a) Distribution of ρRMSE coefficient for each component, values higher than 0 represent frag-
mented wave enhancement. (b) Enhancement ratio for each component. (c) Joint enhancement
ratio.



5.3. EXPERIMENT AND RESULTS 113

0 10 20 30 40 50
Relative amplitude of fragmentation main peak [%]

0.00

0.25

0.50

0.75

1.00
Di
sp
er
sio

n 
co
ef
fic
ie
nt

20 40 60 80 100
Width of fragmentation wave [ms]

0.00

0.25

0.50

0.75

1.00

Di
sp
er
sio

n 
co
ef
fic
ie
nt

0 5 10 15 20 25
Number of cycles of the fragmentation wave 

0.00

0.25

0.50

0.75

1.00

Di
sp
er
sio

n 
co
ef
fic
ie
nt

1 2 3 4 5 6 7 8
Number of leads with fragmentation wave added

0.00

0.25

0.50

0.75

1.00

Di
sp
er
sio

n 
co
ef
fic
ie
nt

Figure 5.5: Dispersion coefficient against the fragmented wave amplitude (upper left), frag-
mented wave width (upper right), fragmented wave number of cycles (lower left), and number
of affect lead (lower right) for independent-lead PCA model.

Frag 1 frag 2 frag 3 frag 4
Ctr 1 1 0 0 0
Ctr 2 0 0.993 0 0.007
Ctr 3 0 0.007 0.986 0.007
Ctr 4 0 0 0.014 0.986

Frag 1 frag 2 frag 3 frag 4
Ctr 1 1 0 0 0
Ctr 2 0 0.986 0.007 0.007
Ctr 3 0 0.014 0.935 0.051
Ctr 4 0 0 0.058 0.942

Frag 1 frag 2 frag 3
Ctr 1 1 0 0
Ctr 2 0 1 0
Ctr 3 0 0 1

(a) (b) (c)

Table 5.3: Normalized confusion matrix for each heart region, (a) antero-septal, (b) lateral
region, and (c) inferior region by using PCA. For each one, the ij value of the table represent the
ratio of i-th component of control patient that is paired with the j-th component of synthetically
fragmented patient according to the value of PCC.

and it becomes positive when we go to the lower (baseline) components. According to
literature and knowledge, and as an expected behavior, this is due to the fact that these
two parameters are not solid enough to create new components.

The last set of PCA experiments was created to try out the enhancement in frag-
mentation detection through heart-region projections. According to medical knowledge,
the ECG leads can be divided in three main groups related to the heart region that they
reflect. These regions are: antero-septal, which includes V1, V2, V3, and V4; Lateral,
which includes I, aVL, V5, and V6; And inferior, which includes II,III, and aVF.

The first experiment of this set will determine if the presence of fragmentation in the
ECG could change the order in the PCA-components output. To do so, we proposed
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Figure 5.6: Effect of the different parameters of the subrogated fragmented wave over the ρRMSE

coefficient for independent-lead PCA model. Values lower than 0 correspond with RMSE higher
in the ECG than in the principal components, values higher than 0 correspond with RMSE
higher in principal components than in the ECG. (a) Effect of the fragmented wave amplitude,
(b) effect of the fragmented wave width, (c) effect of the cycle number of fragmented waves, and
(d) effect of the number of affected leads.

the use of a subrogated database to compare the principal component output under a
controlled situation. We proceeded as follows for the control ECG and for their syntheti-
cally fragmented copies. First the beat templates were created according to the method
described before. Then, we compared the principal component of the control and synthet-
ically fragmented beat templates by using the signal correlation. We considered the use of
PCC to test whether the PCA components position is maintained in case of the fragmen-
tation is synthetically added. This analysis was performed for each region individually.
Results are summarized in the confusion matrices presented in Tables 5.3.a, 5.3.b, and
5.3.c. The dispersion coefficient for each region are 0.009 in antero-septal region, 0.034 in
lateral region, and 0 in inferior region. These results are much better than the achieved
by the independent-lead case in terms of PCA component mismatching.

Given that the order in the position of the principal components provided appar-
ently better results in a regional approach than the previously evaluated independent-lead
model, we again moved forward to quantify the enhancement using this approach. To do
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Figure 5.7: Different measurements for PCA over antero-septal heart region. (a) Distribution
of ρRMSE coefficient for each independent component, values lower than zero represents cases
where the RMSE measured over the ECG is greater than RMSE measured over the independent
component. (b) Ratio of fragmentation wave enhancement for each independent component, this
ratio is computed as cases where the ρRMSE value is greater than zero. (c) Cumulative ratio
of fragmentation wave enhancement, this ratio is computed by joining the results of isolated
independent components.
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Figure 5.8: Different measurements for PCA over lateral heart region. (a) Distribution of
ρRMSE coefficient for each independent component, values lower than zero represents cases
where the RMSE measured over the ECG is greater than RMSE measured over the independent
component. (b) Ratio of fragmentation wave enhancement for each independent component, this
ratio is computed as cases where the ρRMSE value is greater than zero. (c) Cumulative ratio
of fragmentation wave enhancement, this ratio is computed by joining the results of isolated
independent components.
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Figure 5.9: Different measurements for PCA over inferior heart region. (a) Distribution of
ρRMSE coefficient for each independent component, values lower than zero represents cases
where the RMSE measured over the ECG is greater than RMSE measured over the independent
component. (b) Ratio of fragmentation wave enhancement for each independent component, this
ratio is computed as cases where the ρRMSE value is greater than zero. (c) Cumulative ratio
of fragmentation wave enhancement, this ratio is computed by joining the results of isolated
independent components.

Model Lead number Enhancement Component number
twelve-lead 12 0.998 5

independent-lead 8 0.995 3
Regions 4/4/3 0.942/0.957/0.862 3/4/3

Table 5.4: Summary table with the relevant values for each proposed method based on PCA.
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so, this experimental setup was similar to the used in the independent-leads model. First,
we extracted the principal components for control ECG and fragmented ECG using PCA.
Finally, we computed the coefficient ρRMSE, and we derived the enhancement ratio as the
portion of cases where ρRMSE > 0.

Figures 5.7.a, 5.8.a, and 5.9.a show the distribution of ρRMSE for each region and
component. As it can be observed, the distributions did not improve the results obtained
by PCA over independent-lead model. The value of RMSE measured in the ECG was
greater than the value of RMSE measured in principal components. Figures 5.7.b, 5.8.b,
and 5.9.b show the enhancement ratio for each component, which is also lower than the
value achieved in the independent-lead model. Finally, Figs. 5.7.c, 5.8.c, and 5.9.c show
the joint enhancement ratios that again did not outperform the independent-lead model.
Therefore, we should elaborate than the use of the regionalization in the detection of
fragmentation using PCA does not provide better results than the use of the independent
leads. Table 5.4 summarizes the most relevant results of this set of experiments.

5.3.2. ICA as Fragmentation-Wave Enhancement Tool

In this new set of experiments, we discuss about whether the use of multivariate
transform ICA can enhance the presence of fragmentation wave in common ECG. For
this purpose, we applied the same processes described earlier on PCA. Namely, the signal
is firstly filtered and detrended, then the beats are detected, then beat templates are
created by averaging those well-correlated beats, and finally ICA is applied over these
beat templates. One relevant difference between the present analysis and the previous
one, is the fact that the output of ICA is not expected to be sorted. Hence, to better
evaluate and work with this technique, we used the kurtosis of each of the ICA output
as a sorting criterion, setting from higher to lower. Just as a reminder for the reader, we
would like to mention that kurtosis is a very well-known indicator of Gaussianity [67].

As well as in the PCA part, we computed ρRMSE to compare the RMSE of the ECG
with the RMSE of the independent component. In order to ensure proper order of ICA
outputs, we designed an additional starting experiment. In this experiment we worked
with 400 control cases and their respective fragmented replications, ICA was applied over
the pairs control-fragmented beat templates, and outputs were sorted according to their
decreasing kurtosis. Then, we computed the PCC between the independent components
of the fragmented and control cases. Finally, we created the confusion matrix shown in
Table 5.5.
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As it can be seen in said table, the values in the diagonal are lower than in the
PCA analysis, and in these cases the value of εdisp was 0.70, due to the fragmentation
wave inducing larger changes in the independent components than in the previous case.
After this analysis, we performed a careful visual inspection to detect which components
were more affected by the fragmentation wave. We noticed that the use of the kurtosis
in fragmented waves tends to group the independent components in two main groups,
namely, the non-affected components, which appear in the first positions, and the affected
components, which appear in the last positions.

Considering the previous results, we designed as mentioned a replicable, structured,
and coherent, statistical property, for a later computation of ρRMSE value and the ratio
of enhancement described earlier. To do so, we first computed ICA over the pair control-
fragmented waves and output is sorted according to kurtosis. Then, correlation was
computed among the sorted fragmented and control components. Finally, sign inversion
was applied when the absolute value of the highest PCC is negative, to ensure proper
transformation taking into account that positive and negative solutions are both valid
and that the standard process does not guaranty the same outcome when signals slightly
differ. The distributions of ρRMSE for each independent component are shown in Fig.
5.10.a. As it can be seen, fragmentation wave information is spread over every independent
component, but it this contribution is significantly higher in the components with lower
kurtosis. This behavior follows previous PCA results, where fragmentation information
was strongly present, and clearly in the components with lower variance.

In next step and for statistical analysis purposes, we computed the ratio of cases in
which the presence of fragmentation wave was enhanced in the corresponding components.
For this purpose, we considered the existence of fragmentation enhancement in the selected
component if its ρRMSE value is greater than zero. Figure 5.10.b shows the ratio of cases
which presents fragmentation wave enhancement, and it can be observed that the greater
values of improvement appear in the components with lower kurtosis, which is also like
in case of PCA where they appeared in components with lower variance. Finally, we
calculated the ratio of fragmentation wave enhancement depending of the number of
independent components, in order to know the number of them that we must to take to
achieve a complete detection of fragmentation, and as it can be observed, the sweet-point
is reached by taking the last 4 components as shown in Panel (c).

In the subsequent experiment, we calculated the dependency of ρRMSE with the vari-
ables which model the fragmentation wave. We used the same parameter variation as in
the preceding PCA parts, namely, amplitude of the wave from 1% to 50% of the maximum
beat template amplitude, number of cycles of the wave from 0.5 to 25, width of the wave
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Frag 1 Frag 2 Frag 3 Frag 4 Frag 5 Frag 6 Frag 7 Frag 8 Frag 9 Frag 10 Frag 11 Frag 12
Ctr 1 0.40 0.26 0.22 0.08 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Ctr 2 0.19 0.31 0.23 0.18 0.06 0.02 0.01 0.00 0.00 0.00 0.00 0.00
Ctr 3 0.14 0.15 0.24 0.25 0.16 0.03 0.02 0.00 0.00 0.00 0.00 0.00
Ctr 4 0.10 0.11 0.12 0.26 0.27 0.11 0.02 0.00 0.00 0.00 0.00 0.00
Ctr 5 0.07 0.05 0.07 0.10 0.27 0.31 0.09 0.02 0.01 0.00 0.01 0.00
Ctr 6 0.04 0.04 0.04 0.05 0.07 0.31 0.37 0.05 0.01 0.01 0.00 0.00
Ctr 7 0.01 0.03 0.02 0.03 0.06 0.11 0.33 0.32 0.06 0.01 0.00 0.01
Ctr 8 0.01 0.01 0.01 0.02 0.03 0.04 0.07 0.42 0.32 0.05 0.01 0.01
Ctr 9 0.00 0.01 0.01 0.01 0.01 0.02 0.02 0.08 0.44 0.33 0.06 0.00
Ctr 10 0.01 0.00 0.01 0.01 0.02 0.01 0.02 0.03 0.07 0.48 0.27 0.07
Ctr 11 0.01 0.01 0.01 0.01 0.02 0.01 0.01 0.03 0.05 0.08 0.53 0.22
Ctr 12 0.01 0.02 0.02 0.01 0.01 0.02 0.03 0.04 0.03 0.03 0.11 0.67

Table 5.5: Normalized confusion matrix of ICA for the twelve-lead ECG. The ij value of
the table represent the ratio of i-th component of control patient that is paired with the j-th
component of synthetically fragmented patient according to the value of PCC.
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Figure 5.10: Different measurements for ICA applied over twelve-lead ECG. (a) Distribution
of ρRMSE coefficient for each independent component, ρRMSE values lower than zero represents
values of RMSE over ECG greater than values of RMSE over ICA output. (b) Ratio of frag-
mentation wave enhancement for each independent component, ratio of cases where the ρRMSE

coefficient is greater than zeros. (c) Cumulative ratio of fragmentation wave enhancement, this
ratio is computed by joining the results of isolated independent components.
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Figure 5.11: Effect of the different parameters of the subrogated fragmented wave over the
ρRMSE coefficient using the ICA twelve-lead model. Values lower than 0 correspond with RMSE
higher in the ECG than in the principal components, values higher than 0 correspond with RMSE
higher in principal components than in the ECG. (a) Effect of the fragmented wave amplitude;
(b) Effect of the fragmented wave width; (c) Effect of the cycle number of fragmented waves;
(d) Effect of the number of affected leads.

from 10 to 200 milliseconds, and number of leads affected by fragmentation from 1 to
12. In this experiment, we worked with a subset of 50 cases from the control database.
We created replications of these cases and we varied the fragmentation wave parameters
according to previous values. Figure 5.11 shows the variation of ρRMSE with each param-
eter variation. As it can be observed, the parameters that induce major changes in the
ρRMSE value are amplitude (Panel (a)) and width (Panel (b)) of the fragmentation wave.
Unlike the PCA part, these two parameters present a decreasing curve because when they
increase the sine, which models the fragmentation wave, it is more easily separable by
ICA and the fragmentation information is isolated in only one component, which varies
its position in the output.

