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Abstract

The present Thesis addressed the proposal of advanced methods for the anal-
ysis of intracardiac electrograms (EGMs). EGMs are a valuable source of
clinical and diagnostic information about arrhythmias in electrophysiologi-
cal (EP) studies. During EP procedures, the electrical activity of the heart is
examined in order to diagnose the arrhythmia mechanism and, if appropriate,
treat it. The treatments include the implantation of life support devices,
such as pacemaker and implantable cardioverter defibrillator (ICD), and the
application of ablation therapy, which sears the diseased tissue by means of
radiofrequency or intense cold. Besides, cardiac navigation systems (CNSs)
are used in order to build electrical and anatomical maps (EAMs) which help
in the arrhythmia diagnosis and treatments.

Nowadays, both the evaluation of the origin and activation sequence of an
arrhythmia and the generation of EAMs are made by heuristically sampling
the cardiac chamber. However, the number and spatial localization of EGMs
during the sampling process have not been formally established. In this
context, this Thesis aims to deal with this spatio-temporal analysis in two
clinical applications of interest: (1) the regionalization of the left ventricular
tachycardia (LVT) exit site by using EGMs from ICDs; and (2) the estimation
of the spatial sampling rate (SSR) to build accurate EAMs from EGMs
recovered in CNSs.

For this aim, a method for the extraction of the temporal variations of the
electrical signal (EGM) over time was first proposed based on digital image
processing techniques, in order to create a digital database of EGMs stored
in ICD and printed in paper. This method was tested using recording printed
by devices of two different manufacturers. The gold-standard digital signal
and the one recovered from printouts were compared by means of three time
synchronization methods.

The regionalization of LVT exit site was tackled by using machine learning
techniques in a supervised scheme for classification and regression. Waveform
and features (times and voltages) from EGMs were used as input spaces. The
best discrimination between regions was obtained for the septal and lateral
half, and for the basal-lateral-superior octant.

The SSR estimation was dealt with a methodology based on manifold
harmonic analysis. The methodology included the representation of the EAM
spectrum as a spectral density in Fourier analysis, the estimation of the cut-off
frequency, and then, the estimation of SSR. In addition, this methodology was
extended to meshes with a scalar field (electrical feature) measured at vertices
of the mesh representing the cardiac chamber. SSR was estimated for the
anatomy and EAMs (anatomy and features) of ventricles and atria. Between
65 and 80 samples were enough to reconstruct the anatomy of the cardiac
chambers, whereas the SSR of EAMs was dependent on the arrhythmia
mechanism.
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The use of advanced processing techniques for spatio-temporal analysis
tailored to specific applications can be useful for improving the technological
support to electrophysiologists performing EP studies for arrhythmia ablation.



Resumen

Las enfermedades cardiovasculares, y entre ellas las arritmias cardíacas,
son la principal causa de mortalidad en el mundo. Las arritmias son desórdenes
en el ritmo normal del corazón que se originan tanto de forma natural en
respuesta a necesidades fisiológicas, como por trastornos en la actividad
eléctrica que rige la contracción del músculo cardíaco.

Una de las principales fuentes de información para estudiar las arritmias
son los electrogramas intracavitarios (EGMs) que registran la señal eléctrica
cardíaca mediante sistemas de electrodos ubicados en el interior del corazón.
Los estudios electrofisiológicos (EEFs) se encuentran entre los procedimientos
que permiten registrar los EGMs, evaluar el mecanismo generador de la
arritmia y actuar sobre el mismo. En estos procedimientos, las arritmias
pueden ser tratadas mediante la implantación de dispositivos de soporte vital,
tales como marcapasos y desfibriladores automáticos implantables (DAIs) o
mediante la aplicación de ablación cardíaca que suprime la arritmia mediante
la cauterización del tejido enfermo con radiofrecuencia o frío intenso. Además,
los sistemas de navegación cardíaca (SNCs) se encargan de apoyar los EEFs
mediante la generación de mapas con información anatómica y eléctrica de la
cavidad cardíaca en estudio.

Tanto para determinar el origen y la secuencia de activación de las arrit-
mias como para generar los mapas electroanatómicos durante los EEFs, se
muestrean distintas localizaciones espaciales de la cámara cardíaca, regis-
trando y evaluando los EGMs allí recogidos. Sin embargo, el número de
puntos y su distribución espacial durante los procedimientos se toman de
forma heurística. Esta relación espacio-temporal podría abordarse mediante
modelos que definieran matemática, física y anatómicamente la relación en-
tre los EGMs y su posición espacial. Aunque se han propuesto una gran
cantidad de modelos computacionales que pretenden simular la actividad
eléctrica del corazón, estos modelos no son aptos para la práctica clínica
por su elevado coste computacional. En este contexto, esta Tesis tiene como
objetivo proponer la utilización de técnicas avanzadas para analizar la infor-
mación espacio-temporal recogida durante EEFs en dos aplicaciones clínicas
específicas: (1) el estudio de la región de salida de la taquicardia ventricular
(TV) en el ventrículo izquierdo a través de los EGMs almacenados en DAIs,
y (2) la estimación de la tasa de muestreo espacial (TME) necesaria para
construir mapas electroanatómicos en SNCs con suficiente significado clínico
y diagnóstico.

Para la consecución de este objetivo fue necesario el desarrollo de un
algoritmo para la extracción, en formato digital, de la señal de EGM (única
fuente de datos disponible para la primera aplicación). A pesar de que existía
una gran variedad de algoritmos para la extracción de la señal eléctrica impresa,
ninguno fue aplicable para el caso de estudio, por tratarse de imágenes binarias
(señal y la cuadrícula del mismo nivel de intensidad, fondo blanco).
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El algoritmo de extracción de la señal eléctrica se desarrolló utilizando
técnicas de procesamiento de imágenes tales como Transformada de Hough
y operadores morfológicos. Para evaluar la calidad de la señal recuperada
se propusieron tres métodos de sincronización de señales, varias figuras de
mérito y se utilizaron EGMs en tres ritmos cardíacos distintos (ritmo sinusal,
taquicardia y fibrilación ventricular), en dos configuración diferentes (unipolar
y bipolar) y registrados con dispositivos de dos casas comerciales (Medtronic R©

and Boston Scientific R©). Las conclusiones obtenidas fueron las siguientes: la
recuperación de la señal fue más precisa en EGMs impresos con los equipos de
Medtronic R©, puesto que el trazo de la señal era más fino, y para los registros
asociados al ritmo sinusal en el que la señal variaba suavemente.

El estudio de la región de salida de la TV a través de los EGMs almacenados
en DAIs se abordó mediante técnicas de aprendizaje máquina, proponiendo
un sistema basado tanto en procesos de clasificación como de regresión. Dado
que se disponía tanto de los EGMs como de la posición donde se había
generado el impulso eléctrico, se apostó por un aprendizaje supervisado.
La regionalización se afrontó mediante dos aproximaciones: biantes (tres
divisiones en dos partes del corazón), y octantes (ocho divisiones del corazón).
Como espacios de entrada para los sistemas de aprendizaje se utilizaron tanto
la forma de onda de los latidos como algunas características extraídas de los
mismos (tiempos y voltajes). Se obtuvieron las siguientes conclusiones: (1)
la mejor capacidad de regionalización se consigue para los biantes septal vs.
lateral y para el octante basal-lateral-superior; (2) la forma de onda del latido
ofrece la misma información que las características extraídas del EGM; y (3)
únicamente el EGM del DAI no parece contener suficiente información para
caracterizar la región de la cual proviene la TV recogida en el mismo.

Para estimar la TME en mapas electroanatómicos se ha propuesto una
metodología en la que se representa el espectro de cada mapa electroanatómico,
se estima la frecuencia de corte y la TME. Esta metodología se basa en el
análisis espectral de mallas, denominado manifold harmonics analysis (MHA).
Además, se propuso la extensión de la metodología MHA a mallas con in-
formación asociada a cada vértice, esto es, mapas electroanatómicos. Se
realizaron dos análisis para comprobar la validez de esta metodología, de una
parte se estimó la TME únicamente considerando la anatomía de los mapas
electroanatómicos, y de otra, considerando conjuntamente la anatomía y las
características eléctricas asociadas a cada vértice del mapa electroanatómico.
Entre 65 y 80 puntos fueron necesarios para recuperar adecuadamente la
anatomía de ventrículos y aurículas, mientras que la TME en mapas elec-
troanatómicos fue muy dependiente del mecanismo de la arritmia.

Los resultados obtenidos en esta Tesis mediante la aplicación de técnicas
avanzadas para el análisis espacio-temporal de los EGMs y su localización
espacial pueden utilizarse como una herramienta de apoyo durante la ablación
de arritmias en EEFs.



List of Acronyms

Given that each chapter is self-contained, acronyms are redefined in each
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Nomenclature

x lowercase for scalars
x lowercase and boldface for vectors
X uppercase and boldface for matrix
• morphological closing operator
◦ morphological opening operator
4 morphological reconstruction operator
⊕ morphological dilation operator
AND logical conjunction operation
OR logical disjunction operation
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Chapter 1
Introduction

The present dissertation addresses the proposal of advanced methods for the
analysis of intracardiac electrograms (EGMs), which are recordings of the
electrical potentials measured by electrodes placed directly in the cardiac tissue
instead of on the body surface. EGMs provide a valuable source of clinical and
diagnostic information about arrhythmias in electrophysiological (EP) studies.
This chapter is a brief introduction of this Thesis. Firstly, the anatomy
and functioning of the heart and the main concepts of electrophysiology are
reviewed. Secondly, the motivation and objectives of this Thesis are proposed.
Thirdly, the methodology applied to achieve the objectives is presented and
justified. Finally, the structure and the main contributions are summarized.

1.1 Background

An introduction about the main concepts of electrophysiology and the heart
are summarized in this section. A brief review of the heart anatomy and its
mechanical and electrical function is presented. Pathological disturbances of
the heart rhythm, called arrhythmias, are introduced according to their origins
and types. Arrhythmia diagnoses and treatments in the electrophysiological
study (EPS) are also explained together with the two main technologies
in the arrhythmias treatment, the cardiac navigation systems (CNSs) and
the implantable cardioverter defibrillators (ICDs). Finally, the EGMs are
introduced as one of the main sources of information about arrhythmia in
EPSs, CNSs and ICDs.

1



2 CHAPTER 1. INTRODUCTION

Figure 1.1: Scheme of the conduction system inside the heart.

1.1.1 The Heart

The heart is a muscular organ which pumps blood to all the body by rhythmic
contractions. It is composed by four chambers, two superior atria, and two
inferior ventricles (see Figure 1.1). Left (right) atrium and ventricle are
communicated by the mitral (tricuspid) valve and right and left parts of
the heart are separated by the septum. The heart wall consists of three
layers called epicardium (external layer), myocardium (middle layer), and
endocardium (inner layer).

The cardiac activity is a sequence of electric, mechanic, sound, and pressure
events associated to the contraction and relaxation of the cardiac chambers.
In a cardiac cycle, oxygenated blood from lungs flows into the left atrium and
passes through mitral valve to the left ventricle to be pushed to all the body.
On the other hand, blood with carbon dioxide flows into the right atrium and
passes through the tricuspid valve to the right ventricle to be returned to the
lungs in order to re-oxygenate [82]. A scheme of this process is illustrated in
Figure 1.2.

This sequence of contractions and relaxations is generated as a consequence
of the inherent and rhythmical electrical activity of the heart. During the
normal sinus rhythm (SR), cardiac contractions of a heartbeat are initiated
by an electric impulse generated in the sinoatrial node, which is placed in the
right atrium. This node is a natural pacemaker composed by a set of cardiac
cells, which do not have a stable resting potential and are spontaneously
depolarized. This electric impulse spreads though the right and left atrium,
and reaches the atrioventricular (AV) node where stops for 100 milliseconds.
By just pressure differences, 80 per cent of the blood goes from atria towards
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Figure 1.2: Scheme of the blood flow in the circulation system.

the ventricles, the remaining 20 per cent of blood is pushed by the contraction
of the atria following the electrical impulse. From the AV node, the electric
impulse is transmitted to the His bundle and enters both the right and left
bundle branches, which extend through the interventricular septum toward
the apex of the heart. Finally, Purkinje fibers conduct the impulse to the
remainder ventricular myocardium. Then, the ventricles are contracted and
push the blood to the rest of the body (left ventricle) or to the lungs (right
ventricle) [78]. Figure 1.2 shows a scheme of the blood flow.

1.1.2 Arrhythmias

Arrhythmias are disorders of the usual cardiac rhythm as a result of a defect
in the origin of the electric impulse or in the conduction system of the
heart. They may be originated by factors stimulating the heart (stress,
caffeine or alcohol), or congenital defects (Wolff-Parkinson-White syndrome,
coronary artery disease, myocardial infarction, hypertension, or defective
heart valves) [82].

Arrhythmias are classified according to their rhythm (number of beats per
minute), origin and mechanism. The term bradycardia refers to a slow heart
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rate (below 50 beats per minute), tachycardia refers to a rapid heart rate
(over 100 beats per minute), and fibrillation refers to rapid and uncoordinated
beats. Arrhythmias beginning in the atria are called supraventricular or atrial
arrhythmias and those originated in the ventricles are called ventricular ar-
rhythmias. A classification of the most common supraventricular arrhythmias
is next presented depending on the arrhythmia mechanism [77, 82]:

• Sinus tachycardia is caused by an acceleration of the usual sinus node
automatism.

• Atrial flutter (AFT) is caused by an organized and stable circular
movement in the atria and is commonly placed on the right atrium.

• Atrial fibrillation (AF) is due to several impulses with different origin,
which are spread throughout the atria and produce the atria to contract
uncoordinated. It is one of the most common tachycardia arising from
the atria, and though it is non-lethal, it is associated with stroke and
congestive heart failure.

• Atrial tachycardia (AT) is caused by impulses, called ectopic foci,
which are not originated from the sinus node but from another site in
the atria and produce the fast activation of the atria.

• AV nodal re-entry tachycardia (AVNRT) is the most frequent form
of regular tachycardia as a consequence of the properties of the two
functional AV node pathways. The typical AVNRT occurs when con-
duction from atria to ventricle goes down by the slow pathway and
returns back to the atria via the fast pathway.

In addition, a classification of the most common ventricular arrhythmias
is presented:

• Ventricular fibrillation (VF) is characterized by rapid chaotic firing
of numerous ventricular foci, which produces uncoordinated contractions
of the ventricle so that the ventricles quiver rather than contract in a
coordinated way. VF is the most dangerous arrhythmia because it leads
to death within minutes.

• Ventricular tachycardia (VT) is characterized by 4 or more ventricu-
lar premature contractions occurring at a rate of 100 to 250 beats/min.
There are two types of VT, called monomorphic and polymorphic.
Monomorphic VT occurs when all beats resemble each other, whereas
there are beat-to-beat variations in polymorphic VT [77]. This arrhyth-
mia is very common in patients with a previous myocardial infarction.

• Ventricular flutter is a regular tachycardia with a cycle length vari-
ability of 30 ms or less which is usually caused by a re-entry.
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1.1.3 Electrophysiological Studies

In the last decades, cardiac EPSs have been used as clinical procedures to diag-
nose arrhythmia mechanism and evaluate the suitable therapy. They provide
a supplementary analysis to electrocardiogram (ECG) for both bradycardias
and tachycardias. During these EPSs, a catheter ablation therapy can be
applied in order to destroy the diseased tissue, which may be generating the
arrhythmia, by making use of radiofrequency or intense cold [22]. Catheter
ablation has supplanted open-heart surgical procedures for several types of
arrhythmias and is an alternative to long-term drug therapies [96]. Given
the high success and low complication rates of catheter ablation therapy, it
is recommended for a variety of arrhythmias such as VT, AT, AFT, or AF
among others. On the other hand, the prescription of life support devices,
such as pacemakers or ICD (see Section 1.1.3), their configuration and the
confirmation of their efficacy are also assessed during EPSs.

In general, a set of flexible electrode catheters is placed through vessels to
the heart under local anaesthesia during EPSs. The number of catheters and
the site of placement vary depending on the type of the study, but between two
to five catheters are usually inserted. On the one hand, these catheters are used
to evaluate electrophysiological properties such as conduction, refractoriness
or automaticity by recording the intracardiac signals (EGMs) in several areas
of the heart. On the other hand, the catheters are used to apply programmed
electrical stimulation to produce and observe the effect of an arrhythmia and
map the activation sequence. This mapping can be used to decide later the
best therapy, such as pacemakers, or ICD implantation, the application of
ablation therapy, and/or the prescription of antiarrhythmic drugs.

EPSs are also supported by modern technologies such as CNSs, which show
the catheter positions in real time. Besides, CNSs build three-dimensional
(3D) EAMs, which represent activation sequence or voltage amplitude maps
over the representation of anatomical surface by processing EGMs. Current
CNSs are described in the next section.

Cardiac Navigation Systems

X-ray is the traditional image technique used to insert, guide and place
catheters inside the heart during EPSs. This technique represents a two-
dimensional (2D) image where cardiac shape and bone tissue are used as
references to localize the electrode position. However, there has been a
reduction of the use of X-ray in the last years in order to avoid the exposition
to radiation both patient and medical team [34]. Nonfluoroscopic CNSs were
created as an alternative to X-ray for guiding the catheters inside the heart.
These systems create 3D EAMs of the cardiac chamber by integrating electrical
and spatial information. Besides, it obtains the position of the catheter in real
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time inside both the heart and the EAM, reducing the exposition to X-ray.
Nowadays, two CNSs are commercially available, Carto (Biosense Webster),
and Ensite (St. Jude Medical).

Carto R©

Carto R© system can localize the position, direction and rotation of a specific
catheter, called Navistar R©, by using three perpendicular coils placed on the
catheter which detect three electromagnetic fields (in different frequencies)
emitted by an antenna placed under the patient. Although the old version of
Carto R©, called Carto XP R©, could only detect catheters with magnetic field
sensors [73], the new version of Carto R©, called Carto 3 R©, introduces a new
current based localization system which allows to visualize all catheters [9, 31].
This new system uses the currents emitted at different frequencies by each
catheter to detect its position. Six patches on the patient’s thorax measure
the strength of the current emitted by each electrode. Given that the current
based localization system is a non-linear system and it is distorted by several
factors, the magnetic technology is used to calibrate the system and minimize
this distortion.

Current Carto 3 R© has two ways of creating EAMs, called electro-anatomical
mapping and fast anatomical mapping (FAM). On the one hand, electro-
anatomical mapping builds the anatomy point-by-point by creating a 3D
surface enveloping all points and smoothing transitions. Each point corre-
sponds to a spatial position inside the heart and has associated electrical
information (2.5 seconds of signal), which allows to create feature maps, such
as activation, voltage, or impedance maps, among others. In order to build a
quality map, it is required to create the map in the same rhythm, choose a
reference signal and define a window of interest (WOI) whose width is lower
than a cardiac cycle length. The reference signal depends on the mapped
chamber, sinus coronarius and atrium are usually chosen for atrial EAMs,
and apex in right ventricle or ECG for ventricular EAMs. On the other
hand, FAM builds the anatomical map while the catheter is moving in the
cardiac chamber. The algorithm for creating the 3D surface is similar to the
electro-anatomical mapping, but uses more information and smooths both
regionally and globally. The electric information is obtained in the same way
as the electro-anatomical mapping (point by point) by recording 2.5 seconds
of signal in each location.

Carto R© also allows integrating images from magnetic resonance (MR) and
computed tomography (CT) by using the software called Carto Merge R© [43].
This software has to segment 2D images in order to obtain a reconstruction
of the cardiac chamber anatomy which has to be linked to the EAM by using
one of the three registration methods, called visual alignment, flag registration
and surface registration.
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Ensite R©

Ensite Velocity R© is the latest version of CNS Ensite R©, and it has two ways
of working and generating EAM, so-called NavX R© and Array R©, described
next.

