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General Introduction 

Background and context 

Biological signals serve as the fundamental medium for communication within the human 

body. These signals, which include electrical, mechanical, optical, chemical, and thermal forms, 

facilitate the coordination between tissues and organs and are critical for monitoring 

physiological health, diagnosing disease, and supporting a wide array of applications. 

Technological advancements have transformed these signals into valuable tools for developing 

bionic organs, biometric authentication systems, and smart health monitoring solutions. Among 

these signals, the electrocardiogram (ECG) stands out for its vital role in assessing cardiac 

function. However, interpreting such signals poses challenges due to their complexity and high 

dimensionality. Artificial Intelligence (AI), particularly machine learning and neural networks, 

has become essential in extracting meaningful patterns from biological signals. This is 

especially important when detecting life-threatening conditions such as Wolff-Parkinson-White 

(WPW) syndrome, which can lead to severe tachycardia and sudden cardiac events. Casualties 

of such pathology unfortunately exists in Algeria. 

Motivation 

The ability to detect and interpret biological signals is central to advancing our 

understanding of human physiology. These signals offer noninvasive windows into bodily 

functions and pathologies. However, some conditions, such as WPW syndrome, are intermittent 

and may remain undetected during routine clinical examinations. This highlights the need for 

autonomous clinical systems capable of continuous monitoring and timely detection. Such 

systems not only improve diagnostic accuracy but also serve as life-saving tools by identifying 

critical conditions before they escalate. The motivation for this research lies in enabling more 

responsive and intelligent healthcare systems that can autonomously interpret biological signals 

to detect transient or rare disorders. 

A substantial body of work has investigated the processing of biological signals, particularly 

the ECG, for various medical and non-medical applications. Earlier studies have applied 

heuristic algorithms for QRS complex detection [1], while more recent approaches incorporate 

machine learning and deep neural networks for arrhythmia classification [2], cardiac imaging 

[3], biometric identification [4], and emotion recognition [5]. Techniques such as Convolutional 

Neural Networks (CNN), Long Short-Term Memory (LSTM) networks, and hybrid models have 

been developed for tasks ranging from detecting myocardial infarction [6] to predicting sudden 
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cardiac death [7]. Biometric systems have employed ECG signals for robust identity 

verification, while affective computing has utilized ECG in detecting emotional states. Despite 

this progress, challenges remain in delineating ECG components accurately, especially under 

pathological conditions. 

Problem statement 

Several critical problems persist in the current landscape of biological signal analysis. First, 

biological signals are inherently complex and unfamiliar to new researchers, posing a steep 

learning curve. Their heterogeneity in origin, dynamic nature, and physical form creates an 

almost limitless range of signals, making standardized approaches difficult. Second, no method 

in the literature has been established to detect the delta wave of the WPW pattern, a key 

diagnostic feature. Third, ECG signals with independent rhythms of the P wave and QRS 

complex, such as those seen in third-degree atrioventricular blocks, pose significant difficulties 

in waveform delineation. These unresolved issues underscore the necessity for new 

methodological frameworks capable of handling signal variability and pathology-specific 

features. 

Research objectives 

This thesis addresses the aforementioned challenges across three chapters, each contributing 

to a layered understanding of biological signal analysis through the lens of AI. Chapter I lays 

the groundwork by offering a comprehensive overview of biological signal types, their 

classification, and specific attention to the ECG. Chapter II introduces a novel machine learning-

based approach for detecting WPW syndrome with a focus on identifying the delta wave. 

Chapter III enhances peak detection and delineation using reinforcement learning and LSTM to 

improve the accuracy and efficiency of ECG interpretation, particularly for complex cases such 

as atrioventricular blocks. 

Thesis structure 

Chapter I begins with a general framework for categorizing biological signals based on 

origin, dynamics, and physical form. The focus then shifts to the electrocardiogram, covering 

its acquisition techniques, signal characteristics, and diagnostic significance. The chapter details 

the use of ECG in four major application areas: heart imaging, disease detection, biometric 

authentication, and emotion recognition. It also presents a statistical study on the performance 

of various heuristic-, machine learning-, and neural network-based approaches in these domains, 

highlighting trends, datasets, and methodological comparisons from the literature. 
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Chapter II delves into the detection of Wolff-Parkinson-White (WPW) syndrome. WPW is 

a rare and intermittent heart condition often overlooked due to its transient nature. The chapter 

introduces a new peak analyzer based on a three-parameter model that enables the detection of 

prominent ECG features, including the elusive delta wave in seven steps. By applying machine 

learning classifiers such as k-nearest neighbors, Naïve Bayes, and artificial neural networks, the 

method achieves accurate identification of P, Q, R, S, T, and delta peaks. The chapter 

emphasizes the clinical importance of early and automated detection of WPW, given its 

association with tachycardia and potential for fatal outcomes. 

Chapter III builds upon the method developed in Chapter II by addressing its limitations, 

particularly in accurately delineating ECG waveform boundaries. A two-parameter peak 

analyzer is introduced and optimized using reinforcement learning, reducing the number of 

samples while maintaining signal integrity. This efficiency enables the use of LSTM networks 

for detailed classification and delineation of fiducial points (onsets, peaks, and ends) of the ECG 

waveform components. The approach targets complex ECG scenarios such as third-degree 

atrioventricular block, where P wave detection is nontrivial. The chapter also discusses the 

critical importance of speed in real-time applications, affirming the feasibility of the proposed 

method for continuous monitoring systems. 
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Chapter I. ECG position in biological signal 

family: machine learning applications 

I.1. Introduction 

The human body functions with multiple connected tissues that cooperate to keep the body 

properly alive for as long as possible. The cooperation of the tissues requires a means of 

communication for signaling transmission. The transmitted signals are named biological signals. 

Generally, any activity monitored or recorded from an organism in any form (electrical, 

mechanical, optical, thermal, etc.) is categorized as a biological signal. Scientists implement 

biological signals for monitoring the health of the body tissues, discovering the functionality of 

the tissues, and in other experiments such as bionics and biometrics. The interaction with 

biological signals is getting more reliable in different aspects, such as medical diagnosis where 

the electrocardiogram (ECG) for example is a tool for extracting the cardiac electrical activity 

for the detection of arrhythmias and heart pathologies. Additionally, the signal could also be 

used for estimating the respiratory rate [8], [9] and measuring the number of breaths per minute. 

Another aspect involves harnessing hidden biological signals for creating bionic organs such as 

the heart pacemaker, which monitors the electrical activity of the heart and regulates the heart 

rate if needed. Artificial limbs as prostheses also interact with the electromyogram (EMG) to 

simulate the job of real limbs [10], [11]. Some artificial products may cause incurable side 

effects, requiring commercial industries to perform safety assessments before acquiring 

administrative approval to enter the market. Biochemical tests for example play a role in 

monitoring the side effects of therapeutic drugs and assessing the safety of newly produced 

drugs [12], [13]. Cars could also benefit from the ECG signal and eye tracking [14] for assessing 

the emotion and behavior of drivers, ensuring road safety. These limitless sources of data 

consequently imply the existence of sensitive data. Biological signals such as face-, finger-, and 

iris-prints are also feasible as authentication methods to secure individuals’ sensitive data. The 

advance of technology also opens possibilities for mining big data for building smart systems 

based on heuristic approaches or machine learning which neural networks are currently taking 

its lead and widening the set of application possibilities with different neural network 

architecture designs such as Convolutional Neural Networks (CNN), Recurrent Neural 

Networks (RNN), and lately the Transformers. 

This overview chapter will highlight a general image of biological signals and present the 

state of the art of ECG analysis in detail. The rest of this chapter is structured as follows. Section 

I-2 covers the related works in biological signal applications in general and the ECG analysis 
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surveys in particular. A general view on the biological signals and suggested ways of classifying 

the unlimited types of biological signals are included in Section I-3. Section I-4 focuses more 

on the acquisition procedure and the characteristics of the ECG signal. Section I-5 introduces 

the possible objectives using the ECG signal, namely imaging, disease detection, biometric 

authentication, and emotion recognition. Section I-6 presents a statistical study on the different 

neural network- and non-neural network-based approaches proposed in the literature and their 

contributions to ECG analysis in the 4 aforementioned objectives. A discussion on the recent 

focus of the ECG applications with the limitations introduced is included in Section I-7, and 

Section I-8 concludes this chapter. 

I.2. Related works 

The limitless varieties of biological signals also engage the limitless applications to harness 

such signals. In the literature, Bouzid et al. [15] applied random forest as a classifier for the 

detection of culprit lesions from the ECG signal. Savadkoohi et al. [16] used the 

electroencephalogram (EEG) for predicting epileptic seizures with K-nearest neighbors (KNN) 

and support vector machines (SVM) as classifiers. Menon et al. [17] extracted features from the 

EMG signal using a hyperdimensional computation (HDC) approach and were able to 

accurately recognize six hand gestures. Terranova et al. [18] leveraged the deep learning model 

named YAMNet for sound classification, which was implemented in separating the wind sound 

from biological signals recorded in the wild. From the sensors’ point of view, Yan et al. [19] 

developed a motion sensor named flexible arc-shaped triboelectric nanogenerator (F-TENG) for 

harvesting biomechanical energy. The applications are diverse and endless. However, focusing 

back on capturing the general image of biological signals facilitates the forward steps to harvest 

the best from such signals. Kaniusas [20] proposed three ways of classifying biological signals 

in his book named “Biomedical Signals and Sensors I”. Therefore, this chapter will adopt and 

develop the proposed classification approach in the literature and lean towards the 

electrocardiogram applications specifically. The related works conducted a survey on the ECG 

signal processing steps [21], a survey on the ECG analysis using both time-frequency and 

machine-learning approaches [22], and introduced a review of the time-frequency methods 

applied to the ECG analysis [23]. This overview however will introduce the state of the art of 

the applications of the electrocardiogram in heart imaging, disease detection, biometric 

authentication, and emotion recognition. 
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Figure I-1: Origin of biological signals [24]. (a) endogenous, (b) exogenous, (c) induced 

endogenous. 

I.3. Biological signals: an overview 

Any activity that occurs in time from an organism is considered a biological signal. The 

form of the signal could be electric, mechanical, optic, thermal, and many others. Some 

organism activities could be recorded in more than one form, such as the heart activity, which 

is recorded in at least electric, magnetic, and acoustic form, depending on the applied acquisition 

methods, which are evolving. Therefore, a better approach to understand and harness the 

unlimited biological signals is to start from the big picture. Such an approach is proposed by 

Kaniusas [20], which classifies biological signals based on the origin, the dynamic nature, or 

the physical form of the signal. 

I.3.a. Origins 
The acquisition method of the biological signal determines the origin of the signal. Kaniusas 

[20] classified the signals according to this criterion into permanent (endogenous) and induced 

(exogenous) signals. Semmlow [24] also proposed an additional class named induced-

endogenous biological signals. 

• Endogenous biological signals as depicted in Figure I-1 (a) are generated from inside the 

body and do not require an external excitation. The signal also exists permanently as long as 

the tissue is alive. Examples of such signals are body temperature, breath sounds, and ionic 

electrical signals. 
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Figure I-2: Dynamic nature of biological signals. (a) quasi-static, (b) dynamic [25], [26]. 

• Exogenous biological signals are first generated from an external energy source, where 

tissues from inside the body will influence the received energy, absorb a portion then reflect 

the rest of the energy to the examining system. Such a group is named exogenous biological 

signals or induced biological signals. The signal is not permanent and exists only during 

excitation. X-ray imaging as shown in Figure I-1 (b) or temperature remote sensing is an 

example of such signals. 

• Induced endogenous biological signals are a sort of combination of the two previous 

methods, where the body generates the biological signal only after being injected with an 

external energy source. The signal is not permanent and does not last long after the injection. 

An example of this is positron emission tomography (PET) as shown in Figure I-1 (c) [27]. 

I.3.b. Dynamic natures 
The dynamic nature of the biological signal is related to the speed of its energy variation 

with respect to time. The energy variation of the biological signal could be quasi-static, or 

dynamic. 

• Quasi-static biological signals vary their energy in a slow manner over time, such as the 

insulin secretion as depicted in Figure I-2 (a), and body temperature. 
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• Dynamic biological signals are characterized by rapid energy variation, such as the 

electroencephalogram (EEG) depicted in Figure I-2 (b), photoplethysmography, and 

electrocardiogram (ECG). 

I.3.c. Physical forms 
The common forms of biological signals are electric, magnetic, mechanic, optic, acoustic, 

chemical, and thermal. 

• Electric biological signals were discovered from the study of muscles and the nervous system 

[28]. Hence, the signal is also called a bioelectric signal, which is the result of 

electrochemical passages in cellular systems. Electrocardiogram (ECG), 

electroencephalogram (EEG), and galvanic skin response (GSR) are examples of bioelectric 

signals, which are mostly used in medical studies and pathology diagnosis [29] such as 

epileptic seizure prediction using the EEG [16] and stress detection using GSR [30]. A way 

of acquiring ECG signals is illustrated in Figure I-3 (a) [31]. 

• Magnetic biological signals follow the existence of bioelectric signals [32]. The intensity of 

the magnetic biological signal, however, is much weaker and requires very complex 

magnetometers called Super-conducting quantum interference devices (SQUID) with very 

precise sensitivity [33] as shown in Figure I-3 (b) [34]. Some examples of magnetic 

biological signals include magnetoencephalography (MEG), magneto-neurography (MNG), 

and magnetocardiography (MCG). 

• Mechanic biological signals, also named biomechanics, are motions that occur in biological 

systems at each level of the system, starting from the cell, to the tissue, and the whole-body 

motion. Biomechanics applies the laws of physics [35] and can be measured using different 

motion sensors, which could be optical transducers such as cameras as depicted in Figure I-3 

(c) [36], vibration transducers such as microphones and accelerometers, or movement 

detectors using distance differentiation such as radars, and sonars. Biomechanic signals are 

mostly used in detecting diseases related to tissue movements [37] and in recording the 

kinetic energy of muscular tissues during movements for pattern recognition, which could be 

used in prostheses [38] and various other applications [19]. 

• Optic biological signals may be intrinsic to an organism such as bioluminescence, or 

extrinsic using an external source of light [39]. For the human body, light is generally 

projected into the organism, which by its optical structure influences the projected beams 

with absorption or reflection. Blood veins for example can be visible under the skin to the 

camera after being introduced to near-infrared light [40] as illustrated in Figure I-3 (d) [41]. 

Other applications include using optic biological signals as biosensors for unveiling hidden  
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Figure I-3: Ways of acquiring biological signals in different physical forms. 

substances such as toxins in polluted water [42] and cancer tumors [43], they are also used 

in microscopy imaging such as digital holographic microscopy [44] and in analyzing 

physiological parameters such as depression recognition using remote 

photoplethysmography [45]. 

• Acoustic biological signals are considered biomechanical signals specified for motions that 

produce acoustic vibrations. The respiratory system and heartbeats produce unique acoustic 

sounds, which can be measured using microphones for example as shown in Figure I-3 (e) 

[46], and processed for diagnosis [39] or as a biometric parameter for distinguishing 

individuals’ sounds [47], [48]. 

• Chemical biological signals, also named biochemical signals, are communications between 

multicellular organisms, which are carried out by extracellular signals or messengers 

originating from the environment of an individual cell. These messengers make the 

coordination of individual cells possible. A biochemical process is the response of a cell to 

an extracellular messenger after it binds to the cell surface receptor, which is called signal 
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transduction [49], [50]. This process affects in concentration of various chemical substances 

that can be measured. Monitoring glucose from dermal interstitial fluid [51] as shown in 

Figure I-3 (f) is an example of a biochemical signal. Another example includes protein-ligand 

interaction prediction using machine learning for determining the efficacy and safety profiles 

of drugs in production [52]. 

• Thermal biological signals reveal the thermal behavior of the body, which can be used to 

determine the physiological response of parts of the body during a failure [53] since the 

increment of temperature is a way of defense against tumor cells, to prevent the spread of 

affected cells by malignancy [54]. Thermometers in this case are used as a way of measuring 

temperature in different parts of the body such as thermal cameras as shown in Figure I-3 (g) 

[55]. Other applications include facial emotion recognition by measuring facial skin 

temperature [56]. 

I.4. Electrocardiogram: Acquisition and characteristics 

The electrocardiogram (ECG) is an endogenous dynamic biological signal of an electric 

type. It represents a recording of the heart activity during the depolarization and repolarization 

of the atria and ventricles, allowing for the observation of the overall rhythm of the cardiac 

activity, to reveal abnormalities of different kinds of arrhythmia [57]. The signal is mostly 

converted from an ionic electric signal to an electronic signal using transducers named 

electrodes. These electrodes measure biopotentials generated by the movement of ions across 

cell membranes from within the biological tissue. The electrodes are placed non-invasively on 

the skin, and depending on the implemented lead-positioning, the placement of the electrodes 

can be anywhere on the body. The most commonly known positioning is the 12-lead positioning 

using 10 electrodes, where 6 electrodes are placed on the chest and 4 on the limbs. A chosen 

difference of potentials between these 10 electrodes creates 12 signals named 12-lead [58]. As 

shown in Figure I-4, each lead exhibits information about the heart on one axis originating from 

the center of the heart, and follows a direction depending on the placement of the electrodes that 

make up the lead. Most of the leads include three ECG characteristic waves named P wave, QRS 

complex, and T wave as depicted in Figure I-5. The P wave corresponds to the depolarization 

of the atria, the QRS complex to the depolarization of the ventricles, and the T wave to the 

repolarization of the ventricles. The repolarization of the atria is hidden under the QRS complex 

(the depolarization of the ventricles). The segment between the T wave and the P wave 

represents a horizontal line named the isoelectric line. A wave that is above the isoelectric line 

is positive, and vice versa for a wave below the isoelectric line. A positive ECG wave indicates 

that the biopotential is moving towards the lead or the electrode, in which the heart muscle cells  
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Figure I-4: ECG standard 12-lead axis orientations [59], [60]. 

 

Figure I-5: ECG signal components [61]. 

become electrically excited and eventually cause either the contraction of the cells for pumping 

the blood out of the heart in the event named depolarization, or the relaxation of the heart in the 

event named repolarization. The negative ECG wave indicates that the biopotential is moving 

away from the lead, also during the electrical excitement of the heart in both events 

(depolarization and repolarization). 

I.5. Applications of electrocardiogram 

The ECG signal is usually stored as binary data, capable of being processed digitally for 

fast analysis and transmitted in a short period. Because digital technology advances have 

remarkably increased, signal processing applications have the benefit of enhancement and have 

led to involvement with big data with less effort. Many algorithms have been developed for  
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Figure I-6: Extraction of the trajectory of the QRS wave using Boonstra et al.’s method [62]. 

implementing big data for prediction purposes. The algorithms vary based on memory usage, 

interpretability, and the type of output. The criteria of the researcher decide the algorithm to 

work with. K-nearest neighbors (KNN) [63] and Naïve Bayes [64] for example are better in 

interpretability since they don’t require complex learning computation. However, KNN requires 

more memory since it stores all the training data, unlike Naïve Bayes, neural networks, and 

support vector machines (SVM) where the training focuses on optimizing finite functions. The 

time complexity of the optimization also varies according to the number of parameters of the 

model. For instance, KNN has only one key parameter (k, the number of neighbors), making it 

computationally efficient during training. Naïve Bayes requires very few parameters, while 

SVM, functionally similar to a neural network with one hidden layer, has moderate complexity. 

In contrast, deep neural networks with multiple interconnected layers contain the highest 

number of parameters, drastically increasing their optimization time. However, a low number 

of parameters might introduce limitations to the algorithm, as Naïve Bayes and SVM are only 

classification algorithms, whereas KNN and neural networks can be used for both classification 

and regression. The available database [65] and objective of the research decides the type of 

output as being classification or regression. Currently, such research objectives focus on heart 

imaging, disease detection, biometric authentication, and emotion recognition. 

I.5.a. Heart imaging 
The visual reconstruction of the electrical activity of the heart is a practical option for the 

observation of the myocardial tissue in a computer-generated imagery using electrodes placed 

non-invasively on the skin. Recently, many studies worked on locating the source of the pacing 

site using methods based on neural networks [3], [66], [67], and heuristic approaches [68];  
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Figure I-7: Extraction of the adjacency matrix from the time series data [69]. 

others worked on identifying the site of ischemic changes [70], motion estimation of a beating 

heart [71], and the reconstruction of the position and orientation of the heart while being affected 

with respiratory motion [72]. Boonstra et al. [62] for example utilized the trajectory of the 

activation and recovery of the heart for identifying the anatomical location of the bundle branch 

block (BBB). For the extraction of the trajectory, they applied a process named “CineECG” [73] 

as illustrated in Figure I-6. The trajectory is built from the vectors of the heart potential 

movements named “mean temporo-spatial isochrone” (mTSI) [73], [74]. The direction of an 

mTSI vector follows a resultant named “vectorcardiogram” (VCG) [73], [74], which is extracted 

by adding the vectors directed between the position of each electrode and a chosen reference 

position in the heart. The difference between mTSI and VCG trajectories is that the stacked 

vectors of the mTSI trajectory have the same magnitude, which is the propagation velocity 

chosen as 0.7m/s, whereas the magnitude of each vector in the VCG trajectory follows the 

potential measured from the electrodes directing the vector. The classification of CineECG 

trajectories facilitated the discrimination between normal, right bundle branch block (RBBB), 

and left bundle branch block (LBBB) cases. However, their computations were based on a 

standard anatomical heart/torso model of a 58-year-old male rather than personalized models, 

which may affect the accuracy of the results because of differences in the heart anatomy and 

orientation of the patients. Therefore, they believe the measurement of the torso dimensions and 

the localization of the ECG electrodes using a 3D camera might increase the accuracy of their 

method. 

