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Abstract 

Objective: Cardiovascular diseases are the leading cause of death worldwide resulting in over 

17.9 million deaths each year. Most of these diseases are preventable and treatable, but their 

progression and outcomes are significantly more positive with early-stage diagnosis and proper 

disease management. Among the approaches available to assist with the task of early-stage 

diagnosis and management of cardiac conditions, automatic analysis of auscultatory recordings 

is one of the most promising ones, since it could be particularly suitable for 

ambulatory/wearable monitoring. Thus, proper investigation of abnormalities present in cardiac 

acoustic signals can provide vital clinical information to assist long term monitoring. Cardiac 

acoustic signals, however, are very susceptible to noise and artifacts, and their characteristics 

vary largely with the recording conditions which makes the analysis challenging. Additionally, 

there are challenges in the steps used for automatic analysis and classification of cardiac 

acoustic signals. Broadly, these steps are the segmentation, feature extraction and subsequent 

classification of recorded signals using selected features. This thesis presents approaches using 

novel features with the aim to assist the automatic early-stage detection of cardiovascular 

diseases with improved performance, using cardiac acoustic signals collected in real-world 

conditions.  

Methods: Cardiac auscultatory recordings were studied to identify potential features to help in 

the classification of recordings from subjects with and without cardiac diseases. The diseases 

considered in this study for the identification of the symptoms and characteristics are the 

valvular heart diseases due to stenosis and regurgitation, atrial fibrillation, and splitting of 

fundamental heart sounds leading to additional lub/dub sounds in the systole or diastole interval 

of a cardiac cycle. The localisation of cardiac sounds of interest was performed using an 

adaptive wavelet-based filtering in combination with the Shannon energy envelope and prior 

information of fundamental heart sounds. This is a prerequisite step for the feature extraction 

and subsequent classification of recordings, leading to a more precise diagnosis. Localised 

segments of S1 and S2 sounds, and artifacts, were used to extract a set of perceptual and 

statistical features using wavelet transform, homomorphic filtering, Hilbert transform and mel-

scale filtering, which were then fed to train an ensemble classifier to interpret S1 and S2 sounds. 

Once sound peaks of interest were identified, features extracted from these peaks, together with 

the features used for the identification of S1 and S2 sounds, were used to develop an algorithm 
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to classify recorded signals. Overall, 99 features were extracted and statistically analysed using 

neighborhood component analysis (NCA) to identify the features which showed the greatest 

ability in classifying recordings. Selected features were then fed to train an ensemble classifier 

to classify abnormal recordings, and hyperparameters were optimized to evaluate the 

performance of the trained classifier. Thus, a machine learning-based approach for the 

automatic identification and classification of S1 and S2, and normal and abnormal recordings, 

in real-world noisy recordings using a novel feature set is presented. The validity of the 

proposed algorithm was tested using acoustic signals recorded in real-world, non-controlled 

environments at four auscultation sites (aortic valve, tricuspid valve, mitral valve, and 

pulmonary valve), from the subjects with and without cardiac diseases; together with recordings 

from the three large public databases. The performance metrics of the methodology in relation 

to classification accuracy (CA), sensitivity (SE), precision (P+), and F1 score, were evaluated. 

Results: This thesis proposes four different algorithms to automatically classify fundamental 

heart sounds – S1 and S2; normal fundamental sounds and abnormal additional lub/dub sounds 

recordings; normal and abnormal recordings; and recordings with heart valve disorders, namely 

the mitral stenosis (MS), mitral regurgitation (MR), mitral valve prolapse (MVP), aortic 

stenosis (AS) and murmurs, using cardiac acoustic signals. The results obtained from these 

algorithms were as follows: 

• The algorithm to classify S1 and S2 sounds achieved an average SE of 91.59% and 

89.78%, and F1 score of 90.65% and 89.42%, in classifying S1 and S2, respectively. 87 

features were extracted and statistically studied to identify the top 14 features which 

showed the best capabilities in classifying S1 and S2, and artifacts. The analysis showed 

that the most relevant features were those extracted using Maximum Overlap Discrete 

Wavelet Transform (MODWT) and Hilbert transform.  

• The algorithm to classify normal fundamental heart sounds and abnormal additional 

lub/dub sounds in the systole or diastole intervals of a cardiac cycle, achieved an 

average SE of 89.15%, P+ of 89.71%, F1 of 89.41%, and CA of 95.11% using the test 

dataset from the PASCAL database. The top 10 features that achieved the highest 

weights in classifying these recordings were also identified.    

• Normal and abnormal classification of recordings using the proposed algorithm 

achieved a mean CA of 94.172%, and SE of 92.38%, in classifying recordings from the 

different databases. Among the top 10 acoustic features identified, the deterministic 

energy of the sound peaks of interest and the instantaneous frequency extracted using 

the Hilbert Huang-transform, achieved the highest weights.  

• The machine learning-based approach proposed to classify recordings of heart valve 

disorders (AS, MS, MR, and MVP) achieved an average CA of 98.26% and SE of 
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95.83%. 99 acoustic features were extracted and their abilities to differentiate these 

abnormalities were examined using weights obtained from the neighborhood 

component analysis (NCA). The top 10 features which showed the greatest abilities in 

classifying these abnormalities using recordings from the different databases were also 

identified.  

The achieved results demonstrate the ability of the algorithms to automatically identify and 

classify cardiac sounds. This work provides the basis for measurements of many useful clinical 

attributes of cardiac acoustic signals and can potentially help in monitoring the overall cardiac 

health for longer duration. The work presented in this thesis is the first-of-its-kind to validate 

the results using both, normal and pathological cardiac acoustic signals, recorded for a long 

continuous duration of 5 minutes at four different auscultation sites in non-controlled real-world 

conditions. 
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Thesis Structure 

This thesis is organised into six main chapters with five additional appendices. The details of 

each chapter are summarised below.  

Chapter 1: An Introduction to Algorithms for Automatic Analysis and Classification of 

Heart Sounds 

In this chapter, an introduction to the cardiovascular diseases is briefly discussed followed by 

their impact on society. The current clinical practice in the diagnosis of these diseases, and the 

limitation and drawbacks of this are discussed. This discussion highlights the importance of 

automatic detection of cardiovascular diseases in their early stage using long term monitoring. 

It is justified that automatic analysis and classification of heart sounds signals can provide 

critical information about these diseases and contribute to their early diagnosis. A 

comprehensive literature review and critical analysis of all the existing state-of-the-art 

approaches for heart sounds segmentation, feature extraction and subsequent classification, is 

presented to explain the challenges, limitation and drawbacks of the methods for the automatic 

analysis and classification of heart sounds. This also contains a brief introduction to the 

available heart sounds databases and methods used to acquire these signals. A discussion on 

existing relevant commercial devices for monitoring the cardiovascular system is also 

presented. From the review, it is clear that, although, a lot of research has been done in the field 

of automated analysis, there is still some work to be done to develop robust methods for the 

identification and classification of various events in the cardiac cycle so that this could be 

effectively used to improve the diagnosis and management of cardiovascular diseases in 

combination with wearable mobile technologies. Based on the findings from the review, 

potential solutions and the challenges are discussed in detail. 

Chapter 2: Materials and Methods 

This chapter provides a detailed description of the datasets and methods used to facilitate and 

evaluate the performance of the approaches presented in Chapters 3, 4, 5 and 6. The four 

different studies in chapters 3, 4, 5 and 6 utilised the features described in this chapter to develop 

machine-learning based approaches with the aim to address the challenges in the automatic 

classification of cardiac recordings from different conditions. 
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Chapter 3: Automatic Classification of S1 and S2 Sounds from Cardiac Auscultatory 

Recordings  

The importance of segmentation of heart sounds signals leading to the identification of 

fundamental heart sounds – first heart sound (S1) and second heart sounds (S2)- is discussed in 

this chapter. It is found from the review presented in Chapter 1 that the accurate localization of 

heart sounds assists the classification of pathological events in cardiac acoustic recordings, 

leading to a more precise diagnosis. It is a prerequisite to identify systole and diastole intervals 

in a cardiac cycle to assist the feature extraction for the classification. However, there are 

challenges involved in the localization and segmentation of heart sounds in recorded signals, 

especially when signals are collected in real-world scenarios where they are often contaminated 

with noise and artifacts. This chapter presents an algorithm to classify S1 and S2 sounds, and 

artifacts, in real-noisy cardiac auscultatory recordings using a novel feature vector. An adaptive 

wavelet-based filtering approach was used to isolate components of S1 and S2 sounds. 

Subsequently, heart sounds of interest are localized using the Shannon energy envelope in 

combination with prior information of fundamental heart sounds. Features were extracted from 

S1 and S2 sounds, as well as artifacts, and statistically analysed to investigate the top features 

that demonstrated the greatest ability to differentiate S1 and S2 sounds. Finally, selected features 

were used to train a classifier model to identify peaks of S1 and S2 sounds, and artifacts. For the 

first time, the segmentation algorithm presented was tested using acoustic signals recorded for 

5 minutes from four auscultation sites (aortic valve, tricuspid valve, mitral valve, and 

pulmonary valve), from both subjects with, and without, cardiac disease; together with signals 

from a public database.   

Chapter 4: An Approach for Automatic Identification of Fundamental and Additional 

Sounds 

Chapter 4 presented an approach for the automatic identification of recordings with normal and 

abnormal additional sounds; where the latter included both splitting of fundamental, S1 and S2, 

sounds and additional lub/dub sounds in the diastolic and systolic periods. A discussion on 

abnormal additional sounds due to the sub-components of S1 and S2 sounds is presented. The 

sub-components of S1 are M1 (due to the closure of the mitral valve) and T1 (due to the closure 

of the tricuspid valve), while A2 (due to closure of aortic valve) and P2 (due to the closure of 

pulmonary valve) are of S2. The detection of abnormal fundamental heart sounds is based on 

the feature extraction from those segments that were previously identified as normal 

fundamental heart sounds. The steps described in Chapter 3 were utilized to localize sound 
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peaks of interest, which were subsequently used to extract features. The methods used to extract 

the features are discussed in detail. Finally, the extracted features were used to train an ensemble 

classifier to interpret the class of recorded signals. The performance metrics such as 

classification accuracy, sensitivity, and F1 score, were evaluated and discussed in detail for 

proper comparisons to the recent works. 

Chapter 5: Classification of Normal and Abnormal Heart Sounds from Recorded Signals 

In this chapter, automatic classification of normal and abnormal recordings is presented. Heart 

sounds of interest were localized using the steps described in Chapter 3. 99 features (described 

in Chapter 2) were extracted, and corresponding weights were evaluated using neighborhood 

component analysis (NCA) to identify the best performing features. An ensemble classifier 

model was trained to classify recordings using the selected features. To demonstrate the 

robustness of the algorithm in long term continuous monitoring, the trained classifier model 

was tested using data collected in this study for a duration of 5 minutes from different 

auscultation sites; together with the data obtained from the two large public databases. Finally, 

evaluation metrics were computed and compared with recent works to demonstrate the 

improvement achieved in the performance parameters of the approach described in this thesis.   

Chapter 6: Non-invasive Approach for Abnormality Detection using Heart Sounds 

Chapter 6 presents an approach to automatically detect cardiac abnormalities, namely the mitral 

stenosis (MS), mitral regurgitation (MR), mitral valve prolapse (MVP), aortic stenosis (AS) 

and murmurs, using cardiac auscultatory recordings. To achieve this, steps described in Chapter 

3 were used to localize heart sounds followed by the feature extraction for the classification. 99 

acoustic features were extracted and their abilities to differentiate different cardiac 

abnormalities were examined. The neighborhood component analysis was used to obtain 

weights corresponding to each feature and to subsequently select the best features for the 

classification. Selected features were used to propose a machine learning-based method that 

involved acoustic feature extraction and subsequent classification of recordings using an 

ensemble classifier with optimized hyperparameters. The proposed algorithm was validated 

using signals obtained from two large public databases. The achieved results demonstrate the 

improvement in the overall accuracy of the approach proposed for automatic identification of 

pathological events and suggest features that can potentially help in long term monitoring of 

cardiac abnormalities.  

Appendix A: Pathophysiology of Normal and Abnormal Heart Sounds 

Characteristics of adventitious heart sounds are provided in Appendix A.  
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Appendix B: Databases used for Validation of Algorithms for Heart Sounds Analysis 

A list of existing public databases as well as data collected by researchers in the reviewed 

studies is provided in Appendix B. This also contains information related to the type of sounds, 

number of participants, subject demographics (a breakdown of the subjects used in the study 

by age, gender and cardiac conditions), auscultation sites, sensor used to record signals, 

sampling frequency and duration of recordings. Environmental conditions such as controlled 

and uncontrolled conditions, during the data collection are also provided.  

Appendix C: Summary of Heart Sounds Segmentation Methods and their Performance 

Comparison 

The approach to abnormal heart sounds classification is framed as a three-step process. This 

involves the heart sounds segmentation, feature extraction and subsequent classification of 

heart sounds using the extracted features. Approaches for the automatic heart sounds 

segmentation are reviewed in Chapter 1. In addition to the performance achieved by the 

approaches reviewed in the chapter, information related to the type of signals, subject 

demographics, number of recordings/cardiac cycles, and the type of sounds (S1, S2, S3, and S4) 

localized during the segmentation process, is provided in Appendix C.  

Appendix D: Heart Sounds Feature Extraction Approaches for Analysis 

Various physiological and pathological characteristics of cardiac acoustic signals were 

evaluated to assist the classification of recordings. Details of feature extraction methods and 

the types of features extracted in articles reviewed in this thesis are provided in Appendix D. 

This also contains information related to the type of signal representation used to extract 

features, number of features, and approaches used to select the best features.  

Appendix E: Summary of Heart Sounds Classifiers and their Performance Comparison 

The final step of the automatic heart sounds analysis algorithm is to train a classifier to interpret 

the class of recordings, using the extracted features. The performance (in terms of sensitivity 

(SE), specificity (SP), precision (P+) and classification accuracy (CA)) achieved by the 

approaches reviewed in Chapter 1 are discussed. Additionally, information related to the type 

of signals, subject demographics, number of recordings/cardiac cycles, size of feature vector, 

type of classifier and cardiac abnormality investigated in the study are provided in Appendix 

E. 
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Appendix F: List of Features Extracted in this Work and their Description 

In this thesis, 99 features were extracted and statistically analysed to investigate the top features 

that demonstrated the greatest ability to differentiate normal recordings from the different types 

of abnormal recordings. Details of all these features is provided in Appendix F.   

 

Appendix G: Summary of Clinical Study Protocol for the Collection of Signals 

The study designed to record cardiac auscultatory signals during this work is presented in 

Appendix G. Information related to the recording devices, selection criteria of subjects used in 

the study, study groups and study methods are described in detail.  
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1 An Introduction to Algorithms for Automatic 

Analysis and Classification of Heart Sounds  

The research presented within this chapter is an edited version of research article previously 

published as: 

Amit Krishna Dwivedi, Syed Anas Imtiaz, and Esther Rodriguez-Villegas, “Algorithms for 

Automatic Analysis and Classification of Heart Sounds–A Systematic Review”, IEEE 

Access 7 (2018), pp. 8316-8345. 

1.1 Overview  

Cardiovascular diseases (CVDs) kill over 17.5 million people a year and are the leading cause 

of death worldwide [1]. Furthermore, this number is predicted to increase to approximately 23 

million per year by 2030 [2]. Apart from the personal consequences, the high prevalence and 

cost of cardiovascular diseases constitute a serious social and financial burden. As an 

illustration, 85 million Americans suffer from cardiovascular diseases. This results in an 

approximate health care cost of $320 billion annually, with a projected increase to nearly $1 

trillion [3]. While the estimated number of cardiac patients and healthcare costs are too high, 

an important thing to consider is that most cardiovascular diseases are curable and preventable. 

However, this requires a proper timely diagnosis and disease management. Effective 

intervention cannot be independent of early-stage diagnosis [4]. Consequently, there is an 

urgent need to improve technologies to intensively monitor and analyze physiological 

parameters associated with a cardiac function in a timely and cost-effective manner. With recent 

evolution of mobile technologies, there is a growing, justified, interest on finding ways to 

continuously track the cardiovascular system for long periods of time, as a potentially more 

effective way to both diagnose and manage cardiac conditions. 

In literature, both invasive and non-invasive approaches for monitoring cardiovascular 

system using different sensing schemes have been reported. Approaches to diagnose 

cardiovascular diseases that require continuous monitoring of several vital parameters are 

cumbersome and expensive. The performance of these approaches is restricted due to the 

limited battery life, mainly because of the power-hungry algorithms and grueling circuit 
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implementations. Also, some of these approaches are not suitable for long term continuous 

monitoring of cardiac signals in unsupervised environments, which would however be the 

optimum way of monitoring/managing some cardiac conditions. An example is atrial 

fibrillation, in which events do happen scattered in time and hence might not be caught in short 

monitoring sessions [5].  

Recent advancements in computing together with the ever-shrinking size of electronic 

 

Figure 1.1. Breakdown of leading causes of deaths worldwide. 

 

Figure 1.2. Health care spending as a percentage of GDP [284]. 
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devices have enabled the design of wearables loaded with sensors that can perform the task of 

long term continuous monitoring. Wearables have the potential to facilitate early-stage 

diagnosis of cardiovascular diseases and improve their management since they could provide 

continuous monitoring and enable timely intervention.  Furthermore, they have the advantage 

of usability. Thus, wearables could allow self-health monitoring and save the time required for 

clinical appointments. This is why wearables have attracted a lot of attention from scientists in 

this field. Though, potentially, available cardiac wearables can assist in real time monitoring, it 

is challenging to obtain a high degree of accuracy, especially under varying environmental 

conditions. 

The sensing modality, and hence the measured physiological signal, used by different kind 

of wearables varies and which one to choose depends on a number of trade-offs that need to be 

made between the particular clinical application, usability aspects and accuracy, amongst 

others. In the case of wearables for cardiac applications, one of the physiological signals that 

can potentially provide a lot of information is the sounds generated by the heart. Cardiac 

acoustic signals caused by the mechanical vibrations of the heart or turbulent blood flow, can 

be recorded using an electronic stethoscope or a microphone from the surface of the chest. 

These acoustic signals are indicators of a wide number of cardiovascular abnormalities and 

suitable for long term monitoring since they can be recorded non-invasively for longer duration. 

Thus, wearable monitors that can automatically analyse and interpret the recorded signal will 

be of great importance. These monitoring devices can assist physicians in early-stage diagnosis 

and continuous monitoring of cardiovascular diseases in an accurate and automated manner.  

Heart sounds auscultation is a simple, convenient, cheap and non-invasive approach that has 

been used for over a century by physicians to diagnose cardiac diseases. However, manual 

signal interpretation is not easy, mostly in noisy environments, demanding high levels of skills. 

More recently human-only stethoscope-based interpretation is being complemented by 

computer-aided heart sounds analysis. Thus, cardiac acoustic signals can be recorded during 

auscultation and information can be presented graphically in what is known as a 

phonocardiogram (PCG). Recorded heart sounds signals can be subsequently visualized and 

stored for further interpretation. Computer-aided auscultation has as a potential advantage that 

the interpretation of heart sounds is not as subjectively dependent on factors such as ear 

sensitivity, skills, and the experience of the individual physicians [6], [7].     

A wearable automated system for analysis of heart sounds could potentially be used for early 

cost-effective screening of cardiovascular diseases, as well as to manage the progression of the 

condition. However, in order for this to practically happen, algorithms are required that can 

shift the signal interpretation load from the clinician to the technology since otherwise the 

amount of information generated would be unmanageable in practice. This is a reason why 
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automated analysis and interpretation of the heart sounds is a prolific area of research, with an 

also rapidly increasing interest. Though computerized analysis of heart sounds has been the 

focus of increasing number of studies recently, a consistent approach to develop these methods 

have not been established.  

Though, potentially, heart sounds analysis and classification can assist in real time 

monitoring, it is challenging to obtain a high degree of accuracy, especially under the varying 

environmental conditions. Hence, despite significant advances in the automated heart sounds 

analysis and classification, the clinical reliability and diagnostic accuracy of algorithms cannot 

be extrapolated for real clinical applications. In some cases, the algorithms developed for the 

automated signal interpretation have not been validated with a large datasets of heart sounds 

signals obtained from different subjects, age groups, auscultation sites and body positions. 

A block diagram of the system for the automated heart sounds analysis consists of 

segmentation, feature extraction and classification as shown in Figure 1.3. This chapter presents 

a brief discussion on the pathophysiology of heart sounds signals followed by a comprehensive 

review of the steps used in the automated analysis and classification of heart sounds signals 

recorded under different environmental conditions.   

1.2 Pathophysiology of Heart Sounds Signals 

The electrical activity of the cardiovascular system causes atrial and ventricular contractions 

that assist in blood circulation between the chambers of the heart and around the body. 

Mechanical interactions between the blood flow and the different valves that operate to regulate 

the circulation of blood, contribute to the rhythmic heart sounds. Heart sounds are audible on 

 

Figure 1.3. Block diagram of the system for heart sounds analysis and classification. 
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the chest wall and can be captured using an electronic microphone/stethoscope from different 

auscultation areas/sites associated with the valve locations [8], [9]. Abnormal heart sounds may 

relate to the structural malfunctioning and pathological conditions of the cardiovascular system 

and are considered vital clues to diagnose various cardiovascular diseases. Heart sounds can 

also be graphically represented as a phonocardiogram, in which pathological signs are used as 

diagnostic features. However, the correct interpretation of phonocardiograms is challenging 

because of the overlapping of normal and abnormal heart sounds in the cardiac cycle. This 

section briefly summarizes different types of heart sounds that may be observed in a cardiac 

cycle. Characteristics of adventitious heart sounds are also tabulated in Appendix A.  

1.2.1 Fundamental heart sounds  

Mechanical actions of heart valves produce heart sounds including fundamental heart sounds 

(FHSs), S1 followed by S2. [10]. While the exact physiological origins of heart sounds are not 

clear, recent studies confirmed that these are generated during heart valves’ closures [11], [12]. 

The first heart sound (S1) is heard at the onset of the systolic phase. This sound results from the 

sequential closure of the atrioventricular (AV) valves comprised of mitral and tricuspid valves. 

These valves produce two internal components of S1: M1 and T1, respectively [13]. S1 is 

characterized as a lower-pitch sound than S2 with a frequency range between 10 and 200 Hz, 

and a more prolonged duration. The amplitude of S1 has a great correlation with cardiac output 

[14]. Normally, S1 is heard as a single sound with internal components M1 and T1 are separated 

by a very small gap of nearly 20-30 milliseconds (ms) [15], however, during some cardiac 

abnormalities (such as right bundle branch block), splitting of S1 can be observed.   

The second heart sound (S2) occurs at the beginning of the diastolic phase, being caused by 

the closure of the aortic and pulmonic valves. S2 is characterized as a higher-pitch sound than 

S1 with a frequency range between 20 and 250 Hz, and shorter in duration as compared to S1. 

S2 is heard as a single sound with internal components: A2 and P2. However, during cardiac 

abnormalities, S2 may be observed as two split beats of A2 and P2, because of a noticeable time 

gap existing between the closure of A2 and P2.  This gap may vary between 30 to 80 ms during 

inhalation and may reduce to 15 ms during exhalation [16], [17]. Wide and paradoxical/reverse 

splitting of S2 is observed during the right bundle branch block (RBBB) and left bundle branch 

block (LBBB), respectively.  

1.2.2  Abnormal heart sounds  

During normal cardiac operation, a clear S1-S2 pattern with a systolic period (S1 to S2) and 

diastolic period (S2 to S1) is observed. However, in the case of abnormalities being present, 
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apart from S1 and S2, other sounds, such as a third heart sound (S3), fourth heart sound (S4), 

gallops, clicks, opening snaps (OS), and murmurs might occur.   

Early diastolic filling of the ventricle, caused by blood rushing in from the atria, produces 

S3 shortly after S2. This is due to vibrations caused by blood going backwards and forwards 

between the walls of the ventricles. S3 is noted as a benign sound in the case of young people, 

athletes, and during pregnancy. In other cases, however, it is considered an important indicator 

of reduced systolic function. Diastolic dysfunction because of a stiff ventricle gives rise to an 

audible S4 happening shortly before S1 that contributes to the late diastolic filling. The 

occurrence of S4 is considered a very significant indicator of cardiac abnormalities.  

Clicks and snaps are also important evidence of abnormalities related to the operation of the 

valves. Systolic clicks are brief and high-pitch sounds, usually noticed during the opening of 

the semilunar valves. These occur shortly after S1. Opening snaps may be observed shortly after 

S2, with the opening of the mitral and tricuspid valves. These abnormal sounds are indicators of 

mitral valve prolapse (MVP), mitral regurgitation (MR), and other pathological conditions. 

Gallops are sounds that resemble galloping rhythms. These signpost serious myocardial 

dysfunction because of noncompliance of one or both ventricles. Gallop sounds may be 

observed during S3 or S4 or both [13], [18].   

Turbulence due to accelerations and de-accelerations of blood in chambers of the heart, 

stiffening/narrowing or incompetence of the heart valves because of regurgitation, produce 

mechanical vibrations that propagate to the surface and give rise to audible whooshing sounds 

called murmurs. Most murmurs are intra-cardiac events observed in the frequency range 

between 20-600 Hz. The frequency spectrum of murmurs, artifacts, fundamental heart sounds 

and other heart sounds present in the cardiac cycle, overlap significantly. However, murmurs 

are more chaotic in nature. Murmurs can be broadly classified based on their characteristics: 

timings (systolic murmurs, diastolic murmurs, or maybe both); shape (crescendo, decrescendo 

or crescendo-decrescendo) and location in the cardiac cycle (early, mid or late or continuous) 

[19]. They may be also classified as stenosis (such as aortic stenosis (AS)) or regurgitation 

(such as mitral regurgitation (MR)) murmurs. Murmurs may be innocent or else may indicate 

pathological conditions depending on their characteristics. These pathological conditions are 

also listed in Table 1.1. 