In the following subset of experiments inside the ICA series, we applied the processing
over heart regions, as ECG leads can be consolidated in three main groups, related to
the heart region they collect the electrical projection from. These are the antero-septal
(which includes V1, V2, V3, and V4), the lateral (which includes I, aVL, V5, and V6)
and the inferior (which includes II,III, and aVF).
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The first experiment of this new set was designed to determine if the presence of frag-
mentation in the ECG would make a difference in ICA output when sorted by kurtosis.
To do so, we proceeded as follows, using the control ECGs and for their synthetically
fragmented replications. First, the beat templates were created according to the method
described before. ICA was secondly applied over them and the outputs were sorted ac-
cording to their kurtosis. Then, the PCC was computed among control and fragmented
replications. PCC was stablished as the driver to identify the portion of the signal trans-
ferred during the process. This technique was applied for each region. Results were
merged into confusion matrices, hereafter presented in Table 5.6. As it can be observed,
the use of regionalized models plus kurtosis sorting improved the matching between inde-
pendent components compared with the twelve-lead model, moreover the, εdisp, dispersion
coefficients were 0.23, 0.21, and 0.26, which are lower than the twelve-lead model.

The next experiment numerically quantified the improvement on the fragmentation
wave information using ρRMSE coefficient. In this experiment we used the complete sub-
rogated model including 400 control cases and 400 synthetically fragmented replications.
The process followed in this case was the following. First, for pair-control-fragmented
cases, ICA was computed over each region separately. Then, the outputs were sorted
according to their kurtosis. Afterward, we computed the PCC between the kurtosis
sorted output of fragmented case and control case. Finally, outputs of control cases were
sorted according to PCC and the ρRMSE coefficient was computed. The ρRMSE coefficient
distribution is shown in Figures 5.12.a, 5.13.a, and 5.14.a. As it can be observed, the
distribution is almost flat due to the sparse information of the fragmented waves dealt in
each component. This effect is clearly visible in Figures 5.12.b, 5.13.b, and 5.14.b, which
show the ratio of cases that exhibited a certain enhancement, understood as the cases
where ρRMSE coefficient is greater than zero. We can observe the similarity between the
enhancement ratio of each independent component in the three panels. The values are
close to 0.75 of enhancement. Finally, we computed the cumulative ratio of enhancement
in order to select a number of components that combined would eventually contains im-
provement in the mentioned ratio of the cases. Figures 5.12.c, 5.13.c, and 5.14.c show this
cumulative ratio, and it can be observed that these values are lower than the twelve-lead
model. The maximum values reached for each region were 0.921 in antero-septal region,
0.920 in lateral region, and 0.877 in inferior region.

In the last group of experiments of this set, we tested the viability of using just the
eight mathematically independent lead as the input to our ICA model. An equivalent
process was applied to this case as described in prior experiments. The confusion matrix
for this case is presented using the kurtosis as sorting criteria in Table 5.7. In this exper-
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Frag 1 Frag 2 Frag 3 Frag 4
Ctr 1 0.73 0.22 0.06 0.00
Ctr 2 0.18 0.66 0.17 0.00
Ctr 3 0.08 0.12 0.76 0.04
Ctr 4 0.01 0.01 0.02 0.96

Frag 1 Frag 2 Frag 3 Frag 4
Ctr 1 0.78 0.19 0.03 0.00
Ctr 2 0.15 0.67 0.16 0.01
Ctr 3 0.05 0.14 0.76 0.05
Ctr 4 0.01 0.00 0.05 0.94

Frag 1 Frag 2 Frag 3
Ctr 1 0.67 0.30 0.02
Ctr 2 0.30 0.64 0.06
Ctr 3 0.02 0.06 0.92

(a) (b) (c)

Table 5.6: Normalized confusion matrix for each heart region for ICA model, for (a) antero-
septal , (b) lateral region, and (c) inferior region using ICA plus kurtosis. For each one, the ij
value of the table represents the ratio of i-th component of control patient that is paired with
the j-th component of synthetically fragmented patient according to the value of PCC.
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Figure 5.12: Different measurements for the antero-septal region of the heart with ICA model.
The panel (a) shows the distribution of ρRMSE coefficient for each independent component,
values lower than zero represents cases where the RMSE measured over the ECG is greater than
RMSE measured over the independent component. Panel (b) shows the ratio of fragmentation
wave enhancement for each independent component, this ratio is computed as cases where the
ρRMSE value is greater than zero. Panel (c) shows the cumulative ratio of fragmentation wave
enhancement, this ratio is computed by joining the results of isolated independent components.
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Figure 5.13: Different measurements for the lateral region of the heart with ICA model. (a)
Distribution of ρRMSE coefficient for each independent component, values lower than zero rep-
resents cases where the RMSE measured over the ECG is greater than RMSE measured over
the independent component. (b) Ratio of fragmentation wave enhancement for each indepen-
dent component, this ratio is computed as cases where the ρRMSE value is greater than zero.
(c) Cumulative ratio of fragmentation wave enhancement, this ratio is computed by joining the
results of isolated independent components.
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Figure 5.14: Different measurements for the inferior region of the heart with ICA model.
(a) Distribution of ρRMSE coefficient for each independent component, values lower than zero
represents cases where the RMSE measured over the ECG is greater than RMSE measured over
the independent component. (b) Ratio of fragmentation wave enhancement for each independent
component, this ratio is computed as cases where the ρRMSE value is greater than zero. (c)
Cumulative ratio of fragmentation wave enhancement, this ratio is computed by joining the
results of isolated independent components.
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Frag 1 Frag 2 Frag 3 Frag 4 Frag 5 Frag 6 Frag 7 Frag 8
Ctr 1 0.59 0.26 0.12 0.02 0.01 0.00 0.00 0.00
Ctr 2 0.18 0.46 0.24 0.11 0.01 0.01 0.00 0.00
Ctr 3 0.10 0.11 0.46 0.25 0.07 0.01 0.00 0.01
Ctr 4 0.05 0.05 0.07 0.46 0.30 0.05 0.01 0.01
Ctr 5 0.03 0.03 0.04 0.07 0.51 0.26 0.05 0.02
Ctr 6 0.02 0.02 0.01 0.04 0.05 0.54 0.28 0.04
Ctr 7 0.01 0.03 0.02 0.02 0.02 0.07 0.59 0.23
Ctr 8 0.02 0.04 0.03 0.03 0.04 0.07 0.08 0.69

Table 5.7: Normalized confusion matrix of ICA over 8 independent lead model. The ij value
of the table represent the ratio of i-th component of control patient that is paired with the j-th
component of synthetically fragmented patient according to the value of PCC.
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Figure 5.15: Different measurements for ICA over independent leads model. (a) Distribution
of ρRMSE coefficient for each independent component, values lower than zero represents cases
where the RMSE measured over the ECG is greater than RMSE measured over the independent
component. (b) Ratio of fragmentation wave enhancement for each independent component, this
ratio is computed as cases where the ρRMSE value is greater than zero. (c) Cumulative ratio
of fragmentation wave enhancement, this ratio is computed by joining the results of isolated
independent components.

Model Lead number Enhancement Component number
twelve-lead 12 99.52 4

independent leads 8 98.4 4
Regions 4/4/3 92.08/92.03/87.68 4/4/3

Table 5.8: Summary table with the most relevant values of each proposed method based on
ICA.
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iment, the figures in the diagonal showed better performance that the twelve-lead model,
moreover this case presented a 0.40 εdisp, which is also improved. Finally, we measured
the enhancement in fragmentation waves by using ρRMSE, the ratio of fragmentation en-
hancement, and the ratio of cumulative fragmentation enhancement as described earlier.
As it can be observed in Fig. 5.15.a, the distribution of the fragmentation wave informa-
tion is spread through all the independent components, but with a much more relevant
intensity in the lower components, and they present a higher number of cases with posi-
tive ρRMSE. As it can be seen in Panel (b), the shape of the distribution is similar to the
twelve-lead model, but the ratio of component-by-component enhancement is much lower.
Finally, Panel (c) shows the ratio of cumulative fragmentation enhancement that in this
case reached the best results using 4 components. Table 5.8 shows a summary of the
results, and according to teh displayed figures, the best model in terms of enhancement
was the twelve-lead model.

5.3.3. Real Case for Fragmentation-Wave Enhancement

In this experiment we checked the behavior of the previously described methods,
but this time applied to real fragmented cases. The experimental set-up was divided
similarly to earlier approach, in two stages, namely, preprocessing and fragmentation
analysis. The preprocessing followed very much the setup described earlier, but for the
reader convenience and in an attempt to provide a summarized full picture, it is sketched
here again: First, the signals were band-pass filtered in order to reduce noise; Second,
baseline wander was removed using cubic spline interpolation; Third, the main peaks were
detected using the algorithmic carefully developed in our group for years working in this
area [2]; Finally, the beat templates were created for each lead, through statistical filtering,
averaging only high-correlated peaks. For more detailed information on the method, the
interested reader can see [104].

As a second step, the wave enhancement evaluation application differed from previ-
ous cases as in the real cases we do not have the clean un–fragmented pair for the real
fragmented signal, although comparisons would only be possible with control signals. The
first proposed method that was conveyed was PCA transformation and we followed the
stragy described here after. First, the beat templates were selected according to inde-
pendence criteria, in other words, we picked the mathematically eight independent leads
(I, II, V1, V2, V3, V4, V5, and V6). Then PCA was applied over beat templates, and
we selected the three components with lower variance. For the second case, we applied
ICA transformation over beat templates, and output components were sorted according
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Figure 5.16: Example of fragmentation wave enhancement over real fragmented case. (a) Beat
templates for each lead of real fragmented case. (b) Beat templates for each lead of control case.
(c) Results of the best PCA method for the real fragmented case, in top subpanels and control
case in bottom panels. (d) Results of the best ICA method for the real fragmented case, in top
subpanels and for the control case in bottom panels.

to kurtosis. Then, the last four independent components according to their kurtosis were
selected.

As it can be seen in Panel (c) from Figs. 5.16, 5.17, 5.18, 5.19, and 5.20, the fragmen-
tation in PCA appears of two different ways, namely, as a large number of independent
peaks Panel (c) of Figs. 5.16, and 5.19, or as notchs and slurs similar to those ones which
appears in fragmented ECG. In ICA cases (Panel (d) from Figs. 5.16, 5.17, 5.18, 5.19, and
5.20), the fragmentation waves appear as a high frequency noise inside the QRS window.

