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Abstract

The first part of the presented work is focusedr@asuring of QT intervals. QT
interval can be an indicator of the cardiovaschiealth of the patient and detect any
potential abnormalities. The QT interval is meadufeom the onset of the QRS
complex to the end of the T wave. However, measengsnfor the end of the T wave
are often highly subjective and the correspondiegfication is difficult. Here we
propose two methods of QT interval measuring - Wetv@ased and template matching
method. Methods are compared with each other ateld®n standard QT database.

The second part of the presented work is focusedhodelling of arrhythmias
using McSharry’s model followed with classificatiasing an artificial neural network.
The proposed method uses pre-processing of sigmdls Linear Approximation
Distance Thresholding method and Line Segment &lingt method for establishing of
initial parameters of McSharry’s model. The ECGadattaken from standard MIT/BIH
arrhythmia database. The modelling was tested ewtiole MIT arrhythmia database
signals, lead MLII (modified limb lead II). All sils could be modelled with 10
Gaussians functions without significant distortion.

The third part of the presented work is focusedEQ®G classification. Premature
Ventricular Contraction (PVC) beats are of cruciadportance in evaluating and
predicting life threatening ventricular arrhythmiasn algorithm is proposed for the
identification of PVC beats. Signals modelled wBb Gaussians parameters were
supplied to the input of artificial neural netwoMultilayer perceptron was used with
classification accuracy of 93.10% for premature tiemlar contraction (PVC) and
96.43% for normal beats.
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Abstrakt

Prvnicast prace je zaftena na réeni QT intervalu. QT interval &Ze byt pouzit
k hodnoceni kardiovaskularniho zdravi padieatdetekovat potencialni abnormality.
QT interval je ndten od za&atku QRS komplexu az po konec T viny. Nicraémeieni
konce T viny jetasto vysoce subjektivni a jeho verifikace je odiAfedstavujeme dv
metody néteni QT intervalu - vinkovou a Sablonovou metodutddg byly porovnany
mezi sebou a testovany na QT databazi.

Druhd ¢ést prace je zatbena na modelovani arytmickych sighd&icSharryho
modelem nasledovana klasifikaci s pouzitimélyeh neuronovych siti. Metoda pouziva
predzpracovani signal linearni aproximaci a shlukovani linearnich seginepro
stanoveni peateinich parametr McSharryho modelu. Byly pouzity EKG signaly
standardni MIT/BIH Arrhythmia Databdze. Modelovégio testovano na celé databazi
a svodu MLII (modifikovany svod Il). VSechny siggamohou byt modelovany 10
Gaussovymi funkcemi bez vyznamného zkresleni.

Treti ¢ast prace fedstavuje klasifikaci EKG do dvotid. Predcasné komorové
kontrakce (PVC) maji vysoky vyznantiphodnoceni a predikci Zivot ohroZujicich
ventrikularnich arytmii. Redstavujeme algoritmus pro detekdggiasnych komorovych
kontrakci s pouzitim McSharryho modelu a neuronbvyiti. Signaly modelované 30
Gaussovymi parametry bylyrgdloZzeny na vstup wie neuronové sit Pouzity
vicevrstvy perceptron dosahl klasifikd Usgsnosti 93,10% proipdtasné komorove
kontrakce (PVC) a 96,43% pro normalni stahy.
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1 INTRODUCTION

1.1 Problem formulation

In the last ten years, huge part of the researstbbhan focused on the processing
of biomedical signals. Daily clinical practice gestes any amount of biomedical
signals during monitoring of patients and for diagfic purposes. Therefore automatic
processing systems are frequently used in mediat dnalysis. New methods can
simplify and speed up the processing of large velsirof data. The physician very
frequently has to decide a patient's diagnosis lenlasis of a number of numerical
values measured during examination. Orientatiothis volume of data is not always
easy and unambiguous. Therefore there exist catsult systems that help and
minimise human errors.

Electrocardiogram (ECG) plays a key role in momitgrand diagnostic of the
patients. It is estimated about 0.3 ECGs are recbpkr person per year in European
Union. Such popularity of ECG examination is based its simplicity and non-
invasiveness. Electrocardiogram offers importafbrimation about health of patients
and cardiologists are able to recognize differearhdiseases from the morphology and
position of the ECG components. Electrocardiograsms wvestigated by W. Einthoven
at the beginning of the 20century. Heart diseases are frequent reason odehth in
developed countries, therefore many of researclupgraare focused on the ECG
analysis.

ECG is a recording of an electrical signal measdrem the body surface and
presents the sum of action potentials of the hesis. Electrical activity of the heart is
demonstrated by the changes of electrical voltagéhe body surface. These changes
are produced by summarizing of electrical actiwtyall heart cells. The cells do not
work synchronously because they do not have thee gsotential at the same time and
currents flow on the surface of membranes and edesse around the heart. Human
body is conductive because it contains a lot oftakal live ions. Therefore, voltage
originates between two places on the body andrelsstdiography registers its progress
in time.

The mechanical activity of the heart is linked wtthelectrical activity. Therefore,
electrocardiography is an important diagnostic tmolassessing heart function and it
provides us a great deal of information on the radramd pathological physiology of the
heart. ECG record is composed of heartbeats thaateeriodically. In each heart beat
we can recognize several waves and inter-wave sggniEhe shape and length of these
waves and inter-wave segments characterise castiola diseases, arrhythmias,

- 13 -



METHODS FOR DETECTION AND CLASSIFICATION IN ECG ANA LYSIS

myocardial ischemia and other heart diseases. ifte daxis usually uses the order of
milliseconds, while the potential axis usually usesorder of millivolts.

Excitation waves spread through the heart to adlations and we measure known
progress of ECG consisted of waves P, Q, R, S aidwave represents depolarization
of atria, blood flows from atria to ventricles. B&€gment represents time of spreading of
excitement from atria to ventricles. QRS complegesnonstration of depolarization of
ventricles, blood is ejected from right ventricle arteria pulmonalis and by left
ventricle to aorta. Repolarisation of atria is wsible on the record, it is overlapped by
QRS complex. Repolarisation of ventricles is reedrds T-wave. There is sometimes
evident U-wave after the T-wave. U-wave is con®ders late repolarisation of
Purkynje fibres in ventricles and it is usually neible.

R

_/\ U
QS

Fig. 1.1.1 ECG curve.

Cardiac arrhythmias can affect electrical systenthef heart muscles and cause
abnormal heart rhythms, which can lead to inswdfitipumping of blood and death
risks. Conventional arrhythmia diagnosis is based hmman observation. A lot
of automatic arrhythmia detectors were developed last ten years, because
of requirements of intensive care units for pernrmameonitoring of the patients. These
methods reach good results but provide only limit@drmation about a signal and
ignore its hidden nonlinear dynamics. Most of thésehniques also need a lot of
computational time for feature extraction and dfasgion and are able to classify only
a small number of arrhythmias (usually two or thtgees) [92], [99], [83], [16]. It is
necessary to enlarge classification on more typésamhythmias and enable
implementation in real time [69].

Existing approaches generally suffer for high s@nsi to noise and unreliability
in access to new or ambiguous patterns. For clirpcactise we have to develop
classifiers, which enable nonlinear discriminatibatween classes, uncompleted or
unclear input patterns.
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1.2 The state of the art

Modern analysis of electrical activity of the hearses simple as well as
sophisticated algorithms of digital signal procegsi implemented in
electrocardiographs. Generally, we can sort thégerithms into three groups: time
domain, frequency domain, and time-frequency domgirst two classes belong to
classical methods, which are successful in manyicelily tested applications and
analysis of ECG, detection of QRS complexes, deteaf onset and offset of QRS
complexes, analysis of deviation of ST segmentalyars of variability of heart rate,
and others. New algorithms usually work in timegfrency domain and combine
advantages of classical methods. They mainly alfeequency analysis with time
information about analyzed features. For examphe thanges appearing during
depolarization of the myocardium during myocar@ahemia.

Using simple time domain analysis does not prowsdéiciently high quality
results because of its low sensitivity. It is calbg relatively small amplitude of the
changes. Frequency analysis usually increasedtisépsbut it cannot specify in which
phase of the heart cycle these changes originated.

At present, the wavelet transform (WT) is possihly most used method of time-
frequency analysis. WT is popular, because it Gedsily implemented and its results
can be well interpreted in a similar way as frequeRourier transform. Many variants
of WT provide large possibilities in selection, ficedundant detailed analysis to fast
analysis with minimum output data. Selection ofagtipular type of the WT is based on
the specific application (suppression of the noisgrking time and frequency
components of useful signal, detection of imporfaoints and important changes in
time, etc.), available technical equipment withuieed computing performance (PC,
signal processor) and on speed requirements (reaJ-off-line).

Several algorithms have been proposed in the fitexafor detection and
classification of ECG beats and reported resultdestve room for improvement.

Main principle of the classification is selectiohammponents from complex one-
dimensional non-periodical time series and seagchian important features in ECG
signals. Many approaches using various set of festtepresenting ECG signal were
used for automatic detection of abnormal electaiograms: Bayesian [57] and
heuristic approaches, template matching, expetess [38], hidden Markov models
[23], artificial neural networks (ANNS) [54], [82&nd others [91],[13]

Most popular approaches are based on pattern riéioogriechniques using
various morphological features of ECG [14] such wglth and amplitude of QRS
complex, RR interval, QRS complex area, etc. {it®trepresentation) or measuring of
energy in frequency bands in spectrum of windowedas or energetic ratio of high and
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low frequencies (in frequency domain [101]). Magfidiency of these methods is that
they suffer by variations of morphology and timauccteristics of ECG [36].

Notwithstanding the high detection accuracies ofphological approaches they
have several disadvantages. They are based orhaldesegmentation techniques,
which are sensitive to the large morphological afaitity of the ECG between different
patients or patient groups but also within the sgmagent. Only limited group of
waveforms can be successfully characterized byetfesstures. Some methods use only
the QRS complex, while others add also morpholdde=tures of the P and T waves
[14], [20]. Nevertheless, it is not possible to umerphological features to describe
cardiac patterns if we do not have clear P, T amiS@omplexes. Morphological
features are not appropriate for describing sompestyf arrhythmias such as ventricular
fibrillation or some types of tachycardia [36].

Another methods use Hermite functions [54], cumul@atures [67], wavelets
[80], [1], etc. Popular time-frequency features uUsear expansions of the ECG
waveforms into a single time-frequency basis sushaavavelet basis and combine
advantages of interpretation in both domains. Hagresome ECG patterns are better
described by their frequency content while othemsehvery well localized temporal
structures and are better characterized by thee tepresentation [36].

Besides mentioned methods there are techniques agicborrection waveform
analysis [12], complexity measures [99], a totastesquares-based Prony modelling
algorithm [16], autoregressive modelling, non-lineaeasures and cluster analysis
(which reduce number of classification parameteass réasonably small set for
meaningful classification), etc.

Several techniques for classification using artafimeural networks and their
combination with other methods have been used podue classification results. These
include Fourier transform neural networks [64],ureent neural networks [28] and back
propagation (BP) neural networks [39] and many otyjges.
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2 CLASSIFICATION SYSTEMS FOR ECG SIGNAL
ANALYSIS

Four generations of automatic computer system<EfEG classification can be
recognized. Systems of the™ Igeneration use deterministic decision trees for
classification of the rhythm and morphology. Systenf the 2° generation often
combine deterministic decision trees for classifara of the rhythm with statistic
multivariate analysis for evaluation of morpholo§ystems of the'3generation exploit
advantages of systems of thedr 2'® generation and use expert systems for evaluation
of pathology and signal defects, possibly all systeses expert system. Systems of the
4™ generation combine*1- 3% generation with models of spreading of electrical
excitation through heart muscle. Systems of fiarid 2 generation (possibly simple
forms of 3% generation systems) are potentially appropriatedmmercial use.

2.1 Classification systems of the first generation

Advantages

Diagnostic criteria used by these systems are lgidés®wn to cardiologists and
theirs decision logic is relatively clear and ursi@ndable. A large amount of
experience with conventional interpretation of E@@blished in literature can be
included. They have open modifications. Selectioiteita are based on known
electrophysiological processes in the heart.

Disadvantages

Selection criteria are a bit arbitrary. There idaak of reliable quantitative
information about specificity and sensitivity. Thegve significant overlapping between
normal and abnormal population. Results have loguacy, it is maximum 60% of
achievable level by the best experts on verifigaais.

General steps of the classification of short-timeasting electrocardiogram

First of all, the QRS complex and T-wave are deliad and their morphology
evaluated. After that we search and delineate Rew®Next step continues with
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classification of the rhythm. Previous parametees delineated also in other leads of
selected cycle and morphology of this cycle issife.

2.2 Classification systems of the second generation

Advantages

They are less sensitive to noise or bad placenfeealeotrodes. The accuracy of
the classification is in average more than 10 9@@igher than for systems of the 1st
generation. Initial classification is based on infation independent on ECG.
Sensitivity and specificity for certain diagnostiategories can be easily adapted by the
change of the priory probabilities. It is possibdemake more simultaneous diagnostic
decisions.

Disadvantages

Multivariate algorithms need extensive base offiegtisignals for development
and testing. Probability terminology can causepathiy of the doctor. We suppose that
various diagnostic groups are mutually independent the sum of the probabilities
must be equal to 1. Prior probabilities can strpmgfluence results of the classification.

2.3 Pattern recognition

Pattern recognition systems are able to identifitepas and are used in data
classification. This ability arises either from@itiknowledge or statistical information
presented in data. These patterns could be roughbgined either as sets of
measurements or a series of observations, defipomts in an appropriate
multidimensional space [107].

The system which is capable of recognizing pariicyatterns may be divided
into several sections: Acquisitionof observations we intend to classify or charaoger
2) feature extractionstep, numeric or symbolic information is extractedm the
observations; 3) thieature selectiostep, where there are selected several considerabl
features that best represent the particular patteithout redundancy, and 4)
classification(or characterization), which finishes the groupamgl observation process
in view of the information obtained before. In mosdses, the classification or
description method is usually based on a trainetgo$ patterns that have already been
classified or labelled and the resulting learnitrgtegy is called as supervised learning.
By unsupervised learning, a priori labelling oftpats is not known for the system and
the classes are found by itself based on the tstatisegularities of the patterns [29].
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The above-mentioned abstract model may be reaiizédferent ways and has a
wide variety of different implementationStatistical, syntactical, and artificial
intelligenceapproaches can be identified depending on thécpkat pattern types and
their formal characterization [26].

Recognition ofstatistical patterns is conditioned by statistical characdtiessof
patterns; in addition, we assume that these pattara generated by a probabilistic
system. Selection of features is generally madgelyential approaches or more or less
intuitively by the experience of experts. Bayesed#in classifier is the most widely
implemented approach. It uses normal distributigparticularly used for medical
applications). If assumption of normal distributio; not fulfilled, there are other
techniques of nonparametric classification avadabstead, e.g. the k-nearest neighbour
or the polynomial classifier. The feature selectithe feature number, and parameters
of the model have to be selected, adequately eealuend finally, carefully adjusted by
hand [26].

Identification of statistical patterns may be repldh by identification of
syntactical patterns if a comprehensible pattern structurapigarent; in such cases,
more complicated interrelationships between pddicteatures are present instead of
simple numerical feature vectors. Structures likese may be generally described as
series of a formal language where any distinctione class structures are converted
into the different grammar codes [59], [26].

As an example we can mention ECG diagnosis. On B@@&forms, we can see
sections and grammar describing both healthy ahdalthy patterns. ECG signal which
has been measured is divided into main segmentaftardvards classified by analyzing
segment strings in accordance with the grammarh Sugrocedure is obviously quite
adapted to typical features of the characteristaplgical properties of the recorded
signals. However, this is rarely diagnosticallylgmed in clinical practice [26].

Approaches utilizingArtificial intelligence (Al), such as artificial neural networks
(ANN), have found their application in processingnon-linear signal, classification,
and optimization. Typical topology is strongly dagent on particular problems that are
being analyzed. As far as statistical approachesancerned, features and parameters
of the model are at first selected and then asgdesaaually. ANN are, by contrast, able
to manage tuning by themselves optimally.

In processing of ECG signals, multilayer perceptfi@hP), radial basis function
(RBF) networks, and learning vector quantization/@Q) networks are frequently
used [79]. In each MLP network (Chapter 3), them several layers that consist of
interconnected neurons, where each neuron hasadnn

N
y:f(ZV\/iXi—e), 231
i=1 e
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wherew; is the weight which was assigned to inpyté is bias and(e) represents a
function which is either linear or non-linear. Ket function is non-linearf(s) is

frequently the logistic function f(a):1/(1+e“’) or hyperbolic tangent
f (o) = tanh@) [26].