1.3 Current State-of-the-Art Algorithms  

This section of the chapter presents a literature review of heart sounds databases and the 

algorithms reported for automatic analysis and classification of heart sounds signals. The 

different steps: segmentation, feature extraction and classification; involved in the analysis as 
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well as various approaches that range from traditional thresholding methods to recent machine 

learning based ones, are reviewed.  

1.3.1 Heart Sounds Databases  

Non-availability of standardized, good-quality, thoroughly validated, and documented datasets 

hinder the development of algorithms for heart sounds analysis. Currently, the most extensive 

database of heart sounds recordings is PhysioNet [8], [20]–[22]. Other databases used for the 

validation of algorithms in the reviewed papers included the PASCAL database [23], the Open 

Michigan Heart Sound & Murmur Library (OMHSML) [24], the Cardiac Auscultation of Heart 

Murmurs database (eGeneralMedical) [25], the heart sounds library by Thinklabs [26], the heart 

sounds Podcast Series by Robert J. Hall Heart Sounds Laboratory, Texas Heart Institute, Texas 

[27], Bioscience normal and abnormal heart sounds database (BHSD) [28], and the Cardiac 

Auscultatory Recording Database (CARD) [29]. In addition, a book by D. Mason comprises a 

CD with a limited number of heart sounds and murmurs [13]. Similarly, heart sounds signals 

Table 1.1: Various pathological conditions of the cardiovascular system. 

Name  Possible Pathology 

Split in S1 RBBB 

Split in S2 LBBB 

Third heart sound Mitral regurgitation 

Fourth heart sound Aortic stenosis/pulmonary arterial hypertension 

Opening snap Mitral/tricuspid stenosis 

Ejection Sound Aortic/pulmonary stenosis 

Click Mid-systolic Mitral valve prolapse 

Holosystolic Murmur Mitral/Tricuspid regurgitation 

Early systolic Murmur  Severe pulmonary stenosis 

Late systolic Murmur Pulmonary stenosis 

Mid systolic murmur  Mitral regurgitation 

Early diastolic murmur  Aortic/Pulmonary regurgitation 

Mid Diastolic murmur  Aortic/Mitral regurgitation  

Presystolic murmur Mitral stenosis and/or Tricuspid regurgitation 

Continuous murmur Pulmonary embolism 
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from an audio-visual presentation by Tavel et al was also used as a database in some of the 

reviewed articles [30].  

 PhysioNet provides a large database gathered from various key databases and is generally 

considered as a reliable source of the data by many researchers [8], [21], [22], [31]. This is an 

open-access database assembled for an international competition the PhysioNet/Computing in 

Cardiology (CinC) Challenge 2016. In total, it comprises nine databases and recordings from 

1297 subjects, collected in a variety of clinical and non-clinical conditions by different research 

groups around the world. The details of assembled databases are summarised here.   

• Heart sounds databases by Syed [32] and Syed et al [33] included in the PhysioNet 

database, are referred as the Massachusetts Institute of Technology heart sounds 

database (MITHSDB). Syed [32] recorded heart sounds from 51 subjects (30 subjects 

with normal heart conditions or murmurs, and 20 patients suffering from mitral valve 

prolapse (MVP)), at the Massachusetts General Hospital, Boston, USA, and sampled 

at 44 kHz with 16-bit quantization. Information regarding the type of sensor employed 

for recording sounds was not reported [32]. In another study, Syed et al [33] recorded 

heart sounds from 39 subjects (15 with normal murmurs, 11 patients suffering from 

mitral regurgitation (MR), and 13 subjects were having normal heart conditions), using 

a Welch Allyn Meditron electronic stethoscope (Skaneateles Falls, USA) and sampled 

at 44.1 kHz with 16-bit quantization. Collectively, the Massachusetts Institute of 

Technology heart sounds database (MITHSDB) contains 409 heart sounds signals 

recorded at a sampling frequency of 44.1 kHz and 16-bit quantization from 121 subjects 

[8].   

• Heart sounds recorded by Schmidt et al [34], [35], assembled in the PhysioNet database 

are referred as the Aalborg University heart sound database (AADHSDB). Schmidt et 

al [34] recorded 73 heart sounds signals using an electronic stethoscope (3M Littmann 

E4000) from 113 subjects (40 subjects for training dataset, and 73 subjects for test 

dataset) at the Department of Cardiology, Aalborg Hospital, Denmark, and sampled at 

4 kHz with 16-bit quantization. In another study, Schmidt et al [35] recorded 435 heart 

sounds signals (231 normal and 204 pathological) using the same electronic 

stethoscope from 133 subjects (63 subjects identified with coronary artery disease and 

70 subjects with non-coronary artery disease) at the Department of Cardiology, 

Aalborg Hospital, Denmark. Collectively, the Aalborg University heart sound database 

(AADHSDB) comprises 695 recordings sampled at 4 kHz with 16-bit quantization 

from 151 subjects [8].  

• The Aristotle University of Thessaloniki heart sounds database (AUTHHSDB) was 
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obtained from Papadaniil and Hadjileontiadis [36]. Heart sounds were recorded using 

a custom-made electronic stethoscope “AUDIOSCOPE” in the Cardiac Clinic of 

Papanikolaou General Hospital in Thessaloniki, Greece. This database contains 45 

recordings sampled at 4 kHz with 16-bit quantization from 45 subjects (11 normal 

subjects, 17 subjects identified with aortic stenosis, and 17 subjects identified with 

mitral regurgitation) [8].  

• The K N Toosi University of Technology heart sounds database (TUTHSDB) contains 

recordings obtained from Naseri and Homaeinezhad [37] and Naseri et al [38]. Naseri 

and Homaeinezhad [37] recorded heart sounds from 50 subjects suffering from 

different valve diseases (aortic regurgitation, mitral regurgitation, aortic stenosis, and 

mitral regurgitation). In another study, Naseri et al [38] recorded 63 clean, and 63 noisy 

PCG signals from normal subjects; and subjects suffering from valvular diseases. The 

total number of subjects in the study was not found. In both the studies, heart sounds 

were recorded using an electronic stethoscope (3M Littmann 3200) at the Rajaei 

Cardiovascular, Medical & Research Center, Iran, and sampled at 4 kHz with 16-bit 

quantization. Overall, this database contained 174 recordings sampled at 4 kHz with 

16-bit quantization from 44 subjects (28 normal subjects and 16 subjects identified with 

different types of valve diseases) [8].  

• Moukadem et al’s [39] database (University of Haute Alsace, France) contains 80 

recordings that included 40 pathological cardiac signals sampled at 8 kHz with 16-bit 

quantization. These heart sounds were recorded using prototype electronic stethoscopes 

by different cardiologists in the Hospital of Strasbourg, France. The University of 

Haute Alsace heart sounds database (UHAHSDB) assembled in the PhysioNet 

database, contains 79 recordings (39 normal sounds and 40 pathological sounds) 

sampled at 8 kHz with 16-bit quantization from 55 subjects (25 normal and 30 cardiac 

patients) [8].  

• Li et al’s [40] and Tang et al’s [41]–[43] databases assembled in the PhysioNet/CinC 

Challenge database was referred as the Dalian University of Technology heart sound 

database (DUTHSDB) [8]. This database comprises 673 heart sounds signals (338 

normal and 335 pathological) recorded from 509 subjects (174 normal and 335 

coronary artery disease (CAD) patients). The normal heart sounds were recorded using 

a microphone sensor (MLT201, ADinstrument, Australia) or a piezoelectric sensor 

(Xinhangxingye Technology Co. Ltd, China) at the Biomedical Engineering Lab in the 

Dalian University of Technology, China. The pathological sounds were recorded using 

an electronic stethoscope (3M Littmann) from patients diagnosed with coronary artery 

disease (CAD) in the Hospital of Dalian Medical University, China. This database was 
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sampled at different frequencies (800 Hz, 1 kHz, 2 kHz, 3 kHz, 4 kHz, 8 kHz or 22050 

Hz) with 16-bit quantization.  

• Heart sounds database created by Samieinasab and Sameni [44] was referred as the 

Shiraz University adult heart sounds database (SUAHSDB) in the PhysioNet database 

[8]. This database comprises 114 heart sounds signals (81 normal and 33 pathological 

sounds) recorded from 112 subjects (79 healthy and 33 patients) using a digital 

electronic stethoscope (GS Technology Co. Ltd, South Korea) and sampled at various 

frequencies (8 kHz, 44.1 kHz, and 384 kHz) with 16-bit quantization. Information 

regarding the place where these recordings were collected was not available.  

• The Skejby Sygehus Hospital heart sounds database (SSHHSDB) comprises 35 heart 

sounds signals (12 normal and 23 pathological) recorded from 35 subjects (12 normal 

and 23 patients with heart valve defects) at the Skejby Sygehus Hospital, Denmark and 

sampled at 8 kHz. Information related to the type of sensor used for recordings and 

quantization rate was not found [8]. 

• The PhysioNet database also contains fetal heart sounds recordings contributed by 

Samieinasab and Sameni [44] (The Shiraz University fetal heart sounds database 

(SUFHSDB)). This database comprises 119 fetal heart sounds recordings from 116 

fetal, and 92 maternal heart sounds recordings form 109 pregnant women. These 

sounds were recorded at the Hafez Hospital of Shiraz University of Medical Sciences, 

Iran, using an electronic stethoscope (GS Technology Co. Ltd, South Korea) and 

sampled at 8 kHz and 44.1 kHz with 16-bit quantization.        

Apart from the PhysioNet database, other databases were also used for the validation of 

algorithms for heart sounds analysis and are briefly summarized here. The PASCAL database 

comprises two datasets, A and B, assembled for the Classifying Heart Sounds Challenge 

(CHSC) [23]. The dataset A contains 176 files recorded from the general public using the 

iStethoscope Pro iPhone app and the dataset B contains 656 files obtained from the clinical 

trials in the hospitals using a digital stethoscope (DigiScope) [23]. Recordings were collected 

in a real-world situation and the number of recordings was sufficient to validate the resutls, 

however, some important pathological information of heart sounds was suppressed due to 

preprocessing of data with a low-pass filter with cut-off frequency of 195 Hz. The type and the 

number of subjects used in the study were not available.     

MP3 recordings with corresponding graphs of different heart sounds and murmurs are 

available from the University of Michigan Health System in Open Michigan Heart Sounds & 

Murmur Library (OMHSML) [24]. This database comprises 23 recordings of a total time 

duration of 1496.8s recorded using a stethoscope. 
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The Cardiac Auscultation of Heart Murmurs database (CAHMDB) provided by eGeneral 

Medical Inc. includes 64 heart sounds recordings of a total time duration of 338s [25]. These 

recordings are available online, but it requires payment to obtain user license. The information 

related to the type of subjects and methods to acquire heart sounds were not mentioned.  

Other than these available databases, researchers have also collected their own data. Most 

of these recordings were obtained during clinical trials in the hospitals by auscultation using a 

digital stethoscope/microphone. A list of existing databases and their characteristics is provided 

in Appendix B. Most of the existing databases are restricted by the number of recordings, 

duration and sampling frequency. Also, other potentially important information such as gender, 

age and auscultation positions are not always specified, despite these being important for proper 

algorithm validation. In addition, in many cases, the signals had been pre-processed leading to 

the loss of both, pathological characteristics, as well as real-world artifacts which are 

nonetheless important to take into account when designing the algorithms/acquisition systems. 

Also, the length of individual recordings available is not sufficient to validate algorithms 

intended for continuous heart sounds analysis.  

1.3.2 Segmentation Approaches  

The purpose of heart sounds signals segmentation is to identify accurate locations of the 

fundamental heart sounds (S1 and S2). The peaks of S1 and S2 are required to determine the 

systolic and diastolic phases and to help in the subsequent estimation of cardiac cycles. This 

facilitates the identification and extraction of acoustic signals of interest in each cardiac cycle. 

Broadly, reported segmentation methods can be classified into: envelope based methods [39], 

[45]–[53], ECG and/or carotid pulse reference based methods [54]–[64], probabilistic models 

[34], [43], [65]–[74], feature-based methods [19], [36], [37], [75]–[79], time-frequency analysis 

based methods [80]–[84], and learning based methods [41], [85]–[87].  

The works reported using the different segmentation methods have been classified in the 

following and summarised in Appendix C. In general, accurate segmentation is one of the most 

challenging tasks in heart sounds analysis, especially, when the signals are corrupted by real-

world artifacts. Also, most of the available algorithms are designed to segment fundamental 

heart sounds. But other abnormal peaks and irregularities with low amplitudes also need to be 

investigated. In addition, existing segmentation algorithms mostly depend on absolute 

measures like time or frequency distributions which exhibit large disparity within subjects and 

hence result in poor segmentation accuracy. The limitations in the segmentation methods 

consequently impact the overall classification accuracy of the PCG signals. 
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1.3.2.1 Envelope-based methods  

The envelope of heart sounds is used to identify S1 and S2 in the cardiac cycle using different 

approaches. Typical methods used for the envelope extraction are the normalized average 

Shannon energy, homomorphic filtering, Hilbert transform, moving window Hilbert transform, 

and short-time modified Hilbert transform. 

In the time domain, the Shannon energy envelope attenuates low-intensity signal 

components and allows high and moderate intensity signal components to contribute to the 

envelope. Meanwhile, in the frequency domain, Shannon energy can represent the pressure 

difference across the heart valves and extract significant frequency components representative 

of their functioning. Shannon energy is the most common approach for envelope extraction of 

heart sounds. Liang et al [53] performed segmentation of heart sounds signals into four parts 

S1, systole, S2 and diastole, with the normalized average Shannon energy method and achieved 

segmentation accuracy of 93%. Moukadem et al [39] also proposed a method to construct the 

Shannon energy envelope based on the S-transform and achieved 97% and 95% of sensitivity 

and positive predictive values on pathological sounds. Similarly, the Hilbert transform based 

methods to extract the energy envelope of heart sounds were also reported. For instance, Sun 

et al [48] proposed a short-time modified Hilbert transform (STMHT) method to identify peaks 

in heart sounds signals. Hilbert transform was utilized to derive the instantaneous frequency 

and the Viola integral waveform method was applied to construct the envelope. Then the 

STMHT method automatically located the peak points by identifying the zero cross-over points. 

Authors calculated the accuracy of the proposed algorithm in two forms: one when S1 and S2 

were detected separately, yielding an average accuracy of 98.53% and 98.31%, respectively; 

and the other one when S1 and S2 were not separated, which achieved 100% of accuracy [48]. 

These envelope-based methods suffer from the limitation that the envelopes are superimposed 

with murmurs and other artifacts, and were not always well correlated with cardiac events [88].   

Analytical models based on a single-degree-of-freedom were also proposed to extract 

characteristic waveforms from heart sounds. For instance, Jiang et al [6] proposed a method to 

obtain cardiac sounds characteristic waveforms, where adaptive threshold values were 

evaluated using the fuzzy C-means (FCM) clustering algorithm. Graphical results were 

presented to support the novelty achieved in the work. Analytical information was not available 

for comparison purposes. Similarly, Yan et al [49] proposed a characteristic moment waveform 

function based method for the segmentation and achieved an accuracy of 99% by applying the 

Viola integral waveform method in the time domain to overcome the unexpected noise 

interference in the cardiac signal characteristic waveform envelope. However, a dataset of only 

9 recordings was evaluated. A subsequent study [46] also constructed a heart sounds signal 

envelope using cardiac sounds characteristic waveforms to identify the locations of S1 and S2 
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with improved performance compared to the Shannon energy or Hilbert transform based 

methods. However, the assumption made regarding the duration of systole and diastole period 

in the proposed method is not always valid. Similar consideration was made by Kang et al [89] 

for the segmentation, i.e. the time interval between the two consecutive sounds lobes in the 

Shannon energy envelope to be less than 50 ms and the root mean square energy of one sound 

lobe to be less than 40% of the other sound lobe. The assumption regarding the duration of 

systole and diastole period was made for temporal localization of S1 and S2. Further, analytical 

results for the performance comparison between cardiac sounds characteristic waveform 

method and the Hilbert and Shannon based methods can be found in Choi and Jiang [51]. 

Statistical results confirmed that the cardiac sounds characteristic waveform method achieved 

higher accuracy (100% and 88.2%) compared to the Shannon envelope (78.2% and 89.4%) and 

Hilbert envelope (51.4% and 47.3%) methods, for the segmentation of the normal and 

pathological sounds, respectively. These results considered the case when the fuzzy C-mean 

clustering algorithm was applied to 500 selected cardiac cycles. Though there was a significant 

improvement in the segmentation accuracy using the cardiac sounds characteristic waveform 

method, noise components directly affect the features of the characteristic waveform and may 

produce misleading results [51]. To mitigate these issues, Sun et al [47] proposed a moving 

window Hilbert transform (MWHT) for the segmentation that achieved a higher sensitivity of 

98.8% than the threshold based segmentation method reported in [90].  

Researchers also suggested that heart sounds spectra analysis in the frequency domain can 

be performed for the segmentation. However, the problem with such segmentation methods 

was mainly with the thresholds value selection and the unexpected noise in the frequency 

domain [46]. For instance, Sepehri et al [50] identified S1 and S2 using the short time spectral 

energy and autoregression characteristics of fundamental heart sounds, yielding an accuracy of 

93.6% while segmenting pediatric heart sounds. Authors in [45] employed 6th-order Daubechies 

discrete wavelet because of its resemblance with the heart sounds components, to estimate the 

heart cycle using decomposed and reconstructed normalized phonocardiograms. The extracted 

normalized Shannon energy envelope and short-time average magnitude difference functions 

were used to identify heart cycles.  

In general, most of the envelope-based segmentation algorithms perform heart sounds 

segmentation with an assumption that the systolic period is shorter than the diastolic period. 

However, this may not be true in the case of infants and other cardiac patients having abnormal 

heart sounds [91]. Furthermore, the envelope extraction algorithm fails if the fundamental heart 

sounds were wrongly identified or when additional peaks appear superimposed to the 

fundamental heart sounds. [56]. Also, medium amplitude peaks including murmurs are 

attenuated in the envelope analysis while large and low peaks may appear as a single envelope 



44 

 

[79]. Thus, these methods fail to locate peaks of very low amplitude present in the cardiac cycle 

[78].  

1.3.2.2 ECG and/or carotid pulse reference-based methods 

A number of the reported segmentation approaches require an auxiliary signal (ECG signal 

and/or carotid pulse) as a reference to identify the locations of fundamental heart sounds in the 

cardiac cycle [54], [55], [64], [92], [56]–[63]. For instance, Gharehbaghi et al [55] presented a 

heart sounds segmentation method by assessing the beginning and end points of each cardiac 

cycle using simultaneously recorded ECG signals. This method achieved 97% and 94% of 

accuracy in identifying S1 and S2, respectively. In this study, results were validated using 

pediatric heart sounds signals only. Similarly, El-Segaier et al [60] recorded ECG signals 

simultaneously with heart sounds signals from children to detect S1 and S2 in cardiac cycles. 

The detection rate of S1 and S2 was 100% and 97%, respectively, when R-waves and T-waves 

in the ECG signals were used as a reference. However, authors excluded 20% of the starting 

and 30% of the late systole intervals for the analysis of systolic murmurs. In another study, 

Jabbari and Ghassemian [57] performed the segmentation of cardiac signals into separate heart 

cycles using simultaneously recorded ECG signals. The different intervals in the cardiac cycles 

were identified using R-peaks and T-peaks of ECG signals recorded. Statistical results achieved 

in the segmentation method were not reported. Similarly, Ahlstrom et al [59] identified S1 and 

S2 in a certain time window using the R-peaks and T-peaks of the ECG signals recorded 

simultaneously with the heart sounds signals. Segmentation results were not found in the study.  

The general disadvantage of these methods is that a secondary signal is required, which is 

more complex both, from sensing point of view and synchronization. Also, these methods are 

affected by the mismatch in timing between the electrical and mechanical (E-M) activities of 

the cardiovascular system, which in turn depend on the pathological conditions of patients [88]. 

And methods that require the identification of R-peaks and T-peaks are more computationally 

hungry and demanding in processing power. In addition, accuracy also varies with low 

amplitude and abrupt changes in the QRS morphologies, which can make the identification of 

the R-peaks and T-peaks complex on its own. 

1.3.2.3 Probabilistic models for the segmentation 

As envelope-based methods have shown a modest success, many probabilistic models for the 

segmentation were reported in recent studies to try to overcome their shortcomings. The aim of 

probabilistic models is to characterize the fundamental heart sounds based on some 

discriminative features, such as temporal correlation, waveform function, time-frequency 
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energy, and other physiological information.  

The hidden Markov models have proven suitable for the temporal localization of heart 

sounds. More recently, Schmidt et al [34] proposed a duration-dependent hidden Markov model 

that distinguished the different heart sounds based on the duration of the events in the cardiac 

cycle. Later, Springer et al [70] proposed a hidden semi-Markov model to try to boost the 

performance with the help of a priori information about the expected duration of the states. This 

model incorporated logistic regression and the extended Viterbi algorithm to improve the 

segmentation performance and was employed in various subsequent studies [67]–[69]. Further 

to identify wrongly segmented cycles, Abdollahpur et al [67] proposed an algorithm for the 

segmentation using modified Springer et al’s [70] hidden semi-Markov model and a cycle 

quality assessment (CQA). Results were demonstrated in relevance to features extracted and 

noisy cycles were identified and rejected.  

Gill et al [65] suggested an unsupervised identification method using a hidden Markov 

model and homomorphic filtering to extract smooth envelops of the heart sounds. In this 

method, event-based features were extracted to estimate the sequence of states and to detect 

peaks in the envelogram of heart sounds. Later, Gupta et al [74] reported a method for the 

segmentation using homomorphic filtering and k-means clustering. This method considered the 

fundamental heart sounds as an amplitude modulated waveforms whereas murmurs as an 

amplitude and frequency modulated waveforms. More recently, Hassani et al [71] also 

proposed a segmentation method using a homomorphic filtering that was applicable to heart 

sounds and murmurs. However, the sensitivity of the proposed method was not suited for the 

clinical applications.      

Kwak and Kwon [73] proposed a hidden Markov model (HMM) based segmentation that 

was able to identify the starting points of heart sounds buried in murmurs that were missed by 

the conventional envelope-based segmentation method. Proposed HMM-based segmentation 

outperformed the envelope-based segmentation methods that identified S1 and S2 sounds as 

peaks exceeding a determined threshold; whereas rejecting other extra peaks. In another study, 

mel-frequency cepstral coefficients (MFCCs) along with the Shannon energy feature vectors 

and regression coefficients were utilized to develop a probabilistic model [66]. The Hilbert-

Huang Transform proposed by Tseng et al [72] has proven suitable for detecting the presence 

of S3 and S4 in a cardiac cycle at the event level. However, the selection of intrinsic mode 

functions (IMFs) required in the model is challenging because of the varying temporal-spectral 

characteristics of heart sounds.  

Though these models were efficient in improving the performance of the segmentation 

methods, the overall accuracy was more limited in some methods. Also, the characteristics of 
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the fundamental heart sounds which were used to develop various models, varied largely from 

infants to old people and from healthy to cardiac patients. 

1.3.2.4 Feature-based methods 

Feature-based methods are based on extracting certain features such as the energy fraction, 

sample entropy, total variation filtering, Shannon entropy, instantaneous phase boundary, 

boundary location identification, likelihood computation, etc.; to identify peaks present in the 

cardiac cycles. The main drawback of these methods is that the extracted features may vary 

with the signals they are tested on and hence they need to be verified using standardized 

databases.   

Naseri and Homaeinezhad [37] applied an effective detection-delineation decision statistic 

derived after combining the frequency and amplitude based features, evaluated from the 

extracted segments. This work was extended to detect S3, S4, and the presence of murmurs based 

on regenerated decision statistic from located S1 and S2. The complexity-based segmentation 

method proposed by Nigam and Priemer [79] was insensitive to the amplitude and frequency 

variations and utilized the inherent complexity of the heart sounds signals. However, 

quantitative information was not available, and results were supported by the graphical 

representations.  

Recent studies applied an Empirical mode decomposition (EMD) to obtain instantaneous 

frequency information and to decompose signals into intrinsic mode functions [16], [72], [93]. 

Papadaniil and Hadjileontiadis [36] reported heart sounds signals segmentation by employing 

an ensemble Empirical mode decomposition (EEMD) combined with the kurtosis features to 

detect S1 and S2. Though the algorithm achieved promising results in localizing S1 and S2 

sounds, the Empirical mode decomposition has some limitation in identifying two closely 

spaced spectral components and mode mixing. In order to overcome these issues, a Hilbert 

vibration decomposition (HVD) and an ensemble Empirical mode decomposition (EEMD) 

were proposed, respectively [9], [94]. More recently, Varghees and Ramachandran [95] 

demonstrated the advantage of the Empirical wavelet transform over the Empirical mode 

decomposition as a consistent decomposition approach for the heart sounds segmentation. 

Authors considered low frequency (10-150 Hz) heart sounds signals for detecting S1, S2, S3 and 

S4; whereas high frequency (150-600 Hz) heart sounds signals to detect murmurs. Thus, the 

overlap between normal and abnormal heart sounds signals was ignored during the mode 

estimation process.  
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1.3.2.5 Time-frequency/Wavelet analysis-based methods 

Other methods reported for the segmentation were based on time-frequency analysis of heart 

sounds signals. White et al [96] used the Pseudo-Wigner-Ville distribution to identify murmurs. 

Statistical data was missing for comparison and the study was conducted on heart sounds 

obtained from children. In another study, Kim and Tavel [97] performed a spectral analysis for 

the segmentation of murmurs using time-frequency representation. The reported study 

establishes a correlation with the Doppler ECG and derived a mean pressure gradient at 

different frequencies without proposing a generic algorithm. In the time-frequency domain 

based segmentation method proposed in [80], the authors mitigated the traditional problem of 

selecting parameters of the analysis window, by employing Rényi entropy and obtained the 

optimal window length. Sanei et al [81] also separated murmurs from heart sounds signals using 

adaptive singular spectral analysis in the time series. However, the only correlation was 

established, and the statistical parameters were not reported for proper comparison.   