I.5.b. Disease detection 
Most of the focus in ECG processing research deals with the detection and classification of 

different cardiac pathologies since the heart is the most crucial organ in the human body, and 

all the tissues depend on the physiology of the heart in the delivery of blood full of nutrition.  
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Figure I-8: Wang et al.’s model for biometric authentication [75]. 

Some applications include generating ECG signals for imbalanced data using generative 

adversarial networks (GANs) and transformers [76], classifying arrhythmia using convolutional 

neural networks (CNNs) and gated recurrent units (GRUs) [77], [78], and predicting sudden 

cardiac death using long short-term memory (LSTM) neural networks [7]. An example from 

Kutluana and Türker [69] includes ECG feature extraction using two methods based on natural 

visibility graph conversion. The algorithm natural visibility graph computes the relationship 

between each datapoint and the next datapoints based on human visibility, creating a matrix of 

adjacency of the datapoints as illustrated in Figure I-7. They proposed selecting the whole 

adjacency matrix as the first method for feature extraction, making it count O(N2) with 

datapoints of length N. The second method sums each row from the adjacency matrix into a 

single value to reduce the dimensionality of the features to O(N) (the same as the count of the 

datapoints). They applied their proposed feature extraction methods using ResNet and Inception 

models for a multi-label classification task (5 classes) and achieved an AUC score of 93.46% 

using ResNet as the classifier and the first method for feature extraction. 

I.5.c. Biometric authentication 
The advance of technology facilitates the accessibility to imitate individuals’ identities, 

which has also raised a critical issue of user authentication. Simultaneously, biometrics are 

getting more involved in security concerns and user identification. Apart from finger, iris, and 

face recognition, researchers are also interested in applying the ECG signal as a biometric since 

its acquisition requires the presence of the living individual, making the ECG-based biometrics 

more secure and reliable. The related works in the literature implement CNN solely [79], or in 

collaboration with other feature extraction or classification methods such as phase space 

reconstruction (PSR) [80], scalograms [81], and LSTMs [82]. Wang et al. [75] developed an  
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Figure I-9: Fan et al.’s model for emotion recognition [83]. 

approach for separating ECG beats from pre-delineated R peaks, and another for squeezing the 

separated ECG beats according to a chosen kernel size applied in the architecture of their 

designed CNN model. They used the squeezing technique as a flexibility advantage for 

identifying ECG beats with different lengths (heart rate variability), which equipped their model 

with the ability to classify ECG signals either at rest or after exercise. Figure I-8 summarizes 

the general steps of their method. The architecture of their model is also designed for appending 

new classes without the necessity of retraining the feature extraction parameters, but rather 

relying on storing the extracted features of the new classes. They applied their proposed method 

to ECGID [84], MITDB [85], and their private USSTDB databases and obtained an accuracy of 

97.14%, 97.66%, and 95.54%, respectively. 

I.5.d. Emotion recognition 
The ECG signal can also vary according to the emotional state of the being since emotions 

influence the autonomic nervous system (ANS), which is responsible for regulating the heart 

rate. Patients’ emotion monitoring can be beneficial in multiple scenarios such as tracking the 

negative effects of different drugs, the identification of stressors responsible for chronic stress, 

and reading the psychological category indirectly from the patient for a better treatment. Most 

of the previous studies worked on emotion recognition using multimodal signals, combining the 

ECG with electroencephalogram (EEG) [5], [26], [86], [87], galvanic skin response (GSR), also 

known as electrodermal activity (EDA) [87], [88], [89], skin temperature (ST) [88], and 

electromyogram (EMG) [89]. Fan et al. [83] worked instead on the ECG only. They applied an 

attention mechanism in a CNN model to mitigate an issue known as the differences in sensitivity 

to emotion-inducing sources of individuals. Figure I-9 presents the blocks and data processing 

tracks of their proposed method. For feature extraction, they applied six blocks of ResNet 

modules in which two CNN layers with a residual structure represent each block. Large 

convolution kernel sizes (17, 15, 13, 11, 9, 7) were chosen as they provided higher accuracies 

by experiment. As for the attention mechanism, the convolutional block attention module 

(CBAM) [90] was used to learn the importance of the extracted features from the six blocks. 

CBAM associates weights of attention in the channel and the spatial perspectives. Channel 
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attention learns the importance of the different simultaneously recorded signals (ECG leads) 

while spatial attention learns the important samples (parts) of the same signal (channel or ECG 

lead). Finally, the extracted features multiplied by their attention weights were fed to a fully 

connected layer for classification. They performed their proposed method on three datasets 

named WESAD [91], DREAMER [92], and ASCERTAIN [93] and obtained an accuracy of 

96.5% using WESAD (4 classes), 83.6% and 84.2% for arousal and valence respectively using 

DREAMER (5 classes), and 68.0% and 64.5% for arousal and valence respectively using 

ASCERTAIN (7 classes). 

I.6. Statistical study on electrocardiogram applications 

To investigate the contributions of the proposed methods and the focus of the recent 

applications in the analysis of the ECG signals, statistical research is conducted using publicly 

available search engines to count the published articles with titles and abstracts mentioning 

selected keywords. Apart from ScienceDirect [94], PubMed [95], Constellate [96], and Google 

Scholar [97], Dimensions [98] provides better search tools and statistical information, allowing 

for counting yearly published articles according to the keywords searched for. The current study 

specified the analysis approach search keywords to “intelligence”, “machine learning”, and 

“neural network”; objective search keywords to “electrocardiogram”, “detection”, 

“classification”, “anatomy”, “imaging”, “disease”, “biometric”, and “emotion”; and limited the 

search time-span from 1980 to 2024. Dimensions’ search engine also provides a feature for 

combining multiple keywords using the Boolean operators “AND”, “OR”, and “NOT”. The 

results of the chosen combinations are displayed in Figure I-10, Figure I-11, and Figure I-12. 

Additional comparisons between the neural network- and non-neural network-based 

approaches on ECG analysis are listed in Table I-1 and Table I-2. Table I-1 lists the decade’s 

most cited articles in the past five decades according to searched keywords related to ECG 

analysis, where the non-neural network approaches are listed on top and ordered chronologically 

from 1985 to 2010, while neural network-based approaches are listed below and ordered from 

1990 to 2021. Table I-2 focuses more on the applications and the implemented datasets in the 4 

aforementioned research objectives, namely imaging, disease detection, biometric 

authentication, and emotion recognition. 
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Figure I-10: Yearly interest in different approaches and objectives in ECG analysis since 1980. 

 

Figure I-11: Yearly interest in neural network applications in ECG analysis since 1980. 
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Figure I-12: Yearly interest in non-neural network applications in ECG analysis since 1980. 

Table I-1: Methods and results of the decade’s most cited articles in the analysis of ECG signals in the past five 

decades since 1980. 

Author Application Method Results Keywords 

Pan and 

Tompkins, 1985 

[99] 

QRS complex detection Heuristic approach • Accuracy: 99.3% “detection” 

Talmon et al., 

1986 [100] 

QRS onset and endpoint detection Modified adaptive Gaussian 

filter 

- “classification” 

Casale et al., 

1987 [101] 

Left ventricular hypertrophy detection Heuristic logistic regression • Accuracy: 77% 

• Sensitivity: 62% 

• Specificity: 92% 

“detection” 

Coast et al., 1990 

[102] 

QRS complex, P wave, and arrhythmia detection Hidden Markov modeling 

analysis 

• Sensitivity: 99.82%, 96.56%, 

97.25% 

• Positive predictivity: 98.90%, 

97.33%, 85.67% 

for QRS complex, P wave, and 

arrhythmia detection 

respectively 

“classification” 

Cuiwei Li et al., 

1995 [103] 

QRS complex, T, and P waves detection Heuristic method based on 

DWT 

• Accuracy: 99.8% “detection” 

Afonso et 

al.,1999 [104] 

ECG beats detection Heuristic approach based on 

Filter Banks decomposition 

• Sensitivity: 99.59% 

• Positive predictivity: 99.56% 
“detection” 

De Chazal et al., 

2003 [105] 

Obstructive sleep apnoea detection Linear and quadratic 

discriminants 

• Minute-by-minute 

classification accuracy: 90% 
“detection” 

De Chazal et al., 

2004 [106] 

Heartbeat classification (normal sinus rhythm, ventricular 

ectopic beats (VEBs), supraventricular ectopic beats 

(SVEBs), fusion of normal and VEBs) 

Linear discriminants • Sensitivity: 75.9%, 77.7% 

• Positive predictivity: 38.5%, 

81.9% 

for SVEBs, and VEBs 

respectively 

“classification” AND 

“intelligence” 

Niazy et al., 2005 

[107] 

QRS detection during functional magnetic resonance 

imaging (FMRI) (from the process of 

ballistocardiographic artifact removal) 

Heuristic approach based on 

temporal principal 

component analysis 

• Sensitivity: 99.27% 

• Specificity: 98.98% 
“detection” 
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Table I-1: Continued. 

  

Author Application Method Results Keywords 

Khandoker et al., 

2008 [108] 

Obstructive sleep apnea syndrome detection Wavelet decomposition and 

SVM 

• Accuracy: 92.85% “machine learning” 

Jovic and 

Bogunovic, 2010 
[109] 

Heart rate variability classification Random forest • Average total classification 

accuracy: 99.7%, 99.6% 

for binary classification 

(normal, abnormal) and four (4) 
classes respectively 

“machine learning” 

Dassen et al., 

1990 [110] 

The localization of the accessory pathway of Wolff-

Parkinson-White syndrome (6 locations) 

Artificial neural networks • Accuracy: 60% “intelligence” 

Stamkopoulos et 

al., 1998 [111] 

ECG beats classification (normal and abnormal) for the 

detection of ischemic cardiac beats 

Nonlinear principal 

component analysis and 

neural networks 

• Accuracy: 80%, 90% 

for normal, and ischemic beats 

respectively 

“classification” 

Silipo and 

Marchesi, 1998 
[112] 

Arrhythmia classification (normal, ventricular ectopic 

beats, supraventricular ectopic beats) 

Artificial neural networks • Accuracy: 99%, 96%, 75% 

for normal, ventricular, and 

supraventricular ectopic beats 

respectively 

“classification” 

Kukar et al., 

1999 [113] 

Ischaemic heart disease detection Neural networks • Accuracy: 80% 

• Sensitivity: 82% 

• Specificity: 76% 

“machine learning” AND 

“intelligence” 

Pourbabaee et al., 

2017 [114] 

Paroxysmal atrial fibrillation detection CNN + KNN • Sensitivity: 90.20% 

• Specificity: 90.48% 
“machine learning” 

Hannun et al., 

2019 [115] 

Rhythm classification (12 classes) CNN • F1-score: 83.7% “detection” AND 

“classification” 

Attia et al., 2019 

[116] 

Asymptomatic left ventricular dysfunction detection CNN • Accuracy: 85.7% 

• Sensitivity: 86.3% 

• Specificity: 85.7% 

“intelligence” 

Attia et al., 2019 

[117] 

Atrial fibrillation and flutter detection CNN • Sensitivity: 79.0% 

• Specificity: 79.5% 

• F1-score: 39.2% 

“intelligence” AND 

“machine learning” 

Elayan et al., 

2021 [118] 

Arrhythmia classification LSTM • Weighted average: 97% “detection” AND 

“intelligence” AND 
“machine learning” 

Petmezas et al., 

2021 [119] 

Cardiovascular arrhythmia classification (normal, atrial 

fibrillation, atrial flutter, and AV junctional rhythm) 

CNN + LSTM • Sensitivity: 97.87% 

• Specificity: 99.29% 
“classification” 
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Table I-2: Neural network- and non-neural network-based ECG analysis applications in the four aforementioned 

objectives. 

  

Approach Objective 

keyword 

Author Application Dataset Results 

Neural network-

based approach 

Anatomy/imaging Li and He, 2001 [66] Origin of cardiac activation site 

localization 

• Heart simulation model 

[120] 

• Averaged localization errors for 24 

testing sites being approximately equal 

to 3±1.5 mm 

Rajagopal et al., 

2018 [67] 

Imaging and reconstruction of 

endocardial potentials 

• EDGAR [121] • 0.327±0.221 Mv 

Gumpfer et al., 2021 

[6] 

Myocardial scar prediction • Private dataset of 114 

patients 

• Sensitivity: 70% 

• Specificity: 84.3% 

Chen et al., 2022 [3] Reconstruction of the 

electrocardiogram at the heart’s 
surface 

• Private dataset of five pigs • Overall median of the correlation 

coefficient of the predicted ECG wave 
of 0.74 

Disease Simon and Eswaran, 

1996 [122] 

Recognition of five different 

arrhythmia 

• MITDB [85] 

• Glasgow ECG dataset 

• Waveforms scanned from 

Philips Cardioman manual 
[123] 

• RBBB: 99.70% 

• AMI: 92.59% 

• PMI: 92.59% 

• LBBB:95.30% 

• Normal: 100% 

Yu and Chou, 2008 

[124] 

Classification of 8 different beat 

types 

• MITDB [85] • Accuracy of 98.71% 

Acharya et al., 2017 

[125] 

Detection of myocardial 

infarction 

• PTBDB [126] • Sensitivity: 95.49% 

• Specificity: 94.19% 

Huang et al., 2019 

[127] 

Classification of five different 

arrhythmias 

• MITDB [85] • Accuracy of 98.00% 

Lima et al., 2021 

[128] 

Mortality age prediction from 

the ECG-age 

• Private CODE cohort [129] 

• CODE-15% cohort [130] 

• Private ELSA-Brasil cohort 

• SaMi-Trop cohort [131] 

• p-value < 0.001 

Cui Et al., 2025 [2] Classification of five different 

arrhythmias 

• MITDB [85] 

• PTBDB [126] 

• Precision: 99.11% 

• Recall: 98.82% 

on PTBDB 

Biometric Zhang et al., 2017 

[132] 

Subject identification on 28 

subjects 

• CEBSDB [133] 

• Private WECG 

• Fantasia [134] 

• STDB [135] 

• MITDB [85] 

• AFDB [136] 

• VFDB [137] 

• Accuracy: 93.5% 

Lynn et al., 2019 

[138] 

Human identification on 90 

subjects 

• ECGID [84] 

• MITDB [85] 

• Accuracy: 98.60% 

Hammad et al., 2021 

[139] 

Human authentication on 290 

subjects 

• PTBDB [126] 

• CYBHi [140] 

• Accuracy: 98.85% 

Srivastva et al., 2021 

[141] 

Biometric recognition on 113 

subjects 

• PTBDB [126] 

• CYBHi [140] 

• Accuracy: 99.66% 

Maleki Lonbar et al., 

2024 [4] 

Identity verification on 18 • MITDB [85] • Accuracy: 99.3% 

Emotion Santamaria-

Granados et al., 2019 

[142] 

Emotion recognition • AMIGOS [143] • Arousal accuracy: 81% 

• Valence accuracy: 71% 

Nita et al., 2022 

[144] 

Human emotion recognition • DREAMER [92] • Arousal accuracy: 85.56% 

• Valence accuracy: 95.16% 

• Dominance accuracy: 77.54% 
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Table I-2: Continued. 

  

Approach Objective 

keyword 

Author Application Dataset Results 

Neural network-

based approach 

Emotion Sedehi et al., 2025 

[5] 

Emotion recognition • MAHNOB-HCI [145] • Accuracy: 97.34±1.19% 

Non-neural 

network-based 

approach 

Anatomy/imaging Pryor et al., 1993 

[146] 

Prediction of coronary anatomy • Private dataset of 1030 

patients 

• C-index of 0.87 for significant of 

coronary artery disease 

• C-index of 0.78 for the severity of the 

disease 

Ramanathan et 

al., 2004 [147] 

Reconstruction of the 

electrocardiogram at the heart’s surface 

• Private dataset of four 

subjects 

• Location of pacing sites to within 7 

mm (right ventricle) and 11 mm (left 

ventricle) 

Ortmaier et al., 

2005 [71] 

Measurement of heart motion for 

motion compensation of a beating heart 
in an invasive surgery 

• Private dataset of five 

different beating-heart 

surgeries 

• Mean measurement error in pixels (px) 

of 1.17 in x and 1.11 in y 

Disease Martis et al., 2013 

[148] 

Classification of five different 

arrhythmias 

• MITDB [85] • Sensitivity: 99.97% 

• Positive predictive value: 99.21% 

Luo et al., 2016 

[149] 

Blood pressure measurement - • Average diastolic blood pressure < 4 

mmHg mean absolute difference with 

the commercial device reading 

Elhaj et al., 2016 

[150] 

Classification of five different 

arrhythmias 

• MITDB [85] • Accuracy of 98.90% 

Houssein et al., 

2021 [1] 

Classification of five different 

arrhythmias 

• MITDB [85] • Accuracy: 98.26% 

• Sensitivity: 97.43% 

Biometric Poon et al., 2006 

[151] 

Biometric approach on 99 subjects • Private dataset of 99 

subjects 

• Half total error rate: 2.58% 

Wang et al., 2007 

[152] 

Human identification on 13 subjects • PTBDB [126] 

• MITDB [85] 

• Accuracy: 100% 

Chan et al., 2008 

[153] 

Person identification on 50 subjects • Private dataset of 50 

subjects 

• Accuracy: 89% 

Arteaga-Falconi 

et al., 2016 [154] 

Biometric authentication on 10 subjects • MITDB [85] • False acceptance rate: 1.41%. 

• True acceptance rate: 81.82% 

Farid et al., 2021 

[155] 

Biometric identification on 25 subjects • Public dataset of 25 

subjects [156] 

• Accuracy: 100% 

Tanasković et al., 

2025 [157] 

Biometric identification on 202 subjects • Public dataset of 202 

subjects [158] 

• PTBDB [126] 

• Accuracy: 97.2% 

Emotion Tiller et al., 1996 

[159] 

The effect of positive emotions on heart 

rate variability 

• Private dataset of 20 

subjects 

• p-value < 0.01 

Kim et al., 2004 

[160] 

Emotion recognition • Private dataset of 50 

subjects 

• Three emotions accuracy: 78.43% 

• Four emotions accuracy: 61.76% 

Kim and Andre, 

2008 [161] 

Music-induced emotion recognition • Private dataset of 3 

subjects 

• Subject-dependent accuracy: 90% 

• Subject-independent accuracy: 70% 

Chen et al., 2017 

[162] 

Driving stress detection • Stress Recognition in 

Automobile Drivers 

[163] 

• Sensitivity: 87.3% 

• Precision: 88.5% 

Sepúlveda et al., 

2021 [164] 

Emotion recognition • AMIGOS [143] • Arousal accuracy: 90.2% 

• Valence accuracy: 90.4% 
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I.7. Discussion 

This overview highlights approaches in grouping the unlimited types of biological signals 

and introduces the recent applications of the most investigated signals such as the ECG signal. 

It also demonstrates research objectives implemented on the ECG signals specifically with a 

statistical study on the contribution of heuristic approaches, machine learning, and neural 

networks on the ECG signal processing. The statistics of research interest in ECG analysis 

displayed in Figure I-10 shows the ongoing ECG signal processing in “detection” and 

“classification” at a low rate with rare interests in “machine learning”, “intelligence”, and 

“neural network” from 1980 until 2017 which might refer to the first appearance of U-Nets in 

2015 [165] that were used for biomedical image segmentation, and ResNets in 2016 [166] for 

handling the degradation of training accuracy in deep neural networks. Zooming into the neural 

network- and non-neural network-based approaches in the ECG analysis shown in Figure I-11 

and Figure I-12, ECG signals were first utilized for disease detection and heart imaging, with 

rare applications in emotion recognition and biometric authentication, which is the case till 

2024. Most of the published work represents case reports examining ECG signals along with 

other biological signals [167], [168], [169], [170] and less focus was considered on building 

autonomous systems for the ECG analysis until 2017 when neural network-based approaches 

showed promising abilities in arrhythmia classification and pathologies detection with less effort 

in the system design of the classifiers. Heuristic approaches on the other hand also present 

competitive results with values ranging from 77% to 99.8% in accuracy, from 62% to 99.82% 

in sensitivity, and from 92% to 98.98% in specificity against neural network approaches with 

values ranging from 60% to 99% in accuracy, from 82% to 97.87% in sensitivity, and from 76% 

to 99.29% in specificity in characteristic waves and pathologies detection as shown in Table I-1. 

Based on the application and method of the works listed in Table I-1, the autonomous ECG 

analysis systems have been proposed as heuristic-based approaches since 1985 by Pan and 

Tompkins [99], and as machine learning and neural network-based approaches since 1990 by 

Coast et al. [102] and Dassen et al. [110]. 

The listed works in Table I-2 address the familiarity of the research community with the 

various applications using the ECG signal since 1993 which introduce at least 14 different 

applications varying from the reconstruction of the ECG on the surface of the heart, to 

arrhythmia classification, biometric identification, blood pressure measurement, emotion 

recognition, and to mortality age prediction, etc. The implemented datasets are also diverse and 

mostly publicly available in the 4 aforementioned objectives, except for ECG-based imaging 

applications, which have EDGAR [121] as the only publicly available dataset to our knowledge. 