NavX R© allows visualizing all catheters inside heart in real time by using a
technology based on impedance changes. To do this, an electric field is created
by a signal of 8.138 KHz and emitted by an amplifier to 6 patches which
subsequently generate three orthogonal axis whose centre is the heart [9, 85].
The localization signal is received for each electrode-catheter, returned back
to the amplifier, and processed in a working station, which localizes and shows
the position of each electrode based on a previous defined reference.

Array R© mode uses a non-contact technology based on virtual unipolar
EGMs to build an EAM in one beat [79]. This mode generates an electric
field from a catheter multielectrode array (MA) to a patch placed in the
abdominal area. MA is a 9 French catheter with a shaped-ball distal end
of 64 multielectrodes and 3 localization electrodes. A localization signal of
5.68 Khz is sent from the amplifier to distal end electrodes, which is detected
by the MA electrodes and returned back thought two localization electrodes to
being processed in the amplifier. This system represents non-contact unipolar
signals around the MA position and it is able to recover 3000 virtual unipolar
signals in a beat.

Ensite Velocity R© also allows integrating MR and CT images. The software,
which builds the 3D reconstruction of the cardiac chambers from MR and CT
images, is called Verismo R© and the application, which joins EAM from NavX R©

with the previous reconstruction of the anatomy, is called Fusion R© [10].

Electroanatomical Maps

EAMs show a representation of both anatomical and electrical information
of a cardiac chamber. A mesh composed by vertices joined by triangular faces
represents the anatomy. Some of these vertices have associated a feature, such
as activation time, or voltage, which is obtained by processing the previously
captured EGMs. An interpolation method is used to assign a feature to the
vertices in the mesh where EGM has not been captured.

Both systems have the choice to build different EAMs depending on
the arrhythmia. Carto R© and Ensite R© build activation, voltage, impedance,
isochrone, propagation and complex fractionated atrial EGM maps. In
addition, Ensite Array R© builds dynamic substrate maps. EAMs used in
EPSs are described next.

Voltage map (VM) is a representation of the maximum peak-to-peak
voltage in a WOI for each point of the map. There are two voltage maps in
Carto R© system, unipolar and bipolar (based on unipolar and bipolar EGM)
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(a)

(b)

Figure 1.3: EAM of activation time created by Carto R© (a), and voltage
created by Ensite NavX R© (b).
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which are represented in red for low voltage and purple for high voltage.
Ensite NavX R© has a voltage map (peak-to-peak or peak negative), which is
represented in grey for low voltage and purple for high voltage. For example,
VM is used to guide substrate-based ablation in VT [86].

Activation map (AM) is a representation of the activation sequence of
a cardiac chamber. These maps are built by measuring the time difference
between activation time of a electric reference and the point where the EGM is
being captured. The most premature activation points (less value of activation
time) are assigned the red colour in Carto R© and white colour in Ensite NavX R©

while the lowest premature activation points (higher value of activation time)
are assigned the purple colour in both Carto R© and Ensite NavX R©. They are
used for ablation of arrhythmias such as AFT or AF [54].

Isochrones map in Carto R© is the same representation as the AM, but
the difference of time between isochrones is configurable. These maps are very
useful to define area of slow or fast activation. Isochrones map in Ensite R© is
the same as activation map but using the non-contact technology.

Propagation map shows an animation of the wavefront propagation
which is very useful to explain the activation sequence.

Impedance map shows the impedance measured by the ablation source
in each spatial location. This map is only available in Carto R© and a connection
between the ablation source and Carto R© is required to obtain the map.

Complex fractionated atrial EGM (CFAE) maps show several fea-
tures obtained from CFAEs in 2.5 seconds of EGM in Carto R© and 5 to 8
seconds in Ensite NavX R©. Shortest complex interval, interval confidence
level, and average complex interval are the features computed by Carto R©,
whereas CFAE mean and CFE standard deviation are computed by Ensite
NavX R© [76].

Dynamic substrate maps represent the percentage of voltage in the
cardiac chamber and shows low voltages areas, which can be related to slow
conduction areas. These maps are only available in Ensite Array R©

An example of VM of Ensite NavX R© for VT and AM of Carto R© for AF
are illustrated in Figure 1.3.

Implantable Cardioverter Defibrillator

ICD is a life support device, which is commonly implanted in the chest of
patients who are at risk of sudden cardiac death due to VF or VT. The
first ICD was implanted by Mirowski in 1980 [48] and the number of ICD
implantations has increased substantially since then [56]. The ICD efficiency
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has been demonstrated for both primary and secondary prevention1 in patients
with ischemic and nonischemic heart diseases [51, 74].

Current ICDs are implanted via the venous system beneath the clavicle
and they sense and detect the heart rhythm and deliver the most appropriate
therapy when a dangerous arrhythmia occurs. Firstly, a pacing therapy is
applied by using low-energy electrical pulses to restore the sinus rhythm. If
this therapy is not enough, a low energy shock (cardioversion) or a high-energy
shock (defibrillation) is applied to terminate the tachyarrhythmia [29, 77].

Three components form the ICD system, the ICD can, the programmer-
recorder-monitor (PRM), and the lead system. The can contains a battery, a
small computer which controls and analyses the heart rhythm and a pulse
generator which generates the pulses or shock to deliver the therapy. PRM
is an external device, which allows communications with the ICD by using
telemetry. It also accesses to the patient’s data, allows electrophysiologist to
program the ICD and retrieves status of the ICD battery.

The lead system provides the physical and electrical connection between
the ICD and the heart tissue, it senses the heart rhythm and delivers pacing
pulses, low shocks, and high shocks. The ICD leads are composed of two, three,
or four conductors and electrodes (tip and ring electrodes, right ventricular
coil and superior vena cava or subclavian vein coil) depending on the type
of ICD, i.e. single-chamber ICD has one lead anchored in the right ventricle
apex, dual-chamber ICD has leads attached both to an atrium and a ventricle,
and biventricular ICD has leads which go to an atrium and both ventricles.
Two bipolar configurations are used to sense, called integrated bipolar and
true bipolar, the first one senses between tip electrode and defibrillation
coil and the second one senses between tip electrode and ring electrode.
Although true bipolar provides better sensing than integrated bipolar, the
last one has the distal coil closer to the right ventricle myocardium in order
to get a more effective defibrillation. For a single-chamber ICD, shocks are
delivered between the right ventricular coil and the can whereas superior vena
cava or subclavian vein coil and right ventricular coil deliver the shock in
dual-chamber ICD.

Intracardiac Electrograms

Traditionally, ECG recordings have been used to diagnose arrhythmias. These
recordings represent the sum of the heart electric activity by registering it
with electrodes placed on the skin (outside the heart). However, EGMs
have lately become another one of the main sources of information to study

1Primary prevention is indicated for patients without a prior tachycardia event but at
high risk for sudden death, while secondary prevention is indicated for patients with prior
life-threatening arrhythmias.
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arrhythmias during EPSs. EGMs represent cardiac potentials from electrodes
directly in contact with the heart tissue, and capture the activation sequence
of specific locations within cardiac chambers and too small structures to
produce sufficient voltage to be registered on the ECG, such as His bundle.

EGMs are recorded as the voltage difference between electrodes, which
are placed inside the heart. These voltage differences are processed by an
amplifier, which increases the obtained signal amplitude. In addition, baseline
noise, and breathing and heart movements are filtered with a high pass filter
whereas high frequency noise is filtered with low pass filters. Although these
filters introduce a distortion in the amplitude and morphology of the EGMs,
electrophysiologists use to interpreting these signals in the clinical practice.

The two main types of EGM signals are: (1) unipolar or far-field EGMs,
which are recorded as the voltage difference between a single electrode in
direct contact with the extracellular space of the heart and an electrode placed
to a distance from the heart; and (2) bipolar EGMs, which are recorded as
the voltage difference between two closely spaced electrodes in direct contact
with the heart. Bipolar EGMs can be computed as the difference of two
unipolar EGMs [70].

Unipolar EGMs records a combination of local an global electrical activity
with the contribution of distant electrical activity decreasing with the square
of distance from the exploring electrode [70]. Habitually, this signal is only
filtered by a high pass filter with cut-off frequency of 0.05-0.5 Hz in order
to remove baseline noise. However, it can be filtered between 30 to 100 Hz
in order to detect low amplitude signal in scars or slow conduction areas in
some arrhythmias [15].

During EPSs, unipolar EGMs are used to determine the initial point of
activation for focal arrhythmias, such as atrial and ventricular tachycardias,
or mapping accessory pathways, which produce a ventricular pre-excitation
due to an abnormal communication between the atrium and the ventricle.
Focal tachycardias are located by using the pace-mapping technique which
consists of stimulate at different endocardial sites in order to reproduce the
clinical tachycardia characteristics [40]. ECGs during the clinical tachycardia
are used as reference, the beat morphology of the ECGs during tachycardia
is compared with the beat morphology of the paced ECGs, the arrhythmia
exit site is found when both morphologies are equal.

The spatial resolution of bipolar EGMs is lower than unipolar EGMs, and
is influenced by the orientation of the two electrodes respect to the wavefront
direction. If the propagation is perpendicular, both electrodes register similar
electric field and the signal is attenuated. However, signal is higher if the
wavefront is parallel to electrodes. Bipolar EGMs are filtered with a high pass
filter with a cut-off frequency of 10-40 Hz and a low pass filter with a cut-off
frequency of 250-500 Hz [15]. Besides, the amplitude and width of bipolar
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Figure 1.4: Examples of three ECG leads (I, III, V5) and bipolar EGMs,
“MAP 1,2” ,“SC 1 to 10” and “VD 1,2”, registered by the mapping catheter, a
catheter with 10 electrodes placed on sinus coronarius and a catheter in the
right ventricle, respectively.

EGMs are influenced by factors such as the conduction speed, the distance
between electrodes, the amplifiers, the distance and direction of the wavefront
and the electrodes. Although bipolar EGMs do not provide the direction
of electric impulse, an EPS with multiple electrodes can help to determine
the cardiac chamber activation, and hence, the arrhythmia during certain
cardiac rhythm. They are used in reentry arrhythmias in order to measure
the activation sequence and low and fractionated signals in low conduction
areas, and as complementary information in focal tachycardia and accessory
pathways. Figure 1.4 shows EGMs, which are obtained during an EPS.

In addition, intracardiac EGMs, which are captured and stored by CNSs
and ICDs, are also considered during an EP procedure. As previously ex-
plained, CNSs build EAM by processing EGMs and extracting some features
such as activation time or unipolar and bipolar voltage. These EGMs are
captured by using an ablation catheter with several electrodes, which record
both unipolar and bipolar EGMs. The most useful configuration is usually
the bipolar configuration, which provides local activation times. Figure 1.3
shows the EAM, several ECG leads and EGMs in the both CNSs (Carto R©

and Ensite NavX R©).
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(a)

(b)

Figure 1.5: Examples of ICD-EGM in sinus rhythm (a) and VF (b).

ICDs sense EGMs in order to apply the most useful therapy when an
arrhythmia occurs. Two main configurations are used by the ICD, called
bipolar and far-field EGMs. Bipolar EGMs are recorded by two proximal
electrodes, such as the tip and the distal coil, or the tip and the ring [77].
These EGMs detect the myocardial activation around the electrodes and are
used to sense and detect arrhythmias. Far-field EGMs are recorded by far
electrodes, such as ICD can and right ventricle coil which is usually used
to identify the arrhythmia (morphology) rather than sense the heart rate.
Figure 1.5 shows EGM registered by an ICD during SR and VF with far-field
(can-coil) and bipolar (tip-ring) configuration.

1.2 Motivation

According to World Health Organization, cardiovascular diseases (CVD) are
the leading causes of death worldwide. In 2008, 17 million of people died from
CVD (30% of all global deaths) and forecasts indicate that this number will
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increase to reach 23 million by 2030 [52, 53]. Besides, deaths from CVD have
increased significantly in low and middle-income countries due to exposition
to risk factors such as tobacco or the lack of early detection in health care
services [53]. Among CVD, arrhythmias such as VT and VF have special
clinical and social relevance because they are responsible of the 30-40% of
sudden cardiac deaths [44].

As explained in Section 1.1.3, EPSs are used to diagnose and, if appropriate,
to treat arrhythmias. In these procedures, the arrhythmia mechanism is
evaluated by recording EGMs and applying programmed electrical stimulation.
Besides, ablation therapy can be used in order to sear the diseased tissue,
which generates the arrhythmia, or ICD (or pacemaker) can be implanted to
sense and revert future dangerous arrhythmic episodes.

Nowadays, the origin and activation sequence of an arrhythmia are assessed
by sampling different spatial positions in the cardiac chamber and evaluating
EGMs during EPSs. Besides, CNSs build the EAMs which accuracy is very
dependent on the number and spatial distribution of samples. For both
techniques, the required number and the spatial localizations of EGMs have
not been formally established, but heuristic criteria have been considered to
date. In addition, the duration of EP procedure is also dependent of this
sampling process.

Above limitations could be overcome by creating detailed enough spatio-
temporal models, which can define detailed enough mathematical, physical
and anatomical relationships between the EGMs and their spatial positions.
For that purpose, a great effort has been made in recent years to create
computational models, which simulate the electrical activity of the heart
[12, 17, 23, 80]. Nevertheless, they are not suitable in the clinical practice yet
due to their extremely computational-intensive burden. In this context, this
Thesis purposes the use of advanced techniques to address the spatio-temporal
analysis of the information recorded during EPSs in terms of requirements of
specific clinical applications. In particular, two clinical applications of interest
have been chosen: (1) Left VT (LVT) exit site regionalization using EGMs
stored in ICDs; and (2) estimation of the spatial sampling rate (SSR) to build
accurate EAMs from EGMs recovered in CNSs.

1. LVT Exit Site Regionalization using EGMs Stored in ICD.

ICDs are implanted in patients with structural heart disease or cardiac
arrest, which are at high risk of VT [75]. Although ICDs are very effective
for terminating VT and VF, those patients with implanted ICD who have
recurrent VT or VF episodes have an increased mortality rate and a reduction
of their quality of life because of physical and emotional painful after a shock
[28, 56, 71]. In these patients, cardiac ablation therapy is usually applied in
order to reduce or eliminate VT [2, 56].
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In this context, a clinical hypothesis2 was proposed to test whether the
information contained in EGMs stored in ICDs could provide the anatomical
exit site of the clinical tachycardia registered by the ICD. For that purpose,
a clinical protocol was defined by using three sources of spatial and electrical
information: (1) pace mapping-induced tachycardia EGMs registered by ICD
during EPS; (2) clinical tachycardia EGMs stored in ICD; and (3) the spatial
position of the catheter, which induces the tachycardia during pace mapping,
provided by the CNS.

As explained in Section 1.1.3, pace mapping technique is used to iden-
tify the arrhythmia exit site during ablation procedures by comparing the
morphology of both the clinical tachycardia ECG and ECG obtained by
inducing the tachycardia during pace mapping. However, EGMs stored in the
ICD are the only documentation of the clinical tachycardia in patients with
implanted ICD because the arrhythmia has been previously terminated by the
device. In these cases, the ICD-EGM of the induced tachycardia registered
in real time during pace mapping is compared to EGMs stored in the ICD
during the clinical tachycardia. The clinical protocol defined in this work
induced tachycardias in the left ventricle while a right ventricular lead of ICD
registered the EGMs, which were recovered by telemetry. Besides, the spatial
positions of the catheter, which induces the LVTs, was captured by the CNS
[1]. Thus, two issues were raised to solve this clinical hypothesis and protocol,
which are next explained.

1.1. A previous clinical study by following the same protocol showed that
conventional and simple features, times and voltages, from the morphol-
ogy of ICD-EGM provided with relevant information about the LVT
exit site [1]. Therefore, an extensive study by using advanced techniques
in EGM analysis could give more information about LVT exit site by
using the previous conventional electrophysiological features (voltage
and times) obtained from pace mapping-induced ICD-EGMs and its
spatial location provided by CNSs.

1.2. Although digital EGMs are required to apply these advanced techniques
in EGM analysis, they were not available in this work due to two reasons:
(1) the description of digital format of commercial ICDs exists, however
they are not publicly provided for research purposes; and (2) ICD
only stores EGMs after a specific triggered event, typically arrhythmia
detection, diagnosis and outcome of therapy. During pace mapping,
this triggered event is not always activated and EGMs are not recorded.
Hence, the only way for obtaining the EGM is to print it in paper while

2Research project Localization of Cardiac Arrhythmia Origin by using Modelling and
Communication and Information Technologies funded by Avanza Program of Ministry of
Commerce, Industry and Turism (Spain)
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the ICD is registering it in real time during pace mapping. Thus, a
method to extract the EGM signal from printed-paper recordings was
previously required to analyse EGMs.

2. SSR Estimation to Build Accurate EAM of CNS

In EPSs, EAMs are built by using CNSs in order to have a 3D repre-
sentation of the cardiac chamber and features, such as activation time or
voltages. In the new generation of CNS (see Section 1.1.3), the anatomy
of EAM is generated within minutes by just moving a catheter inside the
cardiac chamber, whereas the electrical information is registered by sampling
and capturing the EGM in different spatial positions of the cardiac chamber.
This spatial sampling process is usually made by following heuristic criteria
depending on previous knowledge about the arrhythmia, hence, arrhythmia
area is densely sampling while other regions are scarcely sampled. In addition,
the number of samples determines both the EAM quality and the duration
of the EPS [62]. Therefore, it would be useful for electrophysiologists to
have a preliminary idea about the SSR according to both the anatomy and
arrhythmia mechanism. For that purpose, a methodology to determine the
SSR is required in terms of EAM.

1.3 General and Specific Objectives

The general goal of this Thesis is to analyse the clinic and diagnos-
tic information provided by EGMs and the relationship with their
spatial positions in two clinical applications: (1) regionalization of
LVT exit site from ICD-EGM, and (2) SSR estimation of EAM.
This analysis can be used to support ablation procedures during EPSs by
adding complementary information of the clinical knowledge. The connection
between the temporal (EGM) and spatial (CNS) information is addressed by
the specific objectives of this Thesis, which are exposed next.

1. Development of a method for digital recovery of electrical sig-
nal from EGM printouts. The protocol defined to analyse the
regionalization of the arrhythmia exit site requires to have a printed
version of the EGM. Then, a method to transform the EGM signal
printed in paper to a digital voltage-time signal is firstly required.

2. Evaluation of the ability for regionalizing the LVT exit site
from EGM stored in ICD. It has been proven that EGM has infor-
mation about the exit site of LVT, then an advanced analysis based on
the combination of temporal information provided by EGM and spatial
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information provided by CNS could help to improve the regionalization
of LVT exit site.

3. Estimation of the SSR of EAM in CNS. Nowadays, heuristic
criteria are used in order to sample the cardiac chamber and create the
EAM with CNS, hence, a principled study of this SSR could improve
the quality of these maps and reduce the EPS duration.

1.4 Methodology

Given that the specific objectives are diverse in nature, the methodology is
addressed individually in order to solve each aim in the most efficient way.

The first objective deals with the development of a method for transforming
a signal printed in paper in a digital voltage-time signal. Digital image
processing techniques are appropriate in this setting, in order to provide
the most adequate tools to solve this problem. Though a great amount of
methods have been proposed to extract the ECG signal from printed paper
[5, 13, 14, 32, 39, 49, 69, 87, 88, 90], they are not suitable for EGM recordings.
Methods of ECG recovery consider printouts with the signal printed in black
and the colour or grey grid; however, EGM recordings have both signal and
grid printed in black, resulting an additionally difficulty to distinguish signal
and grid, which is not considered in previous methods or it is considered for
not real-world and noisy EGMs.

In order to overcome this drawback, the first step is to scan the EGM
and obtain a binary image. Morphological operators, Hough transform, and
binary operations are some of the tools used to extract the EGM. A database
of 49 ICD stored EGM recordings from different rhythms (19 VF, 15 VT
and 15 SR) and two manufacturers (MedtronicR© and Boston ScientificR©) has
been considered for evaluation. This database comes from Hospital General
Universitario Gregorio Marañón (Madrid, Spain) and Hospital Universitario
Virgen de la Arrixaca (Murcia, Spain).