Wavelet transforms were frequently used in recent studies for the time-frequency analysis. 

Reed et al [15] demonstrated a wavelet decomposition based method for analyzing heart sounds 

signals. However, the classification accuracy of the proposed system was a function of the 

signal-to-noise ratio and the variance of the added noise. In another study, H. Nazeran [84] 

proposed a Morlet wavelet-based segmentation method using the estimated normalized average 

Shannon energy. The proposed method was effective in localizing heart sounds components 

compared to the Fourier transform. However, segmentation accuracy was not reported in the 

study for comparison. Further, Dokur and Ölmez [83] used an adaptive peak detector based on 

the third, fourth and fifth level decomposition coefficients. The reconstructed signal was 

squared and smoothed by the moving window integration so that the locations of S1 and S2 

become apparent. Segmentation rate of the proposed algorithm was not reported. Later, Meziani 

et al [98] proposed an algorithm to locate the peaks of S1 and S2 and to extract different murmurs 

using the Daubechies wavelet. Wavelet transform was used to denoise signals and to construct 

Shannon energy envelope. The manual selection of the threshold was the major drawback of 

this algorithm and segmentation accuracy was not found in the article for the comparison.  

Patidar and Pachori [82] segmentation method used a tunable-Q wavelet transform to 

remove murmur contents so that the fundamental heart sounds possessing maximum kurtosis 

are obtained in the reconstructed signals. This method was helpful in improving the localization 

of the fundamental heart sounds with respect to the overlapping murmurs by varying the Q-

factor. Effective features were extracted in the study to reduce the computational complexity 

of the algorithm. The wavelet packet decomposition was used to extract diagnostic features and 

to detect and classify heart sounds, including murmurs [99]. Further, Wang et al [100] proposed 

an optimum multi-scale wavelet packet decomposition (OMS-WPD) and identified murmurs 
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and normal heart sounds using the optimum decomposition coefficients. The main drawback 

associated with this method was the requirement of additional computational power for 

extracting wavelet characteristics of the signals for the segmentation. Also, the proposed 

algorithm achieved an identification accuracy of 88.98%, which was not significant for the 

clinical applications. More recently, Fahad et al [101] also applied wavelet analysis to segment 

heart sounds. Shannon energy of the reconstructed wavelet signals was computed to detect S1 

and S2 sound lobes. Peaks with larger time intervals were identified as diastole and those with 

smaller time intervals were identified as the systole intervals. 

1.3.2.6 Learning-based methods 

Learning-based approaches performed the segmentation by training algorithms with the 

extracted features. The time-delay neural network employed by Oskiper and Watrous [87] for 

identifying S1 in the cardiac cycle, was comprised of a single hidden layer with time-delay links 

that connected the hidden units to the time-frequency energy coefficients of a Morlet wavelet 

decomposition. However, only S1 sounds were identified in the article. Similarly, Tang et al 

[41] decomposed heart sounds signals into components characterized by different features in 

the frequency-time-frequency domains. A fuzzy detection method was used to separate signals 

of interest and then S1 and S2 sounds were identified. Nigam and Priemer [86] also proposed a 

simplicity-based fuzzy clustering approach for the identification of murmurs. However, the 

overall accuracy achieved was significantly reduced.  

In recent approaches, researchers segmented cardiac signals directly into cardiac cycles and 

skipped the steps used to identify individual locations of S1 and S2 peaks [45], [102]. In such 

approaches, initial investigation of S1 and S2 was skipped if prior knowledge of cardiac cycles 

was available. For instance, Yuenyong et al [56] estimated cardiac cycles and classified them 

into normal and abnormal heart sounds without identifying fundamental heart sounds. 

Similarly, S. Deng et al [91] proposed the autocorrelation features using subband envelopes 

coefficients and diffusion maps based classification without performing the segmentation. 

These autocorrelation features were further employed to excerpt unique feature representations 

of heart sounds that could be classified using support vector machines. Similarly, authors in 

[103] classified heart sounds using feed-forward neural networks (FFNNs) without performing 

the segmentation. However, the assumptions regarding the systolic and diastolic intervals and 

adaptive threshold values, while identifying S1 and S2 are not valid in all conditions. Hence 

these methods have similar drawbacks to the envelope analysis. 
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1.3.3 Feature Extraction  

Representation of the cardiac signals in different domains reveals various physiological and 

pathological characteristics and allow efficient feature extraction. To capture concurrent 

variations and structural components in both time and frequency, time-frequency representation 

of the transient signals has been reported as a preferred mean over the time-domain and 

frequency-domain representations. Qualitative and quantitative measurements of the signals are 

obtained using different transforms for heart sounds analysis; for instance, time-frequency 

representation using S-transform [39], Fourier transform, short-time Fourier transform (STFT) 

[104], Wigner-Ville distribution (WVD) [93], [105], Choi–Williams distribution (CWD) [106], 

[107], wavelet transform [108], [109], and short-time modified Hilbert transform (STMHT) 

[48]. Though, the short-time Fourier transform was found to be popular, obtaining a proper 

resolution for the feature extraction using STFT is challenging because of the fixed window 

available for the analysis [102], [110], [111]. Wavelet analysis emerged as an alternative by 

substituting the frequency shifting operation of the STFT by a time or frequency scaling 

operation [111]. Wavelet transform was widely reported in literature because of its suitability 

for representing signals where the length of the temporal window can be engineered for multi-

resolution analysis with wide frequency range across the length [112]. Discrete wavelet 

transform (DWT) [56], continuous wavelet transform (CWT) [113]–[115] and mel-scaled 

wavelet transform [77], [116]–[118], have all been used for heart sounds analysis.   

Feature extraction and selection play an important role in pattern recognition and 

classification. Features with high-order statistics, non-linear fractal complexity, entropy 

information and chaos theory helped in capturing relevant information from non-stationary 

PCG signals, required for the proper classification. Other features included the Shannon energy 

envelope of the frequency spectrum, wavelet coefficients, perceptual features such as mel-

frequency cepstral coefficients (MFCCs), bispectrum, variance fractal dimension (VFD), and 

fractal features such as largest Lyapunov Exponents or Hurst Exponent. A brief overview of 

the different approaches reported for the significant feature extraction is discussed in the 

following. 

Time-domain features are easy to extract and quantify. These features mainly included the 

timing characteristics such as locations of S1 and S2, systolic and diastolic intervals, and 

amplitude information (such as the mean absolute value of the S1 and S2 and other peaks in the 

cardiac cycle). Some physiological and pathological information that are missed in the time-

domain analysis can be visualized in the frequency domain analysis. Frequency-domain based 

feature extraction methods used mainly included band-pass filter banks and zero-crossing 

analysis [64], [80], [107], [119]–[122]. Other discriminant features included the mean power 
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of distinct cardiac sounds segments (S1, S2, systole and diastolic) in different frequency bands 

and mel-frequency cepstral coefficients (MFCCs) [77], [116]–[118].  

Though time-domain and frequency-domain based features are easy to extract, some 

physiological and pathological information is obscured. Most of the recent studies extracted 

pathological information by analyzing the signal in the time-frequency domain [80], [102], 

[123].  

Iwata et al [64] firstly proposed an algorithm to detect the S1 and S2 by spectral tracking of 

low-frequency components. Later, Debiais et al [124] extracted the spectrogram, Choi-

Williams and Bessel coefficients for the time-frequency representation of the heart sounds and 

applied these extracted parameters to the numerical simulations. Energy distribution 

coefficients in the time-frequency domain were also analysed for the feature extraction [120]. 

Further, Choi and Jiang [125] proposed maximum frequency (fmax) and maximum width (fwidth) 

features for the normalized auto-regressive power spectral density (NAR-PSD) to classify heart 

sounds. The author in [46] proposed a short-time modified Hilbert transform based frequency 

feature matrix comprised of features mainly the frequency width of the envelope in the 

frequency domain and identified the fundamental heart sounds; which was later used to detect 

cardiac abnormalities. Power spectral density and energy of heart sounds signals were estimated 

using the auto-regressive model to estimate peaks’ boundaries. Teo et al [126] proposed a 

power spectral analysis to extract features; mainly the ratios, mean and standard deviation of 

ratios between the sum of powers of the N highest peaks to the total power in the spectrum for 

individual segments, and later fed them to a neural network based classifier. In a subsequent 

study, Schmidt et al [35] extracted features from the different frequency bands using the sub-

segments of the short duration windows in the systolic period. More recently, Whitaker et at 

[127] segmented heart sounds using Springer et al’s [70] hidden semi-Markov model and 

transformed them with an N-point FFT and sparse coefficient matrix for the feature extraction. 

 Mel-frequency spectral coefficients (MFSCs) have also proven suitable for feature 

extraction. Temporal alignment techniques, such as the dynamic time wrapping (DTW) 

reported in [128], was applied to mel-frequency cepstral coefficients (MFCCs) based features 

for the classification, mainly to reduce the impact of subject-specific differences. More 

recently, authors in [129] extracted the mel-frequency spectral coefficients features that 

evaluated MFCCs without performing discrete cosine transform (DCT) and concluded that 

MFSCs analysis outperforms MFCCs. 

 Wavelet decomposition and reconstruction provided a significant information of the 

spectral components of heart sounds signals and was used in recent studies to extract features 

[56], [130], [131]. Methods for wavelet analysis included Debauchies transformation [110], 
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Morlet transformation [107] and Stockwell transformation. The type of wavelet used for the 

analysis was selected from the family of wavelets- Haar, Daubechies, Biorthogonal, Coiflets, 

Symlets, Morlet, Mexican hat and Meyer. Eugen et al [114] examined the common wavelets 

transforms on phonocardiography signals to determine the best wavelet to obtain time-

frequency representations. The study found that the continuous wavelet transform using a 

Morlet wavelet was a reliable approach for the feature extraction [114].  

In another study, Zheng et al [77] evaluated features such as energy fraction, sample entropy 

and maximum energy fraction, of S1, S2 and murmurs, in frequency sub-bands using wavelet 

packets decomposition. In one of the recent study, Patidar et al [132] proposed tunable-Q 

wavelet transform (TQWT) based decomposition method to extract the diagnostic features.  

Earlier, Turkoglu et al applied wavelet packet decomposition (WPD) and wavelet packet 

entropy to extract features of the Doppler signals [133]. Later, Choi [134] suggested wavelet 

packet energy features using wavelet packet decomposition of heart sounds signals. Wavelet 

analysis was used by Dokur and Ölmez [83] to estimate powers of the decomposition level 

coefficients in all subbands for the feature extraction. In a further progress, Wang et al [100] 

proposed a feature extraction method based on the optimum multi-scale wavelet packet 

decomposition (OMS-WPD) and wavelet-time entropy to extract features of heart sounds 

signals. In a subsequent study, Zheng et al [135] extracted the multi-fractal spectrum 

parameters, frequencies corresponding to the maximum peak of the normalized power spectral 

density curve (fPSDmax), and adaptive sub-band energy fraction. These features included the ratio 

of diastolic to systolic duration, the ratio of the amplitude of S1 and S2 (S1/S2), multi-fractal 

spectrum parameters, the frequency of the maximum peak of the normalized power spectral 

density curve (fPSDmax) and adaptive sub-band energy fraction. Apart from these features, 

features such as perceptual and fractal features by Delgado-Trejos et al [58], 2D-PCA based 

features [136], were also reported to characterize different murmurs. More recently, Kay and 

Agarwal [69] extracted time-frequency features (mel-frequency cepstral coefficients, inter-beat 

and complexity features) using continuous wavelet transform, considering Morlet wavelet as 

the mother wavelet.  

From the reported works, it was found that the time-frequency representation, mostly using 

wavelet analysis, proved suitable for the feature extraction. However, features were hard to 

extract especially those focused on the detection of a particular abnormality. Also, wavelets are 

non-symmetric and may produce artifacts at wavelet sub-bands borders [137]. Other than this, 

wavelet package decomposition level is sampling frequency dependent and hence, inaccurate 

estimation of the time-frequency behaviour of the signal may impact the performance of the 

algorithms [77]. Details for above-mentioned feature extraction methods and type of features 

extracted are summarized in Appendix D.  
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1.3.4 Classification of Cardiac Acoustic Signals    

The final step of a heart sound analysis algorithm is to take the extracted features and fed them 

to an appropriate classifier to interpret them. Reported approaches for the classification include 

Support Vector Machine (SVM) [45], [46], [125], [127], [132], [134], [135], [138]–[142], [47], 

[143]–[147], [73], [77], [85], [91], [100], [102], [108], Hidden Markov Models (HMM) [101], 

[116], [117], [148], [149], k-Nearest Neighbour (k-NN) [58], [107], [136], [150], [151], Neural 

Networks [15], [39], [83], [84], [89], [103], [126], [129], [133], [152]–[154], [52], [155]–[164], 

[56], [165]–[169], [57], [59], [67], [69], [74], [75], rule-based classifier or decision trees [170], 

[171], BayesNet classifier [131], machine learning based approaches [54], [144], [155], 

Gaussian-Bayes model [172], Naïve Bayes [173], Gaussian Mixture Model (GMM) [174], 

random forest [173], and discriminant analysis [106]. Works reported using these approaches 

are presented in Appendix E. 

1.3.4.1 Support Vector Machine 

Support vector machines are non-probabilistic binary linear data-based machine learning 

models suitable for the classification of heart sounds using different kernel functions (such as 

a Gaussian, sigmoid etc.). Implementation of support vector network for non-separable training 

data was firstly reported by Cortes and Vapnik [175] which has been extended to handle 

supervised machine learning problems such as classification of heart sounds signals. 

In general, most of the studies are focused on improving the classification performance 

either by modifying existing approaches using SVM classifiers or by adding new features to 

the classifier. Wavelet-based features are commonly used for the abnormality detection and 

classification. For instance, Choi [134] used wavelet packet decomposition and support vector 

machine to detect the aortic and mitral valvular heart disorders. These disorders were identified 

based on the fact that they differ from the normal heart sounds in the frequency spectrum. 

However, this may not be valid for all kind of disorders examined. Choi and Jiang [125] 

explored a normalized auto-regressive power spectral density (NAR-PSD) curve for the feature 

extraction and an SVM classifier to improve the classification accuracy. However, the accuracy 

of the algorithm was found to be dependent on the disease under investigation.  

Other features are also investigated and used with an SVM classifier. For instance, Banerjee 

and Mondal [138] proposed features based on the inherent structural complexity of heart sounds 

computed in terms of sample entropy. These features were evaluated using an SVM classifier 

and tested using signals of different noise levels. The accuracy achieved was promising for the 

clean signals, however, there was a significant variation when the noise was added to the 

signals. In another study, Whitaker et al [127] extracted features using sparse coding and 
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obtained spectral characteristics that were fed to an SVM classifier. Classification results 

achieved were below 90% and some additional features were suggested. 

Further attempts to reduce the classification errors included the modification in the existing 

SVM classifier and selecting an optimum kernel function and parameters. For instance, Avci 

[145] proposed a genetic-SVM (GSVM) classifier to diagnosis heart valve diseases and tested 

with eight different kernel functions (linear, polynomial, radial basis, exponential radial basis, 

sigmoid, spline, Fourier and bspline). It was found that there was a significant improvement in 

the classification performance with the genetic-SVM classifier using the exponential radial 

basis function. The proposed method also emerged better compared to the wavelet neural 

network classifier proposed by Turkoglu et al [165]. In a subsequent study, Ari et al [108] 

suggested a least square SVM (LS-SVM) classifier by modifying the Lagrange multiplier based 

on least mean square algorithm to classify heart sounds using wavelet-based feature vector. The 

performance of the LS-SVM with radial basis kernel function was tested in classifying normal 

and five different pathological sounds. Results achieved were highly dependent on the number 

of pathologies in abnormal cases. Later, Kwak and Kwon [73] proposed the murmur likelihood 

and HMM state likelihood based features to classify different types of murmurs and normal 

heart sounds using an SVM classifier [73]. It was concluded that by adding murmurs likelihood 

to an SVM classifier, there is a significant improvement in the classification performance 

compared to the multi-layer perceptron and radial-basis function networks. 

In another study, Redlarski et al [85] combined an SVM classifier and modified Cuckoo 

search (MCS) algorithm to increase the diagnostic accuracy of the system. Also, linear 

predictive coding was used to solve the non-stationary problem of the heart sounds signals and 

feature extraction. Though the proposed algorithm was validated with a database comprised of 

normal and various abnormal heart sounds, the number of samples in the recording was too 

small.  

More recently, Zheng et al [77] used an SVM classifier with four different kernel functions 

(Gaussian radial basis kernel function (GRKF), linear kernel function (LKF), polynomial kernel 

function (PKF) and sigmoid kernel function (SKF)) and evaluated the energy fraction and 

sample entropy features from the reconstructed selective frequency elements of heart sounds 

signals. It was found in the study that the Gaussian radial basis kernel function (GRKF) 

produced the best results in classifying normal, aortic stenosis, pulmonary stenosis, tricuspid 

insufficiency and mitral insufficiency using heart sounds signals. However, a limited number 

of heart sounds signals were recorded from 42 healthy and 38 patients for the analysis. Patidar 

et al [132] suggested a tunable-Q wavelet transform (TQWT) to extract features and classified 

heart sounds using a least square SVM with various kernel functions (radial basis function, 

Morlet wavelet kernel and Mexican hat wavelet kernel function). The proposed study proved 
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promising in identifying normal, valvular defects, septal defects, and other defects. The main 

findings were the segmentation followed by a tunable-Q wavelet transform and least-square 

support vector machine (LS-SVM) based classification with Morlet wavelet kernel function. 

Similarly, Zheng et al [135] also suggested a least square LS-SVM classifier. However, intense 

features were calculated based on multifractal detrended fluctuation analysis (MF-DFA), 

maximum entropy spectra estimation (MESE) and the empirical mode decomposition (EMD). 

The proposed diagnostic features achieved promising results in identifying cases of chronic 

heart failure. Also, the classification performance of LS-SVM was found to be better than that 

of the back-propagation artificial neural network (BP-ANN) and hidden Markov model 

(HMM). However, subjects with murmurs were not considered in the study that may lead to 

the misclassification.  

In another study, Gharehbaghi et al [139] suggested a growing time support vector machine 

(GTSVM) to capture the characteristics of innocent murmurs and the results achieved were 

compared with a conventional SVM classifier. Significant improvements in the performance 

were achieved compared to the conventional SVM and multi-layer perceptron (MLP) in 

separating innocent and pathological murmurs, however, the overall classification accuracy 

achieved was still below 90%. Overall, the SVM classifier was used in most of the cases with 

novel features or feature extraction techniques. 

1.3.4.2 Hidden Markov Models 

Hidden Markov Models (HMMs) are one of the most promising probabilistic statistical 

classifiers and their classification performance is investigated in various reviewed articles and 

significant modifications are proposed to improve the classification accuracy.  

In most of the studies, either modification to the existing hidden Markov model or adding 

new features to the existing classifier using different transforms was suggested. Like as Uğuz 

et al [149] used a hidden Markov model to classify heart sounds using wavelet transform and 

short-time Fourier transform to extract features. However, the Doppler ultrasounds were used 

for the analysis. Similarly, Wang et al [116] also extracted features using a time-domain 

transform, short-time Fourier transform and mel-frequency cepstral coefficients (MFCCs) and 

classified heart sounds signals using a modified-HMM. MFCCs based features using hidden 

Markov model yielded promising results compared to the time-domain and short-time Fourier 

transform based features. Later, Chauhan et al [117] proposed a mel-frequency cepstral 

coefficients (MFCCs) based selective features and a hidden Markov model to classify normal 

sounds, continuous murmurs, diastolic murmurs and systolic murmurs in a cardiac cycle. 

Promising results were achieved, however, a small dataset of recordings was considered for the 
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validation of the algorithm proposed to identify ejection clicks, opening snaps, split S1, split S2, 

S3 and S4.  

In another attempt to improve the classification performance using a hidden Markov model, 

Schmidt et al [176] proposed a duration-dependent HMM in which the durations of the states 

were estimated using an autocorrelation analysis of a homomorphic envelogram. It was found 

in the study that the duration-dependent HMM performed better compared to the conventional 

HMM in classifying heart sounds. In a subsequent study, Saraçoğlu [148] classified frequency 

domain features obtained using a principal component analysis (PCA) dimension reduction 

technique using an HMM-based classifier, and achieved an average classification accuracy of 

72.2% that was not suitable for the clinical applications. More recently, Fahad et al [101] 

suggested an adaptive-neuro fuzzy inference system and an HMM-based classifier to classify 

heart sounds signals. This work was focused on the classification of normal sounds and valve 

disorders (mitral stenosis, mitral regurgitation, and atrial regurgitation).  

1.3.4.3 k-Nearest Neighbor (k-NN) 

The feature distances (Euclidean, Manhattan, Minkowski, Mahalanobis, etc.) were estimated 

to compute the nearest neighbors when the most relevant patterns were close to each other in 

the feature space [170], [172]. The k-nearest neighbor algorithm was successfully applied to 

classify heart sounds recordings [58], [150], [177], [178]. Classification performance was found 

to be dependent on the k parameter used in the algorithm and accordingly, various features were 

suggested to improve the classification performance.   

Bentley et al [107] applied the spectrum-analysis technique and extracted nine features to 

classify various heart valve sounds using an k-NN classifier. However, out of nine, two features 

were based on simultaneously recorded ECG signals. Delgado-Trejos et al [58] extracted the 

time-varying and time-frequency features, perceptual features and fractal features to classify 

murmurs using an k-NN classifier. The best results were achieved with the fractal features 

(97.17%) followed by the time-varying and time-frequency features (95.28%) and perceptual 

features (88.7%). In another study, Quiceno-Manrique et al [150] investigated spectral power 

distribution of abnormal heart sounds using various energy distributions (Wigner-Ville, Choi-

Williams, smoothed pseudo-Wigner-Ville, exponential, and hyperbolic T-distribution). It was 

concluded that the addition of energy distributions to the analysis of heart sounds improved the 

classification performance compared to the short-time Fourier transforms and continuous 

wavelet transforms representation using an k-NN classifier. Amit et al [106] also investigated 

various signal transforms to extract features and presented a hierarchical clustering approach 

for heart sounds classification using an k-NN and discriminant analysis. However, results 

achieved were for the S1 classification and no results were reported for other heart sounds.  
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Another time-frequency representation proposed was based on time-varying auto-regression 

[136]. Extracted features were fed to an k-NN classifier to detect murmurs. The proposed 

method yielded promising classification results, however, only 45 recordings were used for the 

validation. More recently, Hamidi et al [179] also proposed a method to classify heart sounds 

using a nearest neighbor classifier by evaluating the Euclidean distance. The proposed 

algorithm exhibited large variation in the classification accuracy with the different databases. 

In some of the studies, the classification task was achieved using an k-NN classifier along with 

another classifier to enhance the performance of the system. In general, an k-NN classifier 

offers advantages in terms of training time, simplicity and ease of implementation compared to 

others, however, it demands large memory space and offers slow estimation [180].  

1.3.4.4 Neural Networks  

Neural networks-based classifiers have proven potential as a computational tool for pattern 

classification of heart sounds with good classification performance. Artificial neural networks 

(ANNs) were most widely used along with the description logics [181] and linear/non-linear 

discriminant learning. Ölmez and Dokur [166] classified seven different heart sounds (aortic 

stenosis, mitral regurgitation, mitral stenosis, pulmonary stenosis, aortic regurgitation, 

summation gallop and normal sounds) using a grow and learn (GAL) network and linear vector 

quantization (LVQ) network. LVQ provided the benefit of quick learning time, however, it 

generated a large number of feature vectors because of its non-incremental network. Studies 

were also focused on the reduction of feature vectors to reduce the complexity of the neural 

networks. Like as, Andrisevic et al [163] suggested an artificial neural network to classify 

feature vectors extracted using a principal component analysis (PCA). The proposed approach 

was tested with a limited database and a low classification performance was achieved. Later, 

Uğuz [157] proposed a similar approach using a PCA-ANNs that achieved better results 

compared to [163]. The main contribution was to apply a discrete Fourier transform and a Burg 

auto-regressive spectrum analysis for the feature extraction; and a principal component analysis 

to reduce the dimension of the feature vector. 

Some studies were focused towards the addition of new features or transformation to extract 

features that may help in the identification of cardiac abnormalities. Higuchi et al [162] 

proposed an automated approach to diagnosis cardiac diseases by analyzing heart sounds 

signals using a three-layered artificial neural network. However, the algorithm failed to classify 

ventricular septal defects and yielded an overall classification accuracy below 70%. Similarly, 

H. Nazeran [84] suggested wavelet features extracted from heart sounds signals and fed them 

to a neural network based classifier. This study also achieved a limited classification accuracy 

(70%) that was not suitable for the clinical applications. In a subsequent study, Sepehri et al 
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[160] proposed a neural network to classify energy features extracted from the Arash-Band with 

lowest clustering errors. Promising results were achieved using the algorithm in identifying 

congenital heart diseases in children.  

Other significant modifications in the existing neural networks-based approaches were also 

found. In a first, Akay et al  [169] applied a fuzzy-neural network to detect coronary artery 

diseases using wavelet features and achieved a limited classification accuracy. The results 

obtained also suggested that further modification in the terms of feature extraction or the 

classification method was required. Later, Folland et al [167] proposed a multi-layer perceptron 

(MLP) and radial basis function neural network (RBF-NN) that were trained with features 

extracted using FFT and the Levinson-Durbin auto-regression algorithms. These proposed 

algorithms also demonstrated a limited accuracy in classifying normal and abnormal heart 

sounds. In a subsequent study, Turkoglu et al [133] proposed a wavelet packet neural network 

based on the wavelet transform theory and added a multi-layer perceptron (MLP) layer to the 

classifier. Though the algorithm proved successful in classifying the normal and abnormal heart 

sounds, murmurs were not considered for the evaluation. Also, the Doppler heart sounds were 

used in the study. Later, Javed et al [52] extracted features from heart sounds signals segmented 

into fundamental heart sounds and murmurs and fed to a multi-layer perceptron (MLP) neural 

network. Further, a smoothed Pseudo Wigner-Ville distribution (SPWVD) was used to classify 

murmurs. However, the correlation between the two segments (FHSs and murmurs) and overlap 

were ignored in the analysis.  