The performance of the proposed neural network- and non-neural network-based methods are 
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almost the same, with high accuracies ranging from 92.59% to 100% in disease detection and 

biometric authentication, and with low accuracies ranging from 61.76% to 97.34% in imaging 

and emotion recognition. However, challenges are still ongoing for building systems capable of 

generalizing over multiple applications, diverse datasets, and with a short running time. 

From the previously published works in the literature, it is inferred that heart imaging is still 

facing generalization difficulties using the ECG signal, but rather relies on invasive techniques 

and additional cooperative technologies such as the 3D camera suggested in [62]. However, a 

combination of CineECG imaging and micro-computed tomography is found to be useful as an 

educational application for teaching cardiac anatomy [171] whereas ECG-gated computed 

tomography is also reliable for diagnostic purposes [172]. On the other hand, Machine learning 

applications to disease detection provide adequate precision values in ECG signal pattern 

recognition and multi-disease classification since the ECG signal holds important signs of most 

cardiac pathologies. Researchers focus on extracting these signs in addition to hidden patterns 

that could be revealed as features using proposed novel methods, such as implementing the 

convolutional neural network (CNN) architectures in classifying paroxysmal atrial fibrillation 

(PAF) and yielding an accuracy of 99.92% [173]. The classifiers for the extracted features are 

usually modified architectures of predesigned classifiers such as CNN, long short-term memory 

(LSTM), Transformers, or a simple artificial neural network (ANN). 

Many studies also proved that ECG-based biometric authentication is showing a promising 

performance while handling individuals’ heart rate variability and multi-session recognition 

[174], [175]. Yi et al. [176] for instance implemented a method based on CNN, an attention 

mechanism, and a domain adaptive feature fusion network and achieved an accuracy of 96.31% 

on the ECG-ID database. The same good results are also achieved using the electromyogram 

(EMG) analyzed with a model based on long short-term memory (LSTM) networks, yielding 

an accuracy of 99.17% on a database of 100 individuals [177]. Although, ECG-based emotion 

recognition achieved poor results, facing difficulties such as individuals’ different sensitivity to 

stressors. Turchet et al. [178] performed an experiment of emotion recognition using ECG and 

EEG separately and jointly with support vector machine (SVM) as a classifier in a subject-

independent classification task and achieved an accuracy of 86.86% using EEG, 14.77% using 

ECG, and 51.07% using EEG and ECG. Therefore, most studies combine the ECG with multiple 

biological signals such as the EEG, electrodermal activity (EDA), and respiratory responses 

(RESP) for emotion recognition [179], [180]. 

However, as much as the ECG signal is implemented in diverse applications, the ECG-

based imaging, biometric authentication, and emotion recognition are still less inspected as 

displayed in Figure I-11 and Figure I-12. Also, machine learning algorithms are at an 

improvement pace, inspiring to involve more in the ECG analysis, allowing for multi-hidden-
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patterns detection and multi-classification with less effort and less running time consumption, 

unlike heuristic approaches that are as high in accuracy as machine learning approaches but with 

limited abilities as shown in Table I-1 which implies that the challenges are still ongoing. 

I.8. Conclusion 

This chapter demonstrates the existence of unlimited types of biological signals and 

introduces ways of sorting such signals using suggested criteria such as the origin, the dynamic 

nature, and the physical form of the signal. Using these criteria, the ECG is defined as an 

endogenous dynamic biological signal of electric type. The objectives of the signal analysis vary 

mostly into imaging, disease detection, biometric authentication, and emotion recognition, 

where disease detection is more addressed than the other three objectives. However, diverse 

datasets are publicly available for the 4 objectives, except for imaging, which has EDGAR [121] 

as the only publicly available dataset to our knowledge. 

Neural network- and non-neural network-based approaches are almost similar in accuracy. 

However, neural network-based approaches are getting easier to interact with and provide 

diverse architecture designs with strong generalizing abilities. Even though challenges are still 

ongoing with the 4 aforementioned objectives, especially with ECG-based imaging and emotion 

recognition. 
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Chapter II. Machine learning based ECG 

peak analyzer for WPW syndrome 

II.1. Introduction 

Naturally, the functionality of the heart follows a regular beat rhythm. Any long disorder in 

the rhythm of the beats may drain the strength of the heart and thus lead to sudden cardiac death 

[181], [182], especially if the rhythm increases as in the case of tachycardia [78], [183], [184], 

[185]. Early diagnosis of patterns of malfunction in the heart allows for choosing between 

multiple choices in the treatment process. One of these patterns is known as Wolff-Parkinson-

White (WPW) pattern [186], [187]. The diagnosis of the WPW pattern considers three 

abnormalities in the electrocardiogram (ECG) signal of a patient (short PR, Delta wave, and 

prolonged QRS complex), it is also known as ventricular preexcitation [188], [189]. If a patient 

experiences tachyarrhythmia in combination with WPW pattern then the diagnosis refers to 

WPW syndrome [190], [191]. The incidence of the WPW pattern can occur at any age and is 

mostly witnessed in childhood [192]. Therefore, an automatic system dedicated to detecting 

pathological patterns such as WPW pattern in addition to the surveillance of ECG signals is a 

significant worth for the early diagnosis of heart pathologies, especially for detecting abrupt 

changes in the signal. 

This chapter introduces an artificial intelligence-based method for robust detection of ECG 

waveforms (P, QRS, and T waves) across multiple lead types, using a single unified model. Our 

method adapts to diverse ECG signals without structural modifications, demonstrating its 

robustness. Additionally, we propose a novel technique to scan peaks for Wolff-Parkinson-

White (WPW) pattern by precisely localizing the slurred upstroke named Delta wave rather than 

relying on time-interval ratios as seen in prior work. 

Our approach compresses the input signal by extracting key statistical parameters, including 

the mean, min, max, standard deviation, and interquartile range to reduce computational 

complexity while preserving critical waveform features. These parameters guide the adjustment 

of two core functions: one for peak detection (P, QRS, T) and another for tangent deviation 

analysis (Delta wave identification). Machine learning models process extracted intervals and 

amplitudes from the scanned peaks to support decision-making, further reinforcing the method’s 

robustness. 

The rest of this chapter is organized as follows. Related works in ECG characteristic waves 

detection, arrhythmia classification, and Wolff-Parkinson-White pattern detection is covered in 

Section II-2. Section II-3 introduces generalities about the acquisition of the Electrocardiogram 
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(ECG), its structure, and its importance. It also introduces generalities about the Wolff-

Parkinson-White pattern, its origin, characteristics, and similarities to other heart abnormalities. 

Section II-4 covers details of a function named “Peak analyzer”, developed for peaks detection 

and tangent deviation, in addition to the seven steps proposed in our methodology for WPW 

pattern detection. The experiment and results using Neural Networks, Naïve Bayes, and K-

Nearest Neighbors machine learning algorithms, with more detail about the structure of the 

models are presented in Section II-5. Also, the models of the experiment are evaluated using 

122 signals from the MIT Arrhythmia database. A discussion about the obtained results is 

included in Section II-6, and Section II-7 concludes our study. 

II.2. Related works 

Most of the ECG analysis methods proposed in the literature rely on the detection of well-

known waves (P wave, QRS complex, and T wave). Using Length Transformation (LT) and a 

function for threshold determination, Gritzali et al. [193] proposed a method for the detection 

of P, QRS, and T waves. The method gave significant results on the detection of QRS, and T 

waves, with difficulty in handling the detection of small amplitude P waves. Another method 

based on Shannon energy estimation and Hilbert transform [194] has shown good results in the 

detection of R peaks even in noisy and arrhythmic signals. Maršánová et al. [195] also proposed 

an algorithm dedicated to P wave detection using phasor transform. They also developed the 

same algorithm with some decision rules for the detection of P waves in the case of second-

degree atrioventricular block pathology. Tuncer et al. [196] on the other hand extracted and 

compressed features from the whole signal using a method named “Discrete Wavelet-

Concatenated Mesh Tree and ternary chess pattern”, which is based on Discrete Wavelet 

Transform (DWT) and Local Ternary Pattern. They also used Neighbors Component Analysis 

(NCA) for features selection making it to 128 features as input, and they have shown good 

results in classifying the 17 different categories of ECG signals from the MIT Arrhythmia 

database in addition to the St Petersburg database. The method is developed from the previous 

study by Tuncer et al. [197] with changes in the configurations of the performed steps. Subasi 

et al. [198] also improved the method and gained a better performance using (max, min, and 

average) pooling for signal decomposition instead of Discrete Wavelet Transform, ternary and 

signum functions for features extraction, ReliefF and NCA for features selection, and Deep 

Neural Networks for the classification. They have obtained better results with 97.10% in 

accuracy in classifying the 17 arrhythmia classes of the MIT Arrhythmia database. Li et al. [199] 

proposed a method for the detection of the characteristic waves (P, QRS, and T waves); with 

also their onset and end. The method fundamentally functions on the deconstruction of the ECG  
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Figure II-1: ECG signal components [61]. 

signal using Wavelet Transform and then extracting information from the second level of the 

DWT according to each wave detection with the help of predefined time windows and amplitude 

thresholds that are dedicated for each operation (wave peak, onset, or end detection). These 

predefined windows though make the method dependent on the type of the lead and the rhythm 

of the signal, which eventually takes off the robustness of the method. For WPW pattern 

detection, a method was proposed using wavelet transform and the absolute value of the tangent 

of the branch QR or QS according to which is higher [200]. They used wavelet transform for 

the detection of P, QRS, and T waves, and the absolute value of the tangent as an indicator of 

the existence of the slurred upstroke of Delta according to a predefined threshold. It checks the 

value (ampR /QR) if ampR > ampS, or (ampS /QS) if ampR < ampS. However, a decision made 

from this condition might confuse with other pathologic symptoms such as complete bundle 

branch block where QR is lengthened [201], [202]; ventricular hypertrophy where ampR or ampS 

are taller[22, 23]; or low QRS voltage [201], [202]. 

II.3. Wolff-Parkinson-White (WPW) pattern detection in 

Electrocardiogram 

II.3.1. ECG components definition 

Electrocardiogram (ECG) is a biological signal of electric type generated from the 

movement of heart activity. Such electrical signal is recorded using electrodes placed non-

invasively on the skin of the body [203], [204]. The difference in potential between these 

electrodes creates different types of leads [58] (axes of different orientations with the same 

origin placed in the center of the heart) that exhibit the functionality of the heart (beat rate, heart  
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Figure II-2: Preexcitation syndrome [201]. 

morphology, heart orientation, and also to diagnose many kinds of diseases) [205], [206], [207]. 

Most of the leads include three well-known waves of an ECG (P wave, QRS complex, and T 

wave) as shown in Figure II-1. 

Scientists mainly consider the structure of these waves, their periods, and the interval 

between each of them. These three pieces of information alter according to the position of the 

heart, the morphology, and the manner the heart depolarizes and repolarize with [208]. For 

example, a positive peak (above the isoelectric line) indicates movements of the heart towards 

the lead and vice versa for a negative peak [209]. Different diseases also affect these three pieces 

of information; such affectation is useful in diagnosing the type of the disease. One of these 

affectations is “short PR interval” [210], which could indicate either “Wolff-Parkinson-White 

syndrome” or “Lown-Ganong-Levine syndrome” [211] as shown in Figure II-2. More on ECG 

is mentioned in detail and in a fun way with examples in the book “ECG Mastery Yellow belt” 

[201]. 
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II.3.2. WPW pattern review 

PR interval in normal sinus rhythm usually takes between 0.12 seconds to 0.2 seconds. A 

shorter period of this interval than 0.12 seconds refers to a disease named “preexcitation 

syndrome”. This kind of disease indicates an additional bundle called “Accessory Pathway” 

other than the normal bundle in the atrioventricular node (AV node) [212]. The accessory 

pathway conducts the impulse from the atrium to the ventricle faster than the normal one in the 

AV node, which excites the ventricular depolarization earlier than natural. In WPW syndrome, 

this early excitation distorts the shape of the QRS complex with a short ascending angle between 

Q and R peaks called “Delta wave”. This ascending slope prolongs the QRS complex duration 

and might be confusing as referring to the diagnosis of “complete bundle branch block” [201], 

[213]. More on WPW syndrome is covered in detail by K. James et al. [214]. 

II.4. Wolff-Parkinson-White (WPW) pattern detection methodology 

The method proposed in our research consists of several steps with different algorithms. 

The objective is to find the slurred upstroke named “Delta” before the R peak, after the 

determination of short PR interval existence. Therefore, the process is arranged into seven steps 

(R peaks scan, false positive R removal, beat peaks scan, P and T peaks selection, short PR scan, 

slurred upstrokes scan, and Delta examination). Each step applies different filters to the input 

ECG signal, extracts some features, and provides them to a machine learning model either for 

manipulating a function of peaks detection named “Peak analyzer”, or selecting a desired 

appropriate feature of the signal. 

II.4.1. Peak analyzer 

ECG analysis depends on the morphology of the signal, and also on the location, the 

amplitude, and the rhythm of the characteristic peaks (P, QRS complex, and T peak). The 

detection of these peaks is essential in the process of ECG analysis. Thus, a function is 

developed with two main roles (peaks scan, and tangent deviation scan) for analyzing the 

morphology of the signal. Both functions’ task is placing labels in the signal samples. These 

labels are distinguished as up-peak, down-peak, or stable. The placement of the labels in the 

peaks scan function seeks for an amplitude ratio threshold (ART) and a horizontal time threshold 

(HT). The ratio of the amplitude is considered according to (max – min), which represents the 

amplitude interval, and the activation of its condition corresponds to a placement of up-peak or 

down-peak. Therefore, if the difference of amplitude between a sample of the signal and its 

previous scanned state is higher than ART, then this sample corresponds to an up-peak state, 

and vice versa for a down-peak as depicted in Figure II-3. 
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Figure II-3: One beat of ECG signal with up and down peaks as states of the signal after 

exceeding a threshold of 0.023% in amplitude from any last state. 

 

Figure II-4: One beat of ECG signal with previously placed up and down states in addition to 

the newly placed stable states after exceeding a horizontal threshold of 0.15sec from any last 

state. 

Stable states of the signal correspond to the activation of the condition of HT. Therefore, if 

the absolute difference of amplitude between a sample of the signal and its previous scanned 

state is less than ART, and is apart from the same last state with a period greater than HT, then 

this sample corresponds to a stable state. Figure II-4 represents an illustration of implementing 

both thresholds (ART and HT) conditions. 

A flow chart to these events is shown in Figure II-5 where 𝑆𝑡0 = [𝑠𝑡𝑎𝑏𝑙𝑒, 0, 0]. 𝑆𝑡𝑘 

represents the 𝑘𝑡ℎ state of the signal x(n) at 𝑖𝑡ℎ sample, and it holds a vector with three elements 

(state label, its index “i”, and its first appearance index). 𝑆𝑡𝑘−1(1) is the sample index of 

(𝑘 − 1)𝑡ℎ state, for example if 𝑆𝑡𝑘−1 = [𝑢𝑝, 43, 30], then 𝑆𝑡𝑘−1(1) = 43, and 𝑆𝑡𝑘−1(2) = 30. 

𝐴𝑅𝑇, HT are amplitude ratio threshold and horizontal threshold respectively. ampInterval is the 

amplitude interval of x(n). 
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Figure II-5: Flow chart of signal peak detection. 
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Figure II-6: Flow chart of signal peak position update. 

 

Figure II-7: One beat of ECG signal with the previously mentioned states placed in their correct 

position after applying the algorithm represented in Figure II-6. 

Usually, the signal persists in the same state after crossing the threshold. Hence, the newly 

created state (last state) keeps updating the position index as depicted in Figure II-7 using the 

algorithm shown in Figure II-6. 
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Figure II-8: Example of creating up-peak state (St1) on the process of tangent deviation scan. 

 

Figure II-9: ECG signal with the previously placed states in addition to tangent deviation 

scanned states with a threshold of 0.4%. 

The tangent deviation scan depicted in Figure II-9 as the name indicates places new states 

at a position of the signal where a sample reaches a threshold in deviating from the mean tangent 

from the latest state as depicted in Figure II-8. The threshold is an amplitude ratio according to 

(max – min) of the signal, and the activation of its condition corresponds to the amplitude ratio 

of the opposite of an angle between a vector 𝑆𝑆𝑡𝑘−1(1)𝑆𝑖
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   and the mean tangent from the latest 

state as illustrated in Figure II-8 , where 𝑆𝑖 = [𝑖, 𝑥(𝑖)]. The operation of the tangent deviation 

scan procedure consists of calculating the tangent of a vector 𝑆𝑆𝑡𝑘−1(1)𝑆𝑖
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   and the mean value of 

all the tangents of the curve enclosed between the borders of the vector 𝑆𝑆𝑡𝑘−1(1)𝑆𝑖
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  , and is named 

as the mean tangent. The opposite of the difference in angle between the two tangents is then 

the deviation of the sample (Si) from the mean tangent. Calculations of this procedure are 

sequenced as follows: 
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Figure II-10: General steps of the proposed WPW pattern detection method. 

𝑡𝑎𝑛𝑆𝑖
=

𝑥(𝑖) − 𝑥(𝑆𝑡𝑘−1(1))

𝑖 − 𝑆𝑡𝑘−1(1)
 

(II-1) 

𝑚𝑒𝑎𝑛𝑡𝑎𝑛𝑆𝑖
=

1

𝑖 − 𝑆𝑡𝑘−1(1)
∑ 𝑡𝑎𝑛𝑆𝑟

𝑖

𝑟=𝑆𝑡𝑘−1(1)+1

 
(II-2) 

∠(𝑡𝑎𝑛𝑆𝑖
, 𝑚𝑒𝑎𝑛𝑡𝑎𝑛𝑆𝑖

) = 𝑡𝑎𝑛−1(𝑡𝑎𝑛𝑆𝑖
) − 𝑡𝑎𝑛−1 (𝑚𝑒𝑎𝑛𝑡𝑎𝑛𝑆𝑖

) 
(II-3) 

‖𝑆𝑆𝑡𝑘−1(1)𝑆𝑖‖
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗= √(𝑥(𝑖) − 𝑥(𝑆𝑡𝑘−1(1)))2 + (𝑖 − 𝑆𝑡𝑘−1(1))2 (II-4) 

𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒∠(𝑡𝑎𝑛𝑆𝑖
,𝑚𝑒𝑎𝑛𝑡𝑎𝑛𝑆𝑖

) = 𝑠𝑖𝑛(∠(𝑡𝑎𝑛𝑆𝑖
, 𝑚𝑒𝑎𝑛𝑡𝑎𝑛𝑆𝑖

)) ‖𝑆𝑆𝑡𝑘−1(1)𝑆𝑖‖
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ 

(II-5) 

II.4.2. Steps of the WPW pattern detection process 

The general steps of the proposed method are arranged in Figure II-10. To better explain 

the functionality of our methodology, each step is fragmented separately. 

II.4.2.1. R peaks scan 

The system usually receives an ECG signal with multiple beats. However, working on each 

beat separately would simplify the tasks of the next steps. Thus, scanning for the most significant  
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Figure II-11: R peaks scan in detail. 

sign of a beat is the first step in the system. QRS complex is the most easily discovered wave in 

an ECG signal beat, and Discrete Wavelet Transform (DWT) is used for filtering only the high-

frequency bands of the QRS complex. 

Ordered in Figure II-11, this task comprises six steps; removing the DC component of the 

signal, applying DWT, normalizing the signal, taking the absolute value of the signal, and then 

passing the result to the function named “Peak analyzer” presented in Section II.3.1, which scans 

for states of the signal (up-peak, down-peak, or stable) according to amplitude and time 

threshold. 

DC component removal is straightforward. The signal then passes through DWT for 

extracting high frequencies of the QRS complex. We try extracting only from the first level of 

DWT taking into account fewer computations. However, signals with high sampling frequency 

don’t convolve well in exhibiting some QRS complex in the first three levels. Therefore, 

combining the result of the first three levels makes each level compensates for the others. The 

three levels then pass through the function named “Peak analyzer” after taking their absolute 

value; where it scans for signals states (up-peaks, down-peaks, stable). Any up-peak index in 

the input signal that is near to an up-peak index in one of the first three levels of DWT 

decomposition is likely considered an R peak. 

II.4.2.1.1. DC component removal. It means the removal of the frequency 0 Hz, which is the 

mean value of the signal. The equation of DC removal of a signal x(n) is defined as: 
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Figure II-12: ECG signal from “standard lead III” before and after applying DWT. 

𝑦(𝑛) = 𝑥(𝑛) − 
1

𝑁
∑𝑥(𝑖)

𝑁

𝑖=1

 
(II-6) 

II.4.2.1.2. Normalization of the signal. It is a way of scaling data so that all of its values are 

within the range of 0 to 1. The type of normalization method that is implemented in our approach 

is known as Min-Max normalization. Its formula is known as: 

𝑦(𝑛) =
𝑥(𝑛) − 𝑚𝑖𝑛 (𝑋)

𝑚𝑎𝑥(𝑋) − 𝑚𝑖𝑛 (𝑋)
 

(II-7) 

where min(X) and max(X) are the min and max of the input signal x(n). 