In the second objective, a clinic protocol was defined to evaluate the ability
for regionalizing LVT exit site by obtaining both EGMs of ICD and the spatial
location of these EGMs during the pace mapping procedure. Machine learning
techniques are used in this Thesis to deal with this problem because they
are able to learn from data automatically and provide reliable decisions in
with other data, hence, the region of a LVT exit site for a new patient could
be predicted by the knowledge of previous patients. Given that EGMs and
their spatial positions are available thanks to the pace mapping procedure, a
supervised scheme for classification and regression schemes is selected. On
the one hand, artificial neural networks, such as multi-layer perceptron, radial
basis neural network, or probabilistic neural network, and support vector
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machines are used for the classification scheme. On the other hand, kernel
ridge regression is used for the regression scheme. The database used for this
purpose is made of EGMs from 23 patients with 18± 10 (mean ± standard
deviation) EGM per patient evaluated in EPS for clinical reasons at the
Hospital General Universitario Gregorio Marañón in Madrid (Spain). EGM
spatial position (coordinates) for evaluation were obtained using the CNS
Carto R©.

Traditionally, Fourier analysis (FA) has been used to address the estimation
of SSR and the spectral analysis in digital signal and image processing.
However, EAMs of CNS are very irregular sampled meshes and FA is not
directly applicable. Thus, a great amount of spectral methods have been
proposed in the scientific literature in recent years to overcome this limitation
[91, 92]. Among the spectral methods, the manifold harmonic analysis (MHA)
introduced by [83] approximates in a simple way a Fourier Transform on the
mesh domain. Nevertheless, these methods are not directly applicable to SSR
estimation, and then a simple and principled methodology based on MHA is
developed to estimate SSR in EAMs of CNS. For that purpose, SSR is first
estimated for the anatomy of cardiac chamber, and then it is estimated for
both anatomy and features in EAM of CNS.

Several databases are used for validation of the proposed methodology.
On the one hand, the methodology for the anatomy is validated by meshes
obtained from the segmentation of six left atrial and ventricular endocardia,
from images obtained from a multi-slice CT scanner, and real meshes built by
CNS (Carto R©) in one example of each cardiac chamber (right and left atria
and ventricles) from different patients. On the other hand, two activation
time simulated EAMs provided by a detailed computational model of the
atria (right and left) and an example of real unipolar and bipolar voltage
amplitude EAMs from ventricular tachycardia of a CNS (Carto R©) are used
to validate the methodology for EAMs.

1.5 Thesis Structure and Contributions

The structure of this Thesis is directly related with the specific objectives
defined in the previous section. Next, a description of the contents of each
chapter is explained.

• Chapter 2 addresses the challenge of extracting digital biosignals from
printouts in black and white (BW). First, the state of art for biomedical
signals digital recovery from printouts is summarized. Secondly, the
proposed procedure to extract the biosignal from a BW printout is
detailed step by step. Then, time synchronization methods are defined
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in order to evaluate the quality of recovered signals. Finally, results
of synchronization and digitalization with binary and limited quality
EGM printouts are presented and discussed.

• Chapter 3 evaluates learning techniques to regionalize the LVT exit
site by using EGMs and their spatial localizations obtained by pace
mapping techniques. Firstly, a learning system based on machine
learning techniques is proposed and the evaluation methods of their
quality are presented. Secondly, database and the input space for
learning are explained. A previous stage to digitalize the EGM is
required in order to have a database of ICD-EGM. Finally, several
experiments for identifying the region of LVT exit site with the proposed
learning system are benchmarked by using the EGM waveform and
features.

• Chapter 4 proposes a principled and simple methodology based on
MHA to estimate the SSR in EAM of CNS. First, the theoretical
framework of MHA and the proposed methodology to estimate the SSR
are presented. Then, SSR is assessed in two stages: (1) the anatomy of
cardiac chambers in meshes obtained from CT images and EAM of CNS;
and (2) EAMs, which include anatomy and features information, from
a simulated atria model and CNSs. Finally, discussion and conclusions
are summarized.

• Chapter 5 includes the conclusions of the Thesis research and the future
research lines to continue with this investigation.

The research activity developed within this Thesis has given rise to the
manuscripts published in journal articles with impact factor, as well as the
contributions in international conferences, which are next itemized.

Contributions in Digital Recovery of Biosignal.

• M. Sanromán-Junquera, I. Mora-Jiménez, A. J. Caamaño, J. Almendral,
F. Atienza, L. Castilla, A. García-Alberola and JL. Rojo-Álvarez. Digital
Recovery of Biomedical Signals from Binary Images. Signal Processing.
92(1): 43 - 53, 2012.

• M. Sanromán-Junquera, I. Mora-Jiménez, E. Everss, J. Almendral, A.
García-Alberola, F. Atienza, L. Castilla and JL. Rojo-Álvarez. Quality
Evaluation and Effect of Time Syncronization on the Digital Recovery
of Intracardiac Electrograms. Computing in Cardiology, 801-804, 2009.
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Contributions in LVT Exit Site Regionalization in ICD-EGMs.

• M. Sanromán-Junquera, I. Mora-Jiménez, J. Almendral, A. García-
Alberola and J.L. Rojo-Álvarez. Evaluation of Learning Systems for
Regionalization of Ventricular Tachycardia Exit Site in Implantable
Defibrillators. Submitted.

• J. Almendral, F. Atienza, E. Everss, L. Castilla, E. Gonzalez Torrecilla,
J.Ormaetxe, A. Arenal, M. Ortiz, M. Sanromán-Junquera, I. Mora-
Jiménez, J.M. Bellón and J.L. Rojo-Álvarez. Implantable Defibrillator
Electrograms and Origin of Left Ventricular Impulses: an Analysis
of Regionalization Ability and Visual Spatial Resolution. Journal of
Cardiovascular Electrophysiology. 23(5):506-5014, 2012.

• M. Sanromán-Junquera, I. Mora-Jiménez, J. Almendral, E. Everss, A.
Caamaño-Fernández, F. Atienza, L. Castilla and J.L. Rojo-Álvarez.
Automatic Location of Ventricular Arrhythmia using Implantable Defib-
rillator Stored Electrograms. Computing in Cardiology, 749-752, 2010.

Contributions in the SSR of CNS EAMs.

• M. Sanromán-Junquera, I. Mora-Jiménez, A. García-Alberola, A. Caa-
maño, B. Trenor and J.L. Rojo-Álvarez. Estimation of Spatial Sampling
Rate with Manifold Harmonics for Cardiac Electroanatomic Maps. Sub-
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and J. L. Rojo-Álvarez. Segmentación del Endocardio en Imágenes de
Tomografía Axial mediante Máquinas de Vectores Soporte. Congreso
Anual de la Sociedad Española de Ingeniería Biomédica, 2010.



Chapter 2
Digital Recovery of Biological Signals
from Printouts

This chapter presents a method for digital recovery of one-dimensional biomedi-
cal signals when printed in grid paper. For that purpose an integral, automatic
approach is proposed, based on digital image processing principles. Firstly,
the state of art for biomedical signals digital recovery from printouts is summa-
rized in Section 2.2, showing the limitations of the current methods. Secondly,
the proposed algorithm to extract the voltage-time biosignal from a black
and white (BW) printout is presented in Section 2.3 detailing its four stages:
(1) orientation correction of the scanned image, (2) grid detection, (3) signal
waveform identification; and (4) conversion from the waveform in the image
plane to the one-dimensional biomedical signal. Then, time synchronization
between gold standard and recovered signals is explained in Section 2.4 for
performance evaluation. Finally, results with BW, limited quality electrogram
(EGM) printouts are presented and discussed in Section 2.5 and Section 2.6,
respectively. The work presented in this chapter has been published in [65, 66].

2.1 Introduction

Digital processing of electrical and mechanical signals is highly relevant in
medical research nowadays [88], and a number of techniques for supporting
medical diagnosis from digital signals have been proposed in fields such as
electrocardiography, electromyography, or electroencephalography. Though
current technologies allow the digital acquisition and storing of biomedical
signals, historical recordings have been usually stored in paper printouts,
yielding a high volume of valuable clinical information in non digital format.
Additionally, the proprietary format of digital storing from manufacturers
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of medical devices makes sometimes necessary to consider paper printouts
as the only information source available for research purposes, such as EGM
stored in implantable cardioverter defibrillators (ICDs) or registered during
pace mapping procedures in electrophysiological studies.

Research on digital recovery of biomedical signals from paper printouts
in scanned images is receiving growing interest. On the one hand, Health
Level 7 standard [36] has given a common format for interchanging electronic
data in health care environments, for intra-hospital communications, and for
yielding a fast access to patient data. Hence, those recordings only available
in printout paper or in nondigital supports should be digitized. On the other
hand, Food and Drug Administration has started an action recommending
the pharmacology companies to compile and store electrocardiogram (ECG)
tracings, so that they can be available for commercial or academic studies,
with emphasis on digital support storing for subsequent analysis [19]. The
assembling of comprehensive biosignal databases has been suggested [47, 60],
the digital format being absolutely necessary in this setting.

As for the digital recovery of paper-written signals, those representing
the cardiac electrical activity when it is captured using skin electrodes (ECG
recording) are the most studied biomedical signals. The main difficulty for
their adequate recovery comes from the graph paper which they are printed
on and its periodical background pattern (grid) used as a guide to help visual
evaluation of voltage evolution along time. Several procedures have been
proposed to remove the grid while preserving the signal from a given scanned
image: color grids (stored in images of 24-bit depth) are the easiest to remove
by simply using a color filter [5, 14, 32, 89]; grayscale grids (8-bit depth) can
also be readily suppressed with appropriate filters [4, 13, 39, 49, 57]; however,
binary grids (1-bit depth) have received less attention in the literature [32, 88],
and no integral automatic procedure has been proposed to date. The difficulty
for processing the binary images is evident because experiments reported
in the literature are usually based on high-quality images, which are not
representative of realistic printouts.

This chapter focuses its attention on proposing an integral framework
based on digital image processing for biological signal digital recovery from
binary (BW) chart printout recordings. A new algorithm for improving each
of the usual four stages is introduced in this application. First, the orientation
of the scanned image is estimated by a combination of two techniques: the
eigenvector decomposition of the pixel coordinates corresponding to the
biomedical signal and the grid, and a subsequent Standard Hough Transform
(SHT) on a reduced angular range. Second, the grid is detected with a Discrete
Cosine Transform (DCT) on horizontal and vertical histogram projections.
Third, the biomedical signal is separated from the grid by using binary
morphological operators, where the most appropriate size of the structuring
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element is automatically calculated. Finally, an algorithm for spatio-temporal
conversion yields the signal waveform, improving the results with conventional
thinning operator in noisy images.

To provide a detailed performance evaluation, different methods for the
time synchronization between the digitized gold standard and the recovered
signals were considered by a morphological contrast filter to automatically
extract fiducial points for the time alignment. Performance evaluation focuses
on a medium-low quality application with the intracardiac electrical signal
(EGM).

2.2 Related Work

Several methods have been proposed to digitally recover biological signals
printed on paper. The scheme followed by these methods usually have
four stages: scanning, printout orientation correction, grid cancellation and
conversion from two-dimensional image into one-dimensional sampled signal
with actual units. Validation is made both on proprietary databases [5, 49, 57],
and in public databases, such as MIT-BIH database for ECG recordings [95].
This diversity of databases is a limitation for comparison purposes. A summary
of digital recovery methods in the literature is described next, which mostly
focus on ECG signals, and highlight their current scope and limitations in
each stage.

2.2.1 Image Scanning

The first stage for digital signal recovery consists of obtaining the printouts
in a digital image. The first study of digital signal recovery used to scan the
printouts a high fidelity television camera [26]. However, image acquisition
from the printout is usually done using a flatbed scanner nowadays. During
scanning stage, it should be taken into account three parameters to obtain
the physical units at the end of the process: scanning resolution, paper speed
and amplitude calibration. In the literature, different resolutions are used,
usually 200 or 300 dots per inch (dpi) , but also 600 dpi [57] and 1200 dpi
[49]. Speed recordings for ECG printouts is universally accepted as 50 mm/s
or 25 mm/s (occasionally in some pathological rhythms up to 10 mm/s). A
range of values can be considered in the scale of the recorder amplifier, being
usual for ECG that 10 mm in paper correspond to a voltage of 1 mV. There
is an agreement on storing the image in a lossless format, and the effects of
different formats and scanning resolutions have been previously studied [13].
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2.2.2 Orientation Correction and Waveform Segmenta-
tion

The scanning stage usually entails a tilt effect on the horizontal direction of
the original paper which corresponds to the biosignal time axis. In spite of
this effect has to be corrected, many works [5, 13, 14, 26, 32, 39, 47, 49, 50,
69, 88, 93] do not consider it. The amount of tilt has been computed as a
rotation angle, which is then used to correct the image orientation.

In [89], reference marks for baseline are manually specified and used
to correct the image orientation. The baseline is also considered in [87],
parallelling it with the horizontal axis. In [57], a first order absolute moment
operator is applied on a region with just grid lines, and then a set of straight
lines are fitted to estimate the grid angle as the mean tilt of the fitted
lines. The repetitiveness of the grid lines, together with the paper speed, the
scanning resolution, and the time between grid lines, is used in [4] to detect
the grid lines and then estimating the grid angle. If previous information is
not provided, [4] requires to manually select a subimage with at least 4 or 5
squares of clean grid.

In printouts with several simultaneous signals, the scanned image has to
be segmented to isolate every single waveform in a different subimage, which
is usually done manually by an expert [4, 5, 89]. A relevant issue is the time
synchronization when several simultaneous signals are recovered, for instance,
in vectorcardiography applications [50].

2.2.3 Grid Cancellation and Noise Removal

In the clinical environment, biosignals are usually printed on grid paper to
facilitate their interpretation, hence making necessary a procedure for grid
removal. Proposed methods are highly dependent on the nature of the grid.
Most studies with ECG signals use black ink in a color grid, hence making
possible the use of a color filter [5, 14, 26, 47, 89].

When working with grayscale images, the signal tracing is usually more
contrasted than the grid lines, and a histogram analysis is usually made to
determine an adequate threshold separating the biosignal tracing from the
background [13, 39, 49, 69]. To give a better separation, [57] proposes to
apply a filter for reinforcing the biosignal tracing before thresholding.

After thresholding, additional postprocessing has been proposed to remove
residual grid lines. Thus, [93] applies a gradient transformation for changing
the residual grid lines into isolated points, which are later identified with a
special template and subtracted from the gradient image. In order to remove
the residual dotted portions of the grid lines, [49] applies a technique based on
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the Runlength Smearing algorithm, merging two non-adjacent runs of zeros if
the distance between them is smaller than a predefined value.

As indicated in [89], separation of the grid lines from the biosignal becomes
much harder in binary images (there are just two values and thresholding is
useless). In [32], a morphological approach is used to calculate the periodic
distance in vertical direction, to shift the image one period, and to perform the
XOR logical operation between the original and the shifted images. Though
the goal is removing the grid line pixels (spatially coincident in the original
and the shifted images), this approach can also delete signal pixels which
either overlap the grid lines or are coincident in both images. A heuristic
iterative spatial filtering, based on horizontal and vertical masks, is proposed
in [88] to remove random noise and grid lines.

Before extracting pixels associated to the signal waveform, some authors
postprocess the image obtained at this point by removing artifacts like
annotations and blots [13, 47], or by filling possible signal gaps and removing
noisy pixels [5, 14, 69, 88], in order to smooth the biosignal tracings.

2.2.4 Signal Waveform Extraction

Since it is usual that the image signal tracing is several pixels thick, a procedure
to get just one value in the y-axis (amplitude axis) for every location in the
x-axis (time axis) is necessary. Though the simplest method is to take the
midpoint of the signal tracing at every image column [13, 90], this can result
in a distorted waveform because sharp transitions are underestimated. This
problem has been solved in [90] by a manual signal correction stage. Other
authors [5, 14, 32, 39, 49, 69, 87, 88] have used the thinning morphological
operator [61] to provide the skeleton (one pixel thickness) of the signal tracing.
This operator can give poor performance in non-uniform tracings, being
highly sensitive to slight irregularities in the tracing: two apparently identical
images can yield different skeletons due to just some noisy pixels, and even
distorting ramifications can be generated. In recent years, a patented software
tool based on active contour modeling and dynamic programming has been
designed for signal recovery on grayscale images [4]. The manual setting of
anchor points, i.e., image points where the user imposes the passage of the
recovered waveform, is especially recommended with sharp transitions and
difficult noisy tracings.

2.3 New Method for Signal Recovering

The proposed method for signal recovery from binary images consists of
several consecutive stages, which are next described.
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(a) (b)

Figure 2.1: EGM recording with continuous (a) and discontinuous (b) grid
lines.

2.3.1 Image Orientation Correction

Let I(x, y) be the binary, scanned image, with x = 1, . . . , nx and y = 1, . . . , ny.
When dealing with binary images, it is usual that pixels of interest are in
white (foreground). Since this is not the case with scanned printouts (see
Figure 2.1), for easy of interpretation, the scanned image is complemented to
have Ic=NOT(I), so that both signal and gridlines pixels are foreground.

Owing to scanning rotations, the time axis in Ic could not be horizontally
oriented. This problem is tackled by detecting parallel lines with the highest
number of collinear pixels, corresponding to horizontal grid lines, estimating
their corresponding tilt angle, and the rotating the image to correct the tilt
effect. The SHT is a classical technique for detecting straight lines [61], which
is relatively unaffected by image noise. It performs a transformation from
the Cartesian coordinate space (x, y) (image plane) to the polar coordinate
space (θ, ρ) (Hough space). Using the polar representation, it is possible
to associate each line of the image plane to a unique point in the Hough
space. This way, parameters (θ, ρ) identifying each line can be extracted by
finding local maxima in the Hough space: the higher the maximum, the more
pixels has the line. The main drawback of SHT is the high computational
burden to find the line parameters accurately, since the angular margin of θ
must be finely quantized and the polar transformation must be computed for
every foreground pixel. To alleviate the computation, a first rough estimation
of the tilt angle is computed, and then this estimation is refined it using
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the SHT in a reduced angular margin. Additionally, since the information
about gridlines orientation can also be obtained through the edge points,
the number of foreground pixels is reduced by applying the Sobel operator
to Ic and thresholding it with the Root Mean Square (RMS) of the values
corresponding to the magnitude image [61], yielding binary image S.

In order to get the rough estimation of the tilt angle, the eigenvector
decomposition method is applied as follows. Let V S be the matrix with the
foreground pixel coordinates of S, and be CV its 2 × 2 covariance matrix.
Whenever the larger dimension of the recording is its horizontal direction,
eigenvector vmax, corresponding to the largest eigenvalue of CV , indicates
the orientation of time lines in landscape printouts. Thus, a first estimation
θr of the tilt angle is provided by the angle of vector vmax with the x-axis.
Note that if height is the larger dimension, there will be a difference of π/2
radians in θr.

A more accurate estimation θ′r of the actual tilt angle can be obtained
by performing the SHT of image S on a reduced angular margin centered
on θr, hence notably reducing the computational burden of the complete
SHT. To determine θ′r, it take into account that the grid lines are parallel
and, therefore, they have approximately the same angular parameter. Thus,
θ′r is obtained by averaging the angular parameters of the highest maxima
in the Hough space. It was experimentally found that four maxima are
adequate for recordings where every signal is delimited by four voltage grid
lines. Then, Ic is rotated θ′r radians in clockwise direction using nearest
neighbour interpolation, obtaining the binary image J = Icrot, with size
nrx × nry (possibly different from nx × ny).