In another study, Babaei and Geranmayeh [159] proposed a versatile multi-resolution 

wavelet-based algorithm using a multi-layer perceptron structure with back-propagation 

(MLP–BP) algorithm based artificial neural network. Though the proposed algorithm achieved 

promising results in classifying aortic insufficiency, aortic stenosis, pulmonary stenosis and 

normal heart sounds, other abnormalities need to be investigated. In a further improvement, 

Jabbari and Ghassemian [57] proposed a multivariate matching pursuit (MMP) based on a 

three-layer feed-forward multilayer perceptron network. Though results were promising, the 

multilayer perceptron was based on a back-propagation algorithm and hence required a longer 

training time [166]. Also, assumptions made regarding the time interval of S1-S2 and S2-S1, are 

not always valid. Recently, Gharehbaghi et al [156] proposed a time growing neural network 

(TGNN) to classify features extracted from the spectral analysis of the frequency bands with a 

growing length window. The performance of the proposed neural network was found to be 

better compared to a time-delay neural network and the multi-layer perceptron mainly because 

of the reduced environmental noise using the suggested growing length window. The algorithm 

needs to be validated using heart sounds database from adults.  
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Dokur and Ölmez [83] proposed an incremental neural network for the classification based 

on the Kohonen’s self-organizing map (SOM) network and an incremental self-organizing map 

(ISOM). A significant performance improvement was found in the study while classifying 

fourteen different types of heart sounds, mainly because of the incremental network that 

automatically determined the optimum number of nodes required for the segmentation. 

Although the proposed algorithm achieved a good classification accuracy (95%), the algorithm 

needs to be validated with a large database. More recently, Abdollahpur et al [67] employed a 

feed-forward neural network to classify features extracted from the segments that had 

successfully passed the cycle quality assessment. It was concluded that the cycle quality 

assessment algorithm proposed in the study boosted the classification performance.  

An effort to classify heart sounds using a combination of different classifiers was also 

reported. For instance, authors in [153] proposed a classification approach using a 2-means 

clustering and an ANN classifier. The unsure data were identified by employing a k-mean 

clustering approach and an ANN model was used for the classification. This method yielded a 

mean accuracy of 86.5%. Conroy et al [182] proposed a dynamic ensemble approach to 

generate a complete dataset from the missing information of data using a two-stage machine 

learning process. This was based on the AdaBoost, a powerful machine learning technique, and 

the goal was to construct a high-performance classifier from an ensemble of “weak learners”. 

This work was further extended by Potes et al [154] to classify heart sounds using a variant of 

the AdaBoost classifier and a deep learning convolutional-neural network classifier. It was 

found that the ensemble of the AdaBoost and CNN classifiers significantly boosted the 

sensitivity, but the overall performance was still limited (86.02%).  

Kang et al [89] presented an automated identification of innocent murmurs in children using 

an artificial neural network and a support vector machine. The main focus of this work was to 

differentiate between the normal and pathological murmurs while classifying heart sounds in 

children. More recently, Beritelli et al [152] proposed a method to diagnose heart activity based 

on the Gram polynomials and probabilistic neural network. Though the proposed method 

achieved an overall accuracy of 94%, information regarding the types of abnormality under 

investigation and segmentation process was not found in the study.  

Attempts to classify heart sounds using a modified classifier or rule-based classifier were 

also investigated. Decision trees classifiers based on certain rules and decision nodes were 

considered as a rule-based algorithm [170]. Pavlopoulos et al [171] proposed a decision tree 

algorithm that successfully classified fundamental heart sounds, the aortic stenosis and mitral 

regurgitation. Although the proposed algorithm achieved promising results, other heart sounds 

(such as artifacts) were not considered in the study. Later, Chen et al [183] suggested 

continuous wavelet transform based features and a regression tree (CART) based classification 
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algorithm. Although the work was intended to classify murmurs, specific types of murmurs 

were not investigated in the study. Safara et al [131] found that the entropy of wavelet packets 

as one of the feasible characteristics to classify four common murmurs (aortic regurgitation, 

mitral regurgitation, aortic stenosis and mitral stenosis). The study investigated the performance 

of the five different classifiers (SVM, decision trees, k-nearest neighbor, BayesNet and multi-

layer perceptron networks) and the best results were achieved by a BayesNet classifier 

(96.94%). Other than these attempts, machine learning based approaches [54], [144], [155], 

Gaussian-Bayes model [172], Naïve Bayes [173], Gaussian Mixture Model (GMM) [174], 

random forest [173], and discriminant analysis [106], were also found in the literature. 

Appendix E summarizes the above-discussed heart sounds classification approaches and 

corresponding performance matrices are reported.  

1.4 State-of-the-Art Cardiac System Monitors  

A review of various cardiovascular monitoring systems was conducted to understand the 

evolution of cardiac monitors over the years and the various techniques involved in their 

development. Automated continuous real-time physiological status monitoring of the 

cardiovascular system helps in early-stage detection of diseases. With considerable advances 

in the technology, many invasive and non-invasive cardiac monitors have been developed. The 

main objective of these devices is to interpret different types of signals obtained from the 

cardiovascular system. The type of signal (electrical, acoustic, optical and seismic signals) 

under investigation depends on the sensor deployed and the technique used for the analysis. In 

general, electrocardiography (ECG), phonocardiography (PCG), photoplethysmography 

(PPG), and seismocardiography (SCG) based systems were found and briefly discussed in this 

section.  

Over the decades, ECG has been a very popular non-invasive method that measures the 

electrical activity of the heart over a period of time with the help of electrodes and produces 

graphical results in the form of electrocardiograms (EKGs) for interpretation. Careful 

examination of EKGs reveals many important characteristics of electrical activities of the heart 

that are helpful in the identification of cardiac conditions. ECG signals are pre-processed and 

then PQRST waveform is extracted for the analysis. Despite recent developments, methods for 

automated classification of the ECG signals are not well established. ECG machines are also 

cumbersome, and, in some situations, it is tough to establish proper contact between the 

electrodes and skin surface.  

ECG devices can be classified as a function of their number of leads:  12-lead ECG (Alirus 

12-Lead ECG, Alirus, USA or Nasiff CardioCard Mobile Resting ECG, Nasiff Associates Inc, 
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USA), devices with less than 12 leads (Alirus 5-Lead ECG, Alirus, USA, or PocketECG, 

Medicalgorithmics, Poland or QardioCore, Qardio Inc., USA or eMotion ECG Mobile, Mega 

Electronics Ltd., Finland or LifeWatch MCT, LifeWatch AG, Switzerland or MobilECG 1–7 

lead recorder, MobileECG, Hungary), and single-lead ECG (iHealth single lead wearable ECG, 

iHealth Labs Inc., USA or AliveCor, USA known as Kardia or ECG Check, CardiacDesigns, 

USA or HeartCheck Handheld™ ECG, CardioComm Solutions Inc., USA or Zenicor ECG, 

Zenicor Medical Systems AB, Sweden or InstantCheck, DailyCare BioMedical Inc., Taiwan). 

ECG based monitoring devices are also available as biopatches (Zio Patch, iRhythm 

Technologies, Inc., USA or BioPatch by Zephyr Technology Corp., Medtronic, USA, or 

BodyGuardian Heart, Preventice Solutions, USA or Metria, Avery Dennison Medical 

Solutions, USA or AVIVO Mobile Patient Monitoring system by Corventis), chest-strap and 

wrist-only models (chest-belt wireless ECG monitoring in real time, Suunto Quest, Polar 

RS300X, MyZone MZ-3, Polar H7) and other smart clothing (Hexokin, Carré Technologies 

Inc., Montréal or OMbra by OMsignal). Currently, flexible thin film ECG sensors (ultrathin 

flexible stretchable silicone membrane stick-on ECG device) are under examination to address 

shortcomings of the currently available commercial systems. Among these devices, most of the 

chest strap and wristbands such as Polar H7 Heart Rate Sensor, Polar, Finland and HRM-Run, 

Garmin, USA, are designed to obtain instantaneous heart rate (HR) or heart rate variability 

(HRV).  

Traditional Holter devices are one of the most popular ambulatory ECG monitors, and  have 

an average dimension of 110×70×30 mm. These can keep a log of the heart’s electrical activity 

using a series of electrodes for a period of 24-48 hours. However, Holter monitors are not 

suitable for long term monitoring and can be a burden for patients due to its design. 

Furthermore, the real-time interpretation of the recorded signal is not possible [184]. Recently, 

researchers have integrated the Holter device with data transmission platforms such as 

Human++ [185], MEDiSN [186] and PlaIMoS platform [184], that can help in real-time data 

monitoring, transmission, and analysis of the data. A heart patch called Human++, flexible 

stick-on device, developed by the researchers at the Interuniversity Micro-Electronic Centre 

(IMEC) is a variation of the Holter monitor [187]–[189]. This portable EKG device consists of 

a patch like flexible organic electronics and thin-film silicon electronics-based circuit board 

with a circuit arrangement to detect and transmit the EKG signals up to 10 meters.  

Other developments towards a wearable cardiac monitoring include VitalPatch, a wireless 

patch sensor packed with tiny ECG electrodes, a 3-axis MEMS accelerometer, and a 

temperature-sensing thermistor with a battery life of 3-4 days [190], [191]. Another device is 

Zio Patch by iRhythm Technologies, a single-lead ECG monitor that adheres to the left pectoral 

region of the chest, can provide continuous observations up to 14 days with 57% more 
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significant clinical events than the conventional Holter [192], [193]. Similarly, NUVANT 

Mobile Cardiac Telemetry (MCT) system by Corventis Inc, USA, rebranded as SEEQ by 

Medtronic Inc, USA, is also available for the ECG signal analysis [194]. AliveCor, USA, 

known as Kardia, is a compact size (8.2 cm × 3.2 cm × 0.35 cm), lightweight single-lead real-

time ECG device for monitoring heartbeats, diseases like arrhythmia, shortness of breath, 

dietary habits, and heart activities [195]. AVIVO mobile patient monitoring system, Corventis, 

is a wireless ECG sensor, with an accelerometer and an impedance monitor for automated 

insight into the health status of the ambulatory patients. This non-invasive device adheres to a 

patient’s chest and provides an understanding of heart and respiration rates, levels of patient 

activity, and fluid assessment. Similarly, the EPI Mini, a smartphone-enabled ECG device 

[196], collects ECG readings from the user’s fingertips. ECG Check by Cardiac Designs [197] 

and ViSi Mobile system by Sotera Wireless are other ECG-based wearable cardiac monitors. 

Furthermore, smart clothing such as Hexoskin by Carré Technologies Inc., Montréal, is a body-

worn sensor that can assist in ECG cardiac system and activity monitoring [198]. Other ECG 

smart wearables include OMbra by OMsignal [199] that keeps the record of heart rate and other 

sophisticated parameters related to the cardiac system. CoVa monitoring system by toSense is 

also a body-worn sensor for monitoring congestive heart failure, chronic obstructive pulmonary 

diseases, and hypertension, by measuring thoracic bioimpedance and electrocardiogram 

waveforms [200].  

Companies such as BioMedical, Cardionet, Lifewatch, Medicomp, MedNet, ScottCare and 

Medicalgorithmics provide mobile cardiac telemetry based on the data available from the 

aforementioned ECG devices. Comparative studies of such monitors have been already 

reported in [201], [202]. ECG devices are efficient in monitoring cardiac system as explained 

above. However, some of the structural abnormalities such as defects in valves, are 

characterized by abnormal heart sounds and murmurs, which are difficult to trace with 

electrocardiographic methods.  

Recently, non-invasive techniques such as Ballistocardiography (BCG), 

Seismocardiography (SCG) and Photoplethysmography (PPG) have been reported. BCG and 

SCG are mainly being explored to measure the mechanical activity of the heart using 

accelerometers to capture body micro-motions and to measure the recoil forces of the body and 

precordial vibrations caused by the ventricular contractions, respectively. These techniques 

don’t utilize cumbersome wires and cables for the analysis. BCG measures whole-body recoil 

forces in response to the blood ejection into the vascular tree, while SCG measures the 

positional vibrations of the chest wall in reaction to the myocardial motions and respiration. 

However, so far, the applications of these techniques are limited to heart rate and heart rate 

variability measurements.  
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Photoplethysmography (PPG) is a non-invasive technique that can track the volumetric 

changes in the blood with an optical pulse wave monitors (pulse oximetry). Recorded PPG 

signals are used to determine heart rate, respiration, and cardiac cycles. The examples of these 

devices are such as Apple watch and Fitbit Charge. Apart from these devices, Philips Vital 

Signs Camera is a remote PPG device with standard/IR camera that senses tiny changes in the 

skin color for heart rate measurement and motion of chest and abdomen to determine the 

respiration rate [203]. The accuracy of PPG based devices depends on the type of the parameter 

under investigation and skin photosensitivity. Also, the pulse detection rate is largely depended 

on the light wavelength which can be influenced by the internal parameters such as skin 

pigmentation and melanin concentration.  

Apart from these techniques, echocardiography (sonograms of the heart) also finds its 

application in high-resolution pocket mobile echocardiography (PME) [204]. However, 

echocardiography is not suitable for the overweight and lung patients. Additionally, non-

invasive cardiac implantable electronic devices (CIEDs) such as implantable pacemakers, 

implantable loop recorders (Medtronic RevealXT, Reveal LINQ by Medtronic Inc, Dublin, 

Ireland [205], and Chronicle by Medtronic, Minneapolis, MN), are small USB sized long term 

rhythm monitors for a duration up to 3 years [206]. Though these devices are able to assist in 

continuous monitoring, invasiveness and stability in terms of the pull-out forces and the 

rotational stability of the device are the main concerns [207].  

Recent studies suggest that automated cardiac sounds analysis can be used as a powerful 

tool to diagnose heart diseases. In general, auscultation using a stethoscope stands stalwart 

diagnostic method to identify cardiovascular diseases. However, this requires time, and 

experience to draw a conclusion from the phonocardiograms. With the advent of technology to 

capture heart sounds, self-care monitoring can be performed for primary screening of heart 

diseases. However, to achieve a robust, high sensitivity, and high yield system to classify heart 

sounds signals, intelligent algorithms are required.  

1.5 Discussion   

This chapter provided an overview of the current state-of-the-art in algorithms developed for 

the computerized heart sounds analysis and classification. Algorithms reviewed in this work 

investigated advanced signal processing tools and learning based approaches to automate the 

process. These algorithms were carefully evaluated to understand current challenges. 

Segmentation and classification of heart sounds were found to be still challenging, mainly 

because of the noise associated with the acquired signals that affected the quality of analysis. 
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Also, the complexity and non-uniformity associated with heart sounds signals were difficult to 

model.  

Most of the segmentation approaches reviewed utilized adaptive threshold values of peak 

amplitudes, assumptions related to the systolic and diastolic intervals, and cardiac cycle period, 

to localize the peaks in the heart sounds signals. These assumptions are not valid for all kinds 

of subjects. Also, most of the segmentation algorithms fail in case the systole and diastole 

periods are of nearly equal duration. Thus, the error at the segmentation level may propagate to 

the next level of analysis. Only a few reviewed articles studied the noise tolerance while 

segmenting heart sounds signals [19], [41], [60], [78], [86], [95]. Recently suggested 

probabilistic models by Springer et al [70] and Schmidt et al [34] achieved good segmentation 

accuracy even for noisy signals.  

It was found that the identification of fundamental heart sounds S1 and S2 achieved higher 

accuracy compared to the pathological sounds’ identification during the segmentation process: 

(94.54±5.15%) and (93.96±5.01%), respectively, versus (88.50±5.93%) [208]. While most of 

the articles identified S1 and S2 heart sounds at the event level, the identification of S1 sounds 

achieved higher accuracy compared to the S2 sounds.  

Among the articles reviewed in this thesis, only a few articles aimed to identify pathological 

heart sounds at the event level. These articles include detection of S3 ([72], [95]), S4 ([72], [95]) 

and murmurs ([19], [74], [86], [95]). The Hilbert-Huang Transform (HHT) was suggested for 

the identification of S3 and S4 [72]. However, the selection of intrinsic mode functions (IMFs) 

required in the model was challenging because of the varying temporal-spectral characteristics 

of heart sounds.  

More recently, the Empirical wavelet transform was also suggested as a decomposition 

approach to segment heart sounds and to detect S1, S2, S3 and murmurs [95]. Though these 

results appear to indicate that pathological sounds can be identified at the event level during the 

segmentation, most of the studies performed classification to diagnose pathologies. A few 

studies also suggested to segment cardiac signals directly into cardiac cycles rather than 

identifying the peak locations [45], [56], [91], [102], [103]. In these approaches, initial 

localization of S1 and S2 was skipped if prior knowledge of cardiac cycles was available.  

From the data summarized in Appendix D, it can be found that the different characterization 

measurements/features are evaluated based on the classification problems. Statistical features 

are mostly extracted to identify the fundamental heart sounds and systole and diastole intervals 

in a cardiac cycle. Additionally, morphological, spectral, perceptual, fractal features, wavelet 

features, higher-order statistics and other time-varying and time-frequency domain 

discriminative features are recommended to distinguish pathological sounds. These features 
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take into account the dynamics of heart sounds under pathological conditions. Most of the 

features yielded promising results for classification between normal and abnormal heart sounds. 

Only a few reviewed articles reported features to identify particular cardiac pathologies which 

are discussed in the following paragraphs.  

Reported characterization measurements are extracted using various heart sounds signal 

transformations and decompositions suggested. Among them, wavelet-based decomposition 

and reconstruction methods to obtain signal characteristics in both, time and frequency 

domains, for feature extraction were suggested in most of the recent articles [56], [130], [131]. 

The coefficients of mother wavelet transform are also evaluated as promising features. Some 

articles presented a comparative study of mother wavelets and suggested continuous wavelet 

transform using a Morlet wavelet as a potential transformation to extract features for detection 

of cardiac abnormalities - such as S3, S4, aortic stenosis, mitral regurgitation, midsystolic click, 

ventricular septal defect, atrial septal defect, mitral stenosis and aortic regurgitation [69], [114]. 

While others suggested the Daubechies wavelet for heart sounds analysis [45], [74], [149], 

[209].  

Mel-Frequency Cepstral Coefficients (MFCCs) and Mel-Frequency Spectral Coefficients 

(MFSCs) have yielded promising results, compared to time-domain and short-time Fourier 

transform based features [116], [117], [129], in classification of fundamental heart sounds, S3, 

S4, ejection click, opening snap and diastolic and systolic murmurs [117]. However, MFCCs 

are not efficient in murmur classification with large energy lobes [101]. Hence, in addition to 

time-frequency domain features (such as STFT, wavelet transform, etc.), perceptual features 

(such as MFCCs), non-linear and chaos based features (such as recurrence quantification 

analysis and higher order statistics) and fractal features (such as correlation dimension, Largest 

Lyapunov Exponent and Hurst exponent) are recommended for the identification of valve 

disorders [58], [67].  

Other features included multi-fractal spectrum [210], that achieved 96.91% accuracy in 

identifying prolapsed mitral valve; and multi-level basis selection [143] which yielded 97.56% 

accuracy in identification of aortic stenosis, mitral insufficiency, and atrial insufficiency. 

Similarly, along with time-domain based features, the center of gravity and the width of the 

frequency distribution extracted using a moving windowed Hilbert transform, reported up to 

98.40% accuracy for identification of ventricular septal defects. Identification of systolic 

ejection click using spectral analysis with a time growing window also reported promising 

results (97.00% accuracy). Other than this, instantaneous frequency and amplitude of 

decomposed signal were found to be useful for the identification of splitting of fundamental 

heart sounds [16].  
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Reviewed articles also suggested other features extraction methods - partial least squares 

regression method [45], matching pursuit based methods [61], sparse coefficient matrix [127] 

and multivariate matching pursuit [57] - for which extracted features achieved promising results 

in classifying normal and abnormal heart sounds. In general, temporal, statistical, wavelet 

coefficients, spectral and instantaneous amplitude, and frequency-based features were extracted 

for abnormality detection.  

Most of the recent studies classified pathological heart sounds using learning-based 

approaches (Artificial Neural Network (ANN) or Support Vector Machine (SVM) or ensemble 

learning). Articles also suggested modified support vector machines (such as Genetic SVM (G-

SVM) [145], Least-Square Support Vector Machine (LS-SVM) [108], [211], Growing Time 

Windows based Support Vector Machine (GTSVM) [139], Support Vector Machine and 

Modified Cuckoo search (SVM-MCS) [85]), and validated the classification performance of 

SVM using different kernel functions for the identification of normal and pathological sounds. 

It was found that the Gaussian Radial Basis Kernel Function (GRKF) produced the best results 

in classifying normal, aortic stenosis, pulmonary stenosis tricuspid insufficiency and mitral 

insufficiency heart sounds compared to Linear Kernel Function (LKF), Polynomial Kernel 

Function (PKF) and Sigmoid Kernel Function (SKF)) [77]. Also, the least-square support 

vector machine (LS-SVM) classifiers were found promising in identifying normal, valvular 

defects, septal defects and other defects [132], with Morlet wavelet kernel function. Least 

square SVM was also suggested for identifying cases of chronic heart failure [135]. This 

achieved similar results to the back-propagation artificial neural network (BP-ANN) and hidden 

Markov models (HMM) and required less training time compared to its counterpart [147]. Other 

classification approaches such as decision trees [171], were also reported for the classification 

of fundamental heart sounds, aortic stenosis and mitral regurgitation. However, these methods 

are not suitable for complex feature classification [102].  

Most of the studies reported methods to identify murmurs as systolic or diastolic murmurs. 

However, the classification of these murmurs into various sub-classes was not found in general. 

In a recent study, it was found that wavelet-based features and coefficients such as entropy, 

achieved promising results using a decision-based classification algorithm in classifying 

murmurs into systolic murmurs (early, mid, late, pan) and diastolic murmurs (early, mid, late, 

pan) and continuous murmurs [95]. Murmurs of valvular defects, mainly because of the 

stenosis, regurgitation, and insufficiency, were mostly investigated. Wavelet transformation 

and wavelet coefficients such as entropy, were found useful to classify normal, aortic stenosis, 

aortic regurgitation, mitral stenosis and mitral regurgitation [95], [134], [143]. Another method 

based on murmur likelihood computation and SVM classifier was found useful in classifying 

normal, aortic stenosis, mitral regurgitation, ventricular septal defect, aortic regurgitation, 
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mitral stenosis, and mitral valve prolapse [73]. SVM classifier based approaches were also 

extended to diagnose ventricular septal defects and atrial fibrillation and achieved satisfactory 

results in abnormalities classification [47], [125]. Other diagnostic heart sounds such as gallop 

rhythm were also classified using an SVM based classifier after pre-processing signals using 

the optimum multi-scale wavelet packet decomposition [100].  

Other than these sounds, splitting of fundamental heart sounds has also been identified as a 

pathological event. While a limited number of articles investigated the splitting of second heart 

sounds (S2) at the event level, no quantitative measurement of splitting of the first heart sounds 

(S1) was found. The split identification was found to be obscured mainly because of the overlap 

of the components (M1 and T1 of S1 and A2-P2 of S2). In the articles reviewed in this work, it 

was not possible to ascertain the accuracy level in detecting the splitting of fundamental heart 

sounds due to the lack of articles available and the lack of quantitative analysis. Apart from 

these diagnostic sounds, a large amplitude of S3 or S4 and the presence of extra peaks in the 

cardiac cycle may reflect valvular malfunctioning or abnormalities, but these have not been 

investigated.  

Although existing approaches reported promising results, algorithms were specifically 

developed for identification and classification of certain types of pathological sounds. In some 

cases, the accuracy of the algorithm was greatly dependent on the disease being investigated. 

Thus, these results cannot be interpolated to analyze other heart sounds that may be present in 

a cardiac cycle. Other than this, in some of the studies, the class of murmurs was not specified. 

Data acquisition systems and databases used by the reviewed studies were also examined, 

coming to the conclusion that databases available for the validation of the algorithms are 

limited. In addition, demographics of the subjects and protocols followed when performing 

signal acquisition were not always fully specified. Sensors locations were also generally 

missing. Only a few studies validated the proposed algorithm with a database containing normal 

and abnormal heart sounds [85]. As most of the algorithms for the heart sounds analysis were 

validated with limited duration of recordings, the performance of these algorithms is not 

statistically significant. Thus, the robustness of algorithms still needs to be validated using large 

databases and with signals obtained from different subjects populations, including wider age 

ranges, and in real use scenarios. This is even more important considering that heart sounds are 

very sensitive to noise and interference, and different databases show different levels of data 

corruption. Furthermore, libraries of auscultatory recordings containing sounds signals from all 

possible auscultation sites from different subjects have not been reported. The analysis should 

be extended to test the robustness of the algorithms against the placement of the sensor 

(auscultation positions) while performing the signal acquisition. In relation to this, acquisition 

systems and noise reduction techniques should be developed in parallel, since different 
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acquisition systems respond differently to artifacts, which consequently might affect the 

performance of specific noise reduction algorithms.  

Overall, existing algorithms show satisfactory results in classifying heart sounds in 

controlled conditions. However, it is not possible to extrapolate from this how they would 

operate in long term continuous monitoring of signals in real-life environments, mostly when 

subject-specific training is not an option. 
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2 Materials and Methods  

The following chapter provides a detailed description of the datasets and methods used to 

facilitate and evaluate the performance of the approaches presented in Chapters 3, 4, 5 and 6. 

The four different studies present machine-learning based approaches to try to address the 

challenges in the automatic classification of cardiac recordings from different conditions. 