II.4.2.1.3. Absolute value of the signal. It transfers a signal x(n) to a positive signal that is 

denoted by |x(n)|. Its equation is defined as: 

|𝑥(𝑛)| = {
𝑥(𝑛), 𝑖𝑓 𝑥(𝑛) ≥ 0

−𝑥(𝑛), 𝑖𝑓 𝑥(𝑛) < 0
 

(II-8) 

II.4.2.1.4. Discrete Wavelet Transform (DWT). It is a transform that decomposes a discrete 

signal into several output signals, where each of them describes the input signal in a 

corresponding frequency band. Figure II-12 represents an example of applying DWT on an ECG 

signal. Each output signal is labeled with a number as its level, starting from the first level which 

represents the highest frequency band. Each band of the following levels covers half of the 

frequency band of its previous level [215]. 
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Figure II-13: False positive R removal in detail. 

 

Figure II-14: Scan and selection of P, Q, S, and T peaks in detail. 

II.4.2.2. False positive R removal 

Some ECG signal leads present T waves in high amplitude close to that in the QRS complex, 

with an abrupt return to the isoelectric line, which might be selected as R peaks in the previous 

stage. Thus, in this stage, the system checks for the regularity of the selected R peaks rhythm. 

Then removes any miss-selected R peak that is out of the rhythm as illustrated in Figure II-13. 

II.4.2.3. Beat peaks scan 

After the selection of R peaks, each beat is then separated and passes through the same steps 

as in the first stage, except for taking DWT and the absolute value of the signal. Step 1 in Figure 

II-14 displays the result of beat peaks scan operation. In this stage, the function “Peak analyzer” 

is used for scanning all the peaks that are similar to what is included in P and T waves. Following 

the process of this scan, the next and previous peaks to the known R peak are naively selected 

as an S peak and a Q peak respectively. 
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Figure II-15: Scan and examination of WPW pattern in detail. 

II.4.2.4. P and T peaks selection 

This stage considers the parameters that identify the position and amplitude of each state 

(up-peak, down-peak, stable) scanned from the previous stage (step 1 in Figure II-14). The 

position parameter is calculated as a ratio (St – R)/(R – Rprev), where (St – R) is the interval 

between the scanned state and R peak, and (R – Rprev) is the interval between current and 

previous R peaks as illustrated in step 3 in Figure II-14. This ratio makes the position identity 

robust to rhythm changes of the signal. The states with parameters that are most probable to be 

P and T peaks are selected. 

II.4.2.5. Short PR scan 

This stage is straightforward, as it only considers the ratio (Q – P)/(R – P), where (Q – P) 

is the interval between Q and P peaks, and (R – P) is the interval between R and P peaks. Step 

1 in Figure II-15 well displays the concerned intervals. A low value of this ratio implies the 

existence of a short PR interval. 

II.4.2.6. Slurred upstrokes scan 

Beats that were identified as having short PR interval passes then to the function “Peak 

analyzer” for tangent deviation scan. This function states any deviation in the signal according 

to a selected threshold implementing the equations presented in Section II.3.1. Any state that is 

scanned before the R peak is considered the end of the slurred upstroke edge. A result of this 

operation is illustrated in step 2 in Figure II-15. 
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II.4.2.7. Delta examination 

This stage checks if the selected state in the previous stage resembles the characteristics of 

the known slurred upstroke called “Delta”. The ratio (ampDelta – ampQ)/(ampR – ampQ) examines 

this condition, where (ampDelta – ampQ) is the amplitude between the state considered as Delta 

and Q peak, (ampR – ampQ) is the amplitude between R and Q peaks as illustrated in step 3 in 

Figure II-15. A high value of this ratio implies the existence of Delta. 

II.5. Experiments and Results 

For a quick and easy process of operating signals, we wrote a little sophisticated desktop 

application in “C#” using “Visual Studio”. The application is uploaded to a repository in 

“GitHub” [216]. It is equipped with the materials mentioned before in our proposed 

methodology in addition to many other different tools for experimental purposes. The 

application is also equipped with three types of machine learning algorithms (Neural Networks, 

K-Nearest Neighbors [63], and Naïve Bayes [64]) in favor of performance comparison. Each of 

the previously discussed seven steps in WPW pattern detection is performed in a machine 

learning model. All of the steps follow the same chosen type of machine learning algorithm. 

Four steps solve classification problems, while the other three are for regression problems. 

II.5.1. Dataset description 

MIT Arrhythmia database is implemented as it consists of several types of cardiac 

pathologies recorded as an ECG signal in MLII lead (Modified Limb II lead). Even though, 

since our proposed machine learning models perform differently on the input ECG signal, where 

it passes through different stages with different input and output data, we had to create our 

dataset based on each ECG signal from the training dataset. Our customized dataset consists of 

122 signals copied from the MIT Arrhythmia database. Each record contains the samples of 10 

seconds of the signal, description data (starting of the signal, sampling rate, quantization steps 

in 1 mV) in addition to the ECG signal beats characteristics, and the labeled features extracted 

from the signal at each of the seven steps. More details are included in the supplementary data 

(Appendix A). 

II.5.2. Architecture of the implemented models 

The architectures of K-Nearest Neighbors (KNN) [63] and Naïve Bayes [64] models are 

simple and don’t require optional customization. Except for the fact Naïve Bayes suits well only 

for classification problems. Thus, the output is split into 10 classes when applied to a regression 

problem. Also, the optimal value of K in KNN is chosen automatically depending on the training 

dataset. Neural Networks model architecture on the other hand is customizable. It is structured 
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in four layers (an input layer, two hidden layers, and an output layer). The number of neurons 

in the hidden layers is determined using the method proposed by Jeff Heaton [217], which is 

“The number of hidden neurons should be 2/3 the size of the input layer, plus the size of the 

output layer”. The activation functions of the two hidden and output layers are “tanh”, “linear”, 

and “hard_sigmoid” respectively. The implementation of “tanh” is for expanding the values of 

input data, which is mostly condensed around zero. Whereas the other two activation functions 

are designed for prediction intent. Mean-Squared-Error is used as the loss function, and 

Stochastic-Gradient-Descent as the optimizer. All of the seven steps models follow the same 

architecture of the chosen machine learning algorithm. The differences are set in the input and 

output parameters. Some of the output parameters depend on the structure of the signal, and thus 

the statistical parameters of the signal are used as a way of defining the whole signal to the 

model as input parameters. 

II.5.2.1. Statistical parameters 

Statistical parameters are quantitatively calculated values for summarizing a set of collected 

data. Working with big data is always computationally expensive. Therefore, these kinds of 

parameters are used as a way of describing ECG signals. Such implemented parameters are 

mean, min, max, standard deviation (STD_DEV), and interquartile range (IQR). Standard 

deviation and interquartile range are chosen since standard deviation describes data according 

to the mean value, whereas interquartile range describes it according to the median. Min and 

max values are scanned from the signal in a straightforward procedure. 

II.5.2.2. Input and output parameters at each step 

II.5.2.2.1. Step 1: R peaks scan. The machine learning model in this stage controls the function 

“Peak analyzer” for choosing the appropriate amplitude ratio threshold (ART) and horizontal 

threshold (HT) for the input signal. Therefore, the input data is the statistical parameters (mean 

min, max, STD_DEV, IQR) of the normalized three levels of DWT of the input signal. The 

output is two continuous values ART and HT. 

II.5.2.2.2. Step 2: False positive R removal. The removal of false positive selection of R peaks 

in this stage considers the amplitude and rhythm of the scanned R peak in the previous stage. 

The input data is the two ratios (Rcur – Rprev)/RRav and (𝑎𝑚𝑝𝑅𝑐𝑢𝑟
𝑎𝑚𝑝𝑅𝑝𝑟𝑒𝑣

⁄ ), where (Rcur – Rprev) 

is the interval between current and previous scanned R peaks, RRav is the average interval 

between scanned R peaks,  𝑎𝑚𝑝𝑅𝑐𝑢𝑟
 and 𝑎𝑚𝑝𝑅𝑝𝑟𝑒𝑣

 are the amplitude of current and previous 

scanned R peaks respectively. The output is a one-class value of either removing the current R 

peak or not. The choice of the two input ratios is taken so that the amplitude ratio would 
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compensate for the case of an arrhythmic R peak and gives it a higher chance of not being 

removed. 

II.5.2.2.3. Step 3: Beat peaks scan. The input and output data of this stage are the same as in the 

first stage (R peaks scan). The difference is that the statistical parameters of the input data are 

taken from the normalized selected beat signal. 

II.5.2.2.4. Step 4: P and T peaks selection. As mentioned in Section II.3.2.4, the position and 

amplitude of a scanned state affect its label of being P or T peak. Thus, the input data contains 

three values (position, amplitude, and difference in amplitude to nearby scanned states). The 

calculation of the position parameter is clarified in Section II.3.2.4. The difference in amplitude 

to nearby states is defined as 
(𝑎𝑚𝑝𝑆𝑡𝑘

−𝑎𝑚𝑝𝑆𝑡𝑘−1
)+(𝑎𝑚𝑝𝑆𝑡𝑘

−𝑎𝑚𝑝𝑆𝑡𝑘+1
)

2
, where 𝑎𝑚𝑝𝑆𝑡𝑘 is the 

amplitude of the signal at state k. The third parameter (amplitude), is just 𝑎𝑚𝑝𝑆𝑡𝑘, and is 

considered to compensate the second parameter if any miss-positioned states around existing. 

The output data is just two classes pointing to whether the selected state is P or T peak. 

II.5.2.2.5. Step 5: Short PR scan. The input data in this stage is the ratio (Q – P)/(R – P), which 

is explained in Section II.3.2.5. The output is one class indicating whether short PR exists or 

not. 

II.5.2.2.6. Step 6: Slurred upstrokes scan. The model in this stage controls the function “Peak 

analyzer” for choosing the appropriate amplitude ratio threshold (ART) for tangent deviation 

according to the statistical parameters of the signal and how much is the PR interval short. 

Hence, the input data is the five statistical parameters of the signal and the ratio (Q – P)/(R – P). 

The output is the continuous value ART. 

II.5.2.2.7. Step 7: Delta examination. Checking the characteristics of scanned slurred upstrokes 

from the previous stage considers the ratio (ampDelta – ampQ)/(ampR – ampQ) explained in 

Section II.3.2.7. However, the value of this ratio depends also on the type of the recorded ECG 

lead (the structure of the signal). Therefore, the input data in the model of the current stage is 

the statistical parameters of the beat signal in addition to this ratio. The output is one class of 

the existence of WPW syndrome. 

II.5.3. Evaluation metrics 

Evaluation metrics of classification models are given as accuracy (Ac), sensitivity (Se), and 

specificity (Sp), their values are determined as follows: 
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𝐴𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 

(II-9) 

𝑆𝑒 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(II-10) 

𝑆𝑝 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

(II-11) 

where TP is True Positive, TN is True Negative, FP is False Positive, and FN is False Negative. 

The Mean Absolute Scaled Error (MASE) on the other hand is suitable for evaluating 

regression models because of its resistance to different data scales, and effectiveness against 

zero value outputs. However, any result tending to infinity due to the stability of actual outputs 

is ignored, and replaced with the preceding real value. The prediction of the first sample is also 

ignored for the simplicity of the formula, which is computed as follows: 

𝑀𝐴𝑆𝐸 =
1

𝑁 − 1
∑|

𝐴𝑖 − 𝐹𝑖

𝐴𝑖 − 𝐴𝑖−1 
|

𝑁

𝑖=2

 
(II-12) 

where 𝐴𝑖 is the actual value and 𝐹𝑖 is the forecast or predicted value. 

II.5.4. Results 

Nine cross-validation configurations are applied to the three machine learning algorithms 

for evaluating the ability of the models in an imbalanced dataset. The dataset includes 21 signals 

diagnosed with WPW patterns and 101 signals in normal sinus rhythm (NSR). The signals are 

ordered for being as equally distributed as possible across the dataset using a shuffling function 

that runs before the validation. Each validation experiment performs the same previously 

mentioned steps. Results are represented in the three following tables, where “NN”, “NB”, and 

“KNN” are Neural Networks, Naïve Bayes, and K-Nearest Neighbors respectively, “Ac”, “Se”, 

and “Sp” are accuracy, sensitivity, and specificity respectively. 

Table II-1 represents a comparison in the performance of three machine learning algorithms 

(Neural Net, Naïve Bayes, and KNN) in 9 different cross-validation configurations, where the 

evaluation metric values are computed as the mean accuracy, sensitivity, and specificity of the 

steps solving classification tasks (false positive R removal, P and T peaks selection, short PR 

scan, and Delta examination). The mean MASE of the steps R-peaks scan, beat peaks scan, and 

slurred upstrokes scan represent the evaluation metric of the steps solving regression tasks. 

Table II-3 is an extension of Table II-1, including a comparison in running time of the performed 

validation techniques of the three machine learning algorithms. 
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Table II-1: Overall performance of Neural Net, Naïve Bayes, and KNN models on different 

validation techniques on 122 signals from the MIT Arrhythmia database. 

Table II-2: Validation of the highest recorded precision of Neural Net, Naïve Bayes, and KNN 

models in detail at each step on 122 signals from the MIT Arrhythmia database. 

Table II-3: Running time of the performed validation techniques of Neural Net, Naïve Bayes, 

and KNN models. 

 

Evaluation metric  Accuracy (%)  Sensitivity (%)  Specificity (%)  MASE 

Validation configuration  NN NB KNN  NN NB KNN  NN NB KNN  NN NB KNN 

Holdout cross-V (75% 

training) 

 
99.25 74.55 99.11 

 
97.16 53.67 94.64  74.37 48.79 74.37 

 2.33 5.39 1.26 

3-fold cross-validation  98.47 81.23 98.33  90 46.91 86.9  74 57.84 74.07  1.24 5.63 1.16 

4-fold cross-validation  98.32 79.76 98.36  87.33 49.77 87.02  74.02 55.82 74.11  1.6 5.47 1.04 

5-fold cross-validation  98.22 77.35 98.4  87.74 46.12 86.8  73.88 53.56 74.16  2.05 5.73 1.13 

6-fold cross-validation  98.38 78.31 98.33  87.08 51.33 86.97  74.1 53.98 74.07  1.39 5.92 1.02 

7-fold cross-validation  98.08 77.76 98.4  82.94 52.47 86.99  74.03 53.22 74.15  1.08 4.94 1.16 

8-fold cross-validation  98.46 76.6 98.3  89.64 50.39 86.81  74.02 52.17 74.05  1.16 7.95 1.03 

9-fold cross-validation  98.48 75.75 98.37  88.87 48.29 86.86  74.08 51.49 74.13  1.94 4.87 0.93 

10-fold cross-validation  98.38 76.54 98.31  88.66 50.53 86.82  74 52.08 74.06  1.28 4.89 1.12 

Dataset description  122 signals (21 of WPW and 101 of NSR) 

Model type    Neural Net  Naïve Bayes  KNN 

Validation 

configuration 

   Holdout cross-V (75% 

training) 

 3-fold cross-validation  Holdout cross-V (75% 

training) 

Running time    30 min, 15 sec  1 second  1 min, 19 sec 

 

Model label 

  

Dataset size 

 MASE/ 

Ac (%) 

 

Se (%) 

 

Sp (%) 

 MASE/ 

Ac (%) 

 

Se (%) 

 

Sp (%) 

 MASE/ 

Ac (%) 

 

Se (%) 

 

Sp (%) 

R-peaks scan  122  0.71 - -  2.94 - -  0.64 - - 

False positive R removal  ~1418  99.44% 100% 99.42%  94.09% 0% 100%  99.19% 100% 99.13% 

Beat peaks scan  ~1410  5.48 - -  11.13 - -  2.01 - - 

P and T peaks selection  ~20678  98.71% 88.63% 99.32%  89.67% 12.79% 94.51%  97.53% 78.55% 98.69% 

Short PR scan  ~1410  98.83% 100% 98.75%  41.15% 74.84% 36.85%  99.71% 100% 99.68% 

Slurred upstrokes scan  ~480  0.80 - -  2.79 - -  1.13 - - 

Delta examination  ~480  100% 100% 0%  100% 100% 0%  100% 100% 0% 

  Running time 

Validation configuration  NN NB KNN 

Holdout cross-V (75% training)  30 min, 15 sec 1 sec 1 min, 19 sec 

3-fold cross-validation  54 min, 4 sec 1 sec 4 min, 24 sec 

4-fold cross-validation  1 hr, 17 min, 4 sec 1 sec 4 min, 59 sec 

5-fold cross-validation  1 hr, 8 min, 49 sec 1 sec 5 min, 21 sec 

6-fold cross-validation  1 hr, 52, 27 sec 1 sec 5 min, 40 sec 

7-fold cross-validation  1 hr, 54 min, 20 sec 1 sec 5 min, 49 sec 

8-fold cross-validation  2 hr, 1 min, 55 sec 1 sec 6 min, 25 sec 

9-fold cross-validation  2 hr, 9 min, 44 sec 1 sec 6 min, 23 sec 

10-fold cross-validation  2 hr, 11 min, 16 sec 1 sec 6 min, 30 sec 



Chap II. Machine learning based ECG peak analyzer for WPW syndrome 

44 

Table II-4: Running time and Figure 14 labels references of the automatic annotation of the test dataset using our 

method in Neural Networks, Naïve Bayes, and KNN. 

Evaluation paradigm Signal name 

Neural Networks  Naïve Bayes  KNN 

Label Running time  Label Running time  Label Running time 

Intra-patient 112m (1) Figure 14 (a) 14 seconds  Figure 14 (c) 1 second  Figure 14 (e) 6 seconds 

113m (3) Figure 14 (b) 8 seconds  Figure 14 (d) 1 second  Figure 14 (f) 3 seconds 

230m (0) Figure 14 (g) 7 seconds  Figure 14 (i) 1 second  Figure 14 (k) 3 seconds 

230m (1) Figure 14 (h) 9 seconds  Figure 14 (j) 1 second  Figure 14 (l) 4 seconds 

Inter-patient 112m (1) Figure 15 (a) 45 seconds  Figure 15 (c) 1 second  Figure 15 (e) 7 seconds 

113m (3) Figure 15 (b) 33 seconds  Figure 15 (d) 1 second  Figure 15 (f) 2 seconds 

s0351lre_V6 Figure 15 (g) 9 seconds  Figure 15 (h) 1 second  Figure 15 (i) 3 seconds 

 

Table II-2 is a zoom-in to the cross-validation configurations with the highest precision 

reached from each of the three machine learning algorithms, which are holdout cross-validation 

for Neural Net and KNN; 3-fold cross-validation for Naïve Bayes. The detail includes the 

dataset size, accuracy, sensitivity, specificity, and the mean absolute scaled error (MASE) of 

each step (Models labels). Due to the different precisions of the models in scanning the peaks 

of the signals, the sizes of the datasets starting from the second step (false positive R removal) 

to the last step (Delta examination) are represented as approximations since each model tunes 

the ART, HT, and TDT differently. The values in the column “MASE/Ac(%)” represent either 

MASE or accuracy according to the task of the step as being regression or classification 

respectively. Sensitivity and specificity cells are kept empty in the table for the steps with 

regression tasks. 

The signals in Figure II-16 and Figure II-17 represent five samples used as test dataset for 

the three types of models. The models implemented for Figure II-16 results are trained with 127 

samples without the test dataset. However, the evaluation paradigm is an intra-patient paradigm, 

which means that other parts of the test dataset are included in the training dataset. The chosen 

four samples are NSR signals (112m (1), 113m (3)), and WPW signals (230m (0), 230m (1)) 

from the MIT Arrhythmia database. Results in Figure II-17 are obtained using an inter-patient 

paradigm as an evaluation where the subjects in the training dataset are completely different 

from the subjects in the test dataset. The models are trained with 114 samples. The training 

dataset is chosen as two samples of NSR signals (112m (1), 113m (3)) from the MIT Arrhythmia 

database, and one sample of WPW signal (s0351lre_V6) from “PTB Diagnostic ECG 

Database”. More information about running time, the signal name, and the model type of the 

results shown in Figure II-16 and Figure II-17 are included in Table II-4. 
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Figure II-16: Intra-patient paradigm evaluation results of testing the proposed method in automatically annotating 

four signals in Neural Networks, Naïve Bayes, and KNN. 
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Figure II-17: Inter-patient paradigm evaluation results of testing the proposed method in automatically annotating 

three signals in Neural Networks, Naïve Bayes, and KNN. 
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Table II-5: Eigenvectors (loading scores) of PCA “Beat peaks scan”. 

II.6. Discussion 

This chapter proposes a new method for scanning the characteristic peaks (P, QRS, and T) 

of the ECG signal using the proposed algorithm named “Peak analyzer” which can be tuned 

according to the morphology of the signal for extracting the main curving points of the signal, 

in addition to the deviation of the curves for delineating the Delta wave of the Wolff-Parkinson-

White pattern. The scanned peaks are then classified using machine learning algorithms that 

also reinforce the robustness of the proposed method. The result of the validation in different 

techniques from Table II-1 shows that the evaluation of Neural Networks and KNN are both 

almost identical across different cross-validation configurations (k-fold and holdout) with a 

small random alternation in accuracy, specificity, and MASE with a variance of 0.095, 0.015, 

and 0.175 respectively for Neural Networks; and with 0.058, 0.008, and 0.008 respectively for 

KNN. The high alternations appear in sensitivity with a variance of 12.51 for Neural Networks 

and 5.92 for KNN. The precisions in different validation configurations appear as alternating 

due to the different sorting of the samples before each validation begins. Both of the algorithms 

show good performance of our method. Naïve Bayes on the other hand handles it poorly because 

of the high error rate shown in the column MASE, which shows the low performance of dealing 

with regression tasks. Steps with regression tasks are responsible for peaks scan in our method, 

and any lack of scanning enough peaks will eventually affect also the performance of 

classification tasks that rely on peaks parameters, even though Naïve Bayes is good at dealing 

with classification tasks. Configuring Naïve Bayes in scanning more peaks will overcome this 

deficiency with the cost of increasing running time. However, its affectability is negligible since 

the algorithm is extremely fast which takes less than 1 second in both the validation 

configurations and the testing results as is evident in Table II-3 and Table II-4. Alternatively, 

KNN and Neural Networks perform slowly with a rate of 390 times, and 7876 times slower than 

Naïve Bayes respectively according to 10-fold cross-validation running time in Table II-3. 