5.3.4. Transformation-Matrices Behavior

The focus of this last experiment was to determine the existence of some kind of
interesting behavior in the distribution of the matrices that transform the recorded leads
into principal (independent) components. The experimental setup was the following. First,
we extracted the transformation matrices for PCA and ICA. Second, we normalized these
matrices, in the PCA case using the eigenvectors as they stayed in [-1,1] interval. For
ICA, we perform a normalization similar to the PCA case, but using eigenvectors and
eigenvalues, as follows: M

′ = M
β

, where M
′ is the new transformation matrix, M is

the original transformation matrix derived from ICA process, and β is a normalization
coefficient computed as β(i) =

√∑
j M2

i,j .
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Figure 5.17: Example of fragmentation wave enhancement over real fragmented case. (a) Beat
templates for each lead of real fragmented case. (b) Beat templates for each lead of control case.
(c) Results of the best PCA method for the real fragmented case, in top subpanels and control
case in bottom panels. (d) Results of the best ICA method for the real fragmented case, in top
subpanels and for the control case in bottom panels.
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Figure 5.18: Example of fragmentation wave enhancement over real fragmented case. (a) Beat
templates for each lead of real fragmented case. (b) Beat templates for each lead of control case.
(c) Results of the best PCA method for the real fragmented case, in top subpanels and control
case in bottom panels. (d) Results of the best ICA method for the real fragmented case, in top
subpanels and for the control case in bottom panels.
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Figure 5.19: Example of fragmentation wave enhancement over real fragmented case. (a) Beat
templates for each lead of real fragmented case. (b) Beat templates for each lead of control case.
(c) Results of the best PCA method for the real fragmented case, in top subpanels and control
case in bottom panels. (d) Results of the best ICA method for the real fragmented case, in top
subpanels and for the control case in bottom panels.
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Figure 5.20: Example of fragmentation wave enhancement over real fragmented case. (a) Beat
templates for each lead of real fragmented case. (b) Beat templates for each lead of control case.
(c) Results of the best PCA method for the real fragmented case, in top subpanels and control
case in bottom panels. (d) Results of the best ICA method for the real fragmented case, in top
subpanels and for the control case in bottom panels.
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Figure 5.21: Distribution of the eigenvector components values for the last principal component
of the eight independent lead model. (a) Distribution of the eigenvector components for each
control patient. (b) Distribution of the eigenvector components for each subrogated fragmented
patient. (c) Aligned distribution of eigenvector components for each control patient. (d) Aligned
distribution of eigenvector components for each subrogated fragmented patient. The red line
shows the value of transformation vector used in the alignment.
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Figure 5.22: Distribution of the normalized ICA transformation matrix for the last principal
component of the twelve-lead model. (a) Distribution of the transformation matrix components
for each control patient. (b) Distribution of the transformation matrix components for each
subrogated fragmented patient. (c) Aligned distribution of transformation matrix components
for each control patient. (d) Aligned distribution of transformation matrix components for each
subrogated fragmented patient. The red line shows the value of transformation vector used in
the alignment.
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In the last part, the transformation matrices were split in eigenvectors and grouped
according to the lead that they transform. Then, each one of this group was aligned by
using the greatest vector, in absolute value, to prevent sign changes, due to duality in
the transformation. The alignment was performed inducing a change in the sign of the
transformation vector with a correlation value less than 0 computed with the maximum
non–normalized transformation vector of each group.

As it can be observed in Fig. 5.21, the distribution of the transformation matrix for the
control records, Panels (a) and (c), is similar to the distribution matrix for the manually
fragmented records, Panels (b) and (d). This effect shows that PCA transformation is
stable and its transformation matrices values appear to be concentrated. Alternatively
for ICA, Fig. 5.22 shows the distribution of the transformation matrix for the control
records appears to be somehow more spread in Panels (b) and (d). Panels (a) and (c),
were also similar to the distribution of the manually fragmented records. The number of
components where the fragmentation is spreaded along is larger than for the PCA case.

5.4. Discussion

A very extensive analysis has been developed in this work as far as the fragmentation
is concerned. We evaluated most of the mathematically possible alternatives for repre-
senting the fragmentation wave. In particular, a wide range of amplitudes, durations,
frequencies, and affected leads were evaluated. This extremely complex variety of possi-
bilities really challenged the model beyond clinically real expected fragmentation events.
In other words, this experimental analysis could be considered as the worst-case scenario.
Therefore, it could be suggested that, in real cases, we could expect much better results
using the presented model, as the existing restrictions of different pathologies will set
further restrictions to the possible events, opening the door to more accurate detection
in clinical practice. For that reason, in the next chapter, we characterize certain specific
pathologies using this technique, and we evaluate the detection capabilities of the sug-
gested strategy for fragmentation-based ECG modification. As it can be checked, this
work deeply evaluates a relevant number of machine learning techniques to statistically
set the detection accuracy of described models leveraging on both machine learning and
multivariate analysis.



Chapter 6

Fragmented Activity Detection in ECG

6.1. Introduction

This chapter is written according to the previously published works [140, 141, 4, 142]
by our research team in an indexed journal, in international congresses, and in a national
congress.

In the previous chapter, we scrutinized the behavior of two frequently used multivari-
ate transforms, PCA and ICA, over a fragmented subrogated model of ECG. As a result,
this previous work proved that the use of these transforms can enhance the presence of
fragmentation waves in the computed components. In this chapter we extend the use of
these transformations in order to compute suitable features that can be used in a classifier
for the suitable fragmentation and fibrosis detection.

This chapter is structured as follows: In Section 6.2, the four databases used in
this work are described, as well as the different proposed methods; Section 6.3 presents
the results of each proposed method over the previously described databases; Finally, in
Section 6.4, the discussion is presented.

6.2. Materials and Methods

This section is divided in three main parts describing the databases, the classifiers
used, and the features spaces. In the first subsection, the following four databases are
described with detail: The subrogated fragmented database (Sfrag-DB), the subrogated
wide-fragmented database (SWfrag-DB), the fragmented database (FHCM-DB), and the
fibrosis database (HCM-DB). The second subsection summarizes the principles of the

131
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classifiers that have been applied in this research, namely, SVM, MLP, KNN , DT, and
the Gaussian NB. The last subsection is devoted to describe a systematic approach to the
different and possible input spaces, and to the signal processing being done in this stage,
such as the previous normalization or the construction of the features themselves.

6.2.1. Databases

As mentioned above, in this work we used four different databases, namely, Sfrag-DB,
SWfrag-DB, FHCM-DB, and HCM-DB. Each of them includes both affected and control
recordings in order to be able to apply and benchmark the selected learning techniques.

The Sfrag-DB was created using control records (from healthy subjects) and modifying
them by synthetic incorporation of fragmented waves. This added element was stemmed
according to

F (t) = A · sin
(
πnt

w

)
(6.1)

where A is a random number between 1% and 30% of the main peak amplitude, t is
the time vector with its values going from 0 to 2w, w is a random number between 4
and 24 ms that represents the fragmentation duration, and n represents the number of
semi-cycles of the sinusoid. This database was extensively developed including this wide
variety of possible values in the variables included in the equation to even overcome any
imaginable composition of the fragmentation: (i) From almost invisible values of ampli-
tude to exceeding possible ones; (ii) From low frequencies to very high ones; (iii) From
just a section of the wavelength to a number of them. This sinusoid was applied to the
first 150 ECG from 418 control ECG recorded from students of Universidad Católica San
Antonio at Murcia, Spain. These ECG were recorded using the ELI 350 from MortaraTM,
a device that uses 500 Hz sampling frequency and 5 µV resolution. The demographic
data from this ECG population were a men-to-woman ratio of 314/104, and 23, 1 ± 4, 3
years. The fragmented positive-to-negative ratio were 150/150. An example of a control
(fragmented) record from this database can be seen in Fig. 6.1.a (b).

The SWfrag-DB was created to simulate the effect of wide miss-conduction areas on
the heart. Hence, we used the same previous control database, but this time synthetically
fragmented using the following sinusoid equation,

F (t) = A · sin(2πft) (6.2)

where A is a random number between 1% and 30% of the main peak amplitude, t is the
time vector and its values going from 0 to 2w, w is a random number between 20ms and
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40ms that represents the fragmentation duration, and f is a random number from 45 to
75 representing the frequency, in Hertz, of the sinusoid. An example of a record from this
database can be seen in Fig. 6.1.c.

The FHCM-DB was created using 80 standard 12-lead ECG records from HCM posi-
tive diagnosed patients. For the development of this database, the presence of fragmenta-
tion was identified by two independent clinical reviewers, from HCUVA at Murcia, Spain.
This batch was selected inside a larger set of 225 cases. The demographic data of the
whole database was 47.0 ± 15.9 years and men-to-women ratio of 152/73. These ECG
were recorded with GE-MAC 5000 from General ElectricTM at 500 Hz sampling rate and
4.88 µV resolution. The fragmented positive-to-negative ratio was 42/38. An example of
a record from this database can be seen in Fig. 6.1.d.

The HCM-DB comprised the fibrosis cases, and it is a subset of 300 records from
a larger database of 1750 cases of analyzed HCM patients including positively fibrosis
diagnosed patients using MRI-LGE. These records were collected, analyzed, and diagnosed
by the expert clinicians in our group, from HCUVA at Murcia, Spain. The signal-recorder
was PageWriter TC30 from PhilipsTM at 500 Hz sampling rate and 5 µV resolution. The
demographic data of the whole database were 55, 3± 16.4 years, and men-to-women ratio
of 651/1099. The fibrosis positive-to-negative ratio was 150/150. An example of a record
from this database can be seen in Fig. 6.1.e.

6.2.2. Processing and Features Spaces

The data processing comprises several steps in our ECG data: (i) Low-order band-pass
filtering from 0.5 to 100 Hz, in order to reduce the out-of-band noise without endanger
the characteristics of fragmentation (fibrosis); (ii) Notch filtering to reduce the PLI; (iii)
BW removal method, based on cubic spline interpolation [1]; (iv) QRS-detector stage,
based on a tailored version of the PT algorithm developed by our group [2]; (v) Beat
template stage, where the beat templates are created by averaging the well-correlated
QRS complexes, which reduces the total amount of noise present in the ECG without
noticeable distortion [104].

Once the signals have been properly adjusted, and key variables such fiducial points
have been carefully isolated, the environment is set for the feature space analysis. To do
so, features-spaces calculation is divided into three additional ladders: (i) Transformation
stage, where a signal is processed according to the multivariate transformations presented
in the next chapter [4]; (ii) Signal selection stage, where setting the slot between 140 ms
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Figure 6.1: Example for each kind of record used in this work, namely: (a) Control record from
Sfrag-DB; (b) Subrogated fragmented record from Sfrag-DB; (c) Subrogated wide-fragmented
SWfrag-DB record; (d) Fragmented record from FHCM-DB; And (e) record affected by fibrosis
from HCM-DB.

or 700 ms around the ECG main peak and the normalization is applied, if it is required;
And (iii) feature computation, which is presented in two different possible ways, namely,
statistical features and signal-samples related features.

First, in order to broadly analyze the signal, statistics (stats) were computed in four
separated situations, namely, statistic of the whole signal, statistic of 25 Hz low-pass
filtered signal, statistic of 25 to 75 Hz band-pass filtered signal, and statistic of 75 Hz
high-pass filters signal. For each of them we computed: (i) The average; (ii) The standard
deviation, which represents the power of the signal; (iii) The skewness of the windowed
signal, which takes into account the position of the maximum of the windowed signal
distribution; (iv) The kurtosis, which represents the shape of the windowed signal dis-
tribution; (v) And the number of maxima present in the windowed signal. All of these
features were computed according to [141]. On the other hand, the features based on
the signal-samples were three, namely, the aggregation of the ECG samples across all
components (Sum), the aggregation of the squared values of the ECG samples across all
components (PowSum), and the concatenation of the samples of each ECG component in
one single vector (Concat).



6.3. EXPERIMENT AND RESULTS 135

6.3. Experiment and Results

The presentation of our results is divided in four subsections. The first subsection is
devoted to fragmentation detection based on linear models, and we describe the experi-
ments using linear classifiers over the two fragmented databases. In the second subsection,
focused on feature relevance, we show the statistical relevance of the best linear classifier
and a new subrogated model that takes into account these results. In the third subsection,
we present the benchmarking of linear classifiers on fibrosis database, and the statistical
relevance of the best performing features is additionally dealt. Finally, in the fourth sub-
section, non-linear detection is scrutinized, and the results for non-linear classifiers on the
fibrosis and fragmented databases are presented with detail.

In all cases, we benchmarked the classifiers using the merit figures usually applied for
clinical purposes, namely, Sen, Spe, PPV, ACC (as defined in Chapter 4), and negative
predictive value (NPV). The interpretation of this parameters is extensively described in
the literature [131] and it is calculated by

NPV = TN
TN+FN (6.3)

where TP (TN) is the number of records marked as pathological (non-pathological)
by the clinician and by the classifier, and FP (FN) is the number of records marked
as non-pathological (pathological) by the clinicians and marked as pathological (non-
pathological) by the classifier.

As mentioned in Section 3, segment preprocessing was applied prior to classification
processing. Segments were set initially to 700 ms around the main peak. This segment
is referred to as non-normalized beat prior to normalization, and normalized beat after
normalization. With the same criteria, segments of 140 ms around the main peak are
recognized hereafter as non-normalized QRS when normalization is not yet applied, and
normalized QRS once it is statistically normalized.