2.1 Heart Sounds Datasets   

As part of this work, signals acquired during a clinical study, from subjects with and without 

cardiac disease, in real-world, non-controlled environments were used. The study was 

originally approved by the Ethics Committee of All India Institute of Medical Sciences 

(AIIMS), Patna, India (approval number: AIIMS/Pat/IEC/2019/375). Written consent was 

obtained from all the subjects before physiological signals were recorded by trained medical 

personnel in the hospital. A total of 11 healthy subjects and 10 cardiac patients (14 males and 

7 females), with average age of 38 ± 19 years old and weight of 54 ± 9.84 kg, participated in 

the experiments. Among the 10 cardiac patients, two patients were suffering from atrial 

fibrillation (AF), one from coronary artery disease (CAD), one from rheumatic heart disease 

(RHD), two from mitral regurgitation, one from bicuspid valve murmur, one from aortic 

stenosis, one form heart palpitations, and one from valvular heart disease. The protocols used 

for data acquisition were designed to address two major issues in the development of the 

algorithm. Firstly, for each auscultation experiment cardiac signals were recorded for a 

continuous duration of 5-minutes. This is in line with the Task Force of the European Society 

of Cardiology and the North American Society of Pacing and Electrophysiology 

recommendation [212] for evaluating clinical parameters such as heart rate and heart rate 

variability (HRV). Thus, the validation results obtained with this database could be extrapolated 

to evaluate the performance of algorithms developed for long term continuous monitoring of 

cardiac conditions. Secondly, to account for the variations in the signal characteristics, 

recordings were obtained using an electronic stethoscope [213] from each of the four possible 

auscultation sites. These included the aortic valve (between the 2nd and 3rd intercostal space 

(ICS) at the right upper sternal border), the mitral valve (between the 5th and 6th ICS near the 

apex of the heart), the pulmonary valve (between the 2nd and 3rd ICS at the left upper sternal 
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border) and the tricuspid valve (between 4th and 5th ICS at the left sternal border)). These 

auscultation sites are also shown in Figure 2.1.  

All the recordings were carried out in uncontrolled environments, in consecutive patients 

that were being monitored with ECG as part of the conventional diagnostic pathway in the 

hospital. Patients were not asked to follow any instruction whilst being monitored. The 

recordings were carried out using an electronic stethoscope from ThinkLabs (shown in Figure 

2.2) [213]. As part of the normal patient pathway, they were also being monitored with a 12-

lead ECG system from Contec Medical Systems Co. Ltd. (shown in Figure 2.3) [214]. The 

locations of R-peaks and T-end peaks in the simultaneously recorded ECG signals were used 

as a reference to label S1 and S2 sounds, respectively. Overall, a 20-minute recording (5-minute 

from each of the 4 sites) was obtained from each subject. In this work, this database is referred 

as RHSS database. The study designed to record acoustic signals is described in Appendix G. 

In the study presented in Chapter 3, heart sound signals recorded (RHSS database) from 21 

subjects with and without cardiac disease, were used to form a database of 16825 S1 and 16808 

S2 signals. The locations of R-peaks and T-end peaks in the simultaneously recorded ECG 

signals were used as a reference to label S1 and S2 sounds, respectively. As the signals were 

acquired from four different auscultation sites, the created database takes into account the 

characteristic variations in S1 and S2 with respect to the auscultation sites. In addition to the 

created database of S1 and S2 sounds, the datasets A and B of the PASCAL database available 

from the Classifying Heart Sounds Challenge (CHSC) [23] was also used in this study. This 

 

Figure 2.1. Location of heart valves and sites of auscultation [285]. 
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contains 21 and 90 recordings, respectively, from healthy subjects, with marked locations of S1 

and S2, which were used to extract 753 S1 and 736 S2 segments. Overall, the combined database 

used to validate algorithm presented in Chapter 3 contained 17578 S1 and 17544 S2 sounds.  

In the study presented in Chapter 4, the results obtained were evaluated using recordings 

obtained from the PASCAL database available from the Classifying Heart Sound Challenge 

(CHSC) database [23]. 231 recordings (31 from the Dataset A and 200 from Dataset B, of the 

PASCAL database) with normal fundamental heart sounds - S1 and S2; and 19 recordings 

labelled as “extra heart sounds” in the Dataset A, with additional sounds (i.e. a “lub-lub dub” 

or a “lub dub-dub”), either in the systolic or diastolic interval in the cardiac cycle, at regular 

intervals, were used. Additionally, 40 recordings contained artifacts, that were used to validate 

the performance of the developed algorithm in closer to real life applications. Information 

related to the category of recordings available from the database was used to create labels. 

Recordings in the Dataset-A had been originally collected using the iStethoscope Pro iPhone 

app, while recordings in the Dataset-B were collected using a digital stethoscope DigiScope 

 

Figure 2.2. An electronic stethoscope from the ThinkLabs used in this study to record cardiac 

acoustic signals. 

 

Figure 2.3. A 12-lead ECG system from Contec Medical Systems Co. Ltd., used in this study 

to record ECG signals. 
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[23]. It was noted that the recordings in the Dataset B were superimposed with substantial 

amount of background noise or distortion as they were collected from a clinical trial in hospitals 

[23]. Among the 231 recordings with normal fundamental heart sounds, 111 recordings marked 

with the exact locations of S1 and S2 sounds were used to study the characteristics of 

fundamental heart sounds. This helped in identifying potential features to assist the 

classification of normal and abnormal recordings.    

Recorded Heart sounds signals (RHSS database) from 21 subjects, labelled as normal and 

abnormal, were used in the study presented in Chapter 5. Due to the limitation of recording 

devices, there was a variation of ±30 seconds in the lengths of the recordings. Also, in some 

instances, no signal was captured during the recordings, resulting on these being removed from 

the analysis. Overall, 684 segments created from the RHSS database, each of 30 seconds 

window, were used to validate the algorithm. It is to be noted that the electrocardiogram (ECG) 

signals recorded in parallel to cardiac sounds using a 12-lead ECG system from Contec Medical 

Systems Co. Ltd. [214] were used as a reference to label S1 and S2 sounds using locations of R-

peaks and T-waves, respectively, as reported in [215]. Additionally, recordings from three well-

known public databases were also obtained to evaluate the performance of the presented 

approach by comparing results achieved in previous works using them. These included the 

PhysioNet Computing in Cardiology (CinC) Challenge 2016 database [22] (referred as 

Database1 in this study), the PASCAL database available from the Classifying Heart Sound 

Challenge 2011 (CHSC) [23] (referred as Database2 in this study), and a public database with 

recordings collected from different sources available from [216] (referred as Database3 in this 

study).  

The PhysioNet database (Database1) contains recordings, labelled as normal and abnormal, 

from subjects with both normal and pathological conditions (such as murmurs related to mitral 

valve prolapse (MVP), aortic diseases, miscellaneous pathological conditions (MPC), coronary 

artery disease (CAD), mitral regurgitation (MR), and aortic stenosis (AS)). In case of the 

PASCAL database (Database2) and Database3, recordings with different pathological 

conditions were grouped together and labelled as the abnormal class. For instance, recordings 

categorized as murmur, extra heart sounds, and extrasystole in the PASCAL database were 

labelled as abnormal class. Similarly, mitral stenosis (MS), mitral regurgitation (MR), mitral 

valve prolapse (MVP), and aortic stenosis (AS) recordings from the Database3 [216] were 

labelled as abnormal class. Overall, 3153 recordings from the PhysioNet database (Database1), 

585 (391 normal and 194 abnormal) from the PASCAL database (Database2), and 1000 (200 

normal and 800 abnormal) from the Database3, were used in the study presented in Chapter 5. 

The length of recordings from the PhysioNet CinC database varied from 5 seconds to 122 
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seconds [8], whereas the recordings from the PASCAL database varied from 1 to 30 seconds. 

The length of recordings from the Database3 was limited to 3 cardiac cycles [216].  

For the work presented in Chapter 6, heart sounds recordings were obtained from two public 

databases: 

1) A public database reported in [216]. This database contains 1000 recordings from normal 

(200) and abnormal (800) subjects. The abnormal recordings include subjects suffering 

from aortic stenosis (AS), mitral stenosis (MS), mitral regurgitation (MR) and mitral valve 

prolapse (MVP). 200 recordings were collected for each class and stored in wav format. 

These recorded signals were sampled to 8000 Hz. Each recording contains three period 

heart sounds signals or three cardiac cycles [216]. In this study, this dataset has been 

represented as DB1. 

2) The PASCAL database available from the Classifying Heart Sound Challenge (CHSC) 

[23]. 65 recordings (31 normal and 34 murmurs) from the Dataset-A, and 415 recordings 

(320 normal and 95 murmurs) from the Dataset-B of the PASCAL database were used in 

this study. The recorded signals in the Dataset-B were superimposed with substantial 

amount of background noise or distortion as they had been collected from a clinical trial in 

a hospital [23]. Out of 415 recordings in Dataset-B, 149 recordings (120 normal and 29 

murmurs) are marked as noisy recordings in the PASCAL database. Because of this, for 

this study the original datasets were re-labelled, as two different datasets, DB2 and DB3. 

First, clean normal and abnormal recordings (represented as DB2); and second, clean and 

noisy, normal and abnormal recordings (represented as DB3). Overall, DB2 contained 331 

recordings (97 murmurs and 234 normal recordings without noisy signals), and DB3 

contained 480 recordings (129 murmurs and 351 normal recordings with noisy signals) 

from the PASCAL database (both Dataset-A and Dataset-B). Information related to the 

category of recordings was used to label recordings.  

It is worth nothing that these datasets are the ones that have been conventionally used in 

literature to test algorithms. However, most studies have used one or the other, not both [216] 

or [23]. The method presented in this work have been tested in both, since taking into account 

feature variations or changes in the characteristics of the recordings, especially under varying 

environmental conditions and recording devices used to collect data. This makes the results 

more generalizable when taking into account real life conditions. Thus, the validation results 

obtained were significant, addressing key issues in the development of algorithms for automatic 

detection and classification of recordings in real-world conditions.   
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2.2 Feature Extraction & Selection   

2.2.1 Statistical time and frequency domain features  

The characteristics of fundamental heart sounds in normal recordings were used to identify 

potential features for the classification. It was found that any physiological alteration in the 

cardiovascular events associated with the contraction and relaxation of the atria and ventricles 

influences the occurrence of S1 and S2 sounds, since these are produced due to the closure of 

atrioventricular and semilunar valves, respectively. Subsequently, the duration of the systolic 

interval (starting at the beginning of S1 and lasting until the beginning of S2), as well as the 

diastolic interval (starting at the beginning of S2 and lasting until the beginning of S1) may vary 

significantly as a function of different cardiovascular conditions and so will the sound generated 

in the process [217]. For instance, authors in [218] demonstrated the variation in the duration 

of S1 and S2 sounds for different pathological conditions. This is the reason why statistical time 

and frequency domain features were considered in this work. From now onwards P will refer 

to cardiac peaks in the sounds, the subscript 1 to characteristics associated to S1 and the 

subscript 2 to characteristics associated to S2. The features extracted were: the mean of the 

absolute value of P1 sound intervals (P1T), the mean of the absolute value of P2 sound intervals 

(P2T), the ratio of subsequent P1 and P2 intervals (P1T/P2T), the interval between the beginning 

of subsequent P1 and P2 sounds (TP1-P2), the interval between the beginning of P2 and the next 

P1 sounds (TP2-P1), the interval between the two adjacent P1 sounds (TP1-P1), the interval between 

the two adjacent P2 sounds (TP2-P2), the ratio of TP1-P2 to TP2-P1 intervals (TP1-P2/TP2-P1), the ratio 

of TP1-P2 interval to P1 interval (TP1-P2/P1T), the ratio of TP2-P1 interval to P2 interval (TP2-P1/P2T). 

These statistical features are also shown in Figure 2.4. Here, P1 and P2 represent the first and 

second sound peaks of interest localized in a recorded signal, occurring in an alternate manner, 

respectively. As the algorithm might have detected sound peaks that were neither S1 nor S2 

sounds, P1 and P2 were used to indicate the peaks so that the features extracted were 

independent of the accurate identification of S1 and S2 sounds. Thus, a total of 10 statistical 

features were extracted for each analysis window using the localization approach demonstrated 

in Chapter 3.  

As shown in Figure 2.4, the zero crossover points of sound peaks in the Shannon energy 

envelope were used to compute the start and end locations of sound peaks, P1 and P2. These 

locations were stored in two arrays (P12S and P12E) of length 2n (n is the number of all sound 

peaks localized). In array P12S, odd locations represented the start of P1 (denoted as P1S); 

whereas even represented the start of P2 (denoted as P2S). Similarly, in array P12E, odd locations 

represented the end of P1 (denoted as P1E); whereas even represented the end of P2 (denoted as 

P2E). Thus, the features were computed for the ith iteration as follows: 
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𝑃1𝑇(𝑖) = 𝑃1𝐸  (2𝑖 −  1)  − 𝑃1𝑆 (2𝑖 −  1) 2.1  

𝑃2𝑇(𝑖) = 𝑃2𝐸  (2𝑖) − 𝑃2𝑆 (2𝑖) 2.2  

𝑇𝑃1−𝑃2(𝑖) = 𝑃2𝑆 (2𝑖) − 𝑃1𝑆 (2𝑖 −  1) 2.3  

𝑇𝑃2−𝑃1(𝑖) = 𝑃1𝑆 (2𝑖 +  1) − 𝑃2𝑆 (2𝑖) 2.4  

Further, the midpoint of P1 (denoted as P1M) and P2 (denoted as P2M) were used to evaluate 

𝑇𝑃1−𝑃1 and 𝑇𝑃2−𝑃2 for the ith iteration as follows:  

𝑃1𝑀(𝑖) =  
𝑃1𝑆 (2𝑖 −  1) + 𝑃1𝐸  (2𝑖 −  1)

2
 2.5  

𝑃2𝑀(𝑖) =  
𝑃2𝑆 (2𝑖) + 𝑃2𝐸  (2𝑖)

2
 2.6  

𝑇𝑃1−𝑃1(𝑖) = 𝑃1𝑀 (𝑖 + 1) − 𝑃1𝑀 (𝑖) 2.7  

𝑇𝑃2−𝑃2(𝑖) = 𝑃2𝑀 (𝑖 + 1) − 𝑃2𝑀 (𝑖) 2.8  

The statistical time-domain features that can potentially capture the amplitude variations, 

outliers and timing information, were extracted by representing the signal as a series of 

coefficients. Thus, in addition to these features, other statistical time-domain features evaluated 

for each analysis window of heart sounds signal (ℎ[𝑛]) were the signal’s mean (ℎ[𝑛]) (F11), 

the median (F12), standard deviation (F13), mean absolute deviation (F14), quantile (F15 and F16), 

 

Figure 2.4. Various statistical features extracted from the localized sound peaks of interest in a recorded 

heart sounds signal from normal subject, from the PASCAL database. 

 



75 

 

interquartile range (F17), skewness (F18), kurtosis (F19), spectral entropy (SE) (F20) [219], 

dominant frequency (𝑓𝐷) (frequency corresponding to the maxima of power spectrum denoted 

as F21), maximum frequency for each sound lobes (𝑓𝑚𝑎𝑥) (F22), and the ratio of dominant 

frequencies (F23) and zero-crossings (F24). These statistical features are described in Appendix 

F, where ℎ[𝑛] and ℎ[𝑛] represent the signal and it’s mean. N is the length of the signal. 𝐻(𝑖) is 

the discrete Fourier transform of ℎ[𝑛]. These features have been used for detection of atrial 

fibrillation [220].  

2.2.2 Deterministic and non-deterministic energies  

A cardiac cycle consists of a series of deterministic and non-deterministic events. Among them, 

fundamental heart sounds (S1 and S2) are considered as deterministic (due to their cyclic nature 

[42]), while abnormal sounds, such as murmurs, that may be present due to the different cardiac 

abnormalities are considered as non-deterministic events (or stochastic events) [221]. For 

instance, abnormalities such as structural defects or malfunctioning of heart valves result in 

non-deterministic events in a phonocardiogram of a recorded signal [221]. Depending on the 

pathological condition of a subject, non-deterministic (stochastic) events may be present in any 

segment of cardiac cycle (i.e. systole or diastole or both) and potentially correspond to the 

cavitation, valvular defects, regurgitation and stenosis [221]. This is because the energies of 

deterministic and non-deterministic events were estimated to distinguish normal and abnormal 

recordings. As shown in Johansen et al [221], [222], the difference between the total energy 

(Energytotal) and the energy of the deterministic events (Energydet) was used to compute the 

energy of non-deterministic events (Energynon-det) for each analysis window (as shown in Figure 

2.5).  

𝐸𝑛𝑒𝑟𝑔𝑦𝑛𝑜𝑛−𝑑𝑒𝑡 =  𝐸𝑛𝑒𝑟𝑔𝑦𝑡𝑜𝑡𝑎𝑙 −  𝐸𝑛𝑒𝑟𝑔𝑦𝑑𝑒𝑡    2.9 

Two features F25 and F26 were extracted, where F25 was the deterministic energy of the 

fundamental heart sounds, while F26 was the total energy of the systole and diastole intervals 

(i.e. non-deterministic energy or stochastic energy) in a recorded signal. The locations of peaks 

were used to determine the intervals between the peaks. For the systole interval, this was 

evaluated as the energy of segment between the end point of P1 and the start of P2, expressed 

as: 𝑃2𝑆 (2𝑖) − 𝑃1𝐸  (2𝑖 − 1)). Similarly, for the diastole interval, this was evaluated as the 

energy of the segment between the end of P2 and start of P1, expressed as: (𝑃1𝑆 (2𝑖 + 1) −

𝑃2𝐸  (2𝑖)). 

2.2.3 Multiresolution analysis using a non-decimated transform 

Although wavelet-based features have been extensively used in the past few years, there is 
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limited agreement on the potential wavelet features suitable for S1 and S2 identification and 

classification of cardiac acoustic signals. In this study, a variant of non-decimated transform 

i.e. Maximum Overlap Discrete Wavelet Transform (MODWT), was used for feature extraction 

as MODWT is well-defined for all sample sizes [223].  

For a normalized signal ℎ[𝑁] with N number of samples, MODWT gives 1 × 𝑁 scaling 

coefficients (CS) for the final decomposition level and 𝑛 × 𝑁 detail coefficients (CD), where n 

is the number of wavelet decomposition levels, given as 𝑛 = 𝑓𝑙𝑜𝑜𝑟(log2 𝑁). 11 features 

(denoted as F27, …, F37) were extracted, representing the energy across the scales and scaling 

coefficients. The energy of the signal can be computed for the signal ℎ[𝑁] as: 

   ‖ℎ[𝑁]‖2 =  ∑‖𝐶Dn‖
2

+  ‖𝐶Sn0
‖

2
 

𝑛0

𝑛=1

 2.10  

where, n0 = 9, is the final level of decomposition. F37 represents the total energy of all the scales. 

 Furthermore, multiresolution analysis (MRA) of the MODWT matrix was used to analyse 

heart sounds at different frequencies with a different resolution by projecting the signal onto 

 

Figure 2.5. Flowchart for the non-deterministic energy calculation. 
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various wavelet subspaces and a scaling subspace. The multiresolution analysis of the MODWT 

matrix at each level is time invariant. Thus, it facilitated the zero-phase filtering and time-

aligned feature extraction [224]. This can also be observed from Figure 2.6, which shows the 

multiresolution analysis of the MODWT matrix obtained for 10-levels of decomposition of a 

recording.  

Additionally, at a certain analysis level of multiresolution analysis, extracted coefficients 

can be used to distinguish S1 and S2. This can also be verified from the coefficients plotted in 

Figure 2.6(IV) and Figure 2.6(V), demonstrating the difference in coefficients of S1 and S2. 

Thus, 11 features (denoted as F38, …, F48) were extracted representing the energy across the 

scales for the multiresolution analysis of the MODWT matrix. F48 represents the total energy 

of all the levels. As per the knowledge gathered from the literature review, these features have 

not been explored before for fundamental heart sounds identification.  

2.2.4 Homomorphic envelogram 

The homomorphic envelogram, capturing various physiological attributes of acoustic signals, 

was extracted using a homomorphic filter as demonstrated in [34], [70]. Cardiac acoustic 

signals were expressed as a product of two components (the amplitude and oscillation). The 

log-transformed signal was passed through a low pass filter to separate the fast-varying 

components (or high-frequency components) representing the oscillations. In this work, a first- 

order Butterworth low-pass filter with cut off frequency 10 Hz was used to extract 3 features 

(F49, F50 and F51) representing peak amplitude, maximum frequency, and its corresponding 

index value, respectively, for each window. These features were extracted from the smooth 

homomorphic envelogram of recordings as shown in Figure 2.7.  

2.2.5 Hilbert-Huang transform-based features 

As heart sound signals are non-stationary and nonlinear with large variation in amplitude and 

frequency, Hilbert-Huang transform (HHT) is a powerful method for their analysis [72], [225] 

to capture their characteristics. The feature extraction using the HHT involves two steps: 

Empirical mode decomposition (EMD) and Hilbert transform. The EMD was used to 

decompose recordings into a finite number of intrinsic mode functions (IMFs) as shown in 

Figure 2.8(a). These extracted IMFs were used to compute the analytical signal using the 

Hilbert transform which provided the instantaneous frequency of the signal [51].  

To obtain the first IMF (ℎ1[𝑛]̃), the average of two envelopes, constructed using the local 

maxima and local minima of the signal, was subtracted from the original signal (ℎ[𝑛]) [72]. 

The first extracted IMF was then subtracted from the original signal to obtain a new residual 
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signal 𝑟𝑖[𝑛], which was used as the original signal to obtain the next IMF. This step was 

repeated for N iterations, so that the original signal (ℎ[𝑛]) can be expressed as:  

ℎ[𝑛] =  ∑ ℎ𝑖[𝑛]̃ + 𝑟𝑁[𝑛]
𝑁

𝑖=1
 2.11  

The stopping criteria (𝑆𝐼𝑀𝐹) used was: 

𝑆𝐼𝑀𝐹 = ∑
|ℎ𝑖−1[𝑛]̃ −  ℎ𝑖[𝑛]̃|

2

ℎ𝑖[𝑛]2̃

𝑁

𝑖=1
  2.12  

where, ℎ𝑖[𝑛]̃ represents one of the IMFs changing from ℎ1[𝑛]̃ to ℎ𝑁[𝑛]̃  [225]. In the next step, 

extracted IMFs (shown in Figure 2.8(a)) were used to compute the analytical signal (ℎ∗[𝑛]) 

 

Figure 2.6. Multiresolution analysis of a recorded acoustic signal using the maximum 

overlap discrete wavelet transform (MODWT). Only meaningful multiresolution analysis 

(level 5 to 11) of the MODWT matrix coefficients are shown in (I)-(VII) for a recorded 

signal shown in (VIII). 
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using the Hilbert transform, as follows [51]:  

ℎ∗[𝑛] = ℎ[𝑛] + 𝑗𝐻{ℎ[𝑛]} = ℎ[𝑛] + 𝑗 [
1

𝜋
∫

ℎ[𝜏]

𝜏 − 1
𝑑𝜏

∞

−∞

] 2.13  

ℎ∗[𝑛] = ℎ[𝑛] + 𝑗 [ℎ[𝑛] ×
1

𝜋𝑛
] = 𝐻𝐸[𝑛]𝑒𝑗𝜃[𝑛]  2.14  

where, 𝐻{ℎ[𝑛]} represents the Hilbert transform as:  

𝐻{ℎ[𝑛]} =
1

𝜋
∫

ℎ[𝜏]

𝜏 − 1
𝑑𝜏 = ℎ[𝑛] ×

1

𝜋𝑛

∞

−∞

 2.15  

and 𝐻𝐸[𝑛] =  √ℎ2[𝑛] + 𝐻2{ℎ[𝑛]} is the envelope of ℎ[𝑛] and the derivative of the 

instantaneous phase (𝜃[𝑛] =  tan−1 𝐻{ℎ[𝑛]}

ℎ[𝑛]
) gives the instantaneous frequency (𝑑𝜔[𝑛] =

𝑑𝜃[𝑛]

𝑑𝑛
) which represents the frequency at a particular time and is well suited for non-stationary 

signals analysis. 

3 features (F52, F53 and F54) representing the peak amplitude, maximum frequency, and its 

corresponding index value in the spectrum, from the constructed Hilbert envelope for each 

window were extracted. 6 features (F55-F60) were the energy computed for the first 5 IMFs and 

the residual part; and 8 features (F61-F68) (2 features from each of the 4 selected IMFs (IMF2, 

IMF3, IMF4, and IMF5)) represented the maximum frequency and its corresponding index 

value in the spectrum. Further, a k-means cluster algorithm was used to cluster the instantaneous 

frequency and the instantaneous energy of different modes obtained from the Hilbert-Huang 

transform. This produced 8 features (F69-F76) from 4 different modes (IMF2, IMF3, IMF4, and 

 

Figure 2.7. Different envelopes extracted for feature extraction of S1 and S2 sounds. 
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IMF5), by keeping the number of modes equal to the number of clusters in the algorithm. Here, 

IMF1 was eliminated as it corresponded to high-frequency components; and only IMF2, IMF3, 

IMF4, and IMF5, containing meaningful information, were selected for feature extraction. This 

is also because most of the physiological information corresponding to S1 and S2 was found 

concentrated in the frequency range of 20-300 Hz, present in these IMFs. This can be observed 

in Figure 2.8(b). Similarly, the instantaneous energy was computed for only 4 modes (IMF2, 

IMF3, IMF4, and IMF5) containing most of the energy that produced 8 features (F77-F84). 

Figure 2.8(c) and Figure 2.8(d) show the instantaneous energy content present in the different 

modes.  

