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Abstract –The electrocardiography (ECG) explores the 

electrical activity of the heart by recording the variations 

of the electric waves of the activity of polarization and 

ventricular depolarization and atrial heart. Cardiac 

activity is one of the most important determinants of a 

subject's condition. It results in the appearance of 

several waves on the course of the electrocardiograph: it 

is the cardiac signal, the electrocardiogram ECG. The 

analysis of the ECG signal and the identification of its 

parameters constitute an essential step for the diagnosis. 

However, noise sources such as baseline variations, 

electrical grid interference, and other artefacts arouse 

the implementation of the analysis and identification 

techniques used. However, a set of methods and 

algorithms are developed in view of the importance of 

this signal and its use in clinical routine in the diagnosis 

of cardiac pathological cases. ECG signal represents the 

electrical activity of the heart and reflects the state of 

health of the cardiovascular system. It also contains 

information that distinguishes cardiovascular disease. 

The high rate of mortality worldwide due to problems 

related to the dysfunction of the cardiac apparatus 

prompted the researchers to develop techniques of 

automatic classification of cardiovascular diseases for a 

good diagnosis. In this paper, a comparison with several 

existing works in the literature is presented. 
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I. INTRODUCTION 

Cardiovascular disease is a major public health 

problem. Little more than 180000 deaths per year, 

they are the leading cause of death in world, about 1 

in 3 deaths. Risk factors are multiple: tobacco, 

physical inactivity, obesity, hypertension, diabetes, 

genetic factors also sometimes. Due to the scale of 

the problem, the Ministry of Health of risk 

reduction, including education, prevention, 

monitoring of patients at risk, involving nearly 20 

million people per year. The heart is the central 

organ of the cardiovascular system: it can be 

affected pathologies which may be either benign, 

such as certain tachycardia, for example, or be very 

serious, such as myocardial infarction. With the 

evolution of techniques, doctors now have powerful 

tools to monitor the functioning of the cardiac 

muscle and thus make their diagnosis. Among 

possible cardiac examinations, electrocardiogram 

(ECG) is the most commonly performed 

examination because it is fast put in place, 

inexpensive and especially non-invasive therefore 

very little binding for the patient. The heart is the 

strongest muscle of the human body, and despite its 

power it is vulnerable to failure and dysfunction. 

Several types of diseases can affect it, we can cite as 

examples: arrhythmias (Extrasystoles, Fibrillations, 

Tachycardia, etc.) and the different types of 

conduction blocks (left and right atrioventricular 

block). These diseases have various origins; they can 

be coronary, hypertensive, inflammatory or 

rheumatic [1]. Cardiovascular diseases are one of the 

leading causes of death in the world, a 60% of these 

diseases is recorded in developing countries where 

medication, diagnosis and basic living standards are 

not provided [2]. For these there is an urgent need 

for the development of new methods of prevention, 

detection and treatment of these diseases. Among 

the most commonly performed for the detection of 

cardiovascular diseases, the electrocardiogram 

(ECG) which is an electrophysiological signal 

whose trace materializes the activity electrode of the 

heart picked up by electrodes placed on the surface 

of the body. In order to the best use of ECG data in 

large quantities and whose manual analysis is 

difficult, intelligent diagnostic systems have 

appeared. These systems to improve the quality of 

the signal (noise filtering), the enhancement of 

information relevant, extraction of information that 

is not visible by visual analysis as well as to propose 

a diagnosis that can provide sufficient allow non-

specialist physicians or beginners to make the right 

decisions. However, automating the detection of 

cardiovascular disease from the signal ECG is not 

trivial, in particular because it is difficult to extract 
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from the latter all information that the doctor uses to 

make a good diagnosis. In addition, sufficient expert 

knowledge to automate the diagnosis is an extremely 

costly and tedious. An automated ECG system 

usually consists of four successive steps as follows: 

pre-processing of the signal, detection of waves, 

extraction relevant parameters, and classification / 

discrimination of anomalies [3]. The of pre-

processing (or filtering) the signal consists 

essentially in eliminating the different types noise 

that affects the ECG signal during acquisition (e.g. 

interference with 50Hz with the supply of measuring 

devices, electrode-related noises, baseline related to 

the movements of the heart and the patient etc.). The 

purpose of detection is to localization of the different 

waves of the ECG as well as the measurement of 

their duration in an accurate and reliable. In the 

literature there are many algorithms and techniques 

detection [4, 5]. Since the QRS complex is the most 

important in the cardiac cycle, the detection of the R 

wave is the most sought after in the literature. The 

measurements made on the signal ECG after 

detection can be referred to as parameter vectors 

characteristics. It is in the extraction/selection step 

that these measurements are realized. This vector of 

the parameters can undergo another processing step 

before classification, several techniques for 

selecting relevant parameters can be used to reduce 

the dimension of the parameter vector as the 

temporal representation [6], the intervals RR [7], 

Hermite functions [8], autoregressive modeling [9] 

and transformed into wavelets [10-12]. The 

selection stage makes it possible to choose the 

parameters more relevant to maximize the 

divergence between classes, while still maintaining 

sufficient information to permit discrimination. The 

ECG signal based on the concept of fractals 

(fractional). This concept is born of a reflection of 

the mathematicians on the notion of space 

dimension; it was unveiled by B. Mandelbrot [13]. 

The concept of Fractals is often linked to another 

very important concept which is the behaviour in 1/f 

processes and physical phenomena. This behaviour 

is often seen as the manifestation or the effect of a 

multitude of local processes evolving over time and 

simultaneously cause this type of process. This 

behaviour has been various domains of nature such 

as electrical noise [14], the phenomenon of 

relaxation polarized impedances in dielectric media, 

heart rate [15], cell membranes [16], cerebral waves 

[17], the spectral density of the musical wave, as 

well as data on meteorology, economics and 

statistics [18]. The work of Goldberger et al. [19] on 

ventricular myocardial activation have shown that 

activation of the ventricles via the Purkinje fibers 

leads to a fractal depolarization of the ventricles and 

that this depolarization is reflected in the QRS 

complex. Goldberger et al. Have also proved that the 

spectrum of the QRS complex follows an inverse 1/f 

power law with a slope of fractional value. This 

characteristic was justified by the fractal structure 

Electrocardiography explores the electrical activity 

of the heart by recording of the variations of the 

electric waves of the polarization and depolarization 

activity ventricular and atrial vessels of the heart. 