In RBF networks, there is usually an input layehidgden layer which has a non-
linear RBF activation function

N _
y=> w eXl{—)ﬁ C'] 2.3.2

i=1 g,

and a linear output layer. There are several nétwarameters: the number of neurons
N, coefficientsw;, centre vectors;, standard deviationg andx; represent an input data
vectors. It is possible to substitute exponentigictions by other type of function (for
example wavelets). RBF network advantage is likezydogic behaviour. As a
consequence, the results may be more predictablavancan therefore more rely on
them. Their usage may be seen in several aredsasugpproximation of functions and
classification and modelling of dynamic systems tme series [108], [26].

In LVQ networks, there is an input, competitiveddmear layer. LVQ networks
make a classification of input vectors into targesses. The competitive layer enables
them to discover subclasses of the input vector® ihput vectors are afterwards
grouped into target classes (which are definechbyuser) by linear layer. The highest
possible amount of subclasssis equal to the number of competitive neurons.
Classification in the layer is based on the Euahdilistance measured between the input
vector and weight vector of each of the competitieeirons. LVQ network is adjusted
in an uncontrolled unsupervised manner contrarsuggervised learning algorithms for
training of MLP and RBF [88], [26].
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3 ARTICIAL NEURAL NETWORKS FOR
CLASSIFICATION

3.1 Significance of neural networks

Artificial neural networks (ANN) are used for obtaig information from data
which are either complex or inaccurate. Furthermibrey may be involved in extraction
of patterns and detection of processes which areosaplicated that they cannot be
recognized either by humans or other computer igales. Among advantages of neural
networks belong adaptive learning, self-organizgticeal-time operations, and fault
tolerance. With the help of data acquired in antrej process or any previous
experience, neural networks can organize themsehrebs consequently represent
information obtained in the preceding training pdriDue to the fact that ANN enable
parallel processing, they are able to operate ah tisne. This ability may be further
increased by using special hardware devices. @eftaictions of ANN cannot be
affected even by serious network damage [103].

What makes a great difference between ANN andtiom@dil computer systems is
the fact that computers are only able to followeaes of particular instructions and
offer solutions that are already known. ANN prode$ésrmation in the same way as the
human brain does. As a result, ANN may be descréseattificial intelligence. A neural
network consists of a lot of units which proced®rmation; these are called neurons.
Neurons are interconnected and work parallelly. @ural network learns new
information during the training process, in whible examples are presented. A network
works correctly only after it has processed a $eppropriate examples, so we should
choose examples very carefully. It is because hewtavorks learn by themselves and
results may be unpredictable. Operation of trad@&iocomputer systems is, on the
contrary, very predictable. Computers always folleet of instructions and only
software or hardware error is responsible for sgystailure. Specific issues (such as
arithmetic operations) are therefore suitable faditional computer and others to neural
networks. Nevertheless, many tasks can be processezleffectively by combining the
qualities of both previously mentioned systems -NAdan, for example, be supervised
by algorithmic approach [103].
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3.2 Introduction to neural networks

Behaviour of neural networks may be compared tduhetionality of the human
brain and structure of organic neurons [59]. In livenan brain, there are about'10
neurons. An organic neuron basically has three ehany sections: dendrites (a set of
incoming fibres), the soma (the body of a cell)d @he axon (one outgoing fibre).
Biological and algorithmic similarity may be seem the following simplified structure
in Fig. 3.2.1 and Fig. 3.2.2. Each axon has diffeendings which are connected to
other neurons. Up to 10,000 inputs of other neuxars be connected to a neuron by
bulb-like connection called a synapse. Neurons ymectlectric pulses, which are then
transmitted to the synapses along the axon. Alfieetectric pulse has been transmitted
through the synapse, the neuron which has recéivedy be either excited or inhibited.
The synapses play an important role because ttagisrmission efficiency for electrical
pulses from an axon to the dendrites (or soma)beaadapted, which can be probably
considered as human beings learning ability [77].

4 Input Weighted input

H Weight ‘ Uniit

ST

Axon
Dendrites /‘

_ﬂ_
> JL -

(a) (b)

—H— _Output
JL

H Eﬂ

Fig. 3.2.1 Model of biological neuron.
(a) Biological neuron, (b) detailed model of a $ngeuron.

Detailed model of a single neuron is documenteBign 3.2.1. Different sorts of
activation (thresholding) functiorf¢) are used [77]: a hard limiting threshold function
(a sign function), a linear or semi-linear function a frequently used smoothly limiting
threshold sigmoid (S-shaped) function (see Fig.38a})

1
1+¢e 7

y; =f(a))= 3.2.1

whereq; are the weighted inputs plus a bias.
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(a) J (b) (c)

Fig. 3.2.2 Connection between neurons.

(a) Network of three biological neurons, (b) syrgs) corresponding
neural network model.

In some applications a hyperbolic tangent is manéaBle (Fig. 3.2.3(b)), because it
defines output values in the range [-1; +1]. Thgpotuof a unit can be also a stochastic
function of the total input of the unit and the ieation is not deterministically
determined by the neuron input, but the neurontippedestines the probabilip/that a
neuron gets a high activation value and many dthetions (Fig. 3.2.3) [52].

1 1
-200 -150 -100 -50 o 50 100 150 200

Fig. 3.2.3 Neuron activation functions.

Fundamental distinction we can make between thestg networks is in patterns
of connection between the units and the propagatidine data.

- 23 -



METHODS FOR DETECTION AND CLASSIFICATION IN ECG ANA LYSIS

Feed-forward networks propagate data from inputoadput units (also over
multiple layers of units), but there are no feedtbeannections. Classical examples of
feed-forward networks are the perceptron and ael§hA].

Recurrent networks as opposed to feed-forward n&svdave feedback
connections and the dynamical properties of thevords are important. Typical
examples are the Elman, Jordan and Hopfield nesV&X].

Different examples of neural network topologies][7ar performing different
tasks are documented in Fig. 3.2.4.

(e) Recurrent networks

Linear predictor/ clasifier Time-series forecasting

Linear clasifier

(f) Recurrent networks

Time-series forecasting

(c) Multi-layer perceptron

Nonlinear predictor/ clasifier

Unsupervised classifier

(g) SOM
Unsupervised clustering/topology presentation

Fig. 3.2.4 Neural network topologies.
(a) Linear neuron, (b) single-layer perceptronnicijtilayer perceptron,
(d) competitive networks, (e)-(f) recurrent netwsrkg) self-organizing
feature map.

The neural networks can be also categorized omr twresponding training
algorithms: supervised networks (above) and unsugest networks. Typical example
of neural network that is trained by unsupervisegnner is a self-organizing map
(SOM), which generates a low-dimensional discrefgesentation of the input space of
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the training samples. The network keeps the topcdbgproperties of the input
space [100].

3.3 Multi-layer feed-forward networks

A feed-forward network consists of layers. Eachefais connected with the
previous layer and the following layer. Units am@ ©onnected inside of a layem;
inputs enter into the first layer &, 1 hidden units. The input units are not processing
units. The activation (threshold) of a hidden usit functionf; of the weighted inputs
plus a biag;, as given in equation [52]

N-1
yj:fj(a):fj(zvvijxi_gi)' 3.3.1
i=0

The output of the hidden units is distributed otlex next layer ofNy» hidden
units, until the last layer of hidden units is feed, their outputs enter into a layer of
N, output units (see Fig. 3.3.1).

M 1 M -1 M2

Fig. 3.3.1 Multilayer feed-forward neural network.

A common method of teaching artificial neural netkgis back-propagation. It
has been shown that only one layer of hidden usitsufficient to approximate any
function with finitely many discontinuities to attary precision, if the thresholding
functions of the hidden units are non-linear. Insmapplications a feed-forward
network with a single layer of hidden units is useith a sigmoid activation
function [52].
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3.4 Training of multi-layer perceptron

The application of training involves two phasesribg the first phase the input
vector X is presented and propagated forward through theonke to produce the
output valuesy for each output unit. This output is compared wviishdesired valugy,
resulting in an error signal for each output uif]|

€=y~ VYq- 3.4.1

The second phase involves a backward pass throeghetwork during which the
error signal is passed to each unit in the netvaorit appropriate weight changes are
calculated. Known training examples with solutioe arranged into the training Jet
of pairs{X,y,} , thus this is called supervised learning algorithm

Following steps are applied during the training]{69
1. Initialization of network weights.
2. Selection of training pattern from training set.

3. Presentation of training pattex) to network.

4. Propagation of inpuk, forward to the outpuy, .

5. Determination of the network responge= ¢(X,).

6. Determination of the errog, = y,, — Y, for the last layer.

7. Back-propagation of error from last layer to prexadayer.
8. Local correction of neuron weights on the basisscbmputed error for each neuron.

These steps are repeated (from step 3) until ttveomnle reaches required accuracy
of the mapping, thus as long as error is small ghou

Previous procedure illustrates the principle of mleéwork learning. Main part of
this training - re-computation of error from lastgrevious layer and algorithm of local
changes of neuron weights is discussed below.
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Training of network can be interpreted as optimizgdcess, where network
adjusts one’s parameters to minimize error func¢tishich is difference between real
and desired output. For one step of learning nétwealizes mapping

y=¢(x). 3.4.2

Error vector obtained ip™ step is defined as

€ = Yap = ¥p- 3.4.3
Immediate squared error fpf' vector of training set is

M
&p :Z;(iep)z 344
=

whereM is a number of output neurons, like size of outfdtor.

This squared error is computed only for one preskmntput. It would be optimal
if we were able to express mean squared error (MBERIl possible inputs. These
inputs are not available, we have only training ¢ep training pairs. Then we can
express mean squared error though all trainingset

SZE{SP} fOngp. 3.4.5

By minimization of this function by gradient destemethod we would receive the
best classification in sense of mean squared #@rrough all training set. Mean squared
error is evidently the function of network weighte Their change is procedure
of minimization of mean squared error. For changeeghtw we can write [9]

w(t+1) =w(t) — ple 3.4.6

wheret is learning step andis called the learning rate. Gradiént for one weighw is
defined as

0&
e =—(1).
aW( ) 3.4.7

Calculation of this gradient is in practice veryndmding also for smallish
networks. Thereforelle is substituted by partial gradients, where eacadignt
obtained in one step of training approximates gmatdihrough all training set.
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o€ afp
Zty=—""(1).
aW() aW() 3.4.8

Value of gradientde, /ow for lastko" output layer and foi" weightw; , j"
neuron of this layer can be expressed as [102], [40

o€ ] ' _
diowy = XY~ @) (0, =256 P (ha) Y, 549

|

We obtain equation of weight corrections for negrofthe last layer [40]

SW(t+D="w(t) +2u(5e,) (5 a,) 7y, 3.4.10

This equation can be generalized for arbitidyayer

Wt +D=TW() +24(fe,) '(Fa,) Y, 3.4.11

Equation 3.4.11 represents an algorithm of localltecorrection for arbitrary
neuron. Now it is necessary to determine er‘]Te,y for all neurons. Its definition for

neurons of the last layer is simple, because

Ky o — K,
J’ep_k})ydp iYp- 3.4.12

For neurons of inner layers we can write [9]

N(+1)

:'(ep = z f '(k+ilap)k+ilep k+ilwi : 3.4.13
i=1

Both equations for weight changes differ only ifimidon of 'j‘ep. From

equation (3.4.13) for inner layers it is evidehgttfor calculation of erroi‘ep for single
i™ neuron ofk" layer, we need to know erréfilep for all neurons of next+1" layer.

This is the result of full connection between Iayavhere during feed-forward phase the
outputy; of | neuron ok™ layer is spread on all neurons of nkxt™ layer.j™ neuron

of k" layer influences outputs of a+1 neurons and therefore influences errors of
neurons irk+1 layer. Effect ofi"" neuron ofk" layer on error generation of singf®
neuron in next layer is expressed as multiplicatafnerror of thisi™ neuron by
derivative of its activation function and relevamtight;w;, which realizes connection
betweenj™ neuron ofk™ layer andi™ neuron ofk+1" layer. By the summation of re-
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calculated errors through all neuronskel™ layer we obtain total error f¢f neuron of
K" layer [9].

After network response we know only error of thet lautput layer, after that we
have to re-calculate this error by using previausructions on previous layer. Error
from the output is propagated back against propagaif original signal. Weighted
connections between neurons are therefore wakewige,tduring network response
calculation and then during backpropagation of reon single neurons. Therefore
learning of perceptron is called backpropagatigo@thm.

The advantage of this method is that the weighésmgé locally. Therefore we can
parallelize this algorithm. Important condition famultilayer perceptron training by
backpropagation of error is that activation funetfd(a) is differentiable. We can use
various differentiable activation functions. Thenef the sigmoid function Eq. 3.4.14 is
favourite for its elegant derivation in Eq. 3.4[52].

1
Y= lve~ 3.4.14
and
1 - 1 1+e“-1 1 1
"=~ e a = = 1- =y(- .
y (1+ e—a)Z 1+ e—a 1+ e—a 1+ e—a ( 1+ e—a) y( y) 3415

The backpropagation algorithm is a backbone ofsadas neural networks. As
described above, repetitive re-calculation of basgpgated error is used for efficient
and fast learning. Algorithm minimizes error fuecti- searching for minimum on the
error hyperplane. We can assume each weight of¢h&ork as one dimension of N-
dimensional error space. For two weightsandw; and particular presented input error
hyperplane can looks as in Fig. 3.4.1, where oizbptal axis are weight values and on
the vertical axis is value of the error functionaill goal of minimization is descent to
the bottom of the error surface, in ideal casestixin global minima. But minimization
can reach local minima. Success of minimizationedels on few aspects connected
with network configuration and solved problem [9].
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Local minima

Small gradient

Big gradient A
.-fast descent T

Fig. 3.4.1 Error function [9].

3.5 Initialization of neural networks

In initialization phase of the network design wevdndo decide on the number of
layers, number of hidden units, learning rate, gitog criteria and training algorithm,
etc.:

Issue no. 1: The number of layers

We usually use one hidden layer until we are caredinthat more than one hidden
layer should be applied. This depends on the pdaticase under current observation.
As a consequence, trial-and-error method oftenigesvbest solutions.

Issue no. 2: The number of hidden units

The frequently used three-layer structure is itltstd in Fig. 3.5.1. There are three
types of units: input units, hidden units, andaliy, output units.
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Inputs
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O

Fig. 3.5.1 Three-layer feed-forward neural netwarthitecture.

Hidden nodes

Outputs

In the input layer, the number of units is equahtmnber of input features in the
training dataset. In the output layer, the numidenrots corresponds to the number of
the output classes. The quantity of hidden unitstaioed in the middle layer mostly
varies between these two numbers. It is usuallysadvto use a smaller number of
hidden units than the number of inputs [105].

If there are too many hidden units, it leads tortvaening and poor test results. If
the number of hidden units is too low, even leagnihe training data might pose a
problem for the network. This can easily be tedtgdlassification experiment. If the
network achieves good results in the training athdhe same time, poor test results, we
should decrease the quantity of hidden units. @nather hand, if it happens that the
network produces insufficient results in the tragiprocess, we should increase the
amount of hidden units [105].

Issue no. 3: Learning rate and momentum

In the learning process, variations in weights preportional to de,/ow.

Fractional gradient descent steps are requirecaengroportional to the learning rate
The learning rate can be increased until it lead®dcillations. High learning rate
oscillations may be avoided by introducing a momenterm, which will cause that the
change of the weight will then depend on the previchange of the weight [52]

Aw (t+1) = pd,y, — abw(t) 3.5.1

wheret denotes the presentation numhers a constant defining the preceding weight
change influence (momentuny, is delta term containing the error to update itager

connection. The function of the momentum term iswhoented in Fig. 3.5.2. Reaching
of the minimum of mean squared error (MSE) is \&toyv without momentum term and
for low learning rate. With high learning rate, dyntrast, the oscillations can cause that
the minimum is never reached. The momentum ternbeancluded to increase the rate
of convergence. Generally a value for momentum eetw0.5 and 0.9 are found
desirable. On the other hand, values of the legrrate can ideally vary from 0.03 to
0.1. Nonetheless, these values may differ dependinghe particular task which is
being solved at the moment. As a result, trial-amdr method seems to be more
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practical in the most cases. The result, whichatemhined by the values we have
decided to choose, is illustrated in Fig. 3.5.2 Bigd 3.5.3 [52], [105], [77].