6.3.1. Fragmentation Detection Based on Linear Models

The main goal of this experiment is to determine the linear classifier that detects
the best the fragmentation activity on the ECG. The scheme of the tested methods is
as follows. A lineal classifier is firstly selected from the two main implementation of the
SVM, namely, C-SVM and ν-SVM (the interested readers can see [73] for details), and
the linear SVM was selected according to its behavior working with high dimensionality
spaces [143]. Then, the ECG segments of interest are computed as mentioned above. And
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finally, the input space is computed for classification according to the methods described
in Section 3.

Figure 6.2.a shows the Acc for ν-SVM applied over Sfrag-DB. As it can be observed,
the best results for this database are achieved applying SVM to the output of PCA over
non-normalized QRS segments, and to the statistics applied over PCA using normalized
QRS as inputs. In both cases, the accuracy reaches 0.81 as seen in Panels (1,1) and (2,1).
The other way around, the worst results are obtained in Panel (4,2), which represents
the models that use non-normalized beats and the aggregation of components as signal
transformation, and also when signal concatenation is used as input. Figure. 6.2.b shows
the Acc for C-SVM applied over Sfrag-DB. As it can be observed, the best result for this
database is achieved using SVM over the statistics computed to the last three PCA sorted
by standard deviation of the non-normalized QRS. This situation again provided Acc =
0.81 as presented in Panel (1,1). The best (worst) results are obtained in the first (fourth)
column, which represents the model based on computed statistics (the concatenation of
components). Table 6.1.a shows the combinations that achieved the best results for each
signal selection and classifier. As it can be observed, the Acc for the combination is
above the 0.75. The maximum Acc is 0.81, achieved using ν-SVM fed with the statistics
computed over the principal components of the non-normalized QRS, and by using ν-
SVM feed with the statistic computed over the principal components of the normalized
QRS. On the other hand, the use of the last three components of PCA and the use of the
beat samples are not recommended, due to their low performance.

Figure 6.3.a shows the Acc for ν-SVM applied over FHCM-DB and using each signal
selection. As it can be observed, the best results for this database are reached using as
features of ν-SVM the aggregation of the power of region-computed principal components
of the non-normalized beat, and the aggregation of the power of region-computed principal
components of the normalized beat, so that in both cases the Acc achieved is 0.84, as it
can be seen on Panels (3,3) and (4,3). As we can observe, the best results are obtained
by using the statistics, the aggregation of power or the concatenation as input space. On
the other hand, the worst ones are obtained by using the aggregation of components as
input space. Figure 6.3.b shows the Acc for C-SVM applied over FHCM-DB and using
each signal selection. As observed, the best results for this database are achieved using as
features of SVM the aggregation of the power of region-computed principal components of
the non-normalized beat, and the summation of the power of region-computed principal
components of the normalized beat. In both cases the Acc achieved is 0.81, as seen on
Panels (3,3) and (4,3). The best results appear when using as features the statistics,
the aggregation of power, or the concatenation of components. On the other hand, the
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Figure 6.2: Accuracy of linear SVM applied over Sfrag-DB. Each row represents the preprocess-
ing, up to down, normalized QRS, non-normalized QRS, normalized beat, and non-normalized
beat. The columns show, left to right, each input space, namely, statistics, signal summation,
signal power summation, and concatenation of signals. Inside each panel, the order of method
are the next, PCA applied over the eight independent leads (blue), ICA applied over twelve leads
(orange), twelve leads (green), eight independent leads (red), last three components of PCA ap-
plied over the eight independent leads (purple), last four components of ICA applied over the
twelve leads (brown), PCA applied over the leads of each heart region separately (pink), and
ICA applied over the leads of each heart region separately (grey). (a) ν-SVM implementation.
(b) C-SVM implementation.
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Classifier Input space Signal selection Sen Spe PPV NPV Acc
NuSVM Statistics + ICA Non-normalized Beat 0.65 0.86 0.84 0.69 0.75
NuSVM Statistics + ICA Normalized Beat 0.71 0.83 0.82 0.72 0.77
NuSVM Statistics + PCA Non-normalized QRS 0.70 0.93 0.92 0.74 0.81
NuSVM Statistics + PCA Normalized QRS 0.75 0.88 0.87 0.76 0.81

CSVM Statistics + PCA Non-normalized Beat 0.68 0.86 0.84 0.71 0.77
CSVM Statistic + 3PCA Normalized Beat 0.73 0.79 0.79 0.73 0.76
CSVM Statistic + 3PCA Non-normalized QRS 0.70 0.91 0.90 0.73 0.80
CSVM Statistic + 3PCA Normalized QRS 0.67 0.84 0.82 0.70 0.75

(a)
Classifier Input space Signal selection Sen Spe PPV NPV Acc
NuSVM PowSum + rPCA Non-normalized Beat 0.73 0.94 0.92 0.80 0.84
NuSVM PowSum + rPCA Normalized Beat 0.73 0.94 0.92 0.80 0.84
NuSVM Concat +8-Ld Non-normalized QRS 0.73 0.83 0.79 0.79 0.79
NuSVM Concat + rPCA Normalized QRS 0.80 0.83 0.80 0.83 0.82
CSVM PowSum + rPCA Non-normalized Beat 0.73 0.88 0.85 0.79 0.81
CSVM PowSum + rPCA Normalized Beat 0.73 0.88 0.85 0.79 0.81
CSVM Concat + 12-Ld Non-normalized QRS 0.73 0.83 0.79 0.79 0.79
CSVM Concat + rPCA Normalized QRS 0.67 0.83 0.77 0.75 0.76

(b)

Table 6.1: Figure of merit for the best linear SMV. (a) Sfrag-DB. (b) FHCM-DB.

worst results are obtained when using as features the aggregation of components. Table
6.1.b shows the combinations that achieved the best results for each signal selection and
classifier. As it can be observed, the Acc for combination above 0.75. The maximum
Acc is 0.84 achieved using as features of ν-SVM the aggregation of the power of region-
computed principal components of the non-normalized beat, and using as features of
ν-SVM the aggregation of the power of region-computed principal components of the
normalized beat. As it can be observed, the models that use the concatenation of signals
exhibit lower performance than those ones that use power aggregation of PCA computed
by regions. These results are coherent with the obtained ones in previous experiments [4],
where we found that the fragmentation is enhanced when using PCA transformation.

6.3.2. Features Relevance and New Subrogated Model

In this section, we tested the statistical relevance of the features used in the best
method for fragmentation detection methods described in previous section. To do so, we
performed a bootstrap resampling analysis, which allows us to compute the probability
density function of a parameter by the it computation over resampled subsets of the
population [78], setting the number of resamplings B to 100. When the confidence interval
of an SVM weight does not overlap zero, the associated feature is identified as relevant for
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Figure 6.3: Accuracy of linear SVM applied over FHCM-DB. (See Fig. 6.2 for details (a)
ν-SVM implementation. (b) C-SVM implementation.

fragmentation detection. On the other hand, in the methods that use the signal as input
of the SVM, we searched the frequency bands which are related to the fragmentation, and
to do so, we worked with the SVM as a transversal linear filter where their weights are
the coefficient of the filter.

The first presented classifier is the ν-SVM, which is combined with the principal com-
ponents of the normalized QRS from the independent leads computed over the Sfrag-DB.
Figure 6.4.a shows the confidence interval at 95% for each SVM weight associated to the
features described in Section 3. Each panel shows the confidence interval of the corre-
sponding features weight associated to a one principal component. As it can be seen in
first Panel, which corresponds to the first principal component, the relevant features were
the 11, 12, 13, and 14. Those ones correspond to mean, standard deviation, kurtosis, and
skewness of the band-pass filtered component respectively. In second Panel, which corre-
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sponds to the second principal component, the relevant features were: The skewness of the
component, the skewness and the number of extrema of the band-pass filtered component;
And mean, skewness, and number of extrema of the high-pass filtered component. In the
third Panel, which corresponds to the third principal component, the relevant feature was
the mean of the high-pass filtered component. In the fifth Panel, which corresponds with
the fifth principal component, the relevant features were the number of extrema of the
band-pass filtered component and the mean of the high-pass filtered component. In the
sixth Panel, which corresponds to the sixth principal component, the relevant feature was
the number of extrema of the high-pass filtered component. In the seventh Panel, which
corresponds to the seventh principal component, the relevant features were the kurtosis,
skewness, and number of extrema of the low-pass filtered component, the mean, standard
deviation, kurtosis, and skewness of the band-pass and high-pass filtered component, and
the number of extrema of the band-pass filtered component. The last Panel, which corre-
sponds to the eighth principal component, the relevant features were the mean, standard
deviation, kurtosis, skewness, and number of extrema of band-pass and high-pass filtered
component. As it can be observed, the relevant principal component are the last two, this
is coherent with the obtained results in previous experiments developed by the author [4],
where we said using the detailed components, those ones with lower variance, enhance
the fragmentation detection.

In Fig. 6.4.b we can observe the confidence interval of the ν-SVM weights, when it
is fed with the summation of regionalized principal components power from FHCM-DB.
The exhibited behavior of the coefficient is near periodic with a frequency around 10Hz,
as seen in the upper panel around feature 15, and in lower the panel in the spectrum
representation. The fragmentation waves in these records are visible by a clinician, for
this reason we thought that the apparition of these frequency bands are related with the
minimum size of fibrotic mass in the myocardium that originate fragmentation waves, if
the size of fibrotic mass is lower the fragmentation waves become invisible to the clinician.
Figure 6.4.c shows the ν-SVM weights for the ν-SVM fed with the concatenation of non-
normalized QRS from the eight independent leads from FHCM-DB. We see the confidence
interval of the SVM weights in columns 1 and 3, and their frequency behavior associated
to these weights in columns 2 and 4. In this case the in periodic behavior is clearer than
the previous experiment ,where the frequency behavior of Sfrag-DB was presented, and
the main frequency is around 60Hz.

According to the previous results, we developed a new subrogated database called
SWfrag-DB, which considers this results in order to enhance the fit between our model
and the real-world fragmentation. In the next experiment, we showed the behavior of
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Figure 6.4: Statistical relevance of SVM coefficients. (a) Confidence interval at 95% of the
ν-SVM weights for each statistic computed over the principal components of the normalized
QRS for Sfrag-DB. Each panel shows the statistics for one principal component, the statistics
were described in Section 3. (b) ν-SVM weights for FHCM-DB. Up: Confidence interval at
95% of the SVM weights for the power summation of regionalized principal components. Down:
Fourier Transform of the coefficients, seen as a transversal filter. (c) ν-SVM weights for FHCM-
DB, computed from the concatenation of non-normalized QRS extracted from eight independent
leads. The first and third columns show the confidence interval at 95% of the SVM weight for
each independent lead, the second and fourth columns show the impulse response created by
using the weights as coefficient of filter. Red lines correspond to weights the confidence interval
of which does not overlap the zero.
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the proposed detection methods when they work with this new database. Figure 6.5.a
shows the Acc for ν-SVM applied over SWfrag-DB and using each signal selection. The
best results for this database are achieved using SVM with the statistics computed over
the principal components of the non-normalized QRS, and the statistics computed over
the last three principal components of the normalized QRS. In both cases, the achieved
Acc is 0.817. These values can be seen at Panels (1,1), and (2,1). The best results are
obtained when the statistics are used as input for the SVM. On the other hand, the worst
scenario is obtained using the aggregation, the aggregation of power, or the concatenation
of components. Figure 6.5.b shows the Acc for ν-SVM applied over SWfrag-DB and using
each signal selection. As it can be observed, the best results for this database are achieved
by using as features of SVM the statistics computed over the principal components of the
non-normalized QRS achieving 0.808 Acc. These values can be seen at Panel (1,1). The
best results are obtained when we used the statistics as SVM features. On the other hand,
the worst cases appeared when is used as input, signal aggregation, aggregation of power,
or the concatenation of components.

These results are similar to the obtained in case of Sfrag-DB, and these are coherent
with the results presented in [4], where the fragmented waves information tends to isolate
in detailed components. Therefore, we must use the information from all the components.

Table 6.2 shows the results for each signal selection and classifier for SWfrag-DB.
The Acc for combination is above 0.70. The maximum Acc that was achieved was 0.82.
This value was reached using ν-SVM fed with the statistics computed over the three last
principal components of the non-normalized QRS, and using ν-SVM feed with the statistic
computed over the principal components of the normalized QRS. In general, the use of
the QRS exhibits a good performance and the worst output was presented when ICA was
computed over non-normalized beats. These results reinforce the conclusions of [4], where
we said that the use of PCA is better than ICA for fragmentation detection, because is
more stable in terms of components output, which is relevant to get good results from the
SVM.