Principal Component Analysis (PCA) results in Figure II-18 show that the extracted features are 

dependent on each other and need more improvements and selections as is in the case of the 

steps “R-peaks scan”, “Beat peaks scan”, “P and T peaks selection”, “Slurred upstrokes scan”, 

  Eigenvectors 

Feature name  PC1 PC2 PC3 PC4 PC5 

mean  0.24 0.88 2.1 10-13 -0.39 0 

min  0 0 0 0 0 

max  -1.1 10-14 -2.4 10-13 1 6.5 10-15 0 

STD_DEV  -0.72 -0.09 -2.7 10-14 -0.67 0 

IQR  -0.64 0.45 9.7 10-14 0.62 0 



Chap II. Machine learning based ECG peak analyzer for WPW syndrome 

48 

and “Delta examination”. Likewise, the Eigenvectors listed in Table II-5 which correspond to 

the statistical parameters (mean, min, max, STD_DEV, and IQR) show the ineffectiveness of 

the parameters “min” and “max” since these parameters are extracted from the normalized 

signal. These statistical parameters are implemented as features in four steps (R-peaks scan, beat 

peaks scan, slurred upstrokes scan, and Delta examination). Eliminating the dependency and 

redundancy of the features in these steps will lower the cost of running time. 

The validation configurations of the highest accuracy of the three model types in Table II-1 

show that Neural Networks and KNN gave their best performance in holdout cross-validation. 

Naïve Bayes performed well in 3-fold cross-validation. A zoom into the results of these 

configurations is represented in Table II-2. It includes the evaluation of the seven steps of the 

selected configuration since each step performs with a machine learning model of the same 

chosen model type (Neural Networks, Naïve Bayes, or KNN). Both Neural Networks and KNN 

performed well on the regression task of “R-peaks scan” and the classification tasks “false 

positive R removal” and “Short PR scan” with a MASE below 1 and a precision higher than 98 

in accuracy, sensitivity, and specificity. For the “Upstroke scan”, KNN got a little higher error 

rate with a MASE of 1.13 while Neural Networks kept it below 1. The challenge occurs in the 

“Beat peaks scan” where MASE is much higher than 1 and affected the number of the peaks to 

be classified, which eventually lowers the sensitivity of “P and T peaks selection”. The same 

difficulty affects severely on Naïve Bayes because of the low resolution of its outputs of the 

regression tasks. Hence, the detection of P and T peaks is low, which clarifies the low accuracy 

of the “Short PR scan” since the existence of the P peak is critical in examining the PR interval. 

Also, Naïve Bayes is sensitive to imbalanced data and that furthermore explains its low 

sensitivity in “false positive R removal” compared to Neural Networks and KNN. The 

evaluation of the step “Delta examination” shows a good performance of the three types of 

models with 100% in both accuracy and sensitivity. The 0% in specificity is due to the 

inexistence of Lown-Ganon-Levine (LGL) syndrome samples in the dataset. 

The reflection of the data in Table II-2 is illustrated in the results of the test dataset in Figure 

II-16 and Figure II-17 where the scan and selection of QRS peaks of the four samples (112m 

(1), 113m (3), 230m (0), 230m (1)) are well extracted either in intra-patient or inter-patient 

evaluation paradigm using the three types of models even though the MASE of Naïve Bayes in 

“R-peaks scan” is much higher with a value of 2.94. Except for the result of the test (c) in Figure 

II-16 and Figure II-17, the label of Q peak is shifted to the left due to the high error rate of “Beat 

peaks scan” with a value of 11.13, which yields the absence of P and T peaks in (c), (d), (i), and 

(j) of Naïve Bayes performance. This affectation is present in some beats of Neural Networks 

and KNN performance. The existence and position of P and Q peaks are critical in checking the  
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Figure II-18: PCA results of the datasets of the steps containing more than one feature. 
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Table II-6: Performance comparison of four different studies in the detection of characteristic 

waves in ECG signal. 

abnormality of the PR interval. The inaccuracy of positioning P and Q peaks leads to miss-

annotating beats with WPW pattern as is in the case of some beats in (g), (h), (k), and (l) in 

Figure II-16; and in (k) in Figure II-17. The last beat in (g) and (h) in Figure II-16, and the last 

part of (k) in Figure II-17 are odd miss-annotated beats with WPW pattern; P and Q peaks seem 

well positioned whereas the Delta wave is not stated as a consequence of inaccuracy of 

“Upstroke scan” step, besides the Q peak is a bit lifted up, which might cause miss-calculations 

in tangent deviation scan. The test results of the samples (112m (1), 113m (3)) of the inter-

patient evaluation paradigm in Figure II-17 prove the effectiveness of the proposed method. 

However, due to the lack of ECG signals of different pathologies in the training dataset, the 

location of S and T peaks in the sample “s0351lre_V6” is not well selected. 

To better evaluate the proposed method, a performance comparison is conducted and 

arranged in Table II-6. The comparison lists the evaluations of four different studies including 

the proposed method in the detection of the characteristic waves in ECG signals. It also 

considers the detail of the implemented database of each study for clarifying the diversity of the 

evaluation. Different metrics are also included denoting what each study has implemented. The 

metrics are abbreviated as “Ac”, “Se”, “Sp”, and “PP”, which stand for Accuracy, Sensitivity, 

Specificity, and Positive predictivity respectively. Any non-reported value is replaced with “-”. 

Positive predictivity isn’t applied as an evaluation metric in this study, and its value can be 

obtained as follows: 

𝑃𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(II-13) 

where TP is True Positive, FP is False Positive, and FN is False Negative. 

          Waves detection metric values 

Study  Database  Subjects count  Beats count  Metrics  P (%) R (%) T (%) Delta (%) 

Proposed method  MIT Arrhythmia  17  1368  Ac (%)  98.71 99.44 98.71 100 

    Se (%)  88.63 99.42 88.63 100 

    Sp (%)  99.32 100 99.32 0 

Mahamat et al. [200]  PTBDB  -  -  Ac (%)  94 97 94 - 

    Se (%)  - - - - 

    Sp (%)  - - - - 

Li et al. [199]   MIT Arrhythmia  4  4398  Ac (%)  97.40 97.40 97.30 - 

    Se (%)  98.68 98.68 98.64 - 

    PP (%)  98.68 98.68 98.64 - 

Maršánová et al. [195]   MIT Arrhythmia  12  22108  Ac (%)  - 94.35 - - 

    Se (%)  97.41 91.20 - - 

    Sp (%)  - 93.60 - - 

    PP (%)  92.91 -  - 
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Figure II-19: False positioning of Q peak in a noisy ECG signal (signal s0351lre_aVL from 

PTB Diagnostic ECG DB scanned with HT: 0.016 sec, ART: 0.093%). 

 

Figure II-20: Poor S peak scan in a beat signal with slowly declining negative T (signal 

s0351lre_V5 from PTB Diagnostic ECG DB scanned with HT: 0.016 sec, ART: 0.017%). 

As stated in Table II-6, it is evident that the proposed method outperformed the other 

mentioned methods in accuracy in the detection of P, R, and T peaks, even with a more diverse 

dataset (17 different patients) and fewer beats count. However, precision in sensitivity is low in 

the detection of P and T peaks as a consequence of not relying on predefined windows for 

narrowing the scanning time interval. Even though, these predefined windows are also 

dependent on the position of the R peak, which will cause a completely random selection of P 

peaks in the case of “2nd degree atrioventricular block Mobitz type I”. The values of R peaks 

detection of the proposed study are taken from the evaluation of the step “false positive R 

removal”. Since the proposed method is very sensitive in R peaks detection, the specificity of 

“false positive R removal” is taken as sensitivity in “R peaks detection” and vice versa with a 

sensitivity of “false positive R removal”. Almost the same case is applied to the study of 

Maršánová et al. [195] where the evaluation of R peaks detection is considered from the 

evaluation of classifying beats between “Premature ventricular complex” and other types of 

beats. Also, from the listed values of the detection of R peaks in Table II-6, it is clear that the 

proposed method outperformed the three mentioned studies in accuracy and sensitivity.  
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Figure II-21: Two proposed solutions to the deficiency of poor S peak scan: (a) shortening HT 

as with (HT: 0.004 sec, ART: 0.017%); (b) activating tangent deviation scan as with (HT: 0.016 

sec, ART: 0.017%, TDT: 0.5%). 

Furthermore, though Mahamat et al. [200] proposed a method for annotating beats containing 

the Delta wave and not precisely locating the Delta wave, no published studies were found that 

have performed in accurately locating the Delta wave of the Wolff-Parkinson-White pattern. 

II.7. Conclusion 

In this chapter, a new method is proposed and examined for ECG signals classification in 

the case of WPW pattern detection using a developed algorithm named “Peak analyzer” that 

operates almost like the human vision analysis for locating the dominant curving points in the 

signal. Also, the robustness of the proposed method is the outcome of the cooperation of 

machine learning algorithms (Neural Networks, Naïve Bayes, and K-Nearest Neighbors) 

helping with tuning the proposed “Peak analyzer” for each signal rather than relying on 

predefined fixed size windows as is mentioned in the literature [195], [199], [200]. The method 

is serialized in seven steps, where it identifies P, Q, R, S, and T peaks using a function dedicated 

to peaks scan, in addition to the detection and examination of the slurred upstroke named Delta 

wave using a function for tangent deviation scan for accurately locating Delta wave, instead of 

relating its diagnosis with the time interval and the absolute maximum amplitude of QRS 
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complex as is applied in the literature [200], which might conduct to false positive or false 

negative diagnosis if the concerned beat is pathological in complete bundle branch block or 

ventricular hypertrophy respectively [201], [202]. 

The performance of the three types of models using our proposed method is validated in 

different cross-validation configurations on 122 signals from the MIT Arrhythmia database. The 

highest precision obtained in Neural Networks and KNN is reflected in holdout cross-validation 

with mean accuracy, sensitivity, specificity, and MASE of the seven steps of 99.25%, 97.16%, 

74.37%, 2.33 respectively from Neural Networks performance, and 99.11%, 94.64%, 74.37%, 

1.26 respectively from KNN performance. Naïve Bayes obtained the same evaluation metrics 

results in 3-fold cross-validation with 81.23%, 46.91%, 57.84%, and 5.63 respectively. 

Even though Neural Networks and KNN perform well using our proposed method, the 

selected features need more refinement for improving the detection of P, Q, S, and T peaks in 

addition to reducing running time. Naïve Bayes also needs improvement in dealing with 

regression tasks. Furthermore, the proposed method selects Q and S peaks naively from the 

position of R, which might lead to miss-locating their true positions in noisy signals as is 

illustrated in Figure II-19 and Figure II-20. Even though, the deficiency of miss-locating S peak 

can be contained with shortening the value of HT, or activating tangent deviation scan as is 

illustrated in Figure II-21. The pathology “2nd degree atrioventricular block Mobitz type I” 

where the rhythm of P waves is completely independent of the rhythm of R waves will also 

affect the performance of the proposed method in the detection of P peaks, since the detection 

of P peaks in the proposed method relies on the detection of R peaks. 
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Chapter III. LSTM and RL based peak 

analyzer for ECG characteristic waves 

delineation 

III.1. Introduction 

Most biological organs in a living body rely entirely on the heart’s delivery of oxygens and 

nutrients to sustain healthy functions [218]. The heart maintains this operation by continuously 

pumping blood through the circulatory system. Consequently, disruptions to its activity 

eventually affect the whole body and may lead to permanent death caused by cardiac arrest. 

While the heart is mostly a victim of cardiac arrest which originates within the coronary arteries 

and is related to hypertension [219] and body mass index (BMI) [220], it is also a source of 

vulnerabilities due to mal-functionalities that could be congenital [221], [222] or acquired [223] 

such as arrhythmias and structural complications. Both deficiencies could be recorded from the 

electrical activity of the heart using an electrocardiogram (ECG). With the help of electrodes 

attached non-invasively to the skin surface, the ECG signal is considered one of the first options 

in the diagnosis of heart-related defects. The normal sinus rhythm (NSR) of the ECG signal 

consists of well-known characteristic waves (CW) named P, QRS, and T waves. The fiducial 

points (onset, peak, and end) of these characteristic waves carry the major information on the 

waveforms of the ECG signal. However, the continuous periodic repetition of the waveforms 

with the intermittent arrhythmias [224] makes the analysis of the signal a strenuous and time-

consuming activity for a human being such as a doctor. Thus, the design of an autonomous 

system handling the redundant activity of the ECG signal analysis would save time for the 

experts while keeping high attention on the surveillance of the patients. 

The standard ECG recording contains 12 leads (signals) recorded from the biopotential 

measurements using 10 electrodes placed on the skin [225], [226]. However, the advance of 

technology nowadays is pushing towards the utilization of small and portable devices with less 

skin contact [227]. Thus, pushing towards more quantitative and system design optimization. 

Such requirements assist with the elimination of redundant data and introduce the challenge of 

processing noisy and maybe limited data. 

According to the related works introduced below, most of the ECG signal delineation 

methods are dependent on the sampling frequency of the input signal, pre-segmented CW; 

limited to defined windows; and susceptible to distortions such as signal soothing and phase 

distortion due to the applied filters. This chapter introduces a novel method containing the 
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aforementioned issues in the previous related works for the delineation of the fiducial points of 

the ECG characteristic waves (CW). The proposed method utilizes a novel peak analyzer 

algorithm manipulated using a reinforcement learning (RL) [228], [229] model for delineating 

the prominent peaks of the ECG signal as a compression step and for the selection of the samples 

to be fed sequentially to the LSTM classifier. The peak analyzer supports the method with its 

independence from the sampling frequency of the input signal and rather relies on the features 

extraction method and the LSTM memory property. 

The rest of the chapter is organized as follows. Section III-2 introduces the heuristic- and 

neural network-based approaches proposed in the literature. The method is then thoroughly 

described in Section III-3 covering the steps involved in the proposed method, the algorithm of 

the peak analyzer, a signal segmentation method for speeding up the peak analyzer’s step and 

enhancing its accuracy, the design of the reinforcement learning and the LSTM models, and the 

features extraction method for the LSTM model. The description of the implemented dataset 

with the required preprocessing is included in Section III-4 as well as the delineation results. 

Section III-5 covers the discussion of the obtained results in addition to classification and 

running time comparison with the state of the art. The issues addressed in our previous work 

[230] are also discussed in Section III-5 and Section III-6 concludes this work with new 

limitations and perspectives addressed. 

III.2. Related works 

Multiple methods are proposed in the literature for the delineation of the fiducial points of 

the ECG characteristic waves using the single and the 12-lead ECG signals. Li et al. [199] 

proposed a heuristic three-stage method for the detection of the fiducial points of a single lead 

ECG signal based on the wavelet transform (WT) decomposition and obtained good results 

around 98.48%-98.68% and 98.48%-98.68% in sensitivity and positive predictive value (PPV) 

respectively on the QT-dataset (QTDB). Spicher and Kukuk [231] also proposed a different 

heuristic method based on the extraction of the fiducial points from an estimated model 

generated and designed from a modified Gaussian function model to simulate the ECG 

characteristic waves. They improved their model at a step named exhaustive search by applying 

domain-specific knowledge (defining limits of possible peaks according to real ECG signals) 

[232] and obtained results with high sensitivity ranging from 99.89% to 99.93 in the detection 

of the fiducial points using the QTDB. 

On the other hand, for the neural network-based methods, Krasteva et al. [233] presented a 

neural networks model with a convolutional encoder-decoder architecture named “CED-Net” 

for a binary segmentation of the P wave, QRS complex, and the QT interval of 12-lead  
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Figure III-1: General steps of the proposed method for the delineation of the electrocardiogram 

characteristic waves. 

representative beats. They tested their model on the PTB-diagnostic dataset with its ground truth 

generated from separate commercial software named ETM-2.6.5 and obtained a PPV and a 

negative predictive value (NPV) of 95.6% and 97.4% respectively. Li et al. [234] designed 

another U-Net encoder-decoder model with a transformer block in between for the binary 

segmentation of the P, QRS, T, and other waves on single-lead records. Their method 

alternatively does not rely on separate software for the generation of representative beats but 

rather divides the entire record into 4.8-sec. They validated their model on the QTDB and 

obtained highly precise results with sensitivity and PPVs ranging from 97.28% to 99.81% and 

from 96.60% to 99.82% respectively. Peimankar and Puthusserypady [235] proposed a decoder 

model that expands each input sample to 128 feature samples fed to an LSTM model for sample 

classification to P, QRS, T, or no wave. They validated their model on the QTDB and obtained 

good results in sensitivity and PPV ranging from 95.49% to 99.75% and from 88.77% to 96.51% 

respectively. Alternatively, Nurmaini et al. [236] implemented an LSTM model for classifying 

the samples of an entire beat at once by estimating the durations of the P wave, PR segment, 

QRS complex, ST segment, and T wave. They also validated their method on the QTDB and 

obtained high values in sensitivity and PPV ranging from 98.38% to 99.10% and from 97.92% 

to 99.24% respectively. 

III.3. Method description 

The proposed method for delineating and classifying the fiducial points of the ECG signal 

relies fundamentally on the detection of the prominent points of the signal using a novel peak  
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Figure III-2: Elements of the peak analyzer. 

analyzer for scanning the peak and deviations of the signal as highlighted points to be classified 

sequentially using the long short-term memory neural network (LSTM) model. The method 

consists of two steps (peak analysis, and peak classification) as outlined in the graphical abstract 

in Figure III-1. 

III.3.1. Peak analysis 

The first step of the method selects the prominent peaks from the input signal and discards 

nonessential samples. Achieving such task is possible using reinforcement learning for 

automatically tuning the peak analyzer additional to signal segmentation for improving the 

accuracy and speed of the task. 

III.3.1.1. Peak analyzer 

The proposed novel method for the detection of the prominent peak and deviations of a 1-

D signal in this work is an improvement to the proposed method in our previous work (Section 

II-4.1) [230] which considers three parameters (amplitude ratio threshold, horizontal time 

threshold, and tangent deviation threshold) for examining the amplitude of the sample, its time 

interval from the previous detected peak, and its tangent deviation from the mean tangent. The 

current proposed method considers two parameters instead (amplitude ratio threshold, and angle 

threshold) for examining the magnitude of the segments between the selected sample and its 

surrounding samples, and the deviation angle between the segments. Each sample from the 

signal is associated with two segments (previous and next segment) as depicted in Figure III-2. 

The previous segment is computed once and covers the interval from the latest detected peak to  
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Algorithm III-1: Pseudo code of the signal peak analyzer. 

the selected sample while the next segment is computed and updated after each iteration in 

scanning new samples and it covers the interval from the selected sample to the latest scanned 

sample. If the magnitude and deviation angle of the segments of a sample meet the conditions 

of creating a new peak, then the previous segments of the next samples (between the new peak 

and the latest scanned sample) which were computed according to the previous peak are updated 

according to the new peak. The computation of the method is based on calculating the magnitude 

(mag), tangent (tan), and deviation angle of two segments from three samples which are defined 

as follows: 

𝑎𝑑𝑗(𝑥1, 𝑥2) =
𝑥2 − 𝑥1

𝑆𝑓𝑟𝑒𝑞

 
(III-1) 

𝑜𝑝𝑝(𝑥1, 𝑥2) = 𝑦2 − 𝑦1 
(III-2) 

Input: samplesArray, sFreq, ART, AT. 

Output: PeaksArray. 