MSE 4 MSE 4 MSE 4

» » 4

(a) Epochs (b) Epochs (c) Epochs

Fig. 3.5.2 Influence of momentum term on learningcedure.
(a) Too small momentum, (b) too large momentumpft)mal value.

MSE MSE

A

%)

> W > W

Fig. 3.5.3 Influence of learning rate on learnimggedure.

(left panel) The optimal learning rate for efficiemror minimization,
(right panel) too high learning rate.

Issue no. 4: Stopping criteria

The training of an ANN is stopped in the followilmgses: 1) the performance
function reduces below the goal; 2) the MSE (meguared error) decreases by less
than certain fraction between two successive itarator 3) the number of times to
assess the MSE for any individual ANN is greatemtlthe maximum of repetitions.
Some ANN may occasionally fail to reach stoppinteda even after running for a long
time. The maximal number of repetitions togethethwiime limitation restricts the
number of training cycles and avoids the possibditinfinite loops [105], [106].
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Issue no. 5: Training algorithm

The most common algorithm is gradient descent haggpation training
algorithm (Chapter 3.4). This method is often té@mnsfor practical problems. Next
chapter discusses several high-performance algmsitthat can converge from ten to
one hundred times faster.

3.6 Other training algorithms

We may think of two categories concerning thesepgasformance algorithms. In
the first category, heuristic methods are used lwhiere developed on base of a
detailed study of the standard steepest desceatithly performance. As a matter of
fact, the momentum technique corresponds to a $teurmodification as well.
However, two more heuristic methods will be diseassn the next paragraphs:
variable learning rate backpropagation and resilien backpropagation [106].

Variable Learning Rate

With standard steepest descent algorithm, the ilEgamate 4 remains constant
from the start to the end of the training/(f +1) = w(t) — ple). It is very sensitive to

the proper setting of the learning rate (Fig. 3.3-8gh learning rate leads to oscillations

and instability and low rate to slow convergencedfer 3.5). It is optimal to change

learning rate (variable learning rate) during tfaning process, as the algorithm moves
across the performance surface. Different waygpdhting learning rate are used [75].

Resilient Backpropagation

For hidden layers of multilayer networks sigmoidnsfer functions are typical.
These functions reduce the range of infinite inpod fit it into the range of finite
output. The slopes of sigmoid functions have toctmse to zero when the input is
becoming large. This is a problem in the processtegpest descent training of a
sigmoid multilayer network. The main reason forstig the fact that there is a very
small gradient and therefore changes in the weigihdsbiases are small also when they
are far from their optimal values. The function thfe resilient backpropagation
(RPROP) training algorithm is to reduce the nega®ffect of the partial-derivative
magnitudes. The resilient backpropagation algoritemploys only the sign of the
derivative to establish the weight-update directidhe derivative magnitude does not
have influence on the weight update. RPROP is géigenuch faster than the standard
steepest descent algorithm. It has a modest irerehsnemory requirements [74],
[106].
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As already has been discussed, the first catedgamgb-performance algorithms
uses heuristic techniques. However, the secondaatef these algorithms is based on
methods that involve standard numerical optimizatechniques. We used three types
of numerical optimization techniques for neuralwaeks training:conjugate gradient
algorithms, quasi-Newton algorithms and Levenberg-Mrquardt [106].

Conjugate Gradient Algorithms

With the basic backpropagation algorithms, the Wsigare calculated in the
steepest descent direction (negative of the grgdiensuch a direction, the function of
the performance is decreasing most quickly. Mogidralecrease of the function along
the negative of the gradient may not always imply tastest convergence. As far as
conjugate gradient algorithms are concerned, tlogrpss is made along conjugate
directions and algorithms tend to be generallyefaghan along the steepest descent
directions [37], [106].

Quasi-Newton Algorithms

Newton's technique shows often faster convergemae tmethods with conjugate
gradient. Nevertheless, computation of the Hessmtrix (second derivatives) is
expensive for feedforward neural networks. It isgble to avoid these calculations
with Quasi-Newton (or secant) methods, which updatepproximate Hessian matrix
at each iteration of the algorithm as functionhs gradient [106]

Levenberg-Marquardt

The reason for the development of the Levenberggiendt algorithm was to
approach second-order training. The Levenberg-Madjumethod is so unique because
it enables to reach the aimed speed without hawmglculate the Hessian matrix [106].
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4 CONTINUOUS WAVELET TRANSFORM

Wavelet transform (WT) [94] is based on the useaofet of mathematical
analyzing functions called "wavelets". Waveletsvie decomposition of the (ECG)
signal into a set of wavelet coefficients. The gnalg functions are generated from a
generally complex-valued functiop(t) by dilation and shift in time. Each analysing
function ¢ At)=¢A(t-17)/s) has its own parameters - time localization defibgdhift 7,
and a frequency band defined by a dilation fastdfach resulting wavelet coefficient
corresponds to measurement in the signal in a gives instant and a given frequency
band. Wavelet coefficients can be easily calculatsthg the following definition
equation of the continuous wavelet transform (CWT)

CWT(s,7) = % | w(t%j f(t)dt, 3.6.1

wheref(t) is an ECG signal to be analysed and * stands fmpbdex conjugate.

WT provides output in the form of wavelet coeffiderdescribing time-scale
domain. However, the term "time-frequency spectrusndften used although terms
"frequency” and "spectrum” are originally reserf@dFourier domain.

4.1 Definition of continuous wavelet transform

The basis of CWT is the mother wavelit), which we can describe like a signal
with marked deflections only in specific time intal and with insignificant deflections
out of this interval. In fact the envelope of thase function derived from the mother
wavelet represents a window, which selects sectibise analyzed signal. The mother
wavelet ¢(t) has to fulfil several requirements [86]. The medvatue of the function
must be zero

jz//(t)dt:o. 4.1.1

The energy of the function is normalized(t)|| = 1 and the wave is centred for
t=0.
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The frequency content of the mother wavelet israfiby this relation, which is
called condition of admissibility [71]

C,= | ———dw<w. 4.1.2

FT/« is the Fourier transform of the functiop(t). The mother function/(t) is
modified during transformation in accordance witale and translation. Scale, called
by symbols, enables changes of width (dilatation). With pagtenr it is possible to
change position of the wave on the time axis (tedims). The mother functionit)
then generates series of functions

Y, (1) = %w(t‘%) 4.1.3

Wheres, 7 0 R, s > 0 and membef/+/s is for normalization of wave energy by
changes of scale, the normalization ensures thé f)|| = |||

The result of the CWT for a one-dimensional sigf(8l by using real base
t-r1

functions ( 5 j is two-dimensional function defined as

CWT, (5.7) = [ 1 (t)%(/l(%j dt, s

if the function ¢(t) fulfils the condition of admissibility (4.1.2),hé relation for
regressive wavelet transform is

1 %1
f(t) “C j j ZOWT (7, () ds . 415

4.2 Mother wavelets

Mother waveletg/(t) are to be chosen according to their charactesistnd with
respect to an application. Mostly a mother funci®ohosen on the basis of experience
or intuitively. Wavelets which are used for CWT awelicitly defined by mathematical
functions. Wavelets, which are characterized bymason of individual filters of bank,
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are used for DWT. Some wavelets can be describevdyways and can be used for
both types of transforms, but in some cases tisevaly one possibility [41].

4.3 Properties of continuous wavelet transform

Properties of CWT are similar to properties of otlear transforms [94], [71],
for example Fourier transform. We can documentdelsaracteristics on two examples
of transformation of simple signals, for examplengdHaar’s function.

Linearity

CWT s realized like convolution of two signals, s fulfils condition of
superposition (for signakg ands,), therefore CWT is linear [71].

CWT

(agtbsy)

(s.7)=alcwT, (s,7))+blCWT, (s, 7)) 43.1

Time invariance

Invariance in time implies that the shift of thealyzed function in the time
causes corresponding shift of wavelet coefficientthe time (see Fig. 4.3.1). For the
demonstration of these characteristic, unitary ilsgs with different time shift were
used as input signals. Resulting images of wawaefficients are the same and their
time shift is the same as for input signals. Tlaist fcan be derived from imagination,
that CWT can be interpreted by a set of linear timvariable filters [71]

CWT, (5,7)=CWT, (s7-b),  f(t)= f(t-b). 43.2

Dilatation

This relation describes dependence between CWTigihal function and scaled
function (its extended or narrowed form). Waveleg¢ficients are extended adequate in
time and shifted in scale (Fig. 4.3.2) [9]

owT,(s0)=cwT,C. D). fO=pf),  azo 433
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Fig. 4.3.1 Time invariance.

Unit impulses with different shift (left panelshetr continuous wavelet
transforms using Haar wavelet (right panels).

Localization character

CWT s distinguished by localization character, ethis the big advantage in
comparison with Fourier transform. Wavelet transfoenables to localize certain
frequencies because of scale parameter implemaemtdte CWT definition. We can
show time localization on the result of the wavetahsform of Dirac impulse in time
to, At-to) and wavelet functiog(t) (Fig. 4.3.1) [71]

owT,, (5= - | t/f(%’jé(t ~t,)dt = %w{“ . T} 43.4

S
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Fig. 4.3.2 Dilatation.
Triangular signals with different scales (left pisjetheir continuous wavelet
transforms using Haar wavelet (right panels).
Energy

CWT has the analogous relation for eneglike Fourier transform - Parseval’s
theorem [71],

E= j|f(t)| dt——TT —|CWT, (sr)|* dsd, 4.35

—00—00

whereCyis defined in Eq. 4.1.2.
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Time-frequency spectrum

Time-frequency spectrum, which is the result of reberm FFT, enables to
measure time-frequency changes in spectral companikrenables image @WTi(z,9)
too. Interpretation of time-frequency resolution ®WT is following: CWT represents
time-frequency decomposition realized by corretatid signalf(t) with basic functions
derived from the mother wavele(t). It is possible to use advantageously these time-
frequency changes and the localizing charactesigtic the classification, detection of
important points and processing of ECG signals.

In the Fig. 4.3.3 there is illustrated that goomhdi resolution implies poor
frequency resolution at high frequencies and gaeduency resolution implies poor
time resolution at low frequencies.

<@
S =
=
D
e
t
S,>S
\VS1,11 2 1 N /\ ’\\Vsz,rz
vy t
t-t, t-t,
Fig. 4.3.3 Time-frequency resolution interpretation
Time and frequency resolution of the wavelet isrosf as [71]
2 — 1 Ik 2 2
A%, =2 [E=t)e(t) dt, 43.6
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2 _
N,y =

&2 | @@V FT, (@) dw 437

wheret, andwg are centres of gravity of function&t) and its Fourier transforaT ,(c)
and energ{E

t, —%j () dt, w, _%%1 | FT, ()| dw. 4.3.8

Time and frequency width of shifted and scaled wetvéunction ¢ (t) is
defined as

1
A%,z/;s = SZA%://' Azwz/xs, _c_zAzw,z//' 439

<

ProductA%A?, can be considered as ratio of time-frequency uéiswl of the
wave.

Time and frequency resolution differs for varioypds of mother wavelets (Tab.
4.1). In ideal case the product of time and fregyeesolution of the waves converges
to theoretical minima\%A?,, which is equal to 0.5. And thus the choice of niather
wavelet depends mostly on the type of application.

Tab. 4.1 Time, frequency and time-frequency regmudf some waves [71].

Mother wavelet N% A%, Nt A%,
Morlet 0.7071 | 0.7081| 0.5007
Mexican Hat 1.080 0.4870 0.5261
Meyer 0.8418 | 0.9824| 0.8271
Symlet n.3 2.535 3.087 7.828
Daubechies n.3 2.535 3.087 7.828
Symlet n.8 7.511 1.224 9.201
Coiflet n.5 9.991 0.9881| 9.873
Coiflet n.2 5.512 1.877 10.35
Daubechies n.10 9.545 1.153 11.01
Biorthogonal n.6-8 8.507 1.308 11.13
Biorthogonal n.5-5 5.516 2.195 12.11
Daubechies n.2 1.540 9.424 14.51
Symlet n.2 1.540 9.424 14.51
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Mother wavelet 0% 0%, 0%t A%,

Biorthogonal n.3-9 9.508 1.553 14.77
Biorthogonal n.4-4 4,515 3.276 14.79
Coiflet n.1 2.521 8.611 21.71
Biorthogonal n.3-7 7.511 3.490 26.21
Haar 0.5775| 130.6 75.44
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5 ECG SIGNAL CHARACTERISTICS

5.1 Electrophysiology of the heart

An electrocardiogram (ECG) is a recording of eleatractivity of the heart in
time. An ECG signal contains worth medical diagimostformation on the normal and
pathological physiology of the heart activity. # simple non-invasive techniques in
daily routine medical practice. The mechanicahaigtiof the heart is connected with its
electrical activity. Electrical activity of the heaan be registered as changes of voltage
on the surface of the body as summation of eledtactivity of all heart cells. The time
axis is usually in the order of milliseconds ane potential axis in millivolts.

5.1.1 Electrocardiographic leads

The places where we measure electrical activitghef heart are standardized.
Common electrocardiographic recordings are takemffl2 leads, which are divided
into three groups:

Einthoven's bipolar limb leads (standard leads)

Using bipolar method difference of potentials betwéwno electrodes is measured.
Electrodes are placed on both upper and left lokveb, it creates triangle called
Einthoven triangle. It is signed with roman numbkrf and lll, as explained in Fig.
5.1.1. ¢ electrode registers positive value, if the differe is positive,— electrode
registers if the difference is negative) [85].

+ +

Fig. 5.1.1 Leads I, II, III.
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Goldberger's augmented unipolar limb leads

These leads had primary indifferent zero electrodated by connection of all
three electrodes through resistance of 5 kiloomtwsgentral clip and active electrode at
given limb (the same like precordial leads by Whlsdr his connection was modified by
Goldberger. The limb is disconnected from centi@tteode and connected concurrently
with the measuring electrode. A central clip doed have zero potential and the
amplitude of the record is increased. Leads adedaVR, aVvL, aVF (letter a means
amplified), its organization is in the Fig. 5.185].

Fig. 5.1.2 Leads aVR, aVL, aVF.

Wilson's unipolar precordial leads by Wilson

Limb leads present electrical activity of the hearfrontal projection and unipolar
pectoral leads present electrical activity in aizartal plain. It creates together three-
dimensional imagination about the electrical fiefdhe heart. A reference electrode is
created by connection of three limb leads througgistance of 5 kiloohms and active
electrode is placed on one of the six specifietiisan the chest (Fig. 5.1.3). Electrodes
are called V1-V6 and their organization is beloval§T5.1) [85].

Tab. 5.1 Organization of electrodes V1-V6 [85].

Lead | Active electrode Ziﬁ:ggge
V1 4. intercostal space parasternal on the right Istis clip
V2 4. intercostal space parasternal on the left sWvils clip
V3 Between V2 and V4 Wilson’s clip
\Z! 5. intercostal space medioclavicularly on tHe le Wilson’s clip
V5 Between V4 and V6 Wilson’s clip
V6 5. intercostal space in the medial axillargelion the left Wilson’s clip
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Fig. 5.1.3 Leads V1-V6 [85].

5.1.2 Electrocardiography

Typical ECG signal from IlI. bipolar limb lead is mleted in Fig. 5.1.4. We can
recognize waves P, T, U (waves are rounded deflestivith lower amplitude) and
oscillations Q, R, S (thin and sharp deflectionBjstances between waves and
oscillations create segments (for example P-Q segfmem the end of P wave to the
beginning of QRS complex), segments together witlives create intervals (for
example P-Q interval is from the beginning of thaver P to the beginning of QRS).
The first negative deflection in QRS is called @stfpositive deflection is called R.
Following negative deflection is S. Other deflen8ohave apostrophe, positive have
symbol R, R”, etc., negative S”, S, etc. Deiters which are higher than 0.5 mV
have capital letters and lower have small lettetg. |

PQ ST
Segments - € [ <¢—P
PR

1 ] 1

4 N O

1 1 1 1

1 ] 1

1 1 1 1

1mV 11 1 1
1 1 1 1

1 ] 1

1 1 1 1

11 ] 1

1 1 1 1

11 ] 1

1 1 1 1

i ]

1

v i

1

4P B

Intervals

Fig. 5.1.4 Electrocardiograph.
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Origin of the electrocardiograph

We can summarize principles of the origin of elecairdiograph into 4 basic
points:

1. Electrical field of the heart is build by sumimation of many elementary
electrical fields from each myocardial fibre duriagtion potential. When the wave of
depolarization goes through myocardial fibre, itl®e have the opposite charge and
create the dipole [85].