Cardiac activity is one of the most important 

parameters determining the state of a subject. It is 

reflected in the several waves on the course of the 

electrocardiograph: it is the cardiac signal, the 

electrocardiogram ECG. The analysis of the ECG 

signal and the identification of its parameters are an 

important step for diagnosis. However, sources of 

noise such as variations in the baseline, interference 

electrical network, and other artefacts, put in the 

arena the analysis and identification techniques 

used. However, methods and algorithm are 

developed considering the importance of this 

signaling and its use in clinical routine in the 

diagnosis of cardiac pathologies. This work is part 

of this problem and algorithm for QRS complexity 

detection and cardiac rhythm modelling by 

application of dynamic neural networks. The results 

have been validated by ECG signals from different 

patients in the "MIT-BIH" Arrhythmia Database". 

The origin of the electrical signals recorded by the 

electrocardiogram, and some typical noises often 

affecting an ECG recording and the different heart 

rhythm disorders as well as the diagnosis of these 

disorders. The object of the second chapter is the 

presentation of the neural networks dynamic. The 

most important benefits that can be attributed to an 

application of neural networks are: modeling, 

estimation and prediction of functions nonlinear by 

learning, generalization and reconstruction of 

signals. The prior to any analysis of the ECG signal 

is the detection of the R waves: the wave ventricular 

wave which is the highest amplitude wave of each 

beat. We will finish by using a recurring network 

which is the RRBF to develop an algorithm of 

detection of this important complex to the analysis 

of the ECG. In the three chapters we will see the 

treatment of the ECG, the filtering of the different 

artefacts that distort the diagnosis signal extraction 

from the important rhythm for automatic diagnosis 

and re-apply recurring networks for make the 

modeling of the latter.  

II. HEART AND ELECTROCARDIOGRAPHY 

We present in this heading the general functioning 

of the cardiovascular system, cardiac tissue as well 

as the processes of propagation of the influx heart 
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disease. Then electrocardiography, which allows to 

obtain an image of the activity is detailed. Finally, 

disorders of rhythm and conduction are described as 

well as the different types of noise. 

The Heart 

The core is the heart of the cardiovascular system. It 

serves as the system of blood circulation, it beats 

with a frequency of sixty to eighty beats per minute 

in a healthy adult. Each beat advances a volume of 

70 ml of blood. The heart propels blood through the 

contractions of its muscle tissue called myocardium. 

It is separated in two by a thick partition. Each side 

(the left heart and the right heart) is composed of two 

cavities: an atrium and a ventricle connected 

between by a one-way valve. The right atrium 

recovers blood low in oxygen (Continuous arrows) 

of the superior and inferior vena cava, and propelled 

by contraction of its tissue in the right ventricle. In 

turn it contracts and sends the blood in the lungs 

where it is loaded with oxygen. The blood returns to 

the heart in the left atrium, then passes into the left 

ventricle and is sent to the organs in the arterial 

artery (dotted arrows). 

Origin and Propagation of Heart Cardiac 

Electrical Activity 

The core comprises an intrinsic array of conductive 

cells that produce and propagate electrical pulses, as 

well as cells that respond to these pulses by a 

contraction. An excitation that arises in the sinus 

node leads to a complete contraction of the two 

auricles and of the two ventricles. During the period 

of activity (systole) and rest (diastole) cardiac cells 

are the seat of a complex sequence of membrane and 

intracellular electrical events, which are at the origin 

of this contraction. Each cardiac cell contains 

different ions, among which the most important are 

sodium (Na +), potassium (K +), calcium (Ca ++) 

and chloride (Cl), which are involved in membrane 

exchanges. Their osmolarities intracellular and 

extracellular cells have very high electrochemical 

potential values different, specific to each ion. The 

gradients of the ionic concentrations are governed 

by mechanisms of exchange through specific 

channels of the membrane cellular. Potential 

variations observed during the cardiac cycle 

correspond to changes in membrane permeability 

during different phases of this cycle. At rest, the 

interior of the cell membrane is negatively charged 

by report, which is taken as a reference. This 

difference in potential (Cellular resting potential) 

has a value close to -90 [mV] for the cells 

ventricular, and depends on ionic concentrations in 

the intracellular and extracellular. When an 

electrical pulse of sufficient amplitude reaches a cell 

excitable, the interior of this cell rapidly becomes 

positive with respect to the exterior, following the 

flow of Na + ions from the outside to the inside 

through the membrane (see Figure 1). This process 

is known as cellular depolarization. The inverse 

process, that is to say when the cell returns to its rest 

state, is known under the name of cellular 

repolarization.  

Propagation of Electrical Excitation 

The excitation that is at the origin of the heartbeat is 

formed in the node sinus. This node possesses self-

excitable cells which constitute a pacemaker natural 

and which generate PA at a frequency of 100 per 

minute about. Each action potential of the sinus node 

normally produces a beat heart rate, that is, the pulse 

frequency of this pacemaker determines the 

frequency of beats. The propagation of the excitation 

extends from this point to two atria and the 

atrioventricular node (AV). This node is located at 

the bottom of the right atrium and consists of cells 

which exhibit electrical conduction which imposes a 

certain delay on the propagation wave. Then, the 

excitement is transmitted to the bundle of His and its 

two branches. The His bundle is located in the upper 

part of the interventricular septum and its fibers pass 

through the connective tissue (not excitable) that 

electrically separates the atria from the ventricles. 

Finally, the electrical excitation leads to the Purkinje 

network, which leads to the myocardium ventricular. 