2.3.2 Preprocessing and Grid Cancellation

As illustrated in Figure 2.1, EGMs can be printed in paper with two kinds
of regular grids. On the one hand, a grid with continuous lines that usu-
ally presents subdivisions with discontinuous dotted vertical and horizontal
alignments, see Figure 2.1 (a). On the other hand, a simpler grid with dis-
continuous grid lines, see Figure 2.1 (b). EGMs showed in Figure 2.1 are
representative of the two more difficult scenarios: (a) continuous grid lines;
(b) discontinuous grid lines with also discontinuous signal tracing and similar
thickness for signal and grid.

It is possible to reduce the computational burden of grid cancellation
by discarding areas of the image not containing the biomedical signal, such
as the automatic marks that usually appear at the bottom of EGMs (see
Figure 2.1 (b)). Since these marks are below a horizontal and continuous line,
the region of interest can be determined by the two first maxima higher than
80% of nry in the horizontal projection histogram. These maxima correspond
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Figure 2.2: Flowchart for natural grid extraction. The result of each step is
shown on a piece of image.

to the two lines separating the upper part of the image and the marks.

The next preprocessing stage is grid cancellation, which it is tackled by
using binary morphological filters. First, an artificial grid is created in order
to act as a mask from which the actual grid can be separated from the signal
tracing, as indicated in the flowchart of Figure 2.2 and described next. An
initial estimation δs of the number of pixels between consecutive grid lines can
be obtained by using the scanned image parameters. Thus, for a resolution
of 300 dpi, a paper speed of 25 mm/s and a grid time of 0.2 s, δs ≈ 59 was
obtained.

To make easier the grid lines detection, their connectivity is improved by
making a morphological closing (operator •) of J with horizontal and vertical
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linear structuring elements (strels in the sequel) sech and secv, respectively,
providing J i = (J • sech) • secv. To avoid the signal tracing joining the
grid lines, the length of the strels should be proportional to δs. It has been
experimentally found that a percentage of 12.5% is appropriate.

Once the grid pixels are connected, the grid lines are extracted by applying
to J i two morphological openings (operator ◦) with linear strels: seoh for
getting the horizontal grid lines and seov for the vertical ones, yielding:

H(x, y) = J i(x, y) ◦ seoh; V (x, y) = J i(x, y) ◦ seov (2.1)

Note that the strel length should depend on the image size. It has been
experimentally found that a length of 25% of nrx and nry is adequate for seoh
and seov, respectively. Long enough lines not really belonging to the grid
can be present in the filtered images. To localize the grid lines and construct
the artificial grid, the horizontal and vertical histogram projection is first
obtained:

pH(y) =
nrx∑
x=1

H(x, y); pV (x) =

nry∑
y=1

V (x, y) (2.2)

and then perform the corresponding one dimensional DCT. Given that grid
lines have a nearly regular recurrence, there will be peaks in the DCTs of pH
and pV , corresponding to the fundamental spatial period and harmonics. The
initial estimation of the spatial period δs to perform a harmonic analysis is
now considered by identifying the peak positions corresponding to harmonics
in the DCTs. Then, the inverse DCT is computed to find the image row and
column indexes of the grid lines and to construct an artificial and regular
grid, named G. The natural grid N is estimated as N=AND(J ,G), and
the image with most of the foreground pixels belonging to the signal, J ii, is
obtained by subtracting N from J . The result of this process on a piece of
image is shown in the right side of Figure 2.2.

From the comparison of signal waveforms in images J and J ii, the straight-
forward signal extraction from J ii is not possible for two reasons: disappear-
ance of the signal segments overlapping the grid lines, and preservation of the
dotted grid subdivisions. Next, the proposed approach is detailed to extract
the signal waveform from J ii. The flowchart is shown in Figure 2.3.

According to the observation that the scanned waveforms are usually
continuous and thicker in pixels than the grid lines, a morphological opening
is applied to J ii in order to preserve most of the signal tracing and eliminate
most of the dotted grid subdivisions. A square-shaped strel sem of width δm
was considered, where δm corresponds to the estimated thickness of the signal
tracing. Since the most appropriate value of δm may be different depending
on the plotter, the kind of signal (smooth or with fast variations) and the
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Figure 2.3: Flowchart of the grid cancellation and the result of each stage on
a piece of image.
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(a) (b)

Figure 2.4: Result of grid cancellation process for images in Figure 2.1.

scanning resolution, it is estimated by successively applying openings with
sem of increasing size, both to N and to J ii. Monitoring the percentage of
foreground pixels after each opening, δm is estimated as the strel size providing
the most relevant drop in the monitor curve of N without a relevant drop in
that of J ii. Considering this strel, J iii = J ii ◦ seδm is obtained, where most
grid pixels have been removed while maintaining most signal pixels. This
process is illustrated in the first step of Figure 2.3.

To recover those parts of the signal tracing removed after opening with
sem, a morphological reconstruction (operator 4) of J is first made under
the marker J iii, i.e, J iv = J 4 J iii. Grid lines joined to the signal tracing
in J iv are removed by subtracting AND(N ,J iv) from J iv, obtaining Jv. As
intersections between grid lines and signal tracing are not present in Jv, they
are recovered by applying a morphological opening to J iv with a cross-shaped
strel sec, providing R = J iv • sec and adding it to Jv to get Jvi =OR(Jv,R).
Finally, intersections between grid lines not belonging to the signal tracing
are removed from Jvi, hence making a morphological reconstruction under
the marker J iii, such that Jvii = Jvi4 J iii.

Figure 2.4 shows the result of the grid cancellation process for images
in Figure 2.1. Although the signal tracing is not continuous, the presence
of gaps is tackled in the signal waveform extraction stage explained in next
subsection.

Independent subimages (one for every waveform) can be readily segmented
by using the horizontal histogram projection of Jvii. The signal positions in
the image are detected by finding the two highest maxima, corresponding
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to the two signals. In order to help the detection, the histogram projection
is smoothed using a median filter of length δs. For notation simplicity, it is
considered from now on that Jvii corresponds to either of these subimages.

2.3.3 Signal Waveform Extraction

Since time evolution corresponds to the horizontal direction, it is proposed to
extract the signal by analysing columns of Jvii from left to right, and obtaining
just one tracing representative pixel per column. When signal tracing is
practically vertical (very fast changes), connection between waveform and
dotted grid can make difficult the signal extraction. To remove this connection
while maintaining the vertical signal tracing, an opening with a vertical linear
strel sel is first applied to get Jvii

ver = Jvii◦sel, then Jvii
ver is dilated (operator ⊕)

with a horizontal linear strel sed, and vertical segments connected to dotted
grid are removed as Jvii

no−ver=AND(Jvii, (Jvii
ver ⊕ sed)

c). Image Jviii with
no dotted grid connected to fast signal variations of Jvii is obtained as
Jviii=OR(Jvii

ver,J
vii
no−ver). It has been experimentally found that a length of

50% δs is appropriated for sel, and 2δm for sed.

As the signal tracing is usually several pixels thick, a first estimation of the
column representative pixel is obtained as the median among the positions of
foreground pixels in that column. As illustrated in Figure 2.5, this estimation
does not properly follow fast changes in amplitude, therefore an additional
process is required to improve the quality of the extracted signal in these
fragments. Specifically it is proposed to detect fast signal variations when
the length of the corresponding segment in the vertical direction is larger
than 2δm and, in these cases, to replace the first estimation by the position
associated to 90% of the length between the pixel in the first estimation and
the segment endpoint (see final estimation in Figure 2.5). A tolerance of
10% is considered due to the nib thickness. The top endpoint of the segment
is considered when the short-term signal trend is positive, and the bottom
endpoint otherwise. The short-term trend is obtained by adjusting a linear
regression model to the representative pixels in the first estimation. After this
process, columns with no pixels (gaps) are completed by linear interpolation
between the previous and the following pixels.

Finally, the signal is obtained from the vertical position yk of the foreground
pixel in column xk as

s(txk) = a · yk + b (2.3)

where bias b can be determined by signal considerations (such as a known
average amplitude value of the signal) or by image considerations (known
position of the zero amplitude level in the image), and a is a scaling factor that
can be obtained as explained in next subsection. Time units corresponding
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Figure 2.5: First (blue circle pixels) and final (red square pixels) estimation
of signal tracing in a piece of image from an EGM.

to txk can be easily calculated as the product of the scanning resolution and
the recording speed of the printout, both in the convenient units.

The amplitude rate (mV/pixel), defining the scale factor a in (2.3), is
usually known as a priori information. However, when a calibration pulse
is included in the printout, an auxiliary independent process can be used.
Assuming the calibration pulse has been extracted in a different image, the
top and bottom horizontal segments of the pulse are obtained by applying an
opening with the squared-shaped strel of width δm determined in Section 2.3.2
(see Figure 2.6). A unique location for these segments is found by detecting the
two highest maxima of the horizontal histogram projection. The amplitude
rate is immediately obtained from the number of pixels between these maxima.

2.4 Signal Recovery Quality Measurements

The quality of the recovered signal has to be evaluated by considering a
dataset containing the so-called gold-standard or reference signal (the digital
signals with no printing-scanning process). For an adequate comparison, both
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(a)

(b) (c)

Figure 2.6: Amplitude rate determination: selection of the calibration pulse
(a); calibration pulse (b); horizontal top and bottom lines of the pulse (c).

the recovered and the reference signal need, first, to have the same dynamic
range, and second, to be time-synchronized.

2.4.1 Time Synchronization of Signals

A usual difference between the recovered and the reference signal is their
different number of samples due to different sampling rates. Accordingly,
the recovered signal is decimated and linearly reinterpolated to the sampling
frequency of the gold standard signal. Surprisingly, the synchronization stage
is not usually documented, probably due to its manual nature. In practice,
there is no a constant time shift (lag) between the recovered and reference
signals throughout all the recording. This is probably due to potential drifts
in the optical scanner resolution and inhomogeneities of both paper speed
and pen control circuitry. In this work, three synchronization methods are
benchmarked: matched filter (MF), linear least squares (LLS), and splines
(SP), which are briefly described next.

Since there may not be a constant lag between the recovered and the
reference signal, specially with larger printouts, both signals are first divided
into non overlapping fragments when using the MF method. Then, cross
correlation between the recovered and the reference fragment is calculated and
its maximum is obtained, providing the time shift between them. The main
drawback of this method is associated to its local nature: when fragments of
the recovered signal are synchronized, holes between fragments may appear
and an additional interpolation process is necessary to provide continuity to
the synchronized recovered signal.

The LLS and SP methods try to overcome the MF problem by providing a
model of the correspondence among all the time instants on both signals. For
this purpose, the same characteristic points (fiducial points) are obtained both
the reference and for the recovered signal, and the time instants corresponding
to the same fiducial points are grouped in pairs (tGS, tRS), getting as many
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Figure 2.7: Setting of fiducial points on recovered (RS) and gold standard
(GS) signals.

pairs as fiducial points are found. These pairs are used to explore the
relationship between tRS and tGS by regression analysis, with tRS as the
dependent variable and tGS as the independent one. The LLS method
considers a linear regression model, whereas the SP method provides a cubic
smoothing spline. Note that a change in one pair (tGS, tRS) produces a
local change in the SP model, while it produces a global change in the LLS
model. The fiducial points (Figure 2.7) correspond to the regional extrema
of dynamics [24] larger than a threshold, which is set as follows. First, the
dynamics are calculated for all regional extrema of the same signal, and the
mean value of dynamics is obtained separately for maxima and minima. These
values are set as thresholds (one for maxima and another one for minima),
and the fiducial points are chosen as those extrema whose dynamics is higher
than the corresponding threshold.

2.4.2 Merit Figures

The quality of the recovered signal after time synchronization of signals is
evaluated by using a number of merit figures which have been proposed in
the literature [7, 95].
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The most common merit figure used is the RMS defined by

RMS =

√√√√ 1

N

N∑
n=1

(x[n]− x̂[n])2 (2.4)

where N is the number of samples, x is the reference waveform and x̂ is the
recovered waveform.

The normalized version of RMS, Normalized Root Mean Square (NRMS),
is also used [50] and is defined by,

NRMS(%) =

√√√√ 1

N

N∑
n=1

(x[n]− x̂[n])2

max(|x|)
× 100 (2.5)

where max(|x|) is the maximum voltage of the reference signal.

Another merit figure used is the Percentage Root-mean-square Difference
(PRD) defined by,

PRD(%) =

√∑N
n=1(x[n]− x̂[n])2∑N

n=1(x[n])
2

× 100 (2.6)

PRD is a global measure which only takes into account the general
appearance of the signal but not local and significant effects which are usually
important for the diagnosis [6]. Besides, it is highly dependent on the direct
current level of the signal. In order to overcome the last limitation, a new
version of PRD, called PRD1 was proposed by [6],

PRD1(%) =

√∑N
n=1(x[n]− x̂[n])2∑N
n=1(x[n]− x)2

× 100 (2.7)

where x is the mean value of the reference signal.

Given that RMS, NRMS, PRD, and PRD1 are global measures, the
Maximum Amplitude Error (MAE) is used in order to take into account the
local effects [95],

MAE = max
n
{|x[n]− x̂[n]|} (2.8)

2.5 Experiments

2.5.1 Database Description

Performance evaluation has been made by considering a database of intracar-
diac recordings (EGMs) from ICD, provided by Hospital General Universitario
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Gregorio Marañón in Madrid (Spain) and Hospital Universitario Virgen de la
Arrixaca in Murcia (Spain). In this database, both gold-standard signals in
digital format and their printed versions in BW graph paper were available.

ICD devices were from two manufacturers, namely, MedtronicR© and Boston
ScientificR© (from now, M1 and M2, respectively). The programmers, used
for printing the EGMs, were Medtronic CarelinkR© (Model 2090) and Zoom
LatitudeR© (Model 3120), both using heat-sensitive paper at 25 mm/s, and both
providing with discontinuous grid printouts. The printing process performs
an internal band-pass filtering between 5-100Hz. Images were obtained with
an HP Scanjet 7650 scanner at 390 dpi resolution. Thus, the sampling rate
in images was around 384 dots per second. Note that this frequency is more
than three times the sampling frequency for M1 devices (128 Hz), and almost
twice for M2 devices (200 Hz). After 1-bit depth scanning, the binary image
was stored in a lossless format (bmp). Digitalization parameters fulfilled
recommendations in [25] for an adequate conversion from paper to digital
format.

For this study, 49 ICD stored EGM recordings were used: (1) 24 recordings
of 17 patients from M1, consisting of 8 ventricular fibrillation (VF), 6 sinus
rhythm (SR), and 10 ventricular tachycardia (VT); (2) 25 recordings of
15 patients from M2, consisting of 11 VF, 9 SR and 5 VT. Recordings
had unipolar lead configuration (UC), from can to coil, and bipolar lead
configuration (BC), from tip to ring in M1 and from tip to coil in M2. For
the purpose of comparison, two seconds of every recording were considered in
the experiments.

2.5.2 Results on Synchronization Methods

Results for the three synchronization procedures and for the three kinds of
cardiac rhythms were compared by considering separately each manufacturer.
A t-Student test (paired when possible) was used for statistical comparison,
with significance level at α = 0.05.

Table 2.1 shows the merit figures (mean ± standard deviation). Symbols
+, ∗, and # denote significant differences for LLS vs MF, LLS vs SP, and
MF vs SP, respectively. For UC, and both for M1 and M2, the best results
were given by LLS, followed by SP and MF. Poor performance was obtained
with MF, mostly due to the need of estimating the signal at the fragments
junction during the synchronization procedure. On the contrary, for BC,
the best results were given by SP, followed by MF and LLS. This is because
BC has faster signal variations than UC, what often causes the union of the
trace defining fast deflections. This fact hinders the fiducial points obtaining,
hence producing a worse estimation by LLS of the actual regression line, and
hence poor synchronization (even worse than MF). The correlation coefficient
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RMS (mV) NRMS (%) PRD (%) PRD1 (%) MAE (mV)
M1, UC

LLS 0.10± 0.05+ 5.15± 1.74+ 8.89± 3.38+ 9.50± 3.83+ 0.36± 0.19+

SP 0.11± 0.06∗ 5.72± 2.10∗ 9.51± 2.96 10.16± 3.52 0.37± 0.18
MF 0.12± 0.06# 6.39± 2.24# 10.68± 3.04# 11.29± 3.35# 0.46± 0.25#

M1, BC
LLS 0.21± 0.13 8.67± 4.57 13.07± 6.49 14.93± 7.07 0.93± 0.56
SP 0.19± 0.12 8.13± 3.69 12.14± 8.99 13.71± 5.52∗ 0.81± 0.48∗

MF 0.20± 0.12 8.57± 4.44 12.42± 4.35 14.37± 5.58 0.92± 0.53#

M2, UC
LLS 0.17± 0.08+ 7.49± 3.19+ 9.44± 3.34+ 9.54± 3.45+ 0.52± 0.17+

SP 0.19± 0.09∗ 8.39± 3.68∗ 10.68± 4.11∗ 10.79± 4.26∗ 0.59± 0.23∗

MF 0.22± 0.14 9.64± 5.74 11.80± 4.21 11.92± 4.31 0.71± 0.37#

M2, BC
LLS 0.39± 0.35 16.14± 14.02 26.80± 9.91 27.38± 9.77 1.95± 1.07
SP 0.32± 0.26∗ 13.36± 10.65∗ 22.29± 7.10∗ 22.88± 7.19∗ 1.40± 0.81∗

MF 0.39± 0.35# 16.04± 14.04# 26.12± 10.58# 26.66± 10.52# 1.82± 1.13#

Table 2.1: Merit figures using the three time synchronization methods in ICD
stored EGM.

between gold-standard and recovered signals (not shown in the tables) was in
average higher than 0.96 for all the rhythms and for all the synchronization
methods. According to this coefficient, the best synchronization method is
the same as in previous results for UC and BC.

The best results in terms of manufacturer were obtained for M1, because
the larger nib thickness in M2 produces the signal lines join in fast changes,
and it makes difficult the recovery and synchronization processes. For UC,
significant differences were obtained for all the merit figures between LLS and
SP with M2, but only for RMS and NRMS in M1. In BC, PRD1 and MAE
were significantly different in M1. Synchronization with the MF method in
UC for M1 and M2 yielded significant differences in LLS, but no significant
differences were obtained in BC.

2.5.3 Results on Feature Measurements

Additionally to sample-by-sample comparison, the accuracy in the estimation
of two relevant EGM features is evaluated, namely, the peak deflection voltage
amplitude (largest voltage above the baseline) and the maximum deflection
time (intrinsic deflection), for the three kinds of cardiac rhythms. A paired
t-test for mean comparison was used for EGM feature estimation. Here,
symbol ∗ denotes significant differences for LLS vs SP, since they were the
best synchronization methods in UC and BC, respectively.
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LLS SP MF LLS SP MF
M1, UC M2, UC

VF 0.08± 0.06∗ 0.06± 0.05 0.07± 0.06 0.09± 0.09∗ 0.07± 0.07 0.12± 0.10
VT 0.14± 0.15∗ 0.11± 0.12 0.15± 0.16 0.02± 0.04 0.01± 0.02 0.02± 0.04
SR 0.14± 0.13∗ 0.10± 0.10 0.10± 0.10 0.06± 0.07 0.06± 0.06 0.07± 0.07

TOTAL 0.11± 0.10∗ 0.08± 0.08 0.11± 0.10 0.08± 0.08 0.06± 0.06 0.09± 0.09
M1, BC M2, BC

VF 0.33± 0.34 0.25± 0.30 0.30± 0.41 0.66± 0.95 0.47± 0.61 0.57± 0.85
VT 0.62± 0.70 0.43± 0.50 0.37± 0.48 0.69± 0.99 0.31± 0.37 0.17± 0.30
SR 0.18± 0.27 0.20± 0.24 0.17± 0.26 1.21± 1.44 0.93± 0.84 0.97± 0.93

TOTAL 0.42± 0.46 0.31± 0.36 0.31± 0.41 0.75± 1.03 0.51± 0.60 0.55± 0.76

Table 2.2: MAE (mV) at peak deflection voltage for cardiac rhythms.