6.3.3. Fibrosis Detection Based on Linear Models

In this subsection, we cover the results of the experiments applied over HCM-DB.
As mentioned previously, and according to clinical criteria, it is not possible to visually
identify this affection in ECG, and MRI-LGE is currently required for diagnosis. Hence,
given that fibrosis is physiopathologically related to missconduction in the heart, we tried
to apply the same algorithmic. The scheme of the tested methods was the next: A linear
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Figure 6.5: Accuracy of linear SVM applied over SWfrag-DB. (See Fig.6.2 for details) (a)
ν-SVM implementation. (b) C-SVM implementation.

Classifier Input space Signal selection Sen Spe PPV NPV Acc
NuSVM Statistics + 3PCA Non-normalized Beat 0.70 0.75 0.76 0.69 0.73
NuSVM Statistics + 3PCA Normalized Beat 0.70 0.81 0.80 0.71 0.75
NuSVM Statistics + 3PCA Non-normalized QRS 0.76 0.88 0.87 0.77 0.82
NuSVM Statistics + PCA Normalized QRS 0.75 0.90 0.89 0.76 0.82

CSVM Statistics + ICA Non-normalized Beat 0.78 0.63 0.70 0.72 0.71
CSVM Statistics + PCA Normalized Beat 0.65 0.88 0.85 0.69 0.76
CSVM Statistics + ICA Non-normalized QRS 0.76 0.79 0.80 0.75 0.78
CSVM Statistics + PCA Normalized QRS 0.70 0.86 0.85 0.72 0.78

Table 6.2: Summary of linear classifiers over SWfrag-DB.
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Figure 6.6: Accuracy of Linear SVM applied over HCM-DB. (See Fig. 6.2 for details) (a)
ν-SVM implementation. (b) C-SVM implementation.

classifier is firstly selected from both SVM algorithms; Then, the interesting ECG segment
is selected from the following ones, normalized beat, normalized QRS, non-normalized
beat, and non-normalized QRS; Finally, the input space of the classifiers is computed
according to Section 3.

Figure 6.6.a shows the Acc for ν-SVM applied over HCM-DB and using each signal
selection. The best result for this database is achieved using the statistics computed over
the QRS taken from 12 leads as input for SVM, reaching Acc = 0.68, see Panel (2,1).
Figure 6.6.b shows the Acc for C-SVM applied over HCM-DB and using each signal
selection. As it can be observed, the best results for this database are achieved using
as features of SVM the concatenation of non-normalized QRS from the 8 independent
leads achieving Acc = 0.683, see Panel (2,3). Table 6.3 shows the combinations that
achieved the best results for each signal selection and classifier. As it can be observed,
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Classifier Input space Signal selection Sen Spe PPV NPV Acc
NuSVM Statistics + 8-Ld Non-normalized Beat 0.55 0.73 0.67 0.63 0.64
NuSVM Concat + 8-Ld Normalized Beat 0.74 0.58 0.63 0.70 0.66
NuSVM Statistics + 12-Ld Non-normalized QRS 0.65 0.71 0.67 0.69 0.68
NuSVM Statistics + 12-Ld Normalized QRS 0.70 0.65 0.69 0.71 0.68
CSVM Sum + 8-Ld Non-normalized Beat 0.59 0.75 0.69 0.65 0.67
CSVM Concat + 8-Ld Normalized Beat 0.67 0.62 0.63 0.66 0.64
CSVM Concat + 8-Ld Non-normalized QRS 0.61 0.75 0.69 0.68 0.68
CSVM Sum + 8-Ld Normalized QRS 0.54 0.71 0.63 0.63 0.63

Table 6.3: Summary of linear classifiers over fibrosis database.

the minimum Acc for combinations was this time much lower, reaching only 0.64. The
maximum Acc was 0.68, achieved by ν-SVM, fed with the statistics computed over the
non-normalized QRS of the 12 leads, and the concatenation the non-normalized QRS of
the 8 independent leads. The use of non-normalized QRS exhibit a good performance,
but the results, although much lower in the fragmentation analysis. These results are
relevant because they proved the existence of fibrosis markers in the standard ECG.

The goal of the second part of this experiment, is to describe the statistical relevance
of the features of the best fragmentation detection methods described in previous exper-
iment. Hence, we performed a bootstrap analysis with B equal to 100, after which we
extracted the relevant features by selecting those ones the confidence interval of whose
weight did not overlap zero.

Figure 6.7 shows the confidence interval of the used features in the linear model that
exhibit the best Acc applied over the HCM-DB. In this case, we can observe that not
exist any non-overlapping-zero feature, hence we can say that any computed feature is
statistically significant in our linear model. Which indicates that the relation among used
features and fibrosis is not linear. Therefore, we need to explore the use of non-linear
classifiers to enhance the fibrosis detection.

6.3.4. Detection Based on Non-Linear Models

In this subsection we experiment using the same databases, and processing techniques,
but now using non-linear classifiers. The benchmarked classifiers were, the C-SVM with
Gaussian kernel, the ν-SVM with Gaussian kernel, the MLP, the KNN, the DT, and the
Gaussian NB.
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Figure 6.7: Confidence interval at 95% of the ν-SVM weight for each statistic computed over
the non-normalized QRS from the 12 leads for HCM-DB. Each panel shows the statistics for one
principal component. Blue lines correspond to weights the confidence interval of which overlap
the zero.

Table 6.4.a shows the best algorithm of each class tested over the Sfrag-DB. As it
can be seen, the best algorithm was NB using statistics computed over the output of the
principal components of the non-normalized QRS, this algorithm reached an Acc = 0.83.
The algorithm provided different accuracies depending on the used classifier, and sorting
them from top to low performers they could be listed as follows: NB, the C-SVM and
DT, the MLP and ν-SVM, and KNN. These results indicate statistical independence
among the used features for the fragmentation detection. Table 6.4.b shows the best
algorithm of each class tested over the SWfrag-DB. The best algorithm was again the
NB using the statistic computed over the principal components of the non-normalized
QRS, which achieved Acc = 0.83. According to classifier Acc, they can be sorted as:
NB, C-SVM, ν-SVM, MLP, and DT, and the KNN. In these cases, the most used features
were the statistics computed over the principal components. These results also proven the
statistical independence among the used features for the wide-fragmentation detection.
Table 6.4.c shows the best algorithm of each class tested over the HCM-DB. The best
algorithm is the C-SVM fed with the aggregation of normalized QRS from the eight
independent leads, which achieved Acc = 0.91. In this case all the classifiers reached a
significant positive Acc. According to classifier Acc, they can be sorted as: C- and ν-SVM,
KNN, MLP, DT, and NB. Unlike the subrogated databases used before, Sfrag and Swfrag,
in case of real fragmented records the results exhibit a non-linear dependency among the
used features and the existence of fragmentation.
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Classifier Signal selection Input space Accuracy
C-SVM Normalized QRS Stats + PCA 0.79

Nu-SVM Non-normalized beat Stats + ICA 0.78
KNN Non-normalized QRS Stats +PCA 0.65
MLP Non-normalized QRS Stats + ICA 0.78
DT Normalized QRS Stats + 8Ld 0.81
NB Non-normalized QRS Stats +PCA 0.83

(a)
Classifier Signal selection Input space Accuracy
C-SVM Non-normalized QRS Stats + 3PCA 0.77

Nu-SVM Non-normalized QRS Stats + 3PCA 0.78
KNN Normalized QRS Stats + PCA 0.72
MLP Non-normalized QRS Stats + ICA 0.78
DT Non-normalized QRS Stats + PCA 0.78
NB Non-normalized QRS Stats + PCA 0.83

(b)
Classifier Signal selection Input space Accuracy
C-SVM Normalized QRS Sum + 8 Ld 0.91
Nu-SVM Normalized QRS Sum + 8 Ld 0.91

KNN Non-normalized QRS Stats + 8 Ld 0.79
MLP Normalized Beat Stats + 8 Ld 0.78
DT Non-normalized QRS Stats + 12 Ld 0.79
NB Normalized QRS Stats + 8 Ld 0.79

(c)

Table 6.4: Accuracy for the best classification method of each proposed non-linear classifier
applied over the fragmentation databases. (a) Sfrag-DB. (b) SWfrag-DB. (c) FHCM-DB.

The main goal of the second part of this experiment is to determine if the use of non-
linear model classifiers exhibit best results than linear models in the fibrosis detection.
The classifiers tested in this test were, the C-SVM with Gaussian kernel, the ν-SVM with
Gaussian kernel, the MLP, the KNN, the DT, and the Gaussian NB.

In the case of HCM-DB, we can observe that better performance is achieved by
NB fed using the computed statistic from the eighth independent leads, this algorithm
presents Acc = 0.70. In this case, the overall performance is low compared with the other
databases, moreover, the use of the statistics computed over the non-normalized signals
presents the best performance. According to their accuracy, the classifiers can be divided
in three groups, namely, NB that achieves the best results, C-SVM, KNN, ν-SVM and
MLP, and finally DT achieving the worst results. These results show that the statistical
independence among the used features for fibrosis detection.
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Classifier Signal selection Input space Accuracy
C-SVM Normalized QRS Sum + 8 Ld 0.68
ν-SVM Normalized QRS Sum + 8 Ld 0.63
KNN Non-normalized QRS Stats + 8 Ld 0.65
MLP Non-normalized QRS Stats + 12 Ld 0.63
DT Non-normalized QRS Stats + 8 Ld 0.61
NB Non-normalized QRS Stats + 8 Ld 0.70

Table 6.5: Accuracy value for the best pairs of signal selection and input space for each classifier
over the HCM database.

Data Base Classifier Signal selection Input space Sen Spe PPV NPV Acc

Sfrag
Linear ν-SVM Normalized QRS Stats + PCA 0.73 0.77 0.78 0.72 0.75

NB Non-normalized QRS Stats + PCA 0.78 0.97 0.96 0.80 0.87

SWfrag
Linear ν-SVM Normalized QRS Stats + PCA 0.70 0.86 0.85 0.72 0.78

NB Non-normalized QRS Stats + PCA 0.76 0.90 0.89 0.77 0.83

FHCM
Linear ν-SVM Normalized Beat PowSum + RegPCA 0.73 0.94 0.92 0.80 0.84
RBF CSVM Normalized QRS Sum + 8 Ld 0.94 0.88 0.88 0.93 0.91

HCM
Linear ν-SVM Non-normalized QRS Stats + 12 Ld 0.65 0.71 0.67 0.69 0.68

NB Non-normalized QRS Stats + 8 Ld 0.47 0.91 0.82 0.66 0.70

Table 6.6: Summarized results for the best linear and no linear classifier for each database.

As seen in Table 6.6 the non-linear methods outperformed the linear methods in
detection of both fragmentation and fibrosis.

6.4. Discussion

The main goals of this study are two: First, the development of an algorithm allowing
the clinicians to automatic detection of fragmentation in twelve-leads ECG; Second, the
creation of an algorithm allowing the clinicians to early detection of fibrosis in the twelve-
leads ECG. According to the obtained results in [4], where we use multivariate transforms,
such as, PCA or ICA to enhance the presence of fragmentation in the ECG. We computed
several features that can modelled this situation. In case of fibrosis, due to both affections
are similar, we followed the same strategy. The developed algorithms are based on linear
and no-linear classifiers, namely, linear SVM, SVM with Gaussian Kernels, KNN, MLP,
DT, and Gaussian NB. The main advantage of linear methods is the interpretability of
their results, but in general, their behavior is lower than non-linear methods. On the other
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hand, the use of non-linear methods enhances the results obtained from linear methods,
but these one loose the interpretability of their results.

If we check the obtained results in the case of Sfrag-DB, which corresponds to the
subrogated model that extend widely the number of frequencies of the synthetic fragmen-
tation, the difference between linear and non-linear models are quite relevant. Results
showed NB as the best performing method, in terms of Acc, when applied over the statis-
tics computed to the output of PCA computed over a narrow window around QRS and
taking in the analysis just only the eighth independent leads. This method achieved 0.79
Sen, 0.77 Spe, 0.96 PPV, 0.80 NPV, and 0.87 Acc. It is relevant to mention here, which
although figures depicted are quite relevant, we are actually working with a streamed
synthetic formulation of the fragmentation wave. This model could help to know the
behavior of proposed algorithms over well-known signals before applying them over real
cases.