This network represents the continuation of the His 

bundle and arrives in ventricular walls. The atrio-

ventricular node and the His bundle constitute the 

only way of propagating cardiac electrical activity 

between the atria and the ventricles [20]. It should 

be noted that the shape of the AP varies depending 

on the tissue in question, as can be seen in Figure 1. 

 
Figure 1: Forms of action potentials in different parts of the 

heart, and temporal sequence of the propagation of cardiac 

electrical activity; analogy with ECG waves 

Electrocardiography 

Around 1880, E. Marey and A. Waller showed that 

the electrical activity of the heart, discovered a few 

years earlier, could be followed from the skin; and 
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1890, Willem Einthoven [1], made the first 

cardiographic recording. The current measured by 

electrodes on the patient's torso set in motion a thin 

silver wire stretched between the poles of a large 

magnet; these deflections were recorded on 

photographic paper which was unrolled in front of a 

light ray, thus the electrocardiogram is born at the 

dawn of the 20th century. "Now we can record the 

electrical activity of the abnormal heart and compare 

it with normal activity" (Einthoven). The principle 

of modern recording is, to a proposed by Einthoven: 

thanks to two electrodes glued to the surface of the 

skin, records the potential difference between two 

diametrically opposed points by relative to the core, 

this signal being directly correlated to the 

displacement of the pulse electrically in the fibers of 

the heart muscle. Instantaneous electrical activity 

can be defined by a vector oriented according to the 

potential difference present in the core, and of 

modulus proportional thereto. The pair of electrodes 

records at each the amplitude of the projection of this 

vector along their axis: Electric vector is oriented 

from the electrode to the positive electrode, positive 

deflection, and when the vector is oriented in the 

opposite direction, the deflection is negative.  

 

Electrical Tracing of the Heart 

The heartbeat can be followed. Indeed, each phase 

of the beat has a particular electrical path. An 

exercised eye can therefore, in the in most cases, to 

quickly differentiate the trace of an atrial contraction 

of the ventricular contraction pattern [21]. 

Let us apply the principle of the ECG, explained in 

paragraph 2, to the electrical activity of a normal 

heartbeat: The contraction of the atria is reflected on 

the ECG by a positive wave called the P wave 

(Figure 2). It is followed by a short pause 

corresponding to the time delay performed by the 

node (AV) [21]. The brief and powerful contraction 

of the two ventricles is represented by three Q wave, 

R wave and S wave. This is called a QRS complex 

(Figure 2). Q is the first negative wave at the 

beginning of the complex; it is not always visible; 

the R wave is the second wave; it is positive and of 

great amplitude, the third being the T wave 

corresponds to the re-polarization of the muscle cells 

of ventricles (Figure 2). Between this wave and the 

wave S lies the segment ST. The processes of 

depolarization and repolarization of structures 

myocardial cells present in the ECG as a sequence 

of deflections or waves superimposed on a line of 

potential zero, called isoelectric line (Figure 2). The 

order and the morphology of these waves depend on 

two fundamental aspects: 

i) The anatomical structure of initiation 

of the electrical pulse (i.e. sinus node, 

a junctional structure) 

ii) The conduction sequence through the 

myocardium. 

In the physiological case, as already stated, the 

impulse is initiated in the sinus node. The resulting 

atrial depolarization front is represented in the ECG 

by the P wave. This wave is characterized at the 

spectral level by a low-frequency component of low 

energy, which often limits its several ECG leads, 

especially under noise conditions. Repolarization 

atrial is represented by the T wave and its direction 

is opposite to that of the P-wave. Generally, the T 

wave is not visible in the ECG because it coincides 

with the complex QRS of greater amplitude. This 

corresponds to depolarization ventricular and 

represents the deflection of greater amplitude of the 

ECG. It is consisting of three consecutive waves (the 

waves Q, R and S) which are associated respectively 

to the mean vectors of seminal, ventricular and basal 

activations, presented earlier. The process of 

ventricular repolarization is reflected in the wave T. 

In some cases, a wave, called the U-wave, of very 

low amplitude can be observed after the T wave. 

Although its physiological origin has not yet been 

demonstrated, the U wave (frequently observed in 

athletes) is often associated to late ventricular 

repolarization processes [21]. 

 
Figure 2: Waves, intervals and segments in the ECG for a 

physiological beat [21] 

In addition to waveforms, a heartbeat is also 

characterized by several segments and intervals 

(Figure 2): 

 

PR Interval: it is measured between the beginning 

of the P wave and the beginning of the QRS 

complex. This interval represents the depolarization 

of the atria and the AV node. Its normal duration is 

0, 14 to 0.2 s. This interval is used for the detection 

of arrhythmias as well as for the study of heart rate 

variability. The PR segment is the time period 

between the end of the P wave and the beginning of 

the QRS complex. It represents the transmission 

time of the front of the depolarization by the AV 

node. The ST segment: it is between the end of the 
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QRS complex (or point J) and the beginning of the 

rising phase of the T wave. This segment 

corresponds to the time during which the whole of 

the myocardial cells are depolarized and therefore, 

in the normal case, must be isoelectric. In the 

contrary case, the amplitude level and the slope of 

this segment are indicators of the ischemic state of 

the myocardium. The QT interval: the time between 

the beginning of the QRS complex and the end of 

the T wave. Represents an indication of the length of 

the depolarization and repolarization phases (mean 

length of ventricular PA). Its duration varies with the 

heart rate between 0.3 and 0.38 s [21]. 

 

Artifacts Visible on the Electrocardiogram: Any 

electrocardiographic recording may undesirable 

events that could blur the route and sometimes 

mislead the final diagnosis. These noises are 

recognizable by the experimental eye which 

identifies them before making its diagnosis. These 

disturbances have been studied and remain, for 

some, still difficult to process automatically. The 

undesirable effects can have several sources: 

technical, physical, pathological, or 

pharmacological effects. On the assumption that 

frequent electrocardiographic noises are additive 

noises, the characteristics of these noises to which 

we are going to attach ourselves are: amplitude, 

periodicity, and spectral band. Artefacts take a place 

particular in this chapter since they induce changes 

in performance of the algorithms responsible for the 

automatic analysis of the electrocardiogram. Most 

currents are presented below: 

 

 Noise from the mains. 