LLS SP MF LLS SP MF
M1, UC M2, UC

VF 1.4± 0.98∗ 2.6± 2.4 3.0± 2.4 2.2± 1.4∗ 3.1± 2.9 3.8± 3.8
VT 1.6± 0.9∗ 2.7± 2.2 3.2± 2.6 1.5± 0.82∗ 1.4± 1.1 2.1± 1.9
SR 1.7± 1.1∗ 4.2± 9.0 3.0± 3.0 1.3± 0.75∗ 2.9± 3.0 2.8± 2.5

TOTAL 1.5± 0.97∗ 2.8± 3.0 3.1± 2.6 1.9± 1.2∗ 2.8± 2.6 3.3± 3.3
M1, BC M2, BC

VF 2.8± 2.1∗ 4.3± 5.5 3.9± 4.9 3.3± 2.4∗ 4.1± 5.3 3.8± 6.1
VT 1.8± 1.4∗ 3.2± 3.2 2.9± 3.1 2.8± 1.8∗ 2.4± 2.2 3.0± 3.9
SR 1.8± 1.3∗ 4.1± 3.8 2.8± 2.8 2.2± 1.7∗ 1.9± 1.7 3.3± 4.1

TOTAL 2.3± 1.7∗ 3.9± 4.4 3.4± 4.0 3.0± 2.1∗ 3.4± 4.0 3.6± 5.3

Table 2.3: MAE (ms) of intrinsic deflection time for cardiac rhythms.

Table 2.2 shows the comparison of MAE (mean ± standard deviation) for
peak deflection amplitude. In general, peak deflection was better synchronized
(and hence its amplitude was better estimated) with SP, both for M1 and M2,
and for UC and BC. This can be explained because approximately half of
the fiducial synchronization points are coincident with the maximum of peak
deflection, hence, the local nature of the SP model gives an interpolation
closer to the peak deflection.

Table 2.3 shows the comparison of MAE (mean ± standard deviation)
for the intrinsic deflection time, which was estimated as the zero-crossing
time instant by using a linear interpolation with the four adjacent time
instants (two above the zero value and the other two below). Note that
average values were always lower than the time resolution (this held for both
manufacturers). Nevertheless, paired t-tests indicated a consistent trend for
better performance of LLS synchronization in terms of the intrinsic deflection.
A possible explanation for this is that SP synchronization aims to fit the peak
deflections, yielding a lower local error there (see Table 2.2), whereas LLS
aims to give a reduction of the global error. Hence, a lower averaged error
was obtained for LLS synchronization for the intrinsic deflection estimation,
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whereas a lower averaged error was obtained for SP synchronization in the
peak deflection estimation.

When comparing the manufacturers, the lead configurations and the MAE
merit figure, better results were obtained for M1 and UC both for peak
deflection amplitude and intrinsic deflection time, similarly to Section 2.5.2.

2.6 Conclusions of the Chapter

A new automatic method has been proposed, based on digital image processing
techniques, which allows us to recover biomedical signals from BW grid paper
printouts. Due to the recent interest in incorporating current hospital infor-
mation systems into emerging digital storing standards, a number of clinical
signals, such EGMs stored and registered by ICD, are only available from
printouts, often in BW, which probably represents the worst-case for signal
recovery by means of image processing techniques. Hence, the availability
of an automatic procedure is nowadays a necessary requirement. Special
attention has been paid here to the synchronization stage at validation. In
this setting, a hard-to-recover set of data has been assembled for benchmark-
ing the procedure, and a complete set of performance evaluation has been
presented for ICD stored EGM from printouts, which has been compared to
the corresponding gold standard (given by their digitized recordings in ICD).
As specific conclusions for the clinical dataset of ICD stored EGMs, LLS and
SP synchronization method were more accurate than MF. The best recovery
was obtained for M1 devices, simply because the nib thickness was thinner
in their programmers. Also, recovery was significantly better in UC than in
BC, due to the more patent presence of fast changes in the signal tracings.
Finally, computational burden of the whole procedure was in the same order
of magnitude than the scanning time. It can be concluded that the method
is capable of automatically recovering signals from noisy BW paper printout
recordings from hospital information systems.



Chapter 3
Evaluation of Learning Systems for
Regionalizing the LVT Exit Site

Given that EGMs stored in ICDs have proven to contain useful information for
determining the region of the left ventricular tachycardia (LVT) exit site, this
chapter deals with the evaluation of signal processing and machine learning
techniques to support the ablation procedures for estimation of the LVT
anatomical exit site. For that purpose, a learning system is first presented
in Section 3.2, including the description of the considered machine learning
techniques for classification and regression, and quality measurements to
benchmark the system output. Secondly, the database and the input space
are detailed in Section 3.3 for learning process. In Section 3.4 experiments for
regionalizing the LVT exit site were benchmark by using both EGM waveform
and features such as, voltage amplitude and ratios, and time intervals and
instants. Finally, discussion and conclusions of this chapter are summarized
in Section 3.5.

3.1 Introduction

Ventricular tachycardia (VT) and ventricular fibrillation (VF) are two of
the most relevant causes of sudden cardiac death. ICD has shown to reduce
the risk of sudden cardiac death in patients with structural heart diseases
caused by VT or FV. The ICD detects automatically the presence of cardiac
arrhythmias, but it does not prevent them. When a dangerous heart rhythm
occurs, the ICD delivers appropriate therapy, being a shock in many cases
causing painful, the ICD battery discharge and deterioration in the state of
patient health. In order to prevent ventricular arrhythmias, radiofrequency
ablation in electrophysiological (EP) studies is one of the most effective

41



42 CHAPTER 3. LEARNING SYSTEMS FOR REGIONALIZING LVT EXIT SITE

procedures to reduce arrhythmias events.

Most of VTs are produced by slow conduction pathways within the scar
in patients with structural heart disease. During VT ablation therapy, the
knowledge of the point (called exit site) where the healthy myocardial tissue
is activated by the slow conduction pathway can be very useful to ensure
the success of therapy. One of the techniques to identify the exit site is pace
mapping. This procedure reproduces the beat morphology recorded during
VT by means of pacing different parts of the ventricle and using a mapping
catheter. The exit site is localized when the beat morphology obtained during
pace mapping is the same as the beat morphology of VT. Pace mapping
uses the 12 lead electrocardiogram (ECG) during VT for the comparison,
however, patients with ICD do not usually have ECG during VT because the
device quickly eliminates the arrhythmia. The only physiological information
available in these patients is the EGMs recorded by the ICD. Therefore, a
study about the regionalization of LVT by just using EGMs could be very
useful.

Previous research in this setting has focussed on predicting the VT exit
site based on 12-lead surface ECG [46, 68]. From an EP point of view,
scientific evidence exists that the morphology of EGMs from ICD provides
relevant information about the LVT exit site [1]. By means of pace mapping
techniques, voltage of far-field EGM deflections (initial, peak, and final)
and time intervals between far-field and bipolar EGMs have been previously
used to determine the arrhythmia anatomical exit site location in the left
ventricle (LV) anatomy, i.e. septal vs lateral, superior vs inferior, and apical
vs basal. The ratio between initial and peak voltages in the far-field EGMs
was used to discriminate against lateral vs septal, and the interval onset of
far-field to bipolar EGMs was used to discriminate against LV halves (septal,
lateral, apical, basal).

However, and despite of this previous evidence, no detailed EGM analysis
system has been proposed either for information extraction from ICD stored
EGMs during the spontaneous arrhythmias, or for analysing the spatial
uncertainty of the exit site estimation with acceptable accuracy. Therefore,
the goal is to evaluate the use of machine learning systems to support ablation
procedures by regions identification of LVT exit site. Both features and the
waveform of EGMs stored in ICD have been used for this purpose. Besides,
this system should provide statistical information to determine the accuracy
of the LVT exit site estimation on the available stored EGM database.

Different approaches based on supervised machine learning techniques
have been used in this work to identify the arrhythmia exit site region. The
main characteristic of these techniques is their ability for learning the mapping
among a set of instances and targets. In this sense, instances are the EGMs and
targets are their corresponding spatial positions during pace mapping, both
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available in the patient database. In any supervised approach, the machine
is designed in a training stage by using both instances (EGMs) and targets
(pacing coordinates); next, pacing coordinates for new instances are provided
in the operation stage. In order to avoid overfitting, different techniques such
as cross validation or leave-one-out are used to provide a machine with good
generalization properties. However, since the spatial reference system was not
common for all patients due to different orientations and heart sizes, then a
manual division of the LV was done by an electrophysiologist following the
methodology proposed in [1]: the heart is divided in three halves (two parts)
and eight parts by three perpendicular planes. This division allowed us to
tackle the identification in regions from a classification point of view, and
local and global machine classifiers were designed and evaluated by using two
or eight different targets, corresponding to the two and eight parts of the
divided LV. In addition, a regression approach was applied by considering a
unit-radius sphere and also dividing it in two or eight parts. In regression,
target outputs were set as the spherical coordinates of the central point for
each region

3.2 Proposed System

In this section, the theoretical framework is presented for a new system
to support ablation procedures by using EGMs (waveform and features)
recorded during electrophysiological studies (EPS). Signal processing and
machine learning techniques are used both for system design and operation.
Emphasis is made in supervised learning machines, and in their capabilities
to generate a data-driven model, capable of extracting information from
the available EGMs and their anatomical exit site. Additionally, a quality
measurement stage is included in order to evaluate the statistical properties of
the output provided by different machines. The proposed system is divided in
three stages (namely, preprocessing, learning engine, and quality evaluation),
which are described in next subsections.

3.2.1 Preprocessing Subsystem

In this stage, the EGMs and the pacing coordinates have to be available
for designing the supervised learning system. EGMs were retrieved by the
ICD during pace mapping in EP procedures, and pacing coordinates were
obtained using a 3D nonfluoroscopic CNS (CartoTM XP [67]). These systems
can localize the catheters positions inside the heart in real time by means
of generation and detection of electromagnetic fields. CNS coordinates were
dependent on the spatial reference system of each patient, hence, in order
to have consistent references for different patients, a division of the LV into
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eight regions, so-called octants, was done manually by an electrophysiologist
using the tool software design a line given by the navigation system. LV
was divided by three perpendicular planes, which separate the heart chamber
in two halves for each plane, namely, apical vs basal, septal vs lateral, and
inferior vs superior. The intersection of these planes generated a division into
eight octants: apical-septal-inferior (ASI), apical-septal-superior (ASS), apical-
lateral-inferior (ALI), apical-lateral-superior (ALS), basal-septal-inferior (BSI),
basal-septal-superior (BSS), basal-lateral-inferior (BLI), and basal-lateral-
superior (BLS).

Note that the LVT exit site is known for the cases used during the machine
training stage. However, when a new EGM is presented to the system in
the operation stage, the LVT exit site is unknown and it will be estimated.
EGM feature extraction has to be performed in this stage, considering several
criteria which are described in detail in Section 3.3.

3.2.2 Machine Learning Subsystem

The second stage conveys a data model to determine the LVT exit site as a
function of the EGM features and/or the waveform from the preceding stage.
The model has to be constructed from the known LVT exit site anatomical
locations in a set of patients.

As described in [1], a major issue with the anatomical exit site determi-
nation problem is the inter-patient variability. Even though current CNS
provide the actual coordinates for the catheter location, in the clinical work
in [1] it was not possible to use them as actual target, but rather the clinician-
assisted division of the heart chamber anatomy into regions made possible to
compensate for different orientations and sizes of the heart. Therefore, there
is a priori uncertainty about which paradigm could be more useful for this
problem, namely, a regression model (as far as spatial coordinates are the
most desirable), or a classification model (as far as segmentation of the heart
chamber provides inter-patient homogenization of the anatomical data).

Machine Learning Classifiers

Several classical and emergent methods for classification were benchmarked.
Firstly, classical artificial neural networks were considered, such as Multi-Layer
Perceptron (MLP) and Radial Basis Function Network (RBFN), for giving a
global and a local learning paradigm, respectively [27]. Secondly, Probabilistic
Neural Networks (PNN) were employed, which are based on the theory of
Bayesian classification and the estimation of probability density functions [72].
Finally, a different approach to neural networks was Support Vector Machines
(SVM), which provide high generalization ability by constructing classifiers



3.2. PROPOSED SYSTEM 45

with maximal margin boundaries between classes, while minimizing the
structural risk [84].

MLP is a multilayer network (here, just one hidden layer is considered -
apart from input and output layers), whose training is based on the back
propagation scheme, which has two phases: (a) forward phase, where the
MLP weights are initialized randomly and the input is propagated through the
network; (b) backward phase, where the error signal, obtained by comparing
the MLP output and the desired target, is propagated through the network
in the backward direction. In this second phase, adjustments are made to
the weights of the network [27]. The MLP network is often trained by using
the conjugate gradient algorithm to minimize the sum-of-squared errors and
thus find, simultaneously, the weights of the hidden and output layers (input
layer has no weights). The hidden and output units activation functions were
sigmoidal and linear, respectively.

RBFN is also a multilayer network with universal approximation capability
which origin relies on exact function interpolation [27]. Hidden and output
units activation functions are often Gaussian and linear, respectively, and
they can perform exact interpolation when a radial basis function is placed
on every training instance. When instances are affected by noise (as it is
usual in real-world data), the network performance can be improved by
considering a regularization term to avoid over-fitting and produce smoother
solutions. Thus, two free parameters are considered for the design, namely,
the width of the Gaussian kernel and the regularization parameter. The
training algorithm for exact RBFN is much faster than that for MLP, since
the algorithm applied here to find RBFN weights is not an iterative procedure
but the Moore-Penrose pseudoinverse.

PNN is a variant of previous RBFN where the output layer has as many
units as classes to discriminate [16]. Unlike the RBFN, not all the hidden
neurons of PNN are connected to all the output neurons: in PNN, each hidden
neuron is just connected to the output neuron associated to the class the RBFN
is placed on. Thus, every output neuron provides a discriminant function
which can be interpreted as an estimation of the a posteriori probability
density function. For classification, PNN assigns the instance to the class of
the output neuron with higher value.

SVM is based on the Structural Risk Minimization principle [84]. This
method maps the input to a high-dimensional space where classes are sup-
posed to be linearly separable, so that it is possible to estimate a separating
hyperplane maximizing the margin between the boundary and its closest
instance. In SVM, a regularization parameter controls the trade-off between
training error and margin size. A Gaussian kernel has been considered for
the nonlinear mapping in this work. In the training process, free parameters
(regularization parameter and the Gaussian kernel width) are selected by
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using a grid search.

Machine Learning Regressors

As previously indicated, LV is represented by a sphere of unit-length radius
which is divided into eight parts corresponding to each octant. This sphere is
parametrized in spherical coordinates, with latitude (−π/2 ≤ φ < π/2) and
longitude (0 ≤ λ < 2π). Given that this division gives a standardization of the
chamber, the pair of angles (φ, λ) of the central point of each region are used
as target for regression; for example, ALI is codified as [φ = −π/4, λ = π/4]
radians, and BSS is codified as [φ = π/4, λ = 5π/4]. Hence, the regressor
output has freedom for yielding the angular coordinates in a given example.
From a binary regression point of view, no spherical coordinates are needed,
and halves are labeled by {-1,1}.

For the regression approach, nonlinear models with different input spaces
and multidimensional outputs were required. Kernel Ridge Regression (KRR),
a nonlinear kernel version of the regularized least squares method, was con-
sidered given its capability for dealing with multidimensional output spaces.
This algorithm has the power of dealing with problems with high dimensional
data in a very computationally efficient way. A Gaussian kernel has been
used here to map the input vector to a new feature space. The width of the
Gaussian kernel and the regularization parameter are tuned in the training
stage.

3.2.3 Quality Evaluation

The classifier output quality is evaluated by the accuracy rate, using both
binary and multiclass classifiers. A binary classifier is used in order to
determine one of two LV halves, and a multiclass classifier to determine one of
the eight octants. In addition, a multiclass classifier combining three binary
classifiers is evaluated. The regressor output quality is assessed by using
several quantitative measurements, including uncertainty of spatial regions
and great circle distances, which are next summarized.

Uncertainty area is defined as the size of the spatial region where the
estimation of the LVT exit site has a probability β. Given that the output
distribution is unknown, these areas are estimated by using a nonparametric
method based on Bootstrap resampling. This algorithm can be applied for
estimating unknown probability densities even when the analytical equation
of the distribution is hard to obtain, by taking profit of the plug-in-principle
instead. In this work, it is used in combination with KRR in order to
estimate the uncertainty areas of the KRR outputs. A brief description of
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the algorithm is presented next, the interested reader is referred to [18] for a
deep explanation of nonparametric Bootstrap.

Let X = {x1,x2, . . . ,xn} denote a set of n instances of the unknown
distribution f(X), and let Y = {y1,y2, . . . ,yn} denote the KRR outputs for
the set X. Bootstrap resampling of X consists of creating an unordered new
dataset, so-called resample, X∗(b) = {x∗1(b),x∗2(b), . . . ,x∗n(b)}, selected by
sampling randomly with replacement the original dataset X. Each instance
in the original dataset has a probability of 1/n for being chosen again, and it
can appear in X∗(b) zero, one, or several times. This resampling method is
repeated B times (so b = 1, · · · , B), and statistics of interest are estimated
(replicated) from each resample. Therefore, an approximation to the statistical
distribution of the X can be built by means of the plug-in-principle.

In this work, coefficients of KRR are estimated for each X∗(b), and new
KRR outputs Y ∗(b) = {y∗1(b),y∗2(b), . . . ,y∗n(b)} are subsequently computed.
As a result, a region of predictions can be obtained, and its area can be
computed by using the method proposed in [21], where authors considered
Parzen window density estimation (PWDE) [55] to represent the empirical
distribution of Y from Y ∗(b). PWDE estimates the probability density
function P ∗y by interpolating the result of applying a kernel on each element
of Y ∗(b). The chosen kernel is usually and for simplicity a spherical Gaussian
kernel, thus the probability density function is given by

P ∗y =
1

B

B∑
b=1

1√
2πσ2

exp

(
−||Y − Y ∗(b)||2

2σ2

)
(3.1)

where σ is the Gaussian kernel width, estimated according to [3]. The area of
predictions from Bootstrap resampling is determined by establishing a level
curve comprising 100β% of probability.

Great-circle distance is the shortest distance between two points on the
surface of a sphere. A great circle is a sphere section containing a diameter,
and the great-circle distance between points i and j is defined [64] as

dij = R cos−1(sinφi sinφj + cosφi cosφj cos(λi − λj)) (3.2)

where R is the radius (in this case R = 1), and φ and λ are the latitude and
longitude angles, respectively, of every point.

In order to benchmark the classification and regression performance, re-
gression is converted to a classification scheme by assigning each predicted
LVT exit site to the closest octant (or half) according to great-circle distance.
This approach allowed us to compare the performance of classification and
regression subsystems from an accuracy rate point of view. Note that, the
classification in eight parts obtained of the LV division can convey an addi-
tional source of error, because pacing instances spatially very close to the
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octant (half) boundaries can be set apart in different octants (halves). In
order to quantify this source of error, weighted confusion matrices for the
multiclass case, which represent the percentage of predicted pacing samples
of each octant for each column, are considered with each row accounting for
the real octant.

3.3 Database

EGMs were obtained from patients evaluated in EPSs for clinical reasons
at the Hospital General Universitario Gregorio Marañon in Madrid (Spain).
All EGMs were recorded by a Medtronic ICD electrode located at the right
ventricular apex and a left subclavicular can during rapid left ventricular
pacing. Pacing protocol at each LV site was made using trains of at least
10 beats of rapid LV bipolar pacing (cycle length of 500 or 400 miliseconds).
The intensity of the applied current was initially 5 mA, and it was increased
when necessary to ensure the capture [1]. EGMs were set into two different
lead configuration, namely, far-field (can to coil) and bipolar (tip to ring).
EGMs were collected by telemetry and printed at a paper speed of 50 mm/s.
EGMs from 23 patients, 18 ± 10 (mean ± standard deviation) EGMs per
patient, were available.