2.2.6 Perceptual features  

Mel-frequency cepstral coefficients (MFCCs), that map the acoustic signal onto a mel-scale 

space, exhibiting logarithmic characteristics for high frequencies, were also extracted as 

 

Figure 2.8. (a) Extracted 4 out of 10 intrinsic mode functions (IMF) of a heart sounds signal 

using EMD. (b) Intrinsic frequencies of the different IMFs. (c) Instantaneous energy (IE) of the 

different IMFs. (d) IE of IMF 2 and 5 to demonstrate the variation of the energy content with 

respect to the IMFs. 
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potential features [216], [226]. Segments were represented in parametric form through MFCCs 

computed by applying a discrete cosine transform on the signal obtained from a log-spaced 

filter bank. To extract features, the acoustic signal was pre-emphasized using a pre-emphasis 

coefficient (ALPHA) of 0.97. An analysis window of 0.02s and an overlapping window of 

0.01s were used to extract 15 cepstral coefficients (represented as F85-F99) using 45 mel-scaled 

filters with a frequency passband of 5 Hz to 500 Hz. Each channel produced a set of MFCCs 

which were summed to extract one feature from each channel. The steps used to extract these 

features are shown in Figure 2.9.   

2.2.7 Feature selection and reduction  

Feature weights were computed using a diagonal adaptation of neighborhood component 

analysis (NCA), to derive a set of most significant features from all the features extracted, that 

could potentially best represent the signal. Neighborhood component analysis allocated weights 

to each feature by maximizing the expected leave-one-out classification accuracy [219]. NCA 

is a nearest neighbor-based feature selection method suitable for high-dimensional data 

analysis. Furthermore, authors in [227] demonstrated that NCA based feature extraction is 

almost insensitive to the increase in the number of non-essential features and results achieved 

were found promising compared to several nearest neighbor-based feature weighting 

approaches. For these reasons, in this work, NCA was used to select features from the set of 

features described in section 2.2. Features that corresponded to large feature weights (or above 

a specified threshold (δ)) were selected as optimum features.  

2.3 Classifier Training and Hyperparameter Optimization    

The approach is to develop a classifier using a training set that decodes the state of unseen test 

samples given their input features. The main problem with the supervised learning is that the 

 

Figure 2.9. MFCCs extraction from heart sounds signals using a mel-filter bank. 
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dataset may not contain physiological measurement from varied population. This is really 

important as the characteristics of the signals vary widely from subject to subject. To address 

this, different databases were used in the presented studies, which included signals recorded in 

this study as well as signals available from different open sources.  

2.3.1 Classifier training  

Training a classifier using the statistics obtained from the true known states of the dataset is 

one of the ways to extract global parameters of the classifier that are robust in nature. In this 

study, a feature vector from 𝑥(𝑖) ∈  𝑅𝑛 was used to train an ensemble classifier to interpret the 

class of 𝑦(𝑖) ∈  𝑅; enabling the trained classifier to potentially decode the state of unseen test 

samples given their input features. 

In this work, classifier mainly used for the heart sounds analysis, found during the literature 

review, were studied. It was found that the ensemble of classifiers are used to achieve improved 

classification accuracy by combining the prediction of several learners to derive a powerful 

model that performs better than any single classifier [68], [228], [229]. The ensemble learning 

approaches have been used in recent studies for successful classification of cardiac auscultatory 

recordings [68], [230], [231]. Furthermore, recent works on identification of S1 and S2 sounds 

using individual machine learning classifiers have demonstrated promising results [75], [232], 

[233]. This approach constructs a set of classifiers with different weights assigned to the weak 

learners using an adaptive ensemble algorithm and then classifies a new dataset by taking a 

weighted vote of their predictions. Thus, the weighted combination of multiple algorithms 

reduces the variance of predictions to achieve good performance and robustness. For these 

reasons, the ensemble machine learning approach was used to derive a powerful classifier 

model with the objective to achieve improved classification performance and robustness. 

2.3.2 Hyperparameter optimization  

To obtain optimized values of the key hyperparameters (learning rate, number of learning 

cycles, number of weak learners/trees and the maximum number of splits) considered for the 

learning algorithm, the misclassification rate (or loss function) was computed iteratively for 

different training sessions using 10-fold cross-validation, during the training stage. The cross-

validated misclassification rates with respect to the number of trees, learning rate, and for a 

different number of splits were obtained iteratively for different training sessions. The values 

obtained from different training sessions have been reported in the following chapters.
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3 Automatic Classification of S1 and S2 Sounds 

from Cardiac Auscultatory Recordings  

The research presented within this chapter is an edited version of research article:  

Amit Krishna Dwivedi, Syed Anas Imtiaz, Stuart Bowyer, and Esther Rodriguez-Villegas, 

“Automatic Classification of S1 and S2 Sounds from Cardiac Auscultatory 

Recordings”, IEEE Access (2020) (under review).  

3.1 Introduction   

Segmentation is an important initial step in automated analysis of heart sounds. Segmentation 

involves automatic localization and identification of the fundamental heart sounds (first heart 

sound (S1) and second heart sound (S2) produced due to the mechanical activity of heart valves 

as shown in Figure 3.1), leading to the subsequent classification of the recorded acoustic 

signals.  

A detailed discussion on recent works on segmentation, and subsequent identification and 

classification of S1 and S2 is presented in Chapter 1. Although some existing algorithms showed 

promising results in segmenting S1 and S2, these were validated using public databases as well 

as small datasets of recordings collected by researchers in a controlled environment. Hence, 

there are still important challenges when dealing with signals that are recorded in more 

representative, real conditions. One of these is how to separate the sounds of interest (S1 and 

S2) in raw cardiac auscultatory recordings that may also contain abnormal sounds- such as third 

heart sounds (S3), fourth heart sounds (S4) and murmurs associated with the malfunctioning of 

heart valves [50]. Another challenge is that they still need to target performance in real-world 

conditions, taking into account signals obtained in non-controlled environments, in which 

signals will also be more contaminated by artifacts. An additional issue in existing studies is 

the fact that in most cases the auscultation sites have not been reported [234]. This is important 

considering there can be significant variations in features extracted in signals recorded from 

different auscultation sites, that may lead to localization errors in learning-based approaches. 

For instance, S1 possesses higher energy than S2 in acoustic signals recorded from the apex or 
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left lateral sternal border, while this is reversed for the signals recorded from the aortic or 

pulmonary auscultation site [235]. 

There were two main objectives of the work described in this chapter. The first was to find 

potential features that can help in the identification of S1 and S2 sounds from both normal and 

abnormal signals acquired from different auscultation sites. The second objective was to use 

these heart sounds features to develop an intelligent algorithm for the classification of S1, S2 

and artifacts segments, in recorded signals. Both of these objectives ultimately aid the 

development of an algorithm that could be used as part of a wearable monitoring system. 

3.2 Methods   

This chapter presents a machine learning-based approach for automatic classification of 

fundamental heart sounds as shown in Figure 3.2. Recorded acoustic signals were pre-processed 

and sound peaks of interest were localized using the Shannon energy envelope. Later, segments 

of S1 and S2 were extracted among all the localized sounds and labelled using reference ECG 

signals. Overall, the database used in this study contained 17578 S1 and 17544 S2 sounds. The 

details of the individual databases, and corresponding number of S1 and S2 sounds extracted, are 

given in Table 3.1. An informative feature set was extracted from both labelled S1 and S2 

sounds. Finally, selected features were used to train a classifier to establish a classification 

boundary. All the steps involved are discussed in detail in the sections below.  

3.2.1 Pre-processing of recorded signals  

Phonocardiograms of heart sounds signals recorded in real-world conditions are often 

 

Figure 3.1. Fundamental heart sounds (S1 and S2) in a recording from healthy subject. 
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contaminated with noise and artifacts, hence, it is challenging to interpret recordings. Low-

frequency noise signals in the spectra overlap with the fundamental heart sounds make the 

analysis complex. The presence of these noise components in the acquired signals are usually 

high, hence, a reliable method needs to be investigated to eliminate the internal and external 

noise content and artifacts.  

A recorded heart sounds signal (HSS(n)) can be expressed as [217]:  

𝐻𝑆𝑆[𝑛] = 𝐹𝐻𝑆[𝑛] + 𝐸𝐻𝑆[𝑛] + 𝑁[𝑛] 3.1  

where, 𝐹𝐻𝑆[𝑛] represents fundamental heart sounds (S1 and S2), 𝐸𝐻𝑆[𝑛] the extra heart sounds 

(i.e. pathological sounds such as murmurs, S3 and S4), and 𝑁[𝑛], the noise/interference present 

in the recording. As most of the pathological and physiological information related to S1 and S2 

is present in the frequency band below 500 Hz [99], a low pass 4th order Butterworth filter was 

used to eliminate high-frequency components in recorded signals. Recordings were then 

normalized to a fixed scale of [-1, 1] as follows: 

ℎ[𝑛] =  
ℎ′[𝑛]

𝑚𝑎𝑥
𝑛

(|ℎ′[𝑛]|)
  3.2  

where, h[n] is the normalized signal and max
𝑛

(|ℎ′[𝑛]|) represents the absolute maxima of the 

filtered heart sounds signal (ℎ′[𝑛]). The pre-processed and filtered recorded heart sounds signal 

is shown in Figure 3.3.  

Further, to isolate components of 𝐹𝐻𝑆[𝑛], a wavelet-based adaptive sub-level tracking 

approach was used [236]. This is because traditional filtering approaches mainly involve 

decomposition of signals into successive time series or at different frequency bands using the 

Fourier transform and, hence, lack the ability to localize events occurring over multiple time 

Table 3.1: Details of heart sounds signals used in this work. 

Source Subjects 
No. of 

Recordings 
S1 and S2 sounds extracted 

The 

PASCAL 

database [23] 

Dataset-A Normal  21 178 S1 and 176 S2 from Dataset A 

Dataset B Normal  90 575 S1 and 560 S2 from Dataset B 

Recorded heart sounds 

signals (RHSS database) 

11 normal and 

10 abnormal 

(14 M and 7 

F)  

21  

4217 S1 and 4209 S2 from AV 

4289 S1 and 4285 S2 from TV 

4171 S1 and 4163 S2 from MV 

4148 S1 and 4151 S2 from PV 

*AV, TV, MV, and PV represent auscultation sites for the aortic valve, tricuspid valve, mitral 

valve, and pulmonary valve, respectively. M: male and F: female. 
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scales. As the nonstationary part of an acoustic signal in the time domain produces large wavelet 

coefficients over many wavelet scales, it is possible to characterize the coefficients with respect 

to the amplitude [236], [237]. The scale (dilation) and shift (translation) parameters, a (𝑎 > 0) 

and b (𝑏 ∈ ℜ), respectively, are used to produce families of functions 𝜓𝑎,𝑏(𝑡) from the mother 

wavelet 𝜓(𝑡) as [236]:  

𝜓𝑎,𝑏(𝑡) =  
1

√𝑎
𝜓 (

𝑡 − 𝑏

𝑎
) 3.3  

The projection of the signal 𝑓(𝑡) ∈  𝐿2(ℜ), where 𝐿2(ℜ) is the vector space of 𝑓(𝑡), onto 

the 𝜓𝑎,𝑏(𝑡) is given as: 

𝑊(𝑎, 𝑏) =  
1

√𝑎
∫ 𝑓(𝑡)𝜓∗ (

𝑡 − 𝑏

𝑎
) 𝑑𝑡

+∞

−∞

 3.4  

 

Figure 3.2. Flow-chart of the overall system to classify S1 and S2 sounds using features extracted 

from labelled segments of S1 and S2. 
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where, ‘∗’ indicates the complex conjugate. Further, the inverse wavelet transform (IWT) is 

used to reconstruct 𝑓(𝑡) as:  

𝑓(𝑡) =  𝐶𝜓
−1 ∫

𝑑𝑎

𝑎2
∫ 𝑊(𝑎, 𝑏)𝜓𝑎,𝑏(𝑡)𝑑𝑏

+∞

−∞

+∞

0

 3.5  

where,  

𝐶𝜓 =  ∫
|𝜓̂(𝜔)|

2

|𝜔|
𝑑𝜔 <  +

+∞

−∞

∞ 3.6  

Here, 𝜓̂(𝜔) is the Fourier transform of 𝜓(𝑡). This basis of noise reduction using the 

decomposition and reconstruction of wavelet coefficients in combination with the selectively 

modifying these coefficients prior to reconstruction, has been used in the adaptive sub-level 

tracking approach shown in Figure 3.4. Recordings were decomposed using the db5 wavelet by 

iterating the decomposition process n times (or levels) to obtain approximation (CA
(n)) and detail 

coefficients (CD
(n)) (where n=1, …, 5). Further, to find the optimum level of decomposition 

among the various possible levels representing the informative set of coefficients using the 

classical entropy-based criteria, Shannon entropy, norm entropy (p=1.5) and log energy were 

 

Figure 3.3. (I) Frequency response of a pre-processed recorded acoustic signal. (II) Time-

frequency analysis of a recorded acoustic signal obtained using STFT. (III) Pre-processed and 

filtered recorded heart sounds. 
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estimated as shown in Table 3.2, and 5th-level with minimum entropy was selected for the 

analysis [238]. This was also verified using the subjective approach suggested in [239] to 

extract the optimum level for the analysis.  

For each decomposition level, the most significant large coefficients (𝐶𝐷
(𝑛,𝑖)

 ≥  𝐴𝑇𝐻(𝑛,𝑖)) at 

each scale were extracted as coefficients of sounds of interests (𝐶𝑆𝑂𝐼
(𝑛)

). And lower coefficients 

 

Figure 3.4. The different steps used in the adaptive wavelet-based filtering and the 

localization of sound peaks of interest in recordings. (In this work n=5). 

Table 3.2: Various entropy estimation for the signal shown in Figure 3.5. 

Decomposition 

level  
Shannon entropy (×10-3) Norm (p=1.5) (×10-3) Log energy (×10-7) 

Signal 5.0290 3.8715 -3.4642 

Level 5 2.1076 1.5797 -1.4132 

Level 6 2.2507 1.7366 -1.3668 

Level 7 2.2881 1.7858 -1.4142 
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(𝐴𝑇𝐻(𝑛,𝑖) ≥  𝐶𝐷
(𝑛,𝑖)

) were used as input for the next iteration (represented as (𝐶𝐸𝐻𝑆
(𝑛)

)). 𝐶𝐷
(𝑛,𝑖)

 

and 𝐴𝑇𝐻(𝑛,𝑖) represent the decomposition coefficients and adaptive threshold (ATH), 

respectively, for the nth-level decomposition and ith-iteration. These can be expressed as [235], 

[240]:  

𝐴𝑇𝐻(𝑛,𝑖) = |𝑚𝑒𝑎𝑛(𝐶𝐷
(𝑛,𝑖)

)| + 𝐴𝐹(𝑛,𝑖) × |𝑆𝑡𝑑(𝐶𝐷
(𝑛,𝑖)

)| 3.7  

where, 𝑚𝑒𝑎𝑛(𝐶𝐷
(𝑛,𝑖)

) and 𝑆𝑡𝑑(𝐶𝐷
(𝑛,𝑖)

) represent the mean and standard deviation of coefficients, 

respectively. 𝐴𝐹(𝑛,𝑖) is an adjustment factor ranging between 2 and 3 [240]. This step was 

repeated for each decomposition level until the residual part became comparable to the stopping 

criterion (𝑆𝐶), determined using the maximum likelihood method:  

𝑆𝐶 =  |
𝐸 (𝐶𝐸𝐻𝑆

(𝑛,𝑖)2

) −  𝐸 (𝐶𝐸𝐻𝑆
(𝑛,𝑖−1)2

)

𝐸 (𝐶𝐸𝐻𝑆
(𝑛,𝑖)2

)
|  3.8  

where, 𝐸 (𝐶𝐸𝐻𝑆
(𝑛,𝑖)2

) and 𝐸 (𝐶𝐸𝐻𝑆
(𝑛,𝑖−1)2

) are the expected value after squaring lower coefficients 

(𝐶𝐸𝐻𝑆
(𝑛)

) during the ith and (i-1)th iteration, respectively. Finally, sounds of interest (SOI) were 

reconstructed using 𝐶𝑆𝑂𝐼
(𝑛)

 coefficients (where n=1, …, 5) at every level (using both 

approximation and detail coefficients) as [235]:  

𝑆𝑂𝐼 = 𝐼𝑊𝑇 (∑ 𝐶𝑆𝑂𝐼
(𝑛)

5

𝑛=1

) 3.9  

where, IWT represents the inverse wavelet transform. A reconstructed signal obtained in this 

step, as illustrated in Figure 3.5, demonstrated that most of the unwanted components are 

eliminated from 𝐻𝑆𝑆[𝑛] and coefficients of sound peaks of interest were used to localize sounds 

in recorded signals.  

3.2.2 Localization of sound peaks of interest  

A Shannon energy envelope retaining the physiological characteristics of signals and 

attenuating samples of low amplitude, much more than samples of high amplitude, was 

extracted using a 10ms window throughout the signal with 5ms of overlap window, as follows:  

𝐸S =  
−1

𝑁
∑ ℎ2[𝑛](i). logℎ2[𝑛](𝑖)

𝑁

𝑖=1

 3.10  

where, N is the number of samples in the normalized signal (ℎ[𝑛]). The zero-crossing points 

and subsequent start and end-points of all peaks were extracted using the normalized Shannon 
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energy 𝐸𝑆𝑛𝑜𝑟𝑚[𝑛] that places the signal below the baseline, expressed as:  

𝐸Snorm[𝑛] =  
𝐸s[𝑛] − 𝐸s[𝑛]̅̅ ̅̅ ̅̅ ̅

σ(𝐸s[𝑛])
 3.11  

where, Es[𝑛] is the average Shannon energy, and 𝐸𝑠[𝑛]̅̅ ̅̅ ̅̅ ̅ and 𝜎(𝐸𝑠[𝑛]) represent the mean and 

standard deviation of Es[𝑛], respectively. Start and end-points of peaks in combination with 

prior information of fundamental heart sounds from [208], [217], were used to localize sound 

peaks of interest as shown in Figure 3.6. The next step was to identify S1 and S2 among all the 

localized peaks using reference ECG signals from the RHSS database or using the reference 

locations of S1 and S2 available from [23].  

3.2.3 Annotation of S1 and S2  

This section discusses the approach used to create S1 and S2 labels for training and testing, using 

the gold-standard reference ECG signals, recorded simultaneously with heart sounds. For this 

purpose, separate algorithms were used to identify R-peaks and end-points of T-waves in ECG 

signals using the following steps: 

1) High-frequency components were removed from recorded ECG signals (shown in 

 

Figure 3.5. (I), (II) and (III) are the reconstructed recorded signals using adaptive sublevel 

filtering for different decomposition levels (DL) 5, 6 and 7, respectively. (IV) is the original 

recorded acoustic signal. 
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Figure 3.7(II)), using a zero-phase bandpass filtering, followed by a derivate filtering 

and the moving-window integration [241].  

2) The Pan-Tompkins algorithm [242] was used to detect R-peaks. The performance of 

this method had been already tested with various databases, including the MIT-BIH 

Arrhythmia Database [243], [244]. 

3) T-waves in ECG signals were identified using the approach described in [245], as 

shown in Figure 3.7(V).  

S1 occurs just after the R-peaks and S2 towards the end of T-waves [70]. Therefore, R-peaks 

and end-T-waves identified in an ECG recording (as shown in Figure 3.7) were used to mark 

S1 and S2 present among the sound peaks localized (as shown in Figure 3.6(b)) in a 

simultaneously recorded cardiac acoustic signal. Examples of ECG and PCG signals with 

different peaks marked are shown in Figure 3.8. Further, to estimate the positions of start and 

endpoints of each localized sound of interest (SOI), zero cross-over points were used. These 

start and endpoints were used to extract the segments of S1 and S2 which were identified using 

R-peaks and end-T-waves. This also provided enough tolerance to accurately locate the 

corresponding points in the time scale, and to estimate the duration of peaks precisely. The 

locations of S1 and S2 were subsequently used to mark the systole and diastole intervals, 

assisting the estimation of cardiac cycles as shown in Figure 3.8. Thus, a total of 16825 S1 and 

16808 S2 labelled segments were extracted from the RHSS database. Note that ECG signals 

were only used as a reference to label S1 and S2 for creating dataset for training and testing, but 

they played no role in the evaluated performance of the approach discussed.   

Additionally, 753 S1 and 736 S2 segments were extracted from the PASCAL database [23]. 

Sound peaks were identified using the steps discussed in sections 3.2.1 and 3.2.2, and S1 and S2 

 

Figure 3.6. Localization of sound peaks of interest. (a) recorded heart sounds signal. (b) S1 and 

S2 sounds after discarding extra peaks based on priori information. 
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were labelled using the location of S1 and S2 provided in the database. As an illustration, labelled 

S1 and S2 sounds in a recorded signal from the PASCAL database is shown in  Figure 3.9; and 

the extracted S1 and S2 segments (8 segments of each sound) are shown in Figure 3.10 and 

Figure 3.11, respectively.  

Overall, 17578 S1 and 17544 S2 were used to evaluate features and subsequently for training 

and testing the classifier. In addition to S1 and S2 sounds, localized sound peaks of interest that 

were neither identified as S1 nor S2, using the reference locations, were labelled as artifacts. 

Thus, a total of 3707 artifacts (random sounds from different sources) segments from the RHSS 

database and 335 artifacts segments from the PASCAL database were used in the study.  

 

 

Figure 3.7. (I)-(IV) The various steps used in the identification of R-peaks in recorded ECG 

signal using the Pan-Tompkins algorithm, used as reference to mark S1. (V) Identified T-

waves in ECG signals used as reference to mark S2. 
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3.3 Feature Extraction & Selection   

Due to the non-stationary and non-linear characteristics of heart sounds, several features 

containing a quantitative description of S1 and S2 were extracted from the labelled dataset to 

assist with the identification of different states (S1 or S2). Overall, 87 features were used in this 

study and their details can be found in Table 3.3.  

Neighborhood component analysis (NCA), used to derive a set of most significant features 

from all the features extracted, allocated weights to each feature by maximizing the expected 

leave-one-out classification accuracy [219]. Features that corresponded to large feature weights 

(or above a specified threshold (δ)) were selected as optimum features. Out of the 87 features 

reported in Table 3.3, the normalized weights of only 14 selected features are shown in Figure 

3.12. The 14 most relevant features, having weights more than 0.1, were selected for the 

 

Figure 3.8. S1, systole, S2, and diastole intervals in a filtered cardiac acoustic signal labelled 

using R-peaks and end-T-waves locations identified in an ECG recording. 

 

 
Figure 3.9. Labelled S1 and S2 sounds in a recorded signal from the PASCAL database. 
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optimized classifier model. These feature weights were evaluated from both the PASCAL 

database and RHSS database, and it was found that the highest-ranking features were almost 

the same for both the datasets. Of these, the most relevant feature was found to be F47.  

As shown in Figure 3.12, MFCCs features (F59 and F60) were also selected, showing the 

ability of perceptual features to significantly discriminate S1 and S2 sounds. Among all 

statistical features, only F82 and F84, representing the kurtosis and dominant frequency of each 

window were selected. The boxplot of the 14 selected features shown in Figure 3.13 reveals the 

intra-class variations for S1 and S2 sounds. MODWT and Hilbert-Huang transform-based 

 

Figure 3.10. S1 sound segments extracted from the signal shown in Figure 3.9. 

 

Figure 3.11. S2 sound segments extracted from the signal shown in Figure 3.9. 
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features are plotted in Figure 3.14, showed potential in differentiating S1 and S2 sounds, which 

Table 3.3: Various features extracted and their description (F1-F73). 

Feature# Type Feature Description 

F1 – F10 MODWT  
Energies at 

different scales  

9-levels of decomposition details and 

approximation coefficients produced 10 

features 

F11 MODWT Energy Total energy of all the scales 

F12 – F21 
MRA of 

MODWT matrix 

Energies at 

different scales   

10 features extracted from the MODWT 

matrix 

F22 MRA Energy  Total energy of all the levels 

F23 – F25 
Homomorphic 

envelope  

Frequency and 

amplitude  The dominant frequency of the envelope, 

spectral value, and peak of the envelope 
F26 – F28 Hilbert spectrum  

Frequency and 

amplitude  

F29 – F34 EMD Energy  Energy of first 5 IMFs and the residue 

F35 – F42 EMD 
Frequency and 

magnitude  

Maximum frequency in the spectrum and 

its corresponding value in the spectrum 

form 4 IMFs 

F43 – F50 
Hilbert-Huang 

transform 

Instantaneous 

frequency  

IF and cluster of IF for each mode for 4 

selected IMFs (8 features) 

F51 – F58 
Hilbert-Huang 

transform 

Instantaneous 

energy   

IE and cluster of IEs for each mode for 4 

selected IMFs (8 features) 

F59 – F73 
Perceptual 

features  
MFCCs 15 features from each segment 

F74 
Statistical 

features 
Mean  ℎ[𝑛] =  

1

𝑁
∑ ℎ[𝑖]

𝑁

𝑖=1
 

F76  
Standard 

deviation 𝑠𝑡𝑑 =  
√∑ (ℎ[𝑖] −  ℎ[𝑖])

2
 𝑁

𝑖=1

𝑁 − 1
 

F81  Skewness 𝑠𝑘𝑤 =  

1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
3

 𝑁
𝑖=1

(
1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
2

 𝑁
𝑖=1 )

3
2⁄
 

F82  Kurtosis 𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =  

1
𝑁

∑ (ℎ[𝑖] − ℎ[𝑖])
4

 𝑁
𝑖=1

(
1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
2

 𝑁
𝑖=1 )

2 

F87  Zero-crossing rate 
𝑍𝑅 =

1

2𝑁
∑ |𝑠𝑔𝑛[ℎ[𝑖]]

𝑁

𝑖=1

− 𝑠𝑔𝑛[ℎ[𝑖 − 1]]| 

F83 

Frequency 

domain-based 

features  

Spectral Entropy 𝑆𝐸 =
∑ 𝑃𝑖. log 𝑃𝑖

𝑁
𝑖=1

log2 𝑁
 

F84  
Dominant 

frequency 

Frequency corresponding to the maxima of 

power spectrum 

F85  
Maximum 

frequency 
𝑓𝑚𝑎𝑥 = max (𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) 
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made them suitable for training the classifier.  