Moving now to the second used database, SWfrag-DB, which is a subrogated model
that articulates a more restrictive range of frequencies to enhance the fit to the real
fragmented signals, results did not move away from the previous ones. For this case,
results were the following for the best scenario, 0.76 Sen, 0.90 Spe, 0.89 PPV, 0.77 NPV,
and 0.83 Acc. As it happened in Sfrag-DB, according to the best classifier, NB, the results
shown and statistical independence among the selected features for the fragmentation
detection.

The third used database was FHCM-DB, which contains the real fragmented records.
The results showed a much better figures than the subrogated models. This can be due
the wide extension of the free parameters set in the synthetic model, appears to be too
extensive compared to the effective real case. The best method was for this case then the
C–SVM with Gaussian kernel over the aggregation of the normalized QRS from the eight
independent leads. Final figures were 0.94 Sen, 0.88 Spe, 0.89 PPV, 0.93 NPV, and 0.91
Acc.

A new and challenging situation was found for our team when it was proposed by
the clinicians to evaluate this very same techniques over the HCM-DB, which contains
records from patients affected by fibrosis. Where as mentioned earlier in this Thesis, very
little references are found in the scientific processing literature in this area. This lack
of references is justified due to fact that these affections are rarely visible in the ECG,
and diagnosis always require from an MRI-LGE. Though, academic researchers do not
set their target on this affection when working with ECG processing. We hypothesis
in this work, which although it might not be visible in the ECG, electrophysiological
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components related to the misconducting cells, could eventually be present inside the
signal. The provided results are relevant, not because of the merit figures obtained, which
are much lower than in the case of fragmentation, but unique as a clinical reference for
better diagnosis. The best proposed method is compounded by NB classifier applied over
the statistics computed from the real QRS of the eighth independent leads, and the merit
figures obtained were 0.47 Sen, 0.91 Spe, 0.82 PPV, 0.66 NPV, and 0.70 Acc. As reader
can see, even the results were not that good in terms of Sen, the presented algorithm
achieved a high value of Spe. This is especially relevant, as nowadays does not exist any
algorithm that allow the clinicians to evaluate the presence of fibrosis based on the ECG.



Chapter 7

Algorithms for Telemedicine Device

7.1. Introduction

This chapter is written according to the previously published work [5] by our research
team in an indexed journal.

Recent technology developments create social environment where there are a large
number of affordable commercial devices for ECG recording or also for ABP signal mea-
surement, and all of them for home usage, although to our knowledge, there is not a
none-ambulatory one able to record, measure, process, index arrhythmia diagnosis and
transmit that information to centralized heath service, and even more, a complete system
that is clinically validated.

In this chapter we present the VitalMob telemedicine system for heart monitoring,
which was developed as part of the VitalMob Project (see Acknowledgement section), and
describes the portable device designed and built, as well as its companion smartphone app.
The device is capable of recording high quality ECG signals as well as measuring blood
pressure. The VM1 is controlled via a Bluetooth LE connection by said smartphone app
that also guides the user through the multiple steps of the measuring process. Device
and app were both jointly designed for maximum ease of use so that any common older
person could use it with no external aid. If assistance were necessary, any relative or friend
would be able to help with no previous training. The ECG signal can be visualized during
the measuring in real time by its user, who can decide whether to upload to the cloud
after recording it, or to repeat the process if something went wrong. Similarly, the ABP
measurement is also shown and can be repeated before it is sent. Once in the cloud, data
are analyzed by specifically developed algorithms that look for potential problems and
anomalies (e.g., arrhythmias). If anything, unusual is detected, the doctor is warned so
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that she can inspect the recorded data through any internet-capable device, and visually
confirm if it is a real problem and decide how to proceed.

This chapter is organized as follows. First, in Section 7.2, an overview of the materials
and methods used in this work is described, including the VM1 device, its smartphone
app, and the remote e-health platform. Section 7.3 presents and analyzes the experiments
and results that were used for testing the VM1 device and the ECG analysis algorithms.
Finally, Section 7.4 is devoted to the presentation of the main conclusions of this work
and how it could evolve in the future, followed by a mention of the patent that has been
derived from this work.

It note that the author contribution was made in algorithm creation, testing, and the
ambulatory scenario validation. The VM1 device design, and electronic implementation
were made by CETEM and RGB companies.

7.2. Materials and Methods

In order to allow a better comprehension of this work, we structured this section as
follows. First, the hardware of this novel device is presented, focusing on its more relevant
features. Second, the smartphone application that masters the behavior of the device is
presented showing how it works. Finally, the remote e-health platform is explained fo-
cusing on the performance of the different and implemented ECG processing and analysis
algorithms.

For the end user, the VM1 portable monitor is the core of the VitalMob system,
which has been designed with a very ergonomic round and wide shape that includes two
separate areas for placing the hands over two ECG electrodes. The VM1 is a sensor device
capable of ECG monitoring and includes an ABP cuff, connected via BluetoothTM to a
mobile application that provides the user interface, carries out the necessary processing
and storing and also displays the acquired data in real time during the measuring process.
The application also acts as a gateway through which the acquired data can be sent to
a remote cloud platform for automatic medical analysis, and overview of whole e-health
system can be seen at Fig.7.1.
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Figure 7.1: System architecture. e-Health device (VM1) functionalities and two available user
interfaces. (Interface 1) Mobile application directly connected to VM1 via Bluetooth. (Interface
2) Telehealth cloud-based platform and services.

7.2.1. VM1 e-health Device

Many different requirements were identified during the research and the development
activities of the VM1. Most of them were related to the hardware design of the system
(not only the electronics, but also the design of the external physical case). Specifically,
the VM1 includes a portable ABP cuff with a compressor and a two-electrode ECG
measuring device, as well as other required hardware elements (see Fig.7.2), such as a
battery, a wireless connectivity module (BluetoothTM), a processor that orchestrates the
rest of the system elements, and the communication with the mobile application. This
app stores the data of the measurements collected and sent by the VM1, and it controls
the VM1 itself through the BluetoothTM communication interface.

The VM1 ECG monitor includes two metallic electrodes located on top of the appa-
ratus, and it is arranged to be used by grasping it with both hands on the electrodes.
The user controls the device from an application installed in a mobile device, which can
be placed on a dedicated surface located between both hands. This surface also separates
both hands to prevent contact, since this would greatly reduce the voltage difference and
corrupt the ECG signal. The communication connection between mobile and portable
device is based on BluetoothTM 4.0. The VM1 aims to be used by the elderly (or people
with heart monitoring needs) by their own, without any additional assistance (neither
requiring intervention of medical staff). Hence, the device design has to be ergonomic
and easy to use at home environments.
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Figure 7.2: Hardware modules. Main module (microcontroller, battery management, Bluetooth
communication and signal adapters), and external sensor modules (ECG and ABP).

An exhaustive, precise, and innovative design has been achieved. The designed device
has an oval shape and two metal plates electrodes are placed in the upper lateral areas
of the device for ECG measurements. The electrodes are surrounded by handprints that
indicate how to place the hands-on top of the electrodes in order to obtain ECG mea-
surements at the same time. The oval shape and handprints facilitate hands placement
and reduce error possibilities during the measurement procedure, because hands position
is unique, unlike other devices that require the placement of the electrodes in different
parts of the body. The oval shape also facilitates ergonomics and comfort for users. The
device can be placed on the user’s lap reducing the risk of falling and breaking, and it
can also be hold and moved with one hand. The design stages from concept to prototype
are shown in Fig.7.3. The VM1 has a flat wide base at its bottom to provide stability
directly on almost any surface (for instance a table, bed, or user’s lap). A holding base
on which to place the mobile device is situated in the center upper part of the portable
device, facilitating the visualization and operation of the whole process during the acqui-
sition of ECG and ABP measurements through the application. Nevertheless, the mobile
device can be placed in another nearby location (such as a table), or even be controlled
by another person at a distance, as long as the device and the mobile device are within
the range of the BluetoothTM connection.

The VM1 design includes a large cavity in the middle part of the structure, under
the support of the mobile device. This cavity has been designed to house measuring
accessories, including additional connectors to two optional wired electrodes and their
cables for contact in any part of the body, as well as the cuff for ABP. These optional
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wired electrodes can be connected to the VM1 through two additional connectors. There
are two modes of operation. In the first mode, they can be electrically connected to the
metal electrodes located in the device upper zone, for example if the user needs an ECG
with only two electrodes but placed directly on her chest. In the second mode, these two
additional wired electrodes can add up to the existing ones providing a total of four. This
is useful for some pathologies that need to analyze a greater number of leads. Thanks
to these additional wired electrodes, the user can place them on the chest closer to the
heart to collect more precise signals. These electrodes also provide a better electrical
skin contact to improve the ECG signal quality. Older people with hand tremors can
only take their ECG with these extra electrodes, since a lot of noise is introduced in
the measurements if hands are not static. This noise is eliminated by placing the wired
electrodes at the same points that traditional chest ECG. Moreover, in this case the data
wave is identical to a traditional ECG lead I. Specifically, the two additional connectors
for electrodes are situated on the sides of the cavity, while the connector for the ABP cuff
is located in the central part of the hole.

7.2.2. VitalMob App

The mobile app is a fundamental part of the VitalMob system allowing users to
control the device, to store and visualize acquired data, and to send it to a remote e-health
platform. The main target end-users of the system are the elderly, and it is necessary
to consider the limitations of this population sector. For example, they usually are not
familiar with managing this type of applications and information and communication
technologies (ICT) devices. The app includes different functionalities, and most of them
are transparent to the user to facilitate its use, which are the following:

Login process is the initial login screen is included to identify the user, so that
username and password have to be entered correctly. This is essential for a proper
match between acquired data and user or patient identification. It should be noted
that the system can be used by different users with a unique mobile phone, and a
login process prevents any potential error of data assignment to a wrong user.

Guided measurement procedure. The app includes an easy and guided procedure for
daily routine measurements with different screens until the ECG or ABP is acquired.
This procedure is very simple and has easy-to-follow steps for: (1) Reminding the
process goal (ECG or ABP) and selection of daily/exceptional measurement; (2)
Push power button of the VM1; (3) Stablish the BluetoothTM connection; (4) Place
the hands on the device or put the cuff in the arm; (5) Actual measurement; And
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(a)

(b) (c)

(d) (e)

(f) (g)

(h) (i)

Figure 7.3: Different stages in the VM1 design from concept to prototype. (a-e) Portable and
ergonomic design concept description and different views. (f,g) Case designed using standard
computer aid design (CAD) software tools, such as, Rhinoceros R© or 3D Studio Max R©. (h,i)
Final VM1 prototype made using precise state-of-the-art 3D printers.
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(6) send data to platform. The complete app functionalities block diagram and its
control flow can be seen at Fig.7.4.

Exceptional measurements. The system can also be used when the user feels any
pain or symptom (fatigue, vertigo, palpitations, chest pain, among others) In this
case, the user introduces a description of his symptoms and this information is also
sent to the remote e-health platform.

ECG measurements. The user is able to visualize ECG data in real time during the
measurement. This functionality is very useful for the user to decide whether to
accept or reject the acquired ECG data. During the ECG measurement process the
user can have any interruption and be forced to abandon the process, and in this
case the she or he can reject the acquired data and proceed with a new acquisition
later.

ABP measurements. The ABP measurement is a unique process that requires the
proper placement of the cuff on the user’s arm while being in a comfortable posture.
In case of any interruption or problem during ABP measurements, the user can
reject the acquired data.

Data storage. The app is configured to store the data in mobile memory in a file
with csv extension. Sometimes the user does not want to send the data to the e-
health platform immediately. In this case, data can be stored in the mobile phone
to be sent later (when a Wi-Fi network is available, for example).

Send data functionality. The acquired data has to be sent to an e-health platform
for remote automated analysis. The data can be sent using existing Wi-Fi or data
network connection from the mobile phone to the remote e-health server.

Cancel and exit. The user can exit from the application at any point of the mea-
surement procedure. All screens include an exit or cancel button.

The application interface is specifically designed to adapt to the elderly, in a very
easy-to-use way. The interface includes big buttons and the essential options (two or
three options per screen) with big and high-contrast representative images to clarify some
aspects of the device working mode. The app screen upper side contains a brief description
of the step of the procedure and includes a big image at the center describing the next
required action. App options and buttons are included on the bottom of the screen, and
the user navigates through the app by pressing these buttons. Measurement procedures
are very easy to follow, the interface includes Next buttons to continue with the procedure
in a very simple mode, as it can be observed in Fig.7.5.
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Figure 7.4: App flow block diagram.

7.2.3. Remote e-health Platform

It is a versatile and configurable platform. It includes questionnaires to collect
patient information and support for patient assistance reports.