 Noise due to electrode movements. 

 Baseline movements. 

 Muscular noise. 

 

 

 
 

Figure 3: Noise from the mains 

 
Figure 4: Baseline movements 

 
Figure 5: Noise from movements of electrodes 

 
Figure 6: Muscle noise 

 
Figure 7: Normal ECG 

 

Disorders of rhythm and cardiac conduction under 

this name, the cardiac arrhythmias and the blocks 

heart disease. The best tool to diagnose an 

arrhythmia is the electrocardiogram in the analysis 

of the ECG, pathologies or abnormalities are 

detected and classified into their deviation from the 

ideal rhythm of sinus rhythm. Each visible deviation 

on the ECG can be attributed to a physiological 
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abnormality. For example, cardiac blocks are due to 

a conduction defect of the depolarization wave at 

through the differentiated myocardium and 

arrhythmias are generated by an ectopic focus taking 

over or supplanting the sinus node. These 

pathologies are not a patient may be affected by 

arrhythmias and heart blocks. Sections the sinus 

rhythm, heart blocks and certain arrhythmias cardiac 

function [20]. 

 

Sinus Rhythm: The sinus rhythm is the normal 

cardiac rhythm. It corresponds to a physiological 

activation of the atria and then of the ventricles, from 

the node sinus. Its rhythm is between 60 to 80 beats 

per minute with an interval regular beats between 

normal beats. The heart normally accelerates 

physical activity, in physiological circumstances 

that require an increase in metabolic demand or 

under the effect of emotions or excitants such as 

coffee, tobacco, alcohol. 

Cardiac Blocks: The heart blocks are due to a 

conduction failure of the heart differentiated 

myocardium which alters the depolarization of the 

myocardium. These breaks be more or less severe: 

braking (lengthening travel time), intermittent (a 

stimulus on 2 or 3 is conducted), or complete (no 

conduction). We will detail the four types of heart 

blocks: 

Sino-Auricular block (Block SA): The sinus node 

may not transmit stimulus to the cells of the atria. 

The consequence is that at least one complete cycle 

is not performed. After the pause, due to the block, 

the cycle resumes normally if no another ectopic 

focus triggered contraction. 

Auriculo-Ventricular Blocks (BAV): BAV is the 

alteration of conduction of the depolarization 

stimulus between the atria and the ventricles. We 

distinguishes three degrees of severity. 

 The first degree BAVs cause the 

lengthening of the PR segment to be equal 

to each cycle.  

 Second-stage BAVs reflect the momentary 

absence of QRS waves after a normal P-

wave. When the previous PR segments are 

normal, mobitz type II (Figure 8). When 

the preceding segments increase, we speak 

of phenomena of Wenckebach (or Mobitz 

type I).  

 Third degree BAVs are said to be complete, 

i.e. no depolarization reaches the 

ventricles. A ventricular or junctional 

ectopic focus plays the role of pacemaker. 

The focus is identifiable by the shape and 

frequency of the beats. Atrial and 

ventricular activities are completely 

dissociated. 

Branch Blocks: The branch block is caused by the 

blocking of the depolarization in one branch of the 

His bundle. A block in either branch causes a delay 

in the depolarization of the ventricle to which it 

belongs. The depolarization of the ventricles is 

desynchronized and the QRS complex is enlarged.  

 

Arrhythmias: The actual arrhythmias relate to the 

entry of a ectopic "focus" which may be located in 

any portion of the heart, or formation of an electrical 

circuit (called reentry in particular by the Kent 

bundles), whose location can be atrial, junctional 

(between atria and ventricles) or ventricular. The 

following paragraphs present some of the above-

mentioned arrhythmias ventricular (atrial or 

junctional) and ventricular arrhythmias. 

Supra Ventricular Arrhythmias: Supraventricular 

tachycardia (SVT) (Bouveret's disease) corresponds 

to a re-entry mechanism which can either be located 

within the atrioventricular node (nodal reentry), or 

to cover a large circuit borrowing in a direction (AV 

node and His beam) and in the other the beam of 

Kent. Tachycardia is rapid (between 180 and 220 

pulses per minute) perfectly regular, with abrupt 

beginning and end. QRS complexes are normal and 

the activity is superimposed on or follows the latter. 

Access is repeated varied intervals, but the evolution 

remains benign because there is no association 

occasional, abnormal valves, heart muscle or 

coronary artery. Atrial fibrillation (AF) is a total 

disorganization of activity electrical atrial with loss 

of rhythmic mechanical contraction of the atria. The 

auricles are traversed by multiple electric waves, 

which spread from anarchic way at a very high 

speed, greater than 350 per minute. Atrial wave 

fibrillation nodes (f) are substantially blocked in the 

atrioventricular node which acts as a filter, 

protecting the ventricles from excessive activity fast. 

External electric shock is the most effective way to 

restore the rhythm sinus (using a defibrillator). AF 

can be treated with medication (Antiarrhythmic 

drugs) and if they prove to be inappropriate, it 

becomes necessary to implant a defibrillator.  

Ventricular Arrhythmias: The extrasystolic 

arrhythmia is the most frequent. Extrasystoles are 

Ectopic beats, single or repeated, from one or more 

foci which can lead to unpleasant sensations of 

spleens, blows in the chest, Heart stops or 

palpitations. Extrasystoles are systolic phases in 

which too much that will be apparent on the ECG by 

a large QRS complex. The extrasystoles do not 

usually constitute in themselves a factor of gravity, 

their prognosis depends on the cardiac state which 
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can be absolutely normal (so-called benign 

extrasystoles) or pathological. Where there is a 

double focus ventricular doublet is referred to as the 

ventricular doublet. Bigheminisms and 

Trigeminisms are two-way rhythms. The basic 

command (usually sinus) is interrupted by beats of 

ectopic origin. When one is confronted with a 

bigeminism the QRS which belong to the basic 

rhythm are followed by an ectopic QRS with a 

succession of 1/1. We speak of trigeminism when 

we are dealing succession 2/1. Ventricular 

tachycardias (TV) represent the most common 

arrhythmias severe, they often compromise 

hemodynamics and may degenerate into lethal 

ventricular fibrillation. QRS complexes are always 

expanded and the rhythm is fast. Access to persistent 

ventricular tachycardia is a medical emergency, the 

cessation of the crisis being obtainable by 

intravenous injection of an antiarrhythmic or by 

external electric shock. When recurrences of 

tachycardia are not prevented by antiarrhythmic 

medication, the use of non-pharmacological 

methods is legitimate: surgical excision of the 

arrhythmogenic zone, implantable defibrillator. 