2. Each irritated myocardial fibre is like the dipavith own orientation and size
of elementary electric field, number of these eletas fields are summarized at each
moment into one resultant field, which we can cbi@m@ze with immediate vector of the
electrical field of the heart [85].

vector
1 1
— L : > +

ECG lead deflection

S A\
ECG lead deflection
vector

l

— > +
ECG lead deflection
vector
ﬂ_

- > +
ECG lead \/ deflection
vector

— i N
ECG lead \/ deflection

Fig. 5.1.5 Orientation of the immediate vector.
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3. The amplitude of the deflection measured in $igeelectrocardiographic lead
depends on the size of immediate vector and itsntation towards this lead (Fig.
5.1.5). Unipolar leads have a simple rule - whea wmave of depolarization goes
towards the electrode, there is registered a pesitieflection. When it leaves the
electrode, it registers negative deflection. Fqootarisation there is opposite rule, it
means, positive deflection is registered, when wWeave of repolarisation has the
direction from electrode. It is negative, wheniredts towards the electrode [85].

Progress in time of changes of position and lemgftimmediate vector during
heart cycle can help us to understand all configanmaf electrocardiograph.

P-wave

The impulse passes from sinoatrial node and theevef\depolarization spreads
into the muscles of atria. The direction of theutt#sg immediate vector is down and on
the left, amplitude is relatively small, because #all of the atria is thin and contains
little musculature. On ECG is written P-wave - FdlL.6.

PQ-segment

When the wave of depolarization comes to atriovemtr node, it is delayed.
Impulse spreads slowly because of structure obwantricular node, it is the slowest
part of the all myocardium. This delay separatessystole of the atria from systole of
the ventricle. On ECG the isoelectric line of P@rsent is written - Fig. 5.1.6.

QRS-complex

The impulse goes after the delay into atrioventaicmode through a bundle of
His and Tawara’s branches to the myocardium ofwetgricular septum and causes its
depolarization from the left ventricle to the righgntricle. Immediate vector is down
and on the right (in the I. and Il. lead negatiedlettion Q is written, in the Ill. lead -
positive deflection R - Fig. 5.1.7 (left upper pBpheThen the impulse causes
depolarization of myocardium in area of the heaihf the immediate vector is down
and rotated on the left (in the all bipolar leadsipve deflection R is written - Fig.
5.1.7 (right upper panel)). The wave of depolaraat continues through the
musculature of ventricle from the endocardium (ihside of the heart) to the
epicardium (outside the heart), the direct of immaedvector is to the left, mainly
because of depolarization of myocardium of maskgfteventricle [85].
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Fig. 5.1.6 Creation of the P wave and PQ segment.

P wave is above and PQ segment is below; roman ensnalenote bipolar
limb leads.

ST-segment

When the depolarization is spread in all ventrickee electrical activity of the
heart is zero for short time (heart fibres arehm phase plateau, have the same potential
and the currents do not flow anywhere). On ECGdbelectric ST-segment is drawn.
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T-wave

After the phase plateau the repolarisation of weletrmyocardium begins, it
proceeds from the epicardium to the endocardiummrBarizing vector has the direction
from the endocardium to the epicardium the samealemlarization, because it is
opposite electrical process to depolarization. @GET-wave during repolarisation is
drawn - Fig. 5.1.7 (right lower panel) [85].

200 400 600

Fig. 5.1.7 Creation of QRS complex and T-wave.

Depolarization of the septum (left upper panelpalarization of the point
(right upper panel), depolarization of the baseeftricles (left lower panel )
and creation of T-wave (right lower panel).

Sometimes there is U-wave after the T wave, it glaan wave with no clear
origin. It is caused rather by repolarisation offkfye network, which has a longer
phase plateau than surrounding myocardium.

By this way we can explain configuration of ECG éach lead. Tab. 5.2
recapitulates the origin of each wave and deflectiod their duration.
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Tab. 5.2 Origin of waves, deflections and theiradion [34].

Segment Origin Duration

Wave P Depolarization of atria 0.08-0.10 sec

Complex QRS Depolarization of ventricles 0.06-0s20

Wave T Repolarisation of ventricles (repolarisatidratria | 0.20 sec for heart frequency
is hidden in QRS complex) 70 beats/min

The most important intervals for practice are P@swval and QT-interval.

PQ-interval

PQ-interval is a pointer of atrium-ventricle tragrsénd takes 0.12-0.2 sec.

QT-interval

The QT interval (see Fig. 5.1.8) is a segment oE&G signal limited by the
onset of a QRS complex and the end of a T wauwepitesents a time period between
the start of ventricular depolarization and the efdentricular repolarisation of the
heart cycle. QT can be used to determine on thihhehthe patient, and detect any
potential abnormalities. Its value is also a goodidator of long QT syndrome. It
should be between 0.33 and 0.44 seconds for a hawtoé (its length depends on the
heart frequency, for 70 beats per second its durasi about 0.4 sec, for each 10 beats
plus per second it is shorter by 0.02 sec, for décheats minus per second than 70 it is
longer by 0.03 sec). A QT interval prolongation ADsec is a marker of myocardial
electrical instability and is associated with sysiddity to ventricular arrhythmia,
syncope and sudden death.

QT interval has an inverse relationship to the theate and it is routinely
normalized into a heart rate independent “corréctatle known as the QTc interval.
The QTc interval should represent the QT interiaa atandardized heart rate of 60
bpm. Various correction formulas have been sugdeasidusive the most widely used
Bazett's and Fridericia’s formulas [5].
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QT interval

T

Fig. 5.1.8 QT interval.

Each wave has certain frequency content therefpeetisal content of ECG is
documented in Fig. 5.1.9 below.
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Fig. 5.1.9 Power frequency spectrum of ECG anddtaponents [3].
(Computed on the base of 150 heart cycles.)

5.2 MIT-BIH Arrhythmia Database

MIT-BIH Arrhythmia Database [65] came into existenan 1980 as a first
generally available collection of standard tesialg (that are used in evaluating of
detectors of arrhythmias), it has appeared at €asi@s throughout the entire world
since it has become publicly available. Apart framhythmia detectors evaluation, the
database has also been helpful in the basic studgrdiac dynamics. Moreover, MIT-
BIH Arrhythmia Database has become a worldwidedztesh
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Fig. 5.2.1 Signal from MIT-BIH Arrhythmia Databafg5].

In MIT-BIH Arrhythmia Database, there are 48 twanhel ambulatory records;
these recordings are a little bit more than 30 meimuong. All these ECG recordings
were made on 47 subjects who were studied by tHeABthythmia Laboratory between
1975 and 1979. There were 25 men and 22 women athesg patients. The men were
32 to 89 years old, the women were 23 to 89 yddrgecordings no. 201 and 202 were
made on an identical male person. The databasedex!23 recordings that were
selected randomly from a collection of 4000 recardsasured on 24-hour ambulatory
patients; these recordings are labelled no. 106otol124 (however, several recording
numbers are missing). About 60 percent of recosliwgre obtained from inpatients
and ca 40 percent from outpatients. The rest ofeberdings (25 records labelled no.
200 to 234, several numbers missing) was chosen flee same collection of ECG
recordings to preserve a collection of rare clilydanportant phenomena that could not
be well-represented in any small set of random $awifrecordings. In the total amount
of 48 ECG recordings, there are 4 recordings wéitep beats [65].

The first part of the database includes sampleswide range of waveforms and
artefacts that an arrhythmia detectors might faceutine clinical practise. Records in
the second part of the database include samplds séteral types of complex
arrhythmias: ventricular, junctional, and supravientar, anomalies in conduction,
variations of QRS morphology and signal quality,ichhmay cause difficulties to
arrhythmia detectors and are usually well known amgopular by database users [65].

The upper signal is in the most cases a modifiat lead Il (MLII) measured by
placing the electrodes on a patient's chest (tliddg equivalent electrode is ideally
placed at the left iliac crest, and the right ampiealent electrode is ideally placed in
the infraclavicular fossa, medial to the bordethaf deltoid muscle and 2 cm below the
lower border of the clavicle). The lower signah@mally a lead V1; however, there are
several instances of V2, V5, and V4. Digitalizatminthe records was made at 360 Hz,
the resolution was 11 bits over the range of 10 EB&h recording was supplied with
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notes; in each process of annotation, there wehiad two or more cardiologists who
were working independently and annotated it bedbdat. In the MIT-BIH Arrhythmia
Database, there are about 110,000 annotationk[&5hl

To specify an ECG recording, a header file (a pbig text), data file (binary file)
and an annotated file (a binary file as well) weteoduced. In each file, there is stored
a particular kind of information - header files cheterize the patient's age, sex and
treatment. Reference annotation files include dietson and classification of particular
beats, their rhythm, and characterization of thaliuof the measured signal. The
database can be found on the website of the PhgsloBrchive [104]. In the directory,
there are records having the same file name arfdrelit suffix of file type: .atr
(annotated files), .dat (data files), or .hea (leedites).

5.3 The QT Database

This database [55] offers ECG signals with a widage of QRS and ST-T
morphologies. Its main objective is to challenge @efection algorithms and provide
real-life variability. The QT Database includesraz# from other ECG databases, such
as recordings available in the MIT-BIH Arrhythmiaafabase [65] discussed above.
Furthermore, the QT Database offers data from threfiean Society of Cardiology ST-
T Database [89] and signals from some other daggbaiSECG signals obtained by the
Boston's Beth Israel Deaconess Medical Centre. tA# entries are very well
characterized by a thorough definition and refeeemaonotations which specify the
waveform boundary position. In addition, the cdilee includes some extreme cardiac
(patho)physiology data; these are the Holter dat@asured and recorded on patients
who experienced sudden cardiac death during therdiegs and patients matched
according to their age and gender who were nondisgd with any heart disease [55].

In the QT Database, there are 105 of two chann@ Eignals, each of them is 15
minutes long. These ECG signals were chosen inrdoderevent extensive baseline
wander or other artefacts. For sources which wessl dor the database see Tab. 5.3
which follows.

Tab. 5.3 Distribution of all 105 records accordinghe original
Database [55].

MIT-BIH MIT-BIH MIT-BIH MIT-BIH ESC MIT-BIH Sudden
Arrhyt. ST DB Sup. Vent. | Long Term STT NSR DB Death
15 6 13 4 33 10 24

In each recording, cardiologists supplied by hangtwben 30 and 100
characteristic beats with annotations. The anrmitatidescribe several features of a
signal including: the P-wave, the QRS-complex @ave), the T-wave, and the U-
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wave. To be more specific, in the annotations vetr@acterized the beginning, peak
and end of the P-wave, the beginning and end offR&-complex, (the QRS fiducial
mark, typically at the R-wave peak, was given byaatomated QRS detector), the peak
and end of the T-wave, and (if present) the peak amd of the U-wave. In the
annotation process, there were annotated only “aliriveats. The annotation of the
beats was realized purely in the final stage ohesgnal, i.e. within the last 5 minutes,
which gave the analysis algorithms 10 minutesdarding. The cardiologists annotated
3622 beats altogether. All the annotations weresagisently thoroughly checked in
order to eliminate gross errors. Although the megosition of each annotation was left
to the judgment of the expert annotators. QT Databmurrently offers 11 recordings
with two collections of professional annotationsisthwere annotated independently
and 94 recordings with one set of expert annotati®gnals were sampled by 250 Hz
[55].
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6 MCSHARRY’'S DYNAMICAL MODEL FOR
GENERATING SYNTHETIC ELECTROCARDIOGRAM
SIGNALS

Scientists have tried to develop a mathematicalahoflsynthetic ECG signal for
a long time. They were attempting to produce andGEynal with a wide range of
waveforms, power spectra and variable heart ray@amical model characterized by
three sets of ordinary differential equations waisoduced in [62], which is able to
generate realistic synthetic electrocardiogram (ESI@hals.

The model creates a three-dimensional state-spage ¢see Fig. 6.1); the curve
is defined by three coordinates:y, andz. The ECG heartbeat is projected onto a unit
radius cycle in a plane defined kyy coordinates, where= 0. Each circular movement
on the circle equals to a single RR-interval (cartigeat). The fact that RR-intervals are
variable may be supported by changes in anguladsf&2].

Fig. 6.1 Typical example of the curve generatethieydynamical model [62]
in the 3-D space given by x, y, z.
Positions of the P, Q, R, S, and T waves are maoldditers.

Distinctive points on the ECG curve, such as PRQS, and T, (PQRST) are
characterized by events which correspond to negand positive deflections in tlze
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direction. These events are located at fixed angfledq, 0r, s, andfy along the unit
circle. During these significant waves the trajegts deflected from the unit circle
upwards or downwards and returned back [62].

Amplitude [-]

S

1 I I I
0 50 100 150 200 250
Samples

Fig. 6.2 Morphology of one modelled heart beat.

The dynamical equations which describe the trajgctare defined by the
following three ordinary differential equations [62

X=ax—awy
y=ay+ax
(-mjz) 53.1
z=- Yahfe™ -(z-%)
i{P.Q,R,ST}

where a =1-x*+y*, A8 =(6-6)mod2r, 6=atan2(y,x)(the four quadrant

arctangent of real parts gfandy, -t < atan2y¢,x) <= ) andw is the angular velocity of

the trajectory which is moving around the limit &/clin addition, baseline drift can be
added by the baseline valug defined in the equationz,(t) = Asin@27ft with

respiratory frequencly whereA = 0.15 mV [62].

Authors in [62] used visual analysis of ECG evenitsypical ECG waveform
from a normal healthy subject for proposed valugsime positions (angle$;) and
values ofa; andb; for the PQRST points as shown in Tab. 6.1, whieneg and angles
were defined relative to the position of the R-peak
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Tab. 6.1 General parameters of the ECG model divesguation 5.3.1 [62].

Index (i) P Q R S T
Time (secs) -0.2 -0.05 0 0.05 0.3
p 1 1 0 1 1

. - - T T
3 12 12 2
a 1.2 -5.0 30.0 -75 0.75
o 0.25 0.1 0.1 0.1 0.4

An illustration of the trajectory defined by the uagion (5.3.1) in three-
dimensional space can be found in Fig. 6.1; theashtheP, Q, R, S, Twaves that
precess around the unit circle set in the plansméefbyx, y. The variablez set in the
three-dimensional space depicts an authentic @alifECG (Fig. 6.2). The similarity
between the synthetic ECG without additional n@sd the real ECG is illustrated in
the comparison of Fig. 6.2 with Fig. 6.3.

Amplitude [-]

150 200 250
Samples

Fig. 6.3 Morphology of an ECG heart beat recordecthfa normal human.
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7/ AIMS OF THE DISSERTATION

The main objective of the thesis is to design,izeahnd verify algorithms for
analysis of electrocardiogram signals. The worloliented on delineation in ECG
signals and classification in analysis of arrhythnsignals. These two tasks are
important in many situations from ambulant ECG eixations to intensive care
monitoring.

Based on our previous experience and results, raonis wavelet transform,
McSharry’s model, and artificial neural networksreveised in the work. Their selection
was not random - combination of methods resulthigh efficiency detections and
classifications. Algorithms are to be implementedMatlab and tested on standard
libraries of ECG signals for objective comparison.

The proposed thesis framework sets the followisgaech goals:

1. A comprehensive review of the state of the drtE€G detection and
classification methodology.

2. R peak detection and QT interval measurement.

3. McSharry’s modelling of ECG signals to providsadimination parameters
for arrhythmia analysis.

4. Classification of arrhythmias using artificia¢ural networks with McSharry’s
model parameters.

5. Realization and verification of the developegbathms. Results evaluation.
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8 ECG ANALYSIS

8.1 Detection of QRS complex

For the detection of QRS complex [50], input datarevtransformed by
continuous wavelet transform (CWT)

CWT(s,7) =% jw(t%j f(t)at, 8.1.1

wheres is a scale and is a time shift. Time-scale spectrum enables tosoreatime-
frequency changes in the analysed signal with icetiame- and frequency resolution.
Interpretation of a time-frequency resolution by TW following: CWT represents
time-frequency decomposition realized by correlaid signalf(t) with basic functions
derived from the mother wavelgtt).

The transform is documented in Fig. 8.1.1 (b). @oifunction was used as the
mother wavelety. QRS detector is not so sensitive to chosen ¢ofgbe wavelet, but
Coiflet function produced best results during tegtiScales were chosen within an
interval of <1; 32>.