EGMs were retrieved from ICD during EPSs and printed on grid paper.
Then, a digital conversion was needed in order to have the EGM signals
available in digital format. Digital image processing techniques were used in
this setting to recover the digital EGM from paper format, as described in
detail in the Chapter 2.

The input space was obtained mainly from recordings of the can-coil lead
configuration corresponding to far-field EGMs. A time instant was also taken
from bipolar configuration (tip-ring lead configuration). Firstly, a smoothing
spline filter was applied in order to remove the EGM baseline. Then, a
representative beat waveform template was obtained in every pacing site by
averaging the available beats. Peak deflection was used to synchronize and
average the available beats. Two datasets were built: (D1) the morphology
of each beat waveform in the time domain; and (D2) representative features
obtained from the beat waveform template.

Dataset D1 corresponded to the voltage of the beat waveform for 150
time instants with a total duration of 254 ms. Each beat waveform template
was made by synchronizing the peak deflections and averaging the value of
voltage. There were two subsets, the original beat waveform with the stimulus
corresponding to the pace mapping stimulation, and the beat waveform
with no stimulus. The stimulus artefact was removed by applying a linear
interpolation to previous and posterior samples to it.
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Figure 3.1: Example of a beat waveform. Representative features for far-field
and bipolar EGM.

Dataset D2 considered several features (see Figure 3.1) that have demon-
strated to be significant in order to help in the regionalization of the site of
impulse formation within the LV endocardium [1]:

• Voltages: voltage of peak deflection (vP ), which is the largest voltage
above the baseline. Voltage of initial deflection (vI), which is the smallest
voltage between the onset of far-field EGM and the peak deflection; vI
is usually a negative value. Voltage of final deflection (vF ), which is
the smallest voltage in an interval of 170 ms after the peak deflection
instant.

• Voltage ratios: voltage ratio between final and peak deflections (vFP );
voltage ratio between initial and peak deflections (vIP ); voltage ratio
between final and peak deflections (vFP ).

• Time interval and instants: tob, time interval between the onset of
far-field EGM and the bipolar intrinsic deflection; tP , time instant of
vP ; tI , time instant of vI ; tF , time instant of vF . The time origin is the
midpoint between the previous and the current peak deflection.

According to conclusions in [1] and taking into account several combina-
tions of features, a selection of features combination was chosen as dataset
D2:
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• 3V: vI , vP , and vF .

• 3V1T: vI , vP , vF , and tob.

• 3V3T: vI , vP , vF , tI , tP , and tF .

• 2VR1T: vFP , vIP , and tob.

In machine learning techniques, It is convenient to normalize every feature
in order to avoid a dominant input attribute during the training stage [27].
A zero mean and unit standard deviation normalization was used in the
experiments.

3.4 Experiments

The system proposed in Section 3.2 was designed with the database described
in Section 3.3. Then, different sets of experiments were conducted to analyse
the performance and scope of the classification and regression machines,
together with their comparison and benchmarking.

3.4.1 Free Parameter Tuning

To design the classifiers (MLP, RBFN, PNN, and SVM) and the regressor
(KRR), a range of values was explored for each free parameter. When the best
parameters were extreme values, the range of exploration was automatically
extended. Final range for each parameter are next indicated:

• Number of hidden neurons in MLP: ten values from 1 to 10.

• Width of the Gaussian units in PNN: ten equiespaced values in [0.1, 1].

• Regularization parameter and Gaussian width for RBFN: 10 equispaced
values in [10−3, 102] and 10 equispaced values in [10−3, 10], respectively.

• Regularization parameter and Gaussian width for SVM: 10 logarithmi-
cally equispaced values in [10, 103], and 20 logarithmically equispaced
values in [10−2, 10], respectively.

• Regularization parameter and Gaussian width in KRR: 50 logarithmi-
cally equispaced values in [10−3,10], and 50 logarithmically equispaced
values in [log(0.1σ̂), log(100σ̂)], respectively. σ̂ is the mean distance
between pairs of instances.
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A cross validation methodology, specifically 5-fold cross validation, was
used in order to choose the most appropriate free parameters [16]. In this
methodology, a set of training instances are randomly partitioned into 5
subsets of the same size. One subset is reserved for evaluating the model
constructed with the four remaining subsets. This process is repeated 5 times,
setting apart each of the 5 subsets just once. Results obtained with the 5
designs are averaged, and the values providing the best free parameters for
each kind of classifier/regressor are selected. In addition, 10 realizations were
run to obtain the average results for different cross validation partitions and
initial weights in MLP.

To provide with the performance generalization, a leave one patient out
strategy was used to get a result which is patient-independent. This methodol-
ogy is similar to the leave-one-out scheme commonly used in machine learning
scenarios [16], but adapted here to patients. The strategy used is the following:
(1) data corresponding to one patient are set apart; (2) the machine is trained
with data from the rest of patients; and (3) the performance is evaluated
using data of the patient reserved. This procedure was repeated 23 times
(one for every patient in the database).

3.4.2 Classification Performance

A first set of experiments was conducted with classification machines, aiming
to determine the impact of the presence/absence of stimulation artifact (see
Figure 3.1), input space, and classification schemes. For this purpose, binary
and multiclass classifiers were used to classify one of two LV halves and one
of eight LV octants, respectively. Table 3.1 (a) shows the average accuracy
rates of 10 realizations using database D1 with and without stimulus by using
the EGM waveform as input space, showing that similar performance was
in general obtained. Hence, it can be concluded that no interference was
produced in the classification analysis by the stimulus generated during pace
mapping.

Table 3.1 (a) also shows that multiclass classification has some discriminant
capabilities with waveform input spaces. Note at this point that average accu-
racy rate of the random choice among 8 classes (octants) is 12.5%, hence octant
classification was significantly improved with machine learning techniques,
with 22.9% of accuracy for multiclass SVM classifier. On the other hand,
poor performance were obtained for apical/basal and superior/inferior halves
in binary classification, whereas septal/lateral half got the best performance
with SVM classifier and waveform input space.

Table 3.1 (b) shows the average accuracy rates of 10 realizations by using
database D2 (input spaces given by time and voltage EGM features). The two
best results are highlighted (the best is shadowed and next is boldface). Oc-
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Halves Octants

Waveform Classifier Apical /
Basal

Septal /
Lateral

Superior /
Inferior

Binary
combination Multiclass

MLP 53.0 70.6 62.1 23.0 22.1
with RBFN 51.4 70.8 56.0 20.2 20.3

stimulus PNN 53.0 63.6 55.7 19.0 18.8
SVM 49.9 73.5 54.2 20.2 20.5
MLP 52.9 68.3 57.7 19.7 22.0

without RBFN 49.5 70.2 53.9 19.3 19.1
stimulus PNN 56.4 63.8 55.4 20.2 19.3

SVM 52.3 73.0 52.0 18.8 22.9

(a)
Halves Octants

Features Classifier Apical /
Basal

Septal /
Lateral

Superior /
Inferior

Binary
combination Multiclass

MLP 55.9 74.3 58.3 22.5 21.0
3V RBFN 58.1 75.2 59.1 23.1 22.9

PNN 56.6 72.8 61.9 23.1 25.3
SVM 57.1 75.4 58.1 24.6 27.0
MLP 67.2 73.8 56.5 28.0 26.4

3V 1T RBFN 69.8 74.1 61.7 31.8 31.6
PNN 68.4 73.0 61.2 27.7 27.7
SVM 67.7 75.4 60.0 31.8 27.9
MLP 55.6 73.3 59.8 23.5 23.1

3V 3T RBFN 55.5 73.1 61.7 24.4 24.1
PNN 56.9 71.8 57.1 19.8 21.9
SVM 49.9 73.0 56.4 19.5 20.0
MLP 67.4 70.5 61.5 28.9 29.1

2V R1T RBFN 69.7 71.7 61.5 28.5 29.4
PNN 64.6 72.5 60.7 26.5 26.5
SVM 71.3 71.3 65.3 34.9 26.3

(b)
Halves Octants

Features Regressor Apical /
Basal

Septal /
Lateral

Superior /
Inferior

Binary
combination Multiclass

3V 55.2 74.5 59.8 23.4 11.3
3V 1T 69.4 74.2 62.4 31.3 15.2
3V 3T KRR 57.1 74.5 61.9 25.5 12.8
2V R1T 68.4 71.6 61.2 29.4 12.3

Waveform 56.7 73.7 61.0 23.1 13.0

(c)

Table 3.1: Average accuracy rate (in %) for the classifiers using dataset D1
(a) and dataset D2 (b) and for the regressor scheme (c).
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tant classification with binary combination obtained the highest performance
(34.9% and 31.8%) for SVM and input spaces 2V R1T and 3V 1T , respectively.
With respect to halves classification, apical/basal accuracy increased signifi-
cantly with respect to that using waveform (71.3% with 2V R1T and SVM),
while holding similar discriminant capabilities in septal/lateral (with 3V 1T
and 3V input spaces, SVM) and in superior/inferior (with 2V R1T and SVM).

In light of the outcome, it follows that features 2V R1T , followed by 3V 1T ,
yield in general terms the best performance in octant and halves classification
(excepting septal/apical). Interestingly, in spite of having more electrical
information in the waveform, no better performance was obtained, probably
because of the high dimensionality of the input space and the limited number
of cases in the dataset.

3.4.3 Regression Performance

The usefulness of learning machine for regression was benchmarked in terms
of octants regression performance. Two quality measurements of uncertainty
in the regressor output, namely the great-circle distance from each predicted
LVT exit site to the actual one, and the uncertainty areas with a confidence
level β, were considered.

Table 3.2 (a) shows the average great-circle distance for dataset D1 without
stimulus and D2 for each octant. Consistent with the results obtained when
using the classification machines, the lowest distances were obtained for 3V 1T
and 2V R1T features, for all octants apart from BLS. Note that a distance
lower than the minimum distance between one octant central point angles to
the nearest-neighbor one (approximately 1.3) corresponds to better accuracy
in octant classification, which is the case of BLS, ASS, ALS, and BSS octants.

Table 3.2 (b) shows the averaged uncertainty area for each octant, for
datasets D1 (after stimulus removal) and D2, and by considering Bootstraped
outputs with B = 50 resamples. Probability β was selected to 90% in order
to obtain as much compact region as possible, providing average areas always
lower than 1.57 (note that this is the area of an octant). The smallest regions
were obtained with features 3V 1T , which was also one of the best great-circle
distance. Note that this performance measurement can not be considered in
isolation, as far as it is a scatter measurement, hence it should be considered
jointly with the great-circle distance to the central point of the octant.

3.4.4 Classification vs Regression Performance

The classification and regression subsystems can provide complementary in-
formation in the problem of LVT anatomical exit site identification. Their
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Octants Features
3V 3V 1T 3V 3T 2V R1T Waveform

BSS 1.25 ± 0.31 1.19 ± 0.31 1.25 ± 0.32 1.21 ± 0.40 1.20 ± 0.26
BSI 2.03 ± 0.22 1.79 ± 0.24 1.95 ± 0.22 1.78 ± 0.19 1.94 ± 0.26
BLS 0.74 ± 0.23 0.68 ± 0.27 0.72 ± 0.27 0.66 ± 0.33 0.66 ± 0.30
BLI 1.58 ±0.45 1.46 ± 0.55 1.55 ± 0.44 1.53 ± 0.51 1.70 ± 0.43
ASS 1.19 ± 0.45 0.97 ± 0.48 1.16 ± 0.48 1.08 ± 0.55 1.12 ± 0.43
ASI 1.94 ± 0.25 1.78 ± 0.25 1.80 ± 0.52 1.76 ± 0.34 1.88 ± 0.34
ALS 1.07 ± 0.20 1.02 ± 0.26 1.15 ± 0.32 1.05 ± 0.31 1.09 ± 0.17
ALI 1.90 ± 0.28 1.82 ± 0.33 1.87 ± 0.26 1.80 ± 0.35 1.91 ± 0.29

(a)

Octants Features
3V 3V 1T 3V 3T 2V R1T Waveform

BSS 0.24 ± 0.13 0.19 ± 0.10 0.71 ± 0.72 0.27 ± 0.18 0.36 ± 0.15
BSI 0.26 ± 0.14 0.29 ± 0.19 0.48 ± 0.56 0.41 ± 0.29 0.44 ± 0.17
BLS 0.21 ± 0.11 0.23 ± 0.13 0.33 ± 0.31 0.24 ± 0.17 0.29 ± 0.15
BLI 0.23± 0.19 0.23 ± 0.17 0.58 ± 0.65 0.24 ± 0.15 0.40 ± 0.22
ASS 0.20 ± 0.12 0.18 ± 0.08 0.93 ± 0.68 0.26 ± 0.14 0.39 ± 0.15
ASI 0.25 ± 0.11 0.24 ±0.12 0.70 ± 0.74 0.28 ± 0.13 0.42 ± 0.18
ALS 0.17 ± 0.08 0.17 ± 0.09 0.48 ± 0.50 0.24 ± 0.19 0.31 ± 0.13
ALI 0.25 ± 0.34 0.21 ± 0.17 0.56 ± 0.56 0.32 ± 0.27 0.36 ± 0.15

(b)

Table 3.2: Mean and standard deviation of great-circle distance (a) and
uncertainty area for Bootstrap resampling (b) in KRR using sets D1 and D2.

consistency was checked by approximating the regression scheme to a classifi-
cation one, so that the predicted VT exit site from the regression machine
was classified according to its closest octant.

Table 3.1 (c) shows the accuracy rates for classification using KRR both
for octants and halves. By comparing it with subtables (a) and (b), it can
be concluded that higher performance is obtained with 3V 1T for regression
subsystems, and with 2RV 1T for classification subsystem in octants classifi-
cation. However, both input spaces are quite similar, as they are composed
by the voltage of initial, peak and final deflexions and the time interval
between the stimulus and the onset of far-field EGM. Performance for binary
combined classifiers was similar for KRR (31.3%) and SVM-classifier (34.9%),
but RBFN-classifier reached higher performance (31.6%) than KRR (15.2%)
for multiclass classification. Moreover, binary classification performance was
also similar for regression and classification subsystems, where apical/basal
and superior/inferior reached the best performance for 2V R1T and 3V 1T
for both classification and regression, respectively. However, septal/lateral
performance was higher for 3V 3T in regression and 3V 1T in classification.
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Own octant Own octant
and NN octants

BSS 10.8 78.4
BSI 0.0 26.3
BLS 43.7 76.6
BLI 3.2 58.5
ASS 33.3 55.6
ASI 0.0 19.5
ALS 26.0 88.0
ALI 0.0 26.1

Own octant Own octant
and NN octants

BSS 2.7 32.4
BSI 7.9 89.5
BLS 53.1 85.9
BLI 50.0 80.8
ASS 20.0 68.9
ASI 43.9 73.2
ALS 4.0 50.0
ALI 4.3 52.2

(a) (b)

Table 3.3: Accuracy rate for each octant (own octant) and three nearest-
neighbors (NN) for 3V 1T using KRR (a) and SVM (b).

It is important to emphasize again that the classification of the pacing exit
site by diving the LV in eight parts introduces a relevant underdetermination
in the octants boundaries. In order to evaluate this effect in a way that
is independent on the number of instances per octant, weighted confusion
matrices were built for one of the best classifiers (SVM) and for KRR, when
using features providing the highest accuracy (3V 1T ). Table 3.3 shows the
accuracy for each octant and the aggregated accuracy considering the three
nearest-neighbors (NN) and using the weighted confusion matrix. Octants
BLS, ASS, and ALS for KRR, and BLS, BLI, ASS and ASI for SVM, yielded
a higher accuracy rate than the random classification (12.5%). However, apart
from BSS, all octants obtained more than 50% of multiclass accuracy for SVM
taking into account the three NN octants. For KRR, performance was slightly
worse, all octants yielded more than 50% of multiclass accuracy, except to
BSI, ASI, and ALI. In fact, KRR was not able to estimate correctly any of
these last three octants. Comparing these results with great-cirlce distances of
Table 3.2 (a), octants whose great-circle distance is higher than 1.3 achieved
the lowest accuracy rates both for own and aggregated octants. Motivated
for this low performance of KRR, a KRR optimizing the great-circle distance
instead of the Euclidean distance was also implemented; however, similar
results were obtained.

3.5 Conclusions of the Chapter

A system has been proposed for supporting the determination of the LVT exit
site in EPSs, from the analysis of ICD stored EGMs. The system consists
of a preprocessing stage, a learning machine subsystem for classification and
regression, and a quality characterization of the machine predicted locations.
The system has been analysed in a database of EGMs stored in ICD by using
a pace mapping protocol and simultaneously storing the pacing electrode
coordinates in a CNS, hence providing a data-driven model for the LVT
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exit site identification. Although pacing coordinates were available, strong
differences for reference systems and anatomical heart properties among
different patients require to regionalize the anatomical LVT exit sites based
on clinical criteria. This inter-patient homogenization has the side effect of
introducing underdetermination in the LVT exit site locations at the octants
boundaries, and hence, both classification and regression approaches were
analized from a machine learning point of view.

The simultaneous consideration of classification and regression learning
methods provided consistent and complementary information. In both, input
spaces given by simple EGM features (time intervals and voltages) yielded
better performance than the raw EGM waveform. With respect to the
classification machines, the SVM yielded in general slightly better performance
than other benchmarked schemes. Attention has been paid to the system for
being able to provide the user with feedback about the quality of the estimated
output, including accuracy rate, great-circle distance, and uncertainty areas for
the estimated output by the learning machines. This quality measurement can
be provided for each instance and patient by means of Bootstrap resampling,
and it has been analysed here for the patient population in the database.

The best discriminant between regions was obtained for septal vs lateral
half with binary classification. With respect to octant classification, better
identification was obtained for BLS both using SVM and KRR, whereas
other octants showed limited recognition in terms of EGM features. However,
better results were obtained when NN were considered as acceptable proximity
solutions.

Several limitations can be pointed out in the present work. Although the
number of patients in the database is acceptable, more representativeness
could be obtained from a multicenter study. In addition, several octants could
not be identified clearly with the information in the EGMs stored in ICD,
hence, additional covariates are required for increased accuracy in this setting.
From a theoretical point of view, signals such as the ECG or intracardiac
sonographic recordings could provide relevant covariables, however, their use
in ICD patient populations is limited.

It can be concluded that the proposed system allows to support the
determination of the LVT exit site in ablation procedures whose EGMs has
been stored in ICD. From a clinical point of view these conclusions can be
useful in future works taking into consideration that waveform EGM does not
give more information than several features to discriminate against LV halves
or octants. Besides, the proposed system and methodology can be useful to
drive the design of new machines with improved performance.



Chapter 4
Spatial Sampling Rate Estimation in
EAM

This chapter addresses the proposal of a methodology based on manifold
harmonics analysis (MHA) to estimate the spatial sampling rate (SSR) in
electroanatomical maps (EAMs) of cardiac navigation systems (CNSs), both
in terms of anatomy and features. SSR is determinant for the duration of
electrophysiological studies (EPS) and the quality of EAMs. The theoretical
framework of MHA is first summarized and the proposed methodology to esti-
mate SSR and the spatial spectrum is presented in Section 4.2. In Section 4.3,
SSR is assessed for the anatomy of cardiac chambers in surfaces obtained
from computed tomography (CT) images and CNS EAMs, and for EAMs
which include anatomy and features (voltage amplitudes or activation times)
from simulated EAM and CNS EAMs. Finally, discussion and conclusions
are summarized in Section 4.4.