Ventricular fibrillation (VF) is the leading cause of 

sudden death. It can emerge from the outset, as a 

manifestation of electrical instability, in the minutes 

or hours of acute myocardial infarction or succeed to 

another arrhythmia ventricular disease in patients 

with severe cardiopathy. The contractions 

completely anarchic ventricles result very quickly in 

a cardiovascular inefficiency that is lethal in the 

absence of resuscitation maneuvers (cardiac 

massage, assisted ventilation, external electric 

shock). These last should be undertaken in a few 

minutes to avoid cerebral complications secondary 

to prolonged oxygen deprivation in the cells. 

 

 
 

Figure 8: Example of Mobitz type II 

III. DIAGNOSIS OF ARRHYTHMIAS 

The main problem in the diagnosis of cardiac 

arrhythmias is to find the seat of the ectopic focus 

which can be either supraventricular (atrial or 

Junctional) or ventricular. To do this the cardiologist 

describes the electrocardiogram according to the 

waves and intervals defined above. The purpose of 

this paragraph is to present the two main methods for 

diagnosing arrhythmias from of ECG: the analysis 

of the morphology of the QRS and the analysis of 

the relations between the activity atrial and 

ventricular. Morphological analysis the 

supraventricular arrhythmias are born above the 

bifurcation of the bundle. They are theoretically 

characterized by fine QRS because ventricular 

activation remains normal (i.e. rapid). 

Ventricular arrhythmias are, on the contrary, 

characterized by the existence of QRS complexes 

expanded and deformed. Activation occurs at any 

point in the ventricular myocardium and causes 

abnormal activation of the ventricular mass. The 

duration of the QRS is greater than 120 ms, with a 

branch block appearance. In some cases, this 

differentiation between supraventricular arrhythmia 

and ventricular can be very difficult. This is the case, 

for example, of arrhythmias supraventricular units 

associated with a pre-existing branch block, the QRS 

are then expanded whatever the focus and may be 

confused with ventricular arrhythmias.  

 

Relationship between Atrial and Ventricular 

Activity 

The analysis of electrical activity is sometimes 

difficult, especially when the ventricular rhythm is 

rapid. In case of supraventricular arrhythmias, there 

is often a constant lesion between the activity atrial 

and ventricular. In the event of ventricular 

arrhythmias, a dissociation between atrial activity 

and ventricular activity.  

In the literature, we find quite a few techniques 

applying the approaches of intelligence in the 

automated classification of the ECG, such as the 

Bayesian and Heuristics [21], Markov models [22], 

Adaptive Resonant Theory (ART) [23], vector 

support machines (SVM) [24] and artificial neural 

networks (ANN) [23-25]. ANNs have been the most 

popular choice in the field of classification of the 

ECG signal during the last two decades. This may 

perhaps due to the advances made in the ANN 

learning algorithms in the 1980s giving them a level 

of classification comparable to those already 

existing and with a significantly shorter calculation 

time [26-27]. The versatility of applications ANN 

regarding their entry variables in the field of disease-

related applications was another advantage that 
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prompted researchers to abandon traditional for 

ANN [28]. Therefore, instead of using data directly 

related to ECG such as amplitude, time intervals, 

etc., ANN s can be powered by any set of data 

extracted from the signal by signal processing. 

Several ANN architectures have been used in the 

classification and discrimination of cardiac 

abnormalities, the most commonly used perceptron 

multilayers [29], radial networks [30], self-

organizing maps of Kohonen (SOM) [31], Hopfield 

networks [32] and ART networks [33-34].  

 

IV. OBJECTIVES AND MOTIVATIONS 

Our work lies within the framework of the automatic 

analysis of cardiac disorders. Particular attention is 

paid to Premature Ventricular contractions (PVC) 

and right branch block (RBB). This thesis proposes 

an original method of classification and for 

discriminating cardiac abnormalities from a single 

chain of the ECG signal. The method is based on the 

use of two new parameters extracted from the 

spectral power density of the QRS complex to 

discriminate abnormal beats linear interpolation of 

the power spectral density (DSP) of the QRS 

complex in two different frequency intervals. The 

classification task is carried out by a network of 

neurons fed only by the two parameters that 

represent the QRS complex or more generally that 

represents a whole beat. 

The ECG signal has a high clinical value for the 

diagnosis of heart rhythm and abnormalities of 

electrical conduction. These pathologies are general 

reflected by disorders of electrical activity of the 

heart. Many techniques of signal processing were 

used for the analysis of cardiac electrical activity and 

recognized tools for the diagnosis, treatment and 

follow-up of pathologies, as well as for a better 

understanding of the dynamics of electrical activity 

heart disease. These processing techniques make it 

possible to improve the quality of the (noise 

filtering), the enhancement of relevant information 

and the extraction of information that is not visible 

through direct visual analysis. Such treatments have 

become a necessity to make the best use of data a 

quantity whose manual analysis is difficult to 

envisage. However, research for the analysis and 

classification of ECG signals have often used 

algorithms and the main purpose of which is to 

model the thinking and reasoning of an expert (the 

cardiologist). However, the definition of an ultimate 

rule for cardiac diagnosis unrealizable, and the effort 

of much research has been directed towards the use 

of techniques based on the extraction and 

classification of descriptive parameters. 