Amplitude [-]
Scale [-]

4l L L L L L L L L L
0 50 100 150 200 250 300 350 400 450 500 150 200 250 300 350

Samples [-] Samples [-]

Fig. 8.1.1 Continuous wavelet transform of ECG.
(a) Raw ECG data, (b) CWT.
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The image oWT,udS, 7) can be simplified by taking a z-axis slice foclasen
valueL[<0; 1>. Thus, contour imag€, is created (Fig. 8.1.2 (b))

we(ST)O(L—& L+¢)

C T)=
(s7) 0 if otherwise

1 if WT
8.1.2

whereeg is a small value.

Scale []

a0 100 160 200 280
Samples [-]

Fig. 8.1.2 Continuous wavelet contour image.
(a) CWT with Coiflet wavelet, (b) corresponding tmur imageC, .

Only that part of the contour, which is the closestthe highest frequency, is
considered. Such a contour is called a contourlepg&C and is defined as

EC(r)= min )¢O[s]

s3S, C, (s,7

8.1.3

for all 7's.

The contour envelopEC is a 1D function, which is processed by clasdiicaé-
domain processing algorithms. An example of theaamenvelope is in Fig. 8.1(®).
QRS-complex is easy to distinguish from the T-wamd other components EC as a
local maximum of the contour envelopé&C is finally filtered by a low-pass Lynn's
filter for the better performance.
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Fig. 8.1.3 Detection of QRS-complex.
(a) Raw ECG data, (b) contour envelope, (c) fillerentour envelope.

8.2 QT delineation

8.2.1 Introduction

QT interval is difficult to measure with sufficiergrecision. First, there is
imperfection in the T-wave end identification besawf lacking understanding of the
recovery process and its projection on the bodfasar The end of T-wave may not be
recognizable at all due to missing inflexion poimsufficient change in slope of the
curve, or any other reliably detectable point. $ecdhere are variations both in the
onset of the QRS complex and the end of the T-veaweng ECG leads and QT values
depend on the leads selected for the measurement.

Therefore, measurements for the end of the T-wexveféen highly subjective and
the corresponding objective verification is diffitulECG signals can be labelled by
experts and manually checked, but it is inappropri@r long-term studies. Many
methods of QT interval detection have been pubtidiié],[25]. Usually, results from
more methods and more leads are used at the saraddr verification. We present
comparison of wavelet method and a template magaimiethod.
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8.2.2 Methods

In the first approach [49] the contour enveldp€ (Eq. 8.1.3) is used for the
detection of the R wave and Q by using time dora#gorithms.

The end of the T wave was found by searching flacal extremes in the ECG
signal transformed by a single experimentally choseale - scale 20 and Mexican Hat
wavelet, which is defined as second derivative hed Gaussian probability density
function. Mexican Hat wavelet function is definegthe following equation

W(t) =(% 77‘1"‘j(1—t2)e‘t2’2 8.2.1

and its shape is documented in Fig. 8.2.1 andntplitude spectrum in Fig. 8.2.2.
Mexican Hat wavelet had the best results for T wawve detection in comparison with
other wavelets (in Tab. 4.1) and it has one oflibst time-frequency resolution (see
Tab. 4.1).

Mexican hat wavelet

0.8r
0.61
0.4r

0.2r

-0.2r

-0.4

Fig. 8.2.1 Mexican Hat wavelet.

Searching for a local extreme consists of searcfongnodulus maximum pairs
and zero crossing in between. Searching for miromaaxima depends on the T wave
morphology, it is documented in the following figsr Algorithm includes protection
measures, based on time interval to reject anomaleflections in ECG signal.
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Amplitude spectrum of Mexican hat wavelet

150

100 -

amplitude [-]

50+ B

0 ] | |
5 10 15 20 25
frequency

Fig. 8.2.2 Mexican Hat wavelet and its amplitudecipum.
Horizontal axis: frequency in rad/sec.

Example of simulated ECG signal and its CWT isim B.2.3.

1500~ l‘. / -

1000 —

simulated ECG signal

500

Amplitude [-]

——

500~

-l
e

o 100 200 300 400 500 600 700 800 900
Samples

Fig. 8.2.3 CWT of ECG like simulated waves.
Scale 20 with Mexican hat wavelet (dashed line).

Examples of different T wave morphologies and theawvelet transform at scale
20 with Mexican hat wavelet are in the followingures. Black curve is ECG signal
and grey curve is CWT. Long vertical lines show nid ennotations while horizontal
line is zero level and rectangles denote CWT malaoiaximums pairs.
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Fig. 8.2.4 Positive T wave.
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Fig. 8.2.5 Positive T wave.
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Fig. 8.2.6 Negative T wave.
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Fig. 8.2.7 Biphasic T wave.
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Fig. 8.2.8 T wave with low SNR.

In the second template matching (TM) approach {6¢ operator defines the

template QT interval by selecting the beginninghaf QRS complex and the end of the
T wave in one heart cycle (Fig. 8.2.9 (a)).

amplitude [-]

0.8

hatnaanapan A

i i i | i i i I _ | i | 1 |
il 00 150 |20 260 810 30 400 480 i] A0 40 & =@ 100 120 140 160 180 200
samples [-]

Fig. 8.2.9 Template matching.
(a) Selection of template boundaries by operatrigmplate matching.

The algorithm then determines the QT interval bb#ier beats by matching them

to the template. It calculates the sum of squarkerences between template and entire
stretched or compressed T wave (Fig. 8.2.9 (b)e @lgorithm uses only the ST
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segment and T wave. Blanking period behind R wa®@ ms and signal amplitudes are
normalized. Each R wave is detected with an autednaeak detection algorithm
(proposed wavelet method in Chapter 8.1).

If the operator selects the end of the templateaVenearlier or later after the true
end, all computed QT intervals will have stableseffbut the beat-to-bewaariability
will be relatively unaffected.

The third compared method developed by ASCR emplbygs least square
optimized time shift of the regression model (RM9], see Fig. 8.2.10. The thick black
curve x(t) represents the regression model of T-wave (skedcakgression T-wave)
computed as the average of selected segnsémtdight gray). The right limit of the
regression model and the end of the regressionveatathe same time is defined as the
point of intersection of the descending regres3iamave tangent and the mean level of
the foot - baseline line (end mark). The left linst given by the maximum of the
regression T-wave.

Fig. 8.2.10 T-wave end detection by the regressiodel method.
Two thousand heart beats drawn one over another.

The end of each T-wave is computed as the leasrsaqyptimized time shift

g(i) = [s(t) - x(t i) 8.2.2

of the regression model (black rectangle A in Bi¢.10.) in the region defined by the
visible time window (black rectangle B in Fig. 8.0).
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9 ARRHYTHMIA CLASSIFICATION BY ARTIFICIAL
NEURAL NETWORKS

9.1 Feature extraction

11

[ Classification by neural network }

o [ o T
Feature extraction
and pre-processing

HH .............. U

Input pattern

Fig. 9.1.1 Classification structure.

We tested McSharry's models ability to model arnyic signals for later
approach of using parameters of McSharry's models dlassification, because
classification of the waveforms on the basis ofuakies ofg, b;, and§ of McSharry's
model has not been explored in-depth. Pilot tesigate that the clustering of normal
beats in this 30-dimensional space could allow isejm between beat types (and even
artefacts).

9.1.1 Pre-processing of signals

Input data were filtered before further analysislUyn’s filter that posses an
advantage of linear-phase characteristics and y siemple computational structure.
Main goal of the filtration is subtracting of basel drift under 2 Hz see Fig. 9.1.2. The
frequency components of the baseline wander arallysaelow 0.5 Hz but, in case of
stress test, this limit can be higher. Therefonatlfrequency was benevolently set to
2Hz.
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Fig. 9.1.2 Filtering of signal 223 by Lynn’s filter

Original signal with baseline drift, low-pass fileel baseline drift and signal
after baseline subtraction.

Multiple bandpass Lynn’s filter transfer functio i

1 %—z‘p'\‘
H z)=— :
wer (2) N N-2° 9.1.1

whereN andp are integer coefficients.

It has p equidistantly spaced pass bands. For one pass Wwanget low-pass filter

transfer function
1 1-zN
Hip (2) :ﬁg(l—)l_ ) 9.1.2

Necessary change of filter type, from the bandpas$ise bandstop filter (from low-pass
to highpass), can be achieved by subtracting outgfuthe bandpass filter from
conveniently delayed input signal.
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H(2)=2"-H (2, 9.1.3

=(N-Dp
= 9.1.4

Block diagram of the filter is in Fig. 9.1.3.

INPUT OUTPUT

Lowpass Lowpass
filter filter

Delay

Fig. 9.1.3 Block diagram of filter.

CoefficientN (order of the filter) is then obtained from samglfp, and limit frequency
fm of the lowpasélter

- \74 360
=1 T ~180, 9.1.5
Final equation of low-pass filter from (9.1.1) is
1 _ Z—N 1 _ Z—180 1 2180 _1
H,:(2=— = = E .
(2 N [(‘11_ Z—l) 180D}1— Z—l) 180 7% — #17° 9.1.6

Improvement of filter characteristics can be oledirby 2 low-pass filters in series.
Delay of this system is then:

_2[(N-1) _ 2179

T =179 samples.
> 2 Y 9.1.7

Final equation of the system is

1 #180 _ 1 9.1.8

H(2) = 7" - 18C 7180 — ;179"
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Result after filtration is depicted in Fig. 9.1.2.

9.1.2 Model of ECG

We used general model [62], which was applied t&EQobdel generation, blood
pressure and respiratory waveforms already destribeChapter 6; this model is
characterized by Gaussian functions describing &6 waveform (PQRST) by three
parameters: an amplitude, width, and phase. Védef#ection of the ECGz, from the
isoelectric line (az = 0) is expressed by the following ordinary differahtequation
[62]

_Aglz
2(a.h,6) == Yahge ™ 9.1.9
i{P.Q,R,ST}

where g is an amplitudeb; width, phaseg=27;, 46, = (6 — 6) relative phase(or
relative position with respect to the R-peak). # wontinue with numerical integration
of the above-mentioned differential equation by application of the parameteas b;
andé;, the well-known ECG waveform appears (Fig. 6.&JeAanalytical integration of
the equation 9.1.9 we have the following result

_Aglz

(—3)
2(a,b.,8) = Y 2anfe ™ . 9.1.10
i{P,Q,R,S,T}

We intend to adjust this ECG model to the ECG dig(taby minimization of the
squared error betweerandz. Therefore, we seek minimal error

. _ _ 2
min =[s(t) - (1), 9.1.11

over all teni.

The solution to the equation 9.1.10 may be founohgusan 30-dimensional
nonlinear gradient descent [31] on the parametacesften Gaussian three-parameter
functions). Matlab function Isgnonlin.m was usedr faonlinear least-squares
optimization. We can average beats centred on fRgieaks (Fig. 9.1.4) to minimize
the search space for fitting the parameterskf, and#,) and reduce the noise. The
template window length is not important, as longahshe PQRST features remain in
the window and does not expand into the next li&aats which are too far from the
reference beat can be removed if the linear cros®lation coefficient calculated
between each beat and the template is less th&n 0.9
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1250

Fig. 9.1.4 ECG beats triggered to R wave for avierag

Initials positionsd; and amplitudes; of the waveforms were obtained by using
linear approximation and line segment clusterirfpméque [81] described below.

Linear Approximation Distance Thresholding Method LADT)

LADT method is an automatic clustering method [8ddsed on the distances
between the approximating line and approximatedadigoints. The method is used as
a noise reduction pre-processor. The results cavide input information for the line
segment clustering. Distance threshold was set.1o We used fixed length of the
segment of 15 points (depending on the sampling).r&rocedure starts with the
segment from the beginning of the ECG signal arnidrdenes start and end point of the
segment and calculates linear equation between (kégn 9.1.5). Distance between
segment of data and linear equation is calculdfieckimum of all distances is found. If
maximum distance is larger than threshold, thisreed is considered as significant, we
save start point, end point and maximum distandet @nd ignore the other points. If
maximum distance is smaller than threshold, thignmsmt is not considered as
important, we save only start point and end poimdl &nore other points. Whole
algorithm is repeated until the end of the sigeakiached.

- 72 -



METHODS FOR DETECTION AND CLASSIFICATION IN ECG ANA LYSIS

IXG N, AN /7 X(i+K) X(i+m)
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Fig. 9.1.5 The LADT method.

A'is the start point anB is the end point of the signal segmeltis the
maximum distance between the approximafijine and the original signal
(dashed line)k is the maximum distance position. If the maximustahce is

below the threshold value, the original signakiglaced by thé&B line.

1.2r
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Fig. 9.1.6 Example of LADT technique on ECG.

Black solid line - noise ECG, dashed grey line pragimated signal, which
is smoother.

Upon this procedure, the noise can be eliminatetlmost important message is

extracted (Fig. 9.1.6). This method was followedlibg segment clustering technique
described below.
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Line Segment Clustering (LSC) technique:

LSC technique is a clustering method [81], basedhenline area of the signal.
Clustering threshold which depends on how many mapb segments in signal we want
to preserve was set to 11. Every 3 neighbouring TARtracted points are linked and
forms triangle. Area of those triangles is calcedisnd minimum is found. Middle point
of minimum area is removed from data points seesEhsteps are repeated until the
number of segments is smaller than threshold (gEp®H.7).

Step 1

original
wiavefarm

Step 2

Step 3

Final
wianveform

Step 4

c) {b)

Fig. 9.1.7 The LSC method.
(a) The original wave form; (b) LSC technique stgp¥the final waveform.

After preceding procedure the significant pointsE@G signals, represented by
line segments, are obtained (Fig. 9.1.7, Fig. 9.1Mumber of segments was
experimentally set to 11. Line points are usedrstsal positions ¢;), amplitude of
signal on these positions asand widthof triangles ady of the Gaussian functions of
the model. Due to noise interference, the positminthe break points are not accurate.
It is eliminated during nonlinear fitting of the o to real ECG. By combination of
these known methods we will receive 30 input patanse for neural network
classification.
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_04 Il Il I I I
0 50 100 150 200 250

Samples [-]

Fig. 9.1.8 Example of LSC technique on ECG.

The solid line is the original wave form and theltad lines with border
points are segmented with LSC.

Similarity measures

Here is a question, how to really evaluate the @oyuof the model. We can
measure distandg of two sequencesandy

n

dy, (6 y) = 2" lylk) = x(k) - 9.1.12

k=1

We can use Euclidean distancd_gdefined by

d,, (x.y) =J > (k)= x(k))* . 9.1.13

k=1

The Euclidean distande; is not one of the best measures. The distancesein th
sequences are squared before summation and itspigeat weight on those elements
for which the dissimilarity is large. Commonly usedrmalized correlation is defined

by
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—~
~

S—

N—

n
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9.1.14

k=:

-

o N

i x(K) .

k=1

where'y :12 y(k), x=
n

k=1

The Haar representation can be appropriate for adsgn purposes when
absolute values of time series (and local slope)ralevant. In many applications is
more suitable to work with value independent, sdal@ariant representation. Time-
frequency changes in ECG are hidden for similanigasurements discussed above. We
can use number of different representations deifreed e.g. Haar decomposition WT.

Distance evaluation with Haar representation meaguoorrelation between the
components,” andcy"’I of two respective time seri@andy can be defined as [87]

C(xy)= w.C, W C, 8 s

9.1.15
where 9, ;,, =1 if i=k and j=I

and the (optional) weightsy and wy depend on their respective scalesnd k.
Normalization is necessary in order to restrict¢baelation product between [0,1] and
will simply take form of

C(x,y)

Cnormalis.ed(x' y) = W ) 9.1.16

Finally we can measure distance of two represamsiteasily as

DistanCéX, y) = _Iogqcnormalised(x’ yX) 9.1.17

We can use other standard parameter - mean sograoeMSE)

i=1

MSE= E{z (x() - y(i))z} 9.1.18
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The relative mean squared error

> (x) - ()
MSE, == 5 9.1.19
> (xM)

i=1

or signal noise ratio (SNR)

SNR=100log ( (ngr:aer?jf)f))z j 9.1.20

and use them also for wavelet decomposition.

We have possibility of weighting due to the impade of different parts of ECG,
for example weighted SNR

Signal Power (part1) + weight Signal Power (part 2) +
2

SNR e |-
Noise Power ( part 1) Noise Power ( part 2) j 9.1.21

=10 Oog [weight .

weighted

For the purpose of ECG models evaluation we promosthod of local error -
measuring of distande; in the area of points of the line segments LSCilfasarea of
the most important features).

9.2 Comparison of training algorithms

It is not easy to choose which training algorithnill viee faster for certain
application. It depends on many factors and tygespplication. Some algorithms are
suitable for recognition and another for approxiorat Therefore we tested different
algorithms for our application. Results are sumasatiin Tab. 9.1.