1: latestPeak = samplesArray[0] 

2: ampInterval = Interval(samplesArray) 

3: for i = 1 to len(samplesArray) do 

4:     sam1 = samplesArray[i] 

5:     if i - latestPeak.index > 0 do 

6:         (sam1.prevMag, sam1.prevTan) = MagTan(latestPeak, sam1, sFreq) 

7:     end if 

8:     if i - latestPeak.index > 1 do 

9:         for j = latestPeak.index + 1 to i do 

10:             sam2 = samplesArray[j] 

11:             (sam2.nextMag, sam2.nextTan) = MagTan(sam2, sam1, sFreq) 

12:             sam2.devAngle = Angle(sam2.nextTan, sam2.prevTan) 

13:         end for j 

14:         selSams = samplesArray.Where 

        ( 

        latestPeak.index < sam.index and 

        sam.index < i and 

        sam.nextMag > ampInterval * ART and 

        sam.prevMag > ampInterval * ART and 

        sam.devAngle > AT 

        ) 

15:         if len(selSams) > 0 do 

16             newPeak = selSams.Max(sam.nextMag + sam.prevMag) 

17:             PeaksArray.Add(newPeak) 

18:             latestPeak = newPeak 

19:             for j = latestPeak.index + 1 to i do 

20:                 sam3 = latestPeak 

21:                 sam2 = samplesArray[j] 

22:                 (sam2.prevMag, sam2.prevTan) = MagTan(sam3, sam2, sFreq) 

23:             end for j 

24:         end if 

25:     end if 

26: end for i 
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𝑚𝑎𝑔(𝑥1, 𝑥2) = √[𝑎𝑑𝑗(𝑥1, 𝑥2)]
2 + [𝑜𝑝𝑝(𝑥1, 𝑥2)]

2 
(III-3) 

𝑡𝑎𝑛(𝑥1, 𝑥2) =
𝑜𝑝𝑝(𝑥1, 𝑥2)

𝑎𝑑𝑗(𝑥1, 𝑥2)
 

(III-4) 

𝑎𝑛𝑔𝑙𝑒(𝑡𝑎𝑛(𝑥2, 𝑥3), 𝑡𝑎𝑛(𝑥1, 𝑥2)) = 𝑎𝑟𝑐𝑡𝑎𝑛(𝑡𝑎𝑛(𝑥2, 𝑥3)) − 𝑎𝑟𝑐𝑡𝑎𝑛(𝑡𝑎𝑛(𝑥1, 𝑥2)) 
(III-5) 

where x1, x2, and x3 are the position indexes of the latest detected peak, selected sample, and 

latest scanned sample respectively as illustrated in Figure III-2, y1 and y2 represent the amplitude 

values corresponding to x1 and x2 respectively, Sfreq is the sampling frequency of the signal. The 

method is summarized in Algorithm III-1. 

The pseudo-code in Algorithm III-1 takes four arguments as input (the samples array of the 

signal, its sampling frequency, the amplitude ratio threshold (ART), and the angle threshold 

(AT)) and outputs the positions of the detected peaks where ART represents a ratio value 

between 0 and 1, and AT is an angle value from 0° to 360°. The algorithm also implements 

seven additional functions (Interval, len, MagTan, Angle, Where, Max, and Add) where 

“Interval” computes the amplitude interval of the signal (maxvalue – minvalue), “len” returns the 

number of elements in an array, “MagTan” computes the magnitude and tangent of a segment 

between two samples using the equation (III-3) and (III-4), “Angle” calculates the angle 

between two tangents using the equation (III-5), “Where” generates an array of items from the 

original array that correlate with the conditions given in parenthesis, “Max” generates an array 

from the original array using the expression given as argument in parenthesis and returns the 

element from the original array that corresponds to the greatest value in the generated array, and 

“Add” appends the value given as argument in parenthesis to the list it was called from. The 

conditions in line 14 in Algorithm III-1 determine the samples that could be classified as the 

next peak which should be after the latest peak and before the latest scanned sample as indicated 

under the highlighted portion of the signal in Figure III-2, and the magnitude and deviation angle 

between their next and previous segments should satisfy ART and AT conditions respectively. 

The amplitude interval of the signal is used with the ART condition as an approach of 

normalization since the magnitude of the segments doesn’t have specific bounded interval. The 

selected samples in line 14 are then compared in line 16 to get the sample with the longest 

accumulated magnitude of its previous and next segments making it at the highest end on both 

sides as illustrated in Figure III-3. 

III.3.1.2. Signal segmentation 

The method in Algorithm III-1 is not efficient in terms of running time since it lunches 

many repetitive loops in addition to the dependency of the magnitudes condition in line 14 to  
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Figure III-3: Comparison of the accumulated magnitude of the previous and next segments of 

the selected samples to classify as a new peak. 

the amplitude interval of the global signal which sometimes misses detecting small segments 

such as the PR segment (from Pend to QRSonset). Therefore, a signal segmentation method is 

proposed for creating a list of signal segments of short length while maintaining the distribution 

of the samples’ amplitudes of the segments almost equiprobable. The conditions defined by 

experiments for this purpose ensure the length of the segment to be no less than 0.2 seconds and 

no more than 1 second, and the amplitude probability distribution values to be less than 0.5 

(50%). The amplitude interval of the signal is discretized to 10 equiprobable intervals and thus 

yields 10 distribution values. A probability value reaching 50% while scanning new samples 

refers to the beginning of a new segment from the signal as shown in (b) in Figure III-4. 

However, the distribution of ECG signal samples is susceptible to low-frequency noise which 

might impact outlining the beginning of new segments (covering the low amplitude T and P 

waves with the high amplitude QRS complex in one segment) such as the example depicted in 

Figure III-5 (a). Thus, the signal segmentation is extrapolated from segmenting the absolute 

values of the first level of the discrete wavelet transform (DWT) using the “Haar” mother 

wavelet which eliminates the noisy low frequencies and keeps the high frequencies of the QRS 

complexes (Figure III-5 (b)). The segments bounded using the distribution method are then 

extended for up to 0.1 seconds at both sides in case the extension keeps the segment amplitude 

interval within its first amplitude boundaries as illustrated in Figure III-6. This extension 

facilitates to the peak analyzer the detection of any peaks located at the edges of the signal 

segments. 



Chap III. LSTM and RL based peak analyzer for ECG characteristic waves delineation 

61 

 

Figure III-4: Extraction of the distribution of the samples’ amplitudes in two highlighted areas: 

(a) all probability values being lower than 0.5 indicating the association of the segments in the 

same segment; (b) the first probability value exceeding 0.5 signifying the beginning of a new 

segment. 

 

Figure III-5: Suppression of the effect of low noise in the distribution using DWT: (a) low 

noise keeping the distribution values of the highlighted area lower than 0.5 even after exceeding 

the beginning of the next segment; (b) the elimination of low noise using DWT allowing the 

distribution indicating the segmentation boundaries. 

 

Figure III-6: Extension of the boundaries of the distribution segments (the yellow segments 

delineated below the signal) to overlapped extended segments (the blue and red segments above 

the signal). 
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Table III-1: Architecture of the proposed models. 

III.3.1.3. Reinforcement learning for autonomous peak analysis 

The peak analyzer detects the prominent peaks according to the amplitude ratio threshold 

(ART), and the angle threshold (AT) which affect its sensitivity to peak detection related to the 

signal being scanned. However, the segments of the signals differ in amplitude, rhythm, noise, 

and morphology. Therefore, each segment requires tuned ART and AT parameters for the 

prominent peaks analysis. Achieving this when dealing with big-data is possible using 

reinforcement learning where an agent is placed in an environment (signal segment) having two 

dimensions to move on (ART and AT), and two functions for computing the reward of the states 

and determining the end of the episodes. The proposed method implements deep reinforcement 

learning with two artificial neural networks (ANN) models (a temporal model for the training 

phase only and the final model). As sorted in Table III-1, both models have the same architecture 

with 10 neurons input layer, 8 neurons “ELU” activated hidden layer, and 2 neurons linear 

output layer. The mean squared error (MSE) and stochastic gradient descent (SGD) were chosen 

as the cost and optimizer functions respectively. The signal segment samples are converted to 

10 probability distribution values as a features extraction approach and fed to the input of the 

ANN model. The output is then ART and AT values normalized. The generation of the training 

dataset to the final model is managed with the reinforcement learning mechanism where the 

agent is given the signal segment and expected to find the best state of ART and AT that 

corresponds to the highest reward. The continuous values of the ART and AT are discretized to 

60 and 30 states respectively covering the interval 0-0.3 and 1°-25° which frame the step of the 

agent to 0.005 and 0.8° respectively. The chosen interval and step values favor the agent to focus 

more on high sensitivity to prominent peaks. The agent has then 4 actions to move through the 

states of the two dimensions ART and AT using the value function for computing the reward 

and updating the Q-table. The reward is computed with respect to two parameters (tolerance of 

the fiducial points (Tol) and the detected peak over the fiducial points ratio threshold (PFRT)) 

and is distributed as follows: 

• –1 as movement penalty. 

• +1 if a peak is within the Tol of a fiducial point. 

• –1 if a peak is not within any Tol of a fiducial point or is a duplicate peak within the 

Tol of a detected fiducial point. 

• –5 if a fiducial point is not detected. 

 Architecture 

Method Batch size Epoch Early stopping Loss function Optimizer Seq length Input Output Activation 

RL model 4 1000 activated MSE SGD - 10 8 ELU 

8 2 linear 

Bi-LSTM model 4 200 activated MSE SGD 2 106 10 linear 
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• +5 if all fiducial points are detected and if detected_peaks_count / fiducial_points_

count < PFRT. 

At first, exploring each signal segment, the Q-table of the environment is reset. The agent 

is then given 3 episodes for exploring the environment. Three episodes are chosen as a 

generalization approach for the ANN model since only the final state matters to the model and 

not the full trajectory of the agent. The starting state of the agent at each episode is predicted 

using the temporal model while the state at the end of the episode is used for training the model 

if the predicted starting state is far from the final state according to a chosen threshold for 

avoiding overfitting the temporal model. The agent is also given a random state if it is stuck 

between two states and does not reach a final state. The final state of the episode is identified as 

finding all fiducial points of the signal segment and detected_peaks_count / fiducial_

points_count < PFRT. However, the PFRT is incremented by 0.5 and up to 80 increments after 

every 50 steps if the agent does not reach the final state of an episode. Finally, the state with the 

highest reward of the three episodes is then selected for the final model’s training dataset. The 

final model is then trained with the generated dataset at once with a batch size of four. 

III.3.2. Peak classification 

Though the detected peaks are not equally distanced, their sequential property could use the 

advantage of storing or removing information using the long short-term memory (LSTM) neural 

network architecture for the classification step. Table III-1 summarizes the design of the 

proposed model which contains one layer of two bidirectional-LSTM cells with 106 input 

features and 10 output labels. The output labels represent Ponset, Ppeak, Pend, Qpeak/QRSonset, 

Rpeak/QRSpeak, Speak/QRSend, Tonset, Tpeak, Tend, and Other. The input peak features are selected to 

hold information related to its surrounding samples in a range of 1 second, the ECG 

characteristic waves (P, QRS, and T waves) rhythms, the signal segment’s amplitude interval, 

and the global signal’s amplitude interval. These features assist the LSTM model in identifying 

the fiducial points locally and globally (related to local and global samples as illustrated in 

Figure III-7 and Figure III-8 respectively). The first 100 features are extracted from the 

surrounding 1-second time span, a 0.5-second following and a 0.5-second preceding time span 

where each span is divided into 5 intervals of 0.1 seconds. The intervals are used for creating 

combinations of two sub-spans, a long sub-span and a short sub-span where the long sub-span 

could take 2-5 intervals and the short sub-span should not reach or exceed the long sub-span 

making the following 10 combinations {2, 1}; {3, 1}; {3, 2}; {4, 1}; {4, 2}; {4, 3}; {5, 1}; {5, 

2}; {5, 3}; {5, 4} of long and short sub-spans respectively. Each combination is used for 

computing 5 features from the following span as well as the same 5 features from the preceding  

 



Chap III. LSTM and RL based peak analyzer for ECG characteristic waves delineation 

64 

 

Figure III-7: Elements for extracting the features of the signal morphology using the 

combination {4, 2} of the long and short sub-spans respectively for the LSTM classification 

model where SP refers to selected peak, “pre” to preceding, “fol” to following, “seg” to segment, 

“Lp” to lowest point, “Hp” to highest point, “glob” to global, and “amp” to amplitude. 

 

Figure III-8: Elements for extracting the features of the characteristic waves’ rhythm for the 

LSTM classification model where SP refers to selected peak, “prev” to previous, “glob” to 

global, and “seg” to segment. 

span making 10 features for each combination. Illustrated in Figure III-7, these features are 

based on computing the tangents mean (tansmean) of the long sub-span segment and finding the 

position of the highest and lowest points away from the tansmean in the short sub-span segment 

(xsegHp and xsegLp respectively). Therefore, using the equation (III-4), the tansmean, xsegHp and 

xsegLp are computed as follows: 

𝑡𝑎𝑛𝑠𝑚𝑒𝑎𝑛 =
1

𝑁
 ∑𝑡𝑎𝑛(𝑥0, 𝑥𝑖)

𝑁

𝑖=1

 
(III-6) 

𝑥𝑠𝑒𝑔𝐻𝑝
= 𝑎𝑟𝑔𝑚𝑎𝑥

1≤𝑖<𝑀
[𝑦𝑖 − (𝑦0 + 𝑡𝑎𝑛𝑠𝑚𝑒𝑎𝑛

𝑖

𝑆𝑓𝑟𝑒𝑞

)] 
(III-7) 

𝑥𝑠𝑒𝑔𝐿𝑝
= 𝑎𝑟𝑔𝑚𝑖𝑛

1≤𝑖<𝑀
[𝑦𝑖 − (𝑦0 + 𝑡𝑎𝑛𝑠𝑚𝑒𝑎𝑛

𝑖

𝑆𝑓𝑟𝑒𝑞

)] 
(III-8) 

where xSP and ySP are the position index and amplitude of the selected peak respectively, xi and 

yi are the position index and amplitude of the ith sample from the sub-span segment respectively, 

N and M are the length of long and short sub-spans respectively, Sfreq is the sampling frequency 
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of the signal, and argmax and argmin return the position index of the max and the min of the 

interval values between the square brackets respectively. The function (y0 + tansmean i / Sfreq) 

represents the tansmean line and its subtraction from yi yields the difference in amplitude from 

the tansmean. Accordingly, the LSTM features are then obtained as follows: 

𝑐𝑜𝑚𝑏𝑓𝑒𝑎𝑡1 =
𝑎𝑛𝑔𝑙𝑒(𝑡𝑎𝑛(𝑥0, 𝑥𝑠𝑒𝑔𝐻𝑝

), 𝑡𝑎𝑛𝑠𝑚𝑒𝑎𝑛)

180
 (III-9) 

𝑐𝑜𝑚𝑏𝑓𝑒𝑎𝑡2 =
𝑎𝑛𝑔𝑙𝑒(𝑡𝑎𝑛(𝑥0, 𝑥𝑠𝑒𝑔𝐿𝑝

), 𝑡𝑎𝑛𝑠𝑚𝑒𝑎𝑛)

180
 (III-10) 

𝑐𝑜𝑚𝑏𝑓𝑒𝑎𝑡3 =
𝑦𝑠𝑒𝑔𝐻𝑝

− 𝑦𝑠𝑒𝑔𝐿𝑝

𝑔𝑙𝑜𝑏𝑎𝑚𝑝

 
(III-11) 

𝑐𝑜𝑚𝑏𝑓𝑒𝑎𝑡4 =
𝑚𝑎𝑔(𝑥0, 𝑥𝑠𝑒𝑔𝐻𝑝

)

𝑔𝑙𝑜𝑏𝑎𝑚𝑝

 
(III-12) 

𝑐𝑜𝑚𝑏𝑓𝑒𝑎𝑡5 =
𝑚𝑎𝑔(𝑥0, 𝑥𝑠𝑒𝑔𝐿𝑝

)

𝑔𝑙𝑜𝑏𝑎𝑚𝑝

 
(III-13) 

𝑓𝑒𝑎𝑡101 =
𝑥𝑝𝑒𝑎𝑘 − 𝑥𝑝𝑟𝑒𝑣𝑃

𝑃𝑃𝑎𝑣

 
(III-14) 

𝑓𝑒𝑎𝑡102 =
𝑥𝑝𝑒𝑎𝑘 − 𝑥𝑝𝑟𝑒𝑣𝑅

𝑅𝑅𝑎𝑣

 
(III-15) 

𝑓𝑒𝑎𝑡103 =
𝑥𝑝𝑒𝑎𝑘 − 𝑥𝑝𝑟𝑒𝑣𝑇

𝑇𝑇𝑎𝑣

 
(III-16) 

𝑓𝑒𝑎𝑡104 =
𝑦𝑝𝑒𝑎𝑘 − 𝑠𝑒𝑔𝑚𝑖𝑛

𝑠𝑒𝑔𝑎𝑚𝑝

 
(III-17) 

𝑓𝑒𝑎𝑡105 =
𝑦𝑝𝑒𝑎𝑘

𝑔𝑙𝑜𝑏𝑎𝑚𝑝

 
(III-18) 

𝑓𝑒𝑎𝑡106 =
𝑠𝑒𝑔𝑎𝑚𝑝

𝑔𝑙𝑜𝑏𝑎𝑚𝑝

 
(III-19) 

where combfeat1 and combfeat2 are computed using the equation (III-4) and (III-5); combfeat5 and 

combfeat4 are computed using the equation (III-3); xsegHp and xsegLp are the highest and lowest 

points away from the tansmean in the short sub-span segment respectively; ysegHp and ysegLp are 

the amplitude values corresponding to xsegHp and xsegLp respectively; xprevP, xprevR, and xprevT are 

the position indexes of the previous Ppeak, Rpeak, and Tpeak respectively; and PPav, RRav, and TTav 

are their average peak-to-peak interval respectively; segamp and globamp are the amplitude 

interval of the segment signal and the global signal respectively; 180° and globamp are 

normalization values for angle and amplitude/magnitude features respectively. Finally, the 106 

features of each of the detected peaks are fed sequentially to the two-cell LSTM model and only 
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the output of the first cells is considered for the classification. The classification thresholds of 

the labels are tuned using the receiver operating characteristic (ROC) curve. However, the 

LSTM model might classify adjacent peaks with the same label. In this case, the only peak with 

the highest prediction is selected. 

III.4. Experiments and Results 

The proposed method is evaluated in several experiments for selecting the normalization 

and reinforcement learning thresholding parameters, and for validating its ability on the 

delineation. 

III.4.1. Datasets description 

The delineation method is trained and evaluated on two separate datasets (the QT dataset, 

and our own manually delineated dataset) with different QRS delineations. The QT-dataset 

(QTDB) [237] is a collection of 105 two-channel ECG signals obtained from 6 different 

datasets. The signals are stored with a sampling frequency of 250 Hz and are 15 minutes long 

each and associated with at least three annotation files generated from two sources namely 

“ecgpuwave” and the expert annotators. ecgpuwave is a software for the automatic delineation 

of the fiducial points of the ECG characteristic waves which is used for generating the 

annotation files for both channels of each signal and covering its entire length. These files are 

given the extension “pu*” where “*” represents the signal channel number. On the other hand, 

unlike ecgpuwave-generated annotations, the experts' annotations are manually generated and 

limited to covering on average up to 30 seconds each for one channel only and positioned at the 

time position 00h10m00 in each signal. These files are given the extension “q*c” where “*” 

represents the annotator number. However, only the first annotator’s annotation is valid while 

the second annotator covered 11 signals with limited delineation. Additionally, the two 

annotation sources of the QTDB are not similar in T waves delineation where some waves are 

annotated biphasic with ecgpuwave whereas the expert marked them as normal, as well as the 

Tonsets are not delineated in 51 signals in the expert annotation. Furthermore, 29 and 34 out of 

the 105 signals were rejected from ecgpuwave and the expert annotation respectively due to 

different issues in the annotation, making 76 and 71 signals selected from ecgpuwave and the 

expert annotation respectively. Alternatively, our own manually delineated dataset named 

characteristic waves delineation (CWD) dataset includes 160 annotated signals from 19 

individuals. The signals are 10 seconds long each and obtained from three datasets namely MIT 

Arrhythmia, PTB Diagnostic ECG, and our own ECG recordings with sampling frequencies of 

360 Hz, 1000 Hz, and 1000 Hz respectively. The dataset covers examples of  
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Figure III-9: Example of flexible tolerance of 40% annotation-to-annotation interval. 

NSR, ST-depression, complete bundle branch block, tachycardia, Wolf-Parkinson-White 

pattern, baseline noise, low P waves, positive T waves, and negative T waves. However, the 

delineation of the QRS complexes is taken as Qpeak, Rpeak, and Speak, unlike the QTDB where 

they are taken as QRSonset, QRSpeak, and QRSend. Also, the peaks are delineated more precise in 

our dataset other than variating in a tolerance interval as the case in the QTDB. More details on 

the chosen datasets with regard to their validation results are included in the supplementary data 

(Appendix B). 

III.4.2. Preprocessing 

According to several experiments, it is found that the peak analyzer is more suitable with 

signals normalized to an amplitude interval of 4 giving robustness to tangent computations to 

signals with both higher and lower waves. Therefore, the signal is firstly normalized to having 

an amplitude interval of 4 before being fed to the reinforcement learning model and the LSTM 

model. Additional several experiments were also applied for choosing the reward computing 

conditions of the reinforcement learning model namely the tolerance of the fiducial points (Tol) 

and the detected peak over the fiducial points ratio threshold (PFRT). Four different Tol 

computing approaches and five PFRT are applied making 20 different experiments. The Tol 

intervals are chosen both as fixed values from the ANSI/AAMI-EC57:1998 standard and the 

committee for Common Standards for Electrocardiography (CSE) [238], as well as flexible 

values of annotation-to-annotation interval ratios as illustrated in Figure III-9. Table III-2 lists 

the results of five experiments using five PFRT values (2, 5, 10, 20, and 30) and a flexible Tol 

value of 40% annotation-to-annotation interval where MCD is the mean closest distance, sd is 

the standard deviation, Se is the sensitivity, PPV is the positive predictive value, SP count is the 

scanned peaks count, and R time is the running time which is the reinforcement learning 

exploration time. MCD is the mean distance from the annotations to their closest scanned peaks 

and is computed using the equation (III-3) as follows: 
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Table III-2: Evaluation results of the performance of the reinforcement learning model in peak 

analysis using a flexible Tol of 40% and variable PFRT parameters. 