4.1 Introduction

Cardiac ablation in EPSs is currently one of the most effective treatments
for arrhythmias such as ventricular or supraventricular tachycardia. During
ablation procedures, several catheters are introduced inside the heart, and one
of them is used to sear the diseased tissue which is producing the arrhythmia
by means of radiofrequency or intense cold [20, 35]. Traditionally, X-ray
techniques have been used to guide and localize the catheters inside the heart
during EPSs, by representing a projection of bones and heart shape in a
two dimensional image. However, great effort has been made to reduce the
X-ray use, due to both patients and medical team are exposed to radiation,
and more, the X-ray image does not provide us with electric information

57
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about the arrhythmia. In late 90’s, CNSs were created as alternative to
X-ray technique, and their use has significantly increased since then. Firstly,
these systems are able to build three-dimensional (3D) EAMs for supporting
the electrophysiologist decisions and determining the ablation targets [81].
Second, CNSs also localize the catheters inside the heart with high accuracy,
and often allow to come back to a chamber location of interest during the
ablation procedure. And third, an increasing number of current CNSs include
in the EAM relevant anatomical information of cardiac geometry obtained
from the segmentation of CT or magnetic resonance images.

EAMs represent both the heart chamber anatomy, by means of a mesh
or 2-manifold surface, and the spatial distribution of some relevant electrical
features, such as activation time or voltage amplitude. Anatomical meshes
are composed by vertices joined by triangular faces, while features are only
associated to some vertices. Current CNSs build the anatomy of the chamber
under study (atria or ventricles) within very few minutes, by just moving
a catheter inside the chamber. In contrast, electrical features are added by
successive sampling of each spatial location, and then recording and subse-
quently processing the intracardiac electrograms (EGM) at these locations
[30, 70]. On the one hand, the spatial sampling process determines to a great
extent the duration of the clinical ablation procedure during EPSs. On the
other hand, electrophysiologists use a priori knowledge about the arrhythmia
to sample specific areas and create very irregularly sampled EAMs, which
potentially provide with the most useful information about the arrhythmia
mechanism. These EAMs have a very dense sampling around the arrhythmia
area, while other regions are barely sampled. The number of spatial loca-
tions for complete and accurate EAMs is not clearly and formally specified.
Therefore, the purpose was to propose a principled methodology to analyse
the SSR in terms of the required EAM accuracy. This methodology could be
helpful for electrophysiologists to make a preliminary idea about the required
SSR according the anatomy and the arrhythmia mechanism.

Fourier analysis (FA) has been often used as a well-founded technique
for frequency domain analysis in uniformly sampled spaces, allowing a clear
cut-off criteria for sampling in terms of the well-known Nyquist limit [42].
However, its application to EAMs and meshes is not straightforward, as far
as 2-manifold surfaces are irregularly sampled. For a variety of computer
graphics applications, a wide number of spectral mesh processing methods
for 2-manifold have been proposed in the literature, such as clustering, mesh
parametrization, mesh compression, mesh segmentation, remeshing, surfaces
reconstruction, texture mapping, or watermarking [91, 92]. Among them, this
work is founded on the theoretical contribution of [83], where an approximation
was proposed for the Fourier Transform on a 2-manifold surface based on
MHA. This approach transforms vertices and faces of a mesh onto a set of
orthonormal bases (eigenvectors) and associated frequencies (eigenvalues),
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which is a very convenient representation to cardiac EAMs.

To my best knowledge, there are two major limitations for the use of MHA
in the cardiac EAM setting. First, there is not explicit formulation allowing
to work with the spectra in the usual terms of the spectral density estimation
in FA, with a clear quantization of the spatial frequency and the magnitude
of the spectral content. This complicates the estimation of a cut-off frequency
allowing to reconstruct the manifold with the required accuracy. Second,
MHA has been defined for 2 - manifold, but it has not considered the analysis
of a numerical scalar field (feature map) which takes different values in the
the mesh vertices. Therefore, this work proposes a theoretically founded
method for spectrum representation from MHA, which allows us to give an
estimation of the cut-off spatial frequency and SSR in terms of the quality
of the reconstructed EAM. This method can be readily applied to EAMs
containing both anatomy and features information.

4.2 Theroretical Background and Proposed
Methodology

A summary explanation of the theoretical framework for MHA and its com-
putation is first presented. Then, a new and simple to use methodology is
proposed to estimate the spectral decomposition, and to determine a cut-off
frequency for determining the SSR according to the quality of the recon-
structed EAM. Finally, two different metrics are proposed for measuring the
quantitative differences between the estimated and the original EAM.

4.2.1 Manifold Harmonics

The well-known FA represents functions as a combination of elements in an
orthogonal basis, called harmonics (sines and cosines), which are eigenfunc-
tions of the Laplace Operator (LO) of function f . This approach can be
extended to 2-manifold surfaces by obtaining the eigenfunctions of LO to
discrete manifolds [83]. The LO is defined on a Riemannian manifold as the
divergence of the gradient of f : R3 → R as follows,

∆f = div( gradf) = ∇ · ∇f =
∑
i

δ2i f (4.1)

where δi denotes differentiation with respect to the i-th coordinate function.
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The LO formulation can be simplified by defining the Laplace-Beltrami
Operator (LBO), i.e.,

∆ =
∑
i

1√
|g|
δi

(√
|g|
∑
j

gijδjf

)
(4.2)

where G is the metric tensor, |G| = det(G) , and Gij is the (i, j) component
of the inverse of G [41].

Among the different ways of discretizing LO on a mesh, this work follows
the proposal by Vallet and Lévy [83], hence using the extension of LO to
manifolds called Laplace-de Rham operator (LRO). It is equivalent to LBO
for scalar functions (0-forms) [94], and can be defined by

∆ij = −
cotan(βij) + cotan(αij)√

|vi||vj|
;∆ii = −

∑
j

∆ij (4.3)

where vi = (xi, yi, zi) and vj = (xj, yj, zj) are vertices linked by an edge; βij
and αij are the opposite angles to the edge between vi and vj ; and |vi| is the
area of the Voronoi region of the vertex vi in its 1-ring neighbourhood [45].

The LRO uses a cotangent scheme which is symmetrized by using the area
of the Voronoi region. This symmetrization is required in order to produce a
positive semidefinite ∆ matrix with positive eigenvalues and orthogonal eigen-
vectors [59]. The eigenvectors and eigenvalues, {Hk, λk}, of the symmetric
matrix ∆ satisfy

−∆Hk = λkH
k (4.4)

where Hk are the so-called Manifold Harmonic Basis (MHB), and they
compose an orthonormal basis Hk ∈ <n which is invariant to scale and
rotation of the surface [8]. Eigenvalues λk correspond to the spectrum of the
manifold, which is an isometric invariant that only depends on the Riemannian
structure of the manifold. However, if a scaling parameter of γ is applied to
the manifold, eigenvalues are scaled by a factor 1/γ2 [63]. Spatial frequency
wk can be computed from λk as wk =

√
λk, and it is related with the averaged

length of the edges [83]. Eigenvalues λk are often ordered from lower to
higher frequencies, which correspond to lower and higher eigenvalues of ∆,
respectively.

The Manifold Harmonic Transform (MHT) maps the coordinates of each
vertex in the spatial domain into a frequency domain, by projecting them
onto the orthonormal basis given by Hk. The vertices projections are called
spectral coefficients and they can be readily calculated as âk =

∑n
i=1 viH

k
i ,

where n is the number of vertices. The inverse of MHT reconstructs back the
mesh, and it is defined by

v̂i =
m∑
k=1

âkH
k
i (4.5)
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where m is the number of coefficients used for reconstruction. When m << n,
a low-pass filtered shape of the mesh is obtained, whereas details (high fre-
quencies) are removed [83]. The choice of the number of low-pass components
has been mostly done to date in terms of heuristics, rather than in terms of a
cut-off frequency with spectral meaning.

4.2.2 SSR Estimation by using MHA

A method to estimate the SSR in cardiac EAMs is proposed by extending the
previously described MHA. For this purpose, and given that the methodology
defined in Section 4.2.1 only takes into account the geometry (anatomy) to
obtain the mesh spectra, the MHA formulation is extended up to the forth
dimension, corresponding to the cardiac feature in EAMs.

Following the formulation proposed in [83], the couple {Hk, λk} is obtained
now by computing the eigenfunction of (4.3), but vertices are now defined as
u = (x, y, z, h) where h is the cardiac feature (such as activation time, unipolar
or bipolar voltage, or impedance) and (x, y, z) are Cartesian coordinates. After
MHT is computed and spectral coefficients âk are obtained for both anatomy
and EAM features, the spectrum is first estimated by computing the mesh
spectral density for the j-th element of u through the normalized correlation
coefficient (NCC) Sj between the j-th element of original vertices u and
ũk = âkH

k (projection of each spectral coefficient in its MHB), denoted as
uj and ũjk, i.e.,

Sj(wk) =
cov(ũjk,u

j)√
var(ũjk)var(u

j)
(4.6)

where cov and var denote covariance and variance, respectively. The frequency
associated to the k-th eigenvector is given by wk.

Estimation of the cut-off frequency and SSR is relied on the spectral
representation, and it is obtained following the next steps:

1. Compute n mesh reconstructions by gradually increasing m from 1 to n
in Eq. (4.5). The larger m, the better similarity between reconstructed
and original meshes, which can be quantified by the accumulated nor-
malized correlation coefficient (ANCC) for each j-th element of u, as
follows,

Cj(wm) =
cov(ûjm,u

j)√
var(ûjm)var(u

j)
(4.7)

where ûjm is the j-th element of ûm in Eq. (4.5).
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Figure 4.1: Vertices and faces ratio for different geometric meshes.

2. Set a threshold value ρ ∈ (0, 1) to select the cut-off frequency wc
considering ANCC as follows,

wc = argmin
w

(Cx(w) > ρ AND

Cy(w) > ρ AND
Cz(w) > ρ AND
Ch(w) > ρ)

(4.8)

Note that the cut-off frequency encompasses the lowest spectrum com-
ponents providing the general shape of the mesh according to the
representation of S(w).

3. Obtain the average edge length L for the selected wc, given by

L =
1

wc
=

1√
λc

(4.9)

4. By assuming equilateral triangular faces, obtain the triangle area as

At =
√
3 · L2/4 (4.10)

Since the number of faces is approximately twice the number of vertices
when the number of vertices increases (see Figure 4.1), the SSR can be
estimated by

SSR ≈ AT
2 · At

(4.11)

where AT is the total surface area.



4.2. BACKGROUND AND METHODOLOGY 63

Figure 4.2: Example of the proposed methodology for obtaining the spectrum
of an irregularly sampled tear-shaped surface, with 50 (a), 100 (b), 500 (c)
and 1000 (d) vertices. Recovered surfaces with ρ = 0.95 and ρ = 0.99 are also
represented.

The hypothesis of equilateral triangular faces will certainly result in a
higher SSR than the original number of vertices when the mesh has a great
variation of the edge-length. The higher the number of vertices, the best the
hypothesis will be achieved.

A simple application example of the proposed methodology is illustrated in
Figure 4.2, which shows the spectrum of a tear-shaped surface with n = 6978
when vertices are non-uniform subsampled (namely 50, 100, 500, and 1000
vertices). Note that the spectral profile has a marked low-pass character,
hence higher correlations were obtained for low frequencies (wc < 0.2). Shape
was mostly recovered with ρ = 0.95, whereas details were included when
ρ = 0.99 was considered.

This procedure can be now readily applied for analysing EAMs in CNSs,
as far as they are a collection of vertices and faces with associated electrical
information.
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4.2.3 Metrics for Evaluation of Reconstructed EAM

Two metrics are used in this work for providing quantitative measurements
of the geometric differences between original mesh M 1 and the reconstructed
one M 2. Firstly, the root mean square error (RMS) is a classical geometric
metric measuring spatial differences between vertices of two meshes sharing
the same connectivity, and it is defined by

RMS(M 1,M 2) =

√√√√ 1

n

n∑
i=1

||vM1

i − vM2

i ||2 (4.12)

where vM1

i is the vertex of M 1 corresponding to vertex vM2

i of M 2 [38].

It has been reported in the literature that the RMS merit figure does not
correlate well with the human vision perception [37], given that visual quality
is more sensitive to the surface local differential properties defining the surface
appearance. For this reason, a visual metric called visual geometric Laplacian
GL1 [33] which accounts for the vertices smoothness, is also used here

GL1 =
1

2n

n∑
i=1

(
||vM1

i − vM
2

i ||+ ||GL(vM
1

i )−GL(vM2

i )||
)

(4.13)

where GL(vMi ) is the geometric Laplacian, defined as

GL(vi) = vi −
∑n(v)

j=1 l
−1
j vj∑n(v)

j=1 l
−1
j

(4.14)

where n(v) is the set of neighbour vertices of v, and lj is the Euclidean
distance from vi to vj.

4.3 Experiments

A set of experiments are next presented in order to calculate suitable values
of SSR on EAMs with the proposed MHA-based methodology. In this section,
the materials (databases from patients and simulations) are first presented,
and then the segmentation process in the set of CT images is summarized. On
the one hand, the SSR is then analysed in order to build the cardiac chamber
anatomy with a given accuracy. On the other hand, the SSR is estimated
for EAMs, which include both anatomy and features, during different heart
rhythms.
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4.3.1 Databases for SSR Validation

Different databases have been used for validation of the proposed methodology
in selected case studies. For the anatomy, the SSR was first estimated in
meshes obtained from the segmentation of six left atrial and ventricular
endocardia, from images obtained from a Multi-Slice CT scanner (General
Electric Healthcare, LightSpeed VCT 64-slice Scanner). These images were
recorded for clinical purposes, thus only left chambers had the contrast agent
required for an adequate subsequent segmentation. Very detailed meshes were
obtained from the segmentation process (next explained), with 73364± 13004
vertices (mean ± standard deviation) in atrial meshes and 97090 ± 22776
vertices in ventricular meshes. Besides, the SRR was also computed in real
meshes built by CNS (Carto R©, Biosense Webster)[67] in one example of each
cardiac chamber (right and left atria and ventricles) from different patients. In
these real cases, meshes were not so detailed, given by 1021, 1423, 1211, and
5016 vertices, for right atrium, left atrium, right ventricle, and left ventricle,
respectively.

The SRR was first obtained for activation time in two simulated EAMs.
Simulations were provided by a model of the atria (right and left), composed
of a set of nodes simulating the cardiac electric propagation [80]. All nodes
were used as vertices in a mesh, and a cardiac feature (time activation) was
associated to each node by processing the EGM of the node. Time activation
was obtained by taking a node as a reference and computing the time difference
between the maximum deflection of each EGM and the maximum deflection
of reference EGM in a window of interest (beat length). Simulated latency
EAMs were obtained for two rhythms, a sinus rhythm (SR) and a flutter
rotating around tricuspid valve [17]. The right (left) atrial mesh was composed
by 37077 (42252) vertices.

In addition, an example of real unipolar and bipolar voltage amplitude
EAMs from ventricular tachycardia (VT), which was built by a CNS, was also
analysed in this section. This mesh was composed by 4621 vertices, though
just 623 vertices had measurements of the associated feature. In order to
have feature information in all vertices, a nearest neighbour method was used
to interpolate the feature value in the remaining vertices.

4.3.2 Meshes Construction from CT images

Segmentation of CT images was required in order to obtain the meshes for
SSR analysis. Six left atrial and ventricular endocardia from images were
segmented by using a region growing method. The algorithm for segmentation
consisted of several stages, as described next.
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Figure 4.3: Atria and ventricles obtained from the segmentation process.

Preprocessing stage. Available CT images were a collection of two di-
mensional slices of the patient axial section. Though spatial resolution was
the same at each CT slice, the thickness slice was usually different, and
an affine transformation was applied in order to resize spacing in the three
spatial dimensions. After that, the region of interest, left atrium or ventricle,
was manually selected in a representative slice of the image, and the same
bounding box is used for the rest of slices. Finally, an anisotropic 3D filter [58]
(ITK implementation with 6 iterations, conductance of 3 and time step of
0.0625) was applied for filtering noise while preserving important surface
features such as sharp edges or corners.

Segmentation method. A region 3D growing method was used to segment
the left atrium or ventricle. This iterative method started from a seed (one
pixel in this case), which was manually selected inside the region of interest
in one representative slice. At each iteration, voxels in the neighbourhood of
the segmented region were evaluated to determine whether they were part of
the object of interest: voxels in the same region must belong to certain range
of intensity values, which was heuristically determined, for example, a range
of 133.6± 44.8 (mean ± standard deviation) intensity values was considered
for ventricles.

Postprocessing stage. Given that papillary muscles and mitral valve of
left ventricle are rarely registered in EAMs of CNSs, they were removed from
the segmented volume by applying a morphological closing with a spherical
structural element (15 pixels radio). Finally, the mesh of the segmented
volume was built as a collection of vertices and triangular faces from the
postprocessed volume.

Figure 4.3 shows the result of geometry segmentation of left ventricles
and atria.
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Figure 4.4: Left atrium (up) and left ventricle (down) from 5000-vertices CT
images. From left to right, original meshes, reconstruction with 5000 vertices
and ρ = 0.95, and reconstruction with 5000 vertices and ρ = 0.99.

4.3.3 SSR Estimation of Atrial and Ventricular Anatomy

To estimate the SSR of the cardiac chambers anatomy, detailed meshes
obtained in previous section from CT images, and actual right and left atrial
and ventricular anatomical meshes obtained from CNS were analysed by using
the MHA-based methodology. Evaluation of the reconstructed meshes with
the original number of vertices was performed by computing RMS and GL1
for both meshes.

SSR Estimation of Anatomy from CT Images. Once atrial and ventricular
CT images were transformed into meshes, the proposed methodology was
applied. Though these meshes were composed by hundred of thousands of
vertices, CNS EAMs had few hundreds of vertices, hence, in order to use
similar number of samples, anatomical meshes were irregularly and randomly
subsampled with 50, 100, 500, 1000, 2500, and 5000 vertices. Then, atrial
and ventricular meshes were transformed into a spatial frequency space by
computing their MHT, and SSR was obtained according to the methodology
proposed in Section 4.2.2. High quality of the anatomy reconstruction was
obtained for both ρ = 0.95 and ρ = 0.99 (see Figure 4.4).

Table 4.1 shows the average and standard deviation for SSR, RMS, and
GL1, of 10 realizations for several sampling rates of each atrium and ventricle,
with ρ = 0.95 and ρ = 0.99. Surprisingly, a higher SSR than the number
of vertices of the mesh was obtained for 50 and 100 subsampled vertices,
which was probably due to the preliminary hypothesis considering that all
triangular faces were equilateral. The histograms presented in Table 4.1
illustrate that this hypothesis was not achieved for 50 and 100 subsampling
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Cardiac
chamber

Number of subsampled vertices
ρ 50 100 500 1000 2500 5000

SSR

Left 0.95 109 ± 10 91 ± 8 71 ± 9 67 ± 6 64 ± 5 64 ± 5
Atrium 0.99 302 ± 25 305 ± 22 275 ± 16 253 ± 14 219 ± 12 221 ± 15

Left 0.95 119 ± 5 103 ± 8 78 ± 8 72 ± 6 70 ± 5 68 ± 6
Ventricle 0.99 311 ± 29 309 ± 16 242 ± 16 214 ± 20 189 ± 9 174 ± 17

RMS

Left 0.95 5.21 ± 0.76 5.31 ± 0.75 4.83 ± 0.73 4.70 ± 0.60 4.68 ± 0.47 4.81 ± 0.49
Atrium 0.99 2.87 ± 0.45 2.97 ± 0.46 3.03 ± 0.43 3.04 ± 0.46 3.04 ± 0.44 3.00 ± 0.46

Left 0.95 1.40 ± 0.19 1.48 ± 0.16 1.56 ± 0.21 1.56 ± 0.21 1.54 ± 0.25 1.52 ± 0.24
Ventricle 0.99 0.09 ± 0.01 0.08 ± 0.01 0.07 ± 0.01 0.07 ± 0.01 0.07 ± 0.01 0.07 ± 0.01

GL1

Left 0.95 2.37 ± 0.36 2.43 ±0.35 2.19 ± 0.34 2.11 ± 0.28 2.09 ± 0.22 2.13 ± 0.23
Atrium 0.99 1.27 ± 0.19 1.33 ± 0.22 1.36 ± 0.20 1.26 ± 0.21 1.35 ± 0.20 1.33 ± 0.21

Left 0.95 0.82 ± 0.10 0.84 ± 0.08 0.76 ± 0.07 0.75 ± 0.10 0.72 ± 0.10 0.72 ± 0.11
Ventricle 0.99 0.42 ± 0.06 0.44 ± 0.05 0.47 ± 0.06 0.47 ± 0.06 0.46 ± 0.07 0.46 ± 0.07

Histogram of edges
length in atria

Table 4.1: Average and standard deviation of SSR, RMS and GL1 for anatomy
in atria and ventricles by taking ρ of 0.95 and 0.99. Histogram of length of
edges in subsampled atria.