Tests were executed on personal computer with psocdstel Pentium 4 CPU
2.6 GHz and with 512 MB RAM. Topology of trained wetk contained 30 input
neurons, 30 neurons in the first hidden layer ahaidurons in the second hidden layer
and 1 output neuron (30-30-10-1). Activation fuantiin input layer was hyperbolic
tangent (tansig) and in hidden and output layemseid function (logsig). Training set
had 3690 beats of two categories (normal beat amchature ventricular contraction),
with 30 McSharry’'s input parameters. Training gohlhwean squared error was 0.01.
Network was trained five times for each algorithAverage result after five tests is
summarized in Tab. 9.1.

- 77 -



METHODS FOR DETECTION AND CLASSIFICATION IN ECG ANA LYSIS

We found as the best algorithm for our purposdieesibackpropagation RPROP
algorithm followed with Scaled Conjugate GradienacBpropagation (CGBP) or
Powell-Beale (CGBP), because of speed of conveegdfietcher-Powell (CGBP) and
Variable Learning Rate algorithm did not convergerm 6000 learning epochs.

Tab. 9.1 Comparison of training algorithms.

Function | Algorithm Time(sec) | Epochs
trainrp Resilient BPG (RPROP) 228 241
traincgp Polak-Ribiére (CGBP) 1378 628
traincgb Powell-Beale (CGBP) 795 328
trainscg Scaled (CGBP) 571 297

traincgf Fletcher-Powell (CGBP) -

traingdx Variable Learning Rate -

trainoss One-Step-Secant 966 581
trainim Levenberg-Marquardt (LM) 944 23
trainbfg BFGS quasi-Newton 31108 4294

9.3 ANN classification of time series

ECG signals from MIT/BIH Arrhythmia Database weikefed by Lynn’s filter
(Chapter 9.1.1) and extracted 200 ms (72 sample®yd R peak and 355 ms (128
samples) behind R peak which is 200 samples fort868ampling frequency. We used
known multilayer perceptron network (MLP) mostlyedsor classification purposes for
distinguishing of normal beat and premature veulkaic contraction. A MLP network
has been adapted for the classification procedudeti@ined by the Scaled Conjugate
Gradient Backpropagation algorithm [37] due to famtvergence (Chapter 9.2). It was
designed with four layers: an input layer, two lEddayers, and an output layer (Fig.
9.3.1).
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L

Qutput Layer

.o ? +1 Bias

Hidden Layer

—
YWeights
Hidden Layer .
IY +1 Bias
Weights +1 Bias

Input Layer
—_—

Fig. 9.3.1 Structure of used neural network.

Neurons in the input layer act as buffers for disting the input signals to
neurons in the hidden layer. The backpropagatigorathm was performed for 200-
dimensional input vectors and one output for twatdee sets. Desired output (e.g.
normal beat, premature ventricular contraction)rapresented by the binary-coded
desired values 0, 1. The MLP was trained sevenakdi using different number of
hidden neurons until getting the best accuracy. rEselts of changing the number of
hidden neurons on the performance were evaluatetherbasis of a performance
improvement that was obtained when the number dddn neurons was increased to
50. However, no significant increase in the periamoe was observed for the higher
number of hidden neurons. Thus, the number of mdd®=urons was set to 50 in both
layers both in training and testing procedures.

Training set had 1000 N (normal) beats and 666 ¥enature ventricular
contraction) beats, 20 beats from nearly each kigma 60 beats from few of
complicated signals as 105, 108, 203 and 233. Agestesults are summarized in
Chapter 10.5

9.4 ANN classification of McSharry’s model
parameters

After McSharry’s modelling (Chapter 9.1.2) we obtd input parameters for
neural network training and classification. ECGéiseries from MIT/BIH Arrhythmia
Database were first filtered by Lynn’s filter (Chhep9.1.1), extracted as 100 samples
before R peak and 150 behind R peak and aftenthdelled by Gaussian functions.
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We used 10 Gaussian functions which are enough @ademdifferent ECG
morphology. They are described by 3 parameterssitipn, width and amplitude,
therefore we obtained 30 input parameters. We usenvn multilayer perceptron
mostly used for classification purposes. We classifwo types of beats - normal beats
and premature ventricular contractions. Trainingilient backpropagation algorithm
(RPROP) [74] was chosen due to fast convergendeaofing (Chapter 9.2). It was
designed with three layers: an input layer, oneléndlayer, and an output layer contrary
to raw time series (Fig. 9.3.1). The number of kidsheurons was set to 200 both in
training and testing procedures.

Training set had 3996 N beats and 2079 V beats,bHa@s from nearly each
signal and less beats from signals with smaller bemof beats in particular category.
Testing results are summarized in Chapter 10.6.
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10 EXPERIMENTS AND RESULTS

10.1 Detection of QRS complex

The method was implemented in MATLAB with WaveleidaSignal Processing
toolboxes. The algorithm was tested on 48 sigril®-234) from MIT-BIH Arrhythmia
library in full length (each approximately 30 miesgj. In total, 24 hours of signals were
analyzed with 99555 QRS-complexes. The averagectimteratio was 99.45%. The
lowest ratio was found in signal No. 207 (88.63%)hwarge periods of ventricular
fibrillation, where it was difficult to determinadividual QRS-complexes from chaotic
signal. 24 signals were analyzed with detectiororhigher than 99.9%. In 43 of 48
signals, detection ration exceed 99.0%.

This algorithm is relatively noise-resistant antust as it is documented in Fig.
10.1.1. On the upper panel, a signal No. 105 pemtedy the proposed algorithm is
depicted with stars marking detected QRS-complekies.lower panel shows the same
signal with original QRS-complex notation from MBIH database.

Processed signal
T T

1500 -

1000 -

500

o
T
I

1 1 1 1 1 1 1 1 1
4.405 4.41 4.415 4.42 4.425 4.43 4.435 4.44 4.445 4.45

Amplitude [-]

Signal from database

1500 -

1000 -

500

L L L L L L L L L |
4.405 4.41 4.415 4.42 4.425 4.43 4.435 4.44 4.445 4.45

Samples [-]

Fig. 10.1.1 Detection of QRS-complexes - signallib.

(a) The signal with the algorithm output, (b) tlaere signal with MIT-BIH
notation.
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The detection and delineation of QRS-complexes sloligh independence of
the algorithm on the type of the used wavelet. Heaxethe best performance for signals
with noise and artefacts was obtained for Coifletd/elet. We tested most of common
wavelets: Haar wave, Symlet, Daubechies, MorledytBogonal waves but with Coiflet
wavelet we received the best detection accuracycantbur envelope which was easily
analysed in time domain. The detection accuracgmsparable to the recently published
results.

10.2 QT delineation

The CWT and TM methods were implemented in MATLABvieonment with
Wavelet and Signal Processing toolboxes. The methaae tested on 19 signals from
healthy probands with following parameters (500 &4,6-bit AD converter, 5 minutes
in supine position, 15 minutes in 75 degree tiliniButes in supine, paced breathing 6
per minute (0.1 Hz)). Data were collected at theldiernal Department, Saint Anne’s
University Hospital, Brno, Czech Republic [49].

10.2.1 Comparison of CWT versus TM

The comparison of these methods had similar resiilis documented in Fig.
10.2.1, Fig. 10.2.2ndFig. 10.2.3for different patients from testing set.

385

T T T T
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heart beats

Fig. 10.2.1 Comparison of QT trends between CWT &vid.
Upper curve - CWT method, lower curve - templatéhod.
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Fig. 10.2.2 Comparison of QT trends between CWT EvdI.
Upper curve - CWT method, lower curve - templatehod.

420

400 —

L |
380 Mmooy S

4|
ih

o] \

Wi
‘ | Wﬂ
u I |
'MPUI\JM‘P N “ (‘\“
‘1 | W N fﬁ‘\/‘“ﬁv I J‘hﬂ'\w‘q ,JU[I‘JLWWUM\WP ‘IMP‘JM ‘M‘Wl/ﬂ/\%r V\W’ m

340 ‘ -

320 - —

300

L L L L L L L L
o 100 200 300 400 500 600 700 800 900
heart beats

Fig. 10.2.3 Comparison of QT trends between CWT EvdII.
Upper curve - CWT method, lower curve - templatehod.

The upper signal (black line) was processed bypttoposed wavelet algorithm
and the lower signal (grey line) with the templabatching method. The wavelet
method showed the same progress but slightly loErinterval. The progress of
template matching method was less smooth and tgieehdispersion for less quality
data (Fig. 10.2.3), but in comparison with waveligiorithm it does not incline to high
escaped values. Wavelet method is fully automakiereas template matching method
requires operator’s input.
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10.2.2 Comparison of CWT versus RM

The CWT algorithm for the detection of the QT intdrhas been developed in the
MATLAB environment using Wavelet Toolbox. Data wedgitized and methods
compared by ScopeWin ANNAlab ANS software developédnstitute of Scientific
Instruments, Brno, Czech Republic with their res{49].

882

RM

883 664

.

CWT

Fig. 10.2.4 Example of graphical inspection of d&td T-wave ends in a
segmented ECG signal.
R wave as trigger; black marks define T-wave endaled by the RM
method, grey mark T-wave end detected by the CWihode

trigger

Fig. 10.2.5 ECG re-segmentation, trigger: T-wave éetected by RM
method.
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The results of T-wave detection by the CWT and Rbthuds were compared by
QT time series analysis and by the multiple segatemt technique (Fig. 10.2.5). Time
series comparison of RM and CWT method showed dlnaentical results. Time
progress (trend) of the series and their dynamm®wame. Slight amplitude offset was
systematic and stable. It can be easily eliminaiedetting of the methods - subtraction
of the offset.

There are only sporadic artefacts in all experimesing both detection methods.
The artefacts were analysed in more detail by Viswsgpection of critical heart cycles
(see Fig. 10.2.4). It leads to typical findingse tRM method is more sensitive to the
distorted end of the T-wave than the CWT methods thost probably caused by more
robust analysis in time-frequency domain in CWT mmoet rather than time
measurements in RM. Further, the CWT method previadonger QT interval than
RM. However, the prolongation is constant and tiemsovable.

10.3 Comparison of QT delineation with QT database

10.3.1 Template method versus QT database

The template method (TM) results were compared daually and automatically
annotated QT intervals from QT database (Chap®r fiom www.physionet.org. 73
representative signals were used with total 22%8sb&ab. 10.1 presents mean values
and standard deviations of T end difference betweamplate method and manual
annotations (file .glc - manually determined wawafdooundary measurements for
selected beats (annotator 1 only -- second pass)j.can be seen from the table, mean
error is relatively low (offset depends on operptehile standard deviation is high in a
number of cases. Detailed manual studies have shtwan the template method
produced significantly more stable results comgatm the manual annotations in QT
database. In other word, T ends in QT databaseesgignificantly higher beat-by-beat
variations possibly due to low quality annotatidiysexperts. This fact is documented
below in text and Fig. 10.3.1 - Fig. 10.3.10.
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Tab. 10.1 Comparison of template method and matatabase annotations.

Signal beats Tenc

mean (ms) std (ms)
sel100 26 6.92 18.02
sel102 76 -24.63 36.82
sel103 23 9.22 18.15
sel104 63 71.24 102.55
sell14 46 -11.48 23.48
sell16 46 -7.13 17.97
sel117 23 20.87 16.4
sel123 26 -12.77 7.76
sel14046 29 5.93 15.59
sel14157 28 7.43 8.2
sel14172 47 -6.89 35.26
sel15814 27 2.52 24.03
sel16265 24 -9.83 16.13
sel16272 24 -8.83 9.14
sel16273 26 -3.38 7.31
sel16420 24 -6.5 12.19
sel16483 26 -5.08 6.84
sel16539 26 -10.62 11.08
sel16773 27 -10.52 9.87
sel16786 26 -5.38 8.39
sel16795 25 5.44 11.13
sel17152 26 -10.46 17.71
sel17453 23 -13.04 19.64
sel213 69 17.51 19.16
sel221 19 3.58 14.17
sel223 29 2.76 22.3
sel230 45 -24.36 20.14
sel231 47 2.89 18.25
sel233 27 -5.48 13.32
sel30 26 -3.38 10.41
sel301 26 7.38 15.58
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Signal beats Tens

sel302 24 -2.83 7.69
sel306 34 5.29 10.5
sel307 25 -7.2 40.66
sel308 48 -18.17 16.83
sel31 27 -11.7 51.15
sel310 25 -2.72 5.5
sel32 24 -7.67 14.25
sel33 27 -36.74 46.13
sel34 21 -9.14 9.65
sel38 23 -13.39 10.83
sel39 24 6.83 16.24
sel43 24 -9.5 56
sel45 26 -17.08 22.36
sel46 26 -18.92 23.83
seld7 26 -10.31 14.93
sel48 24 -8.83 13.03
sel50 29 3.86 23.53
sel51 27 2.37 26.28
sel808 26 -41.85 19.86
sel820 27 -6.52 15.58
sel821 23 0.01 9.72
sel871 66 -6.73 15.39
sel873 31 -15.23 24.47
sel883 26 -8.77 11.59
sel891 69 -7.25 13.38
sele0106 26 -39.08 14.19
sele0107 31 -14.71 13.6
sele0110 21 15.24 28.44
sele0112 48 -19.92 27.11
sele0116 27 -20.3 23.84
sele0122 21 -3.62 6.68
sele0124 44 -20.18 16.82
sele0133 27 -0.15 10.32
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Signal beats Tens
sele0203 27 -8.15 7.56
sele0210 25 6.56 10.89
sele0211 23 -5.91 6.91
sele0406 29 -7.45 12.5
sele0409 27 -24.74 9.74
sele0411 27 16.89 10.89
sele0606 24 -16.83 11.19
sele0607 24 1.33 10.66
sele0704 27 0.89 8.47

Following figures (Fig. 10.3.1 - Fig. 10.3.4) presexamples of differences in
manual annotations positions, as a consequenceigbf difference between semi-
automatic template method and database. Manualtatiors often provide higher

variability.
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Fig. 10.3.1 Comparison between TM detection anduabsiatabase
annotations on signal sele0122.
Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.
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Fig. 10.3.2 Comparison between TM detection anduabsiatabase
annotations on signal sel16539.

Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.
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Fig. 10.3.3 Comparison between TM detection anduabsiatabase
annotations on signal sel231.

Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.
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QT delineation - comparison with database
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Fig. 10.3.4 Comparison between TM detection anduabtiatabase
annotations on signal sel808.

Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.

Template method marks have much more stable posiithin T wave ends and
marks from database are more fluctuating. It ighlesalso from QT trends which are
smoother for our method (Fig. 10.3.5, Fig. 10.3®lfset difference is determined by

operator’s initial template selection.
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Fig. 10.3.5 Comparison between TM QT trends andlete on
signal sel808.
Solid line represents our detection points, dasihedepresents manually
marked points from QT database.
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Fig. 10.3.6 Comparison between TM QT trends andluete on

signal sel16795.
Solid line represents our detection points, dadinedepresents manually

marked points from QT database.

In comparison with automatic annotations from dasab (files .pu0 with

automatically determined waveform boundary measargsfor all beats based on

signal 0 only), we also received smoother res#ig. 10.3.7, Fig. 10.3.8).
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Fig. 10.3.7 Comparison between TM QT trends andluete on

signal sel891.
Blue solid line represents our detections, dashkddine represents automatic

QT detection from database.
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Fig. 10.3.8 Comparison between TM QT trends andluete on
signal sell114.

Blue solid line represents our detection, dashddine represents automatic
QT detection from database).

In Fig. 10.3.9 we document that also long T wauwesdetected permanently on
the same positions against automatically markedtpdiom database.
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Fig. 10.3.9 Comparison between TM QT trends andluete on
signal sele0411.
Horizontal lines highlight stable level of our detion and different level of
automatic database detection (blue solid line sepres our detection, dashed
red line represents automatic QT detection froraluzde).
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QT delineation - comparison with database QT delineation - camparison with chtabase
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Fig. 10.3.10 Comparison between TM detection andraatic database
annotations on signal sele0411.

Filled triangle mark is our detection point, urddl triangle is an automatic
mark from QT database.

Template method QT interval trends are smoother ttends from QT database.
Stable offset is determined by operator during fatepselection. This method works
perfectly for signals with low variability. Chand#a morphology is not detected so
precisely.