Additionally, to compute feature weights using NCA, the optimum value of name-value pair 

argument ‘Lambda’ representing the regularization parameter was optimized against the 

minimum classification loss using cross-validation. In general, Lambda is equal to 1/N where, 

N is the size of the training data set. However, in this work, the optimized mean value of 

Lambda was found to be 0.005 corresponding to the minimum classification loss of 0.0268. 

These values were used in optimizing the classifier model using learning algorithms. The 

classifier’s performance using these features is discussed in section 3.5.   

3.4 Classifier Training and Testing   

The approach is to develop a classifier using a training set that decodes the state of unseen test 

samples given their input features. The main problem with the supervised learning is that the 

dataset may not contain physiological measurement from varied population. This is really 

important as the characteristics of the signals vary widely from subject to subject. To address 

this, two different databases were used in the study, which included signals recorded in this 

study as well as signals available from an open source.  

In this study, an 87-dimensional feature vector from 𝑥(𝑖) ∈  𝑅𝑛 was used to train an 

ensemble classifier to interpret the class of 𝑦(𝑖) ∈  𝑅; enabling the trained classifier to 

 

Figure 3.12. Normalized feature weights of the selected features obtained using the NCA 

based feature selection approach. Feature weights were evaluated for both the PASCAL 

database and the RHSS database. 
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potentially decode the state of unseen test samples given their input features.  

3.4.1 Training and test datasets 

In this study, the feature vector was evaluated from S1, S2 and artifacts segments, for each 

analysis window of 5 ms, producing the dimensions of feature matrix 𝑋 ∈  𝑅159762 ×14, from 

the RHSS database, where 159762 (52718 S1, 55068 S2, and 51976 artifacts) represents the total 

number of PCG instances. The hold-out approach and 10-fold cross-validation were used to 

split the data (feature matrix) into training and testing datasets. Thus, for hold-out, 80% of the 

data was used for the training feature matrix 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅127810 ×14 and the remaining 20% of 

the data was used for the testing feature matrix 𝑋𝑡𝑒𝑠𝑡𝑖𝑛𝑔 ∈  𝑅31952 ×14, where 127810 (42175 

S1, 44054 S2 and 41581 artifacts) and 31952 (10543 S1, 11014 S2 and 10395 artifacts) are the 

number of PCG instances or windows used for training and testing, respectively. Here, 107786 

FHS (86229 for training and 21557 for test set) represents the total number of S1 and S2 sounds 

(fundamental heart sounds) in the feature matrix. Similarly, the feature matrix 𝑋 ∈  𝑅4198 ×14, 

was evaluated from the PASCAL database, where 4198 (2039 S1, 1751 S2, and 408 artifacts) 

represents the total number of PCG. For hold-out, 80% of the data was used for the training 

feature matrix 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈ 𝑅3359 ×14 and the remaining 20% of the data produced a testing 

feature matrix 𝑋𝑡𝑒𝑠𝑡𝑖𝑛𝑔 ∈  𝑅839 ×14, where 3359 (1631 S1, 1401 S2 and 327 artifacts) and 839 

(408 S1, 350 S2 and 81 artifacts) are the number of PCG instances used for training and testing, 

respectively. Here, 3790 FHS (3032 for training and 758 for test set) represents the total number 

of S1 and S2 sounds in the feature matrix. These features were extracted from an unbalanced 

number of segments from each class of S1 and S2. Hence, the random undersampling boosting 

(RUSBoost) algorithm designed to address the problem of training classifier on skewed data 

was used [246]. This algorithm undersamples the classes with more observations by taking only 

N observations from each class, where N is the number of observations from the class having 

the fewest observations.  

 

Figure 3.13. Boxplot of the top 14 features selected to differentiate S1 and S2 sounds identified 

using NCA based feature selection approach. 
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3.4.2 Classifier training  

Recent works on identification of S1 and S2 sounds using individual machine learning classifiers 

have demonstrated promising results [75], [232], [233]. Hence, the ensemble machine learning 

algorithms were used with the objective of improving performance. The ensemble learning 

approach combines the prediction of several learners to derive a powerful model that performs 

better than any single classifier [68], [228]. This approach constructs a set of classifiers with 

different weights assigned using an adaptive ensemble algorithm and then classifies a new 

dataset by taking a weighted vote of their predictions. Thus, the weighted combination of 

multiple algorithms provides greater flexibility by reducing the variance of predictions to 

achieve good performance and robustness.  

The approach used to train the classifier and to extract optimum parameters of the classifier 

using the input feature matrix to predict the class (S1 or S2 or artifacts) of PCG instance in 

normal and abnormal recordings is demonstrated in Figure 3.15. The classification task was 

divided into two sub-classification tasks. First, PCG instances were classified as fundamental 

heart sounds (FHS i.e. S1 or S2) or artifacts, and second, fundamental heart sounds were 

classified as S1 or S2.    

Several algorithms were tested, and their performance evaluated using different metrics 

(sensitivity, precision, and F1-score) to find the most suitable classification algorithm [70], 

 

Figure 3.14. Key features of S1 and S2 sounds identified using NCA based feature selection 

approach. Plotted features are energy of different levels for MODWT (MODWTEnergy), 

energy computed using MRA (MRAEnergy), energy of IMFs using HHT (HHTenergy), 

instantaneous energy (InstEnergy) and IE using k-means clustering (IEcluster). 
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[233]. In this study, decision trees are used as weak learners due to their capacity to deal with 

high dimensional datasets. The boosting algorithm was used to optimize the weights and 

parameters of the weak learners at each iteration during the cross-validation [247]. Among 

several boosting algorithms (adaptive boosting (AdaBoost) [248], adaptive Logistic Regression 

(LogitBoost) [247], random undersampling (RUSBoost) [246], GentleBoost [247], 

BrownBoost [249] and XgBoost [231]), the RUSBoost algorithm was used to handle 

imbalanced data [246].  

3.4.3 Hyperparameter optimization  

The 10-fold cross-validated misclassification rates with respect to the number of trees, learning 

rate, and for a different number of splits are plotted in Figure 3.16. It can be observed from the 

figure that an optimum misclassification rate of 0.04348 is obtained for 71 number of trees, 9 

maximum number of splits for a learning rate of 0.25, while tuning the number of trees, the 

learning rate (0.1, 0.25, 0.5, 0.75 and 1) and a maximum number of splits (1, 3, 9, and 27). 

Here, a deep classification tree and a stump tree (1-level decision tree) were used as a standard 

reference to compare the misclassification rate of the classifier.  

3.5 Experimental Results    

The performance of the proposed classifier has been assessed using widely accepted evaluation 

metrics used in heart sounds analysis and classification [70], [75], [89], [233]. These evaluation 

metrics are: recall or sensitivity (𝑆𝐸 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
), classification accuracy (𝐶𝐴 =  

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
), 

precision (𝑃+ =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
), and F1 score (𝐹1 =  2

𝑃+ × 𝑆𝐸

𝑃++ 𝑆𝐸
). SE was computed to estimate the true 

 

Figure 3.15. (a) Feature extraction from raw signals and (b) steps used for training and cross-

validation of the classifier to extract hyperparameters. 
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positive rates. And F1 score was computed to represent a single harmonic mean of SE and P+ 

[70]. Here, true positive (TP) represents the correct result, false positive (FP) is false alarm, 

false negative (FN) is missed detection and true negative (TN) is the correct absence of result. 

PCG instances were labelled as TP, FP, FN, and TN as defined in previous studies [75], [89], 

[220], [234]. Thus, any instance where the predicted class (S1 or S2 or artifacts) matched the 

ground truth (or actual class) was labelled as a true detection.  

As the dataset contains recordings from three categories (S1, S2, and artifacts), the 

performance was evaluated using a 3 × 3 (three-class) confusion matrix, denoted as P [220]. 

Table 3.4 shows the interpretation of the confusion matrix P, where Pij represents the number 

of PCG instances where the predicted class was i and the ground truth (or actual class) was j. 

Thus, the number of TP, TN, FP, and FN, for each class k were computed as follows: 

𝑇𝑃 =  𝑃𝑘𝑘  3.12  

𝑇𝑁  =   ∑ 𝑃𝑖𝑗

𝑖,𝑗 ≠ 𝑘

 3.13  

𝐹𝑃  =   ∑ 𝑃𝑘𝑖

𝑖 ≠ 𝑘

 3.14  

𝐹𝑁  =   ∑ 𝑃𝑖𝑘

𝑖 ≠ 𝑘

 3.15  

 

Figure 3.16. Key hyperparameter optimization using misclassification rate (MCR). MNS 

represents the maximum number of splits in the tree. 
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 During segmentation, 37340 sound peaks of interest were localized in recordings from the 

RHSS database, out of which 16825 were identified as S1 and, 16808 as S2, using R-peaks and 

end-T-waves. Rest of the peaks (3707) were labelled as artifacts. Similarly, 1824 sound peaks 

of interest were localized in the recordings from the PASCAL database, out of which 753 were 

identified as S1 and 736 as S2, using the locations of S1 and S2 provided in the database. Rest 

335 sound lobes were labelled as artifacts. Thus, all labelled S1, S2 and artifacts, from both the 

databases were used to evaluated features for training and testing as described in section 3.4.1. 

The number of observations from the different classes in the training and test sets for both the 

RHSS and PASCAL databases are also reported in the previous section.  

The confusion matrices of the trained classifier for the different datasets are shown in Table 

3.5 (FHS = Fundamental Heart Sounds (S1 or S2) and A = artifacts).  For each dataset, two 

confusion matrices showing the classification of PCG instances as fundamental heart sounds 

(FHS i.e. S1 or S2) or artifacts, and subsequent classification of fundamental heart sounds as S1 

or S2, are reported. Finally, 3 × 3 confusion matrices for both the databases (training and test 

sets) are shown in Table 3.6. These values were used to evaluate the performance of the 

classifier on the training (using 10-fold cross-validation) and test sets for both the RHSS and 

PASCAL databases as shown in Table 3.7.  The scores illustrated in the table are the average 

values on all observations, counting each observation when it was in a held-out fold. In order 

to illustrate the robustness of the achieved results, the classifier’s performance was evaluated 

using the training and test datasets of both the databases. From results shown in Table 3.7, it 

can be observed that the ensemble classifier with optimized hyperparameters achieved an 

average F1 score of 90.65%, 89.43% and 92.08% using the PASCAL database and the RHSS 

database, in classifying S1, S2 and artifacts, respectively. The overall accuracy using both the 

databases was found to be 90.79%.   

The deviations in the performance parameters (F1 score, SE, and P+) reported for both the 

training and test datasets were found to be less than 5% from the mean values. Results achieved 

were also almost consistent for both the training and test datasets. For instance, achieved F1 

score of the classifier under the unseen data from the PASCAL database was found to be 

91.12% and 89.30% for S1 and S2 sounds. Similarly, F1 score of 89.00% and 88.50% were 

Table 3.4: Three-class confusion matrix. 

  Actual class 

Predicted 

class  

 Artifacts S1 S2 

Artifacts P11 P12 P13 

S1 P21 P22 P23 

S2 P31 P32 P33 
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achieved under the unseen data from the RHSS database for S1 and S2 sounds, respectively. 

Furthermore, the method achieved an average SE of 92.24% and 90.30% in classifying S1 and 

S2 sounds, respectively, using the training data. SE was found to be 90.94% for S1 and 89.25% 

for S2, under the test data. These values were computed as an average value achieved using all 

the training and test data separately as shown in Table 3.7.  

The classifier’s performance in classifying S1 and S2 sounds recorded from different 

auscultation sites using extracted features was also studied. An average SE of 90.82% and F1 

score of 89.43% was achieved, with very little deviation for S1 and S2 sounds, for the data 

recorded from four auscultation sites (aortic valve, tricuspid valve, mitral valve, and pulmonary 

valve). This leads to the conclusion that the extracted features are able to capture the 

characteristics helpful in the classification of S1 and S2 recorded from different auscultation 

sites. This also shows that the features selected to train the classifier are able to accurately 

identify S1 and S2 despite the differences due to physiological factors at varying locations.  

 Additionally, the performance of the algorithm was assessed in terms of confidence in 

classifying S1 and S2 sounds. The ensemble classifier scores were transformed into probabilities 

to find the likelihood of each observation, in both training and test datasets, being a member of 

Table 3.5: Confusion matrices of the trained classifier for different datasets. 

(RHSS Training Set (A = Classification I and, B = Classification II), RHSS Test Set (C = 

Classification I and, D = Classification II), PASCAL Training Set (E = Classification I and, F 

= Classification II) and PASCAL Test Set (G = Classification I and, H = Classification II))  

(A)   (B)    (C)   

P
re

d
ic

te
d
  Actual  

 FHS A 

FHS 85466 3538 

A 763 38043 
 

P
re

d
ic

te
d
  Actual  

 S1 S2 

S1 38504 3166 

S2 3345 40451 
 

P
re

d
ic

te
d
  Actual  

 FHS A 

FHS 21240 972 

A 317 9423 
 

 (D)    (E)    (F)   

P
re

d
ic

te
d
  Actual  

 S1 S2 

S1 9486 883 

S2 933 9938 
 

P
re

d
ic

te
d
  Actual  

 FHS A 

FHS 2996 34 

A 36 293 
 

P
re

d
ic

te
d
  Actual  

 S1 S2 

S1 1520 135 

S2 97 1244 
 

 
(G)    (H)   

    

P
re

d
ic

te
d
  Actual 

 FHS A 

FHS 750 7 

A 8 74 
 

P
re

d
ic

te
d
  Actual  

 S1 S2 

S1 375 37 

S2 29 309 
 

   

   

   

   

 

 

     

            

 



103 

 

a class S1 or S2 [250], [251]. In this work, P(S1) and P(S2) (or (1 – P(S1))) representing the 

probabilities of an observation X to belong to a class S1 and S2, respectively, were computed. 

These values were computed such that, if P(S1) < P(S2) then the classifier was confident that X 

belongs to S2 class, and vice versa. The ‘logit’ function was used to map the ensemble classifier 

output score (representing the confidence of the classification into a class) into probability 

estimates. Figure 3.17 shows the P(S1) and P(S2) for all the observations in the training and test 

datasets, where P(S1) = 1 represents the positive class (or S1) and P(S2) = 0 is the negative class 

(or S2). To estimate the number of observations that were not classified as S1 or S2 confidently, 

probability values (P(S1) and P(S2)) within the interval of ±5% and ±1%, from the mean 

decision boundary (P(S1) = P(S2) = 0.5) were considered (as shown in Figure 3.18). The value 

of ±5% was considered based on the confidence interval of 95% [252]. Thus, 773 and 3984 

observations in the RHSS training set were found within the interval of ±1% and ±5% of the 

probability distribution from the mean decision boundary (P(S1) = P(S2) = 0.5), respectively.  

Similarly, for the RHSS test set, 204 and 1112 observations were found within the 

determined interval of ±1% and ±5%, respectively, from the mean decision boundary. For the 

PASCAL database, 6 and 61 observations in the training set, and 2 and 17 observations in the 

test set, were found within the interval of ±1% and ±5% of the probability distribution from the 

mean probability, respectively. These numbers show the confidence of the algorithm in 

predicting the class of the observations.  For instance, out of total 86229 FHS (both S1 and S2) 

in the RHSS training set, 4.62% (3984 observations) of the observations were classified as 

Table 3.6: Confusion matrices of the trained classifier for three-classes from different datasets. 

RHSS Datasets (A = Training Set and B = Test Set) and the PASCAL Datasets (C = Training 

Set and D = Test Set) 

(A)  (B) 

  Actual class 

Predicted 

class 

 Artifacts S1 S2 

Artifacts 38043 326 437 

S1 1371 38504 3166 

S2 2167 3345 40451 
 

   Actual class 

Predicted 

class 

 Artifacts S1 S2 

Artifacts 9423 124 193 

S1 401 9486 883 

S2 571 933 9938 
 

 

(C)  (D) 

  Actual class 

Predicted 

class 

 Artifacts S1 S2 

Artifacts 293 14 22 

S1 13 1520 135 

S2 21 97 1244 
 

   Actual class 

Predicted 

class 

 Artifacts S1 S2 

Artifacts 74 4 4 

S1 3 375 37 

S2 4 29 309 
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either S1 or S2 with probabilities less than ±5%. Similarly, for the PASCAL training set, out of 

3032, 2.01% (61 observations) were classified as S1 or S2 with probabilities less than ±5%. 

Achieved results demonstrated that the trained classifier model was confident in predicting the 

class of observations based on the feature set used to train the classifier.     

Table 3.7: Performance of the trained classifier using 10-fold cross validation. 

  P+ (%) SE (%) F1 (%) CA (%) 

RHSS Dataset 

(training) 

Artifacts 98.03 91.49 94.64 
91.54 

(overall) 
S1 89.45 91.29 90.36 

S2 88.00 91.82 89.86 

Average 91.826 91.53 91.62  

RHSS Dataset 

(test) 

Artifacts 96.74 90.64 93.59 
90.28 

(overall) 
S1 88.07 89.97 89.00 

S2 86.85 90.23 88.50 

Average 90.55 90.28 90.36  

PASCAL Dataset 

(training) 

Artifacts 89.05 89.60 89.32 
91.00 

(overall) 
S1 91.12 93.19 92.14 

S2 91.33 88.79 90.04 

Average 90.5 90.52 90.5  

PASCAL Dataset 

(test) 

Artifacts 90.24 91.35 90.79 
90.34 

(overall) 
S1 90.36 91.91 91.12 

S2 90.35 88.28 89.30 

Average 90.31 90.51 90.40  

 

 

Figure 3.17. P(S1) and P(S2) for all the observations in: (a) RHSS training set (86229 

observations), (b) RHSS test set (21557 observations), (c) PASCAL training set (3032 

observations) and (d) PASCAL test set (758 observations). Frequency represents the number of 

observations having a given probability P(S1) or P(S2). 
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3.6 Discussion  

The performance comparison of the classifier model proposed in this chapter, with the previous 

works available in the literature is shown in Table 3.8. Widely accepted performance 

parameters (SE and F1 score) are compared [70], [233]. The achieved average SE and F1 score 

for S1 and S2 sounds under the training and test data were used for comparison.  

It can be seen in Table 3.8 that the proposed approach achieved higher mean sensitivity for 

both S1 and S2 than the sensitivity achieved by authors in [71]. Similarly, the achieved overall 

average accuracy of 90.79%, was found to be higher than the average accuracy reported in 

[253], and [254]. This work was also compared to the recently proposed deep neural network 

(DNN) based approach by Chen et al. [75] that outperformed well-known classifiers, such as 

K-nearest neighbour, Gaussian mixture models, logistic regression and support vector 

machines. Although a same level of performance (average accuracy 90.79% versus 91.12% 

[75]) was achieved, the algorithm was tested with a small dataset of 460 S1 and 460 S2 sounds 

under controlled conditions. Similarly, authors in [235] achieved an average SE of 93.24% for 

 

Figure 3.18. Probabilities (P(S1) and (1 – P(S1))) for each observation and the intervals used to 

estimate the classifier’s performance in: (a) PASCAL test set (758 observations) and (b) 

PASCAL training set (3032 observations). 
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S1 sounds, however, the algorithm was tested using a small dataset of 30 recordings. To achieve 

robust performance, it is important to validate algorithms using a large database of recordings, 

and in real use scenarios. For instance, more recently, authors in [232] achieved an average 

sensitivity of 99.12% (and accuracy of 99.49%) in classifying S1 and S2 sounds, using a small 

on-line dataset comprised of 358 S1 and S2. However, the sensitivity of the approach dropped 

to 93.01% (and accuracy dropped to 92.23%) when tested with the data comprised of 93 S1 and 

93 S2 sounds, recorded under controlled conditions. Furthermore, articles [233] and [70] 

achieved a higher F1 score than the score achieved in this work, using recordings from different 

auscultation sites, however, the duration of recordings used to evaluate the performance of the 

algorithms was less than 5-minutes (30-40 seconds in [70] and 5-120 seconds in [233]). Unlike 

previous work [255] that suggests separate models for the classification of long-term and short- 

term recordings, the features extracted in this work were found suitable for varied duration of 

recordings. This was tested using short duration recordings obtained from the PASCAL 

Table 3.8: Performance comparison with approaches for S1 and S2 identification. 

Ref. Method Dataset F1 (%) SE (%) Remarks 

This 

work 

Acoustic features with 

supervised learning 

17578 S1 and 

17544 S2 

S1: 90.65 S2: 

89.42 

S1: 91.59 S2: 

89.78 
♥ 

[75] DNN using MFCCs  460 S1 and 460 S2 
F1, SE and ACC: 91.12 (S1 

and S2) 
♦ 

[233] DRNN 
84400 beats (2874 

records) 

S1: 97.5 S2: 

95.0 

S1: 97.8 S2: 

95.4 
♥ 

[232] 
Spectral and Convex 

Hull Features 

358 S1 and S2 

(online) & 93 S1 

and 93 S2 

(recorded) 

- 
99.12% (S1 

and S2)  
♦ 

[70] 
Logistic Regression 

HSMM 

12181 S1 and 

11627 S2 

S1: 96.95 S2: 

94.29 
- ♥ 

[235] Adaptive algorithm 
207 cycles (30 

records) 
- 

S1: 93.24 

(Only S1) 
♦  

[71] 
HF (Time-domain 

intensity envelopes) 
100 records - 

S1: 80.3 

S2: 77.5 
♦ 

[253] 
Multi-band wavelet 

energy 

326 beats (16 

abnormal 

conditions) 

ACC S1: 91.47,  

S2: 88.95 
♦  

[254] 
VMD and Shannon 

energy 

53 cardiac periods 

(10 records) 
ACC: 90.0 (S1 and S2) ♦ 

Abbreviation: DNN: Deep Neural Network, DRNN: Deep Recurrent Neural Network, HSMM: 

Hidden Semi-Markov Model, VMD: Variational Mode Decomposition, HF: Homomorphic 

Filtering, ACC: Accuracy. 

Note: ‘♦’ represents a small dataset of S1 and S2 segments used for validation. ‘♥’ represents a 

large database of recordings from different auscultation sites.           
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database and long-term recordings of 5-minutes each, acquired during this work. The 

performance of the algorithms was also tested using the labelled segments of S1 and S2 sounds 

from the different auscultation sites (4217 S1 and 4209 S2 from the aortic valve site, 4289 S1 

and 4285 S2 from the tricuspid valve site, 4171 S1 and 4163 S2 from the mitral valve site, and 

4148 S1 and 4151 S2 from the pulmonary valve site). Thus, the approach demonstrated in this 

work can potentially be used to classify S1 and S2 sounds in signals recorded in real-uncontrolled 

conditions from four auscultation sites. Also, unlike previous studies (such as [75]) that 

demonstrated the classification of S1 and S2 sounds, this work also presented the classification 

of fundamental heart sounds (S1 and S2) and artifacts present in the recorded signals. Therefore, 

this work contributes to the development of algorithms used to distinguish S1 and S2 sounds in 

long-term continuous recorded signals by identifying features suitable for the recognition of S1, 

S2, and the artifacts.  

This work extracted features using Maximal overlap discrete wavelet transform (MODWT) 

in which the coefficients are not decimated as in the case of DWT, producing the same number 

of wavelet coefficients as the number of sample observations at each level of transform offering 

several advantages over DWT [224]. The extracted coefficients of MODWT multiresolution 

analysis are associated with zero phase filters and are aligned with the original time series (time-

invariant). The redundancy of the MODWT coefficients increases the effective degrees of 

freedom on each scale and provides an efficient wavelet variance estimator [223].   

Overall, the approach presented in this study, based on a novel feature set, inherently 

addresses various real-world challenges in the classification of S1 and S2, which are important 

for different clinical applications. And it can be useful in the context of many cardiac related 

clinical applications. For example, accurate identification of S1 and S2 sounds is necessary for 

the estimation of heart rate variability. Additionally, the information is useful for the calculation 

of the duration of systole and diastole intervals, and the cardiac cycle. Any abnormal 

pattern/occurrence of S1 or S2 sounds in a cardiac cycle can be treated as a possible indicator of 

cardiac disorder. Another potential application of accurate localization of S1 and S2 sounds is 

the identification of cardiac abnormalities such as bradycardia, tachycardia, and first or second 

degree atrioventricular block, which are traditionally identified using the QRS complex and R-

R peaks in ECG signals as demonstrated in [256]. As per the knowledge gathered from the 

reviewed articles, this is the first study which uses recordings of 5 minutes duration from the 

different sites in non-controlled real-world conditions.  
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4 An Approach for Automatic Identification of 

Fundamental and Additional Sounds  

The research presented within this chapter is an edited version of research previously published 

in: 

Amit Krishna Dwivedi, and Esther Rodriguez-Villegas, “An Approach for Automatic 

Identification of Fundamental and Additional Sounds from Cardiac Sounds 

Recordings”, IEEE EMBC (2019), pp. 6685-6688. 

4.1 Introduction  

The discussion in Chapter 3 underlined that the accurate localization of sound peaks of interest 

creates basis for measurement of vital physiological parameters for the identification of 

additional sounds, including sounds due to the splitting of sub-components of fundamental 

heart sounds – first heart sounds (S1) and second heart sounds (S2). As mentioned in the previous 

chapter, S1 and S2 sounds are the ones mainly observed in a phonocardiogram of a clean acoustic 

signal recorded from a healthy subject. S1 is the result of the mechanical activities of the mitral 

and tricuspid valves; while S2 results from the activities of the aortic and pulmonary valves. 

During normal cardiac conditions, S1 appears as a single sound with discrete subcomponents 

M1 and T1; while S2 appears as a single sound with discrete subcomponents A2 and P2, in the 

phonocardiogram. Although there are two discrete subcomponents in each of them 

(corresponding to the operation of the different valves), these are hard to distinguish because 

of the very small time interval existing between the occurrences of the individual mechanical 

cardiac events [17], [217]. Hence, S1 sound (a single peak made of M1 and T1) and S2 sounds (a 

single peak made of A2 and P2) are the fundamental heart sounds.  

The maximum interval between the split sounds is generally shorter than 50ms [89]. 

However, the time difference widens when there is malfunctioning of the heart valves [257]. 