Cardiac
chamber

Number of
vertices SSR RMS GL1

Right atrium 1021 73 5.27 2.40
Left atrium 1423 79 6.97 3.20

Right ventricle 1211 67 5.13 2.28
Left ventricle 5016 66 6.54 2.88

Table 4.2: SSR, RMS and GL1 for anatomy in CNS EAMs of a right and left
atria and a right and left ventricles for ρ = 0.95.

vertices. In addition, the coefficient of variation was computed for the edges
length variable considering all atria and ventricles. Results indicate that a
minimum value of 0.6 was required in order to avoid that the estimated SSR
is biased for high values when assuming equilateral triangles. On the other
hand, SSR for ρ = 0.99 required approximately three times more sampling
rate than for ρ = 0.95, but the visual reconstruction was quite similar for
both ρ (see Figure 4.4). Therefore, a ρ = 0.95 can be considered accurate
enough to build the anatomy. Higher RMS and GL1 were obtained for the
atria by considering ρ = 0.95 and ρ = 0.99, because CT segmented atria had
sharp areas (pulmonary veins) which were filtered out in the reconstruction.
GL1 reached lower error than RMS because it takes into account not only
the spatial position of the vertices but also the visual perception of the final
reconstructed mesh.

SSR Estimation of Anatomy from EAMs in CNSs. The proposed method-
ology was applied in examples of EAMs from four cardiac chambers. Table 4.2
shows the SSR, RMS, and GL1 for ρ = 0.95. Similar SSR was obtained for
all the chambers, between 66 and 79 vertices were enough to get an accurate
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reconstruction of the cardiac chambers anatomy. Note that these results were
quantitatively similar to those obtained in Table 4.1 in terms of each cardiac
chamber.

4.3.4 SSR Estimation for EAMs

SSR of detailed simulated EAMs and real EAMs obtained from CNS were
estimated by using the MHA-based methodology, specifically, two activation
time EAMs in simulated SR and flutter, and two voltage amplitude (unipolar
and bipolar) EAMs recorded in CNS during VT in a patient.

SSR for Simulated EAMs. SSR was obtained for both anatomy and
features in simulated EAMs. As in previous experiments, EAM meshes were
irregularly and randomly subsampled with 50, 100, 500, 1000, 2500, and 5000
vertices, and they were transformed into a spatial frequency space to estimate
the SSR by the proposed methodology.

Figure 4.5 shows the spectral density associated to a SR and to a flutter
rhythm in a mesh with 5000-vertices. The upper (lower) panels represent the
spectral density of the right atrial anatomy (activation time). As expected
from the same right atrium, similar spectral density was obtained for the
anatomy in both rhythms (note the different scale of horizontal axis). Besides,
the cut-off frequency in SR was the same for feature and anatomy. However,
the spectral density of the feature dramatically differed between SR and
flutter, where the later was more widespread due to the electric impulse
circular movement introducing fast variation of the feature (high frequencies).
This is due to the well-known phenomenon of early-meets-late in a reentry,
which generates step boundaries in cyclic representations from sequential
CNS. As usual in image processing, a post-processing step for boundary
enhancement could be enough for not requiring such extremely high values of
cut-off frequency. Nevertheless, higher cut-off frequency will be required for
the feature in flutter, showing that the cut-off frequency will be dependent
on the arrhythmia dynamics or on the electric substrate.

Table 4.4 shows the reconstruction and residuals meshes for the SR and
flutter with several ρ values. Note that as ρ decreases, the anatomy of the
right atrium is less detailed, and the veins which introduced high frequencies
are removed. From the point of view of features map, residuals were quite
similar for SR and for all ρ values since the feature spectral components
were in the same range than the anatomy spectral ones. Flutter feature map
progressively lost details in the area of the early-meets-late (high frequencies)
and the flutter map was difficult to identify when ρ was lower than 0.90.

Table 4.3 shows the average (and standard deviation) SSR of 10 realizations
for several subsampling vertices of EAM and ρ = 0.99, 0.95, 0.90, 0.80 and
0.70. As expected, higher SSR was obtained for the flutter in the right atrium.
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(a)

(b)

Figure 4.5: Time activation of a SR (a) and a flutter (b) in a right atrium
simulated EAMs with 5000 vertices. Upper panel is the anatomy spectrum,
and lower panel is the feature spectrum.
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Number of subsampled vertices
Activation time

EAM ρ 50 100 500 1000 2500 5000

0.70 82 ± 23 80 ± 18 81 ± 19 88 ± 14 91 ± 10 95 ± 3
Sinus rhythm 0.80 99 ± 20 94 ± 21 96 ± 7 95 ± 5 95 ± 3 95 ± 3

in 0.90 146 ± 35 152 ± 35 167 ± 22 165 ± 14 172 ± 5 172 ± 12
left atrium 0.95 329 ± 148 309 ± 145 240 ± 46 221 ± 23 206 ± 14 201 ± 15

0.99 933 ± 613 1232 ± 934 2145 ± 933 2456 ± 1357 2537 ± 482 2226 ± 303
0.70 84 ± 14 79 ± 8 67 ± 4 68 ± 3 68 ± 2 69 ± 2

Sinus rhythm 0.80 84 ± 14 79 ± 7 67 ± 4 68 ± 3 68 ± 2 69 ± 2
in 0.90 111 ± 44 84 ± 15 67 ± 4 68 ± 3 68 ± 2 69 ± 2

right atrium 0.95 191 ± 163 166 ± 59 144 ± 42 155 ± 32 142 ± 39 137 ± 39
0.99 598 ± 547 845 ± 861 785 ± 85 762 ± 87 735 ± 153 658 ± 73
0.70 125 ± 49 108 ± 23 98 ± 10 94 ± 5 93 ± 2 94 ± 3

Flutter 0.80 201 ± 132 126 ± 30 103 ± 19 101 ± 14 99 ± 13 94 ± 3
in 0.90 298 ± 237 284 ± 184 173 ± 66 173 ± 48 149 ± 16 141 ± 3

left atrium 0.95 340 ± 247 773 ± 791 1057 ± 688 1131 ± 763 974 ± 549 806 ± 388
0.99 720 ± 355 1621 ± 1498 7799 ± 3547 9549 ± 4887 11508 ± 5388 10227 ± 3495
0.70 280 ± 123 228 ± 71 248 ± 47 250 ± 44 270 ± 42 208 ± 42

Flutter 0.80 358 ± 150 348 ± 121 380 ± 208 376 ± 89 297 ± 15 291 ± 5
in 0.90 631 ± 297 807 ± 267 1448 ± 361 1558 ± 128 1287 ± 70 1068 ± 101

right atrium 0.95 968 ± 419 1335 ± 509 3387 ± 912 4229 ± 493 3888 ± 423 3213 ± 580
0.99 1580 ± 613 2711 ± 587 8895 ± 1490 12952 ± 1206 16053 ± 1244 17249 ± 1644

Table 4.3: Average and standard deviation of SSR for activation time EAMs
in atria for a ρ of 0.7, 0.8, 0.9, 0.95 and 0.99.

In SR, SSR of left atrium was higher than right atrium probably owing to the
fast variations (high frequencies) produced by pulmonary veins of left atrium.
Given that a quality reconstruction of the EAM is obtained with ρ = 0.90,
between 1000 and 1500 vertices were required for a flutter in the right atrium
(flutter origin). Between 70 and 180 vertices were required for the SR and the
left atrium of the flutter. The difference between left and right atrium in SR
was due to the higher complexity of the left atrium anatomy. As it is shown
in Table 4.3, some SSR were higher than the number of vertices in the mesh,
probably due to two phenomena: (1) the hypothesis of equilateral triangle
discussed in previous experiment; and (2) border effects in the feature, such as
early-meets-late or very defined scars, whose spectrum will tend to be infinite.

SSR for Real EAMs from CNS. A real unipolar and bipolar voltage
amplitude CNS EAMs of a ventricular tachycardia were analysed by following
the proposed methodology. As in the simulated EAMs, the reconstructed
EAMs have clinical interest for values of ρ higher than 0.90, see Figure 4.6.
Table 4.5 shows the SSR for several ρ = 0.99, 0.95, 0.90, 0.80, and 0.70. In
this example, around 200 vertices were required to obtain accurate unipolar
EAM, while more than 550 were needed for bipolar EAM.
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Sinus rhythm Flutter

ρ = 0.99

ρ = 0.95

ρ = 0.90

ρ = 0.80

ρ = 0.70

Table 4.4: Reconstruction and residuals of an activation time EAM in sinus
rhythm (left column) and flutter (right column) for several ρ values.
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Figure 4.6: Bipolar (upper) and unipolar (down) voltage EAM. From left to
right, original EAM and reconstruction by using a ρ = 0.99, 0.95, 0.90, 0.80
and 0.70.

ρ
SSR

Unipolar EAM Bipolar EAM
0.70 88 43
0.80 112 119
0.90 204 567
0.95 535 1556
0.99 5291 7204

Table 4.5: SSR for unipolar and bipolar CNS EAM for several values of ρ.
Left ventricle with 4621-vertices.

4.4 Conclusions of the Chapter

A simple methodology based on MHA has been proposed to represent the
spectrum as a spectral density in the FA sense, and to select the cut-off
frequency providing the SSR to build accurate enough EAMs in CNS. Previ-
ously MHA formulation was only defined for 2-manifold, and this definition
was extended for its usefulness in EAMs, which include not only anatomy
information but also a cardiac feature associated to each vertex.

Similar results were obtained for anatomical analysis in segmented CT
images and in CNS meshes, yielding accurate chamber reconstruction when
ρ = 0.95 with SSR between 65 and 80 vertices. When analysing simulated
EAMs, the flutter required in principle a higher SSR due to the early-meets-
late phenomenon, which can be explained with conventional spectral analysis
consideration on border images. On the other hand, activation time in SR
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EAM required similar SSR compared to the anatomy SSR. A ρ of at least
0.90 was required to reconstruct EAMs with clinical meaning.

Several limitations can be pointed out in the SSR of EAMs presented in
this study. Only some representative case studies (namely, two simulated
EAMs and two CNS EAM) have been used here for validation purposes.
However, the actual benefit for the clinical practice will be supported by an
extended study for different arrhythmias in simulated and real EAMs in CNSs.
Besides, SSR is estimated with the underlying assumption of uniform spatial
sampling for yielding the averaged edge length (equilateral triangular faces),
which is a valid assumption for a large enough number of vertices. Finally,
from a clinical point of view, it should be interesting to focus the method on
giving more relevance to sample these areas where the ablation therapy is
more likely to be applied.

It can be concluded that the proposed methodology allows represent the
spectrum and set a SSR for EAMs. Besides, it can be useful to support the
generation of EAMs during EPSs.



Chapter 5
Conclusions and Future Research

5.1 Conclusions of the Thesis

This Thesis deals with the EGM analysis by means of advanced methods,
in order to provide clinic and diagnostic information about arrhythmias for
support EPSs, and catheter ablation procedures. For that purpose, a spatio-
temporal analysis has been addressed by combining temporal information
of EGMs and their spatial positions inside the heart, provided by CNSs, in
two clinical applications: (1) regionalization of the LVT exit site with EGMs
stored in ICDs; and (2) estimation of the SSR to build accurate enough EAMs
in CNSs.

In order to tackle the first application, a method to recover digital EGM
signals from printed recordings was previous developed and evaluated, in order
to have a digital database of EGM stored in ICD. Once the digital database
was generated, the first clinical application was coped with designing a learning
system by means of signal processing and machine learning techniques, which
extracted information from ICD-EGMs and their anatomical positions.

The second application was addressed by proposing a principled method-
ology to estimate the SSR in order to obtain accurate EAMs for providing a
better knowledge about arrhythmias.This methodology was based on MHA,
which was used as a tool to transform EAMs into the frequency domain.

From the outcomes of the research activity developed within this Thesis,
several general conclusions can be drawn, as summarized in what follows.

Chapter 2 of this Thesis presents a new and suitable method, based on
digital image processing, to biosignals recovery from BW grid paper. The
main contributions of this chapter are:
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• To develop a method for biosignal recovery from real-world and low-
quality BW printouts, probably the most difficult case due to EGM
signal and grid are not easily separable.

• To propose three synchronization methods LLS, SP, and MF in order
to compare the gold-standard signal and the recovered signal for EGM
printouts and benchmark the proposed method. The synchronization
stage was not usually documented in the literature of recovery signal
from printouts.

The proposed method was benchmarked by using several merit figures
and EGM features (peak deflection voltage amplitude, and the maximum
deflection time), with the three synchronization methods, and EGM printouts
of two different manufacturers (Medtronic R© and Boston Scientific R©), in three
cardiac rhythms (VT, VF, and SR), and two ICD configurations (UC and
BC). The results of the evaluation of this method are next summarized:

• In the evaluation of synchronization methods, better results for UC
were given by LLS whereas for BC were given by SP due to the most
frequent fast variation of signals in BC. From the EGM features point
of view, SP obtained better synchronization for peak deflection voltage
amplitude, whereas LLS obtained better synchronization for the maxi-
mum deflection time. This is because half of fiducial points used in the
synchronization are the maximum of peak deflection, thus, SP method
approximates closer to the peak deflection whereas LLS provides a
reduction of the global error.

• In terms of the manufacturer, better results were obtained with EGMs
printed by PRMs of Medtronic R©, which have a shorter nib thickness
and this avoids signal trace overlapping in fast variations.

• UC obtained better results that BC because BC has faster signal varia-
tions which also causes the union of the signal trace in the fast deflec-
tions.

It is important to point out that this method could be used not only to
digitalize the EGM printouts but also other signals printed in BW paper.
As an example, it would be the case of signals from other fields such as
electroencephalography, electrocardiography, or myography.

The main contribution of Chapter 3 is the proposal of a system based
on machine learning techniques, in order to determine the LVT exit site
during EPSs by analysing EGMs stored in ICD. Given that EGMs and their
spatial positions were available thanks to the pace mapping technique, a
supervised scheme with classification and regression subsystem was chosen.
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A preprocessing stage was required in order to set a common spatial reference
system for all patients. The main results of this chapter are next presented:

• EGM waveform and features were evaluated for both classification
and regression subsystems by using quantitative measurements of the
machine outputs. For both subsystems, better results were obtained for
input spaces given by EGM features.

• The best discriminant between regions was yielded by septal vs. lateral
for half classification, and BLS for octant classification.

• Among the classifiers, SVM obtained in general slightly better perfor-
mances than neural network.

The limited results obtained in this chapter show that the EGMs stored
in ICD do not seem to provide enough information in order to regionalize the
LVT exit site.

Chapter 4 proposes a successful methodology based on MHA to estimate
the SSR in EAMs of CNSs. This methodology could be very useful for
electrophysiologists in order to have an initial idea about the SSR required to
completely characterize the anatomy and the arrhythmia mechanism during
EP procedures. The most relevant contributions are next described:

• The representation of the spectrum and the selection of the cut-off
frequency were firstly obtained in order to provide the SSR.

• MHA was extended to meshes with a numerical scalar field assigned to
the vertices of the mesh.

• An algorithm to segment and obtain meshes from CT images was
proposed in three stages: (1) preprocessing to resize the image spacing
in the three spatial dimensions, select the region of interest and filter
the images; (2) segmentation using a region growing method; and (3)
postprocessing to remove papillary muscles and mitral valve in ventricles
and obtain the mesh.

In order to evaluate the proposed methodology, a set of experiments were
implemented by using meshes obtained from the segmentation of CT images,
meshes of real EAMs of CNSs, activation time EAMs obtained from an atrial
model [17, 80], and unipolar and bipolar map of real EAMs of CNSs. Different
threshold values ρ were considered in the reconstruction of the mesh or the
EAM. The results obtained for the assessment of the methodology are next
presented:
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• Anatomical SSR was first estimated in detailed mesh of left ventricular
and atrial anatomy obtained from both segmentation of CT images,
and meshes of real EAMs of CNSs in the four chambers for different
patients. For both types of meshes, between 65 and 80 samples provided
accurate reconstructions of the anatomy when the cut-off frequency is
selected according to ρ = 0.95.

• SSR of EAM was estimated in activation time EAMs during SR and
AFT obtained from an atrial model. As in the anatomical analysis,
real EAMs of CNSs were also analysed for unipolar and bipolar EAM
during VT. The SSR of EAM was strongly dependent on the arrhythmia
mechanism, for example, SR required similar SSR than anatomy owing
to the activation time map is smooth, whereas higher SSR was required
for discontinuities areas, such as early meets late in AFT, or scars in VT
voltage maps. However, the effects of higher SSR due to edges could
be coped with the traditional spectral analysis in signals and images
thanks to the representation of the EAM spectrum as a spectral density
in FA.

5.2 Future Research Lines

A summary of the main future lines of research is next described.

• The current proposed method for digital recovery of biosignal from
BW printouts required a digital image of the EGM recordings. Al-
though these images are usually obtained by scanning the recordings,
this process is tedious, tiresome and time-consuming. Nowadays, new
technologies, such as smartphones, or tablets, are broadly available and
the scanning process could be reduced by just taking a photograph of
the recording. This new approach cannot be applied straightforward
because areas of light and shadows, which can be generated in the
photographing process, could affect the process of signal recovery.

• The learning system proposed to determine the LVT exit site from
EGMs stored in ICDs has shown that the EGMs are not enough to
clearly identify the LVT exit site. On the one hand, additional covariates
such as intracardiac sonographic recordings, or clinical variables such as
pathology, age, and sex could increase the accuracy of the regionalization.
On the other hand, the database used in this study comes from a previous
clinical work [1]. The octants corresponding to each EGM were stored
instead of the spatial coordinates in order to solve the differences of the
reference system between patients. A multicenter study with storage
of both spatial coordinates and EGMs, could improve the accuracy by
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using a regression approach and adapting the spatial coordinates to a
LV model.

• The SSR estimation of EAM has been evaluated in two representative
case studies of simulated EAMs and real EAM of CNS. It has been
shown that the SSR of EAM is dependent on the arrhythmia mechanism;
therefore, an extended study for different arrhythmias in simulated and
real EAMs in CNSs could provide a better knowledge of the SSR for
each arrhythmia mechanism. In addition, the proposed methodology
established an approach of SSR based on uniform sampling (equilateral
triangular faces), but from a clinical point of view, it could be interesting
a non-uniform sampling focused on areas where the ablation therapy is
more likely to be applied. This approach could be complemented with
a uncertainty method during the sampling process in order to know
which areas are not completely characterized yet. This approach could
be addressed by using statistical models, such as Gaussian process, or
non-parametric methods (by Bootstrap resampling). Once the SSR
is established, the next step is to reconstruct the EAM. Since this
reconstruction is very dependent on the interpolation method, further
work is required to study different methods of interpolation to rebuild
EAMs.

A new line of research is to apply the proposed methodology of SSR to
noninvasive electrocardiographic imaging (ECGI) [11, 12] modality which
reconstruct the epicardial EP information (EGMs, isochrones, or potentials)
from body surface potentials recorded by a system of electrodes placed on
the chest. In this line, the number of electrodes required to obtain a quality
reconstruction of the epicardial EP information has not been established
to date. Besides, it is also unknown the spatial resolution of EGMs in the
epicardium by using ECGI. The spectral analysis provided by the MHA
proposed in this Thesis yields an adequate methodology for determining the
bandwidth, sampling and resolution requirements in these emerging systems.
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