10.3.2 CWT method versus QT database

The CWT method results were compared to manuatlyaamomatically annotated
QT intervals from QT database (Chapter 5.3) fromwaphysionet.org. Seventy-three
representative signals were used with total 2138sb&ab. 10.2 presents mean values
and standard deviations of T end difference betw€&MT method and manual
annotations (file .glc - manually determined wawafdooundary measurements for
selected beats (annotator 1 only -- second pass)j.can be seen from the table, mean
error is relatively low while standard deviationhiggh in a number of cases. Detailed
manual studies have shown that the CWT method peatigignificantly more stable
results comparing to the manual annotations in @fRluhse. In other word, T ends in
QT database express significantly higher beat-lag-variations possibly due to low
quality annotations by experts. This fact is docnteé below in text and Fig. 10.3.11 -
Fig. 10.3.18.
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Tab. 10.2 Comparison of CWT method and manual datbhnnotations.

Signal Beats Ten
mean (Ms) std (ms)

sel100 24 -16.50 13.57
sel102 82 62.15 18.18
sel103 21 -5.71 15.05
sel104 75 45.28 45.49
sell14 47 5.96 39.54
sell16 47 -6.81 16.99
sell17 25 1.60 16.61
sel123 27 -12.59 7.33
sel14046 29 -13.79 15.22
sel14157 24 13.83 8.00
sel14172 46 -171.30 67.01
sel15814 24 -1.83 14.10
sel16265 27 -26.07 15.19
sel16272 23 -24.35 9.41
sel16273 23 -33.57 7.79
sel16420 21 -26.48 10.77
sel16483 24 -18.83 6.51
sel16539 25 -23.20 10.77
sell6773 21 -21.14 9.65
sel16786 24 -21.67 8.16
sel16795 25 -8.80 11.49
sel17152 24 -31.17 34.77
sell7453 27 -29.78 18.67
sel213 68 -76.00 18.51
sel221 23 -10.26 13.20
sel223 29 100.41 36.27
sel230 45 -23.47 29.68
sel231 47 -9.96 15.89
sel233 26 -17.08 13.51
sel30 27 4.74 30.94
sel301 22 6.36 36.70
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Signal Beats Tne

sel302 22 -20.55 7.74
sel306 34 -26.82 10.12
sel307 22 -7.82 43.44
sel308 48 -27.92 16.03
sel31 21 -24.95 75.36
sel310 25 -16.00 4.90
sel32 26 -17.69 13.49
sel33 27 168.59 63.60
sel34 26 -12.62 9.10
sel38 22 -30.00 11.95
sel39 21 68.95 58.99
sel43 21 -9.14 16.55
sel45 27 -191.70 10.98
sel46 27 39.70 48.29
sel47 23 3.30 14.80
sel48 21 -3.62 47.51
sel50 29 -65.79 26.91
sel51 25 41.12 26.52
sel808 24 -44.17 19.43
sel820 23 -5.74 17.01
sel821 23 -29.74 27.29
sel871 66 -17.39 15.68
sel873 31 -26.19 15.96
sel883 24 -25.33 10.98
sel891 69 -15.19 17.52
sele106 24 19.33 13.99
sele107 31 19.23 14.14
sele110 25 6.56 29.37
selel12 44 13.36 33.79
selell16 27 281 17.74
sele122 20 -28.80 6.82
selel24 46 -4.78 18.00
sele133 23 -18.78 9.68
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Signal Beats Tne

sele203 25 -28.80 35.65
sele210 23 -9.91 10.91
sele211 23 -32.52 7.06

sele406 29 -71.72 22.19
sele409 14 -52.86 7.22

sele411 25 -10.24 10.14
sele606 20 -15.40 9.11

sele607 27 9.04 8.98

sele704 23 -21.39 8.32

High values for signal sel102, sel213, sel223,3%ed8139 and sel45 are caused by
different T wave end position definition as we doented in following figures. In Fig.
10.3.11 and Fig. 10.3.12 we can compare oppostavieur of CWT detection and
manual annotations.
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Fig. 10.3.11 Comparison between CWT detection aadual database
annotations on signal sel213.
Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.
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Fig. 10.3.12 Comparison between CWT detection aadual database
annotations on signal sel223.

Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.

High values for signal sel104, sel307, sel31, sel&d caused by fluctuation of
manual T wave end annotations as we documenteid.ii@.3.13.
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Fig. 10.3.13 Comparison between CWT detection aadual database
annotations on signal sel307.
Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.
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High value for signal sel14172 is caused by diffiguidefined end of T wave (Fig.
10.3.14). Amplitude of T wave is low and signahdsy.
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Fig. 10.3.14 Comparison between CWT detection aadual database
annotations on signal sel14172.

Filled triangle mark is our detection point, urddl triangle is a manual mark
from QT database.

In the following Fig. 10.3.15 - Fig. 10.3.17 we qoane QT interval trends with
manually annotated trends from database.

QTtwrend
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samples [-]

Fig. 10.3.15 Comparison between CWT QT trends atdlédse on
signal sel103.
Blue line represents our QT detection, green lapFesents our T end
detection and manually annotated Q wave from Q@luete, red line
represents manually marked points from QT database.
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Fig. 10.3.16 Comparison between CWT QT trends atdlédse on
signal sel100.

Blue line represents our QT detection, green lapFesents our T end
detection and manually annotated Q wave from Q@luete, red line
represents manually marked points from QT database.
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Fig. 10.3.17 Comparison between CWT QT trends atdlédse on
signal sele210.

Blue line represents our QT detection, green lapFesents our T end
detection and manually annotated Q wave from Q@luete, red line
represents manually marked points from QT database.
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Fig. 10.3.18 Comparison between CWT detection aadual database
annotations on signal sele210.

Filled triangle mark is our detection point, urddl triangle is manual mark
from QT database. Approximated T ends show higtsgredsion of manual T
end annotations than our annotations.

Wavelet method has smoother progress of QT intetyaln manual annotations,
because of their high dispersion.

When we compare our detection with automatic dal@notations (files .pu0
with automatically determined waveform boundary sueaments for all beats based on
signal 0 only), we also receive smoother result viavelet method has different stable
offset for different T wave morphologies.

In the figures below (Fig. 10.3.19, Fig. 10.3.2@ &ng. 10.3.21) we show that our
T wave ends are detected permanently on the sanemdT positions contrary to
automatic marks from QT database, therefore outr@1d has smaller dispersion.

- 100 -



METHODS FOR DETECTION AND CLASSIFICATION IN ECG ANA LYSIS
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Fig. 10.3.19 Comparison between CWT QT trends atdbédse on
signal sel123.
Blue line represents our QT detection, green lapasents our T end
detection and automatically annotated Q wave frohd@tabase, red line
represents automatic QT detection from database.
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Fig. 10.3.20 Comparison between CWT QT trends atdlédse on
signal sel302.
Blue line represents our QT detection, green lapFesents our T end
detection and automatically annotated Q wave frohd@tabase, red line
represents automatic QT detection from database.

- 101 -



METHODS FOR DETECTION AND CLASSIFICATION IN ECG ANA LYSIS
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Fig. 10.3.21 Comparison between CWT QT trends atdlédse on
signal sel820.
Blue line represents our QT detection, green lapFesents our T end
detection and automatically annotated Q wave frohd@tabase, red line
represents automatic QT detection from database.
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Fig. 10.3.22 Comparison between CWT detection anonaatic database
annotations on signal sel820.

Filled triangle mark is our detection point, urddl triangle is an automatic
mark from QT database.

Different offset for different T wave topologies explained in the following
figures (Fig. 10.3.23). Wavelet method mostly pdevionger QT interval because it
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detects T wave end on the T wave end minimum. Hewelie prolongation is constant
and thus removable.

T-wave end
by tangent
method

T-wave end
by wavelet
transform

T-wave end
by tangent
method
T-wave end
by wavelet
transform

\

Fig. 10.3.23 Explanation of the offset differennéeliend detection by
classical method and by our wavelet method.

In order to quantify and compare TM and CWT methydnumbers and classify
correctness of T end location (with manual annotes), we divided signal results into
following groups:

e Group 1: well detected signals with reasonable mean anddatd deviation
(mean<40 ms, standard deviation<50 ms),

* Group 2: signals with morphology identification errors -ssymatic errors
(mean>40 ms, standard deviation <50 ms),

e Group 3: signals with noise or too small T wave amplitudee&n<40 ms,
standard deviation>50 ms),
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e Group 4: combination of groups 2 and 3 (mean>40 ms, standar
deviation>50 ms). Usually morphology identificati@mror together with poor
SNR and high variability of signal.

Classification results are summarized in tablewelo

Tab. 10.3 TM and CWT method results classification

™ CWT
Number of Number of
Group signals Percentage Group signals Percentage
1 69 94,52% 1 60 82,19%
2 1 1,37% 2 9 12,33%
Subtotal 70 95,89% Subtotal 69 94,52%
3 2 2,74% 3 1 1,37%
4 1 1,37% 4 3 4,11%
Subtotal 3 4,11% Subtotal 4 5,48%
Total 73 100,00% Total 73 100,00%

Comparison results show that performance of botthaus is similar. 96% (TM)
and 95% (CWT) of signals belong into group 1 o€®VT method has more systematic
errors and is fully automated, whereas TM is semo@atic and systematic errors are
eliminated by operator during template selectiommsMof systematic errors could be
eliminated with deeper cardiologic experience. Mgjoof systematic errors for CWT
method is caused by biphasic T wave morphologshérfollowing figure (Fig. 10.3.24)
we compare apparently same morphology, but diftgpesitions of manual annotations
(empty triangles) and our CWT annotations (filladrgles).

i

sel100 sele0111 sel213
]
'
sel223 sel301

Fig. 10.3.24 lllustration of some CWT systematimes.

We verified annotations variability for several r&ads also on Physionet website
automatic graphical outputs, see example in Fig3.26.
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Fig. 10.3.25 Annotation variability verification(4].
Signal sel808, dots highlight T ends.

In case of well detected morphology, progress of TC@QM detection is smoother
that TM progress. We obtained 81% of records (CWith variance in T end location
within manual referees variance (standard devia80r6 ms [44]). This is minimal
value that could be requested to any automaticrighgo. Following Fig. 10.3.26
illustrates, why it was difficult to reach lowerastdard deviation for other signals.
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Fig. 10.3.26 Annotation variability.

Signal sel16272, filled triangle mark is our dei@etpoint, unfilled triangle is
a manual mark from QT database.

For further improvement of CWT algorithm cooperatiwith cardiologists is
necessary. Contrary to template method the algorgtbes not know any reference input
and does not have any prior knowledge about moggfyol With deeper medical
knowledge most of systematic errors can be elirahat
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Main objective of CWT method was to test if T endasurement using only one
scale of wavelet transform is suitable for contirguin analysis. Processing time of 15
minutes long ECG signals was in average 8 minuidsout any optimization and with
a lot of graphical outputs for visual inspectiorhis method is suitable for online
processing.

10.3.3 Comparison of presented results

Accurate QT interval measurement is very importamt pharmaceutical drug
safety screening. Prolongation of QT interval ilases possibility of potentially fatal
torsade de pointes ventricular arrhythmia. Manuaiasarement of this interval by
experts is imprecise as well poorly reproduciblé][4Jp to 28 milliseconds inter-
operator differences have been reported in [2] apdo 30.6 milliseconds in [44].
Automatic QT interval measurements have been shtwrbe more stable and
reproducible than manual measurements [78]. Howeagrual measurement is used for
evaluation of the accuracy of much needed reliabtematic computer algorithms. We
compare different methods (classical algorithmstime domain, Hidden Markov
models (HMM) + different wavelets and wavelet tfans) tested on QT Database in
Tab. 10.4.

Tab. 10.4 Comparison of different methods teste@drDatabase.

Reference Method Accuracy T (ms)
[35] Classical algorithms in time doma|n 2.8+34.9
[95] HMM + Mexican Hat wavelet -5.1+20.7
[95] HMM + Quadratic b-spline wavelgt -6.9+23.4
[95] HMM + Morlet wavelet -28.0+38.8
[95] HMM + Haar wavelet -18.6+22.6
[61] Wavelet transform -1.6+18.1
[61] Low-pass differentiation 13.5+27.0

10.4 McSharry’s modelling

We have applied this method to ECG records from NH&/BIH Arrhythmia
Database, which include several types of beatsnalosinus, depression of SEgment,
multiform PVCs and fusion beats, left bundle blqckght bundle blocks, etc. These
signals were sampled & = 360 Hz. Fig. 10.4.1 illustrates the results loé fitting
model to a segment of arrhythmic signals. The looatof the P, Q, R, S and T peaks
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match the underlying signal. The error around #Heeelectric point and ST-level are
insignificant in a clinical sens& 0.1 mV, or about 5% to 10% of the QRS amplitude).

We tested our approach on the whole MIT/BIH Arrmgta Database on the lead
MLII and we can model all signals with 10 Gaussidmsctions without significant
distortion. Average time for processing of one heats. Note that the error around the
ST-segment is extremely small. The applicationh& method to ECG signals from
MIT/BIH Arrhythmia Database has shown performande MSE.=(0.49+1.06)%.
Results are summarized in Tab 10.4 with differemmnilarity measurements
(Chapter 9.1.2).

The majority of authors use the MSE error as aedailje method to analyze the
performance of data modelling methods. But in th&y/ the impact on cardiological
diagnosis is not evaluated. We propose the analysisain points of ECG obtained by
LADT and LSC.

Tab. 10.5 Performance of the model for the whotalukse.

SNR Ly L, C MSE
n
27.0638 0.0108 0.0009 0.9977 0.0049
std
5.446642| 0.011298 0.000965 0.004886 0.01056

Last development of synthetic ECG signals has eée intensive. Due to the fact that
the ECG signal bases are physiological, real EC@ainshould take into consideration
not only the heartbeat morphology, but also thengof RR-waves. Authors in [62]

developed an artificial ECG model which unifies ptowlogy of the heartbeat and the
timing of the pulse of the ECG signal in a singtn+inear dynamical model. Such
ECG signal models can operate real time on desk®ggonal computers and are
applicable in many areas of ECG processing, sudiitegion, compression [22] and

classification of the ECG signals.
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Fig. 10.4.1 Fitting of model to a segment of EClketafrom the MIT-BIH

Arrhythmia Database.

Solid gray line represents modelled ECG and blahes are real averaged
ECG. ltis visible that modelled signal replacetjioal signal.
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By fitting a set of ten Gaussians (each definethbge parameters) in an ordinary
differential equation, we verified that we can mloderhythmic ECG signals with
mathematically tractable compact representation.aAsesult, it can be used as a
generalized technique for processing of any semege signal. This model was
successfully verified on arrhythmic signals of MBIH Arrhythmia Database. We also
mentioned possibilities of evaluating of the modaisl we suggest computing of local
error in area of significant points, obtained byé.iSegment Clustering method. Our
further intention was to test parameters of McShamodels for classification, because
classification of the waveform parametesb;, and § of McSharry's model has not
been explored in-depth.

10.5 ANN classification using time series

We tested the ANN classification system using teseeies on whole MIT/BIH
Arrhythmia Database (Chapter 5.2). We distinguishetiveen two classes: normal
beats N and premature ventricular contractions les$ification process was performed
in three stages: 1. pre-processing (Lynn’s filter baseline drift removing), 2. data
extraction, and 3. non-linear classification (MLP)opology of the used network
contained 200 input neurons (corresponding to sesnpdf the filtered ECG
(Chapter 9.1.1)), 50 neurons in the first hiddgreta50 neurons in the second hidden
layer, and a single output neuron (200-50-50-1 ltmpg. Hyperbolic tangent (tansig,
which maps output into the range of -1,1, see Big.3) was used as an activation
function in the input layer while a sigmoid functi@ogsig, which maps output into the
range of 0,1 required for binary classification)sw#sed in the hidden and the output
layers. Training goal of the mean squared error 8&ts0.001, which was selected
experimentally as sufficient for successful traghnwhile keeping low computational
costs. The network was trained with Scaled (CGBg)rahm described in Chapter 9.2
on 1000 normal beats (N) and 666 ventricular prameabeats (V). Testing set had
74054 N beats and 6444 V beats. Results for whalabase are summarized in Tab.
10.6 and Tab. 10.7.

The used ANN was implemented in Matlab 7.1 envirenmand tested on a
common PC Pentium 4, 2.6GHz with 512MB RAM. Tragphase took about 120 sec,
testing took about 320 sec for the above desculagéaset and the mean squared error.

Tab. 10.6 Classification accuracy of N beats for time series.