V. AUTOMATIC CARDIAC DIAGNOSTIC 

SYSTEMS 

Although work on cardiac diagnostic systems has 

made progress remarkable since the beginning of the 

work of Einthoven (1901), cardiovascular diseases 

remain one of the major causes of mortality 

throughout the world. Consequently, the intelligent 

systems that can help doctors diagnose and monitor 

sickness becomes essential. These systems should 

be easily applicable, scalable, accurate, robust, and 

stable. In addition, adaptability to rare situations is 

also desirable [35]. Intelligent surveillance systems 

emerged in the 1990s to overcome the disadvantages 

of first generation instructors [36]. Their goal was to 

integrate several sources of observations and several 

types of medical knowledge to build interactive and 

useful control systems [1].  

Their main objectives are: 

 Detect abnormal situations by signal 

analysis. 

 Predict the occurrence of abnormal events. 

 Provide therapeutic counselling. 

 Explain the underlying mechanism that 

generated the disorder. 

In these approaches, three main tasks are required: 

 The acquisition step, where the acquisition 

of the ECG signal and patients are 

collected. 

 The signal processing step which processes 

the acquired ECG signals and generates 

descriptors. 

 The diagnostic step, which aims to detect 

pathologies on the basis of stages of the 

previous treatment. 

 

Figure 9 illustrates this general learning regime for 

ECG classification. The signal processing step has 

already been formalized by some authors [37] and 

[38]. Various methods of automatic ECG 

classification can be found in the literature. 

However, the processing process can be generally 

subdivided into a number of treatment: 

 The step of detecting the R wave or the QRS 

complex. 

 The step of selecting or extracting the 

parameters. 

 The classification or recognition stage. 

 The step of detecting the R wave or the QRS 

complex. 
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Figure 9: Schematic representation of an ECG signal classifier 

 

The aim of the implementation of the pre-treatment 

block is the location of the different of the ECG and 

their duration (although the QRS complex is the 

most important). The accuracy of detection of each 

cardiac cycle is of great importance as it contributes 

significantly to the results of classification. 

Selection / Extraction of Relevant Parameters: In 

the majority of cases, detection of abnormal waves 

requires a step preliminary selection or extraction of 

the most relevant parameters, (in the time, for 

example: duration, slope, amplitude of waves, etc.).  

Optimization: The selection of parameters can be 

included in this process, whereby the characteristic 

vector is reduced in size, retaining only the 

characteristics more relevant to discrimination and 

sometimes assisted by knowledge or rules. 

Classification or Discrimination (Pattern 

Recognition): The step of recognizing the anomalies 

implies the development of a system which can be 

used to process the parameters selected in the 

previous step. A large number of learning methods 

has been used to identify the different types of 

cardiac pathologies. Several methods and techniques 

have been proposed in the literature. Some of these 

methods are based on the interpretation of models 

such as multi-stage Kalman filters [39] or models of 

hidden markov [22]. 

 

VI. ARTIFICIAL INTELLIGENCE AND ECG 

In the literature, there are many techniques that 

apply artificial intelligence [40] and in particular 

neural networks [23], [25] for the analysis of the 

ECG. The work of Mark et al. [25] shows that neural 

networks and, in particular, the MLP network and 

the self-organizing map (SOM) are used for 

classification purposes. Other approaches, such as 

the Bayesian and heuristic approach [21] and 

Markov models [22] were also tested for 

classification of the ECG signals. ART (Adaptive 

Resonant Theory) has been applied to a variety of 

fields ranging from medical applications, such as the 

classification of ECG models [23], to semantic 

processing of data. Barro et al., [41] used the theory 

MART (Multi Channel Adaptive Resonance 

Theory) to classify ECG signals. The 

implementation of results show that this classifier 

can discriminate the normal beats of ventricular 

beats with an accuracy of more than 90%. Olmez 

[42] in his work on the classification of the 

waveforms of the ECG classified 4 types of beats 

such as normal beat, left branch block, premature 

ventricular contraction, and p-type beats using an 

RCE (Restricted Coulomb Energy) neural network 

and the genetic algorithms and it obtained a 

precision of classification of more than 94%. Several 

studies have confirmed the performance of neural 

networks for the detection and the recognition of the 

abnormal ECG. The use of the neural network for 

the analysis of ECG signal offers several advantages 

over conventional techniques. So the networks of 

neurons have emerged as a serious claim of strongly 

non-linear nature and chaotic ECG. In what follows, 

we will perceive the different field application of 

artificial neural networks in discrimination and 

classification. Cardiac pathologies based on the 

processing of ECG signals. 

 

Utilization of ANN in the Classification of Heart 

Arrhythmia 

The use of ANN in the discrimination of large QRS 

complexes as in case of ventricular tachycardia (VT) 

and supraventricular tachycardia (SVT) was the 

subject of much research in electrocardiography. In 

fact, the premature detection of ventricular 

fibrillation (VF) is decisive in the risk of sudden 

death, rapid detection allows the specialist to have 

more reaction time (intervention) for give 

appropriate treatment to the patient. Several 

techniques using ANN have been developed to 

establish criteria for the differentiation of VT among 
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Batteme Nts [1]. Al-Fahoum et al. [43] used wavelet 

transforms (continuous and discrete) in the phase of 

parameter extraction, the vector of parametric 

wavelet extract is then used as input of a network of 

RBF-type neurons in the purpose of automatic 

arrhythmia detection. In [44], Rosado-Muñoz et al. 

Bind a Daubechies wavelet and an RBF network, an 

overall correct classification of 97.5% was obtained, 

with 100% correct classification for both ventricular 

fibrillation and ventricular tachycardia. Chapter III 

Discrimination and classification of cardiac 

abnormalities by ANN 48 An important part of the 

area of research on the detection of arrhythmias 

seconcentre on the detection of paroxysmal atrial 

fibrillation (PAF). A neural network system for the 

detection of atrial fibrillation in the ambulatory 

electrocardiogram has been developed by Cubanski 

et al [45]. The classification algorithm uses a rhythm 

analysis that takes into account a series of RR 

intervals resulting from the ECG signal.This is 

combined with an analysis of the morphology of the 

different waves of the signal which sees the 

characteristics of the non-QRS parts of the ECG. A 

neural network of typeMLP was used in the 

classification phase. The technique was validated by 

a database consisting of 42,970 examples of atrial 

fibrillation (AF) and other disorders of the 

supraventricular rhythm, the algorithm showed a 

sensitivity of 82.4% and a specificity of 96.6% .5. 