It is offered as software as a service, so it is cheaper than other custom tools, and
with potential integration with any clinical services.

It allows remote monitoring of patients using different tools such as questionnaires
and online consultations.

The collected data are easily integrated in a database and it is available for download
in different formats.

It includes received signal conditioning filtering, HRV analysis techniques, and QRS-
complex morphology enhancement, as explained next.

In this system, we developed a classical three-stage algorithm to perform the ECG
analysis. These three parts are: Signal adequation, where different signal processing steps
are applied over the signal in order to remove (or at least reduce) the total amount of
present noise; Beat detection, where a tailored version of the well-known PT method was
developed by us and applied; Finally, Rhythm and morphology analysis, where the heart
rhythm is inspected in order to detect different kinds of arrhythmias, and a beat template
is created to allows clinician to enhance their morphology visual inspection.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

Figure 7.5: App interface design. (a-d) Login and initial screenshots. (e-g) ECG measurement
procedure screenshots. (h-k) ABP measurement procedure screenshots.
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In the signal pre-processing stage, several filters were implemented in order to reduces
the present noise. According to [1], we implemented a low-pass filter with a cut-off
frequency of 75 Hz in order to preserve the signal morphology. The BW was removed
by using a cubic spline interpolation, using as knots the mean value of signal segments.
The PLI was reduced by applying a notch filter centered in 50 Hz, which is the powerline
frequency in Spain. Finally, the so-called large amplitude noise was found to be present in
this type of sensors, and it was removed by using a special filter designed for this purpose,
which computes following next steps: (i) The signal is divided in blocks of 0.5 seconds; (ii)
The standard deviation in each block is computed; (iii) The mean and standard deviation
are computed for every ten previous standard deviation blocks; (iv) Finally, a threshold
based on mean plus twice standard deviation is used to remove the noisy blocks.

After reducing the present noise in the ECG, the QRS-complexes are detected in the
beat detection stage, according to [2]. The used method is based in feature signal creation,
which enhances the morphology of QRS-complexes, and to create it, the following filters
was applied,

H(z) = 1
10(−2z−2 − z−1 + z + 2z2) (7.1)

After that, a threshold-based on filtered signal mean and standard deviation is applied
to select the QRS-complexes location zones. Afterward, each zone is separately processed
to find the QRS exact position by searching the maximum amplitude of the segment.
Finally, the detected peaks are passed through a simple filter that removes the artifacts,
for which their difference with the closest peaks is smaller than refractory period.

Finally, in the rhythm and morphology analysis stage, two techniques were developed.
After collecting the QRS-complexes exact position, we defined a number of warnings,
namely: Rhythm alteration, which represents a RR interval that differs more than a 30%
of previous interval; Pauses, which are detected as RR intervals longer than 3 seconds;
And AF detector, which is an illness characterized by the atria randomly beating and it
may causes a worsening in patient quality of live, as well as an eventual possible risk of
penitential deadly diseases.

The AF detection is performed by using the Lorenz-Poincaré diagram. According
to medical knowledge, a randomly distributed Lorenz-Poincaré diagram is a good AF
marker [60]. Therefore, we implemented a Lorenz-Poincaré tailored version so that, in
this representation the abscissa axis represents the RR interval value, while the ordinate
axis shows the derivative of this interval. From an algorithmic standpoint, we proceeded as
follows: First, the RR are denoised by removing the outlier values, for which we consider
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a RR interval as outlier if it meets the next condition,

O1[n] = RR[n] > P25(RR)− 3IQR(RR) ∧RR[n] > P75(RR) + 3IQR(RR)
O2[n] = dRR[n] > P25(dRR)− 3IQR(dRR) ∧ dRR[n] > P75(dRR) + 3IQR(dRR)

O[n] = O1[n] ∨O2[n]
(7.2)

where O1[n] represents the n-th outlier depending of RR interval, O2[n] represents the
n-th outlier depending of RR interval derivative, O[n] represents the n-th outlier, RR[n]
represents the n-th RR interval, Px(y) represents the percentile x of y, IQR(·) represents
the interquartile range, and dRR[n] represents the RR derivative. After RR interval
denoising, the diagram is discretized creating equally sized bins in both axes; Then, the
number of points inside each bins is computed; Finally, the disorganization is measured
by computing the percentage of full bins, so that the higher values of this coefficient would
eventually correspond to a higher probability of the existence of AF episodes.

In case the of morphology enhancement processing, we applied an algorithm developed
by our group, presented in [104]. This stage is performed by a process that creates a low
noise beat template that fits clinical criteria for visual inspection and evaluation. To do
so, only properly correlated beats are considered for the statistical filtering purpose. The
detailed process is describe here after: (i) The beats are split according to the heart rate,
selecting the 40% (60%) of total cycle before (after) each detected R wave; (ii) A 10% of
total cycle duration window is centered in the R waves, selecting the QRS-segment; (iii)
The correlation coefficient is computed for each one of these segments; (iv) Finally, those
segments that achieve a coefficient value higher than 99.5% are averaged in order to create
the beat template, which is a low-noise wave-forms where the clinician can evaluate ECG
morphology.

7.3. Experiment and Results

The performed experiments can be divided in four main parts, namely: Algorithms
testing, where the algorithms are tested over classical ECG signals in order to validate
them; Electrode testing, where a new type of ECG electrode is compared with the classical
ones; System comparison, where the VM1 is compared with the BIOPAC system; And
ambulatory scenario testing, where the whole system is tested on real patients.
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7.3.1. Algorithms Testing

In this set of experiment, we carefully preformed the free parameters fine-tuning
of mentioned algorithms specifically for the device characteristics in order to meet the
clinical requirements given by expert clinicians from HCUVA at Murcia, Spain. The
ABP technology integrated into the VM1 had been previously validated by RGB, so this
section focuses only on ECG-related experiments and results.

Figure 7.6.a shows the effects of the different implemented filters over a VM1 recorded
signal. As it can be seen in Panel 1 (2), which shows the raw (filtered) signal, the
VM1 device induced a DC value around 16 mV that is reduced by the implemented
filters. Moreover, Panel 3 (4) that shows the detailed raw (filtered) signal, as the baseline
drift observed in Panel 3 is reduced as it is shown in Panel 4 due to implemented filter,
although the low-pass filter performs a moderate noise reduction due to it conservative
cut-off frequency value. Figure 7.6.b shows the beat template, which is a low-noise most
common morphology presented on the ECG and is used to perform clinical analysis.

As explained in Section 3, we implemented a tailored version of PT QRS-complexes
detection algorithm, and in this stage we tested different algorithm internal thresholds,
selecting the one that achieved better results after carefully visual inspection of the de-
tected beats. Figure 7.7 shows an example of the three main stages of the implemented
algorithm, namely: Filtering, which is represented in Panel 1 and it is the output of the
filter bench previously explained; Feature signal computation, which is generated by ap-
plying the equation seen in Section 3 over the filtered signal and squaring the results, as it
can be seen in Panel 2 where the feature signal appears in blue and the threshold applied
appears in red; Peak detection, time-amplitude-based thresholding process as shown Panel
3, where the amplitude-based threshold selects the regions of QRS-complexes; And Panel
4, where the time-based threshold allows to remove the non-QRS peaks by selecting these
peaks that are greater than their neighbors.

The AF detection algorithm, which is a customized version of the one previously
presented [60], was tested over a Holter database that presented different types of ar-
rhythmias. The detector presents 95.3% sensitivity, and 88.8% specificity, these values
were reached using 75s length segments. Two Lorenz-Poincaré diagram examples are
shown in Fig. 7.8 one for AF and another for non-AF rhythm.
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Figure 7.6: Different implemented filtered effect and beat template. (a) Implemented filters
effect, Panel 1 shows Raw signal, Panel 2 shows filtered signal, Panel 3 shows detailed raw signal,
and Panel 4 shows detailed filtered signal. (b) Computed beat template for morphology scope
tasks.

7.3.2. Electrode Experimental Evaluation

On the other hand, the ECG functionality was initially tested with some hardware
changes. Although the definitive VitalMob device integrates two metal electrodes for
direct contact with the hands, the initial system was tested with capacitive electrodes from
PlesseyTM for non-direct skin contact measurements. A set of recordings was completed
with more than 100 signals with electrodes placed in different body areas, registered in
HCUVA at Murcia, Spain, under clinical supervision [144]. The computational processes
integrated into the remote e-health platform (signal filtering, beat detection algorithm,
and QRS-wave conditioning) were validated at this initial stage, but finally, and due to
lack of precision and high noise in many of the trials, the electrodes were changed from
PlesseyTM to metal plate ones.
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Figure 7.7: QRS-complexes position detection stages. Panel 1 shows the filtered signal, Panel
2 shows the computed squared features signal, Panel 3 shows the thresholded features signal,
and Panel 4 shows the detected QRS-complexes.
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Figure 7.8: Implemented Lorenz-Poincaré tailored version, where the left panel shows an exam-
ple of non-AF patient, and the right panel shows an example of AF patient. Note the dispersion
of the point cloud in case of AF compared with the non-AF case.



7.3. EXPERIMENT AND RESULTS 165

7.3.3. Initial In-lab Hardware Testing

VitalMob ECG functionality was tested again with more than 20 signals acquired
with the final metal plate electrodes. The experimental setup of this tests consisted on
acquiring ECG signal from the VM1 and a BIOPAC system [145] simultaneously.

The BIOPAC system is widely used in the bio-signal research field [146, 147, 148].
The BIOPAC physiological measurement system, so-called BIOPAC MP150, was used to
obtain ECG data. Specifically, the electrocardiogram amplifier module (ECG100C) was
connected to the BIOPAC system to record the ECG signals. A three-lead configuration
was used for collecting ECG data, so that the white lead was connected to SHIELD and
VIN- on the ECG100C module, the red lead was connected to SHIELD and VIN+ and
the black lead was connected to GND.

During the tests, the user was seating on a chair. Measurements from VM1 and
BIOPAC system were acquired simultaneously and compared against each other to verify
proper VM1 performance. Figure 7.9 shows three comparison examples among acquired
signals from three different users.

7.3.4. Ambulatory Scenario Validation

VitalMob system was tested with 60 patients from the Arrhythmia Unit in the
HCUVA at Murcia, Spain, under clinical supervision. This experiment serves a dual
objective: First, it allows to evaluate the signal quality to perform diagnosis and validates
the algorithm; Second, it also allows to know how different users, including older adults,
interact with the device.

We noticed that the signal quality is improved if the patient grabs the device from
both sides using her/his thumbs to contact the electrodes. In case of putting the hands
on the electrodes with the devices on the table, the involuntary tremors of some older
patients induce an interference, as it is shown in Fig. 7.10.

After this experiment, we used the second type of grip hereafter. The patients were
randomly assembled along several weeks. After recording them, an expert clinician di-
agnosed each of them, reporting the next types of diseases: 15 records presented nor-
mal rhythm patients, 2 records presented atrial arrhythmia, 2 records presented normal
rhythm with enlarged QRS, 2 records presented atrial extrasystole, 6 records presented
ventricular extrasystole, 4 records presented atrial fibrillation or flutter, 3 patients with
implanted ventricular stimulation pacemaker, 1 patients with implanted atrial stimulation
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Vitalmob: User 1 Biopac: User 1

Vitalmob: User 2 Biopac: User 2

Vitalmob: User 3 Biopac: User 3

Figure 7.9: VitalMob and Biopac ECG samples acquired.
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(a) (b)

Figure 7.10: Signal quality depending on how patient holds the device. (a) Device on table and
the hands-on electrodes. (b) Device held side-by-side by patient with the thumbs on electrodes.
Note the signal quality difference between the two types.

pacemaker, 2 patients with non-identifiable rhythm due to EMG noise, and 25 healthy
control patients. Figure 7.11 shows an example for several of these diseases, except for
the healthy patients, which are not shown due to their low clinical relevance. Note that
the worst case is the ventricular extrasystole due to the sign inversion of QRS-complexes,
although the atrial fibrillation is detected by our algorithm.

7.4. Discussion

This chapter presents an overview of a novel telemedicine solution for in-home heart
monitoring developed in a research project called VitalMob. Its main objective was to
create a very simple, high quality, and easy-to-use portable ECG and ABP monitor with
cloud-based automatic analysis within a complete e-health platform that could be used
by people with low technical skills or no medical experience, such as older people and
in general most of heart disease patients. This solution contributes to reducing health-
related costs and at the same time it allows self-monitoring which can be done regularly
and as soon as the patient might need it.