Signal with N | Accuracy(%) clascs:i(lzir(argclﬂybeats N beats
100 99.95 2218 2219
101 99.89 1838 1840
102 100.00 79 79
103 100.00 2062 2062
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Signal with N | Accuracy(%) clascs:icf)irergclillybeats N beats
104 100.00 143 143
105 94.77 2337 2466
106 100.00 1480 1480
108 96.90 1628 1680
112 98.13 2470 2517
113 100.00 1769 1769
114 99.61 1793 1800
115 100.00 1933 1933
116 99.87 2279 2282
117 99.74 1510 1514
119 100.00 1520 1520
121 99.46 1831 1841
122 99.92 2454 2456
123 100.00 1495 1495
200 95.99 1652 1721
201 100.00 1605 1605
202 100.00 2041 2041
203 87.46 2156 2465
205 100.00 2551 2551
208 98.47 1542 1566
209 99.92 2599 2601
210 99.83 2395 2399
212 99.89 902 903
213 98.85 2590 2620
215 98.39 3124 3175
217 100.00 224 224
219 99.76 2057 2062
220 100.00 1934 1934
221 100.00 2011 2011
222 99.06 2005 2024
223 99.20 1994 2010
228 98.86 1649 1668
230 99.82 2231 2235
231 100.00 294 294
233 99.59 2160 2169
234 100.00 2680 2680
Sum Average Sum Sum

40 signals 98.89 73235 74054

- 110 -



METHODS FOR DETECTION AND CLASSIFICATION IN ECG ANA LYSIS

Tab. 10.7 Classification accuracy of V beats fov timne series.

Signal with V | Accuracy(%) clascs:icf)irergc\t/%eats V beats
105 90.48 19 21
106 95.00 456 480
107 100.00 19 19
108 87.50 7 8
109 100.00 18 18
114 100.00 23 23
116 97.78 88 90
118 100.00 8 8
119 100.00 420 420
124 100.00 27 27
200 98.64 795 806
201 99.43 175 176
202 100.00 10 10
203 95.80 388 405
205 98.04 50 51
207 96.92 63 65
208 99.79 970 972
210 92.94 158 170
213 99.44 178 179
214 93.52 202 216
215 89.47 102 114
217 96.48 137 142
219 95.56 43 45
221 99.73 375 376
223 98.45 445 452
228 98.54 337 342
233 98.64 798 809
Sum Average Sum Sum

27 signals 97.94 6311 6444

numberof correctlyclassifiedbeats
numbetof classifiecbeat:

Accuracy= 10.5.1

We obtained overall accuracy for whole testing sktte08.82%, accuracy for
normal beats 98.89% and accuracy for prematureigalar contractions 97.94%.
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10.6 ANN classification using McSharry’s model

We tested the ANN classification system using MeBfg model on whole
MIT/BIH Arrhythmia Database. We distinguished betwdwo classes: normal beats N
and premature ventricular contractions V. Clasaifan process was performed in four
phases: 1. pre-processing (Lynn’s filter for baselirift removing), 2. data extraction,
3. feature selection (McSharry’s model), and 4.linear classification (MLP). Each
phase was carefully chosen to enhance the perfaenathe system.

We tested different network topologies, differeatnber of neurons in one hidden
layer and also 2 hidden layers. Classification ey for different topologies is
documented in Tab. 10.8.

Tab. 10.8 Classification accuracy for different Mtdpology.

Type Accuracy for N (%) Accuracy for V (%)
30-60-10-1 95.10 90.89
30-90-10-1 95.37 91.95
30-10-1 93.77 88.48
30-20-1 94.37 88.50
30-30-1 94.50 89.90
30-50-1 94.92 91.05
30-60-1 94.90 91.34
30-90-1 95.29 90.39
30-110-1 95.33 91.87
30-180-1 96.24 93.55
30-200-1 96.43 93.10
30-220-1 96.26 92.88
30-250-1 96.14 93.49

We chose topology 30-200-1 which had the highestiracy for normal beats and
the second highest accuracy for premature vendmiazdntractions. Second alternative
could be topology 30-180-1 which had the highesugeacy for premature ventricular
contractions and the third highest accuracy fomadibeats.

Topology of the network contained 30 input neurdosrresponding to 30
McSharry’s input parameters), 200 neurons in adnddyer, and a single output neuron
(topology 30-200-1). Hyperbolic tangent (tansig)swesed as an activation function in
the input layer while a sigmoid function (logsigasvused in the hidden and the output
layers. Training goal of the mean squared error weisto 0.01, which was set
experimentally as sufficient for successful traghnwhile keeping low computational
costs. The network was trained with RPROP algoriitsee Chapter 9.2) on 3996
normal beats and 2079 ventricular premature begisr¢ximately 100 beats from each
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signal in each category). Testing set had 7070&&tsband 4930 V beats. Results for
whole database are summarized in Tab. 10.9 andlDat0.

The used ANN was implemented in Matlab 7.1 envirentmand tested on a
common PC Pentium 4, 2.6GHz with 512MB RAM. Tragmphase took about 266 sec,
testing took about 199 sec for the above desculag¢alset and the mean squared error.

Tab. 10.9 Classification accuracy of N beats foiSkarry’s model and 30-
200-1 ANN topology.

Signal with N Accuracy(%) clascs:i(f)irezsclillybeats N beats
100 99.95 2134 2135
101 99.83 1753 1756
103 99.95 1977 1978
104 98.31 58 59
105 91.82 2224 2422
106 96.94 1362 1405
108 83.80 1371 1636
112 99.01 2409 2433
113 99.64 1679 1685
114 82.34 1413 1716
115 99.84 1846 1849
116 99.27 2182 2198
117 94.83 1356 1430
119 99.93 1438 1439
121 98.63 1733 1757
122 97.39 2310 2372
123 99.57 1405 1411
200 91.64 1502 1639
201 98.88 1504 1521
202 96.68 1892 1957
203 73.73 1788 2425
205 99.88 2464 2467
208 98.72 1463 1482
209 99.88 2514 2517
210 97.59 2263 2319
212 99.88 818 819
213 96.61 2451 2537
215 99.24 2876 2898
217 97.14 136 140
219 97.02 1919 1978
220 99.95 1849 1850
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Signal with N Accuracy(%) clascs:i(f)ire:sclillybeats N beats
221 99.84 1924 1927
222 96.73 1894 1958
223 97.77 1882 1925
228 95.71 1516 1584
230 98.61 2121 2151
231 100.00 210 210
233 91.82 1952 2126
234 99.85 2592 2596
Sum Average Sum Sum

39 signals 96.43 68180 70707

Tab. 10.10 Classification accuracy of V beats fmStarry’s model and 30-
200-1 ANN topology.

Signal with V Accuracy(%) clas(s:i(lzirergc\t/l)geats V beats
106 92.11 385 418
116 100.00 5 5
119 98.24 334 340
200 93.63 676 722
201 97.87 92 94
203 90.00 306 340
207 100.00 1 1
208 97.41 865 888
210 86.67 78 90
213 91.38 106 116
214 90.13 137 152
215 80.00 48 60
217 93.10 54 58
221 96.58 282 292
223 86.45 319 369
228 74.81 193 258
233 97.52 709 727
Sum Average Sum Sum

17 signals 93.10 4590 4930

We obtained overall accuracy for whole tested b8&t21%, accuracy for normal
beats 96.43% and accuracy for premature ventricolairactions 93.10%.
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10.7 Comparison with presented results

Comparison with reported results is difficult taskgst of methods were tested on
different signal sets, different databases andewfit classes were classified. Most
frequent method of data analysis and normalizatapmesents wavelet transform, PCA
(principal component analysis) or ICA (independathponent analysis).

The most popular methods for ECG classificatiofuide:
« Linear discriminant analysis
+ Decision trees
+ Hidden Markov models

- Artificial neural networks

Tab. 10.11 Comparison of different methods of P\&Ggification on signals
from MIT-BIH Arrhythmia Database.

Reference Method Accuracy of PVC Accuracy of N
[95] ANN + 2f6 morphological 98.5% 99.7%
eatures

[48] HMM + wavelet transform 93.3% 95.65%

[95] HMM + wavelet transform 90.33% 92.34%

[10] ANN + morphological features 95.8 % 98.3%

[10] K-th nearest n_elghbour rule 96.9% 96.7%
+ morphological features

[10] D|scr|m|naqt analysis 97.0% 94.4%
+ morphological features

[10] Fuzzy logic 92.8% 98.4%
+ morphological features

ANN + McSharry’s model 93.1% 96.43%

It is difficult to find results tested on the sapiasses and the same database. Tab.
10.11 introduces comparison with published methémts PVC and normal beat
classification tested on MIT-BIH Arrhythmia Datakas
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Although comparison of our system with other systegiven in the literature is
really difficult due to the varieties in the cldgsation techniques and data properties
(e.g. different number of beat types belongingiftedent patients), it can be seen that
our proposed novel system based on McSharry’'s mpaelmeters and MLP enables
PVC and normal beats classification. The perforreamsicour system is comparable to
the results reported in the literature.
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11 DISCUSSION AND CONCLUSIONS

We have presented ECG signal processing that uaeslet transform for ECG
delineation and McSharry’s model with artificial urael network for classification.
Wavelet transform has been extensively used in nuffigrent fields such as image
processing, etc. Regarding classification of bimabsignal, the concept and use of
McSharry’s model for classification is quite new.

In Chapter 1 we compiled the comprehensive statertodnd looked at different
classification methods. We have found that thesdiaation with McSharry’s model
parameters has not been fully explored yet and ahenmetwork as classifier is
successfully used in many applications.

Therefore, in Chapter 3 we describe artificial éuretworks theory. Definition
and McSharry’'s model theory is described in Chapter

Pre-processing delineation phase is almost a prmieg) of standard ECG
analysis. We use wavelet transform which is suitedy well for biological signals
analysis. Therefore, in Chapter 4 we focused onti@aous wavelet transform
definition and properties. Regarding three impdr&iaps of ECG processing: baseline
removal, denoising and detection of characterigtiints, we propose delineation
wavelet method without necessary pre-processinge(ime removal and denoising) in
Chapter 8.2.

ECG origin and particular description and propertiand used MIT/BIH
Arrhythmia Database and QT Database are describéthapter 5. In Chapter 7 we
declare aims of dissertation. First we describehoud for QT interval measuring and
QRS detection (Chapter 8) then we continue withhiods of ANN classification and
McSharry’'s modelling in Chapter 9. Results of alkethbds are summarized in
Chapter 10.

Regarding QRS complex detection we implemented lgav@ntour envelope
technique with comparable results tested on MIT-Biirhythmia Database
(Chapter10.1). Concerning QT interval measurenveatproposed an automatic method
using one scale of wavelet transform. The methdt wtiher scales is able to detect all
characteristic points in ECG signal [61]. We codeld that the proposed approach can
work sufficiently (Chapter 10.2 and 10.3) and hasstly smoother results of QT trends
than manual and automatic marks from standard Qdbdae. We also implemented
semi-automatic template method, which has less #nresults than wavelet method for
less quality data and variable morphology. Wavelethod provides mostly longer QT
interval than database, this offset is stable foole signal and can be subtracted.
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The main advantages of the classification meth@dnaodelling capabilities of
McSharry’'s model enabling automatic simulation dfedent arrhythmia beats as we
could see in Chapter 10.4. Furthermore, we copigld the difficult task of correct
number of Gaussian functions to model differentesypof arrhythmias without
significant distortion.

We classified ECG beats from MIT/BIH Arrhythmia Bbase (Chapter 10.5 and
10.6). We were focused on two class classificabbmormal beats and premature
ventricular contractions which are life threateniaghythmias. The average rate of
classification accuracy for raw time series andmar beats was 98.89% and for
premature ventricular contractions 97.94%. The ayerate of classification accuracy
for McSharry's model and normal beats was 96.43%d aremature ventricular
contractions 93.10%. We believe that the achievetbpmance of McSharry’'s model is
very reasonable. Results of McSharry’s model withiNAare lower than for raw time
series but they show ability of classification dhely still leave place for improvement.

Classification of normal beats for raw time sehasl worst results for signals 105
and 203. Signal 105 has uniform PVCs but the predan feature of this tape is high-
grade noise and presence of artefacts. Signal a83rtultiform PVCs, there are QRS
morphology changes in the upper channel due toshifts, there is considerable noise
in both channels, including muscle artefacts argkloge shifts. This is a very difficult
record, even for humans! Without these two sige&dssification accuracy for normal
beats is 99.45%.

Classification of premature ventricular contractidar raw time series had worst
results for signals 105, 108 and 215. Signal 1@8rhaltiform PVCs, the lower channel
exhibits considerable noise and baseline shiftgn&i215 has also multiform PVCs.
There are two very short occurrences of tape gpp&lassification accuracy without
these three signals for premature ventricular eatitns is 98.13%.

Classification of normal beats for McSharry’s motatl worst results for signals
108, 114 and 203. Signal 108 and 203 are descabede. Signal No. 114 has similar
shape to normal morphology. Without these threaadgyclassification accuracy for
normal beats is 97.96%.

Classification of premature ventricular contracicior McSharry's model had
worst results for signals 215, 223 and 228. Aleghsignals have multiform PVCs.
Signal 223 has episodes of ventricular tachycaignal 228 has short occurrences of
tape slippage. Without these three signals classifin accuracy for premature
ventricular contractions is 94.98%.

The performance of our system is comparable to réselts reported in the
literature. The main drawback of the used McSharmiodelling method is its
computational costs because used initializatiopssteADT and LSC). On the other
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hand, the fact of high computational cost is consp&ed by some enhancement
capacities of McSharry’'s modelling.

Notwithstanding, we did not consider the perfornearspeed measures in the
thesis, we rather preferred to focus on the thaadetissues development and
consequently their implementation in most convengaftware tools from the point of
view of saving programming effort. Yet this sugg@stmight be pursued as a future
direction.

11.1 Achievement of goals

In the previous paragraphs, the achieved resulte baen described. We shall
now discuss how our research goals set in Chagtav& been accomplished.

1. State of the Art. A comprehensive review of the state of the art of
classification methodology will be carried out. éedl, in Chapter 1 and Chapter 2 we
have covered wide range of used classificationriigeies. Thus we have achieved the
goal.

2. R peak detection and QT interval measurementThis goal consists of the
two proposed QT-interval measurement methods. We haplied wavelet transform
on the problem of QRS detection and QT intervalsugag in Chapter 8.1 and 8.2. We
have concluded that the operator semi-automatiodee sensitive to less quality data
and changeable morphologies of the T wave. Thexefwe have preferred the method
based on wavelet transform described in Chapte?.8TAus we have achieved the goal.

3. Electrocardiogram Modelling. We have illustrated the usefulness of
McSharry’'s model in context of ECG modelling. Werdahown in Chapter 10.4 that
McSharry's framework is able to model differenthgthmic electrocardiogram signal
without significant distortion. The modelling appoth has been based on a careful
initialization techniques (Chapter 9.1.2) using-precessing of ECG signal by Linear
Approximation Distance Thresholding Method and L8egment Clustering Technique.
To sum up, we have accomplished the goal.

4. Electrocardiogram Classification. We have shown that the McSharry’s model
ANN framework is able to solve the classificatiask. Indeed, in Chapter 10.6 we have
concluded the usefulness of this approach on thes lo classification test on MIT/BIH
Arrhythmia Database. Thus we have achieved the gufalelectrocardiogram
classification.

5. Application of developed algorithms and results eMaation. Algorithms
were tested and results evaluated in Chapter 1s We have achieved the goal.
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11.2 Contribution of the thesis

Recently, a lot of aspects about ECG classificattmve been developed
([30],[54],[10], etc.), but most of the suggestedethods still leave room for
improvement and next research. Big amount of chydio signals still miss reliable
classification algorithms. We think that the magontribution of the thesis to the actual
state is novel classification framework and QT v measuring. Mainly:

* We have developed important pre-processing fraonewusing wavelet
transform for electrocardiogram characteristic fgaretection.

» Especially, QT interval measuring method withaeted of any pre-processing
and with ability of real time operation.

» Furthermore, we have focused our attention omgtlestion which wavelet is the
most appropriate for our T wave end detection a&stet ability of its detection using
only one scale of CWT.

» We tested ability of McSharry’s model to moddfelient arrhythmic signals.

» Furthermore, we have focused our attention orgthestion how many Gaussian
functions of McSharry’'s model are enough for arnnytas modelling without
significant distortion.

» We tested ability of McSharry’s model parameterslassify arrhythmic signals.

* Moreover, raw time series ANN classification hbsen also applied for
comparison purposes with novel McSharry’s modelpaters ANN framework. In
both cases: raw filtered data ANN classificationd aMcSharry’'s model ANN
classification were tested on MIT/BIH arrhythmiaake with results comparable to
results reported in literature.
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