Behavior Discrimination PVCLa detection of 

premature ventricular contraction (PVC) has also 

attracted the attention of many researchers. In Ham 

and Han [46], for example, the authors use the 

Adaptive Resonance Theory Mapping (ARTMAP) 

theory to classify cardiac arrhythmias. Two types of 

beat were analyzed: normal beating and abnormal 

beating of PVC type. The results of the test showed 

that the ARTMAP-based neuron network can 

classify cardiac arrhythmias with more than 97% 

sensitivity and 99% specificity. Later, Maglaveras et 

al [47] proposed a non-linear pre-treatment of the 

ECG signal Anda classification which uses an 

algorithm based on an ANN. The technique has been 

applied to the PVC detection problem yielding good 

results. A method of detecting PVC from Holter 

recordings has been proposed by al Shyu. [12]. The 

method takes into account the information used 

when the QRS complex is detected by a wavelet 

transform and then a fuzzy neural network (FNN) is 

used in the declassification phase. An accuracy for 

the classification of PVC was approximately 99.8%. 

Lagerholm et al. [48] used Hermite's basic functions 

(HBF) and an SOM network for the purpose of 

classifying ECG signals. The structure of the SOM 

network has been beneficial in interpreting the 

experimental data. In Acharya et al. [49], the authors 

developed an ANN with fuzzy relations for the 

classification of cardiac rhythms. The phase of the 

extraction of the parameters in this case is based on 

the measurement of the variations of the cardiac 

rhythm. The results indicated a high level of 

efficiency, with a level of accuracy of 80 to 85%. 

Wieben et al [50] developed a classifier based on a 

bench device filters and decision trees (filter bank 

features and decision trees). The algorithm achieved 

a sensitivity of 85.3% and a positive prediction of 

85.2%. A complex method QRS classification which 

uses the Mahalanobis distance as the criterion of 

classification was developed by Moraes et al [51]. 

The classifier was tested on 44 recordings of the 

MIT-BIH database and the results were 90.74% for 

the sensitivity and 96.55% of positive prediction. A 

classifier powered by twenty-six parameters of two 

derivations was also proposed by Christov et al. 

[52]. This algorithm has been tested on all records in 

the MIT-BIH database. They have achieved 99.7% 

correct detection of normal beats and 98.5% of beats 

premature ventricles. A PVC beat classifier based on 

the transformation into wavelets and time intervals 

RR was proposed by Inan et al [53]. This classifier 

has achieved a classification accuracy of 95.16% for 

93.281 beats of 40 Recordings. Chen [54] proposed 

a PVC beat detector based on a filter nonlinear 

average. It reported a sensitivity of 97.8% and a 

specificity of 99.7% for 34 records from the MIT / 

BIH database. Asl et al [55] used a method based on 

a Vector Vector Machines (SVM) classifier for PVC 

discrimination. Fifteen Heart Rate Variability 

(HRV) signal parameters were used and one 

accuracy of 98.96% was obtained. 

 

Problems related to the Detection and 

Classification of Cardiac Disorders 

Several problems have been encountered in the 

detection and classification of cardiac disorders 

research in various research that is summarized as 

follows: 

 The ECG signal generally exhibits high 

inter- and intra-patient variability, 

morphology and synchronization. 

Therefore, the realization of a classifier 

with a high degree of accuracy for a large 

number of patients is a problem very 

difficult to address. Parameters extracted 

from the ECG signal are very susceptible to 

variations the morphology of the ECG, its 

temporal characteristics and the subjects 

treated. 

 Parameter extraction processes are 

confronted with the question of identifying 
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what are the most appropriate (relevant) 

parameters that will facilitate the process 

global diagnostics among hundreds of 

parameters that are available. 

 The detection process must be fast for real-

time execution. 

 

Generation of Descriptive Parameters 

The identification and classification of models, 

including ECG signals, (Extraction) of the 

descriptive parameters that characterize these 

models allowing their differentiation in class. The 

extracted parameters represent the classes in such a 

way that the differences in the morphology of the 

ECG waves are suppressed for the same class of 

beats, and this difference is enhanced for waveforms 

belonging to different classes. In practice, it is clear 

that there is a wide variety of wave morphologies 

among the beats of the heart belonging to a class, 

and even to the same patient. Moreover, the beats 

belonging to the different classes are sometimes 

morphologically similar. They sometimes occupy a 

similar range either in the temporal or frequency 

scale; then, it is difficult to identify one from the 

other on the basis of a representation in time or 

frequency. 

 

Unsupervised Study Techniques and their 

Applications in the Classification of the ECG 

The unsupervised classification typically aims at 

grouping a set of models) without having 

information a priori on the classes. The system must 

learn the similarities that exist between the data to 

be grouped. The main results such approaches are a 

set of classes (models). A non-classification process 

supervised can be implemented according to the 

following steps [3]: 

Model representation: it refers to the definition of 

the number of models available, the type, and the 

scale of the parameters available to the algorithm of 

grouping (clustering algorithm). The extraction and 

selection of the parameters are the components of 

this task. 

Choice of distance or measure of similarity: the 

definition of a measure of similarity between model 

pairs is essential to algorithm of grouping. Some 

grouping algorithms can be implemented by the 

application of different metric distance. Other 

techniques are designed for a single type of distance 

functions. Approaches to distance or similitude of 

measurements were intensively studied [56, 57]. The 

most similar measure of similitude is the Euclidean 

distance. The smaller the distance, the greater the 

similarity. The calculation of the distances between 

the model pairs that are represented by different 

types of parameters may not be an insignificant task 

and the choice of a distance measurement is 

therefore dependent on the data and the application 

[58]. 