The chapter mainly focuses on describing the VM1, a portable device, and its com-
panion smartphone app. Much effort has been put in order to make the VM1 highly
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Figure 7.11: Example of records collected in HCUVA, (a) enlarged QRS, (b) supraventricular
extrasystole, (c) atrial tachycardia, (d) atrial flutter, (e) AF, (f) ventricular extrasystole, (g)
atrial stimulation pacemaker, and (h) ventricular stimulation pacemaker.
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ergonomic and convenient to use. It is capable of recording high quality ECG signals
as well as measuring ABP. The VM1 is controlled via a BluetoothTM low energy (LE)
connection by a smartphone app that guides the user through the multiple steps of the
measuring process. Device and app were both jointly designed for maximum ease of use
so that any common older person or cardiac patient could use it with no external aid.

The ECG signal can be visualized during it measurement in real time by the user,
who can decide whether to upload to the cloud after recording it, or to repeat the process
if something went wrong. Once in the cloud, data is analyzed by our developed algorithms
that look for potential problems and anomalies (e.g., arrythmias). If anything, unusual is
detected, the doctor is warned to inspect the recorded data through any internet-capable
device, and visually confirm if it is a real problem and decide how to proceed.

In the most common mode of ECG operation the user places its hands over the flat
electrodes embedded on the top of the VM1 case. This makes ECG measurement much
easier for non-expert users, and although it compromises some ECG quality in return, it
has been proven that it is still sufficient to highlight many common potential problems.
If that is the case, then a more complete ECG in the hospital could be prescribed.

The main value proposition of the integrated system solution described is the multi-
functional and quadruple result achieved, providing a real-effective solution to an existing
need, under a closed perspective and including all the necessary agents, which ended up
conducting to an accepted patent. The first aspect, the real need, could be proven by the
financial grant provided by the Spanish Ministry referenced below in the acknowledgments
section. Regarding the comprehensive and complete vision, it is necessary to point out the
proven usability, a sound design, the application and development of the required specific
algorithm (signal adaptation, delineation, detection, and affection identifications), and
the end-to-end clinical validation of the proposed solution-system. Under the usability
perspective, the proposed solution has been tested by a commercial company, actively in
operation, which has been devoted for years to the development of digital medical ser-
vice platform and solutions, as well as by a solution-development entity integrating the
entire furniture-hub in the region of Murcia. Under the perspective of the sensorization,
the team incorporated the cutting-edge technology from a company specifically dedicated
to sensors and hardware development. Under the perimeter of the signal processing, the
proposed solution was developed by the academic-research teams, incorporating the latest
generation signal-processing algorithms supported by the experience of decades of research
in the electrophysiology field. Finally, the system has been validated, in all its individual
elements as well as end-to-end, by the specialized clinical team of the medical services of
the reference hospital, ensuring that the results obtained thus meet their requirements.





Chapter 8

Conclusions and Future Work

8.1. Conclusions

The proposed objectives of this Thesis were the following ones: (i) To develop a
novel ECG signal quality classification; (ii) To create a beat detection algorithm for
LTM scenarios; (iii) To develop a QRS-complex fragmented detector over classical ECG;
(iv) To create a myocardium fibrosis detector over classical ECG; And (v) to develop
ECG analysis algorithms for a commercial telemedicine system. This section is written
according to these previously published works [1, 2, 3, 4, 5].

In case of the Objective 1a, we developed a novel algorithm for manual ECG signal
quality classification. According to this algorithm, we created a Gold-Standard database,
which is the most deeply analyzed as far as we know and presents a total duration about
175 hours continuously labelled. These labels are organized into five levels from noise-free
to non-legible signal according to the clinical information that can be extracted from this
signal segment. In contrast to other studies, which add artificial noise to a clean baseline
ECG, our approach uses a real database with real noise (10 EER and one 7-day Holter
recordings), and both, the proposed criteria and the noise maps, are based on the clinical
needs for ECG interpretation. We conclude that their use is a highly desirable direction
to improve the data quality when analyzing the measurements on LTM scenarios, such as
EER recordings or 7-day Holter monitoring. With the relevance of the emerging modalities
of LTM in current health and wellness scenarios, this represents a need nowadays.

In order to meet the Objective 1b, we developed an algorithm for automatic beat
detection suitable for LTM scenarios. Our algorithm presents the following figures of
merit over the well-known MIT-BIH arrhythmia database, 99.5% Sen, 99.5% Spe, 99.7%
PPV, 99.5% Acc and 0.9% error; On the other hand, when this detector is applied over
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the presented LTM database, the obtained results are 99.7% Sen, 93.97% Spe, 99.1%
PPV 99.4% Acc, and 5.3% error. According to these figures of merit, we can conclude
that the proposed scheme yields better results than other detectors in such a way that
some improvements proposed in this Thesis are not limited to LTM recordings, but they
also can be very well applied to conventional Holter. The proposed methods to increase
robustness against noise are among the most reliable procedures to hold the performance.

Nonetheless, one of the main drawbacks of the current application is the long patient
monitoring period itself. Dealing with the acquisition system during such long time pe-
riods becomes uncomfortable and highly tiring for any individual, which thus inevitably
reduces the proper care into the system during some periods of the seven recording days.
This natural disregard causes, therefore and unavoidably, disconnection failures of the
electrodes, which are in fact the main cause of errors, and also the reason why the error
rate increases in LTM. Improving the recording systems to be technically more efficient
would partially alleviate this situation. However, from an analytical standpoint, a better
understanding and characterization of noise is needed to enable a correct delineation of
the ECG according to its clinical validity. The elimination of invalid segments from a
clinical viewpoint would partially and realistically reduce the error rate in QRS detection.

In order to comply with the Objectives 2a,2b a preliminary study was done. According
to the clinicians in our research team, the fibrosis ECG hints must be similar to the
fragmentation ones. For this reason, we firstly characterized the fragmentation within
the ECG, and more specifically inside the QRS-complex. To this end, preprocessing has
been carried out to eliminate noise and non-intrinsic components. Signal adjustment
was performed applying the described statistical signal filtering, which consolidates a
suitable shaping of the signal for further processing, by using the described beat templates.
For convenience and to analyze the fragmentation behavior with multivariate analysis,
a subrogated model including fragmented components has been developed based on the
mentioned beat templates from healthy patients. The results of the different experiments,
using PCA and ICA, have originated the conclusions detailed below.

First, the exclusive use of the independent leads of the ECG, both in PCA and in ICA,
substantially improves the behavior in the comparative analysis of the subrogated signal
versus the signal not including fragmentation. In particular, in the case of PCA using
only the 8 independent leads, it is shown a dispersion reduction to the half (0.14 to 0.07),
compared to the case when all ECG components were incorporated in the processing.

Second, although it would be desirable the fragmentation consolidation in the prin-
cipal and cleaner lower order components after PCA or ICA transformations, our results
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did not show it. Alternatively, results showed that the injected fragmentation material-
izes with a greater proportion in the detail-leads (larger order). In particular, its average
quadratic contribution, estimated as the RMSE of the difference of both signals before
and after the transformation, for the case of PCA, showed quantitative improvement in
more than 99% of the cases using only the three last components of the transformed
signals, versus the best results in the original signals.

Third, since this type of affections visually debuts in certain regions, and being con-
sistent with the clinical criteria, it could be assumed that the analysis using only the
corresponding leads where the fragmentation is found, would eventually facilitate the
automated detection. But the results obtained contradict this hypothesis. From this
perspective, it could be argued that, although conceptually it makes sense, the existence
of a greater number of components, together with the redundancy of the information in-
cluded the mathematically dependent leads, contributes positively to the fragmentation
isolation in the detail components. Finally, note that the obtained results show better
performance of the multivariate analysis using PCA versus ICA. In this setting, it could
be argued that the requirement of independence of the components challenges the model,
forcing not necessary and additional restrictions to the multivariate transformation, and
limiting the consolidation capacity of the fragmented elements to be isolated in the detail
components.

After this preliminary study where we used multivariate transforms, such as PCA or
ICA, to enhance the presence of fragmentation in the ECG, we computed several features
that can model this situation. In case of fibrosis, due to both affections are similar,
we followed the same strategy. The developed algorithms are based on linear and non-
linear classifiers, namely, linear SVM, SVM with Gaussian Kernels, KNN, MLP, DT, and
Gaussian NB. The main advantage of linear methods is the interpretability of their results,
but in general, their behavior is lower than non-linear methods. On the other hand, the
use of non-linear methods enhances the results obtained from linear methods, but these
ones lose the interpretability of their results.

As a general conclusion, we can state that the algorithms and techniques presented
in this work opens a wide range of possible applications, such as, the development risk
assessment tool for early diagnosis of misconducting affections namely, fibrosis, or frag-
mentation, among others. In fragmentation case, the obtained values are very much
comparable positively with results published in literature, improving slightly all existing
reported results, these were 94.1% Sen, 87.5% Spe, 88.9% PPV, 93.3% NPV, and 90.9%
Acc proving a non-linear dependency among the selected features and the presence of
fragmentation in the records. On the other hand, the results in fibrosis detection case are
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especially relevant, 47.4% Sen, 90.5% Spe, 81.8% PPV, 65.5% NPV, and 70.0% Acc, as
nowadays does not exist any algorithm that allows the clinicians to evaluate the presence
of fibrosis based on the ECG.

Although numerous ECG-devices are currently being commercially launched to the
market, to our knowledge, there are not published works that integrate, a clinically vali-
dated system, covering completely the full value chain, that combines ECG recording and
ABP measurement, as the one presented here. Above all, it is relevant in this case that
the presented product is especially devoted to the elderly for home usage, and it is able
to generate arrhythmia alarms, and to connect with the public or private health services,
this meet the fourth proposed objective. Compared to similar commercial solutions, the
VitalMob system is the only one that can send ECG and ABP data to the cloud for
immediate data analysis in search of potential problems. Moreover, the VM1 is versatile
enough to provide three modes of operation: 2 embedded electrodes, 2 wired electrodes
and 4 wired electrodes. If the user suffers from hand tremor or if a higher quality or lower
noise ECG is required, two optional wired electrodes can be directly placed over the user’s
skin instead. These two wired electrodes can add up to the flat electrodes if a 4-electrode
ECG were required. Finally, the VM1 has been validated in two stages under medical
supervision obtaining an AF detection, evaluated over 75 s length segments, merit figures
of 95.3% Sen, and 88.8% Spe.

Future Work

According to the reached objectives and research lines followed by our team, further
work needs to be done in each of one presented areas, namely, analysis methods for novel
LTM registers, new diagnostic and prognostic risk indicators in classical ECG, and new
telemonitoring devices.

First, it is necessary to develop an automatic method to ECG signal segment classi-
fication according to the proposed algorithm. In recent years, a number of new learning
methods, such as deep learning, have been developed, due to its characteristics can be a
good option to continue with this work. But first, it is necessary to enlarge the Gold-
Standard database in order to get a huge amount of data to ease the deep learning
algorithm appliement.

On the other hand, in the case of beat detection algorithm it is necessary to merge it
with the previously explained signal quality system, moreover, the processing time must
be reduced if we want to work with 31-day Holters, all of this achieving better results
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than the exhibited here. Moreover, this work is a first step in order to create a complete
LTM analysis suite, which needs the implementation of a QRS-complex family classifier,
and an arrhythmia detector.

In the case of the new diagnostic and prognostic risk indicators, we also think that
this work opens a new opportunity in the ECG processing field to analyze and eventually
develop improved algorithms for fibrosis detection to enhance the sensitivity presented in
this work. Additionally, we think that other transformation techniques, not included in
this Thesis (EMD, wavelet transform, among others) could also be evaluated to improve
the results presented here, which could end up creating a clinically validated score for
misconducting affections. We propose the use of other multivariate transforms, such as
EMD, VMD, or wavelet transform in order to reach a better fibrosis detection, we also
put forward the creation of an index that takes into account the severity of this affection
and can be related with the risk of suffering potentially deadly cardiac events, such as,
deadly arrhythmias, strokes, or ventricular fibrillation, among others.

Finally, in case of the new telemonitoring devices, our research team joint with RGB
and CETEM’s R&D teams propose working for enhancing the VM1 so that it can be used
to estimate other hemodynamic variables that may shed more light on other cardiovascular
pathologies such as HF, and several arrhythmias types.
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[143] B. Whitaker, M. Rizwan, B. Aydemir, J. Rehg, and D. Anderson, “AF Classification
from ECG Recording Using Feature Ensemble and Sparse Coding,” in Computing in
Cardiology, 2018.

[144] J. Hernández-Ortega, F. F. Gimeno-Blanes, J. L. Rojo-Álvarez, J. A. Flores-
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