𝑀𝐶𝐷 =
1

𝑁
∑ 𝑚𝑎𝑔(𝑥𝑎𝑛𝑛𝑜 , 𝑥𝐶𝑆𝑃)

𝑁

𝑎𝑛𝑛𝑜=1

 
(III-20) 

where xanno is the position index of the annotation, xCSP is the position index of the closest 

scanned peak to the selected annotation, and N is the total number of annotations of the same 

label. The objective with the PFRT and Tol choices was to reduce the scanned peak count while 

keeping the MCD short and the classification accuracy high. Therefore, the parameters PFRT 

and Tol are fixed as 2 and 40% respectively. The results of the other 15 experiments are included 

in the supplementary data (Appendix B). 

III.4.3. Delineation results 

As an objective to evaluate the performance of the LSTM model as well as the features 

extraction approach, the proposed method is validated on six experiments using both long 

signals of 10 and 5 minutes for training and validation respectively as well as selected short 

fragments for the same assessment. The inter- and intra-patient evaluation paradigms are also 

taken into consideration and results of the performance of the method in the aforementioned 

experiments in the delineation of the fiducial points of ECG signals from the QTDB and the  

 

Signals count 

Metrics 

28 

Samples count 100800 

Annotations 

count 

2825 

Fixed parameter Tol 40% from annotation-to-annotation 

PFRT Ponset Ppeak Pend Qpeak Rpeak Speak Tonset Tpeak Tend SP count R. time 

2 MCD ± 

sd 

0.05 ± 

0.041 

0.009 ± 

0.031 

0.025 ± 

0.037 

0.018 ± 

0.036 

0 ± 0 0.019 ± 

0.056 

0.079 ± 

0.067 

0.013 ± 

0.025 

0.041 ± 

0.035 

4099 3 min, 11 

sec, 537 

millis 
Se (%) 87.67 98.61 89.19 98.63 100 98.63 89.86 95.65 82.61 

PPV (%) 86.11 92.21 95.77 98.63 100 88.89 76.54 92.42 88.71 

5 MCD ± 

sd 

0.034 ± 

0.032 

0.007 ± 

0.023 

0.019 ± 

0.031 

0.01 ± 

0.024 

0 ± 0 0.01 ± 

0.043 

0.043 ± 

0.05 

0.009 ± 

0.017 

0.031 ± 

0.03 

5719 1 min, 6 

sec, 439 

millis 
Se (%) 82.19 100 89.19 93.15 100 98.63 92.75 97.1 62.32 

PPV (%) 72.15 92.31 85.96 95.77 97.33 98.63 76.74 87.01 82.26 

10 MCD ± 

sd 

0.026 ± 

0.031 

0.004 ± 

0.014 

0.012 ± 

0.026 

0.007 ± 

0.018 

0 ± 0 0.005 ± 

0.026 

0.035 ± 

0.048 

0.008 ± 

0.0143 

0.023 ± 

0.028 

7660 39 sec, 

381 
millis 

Se (%) 79.45 100 78.38 94.52 100 100 98.55 92.75 65.22 

PPV (%) 79.69 93.42 90.14 97.26 100 94.74 78.31 95.38 71.43 

20 MCD ± 

sd 

0.019 ± 

0.025 

0.002 ± 

0.011 

0.009 ± 

0.019 

0.007 ± 

0.016 

0 ± 0 0.003 ± 

0.02 

0.022 ± 

0.036 

0.006 ± 

0.014 

0.016 ± 

0.023 

12144 24 sec, 

561 

millis 
Se (%) 64.38 93.06 74.32 91.78 100 100 91.3 79.71 56.52 

PPV (%) 78.12 85.71 71.62 97.01 98.65 97.33 72.15 95.38 76.92 

30 MCD ± 

sd 

0.017 ± 

0.024 

0.003 ± 

0.009 

0.008 ± 

0.018 

0.006 ± 

0.016 

0 ± 0 0.006 ± 

0.03 

0.022 ± 

0.034 

0.006 ± 

0.012 

0.016 ± 

0.021 

13089 22 sec, 

749 

millis 
Se (%) 76.71 94.44 82.43 89.04 100 91.78 88.41 92.75 76.81 

PPV (%) 70 84.34 75.36 95 100 100 55.56 81.48 71.43 
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Table III-3: Performance results of the LSTM model in the delineation of the fiducial points of 

the ECG characteristic waves on the QTDB. 

Table III-4: Performance results of the LSTM model in the delineation of the fiducial points of 

the ECG characteristic waves on the CWD dataset. 

CWD datasets are listed in Table III-3 and Table III-4 respectively. The tables contain values of 

the classification evaluation in sensitivity (Se) and positive predictive value (PPV) together with 

the time error of the positively classified peaks from their true annotations in milliseconds (ms). 

The values of the sensitivity and PPV are obtained as follows: 

𝑆𝑒 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(III-21) 

𝑃𝑃𝑉 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(III-22) 

where TP is the true positive, FN is the false negative, and FP is the false positive. Classification 

is considered as true positive if it falls within the standardized tolerances defined by 

ANSI/AAMI-EC57:1998 which considers the time error of the classified points from the true 

annotation within a tolerance of ±75 ms as true positives, in addition to the fiducial point’s 

specific tolerances defined by CSE proposing five different tolerance values of 10.2 ms, 12.7 

ms, 6.5 ms, 11.6 ms, and 30.6 ms associated to Ponset, Pend, QRSonset, QRSend, and Tend 

respectively. The time error of the classification is computed as the deviation of the classified 

peaks from their nearest true positive annotated fiducial point within the standardized tolerances 

and is represented as the time error mean (m) ± its standard deviation (sd). Furthermore, the 

Dataset Eval 

paradigm 

Metrics Ponset Ppeak Pend QRSonset QRSpeak QRSend Tonset Tpeak Tend 

QT ecgpuwave 

long signals 

inter-patient Se (%) 66.05 93.69 61.38 71.71 98.6 69.78 85.79 77.54 47.97 

PPV (%) 74.37 81.59 57.94 70.85 97.48 71.07 77.34 89.41 74.11 

m±sd (ms) 0±0.9 -2.8±11.7 0.1±2.4 0±0.3 -0.1±1.9 0±1.2 -5.2±18.5 -0.2±8.8 -0.2±5.2 

intra-patient Se (%) 57.09 95.11 58.47 47.68 97.95 73.47 86.32 84.72 65.86 

PPV (%) 71.72 88.76 70.67 67.8 98.38 72.85 71.87 90.06 81.3 

m±sd (ms) 0±1.0 -1.2±7.0 0±2.8 0±0.3 -0.1±3.0 0±1.15 6.1±20.1 -1.5±13.3 -0.2±5.2 

QT ecgpuwave 

short signals 

intra-patient Se (%) 63.35 89.88 69.9 60.01 96.94 78.48 80.91 86.95 60.27 

PPV (%) 73.19 88.8 75.13 72.04 98.13 75.53 71.42 82.64 76.32 

m±sd (ms) 0±1.1 -1.0±6.8 -0.8±2.9 0±0.2 0±2.8 -0.2±1.5 -2.0±18.2 -0.7±13.4 -0.2±7.1 

QT expert short 

signals 

inter-patient Se (%) 79.52 95.78 80.72 84.04 93.07 68.37 - 92.17 69.28 

PPV (%) 69.29 96.07 78.59 87.46 85.36 67.56 - 90.27 66.47 

m±sd (ms) 0±1.1 0±3.7 -0.5±2.1 0±2.2 -3.0±11.5 -0.1±1.1 - -0.1±3.9 1.1±5.8 

Dataset Eval 

paradigm 

Metrics Ponset Ppeak Pend Qpeak Rpeak Speak Tonset Tpeak Tend 

CWD inter-patient Se (%) 56.71 92.73 63.03 77.18 100 79.82 88.96 94.51 50.93 

PPV (%) 48.82 91.62 62.46 75.59 100 77.03 69.21 90.91 73.99 

m±sd (ms) -0.5±2.2 -0.6±5.6 -0.6±2.2 0±0.5 0±0 0.1±1.0 12.5±24.2 -0.9±10.4 0±4.3 

intra-patient Se (%) 74.95 92.5 71.01 78.78 99.81 91.76 89.96 95.91 72.69 

PPV (%) 77.59 95.25 78.95 78.33 99.24 92.83 79.07 92.32 81.86 

m±sd (ms) 0±0.9 -0.7±7.9 -0.2±1.4 0±0.6 0±0.8 0±0.3 -4.3±15.2 -0.6±10.8 0.1±5.3 
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comparison results of the models listed in Table III-3 and Table III-4 are illustrated in Figure 

III-10, Figure III-11, Figure III-12, and Figure III-13. The comparison considers the delineation 

results of the models on three fragments from the QTDB namely sel803, sel808, and selec0406; 

as well as two fragments from the CWD dataset namely 106m(18), and 123m(12). 

III.5. Discussion 

This study presents a new method for the delineation of the fiducial points of the ECG signal 

utilizing a novel peak analyzer algorithm manipulated using a reinforcement learning model for 

the analysis of the prominent peaks of the ECG signal to be fed sequentially to an LSTM model 

for classification. The results in Table III-2 clearly shows the ability to compress the samples of 

the input signal using the peak analyzer while keeping high precisions up to 100% and down to 

76.54% along with delineating the prominent peaks over or close to the annotated peaks with a 

mean closest distance (MCD) down to 0 and up to 0.079 making the radius down to 0 ms and 

up to 79 ms in time and down to 0 mV and up to 0.079 mV in amplitude. The selected 28 signals 

contained 100800 samples with 2825 annotated peaks while the reinforcement learning model 

was able to reduce the scanned peaks count down to 4099 peaks with a flexible tolerance of 

40% and a peak over the fiducial points ratio threshold (PFRT) set to 2 for the reward function. 

The sample reduction using a PFRT=2 reached 95.93% from the total 100800 samples with a 

peak over fiducial points ratio of 1.45 which validates the reinforcement learning required 

performance. The evaluation of the delineation of the fiducial points on the QTDB listed in 

Table III-3 shows a performance of the inter- and the intra-patient paradigm of both long and 

short signals from the ecgpuwave almost identical on the classification of the P, and T peaks 

with values ranging from 77.54% to 95.11% and from 81.59% to 90.06% in sensitivity and PPV 

respectively. The QRS peaks had a better delineation performance with sensitivity and PPV 

ranging from 96.94% to 98.6% and from 97.48% to 98.38% respectively. The same performance 

was lower and also identical on the classification of onset and end of each of the P, QRS, and T 

waves with a sensitivity and PPV ranging from 47.68% to 85.79% and from 57.94% to 81.3% 

respectively. The expert annotation dataset was only validated with the inter-patient paradigm 

since it covers short fragments from the signals. The evaluation results in Table III-3 show a 

better delineation performance compared to the ecgpuwave annotation dataset with sensitivity 

and PPV of 95.78% and 96.07 for the Ppeak and of 92.17% and 90.27% for the Tpeak respectively. 

The delineation of the QRSpeak however was poor with a sensitivity and PPV of 93.07% and 

85.36% respectively due to the variated annotation position of the peaks between QRSonset and 

QRSend. The performance of the delineation of the onset and end of the waves with the expert 

annotation on the other hand was almost identical to the performance with the ecgpuwave  
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Figure III-10: Comparison in the performance between the inter- and intra-patient paradigm of two LSTM models 

trained with the first 10 min from the ecgpuwave dataset and tested on fragments from three different signals: (a) 

and (d) using the signal sel803; (b) and (e) using the signal sel808; and (c) and (f) using the signal sele0406. 

 

Figure III-11: Comparison in the performance between an LSTM model trained with long signals of 10 min and a 

second with short signals of 30 sec from the ecgpuwave dataset and tested on fragments from three different signals 

with the intra-patient paradigm: (a) and (d) using the signal sel803; (b) and (e) using the signal sel808; and (c) and 

(f) using the signal sele0406. 
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Figure III-12: Comparison in the performance between an LSTM trained with short signals from the ecgpuwave 

dataset and a second with short signals from the expert dataset and tested on fragments from three different signals 

with the intra-patient paradigm: (a) and (d) using the signal sel803; (b) and (e) using the signal sel808; and (c) and 

(f) using the signal sele0406. 

 

Figure III-13: Comparison in the performance between the inter- and intra-patient paradigm of two LSTM models 

trained with signals of 10 sec in length from the CWD dataset and tested on fragments from two different signals: 

(a) and (d) using the signal 106m(18); (b) and (e) using the signal 123m(12). 

annotation apart from the delineation of the Pend and QRSonset where the results with the expert 

annotation show better performance with a sensitivity and PPV of 80.72% 78.59% and of 

84.04% and 87.46% respectively. The results of the delineation of the Tonset were not considered 

in the performance of the model trained with the expert annotation dataset since 51 of its records 

do not include the annotation of the Tonset which would affect the PPV and the time error results. 

Furthermore, the results listed in Table III-4 show the CWD dataset-trained model performed 

almost exactly as the expert dataset-trained model on six fiducial points with a much better 
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performance on the Rpeak delineation reaching 100% both in sensitivity and PPV with 0 ms in 

time error using the CWD dataset. The sensitivity in delineating the Ponset, Pend, and Tend however 

was lower with values ranging from 60.93% to 63.03%. Besides, the time error results of the 

proposed method across all the experiments show a high performance in delineating the Ponset, 

Pend, QRSonset/Qpeak, QRSpeak/Rpeak, and QRSend/Speak with values ranging from 0±0 ms to -

0.8±3.0 ms, a medium performance in delineating the Ppeak, Tpeak, and Tend with values ranging 

from 0±3.7 ms to -2.8±13.4 ms, and low performance in delineating the Tonset with values 

ranging from -2.0±15.2 ms to 12.5±24.2 ms. The wide range in time error in delineating the 

QRSpeak with the expert dataset refers to the same issue as with its alliance with the poor 

classification results due to the variated annotation position of the peaks. 

The validation results in Table III-3 and Table III-4 show the ability of the proposed method 

to generalize the performance of the model over the inter- and intra-patient paradigm in addition 

to whether the model is trained with short or long signals, the model shows an identical 

performance. However, the results in Figure III-10, Figure III-11, Figure III-12, and Figure 

III-13 present a different perspective of the performance. The results in Figure III-10 show the 

long signals trained models have a better performance in QRSpeak delineation in the inter-patient 

paradigm while the Tpeak delineation is better performed in the intra-patient paradigm. The 

delineation of the Ppeak is poor in both experiments except with the record sele0406 where the 

inter-patient paradigm experiment shows the ability of the model to delineate most of the Ppeaks 

even though the classification results in Table III-3 present the opposite where the intra-patient 

outperforms the inter-patient paradigm. This issue is more clarified in the results in Figure III-11 

where the short signals trained model outperforms the long signals trained model in the intra-

patient paradigm even though they show the same performance in Table III-3 which may refer 

to the familiarity of the LSTM memory with the length of the training signals. The poor 

performance of the models with delineating the Ppeak of the signal sel808 may also refer to the 

insufficient data with the negative T waveform where the QTDB contains nine of such records, 

three of the records with inaccurate T wave delineation, the model was trained with three records 

and validated with the remaining ones. The results in Figure III-12 show that the ecgpuwave 

short signals trained model also outperformed the expert short signals trained model opposing 

to what is mentioned in Table III-3 which may refer either to the varying signal length or the 

inconsistent manual annotations in the expert dataset. Furthermore, the performance results in 

Figure III-13 also show the relationship between the length of the training signals and the 

memory parameters of the LSTM model where the CWD dataset signals are all 10 sec in length 

which makes the results in Table III-4 aligns with the 6 sec signals in the results of Figure III-13. 

The comparison of the proposed method with the related works in Table III-5 show a 

comparable performance in the classification sensitivity and PPV where Spicher and Kukuk  
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Table III-5: Comparison of the proposed method with the related works in the delineation of 

the fiducial points of the ECG characteristic waves. 

[232] obtained high performance in sensitivity in delineating all fiducial points compared to 

other proposed methods with values ranging from 99.89% to 99.92%; Li et al. [199] had better 

values in PPV in the delineation of the Ppeak and the fiducial points of the T wave with values 

ranging from 98.52% to 98.68%; Krasteva et al. [233], Li et al. [234], Peimankar and 

Puthusserypady [235], and Nurmaini et al. [236] presented results of delineating part of the 

fiducial points also with high-performance values ranging from 95.49% to 99.81% and from 

88.77% to 99.82% in sensitivity and PPV respectively. However, the high performance of the 

method proposed by Spicher and Kukuk relies on the pre-segmentation of each of the 

characteristic waves (P, QRS, and T waves) using their pre-obtained peak locations, the same 

pre-segmentation technique is also used for separating beats before classification by Nurmaini 

et al. and Krasteva et al., Li et al.’s method relies mostly on finding the absolute maxima of 

multiple sliding windows for the detection of the fiducial points which make it susceptible to 

arrhythmias, Peimankar and Puthusserypady’s method is impractical with real-time processing, 

especially with signals of high sampling frequencies, and Li et al.’s high-performance results 

are based on time error tolerance of ±150 ms which is considered a biased measurement 

comparing to the related works. The proposed method on the other hand classifies prominent 

peaks selected independently from the signal using the peak analyzer and fed sequentially to the  

 

Method Metrics Ponset Ppeak Pend QRSonset QRSpeak QRSend Tonset Tpeak Tend 

Proposed method Se (%) 63.35 89.88 69.9 60.01 96.94 78.48 80.91 86.95 60.27 

PPV (%) 73.19 88.8 75.13 72.04 98.13 75.53 71.42 82.64 76.32 

m±sd (ms) 0±1.1 -1.0±6.8 -0.8±2.9 0±0.2 0±2.8 -0.2±1.5 -2.0±18.2 -0.7±13.4 -0.2±7.1 

Li et al. [199] Se (%) 98.59 98.68 98.48 98.68 98.68 98.68 98.64 98.64 98.52 

PPV (%) 98.59 98.68 98.48 98.68 98.68 98.68 98.64 98.64 98.52 

m±sd (ms) - - - - -     

Spicher and Kukuk [232] Se (%) 99.91 99.91 99.91 99.92 99.92 99.92 99.93 99.89 99.89 

PPV (%) - - - - - - - - - 

m±sd (ms) 0.5±15.1 5.1±10.9 0.5±15.0 0.9±8.5 -4.1±4.6 -0.4±9.6 -0.3±23.7 -4.5±14.7 0.6±20.3 

Krasteva et al. [233] NPV (%) - 97.4 - - - - - - - 

PPV (%) - 95.6 - - - - - - - 

m±sd (ms) -2.3±7.3 - -1.4±5.2 -1.1±3.8 - 1.3±7.9 - - -0.1±9.9 

Li et al. [234] Se (%) 98.99 - 99.75 99.44 - 99.57 99.81 - 97.28 

PPV (%) 98.91 - 98.72 99.82 - 99.82 97.01 - 96.60 

m±sd (ms) 3.7±3.7 - 1.2±4.3 2.5±4.1 - 0.6±3.4 2.0±4.0 - 2.0±3.0 

Peimankar and Puthusserypady 

[235] 

Se (%) 95.49 97.69 96.41 99.75 - 99.36 - 97.71 95.87 

PPV (%) 88.77 90.84 89.06 - - - - 96.51 94.43 

m±sd (ms) - - - - - - - - - 

Nurmaini et al. [236] Se (%) 98.38 - - - 99.10 - 98.47 - - 

PPV (%) 99.00 - - - 99.24 - 97.92 - - 

m±sd (ms) - - - - - - - - - 

ANSI/AAMI-EC57:1998 

standards 

Tolerance (ms) ±75 ±75 ±75 ±75 ±75 ±75 ±75 ±75 ±75 

CSE standards Tolerance (ms) ±10.2 - ±12.7 ±6.5 - ±11.6 - - ±30.6 
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Table III-6: Comparison of the proposed method with the related works in running time. 

LSTM without relying on any pre-segmentation of the beats. The selection of the prominent 

peaks using the peak analyzer also enhanced the proposed method by outperforming the related 

works in reducing the time error as indicated in bold in Table III-5. Moreover, Table III-6 lists 

the running time in the delineation of the fiducial points of the proposed method with the related 

works where Processor specs indicate the machine used for running the method, Beats is the 

number of beats processed by the proposed method, Run. time is the time spent to process the 

total beats declared in the “Beats” column, Normalized is the time spent to process a single beat. 

The running time of the proposed method considers the performance in the result (d) in Figure 

III-11 where the model yields a good ability to delineate most of the fiducial points. The values 

in the normalized running time show that Krasteva et al. had the fastest delineation performance 

with 397 µs in delineating a single beat. However, their method ran on a powerful machine 

which relies on the high number of the GPU core on the NVIDIA RTX A5000-24 GB. 

Alternatively, the CPU-based delineation yielded a fast performance using the proposed method 

with 40.11 ms in delineating a single beat which affirms the ability of the peak analyzer to 

compress the number of samples while keeping the prominent peaks selected. 

Addressing the issues declared in our previous work [230] where the Q and S peaks were 

naively selected as the preceding and following scanned peaks from the R peak. The current 

work gave more freedom to the classification of all fiducial points as depicted in Figure III-14 

and Figure III-15. The Speak is well delineated in both examples except with the first one in 

Figure III-15 due to insufficient waveform features. The Qpeak however is still inaccurately 

delineated maybe due to the susceptibility of the selected features to noise. Also, the 

reinforcement learning model over-reduces the selected peaks skipping low amplitude waves 

such as the second P wave in Figure III-16 resulting in missing its delineation as captured in 

Figure III-15. This issue is due to the imbalanced training data of low-amplitude waves to high-

amplitude waves. 