Choice of the Algorithm Grouping: grouping 

algorithms have disadvantages and limitations too, 

which may depend on the statistical nature of the 

data to be studied, the domain of the problem, and 

the needs of users [59]. There is no clear consensus 

as to whether the best algorithm can be identified for 

a particular problem since different algorithms can 

reveal various aspects of the data studied. 

Traditional examples of these algorithms include 

different types of hierarchical grouping, the K-

means algorithm and the self-organized Kohonen 

map. 

Validation of the Model: Validation or evaluation of 

grouping results is a fundamental task in group 

analysis [59] and [60]. Given the putative models 

produced by an algorithm, it is essential to answer 

questions such as: what is the significance of this 

distribution in terms of the number of models and 

the assignment of models? Are these models 

significant? This task becomes more complex in the 

absence of objective criteria and knowledge to 

interpret the quality of models [61]. 

 

The advantages and disadvantages of ANNC 

Therapy 

As presented in the previous sections, have proved 

to be a powerful tool in the development of cardiac 

diagnostic systems in recent decades. In Partridge et 

al. [62], several advantages of ANN And manual 

analysis in medical applications have been 

identified: 

 Implementation of systems is possible 

through the use of descriptive parameters 

instead of predefined disease rules. 

 ANN can deal with noises and new 

situations, an automatic way for the 

generalization of data. 

 ANN can be automated for real-time 

analysis and in a fast and reliable way. 

 ANN eliminates errors due to human 

fatigue and routinely. 

 ANN can also process large amounts of 

data.  

However, a clear gap exists between the theoretical 

properties of ANNs and their true implementation in 

clinical practice, this is mainly due to special 

characteristics and conditions, and a method is 

acceptable in this field. Although ANN has been 

successful in many clinical applications, there are 

some weaknesses seen by the medical community 

such as the outcome of interpretation of decisions or 
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the complexity of the formulation that may limit 

their acceptance in this area. This is because, despite 

the wide acceptance in other fields of application, 

the use of ANN in medicine requires additional 

efforts in terms of assessing the stability and 

robustness of the model, which in the most disease, 

is not performed. These are important concerns that 

need to be addressed. In this paper, we review the 

main problems in the literature that develop an ANN 

for the ECG classification problem. The main 

question is the quality and representativeness of 

available data which are particularly appropriate in 

the diagnosis of cardiac pathologies. In this context, 

the majority of databases contain little data, sonar 

annotations, and all types of noise and so on. These 

problems greatly affect the classifier. The main 

problem is due to the presence of various types of 

noise (slow baseband drift, high-frequency noise, 

and impulsive noise) and the great variability of the 

signals, which depend on the patient and also change 

over time. Clearly, a gap still between academic 

results and results observed in clinical practice, 

where high rates of false detections are found. [63]  

In the classification / diagnosis stages, four main 

problems exist: 

 First is how to define the diagnostic classes. 

 Second is how to choose the classifier.  

 Third is how to form the chosen classifier, 

and  

 Fourth is how to measure the quality and 

performance of the classifier.  

Standardization of Diagnostic Classes: The most 

significant problem in automated classification is 

that few workers have faced the problems of 

standardization, the rules of classification, and the 

definition of the information that should be 

considered during diagnosis [64]. This affects 

mainly classifiers based on predefined rules because 

they depend on the knowledge provided by the 

human expert, which in some cases can be based on 

trial and error procedures. These problems may 

explain the recent popularity of ANN, where no rule 

is required at the beginning. 

Choosing the Most Appropriate Classifier: The 

MLP network with gradient back propagation as 

learning algorithm is the most used neural network 

in the task Of the ECG signal classification. 

However, several benefits and improvements can be 

achieved by employing other types of more refined 

neural networks. Researchers often use sophisticated 

approaches to solve simple problems and vice versa. 

In Selker et al [65], the authors noted that the 

performance degradation and lack of interpretation 

of the MLP by comparing it with simpler models. 

They concluded from this study that the choice of 

classification technique should be made on the basis 

of the specific needs of the application, rather than 

assuming that the methods already tested are 

intrinsically more powerful than the others. 

Development Model: The problem of selecting the 

classifier and the most appropriate methodology for 

developing the model in a given classification 

problem of the given ECG is related to several 

aspects. For example, researchers will have to think 

before choosing a family of classifiers to suit the 

problem, i.e., the ability to process noise and 

dynamic signal changes, work effectively with the 

high dimensions of space As well as the use of a 

reduced set of data in the learning step. In addition, 

the risk falls in local minimums, the study algorithm 

is specific, or the need for techniques to avoid over-

modelling overfitting. These issues should be 

discussed in the specific context of the application. 

Accuracy Assessment: Some suggestions for the in-

depth evaluation of intelligent medical decision 

support systems based on ANN are provided in [66]. 

The authors have reviewed some concepts necessary 

for the evaluation of the accuracy of systems. As 

they indicated, several mathematical concepts used 

by researchers are not known in the medical 

community and vice versa. As a result, sometimes 

an ANN is evaluated in terms of criteria that are 

significant for the community of researchers but 

with little benefit to the medical community. This 

implies that ANNs will have to be compared to 

accepted medical standards. In addition, a 

comparison should be made to demonstrate accuracy 

by using a widely recognized set of measures and 

criteria. 

VII. CONCLUSION 

This paper provides an overview of the various steps 

involved in an automated cardiac diagnosis system. 

The use of artificial intelligence techniques in the 

treatment of the ECG signal, including ANN, as well 

as problems related to the detection and 

classification of cardiac disorders are also discussed. 

A part of the chapter is devoted to the presentation 

of a state of the use of artificial intelligence in the 

design of automatic systems of cardiac diagnosis, 

especially the use of neural networks in the 

classification stage. We have finished this chapter 

with the Advantages and disadvantages of ECG 

treatment by ANN. 
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