Method Processor specs Beats Run. time Normalized 

Proposed method i7-6820HQ @ 2.70 GHz; tick freq: 10 

MHz. 

7 280.83 ms 40.11 ms 

Li et al. [199] DELL 210-ANJK workstation 6 2.11 sec (QRS); 2.90 sec (P, R, T); 

3.97 sec (onsets and ends) 

1.49 sec 

Spicher and Kukuk 

[232] 

Intel Core i5-4210U processor, 12GB 

RAM 

1 149.9 ms (QRS); 132.4 ms (T); 

110.7 ms (P) 

393 ms 

Krasteva et al. [233] Intel CPU Xeon Silver 4214R @ 2.4 

GHz (2 processors), 96 GB RAM 

(Intel, Santa Clara, CA, USA), and 
NVIDIA RTX A5000-24 GB 

1 221 µs for segmentation; 176 µs for 

delineation 

397 µs 
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Figure III-14: Delineation of a noisy signal from PTB Diagnostic ECG DB (record s0351lre, 

lead aVL, at 0 sec). 

 

Figure III-15: Delineation of a non-undershoot Speak followed with a negative T wave (record 

s0351lre, lead V5, at 90 sec). 

 

Figure III-16: Reinforcement learning performance on peak analysis using the peak analyzer 

(record s0351lre, lead V5, at 90 sec) illustrates the ability to reduce the samples of the signal 

from 2000 to 30 with a reduction ratio of 98.5% of the total samples. 

III.6. Conclusion 

This chapter proposes a new method for the delineation of the fiducial points of the ECG 

characteristic waves using two neural network models in two steps. A reinforcement learning 

model in the first step manipulates a novel algorithm named peak analyzer which is proposed 

for the selection of the prominent peaks according to the morphology of the input signal. An 

LSTM model receives then the selected peaks sequentially and associates them with multi-labels 

from 10 classes (P, QRS, T waves fiducial points, and “other” class) according to their 106 

extracted features. Unlike the related works that rely on the pre-segmentation of the input signal 

[231], [232], [233], [236] and are susceptible to the sampling frequency variation of the input 

signal [199], [233], [236] as well as arrhythmia [199], the proposed method benefits from the  

 



Chap III. LSTM and RL based peak analyzer for ECG characteristic waves delineation 

77 

 

Figure III-17: Performance of the proposed method in delineating the P waves in an ECG signal 

with a third-degree atrioventricular block. 

peak analyzer peak selection which grants it independence from the sampling frequency 

variation and enhances the classification accuracy by focusing on the quality of the features 

extraction method on the selected prominent peaks. 

The reinforcement learning-based peak analysis achieved high performance in reducing the 

input samples to 95.93% of reduction from the total samples while keeping a radius down to 0 

ms and up to 79 ms in time and down to 0 mV and up to 0.079 mV in amplitude from the 

annotations. Given the reduction achieved, the method was granted with a low single beat 

running time performance of 40.11 ms and low time error compared to the related works in 

addition to yielding an averaged classification performance with the CWD dataset in intra-

patient paradigm of 96.07% and 95.60% for the CW peaks, and of 81.23% and 78.33% for CW 

onsets, and of 78.48% and 84.54% for the CW ends in sensitivity and PPV respectively. 

Even though the peak analyzer affords the LSTM flexibility with the selected peaks and 

hands the classification over to the LSTM memory, the proposed method still shows 

susceptibility to noise (or maybe to data imbalance) as depicted in Figure III-14, as well as ECG 

signals with third-degree atrioventricular block. The features of the LSTM were selected to 

adapt to such diseases where the P wave rhythm is independent of the QRS complex rhythm. 

However, the results captured in Figure III-17 show that the proposed method is still incapable 

of handling such scenarios which advocates for proposing better feature extraction techniques 

to enhance the LSTM classification task. 
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General Conclusion 

This thesis explored the multidimensional landscape of biological signal processing through 

the lens of artificial intelligence (AI), with a particular focus on the electrocardiogram (ECG). 

This work was guided by the recognition that biological signals are indispensable tools for 

observing and interpreting physiological processes. Serving as dynamic interfaces between 

biological systems and external observers, these signals enable the noninvasive investigation of 

complex internal phenomena. A central contribution of this work was to address the growing 

need for structured understanding, precise detection, and automated interpretation of these 

signals, particularly in scenarios where life-threatening pathologies are involved. 

One of the key findings of this research is the vast diversity of biological signals. These 

signals exist in almost unlimited types, driven by advances in acquisition technologies and the 

varying forms (electrical, mechanical, thermal, optical, and chemical) in which biological 

activity manifests. To navigate this complexity, a generalized framework was proposed, 

classifying biological signals by their origin, dynamic nature, and physical form. This 

classification serves not only as a conceptual tool for understanding biological signals but also 

as a practical roadmap for researchers entering this domain. 

As an endogenous and dynamic signal of electrical type, the ECG provides critical insights 

into cardiac activity, capturing the electrophysiological behavior of the atria and ventricles. 

While disease detection remains its primary application, the ECG is applied in other areas such 

as cardiac imaging, biometric authentication, and emotion recognition. Each of these domains 

benefits from AI-driven analysis of ECG data, especially as larger datasets and more complex 

modeling techniques become accessible. 

Building on this foundational understanding, two main contributions were proposed. The 

first focused on the detection of Wolff-Parkinson-White (WPW) syndrome, a rare but 

potentially fatal condition characterized by abnormal cardiac conduction and episodes of 

tachycardia. A novel machine learning-based peak analyzer was developed and evaluated using 

three different classifiers: k-nearest neighbor, Naïve Bayes, and artificial neural networks. 

Among these, the neural network-based method achieved the highest overall accuracy of 

99.25% in detecting WPW patterns. Importantly, this method stands out as the first to explicitly 

identify the delta wave. Nonetheless, the method was limited in its ability to reliably delineate 

Q and S peaks, particularly in noisy environments or signals with atypical morphology. 

To overcome these limitations, a second contribution introduced a more robust and efficient 

delineation framework based on reinforcement learning and Long Short-Term Memory (LSTM) 

networks. The new system employed a two-parametric peak analyzer for sample reduction 



 

79 

achieving a 95.93% reduction in input samples, passing only the most informative points to the 

LSTM for detailed delineation of ECG characteristic waves (P, QRS, T). This approach yielded 

high sensitivity (96.07%) in classifying characteristic waves on our own CWD database. These 

results represent a significant advancement in precise fiducial point detection and offer 

promising directions for real-time ECG monitoring systems allowing for runtimes of 40.11 ms 

per beat. However, challenges remain, particularly in delineating Q peaks under noisy 

conditions and detecting P waves in cases of third-degree atrioventricular block, where P waves 

are dissociated from QRS complexes. 

Future Work 

Despite the encouraging results obtained in this work, several avenues remain open for 

future investigation. First, while disease detection has been extensively addressed, applications 

of ECG in cardiac imaging, biometric authentication, and emotion recognition remain 

underexplored and warrant greater attention. These areas could benefit significantly from deeper 

integration of AI techniques. Second, persistent challenges in delineating the P wave in ECG 

signals with complete AV block highlight the need for specialized detection frameworks. 

Another important future direction involves enhancing the transparency and interpretability 

of AI-based diagnostic systems. While current models offer high accuracy, their decision-

making processes often remain opaque, limiting clinical trust and regulatory adoption. 

Integrating Explainable AI (XAI) techniques could offer crucial insights into model behavior, 

helping bridge the gap between computational analysis and clinical relevance. Lastly, continued 

efforts should focus on optimizing model complexity, execution time, and memory efficiency 

to facilitate real-time applications on resource-constrained platforms such as wearable devices 

and mobile systems. 

In conclusion, this thesis demonstrated how biological signal processing, when guided by 

intelligent algorithmic design, can yield meaningful insights and practical diagnostic tools. The 

contributions presented herein reinforce the value of AI in biological signal analysis and provide 

a foundation for continued research into smart, autonomous, and clinically relevant health 

technologies. 
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Appendix 

Appendix A. Supplementary data 

Supplementary data to Chapter II can be found online at https://doi.org/10.17632/5kpr7zwt2

v.1. 

Supplementary data of 131 ECG signals with beats characteristics and classification 

features. 

The supplementary data consists of: 

1. SQLite database. 

2. C# code explaining the procedure of querying data from the database. 

3. PDF file describing the structure of the data, and the recommended steps for accessing 

the dataset. 

Appendix B. Supplementary data 

Supplementary data to Chapter III can be found online at http://doi.org/10.17632/9jz5p3jdg

2.1. 

Supplementary data containing three databases storing ECG records annotated by three 

different annotators in addition to the performance results of the proposed method. 

The data comprise the following 6 files: 

1. PDF file describing the content of the supplementary data, presenting a guide for reading 

the annotated ECG records, and discussing additional performance comparison of the proposed 

method with the related works. 

2. Excel file presenting the performance of the reinforcement learning model in 

manipulating the peak analyzer using different episode-ending parameters. 

3. Second Excel file describing in detail the selected training and validating datasets from 

the provided three ECG record databases aligned with the performance results of the proposed 

method. 

4. Three SQLite database files consisting of: 

4.a. 73 annotated ECG records selected from the ecgpuwave annotated records of the 

QTDB. 

4.b. 71 annotated ECG records selected from the expert annotated records of the QTDB. 

4.c. 160 of our own manually annotated records. 

  

https://doi.org/10.17632/5kpr7zwt2v.1
https://doi.org/10.17632/5kpr7zwt2v.1
http://doi.org/10.17632/9jz5p3jdg2.1
http://doi.org/10.17632/9jz5p3jdg2.1
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Abstract 

The acquisition procedures for reading biological signals determine the type of the signal obtained and with the advance of 

acquisition techniques, biological signals have an almost unlimited variety of types some of which are rarely addressed. This thesis 

establishes a foundational framework for categorizing biological signals by origin, dynamics, and physical form, with a focused 

review of ECG applications. It highlights the dominance of heuristic, machine learning, and neural network approaches in pathology 

detection and biometric authentication while identifying understudied areas such as ECG-based imaging and emotion recognition. 

Building on this, a robust seven-step peak analyzer-based machine learning method is proposed for detecting the ECG characteristic 

peaks (P, Q, R, S, and T peak) with the rarely studied Wolff-Parkinson-White (WPW) pattern via Delta wave localization, comparing 

the performance of neural networks, k-nearest neighbors (KNN), and Naïve Bayes algorithms on the MITDB Arrhythmia database. 

The approach achieves high precision (99.25% accuracy with neural networks) and addresses limitations of the method’s dependency 

on the R peak detection leading to the proposal of an improved novel reinforcement learning-driven peak analyzer paired with an 

LSTM classifier to automate a real-time independent delineation of the fiducial points (onset, peak, and end) of the ECG characteristic 

waves, reducing input samples by 95.93% while maintaining low time error, short running time (40.11 ms per beat), and strong 

classification performance (96.07% sensitivity for peaks) on the QTDB and a custom CWD dataset. 

Keywords: Biological signals, Electrocardiogram, Wolff-Parkinson-White, Delineation, Machine learning. 

 ملخص

تع بتنوع غير محدود تقريباً،  تحدد إجراءات الحصول على الإشارات البيولوجية نوع الإشارة المُكتشََفة، ومع تطور تقنيات الاستحواذ، أصبحت الإشارات البيولوجية تتم

ت والشكل المادي، مع مراجعة مُركَّزة لتطبيقات تخطيط  بعضها نادر التناول. تؤسس هذه الأطروحة إطارًا أساسياً لتصنيف الإشارات البيولوجية حسب المصدر والديناميكيا

ير  تسُلط الضوء على هيمنة المناهج الاستدلالية وتعلم الآلة والشبكات العصبية في اكتشاف الأمراض والمصادقة الحيوية، مع تحديد مجالات غ .(ECG) القلب الكهربائي

لتعرف على المشاعر. بناءً على ذلك، تقُترح طريقة قوية مكونة من سبع خطوات قائمة على محلل القمم وتعلم  مدروسة مثل التصوير القائم على تخطيط القلب الكهربائي وا 

عبر تحديد موجة دلتا، مع مقارنة أداء الشبكات   (WPW) وايت-باركنسون-، مع دراسة نادرة لنمط وولف( P  ،Q  ،R  ،S  ،T) الآلة لاكتشاف القمم المميزة لتخطيط القلب

% بالشبكات 99.25لاضطرابات نظم القلب. حقق النهج دقة عالية ) MITDB وخوارزمية بايز الساذجة على قاعدة بيانات  (KNN) العصبية وخوارزمية الجيران الأقرب

لأتمتة تحديد النقاط المرجعية   LSTM ، مما أدى إلى اقتراح محلل قمم محسّن مدفوع بتعلم التعزيز مقترناً بمصنفR  العصبية(، وتناول قيود اعتماد الطريقة على اكتشاف قمة

% مع الحفاظ على خطأ زمني منخفض ووقت تشغيل 95.93)البداية، القمة، والنهاية( لموجات تخطيط القلب في الوقت الحقيقي بشكل مستقل، مع تقليل العينات المدخلة بنسبة  

 . CWD ومجموعة بيانات مخصصة QTDB قاعدة بيانات % للقمم( على96.07مللي ثانية لكل نبضة( وأداء تصنيف قوي )حساسية  40.11قصير )

 .وايت، التحديد، التعلم الآلي-باركنسون-الإشارات البيولوجية، تخطيط كهربية القلب، وولف الكلمات المفتاحية:

Résumé 

Les procédures d’acquisition des signaux biologiques déterminent le type de signal obtenu. Avec l’avancée des techniques 

d’acquisition, les signaux biologiques présentent une variété quasi illimitée, dont certains types sont rarement étudiés. Cette thèse 

établit un cadre fondamental pour catégoriser les signaux biologiques par origine, dynamique et forme physique, avec un examen 

ciblé des applications de l’électrocardiogramme (ECG). Elle met en lumière la dominance des approches heuristiques, 

d’apprentissage automatique et des réseaux de neurones dans la détection de pathologies et l’authentification biométrique, tout en 

identifiant des domaines sous-étudiés tels que l’imagerie basée sur l’ECG et la reconnaissance des émotions. Sur cette base, une 

méthode robuste en sept étapes, basée sur un analyseur de pics et l’apprentissage automatique, est proposée pour détecter les pics 

caractéristiques de l’ECG (P, Q, R, S, T), notamment le motif de Wolff-Parkinson-White (WPW) via la localisation de l’onde Delta, 

en comparant les performances des réseaux de neurones, des k-plus proches voisins (KNN) et de l’algorithme Naïve Bayes sur la 

base de données MITDB d’arythmie. L’approche atteint une haute précision (99,25 % de précision avec les réseaux de neurones) et 

aborde les limites de la dépendance de la méthode à la détection du pic R, conduisant à la proposition d’un nouvel analyseur de pics 

amélioré, piloté par apprentissage par renforcement et couplé à un classifieur LSTM pour automatiser la délimitation en temps réel 

des points fiduciaires (début, pic, fin) des ondes caractéristiques de l’ECG, réduisant les échantillons d’entrée de 95,93 % tout en 

maintenant une faible erreur temporelle, un temps d’exécution court (40,11 ms par battement) et une performance de classification 

élevée (96,07 % de sensibilité pour les pics) sur la base QTDB et un jeu de données personnalisé CWD. 

Mots-clés : Signaux biologiques, Électrocardiogramme, Wolff-Parkinson-White, Délinéation, Apprentissage automatique. 



 

Abstract    

The acquisition procedures for reading biological signals determine the type of the signal obtained and with the advance of 

acquisition techniques, biological signals have an almost unlimited variety of types some of which are rarely addressed. This 

thesis establishes a foundational framework for categorizing biological signals by origin, dynamics, and physical form, with a 

focused review of ECG applications. It highlights the dominance of heuristic, machine learning, and neural network approaches 

in pathology detection and biometric authentication while identifying understudied areas such as ECG-based imaging and 

emotion recognition. Building on this, a robust seven-step peak analyzer-based machine learning method is proposed for 

detecting the ECG characteristic peaks (P, Q, R, S, and T peak) with the rarely studied Wolff-Parkinson-White (WPW) pattern 

via Delta wave localization, comparing the performance of neural networks, k-nearest neighbors (KNN), and Naïve Bayes 

algorithms on the MITDB Arrhythmia database. The approach achieves high precision (99.25% accuracy with neural networks) 

and addresses limitations of the method’s dependency on the R peak detection leading to the proposal of an improved novel 

reinforcement learning-driven peak analyzer paired with an LSTM classifier to automate a real-time independent delineation of 

the fiducial points (onset, peak, and end) of the ECG characteristic waves, reducing input samples by 95.93% while maintaining 

low time error, short running time (40.11 ms per beat), and strong classification performance (96.07% sensitivity for peaks) on 

the QTDB and a custom CWD dataset. 

Keywords: Biological signals, Electrocardiogram, Wolff-Parkinson-White, Delineation, Machine learning. 

 ملخص

تع بتنوع غير محدود تحدد إجراءات الحصول على الإشارات البيولوجية نوع الإشارة المُكتشََفة، ومع تطور تقنيات الاستحواذ، أصبحت الإشارات البيولوجية تتم

نادر مُرك    تقريباً، بعضها  المادي، مع مراجعة  المصدر والديناميكيات والشكل  البيولوجية حسب  زة التناول. تؤسس هذه الأطروحة إطارًا أساسيًا لتصنيف الإشارات 

الأمراض والمصادقة الحيوية، مع  تسُلط الضوء على هيمنة المناهج الاستدلالية وتعلم الآلة والشبكات العصبية في اكتشاف  .(ECG) لتطبيقات تخطيط القلب الكهربائي

ونة من سبع خطوات قائمة تحديد مجالات غير مدروسة مثل التصوير القائم على تخطيط القلب الكهربائي والتعرف على المشاعر. بناءً على ذلك، تقُترح طريقة قوية مك

عبر تحديد موجة دلتا،   (WPW) وايت-باركنسون-مع دراسة نادرة لنمط وولف ، (P ،Q ،R ،S ،T) على محلل القمم وتعلم الآلة لاكتشاف القمم المميزة لتخطيط القلب

لاضطرابات نظم القلب. حقق النهج   MITDB وخوارزمية بايز الساذجة على قاعدة بيانات   (KNN) مع مقارنة أداء الشبكات العصبية وخوارزمية الجيران الأقرب

 ، مما أدى إلى اقتراح محلل قمم محسّن مدفوع بتعلم التعزيز مقترناً بمصنفR  عتماد الطريقة على اكتشاف قمة% بالشبكات العصبية(، وتناول قيود ا99.25دقة عالية )

LSTM مع 95.93خلة بنسبة  لأتمتة تحديد النقاط المرجعية )البداية، القمة، والنهاية( لموجات تخطيط القلب في الوقت الحقيقي بشكل مستقل، مع تقليل العينات المد %

)  الحفاظ تشغيل قصير  منخفض ووقت  زمني  قوي )حساسية    40.11على خطأ  وأداء تصنيف  نبضة(  لكل  ثانية  بيانات 96.07مللي  قاعدة  للقمم( على   %  QTDB 

 . CWD ومجموعة بيانات مخصصة

 .وايت، التحديد، التعلم الآلي-باركنسون-الإشارات البيولوجية، تخطيط كهربية القلب، وولف الكلمات المفتاحية:

Résumé 

Les procédures d’acquisition des signaux biologiques déterminent le type de signal obtenu. Avec l’avancée des techniques 

d’acquisition, les signaux biologiques présentent une variété quasi illimitée, dont certains types sont rarement étudiés. Cette thèse 

établit un cadre fondamental pour catégoriser les signaux biologiques par origine, dynamique et forme physique, avec un examen 

ciblé des applications de l’électrocardiogramme (ECG). Elle met en lumière la dominance des approches heuristiques, 

d’apprentissage automatique et des réseaux de neurones dans la détection de pathologies et l’authentification biométrique, tout 

en identifiant des domaines sous-étudiés tels que l’imagerie basée sur l’ECG et la reconnaissance des émotions. Sur cette base, 

une méthode robuste en sept étapes, basée sur un analyseur de pics et l’apprentissage automatique, est proposée pour détecter 

les pics caractéristiques de l’ECG (P, Q, R, S, T), notamment le motif de Wolff-Parkinson-White (WPW) via la localisation de 

l’onde Delta, en comparant les performances des réseaux de neurones, des k-plus proches voisins (KNN) et de l’algorithme 

Naïve Bayes sur la base de données MITDB d’arythmie. L’approche atteint une haute précision (99,25 % de précision avec les 

réseaux de neurones) et aborde les limites de la dépendance de la méthode à la détection du pic R, conduisant à la proposition 

d’un nouvel analyseur de pics amélioré, piloté par apprentissage par renforcement et couplé à un classifieur LSTM pour 

automatiser la délimitation en temps réel des points fiduciaires (début, pic, fin) des ondes caractéristiques de l’ECG, réduisant 

les échantillons d’entrée de 95,93 % tout en maintenant une faible erreur temporelle, un temps d’exécution court (40,11 ms par 

battement) et une performance de classification élevée (96,07 % de sensibilité pour les pics) sur la base QTDB et un jeu de 

données personnalisé CWD. 

Mots-clés : Signaux biologiques, Électrocardiogramme, Wolff-Parkinson-White, Délinéation, Apprentissage automatique. 
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