Thus, a variation in the existing systematic time difference, also termed as splitting, between 

the discrete sub-components potentially reflects the physiological changes including the 

malfunctioning of heart valves or mechanical activities such as during inspiration and 

expiration process. For instance, during inspiration, the two transient sub-components are 
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widely separated and come closure during expiration. 

Clinically, the splitting of S1 sounds into its subcomponents, because of reasons other than 

the respiratory cycle, may be evidence of atrial spectral defects (ASD) or right bundle branch 

block (RBBB). Similarly, the splitting of S2 sounds may be an indicator of left bundle branch 

block (LBBB), ASD, RBBBs, left ventricular ectopic beats and pulmonary stenosis [16], [208], 

[258]. During cardiac abnormalities, apart from the split sounds, additional cardiac lub/dub 

sounds may be observed in the phonocardiogram, which can provide vital information about 

the cardiac conditions and assist in the early-stage detection of various cardiovascular diseases 

(CVDs). The presence of additional cardiac lub/dub sounds creates challenges in the 

identification of S1 and S2 sounds and subsequent estimation of cardiac cycle. Consequently, 

the automatic detection of fundamental and additional heart sounds has been a topic of great 

interest among researchers. However, as heart sounds are often overlapped with high-frequency 

acoustic signals unrelated to the operation of the heart, such as noise and artifacts, their correct 

interpretation is challenging. This also creates challenges when applying advanced signal 

processing methods to automate the process, especially, in real, non-controlled, environments 

where the number of disturbances present in the signal acquired is much higher. 

This chapter presents an approach to automatically identify sound peaks of interest from 

cardiac auscultatory recordings without the need of any additional ECG or pulse carotid signal; 

identify normal fundamental cardiac sounds; and differentiate normal fundamental heart sounds 

recordings from the recordings with abnormal split sounds and additional lub/dub sounds in the 

systolic and diastolic intervals.    

4.2 An Approach to Analyse Split of S1 and S2 Sounds  

As heart sounds can potentially provide solutions to long term continuous monitoring suitable 

for wearable applications, various approaches have been suggested to identify sub-components 

of S1 and S2 sounds, and to estimate vital physiological parameters helpful in assessing the 

overall cardiac condition of a subject. One of the possible ways to diagnose cardiac 

abnormalities due to the splitting of the discrete sub-components of S1 and S2, is to evaluate the 

time interval between the sub-components M1 and T1 in S1 sounds, and similarly, the time 

interval between the occurrence of sub-components A2 and P2 in S2 sounds [259]. Here, the time 

(or split) interval is also termed as time delay between the discrete sub-components [16]. Thus, 

a quantitative measurement of split intervals of S1 and S2 would be of interest. For instance, the 

separation between A2 and P2 may be of fixed duration during both, inspiration, and expiration, 

indicating possibilities of atrial spectral defects (ASD). Proper identification of sub-

components of S1 and S2 sounds can also assist in distinguishing third heart sound (S3) or fourth 
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heart sound (S4) which appears just before the start of S2 sounds in a phonocardiogram. Thus, 

the split interval (or time delay) between the sub-components of S1 and S2 sounds needs to be 

investigated to ascertain the several possible cardiac conditions or abnormal behaviour of 

cardiac system. This demands accurate localization of sub-components of S1 and S2 sounds in 

cardiac acoustic recordings.  

While, the mechanisms related to the origin of the two subcomponents of S2 sounds are 

widely accepted, the mechanisms leading to the genesis of S1 sounds are hard to determine and 

hence, the contribution of each of its components is still unknown [16], [17]. Additionally, M1 

and T1 of S1 sound lobes are more closely located in a phonocardiogram compared to the A2 and 

P2 of S2 sounds. Due to this, the identification of split components of S1 is even more complex 

compared to its counterpart [260]. That is why most of the studies are focused on the 

quantitative measurement of split of second heart sounds (S2) in which the overlap of A2 and P2 

is comparatively wider to identify. On the other hand, approach leading to the identification of 

S1 splitting are still not well studied.  

Previous studies identified the discrete subcomponents of S1 and S2 using instantaneous 

amplitude and instantaneous phase information [16], perceptual features with k-means 

algorithm [75], linear and non-linear transient chirp models [17], damped sinusoid models 

[261], [262], and matching pursuit methods [263]. Following a non-linear chirp based method, 

fundamental heart sounds (S1 and S2) are expressed mathematically as [217], [258]: 

𝑆1(𝑡) = 𝐴𝑀1
(𝑡) 𝑠𝑖𝑛 (𝜑𝑀1

(𝑡)) +  𝐴𝑇1
(𝑡 − 𝛿𝑆1) 𝑠𝑖𝑛 (𝜑𝑇1

(𝑡 −  𝛿𝑆1)) 4.1  

𝑆1(𝑡) = 𝐴𝑀1
(𝑡) 𝑠𝑖𝑛 (𝜑𝑀1

(𝑡)) +  𝐴𝑇1
(𝑡 − 𝛿𝑆1) 𝑠𝑖𝑛 (𝜑𝑇1

(𝑡 −  𝛿𝑆1))  4.2  

where, 𝐴M1
(𝑡) 𝑠𝑖𝑛 (𝜑M1

(𝑡)) and 𝐴T1
(𝑡 −  𝛿S1) 𝑠𝑖𝑛 (𝜑T1

(𝑡 −  𝛿𝑆1)) represent the amplitude 

and phase of M1 and T1 components of S1 sounds, respectively. Likewise, 𝐴A2
(𝑡) 𝑠𝑖𝑛 (𝜑A2

(𝑡)) 

and 𝐴P2
(𝑡 −  𝛿S2) 𝑠𝑖𝑛 (𝜑P2

(𝑡 − 𝛿S2)) represent the amplitude and phase of A2 and P2 

components of S2 sounds, respectively. Additionally, 𝛿S1 and 𝛿S2 are used to indicate the delay 

(or split) between the subcomponents of S1 and S2, respectively.  

In this work, consecutive S1 and S2 sounds were aligned and plotted on top of one another 

(as shown in Figure 4.1), to extract statistical information of sound lobes. These were 

extrapolated to obtain the characteristics of fundamental heart sounds in a cardiac signal. As S1 

and S2 sounds are quasi-cyclic stationary with almost fixed duration in consecutive cycles for a 

particular subject [42], a proper estimation of the spectral width of lobes helps in assessing the 

time intervals of S1 and S2 and the delay (𝛿S1 and 𝛿S2), which can be compared with the normal 

intervals (estimated during normal cardiac conditions) to ascertain the splitting of heart sounds.  
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The algorithm presented in this chapter, extracted the onset and offset measurements of each 

sound lobes of interest, which then were used to accurately determine the beginning and end of 

S1 and S2 sounds based on the exact locations of S1 and S2 sounds available from the PASCAL 

Classifying Heart Sounds Challenge database [23]. Features to identify the split sounds were 

based on the consistency of S1 and S2 sounds. This was previously investigated by Tang et al 

[42]. Consecutive S1 and S2 sounds were aligned and plotted on top of one another to extract 

features. The onset and offset measurements obtained as the intersection of the Shannon 

envelope of each peak with the zero crossings were used to estimate the timing intervals of S1 

and S2 sounds. This feature facilitated the identification of splitting sounds by evaluating the 

change in the intervals, with respect to the normal cardiac conditions, of the consecutive cardiac 

 

Figure 4.1. S1 and S2 sounds aligned to extract features based on the consistency of S1 and S2 

sounds. (a) and (d) show 22 S1 and S2 sounds from the database, aligned and plotted on top of 

one another to extract S1 and S2 sounds as in (b) and (e), respectively. (c) and (f) show the 

extracted features of S1 and S2 sounds, respectively. 
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cycles.  

As the duration of S1 and S2 sounds (without splitting of subcomponents) is known to range 

between 80ms to 150ms during normal cardiac operation, sound lobes with shorter or longer 

durations were investigated as potentially abnormal heart sounds [208]. The duration and 

energy of adjacent peaks were also evaluated, as S1 and S2 sounds cannot have the same energy 

under normal cardiac conditions [89]. Hence, if two adjacent peaks were found to have the 

same energy, then one of the two sounds was considered as abnormal. The intervals between 

the two adjacent S1 and S2 peaks represent the systolic and diastolic intervals, where the diastolic 

period under normal cardiac operation is greater than the systolic period. The start of S1 sound 

marks the beginning of the systolic period and extends up to the beginning of S2 sound; while 

the diastolic period is marked as the starting of S2 sound and extends up to the starting of S1 

sound. The energy of sound lobes identified in the systole or diastole intervals regions was also 

evaluated to distinguish the additional sound peaks from the fundamental heart sounds.  

In case of splitting of S1 or S2, the interval between the two discrete consecutive sound lobes 

would be less than 50ms and both sound lobes would have different energies [89]. This is 

because one of the split components of S1 or S2 will have a lower intensity compared to the 

another component [89]. Furthermore, the consecutive sound lobes with time interval greater 

than 50ms, were investigated for abnormal/additional lub/dub sounds. Statistical features 

evaluated were the mean, standard deviation of skewness, mean absolute deviation, root mean 

square and root sum of squares of successive lobes and kurtosis from each analysis window. 

Since the possibility existed that split sounds of S1 and S2 might get confused with other 

abnormal heart sounds, perceptual features i.e. mel-frequency cepstral coefficients (MFCCs) 

were also extracted to capture the non-linear behaviour of the signals using higher order 

decomposition of transients. Steps followed to extract various features used in this work are 

described in detail.   

4.3 Segmentation of Heart Sounds Signals 

As discussed in Chapter 3, the first step in the development of the algorithm was to localize 

peaks in the recorded signal. The temporal localization of all peaks would, later on, be used to 

assist in the identification of S1 and S2 sounds as well as other abnormal sounds. This helped in 

extracting features to assist the classification of normal and abnormal recordings. The steps 

followed are discussed briefly as a detailed discussion has been already provided in Chapter 3.  

4.3.1 Pre-processing   

The amplitude of the heart sounds was normalized to a fixed scale of [-1, 1] dividing by its 
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absolute maximum:  

𝑌[𝑛] =  
𝑦′[𝑛]

max
𝑛

(|𝑦′[𝑛]|)
 4.3  

where, 𝑌[𝑛] was the normalized signal and max
𝑛

(|𝑦′[𝑛]|) represented the absolute maximum 

of the resampled and filtered signal yʹ[n]. Further, a low pass filter with a cut off frequency of 

500 Hz was employed, to eliminate high-frequency components from the normalized signals, 

which are typical of artifacts. The frequency spectrum of the recordings from the database was 

used to estimate this cut-off frequency (as shown in Figure 4.2). 

4.3.2 Identification of sound peaks of interest  

As wavelets are rapidly decaying oscillations with zero mean, and well-suited for non-

stationary signal analysis, wavelet analysis was chosen to obtain the time-frequency domain 

resolution of the cardiac sound signals. A 6th order Daubechies wavelet with 7-levels of 

decomposition and reconstruction was used. A windowing step was included to split the signal 

 

Figure 4.2. (a) Heart sounds signal from the PASCAL database. (b) Frequency spectrum of the 

signal using the Fourier analysis. This was used to estimate the cut-off frequency of the filter 

used to remove noise. (C) Spectrogram of the recorded signal. 
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into a sequence of frames for the analysis. A 10ms window was used to extract the envelope of 

the pre-processed signal using the average Shannon-energy (ES):  

𝐸𝑆 =  
−1

𝑁
∑ 𝑌2[𝑛](𝑖). 𝑙𝑜𝑔𝑌2[𝑛](𝑖)

𝑁

𝑖=1

 4.4  

where, N represented the number of normalized samples in the selected window. The sound 

lobes of interest were localized using the zero crossing points of the normalized Shannon-

energy ESnorm[n], extracted as: 

𝐸𝑆𝑛𝑜𝑟𝑚[𝑛] =  
𝐸𝑠[𝑛] − 𝐸𝑠[𝑛]̅̅ ̅̅ ̅̅ ̅

𝜎(𝐸𝑠[𝑛])
 4.5  

where, ES[𝑛] was the average Shannon energy and 𝐸𝑆[𝑛]̅̅ ̅̅ ̅̅ ̅ and 𝜎(𝐸𝑠[𝑛]) represented the mean 

and standard deviation of Es[𝑛], respectively. An adaptive wavelet-based filtering approach 

described in the Chapter 3 (Section 3.2.1) was used to separate non-stationary components in 

recorded signals. As an illustration, the Shannon energy envelope extracted using a recording 

from the PASCAL database is shown in Figure 4.3.  

 

Figure 4.3. (a) Shannon energy envelope of the signal shown in (c) (from the PASCAL 

database). (b) shows the filtered wavelet-based coefficients to extract envelope. 
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Once the peaks of interest were found, the algorithm extracted the onset and offset 

measurements (start and end point) of each sound lobes of interest, which were then used to 

accurately determine the beginning and end of S1 and S2 sounds. The reference locations of S1 

and S2 sounds available from the PASCAL Classifying Heart Sounds Challenge database [23] 

were used. An example of how the transients were localized is shown in Figure 4.4, in which 

the sound lobes of S1 and S2 were identified clearly in the signal obtained from the CHSC 

database [23]. These identified S1 and S2 sounds were only used to study the characteristics of 

the fundamental heart sounds and to help in the identification of potential features, as described 

in Section 4.2. Thus, the performance of the classifier is independent of the location of S1 and 

S2 sounds, and there is no need of auxiliary signals for the identification.  

The algorithm presented in this chapter identified the sound peaks of interest (i.e. S1 or S2 

sounds) that were used to extract features. An example of how the transients were localized is 

shown in Figure 4.5, in which sound lobes of S1 and S2 were identified clearly in the signal 

obtained from the CHSC database [23] that contained additional lub/dub sounds. Similarly, as 

an illustration, Figure 4.6 shows the localization of sound lobes in an acoustic signal recorded 

using an electronic stethoscope [213] in a real, non-controlled environment.    

 

Figure 4.4. Localization of sound peaks of interest and S1 and S2 sounds identification using the 

reference locations.  
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4.4 Feature Extraction & Selection  

4.4.1 Feature extraction   

Once sound lobes of interest in cardiac signals were localized using the wavelet filtering and 

Shannon energy estimation, features were extracted from labelled segments to try to 

differentiate recordings with normal fundamental heart sounds from additional heart sounds, 

corresponding to abnormalities. In Chapter 3, the features that demonstrated the greatest 

potential in differentiating fundamental heart sounds – S1 and S2, were used in this study for the 

classification of recordings with normal fundamental heart sounds and recordings with 

additional lub/dub sounds. Additionally, statistical features were also extracted from localised 

heart sounds. 11 features (denoted as F27, …, F37) represented the energy across the scales and 

scaling coefficients extracted using the Maximum Overlap Discrete Wavelet Transform 

(MODWT), and 11 features (denoted as F38, …, F48) were extracted to represent the energy 

 

Figure 4.5. Identification of S1 and S2 sounds in the heart sounds signals with additional lub/dub 

sounds obtained from the database. (c) and (b) show the recorded signal and the identified sound 

lobes of interest, respectively. (a) shows the potential S1 and S2 sounds after discarding the 

identified abnormal sounds. 
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across the scales using the multiresolution analysis (MRA) of the MODWT matrix. Thus, a 

total of 22 features were extracted using the MODWT analysis of the signals. 3 features (F49, 

F50 and F51) representing the peak amplitude, maximum frequency, and its corresponding value 

(index) for each window using a first-order Butterworth low-pass filter with cut off frequency 

10 Hz, were extracted using the homomorphic filtering. As an illustration, Figure 4.7 shows 

different envelopes extracted in this study for feature extraction. Apart from these, 3 features 

denoted as F52, F53 and F54 were extracted to capture the peak amplitude, maximum frequency, 

and its corresponding value (index) in the spectrum, of the constructed Hilbert envelope for 

each window. 6 features (F55-F60) were the energy computed for the first 5 IMFs and the 

residual part. 2 features from each IMF were also extracted to represent the maximum frequency 

and its corresponding index value in the spectrum. This produced 8 features represented as F61-

F68, from 4 selected IMFs (IMF2, IMF3, IMF4, and IMF5). Figure 4.8 shows how these IMFs 

were selected for the analysis. Later, a k-means cluster algorithm was used to cluster the 

 

Figure 4.6. Identification of S1 and S2 sounds in a heart sounds signals recorded in an 

uncontrolled environment using an electronic stethoscope. (c) and (b) show the recorded signal 

and the identified sound lobes of interest, respectively. (a) shows the potential S1 and S2 sounds 

after discarding the identified abnormal sounds. 
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instantaneous frequency and the instantaneous energy of the 4 modes (IMF2, IMF3, IMF4, and 

IMF5) that produced 2 features from each mode by keeping the number of modes equal to the 

number of clusters in the algorithm. As an illustration, the instantaneous frequency and 

instantaneous energy of the signal for different IMFs are shown in Figure 4.9. Here, IMF1 was 

eliminated as it corresponded to high-frequency components; and only IMF2, IMF3, IMF4, and 

IMF5, containing meaningful information, were selected for the feature extraction [215]. 

Furthermore, 15 Mel-frequency cepstral coefficients (MFCCs) features (F85 to F99) were also 

computed. All extracted features, used in this study, are listed in Table 4.1 and Table 4.2, where, 

ℎ[𝑛] and ℎ[𝑛] represent the signal and it’s mean. N is the length of the signal. 𝐻(𝑖) is the 

discrete Fourier transform of ℎ[𝑛].  

4.4.2 Feature selection and reduction  

The extracted features were statistically analysed to derive the top 10 features that achieved the 

highest weights and demonstrated the greatest ability to differentiate recordings with normal 

fundamental heart sounds from the additional lub/dub sounds in the systole or diastole interval. 

These features were selected as optimum features for the classification. Feature weights were 

computed using a diagonal adaptation of neighborhood component analysis (NCA) [227]. 

Weights were allocated to each feature by maximizing the expected leave-one-out classification 

accuracy [219]. As demonstrated in Chapter 3 [215], the name-value pair argument ‘Lambda’ 

representing the regularization parameter was tuned against the minimum classification loss 

 

Figure 4.7. Envelopes extracted from a recorded signal. 
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using cross-validation to find the optimum value. The optimum value of Lambda was found to 

be 0.021 × 10-3 that corresponded to a minimum classification loss of 0.017.  

 The top 10 features identified using the weights from the neighborhood component analysis 

were: F25 (deterministic energy of S1 and S2 sounds), F26 (non-deterministic energy of the 

systole and diastole intervals), F32 (energy of MODWT decomposition coefficients at level 6), 

F43 (energy at level 6 computed using MRA of MODWT matrix), F61 (maximum frequency of 

 

Figure 4.8. The different intrinsic mode functions extracted from a heart sounds recording using 

EMD. IMF1 contains high-frequency components, hence, only IMFF2, IMF3, IMF4 and IMF5 

were used to obtain the cluster of the instantaneous frequency and instantaneous energy of the 

signal. (Y-axis is in the normalised unit.) 
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IMF1 using EMD), F63 (maximum frequency of IMF2 using EMD), F69 (instantaneous 

frequency of IMF2 using HHT), F73 (cluster of instantaneous frequencies of IMF2), F74 (cluster 

 

 

Figure 4.9. (a) The instantaneous frequency (first figure), and (b) instantaneous energy (second 

figure), for the different IMFs selected using a signal, for feature extraction. 
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of instantaneous frequencies of IMF3), and F75 (cluster of instantaneous frequencies of IMF4). 

Among all the features selected, F73 achieved the highest weight in classifying recordings with 

normal fundamental heart sounds, additional lub/dub sounds in systole or diastole interval, and 

artifacts.  

Table 4.1: Various features extracted and their description (F1- F36). 

Feature# Type Feature Description 

F1 

Time-domain 

features 

P1T Mean of the absolute value of P1 interval 

F2 P2T Mean of the absolute value of P2 interval 

F3 P1T/P2T Ratio of P1 and P2 intervals 

F4 TP1-P2 
Interval between the beginning of P1 and P2 sounds 

(Systole interval) 

F5 TP2-P1 
Interval between the beginning of P2 and the next 

P1 sounds (Diastole interval) 

F6 TP1-P1 Interval between the two adjacent P1 sounds  

F7 TP2-P2 Interval between the two adjacent P2 sounds  

F8 TP1-P2/TP2-P1 Ratio of Systole to diastole intervals 

F9 TP1-P2/P1T Ratio of systole interval to P1 interval 

F10 TP2-P1/P2T Ratio of diastole interval to P2 interval 

F11 

Statistical 

features 

Mean  ℎ[𝑛] =  
1

𝑁
∑ ℎ[𝑖]

𝑁

𝑖=1
 

F13 
Standard 

deviation 𝑠𝑡𝑑 =  
√∑ (ℎ[𝑖] − ℎ[𝑖])

2
 𝑁

𝑖=1

𝑁 − 1
 

F18 Skewness 𝑠𝑘𝑤 =  

1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
3

 𝑁
𝑖=1

(
1
𝑁

∑ (ℎ[𝑖] − ℎ[𝑖])
2

 𝑁
𝑖=1 )

3
2⁄
 

F19 Kurtosis 𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =  

1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
4

 𝑁
𝑖=1

(
1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
2

 𝑁
𝑖=1 )

2 

F20 

Frequency 

domain-based 

features 

Spectral 

Entropy 
𝑆𝐸 =

∑ 𝑃𝑖 . log 𝑃𝑖
𝑁
𝑖=1

log2 𝑁
 

F21 
Dominant 

frequency 

Frequency corresponding to the maxima of power 

spectrum 

F22 
Maximum 

frequency 
𝑓𝑚𝑎𝑥 = max (𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) 

F24 
Statistical 

features 

Zero-crossing 

rate 
𝑍𝑅 =

1

2𝑁
∑ |𝑠𝑔𝑛[ℎ[𝑖]] − 𝑠𝑔𝑛[ℎ[𝑖 − 1]]|

𝑁

𝑖=1
 

F25  

Energy 

Deterministic energy of S1 and S2 

F26  
Non-deterministic energy of the systole and 

diastole intervals 

F27 – F36 MODWT  
Energies at 

different scales 

9-levels of decomposition, details and 

approximation coefficients produced 10 features 

 



122 

 

4.5 Classifier Training and Testing   

The classifier was trained using the features obtained from the true known categories from the 

PASCAL database available from the Classifying Heart Sound Challenge (CHSC) database 

[23]. This helped in extracting robust global parameters of the model. The details of the 

recordings used to test the performance of the algorithm developed for the identification of 

additional sounds in the cardiac cycle are provided in Table 4.3. Among the 231 recordings 

with normal fundamental heart sounds, 111 recordings marked with the exact locations of S1 

and S2 sounds were used to study the characteristics of fundamental heart sounds. This helped 

in identifying potential features to assist the classification of normal and abnormal recordings 

4.5.1 Training and test datasets  

The feature vector was evaluated for each analysis window of 4 seconds. The window size was 

selected to capture at least two complete cardiac cycle in a recorded signal. This produced a 

feature matrix of dimensions 𝑋 ∈  𝑅4296 ×10 using 290 recordings (231 normal, 19 extra heart 

sounds, and 40 artifacts). The hold-out approach and 10-fold cross-validation were used to split 

the data (PCG instances) into training and test datasets. Thus, for hold-out, 80% of the data was 

used for the training and the remaining 20% of the data was used as a test dataset. This produced 

Table 4.2: Various features extracted and their description (F37-F99) 

Feature# Type Feature Description 

F37 MODWT Energy Total energy of all the scales 

F38 – F47 
MRA of 

MODWT matrix 

Energies at 

different scales 

10 features extracted from the MODWT 

matrix 

F48 MRA Energy Total energy of all the levels 

F49 – F51 
Homomorphic 

envelope  

Frequency and 

amplitude The dominant frequency of the envelope, 

spectral value, and peak of the envelope 
F52 – F54 Hilbert spectrum  

Frequency and 

amplitude 

F55 – F60 EMD Energy Energy of first 5 IMFs and the residue 

F61 – F68 EMD 
Frequency and 

magnitude 

Maximum frequency in the spectrum and 

its corresponding value in the spectrum 

form 4 IMFs 

F69 – F76 
Hilbert-Huang 

transform 

Instantaneous 

frequency 

IF and cluster of IFs for each mode for 4 

selected IMFs (8 features) 

F77 – F84 
Hilbert-Huang 

transform 

Instantaneous 

energy 

IE and cluster of IEs for each mode for 4 

selected IMFs (8 features) 

F85 – F99 
Perceptual 

features  
MFCCs 15 features from each segment 

 



123 

 

a training feature matrix 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅3437 ×10 and test feature matrix  𝑋𝑡𝑒𝑠𝑡 ∈  𝑅859 ×10, where, 

3437 and 859 were the number of PCG instances or windows used for training and testing from 

the database, respectively. The training set contained 1568 PCG instances of artifacts, 563 of 

extra heart sounds and 1306 of normal fundamental heart sounds. Similarly, the test set 

contained 392 PCG instances of artifacts, 140 of extra heart sounds and 327 of normal 

fundamental heart sounds. These instances were used as a ground truth to evaluate the 

performance of the algorithm.   

4.5.2 Model training and parameter optimization  

The final step of the algorithm was to take the extracted features and fed them to an appropriate 

classifier to interpret them. In this work, classifier mainly used for the heart sounds analysis, 

found during the literature review were investigated. It was found that the ensemble of 

classifiers are used to achieve improved classification accuracy by combining the prediction of 

several learners [229]. The ensemble learning approaches have been used in recent studies for 

successful classification of cardiac auscultatory recordings [68], [230], [231]. It is for this 

reason the ensemble approach was used to derive a powerful classifier model with the objective 

to achieve improved classification performance and robustness. The feature vector evaluated in 

the previous section was used to train the ensemble classifier and to extract global parameters 

of the classifier (these steps are described in Chapter 3). Decision trees were used as weak 

learners due to their capacity to deal with high dimensional datasets. The boosting algorithm 

was used to optimize the weights and parameters of the weak learners at each iteration during 

the cross-validation [247]. Among several boosting algorithms (adaptive boosting (AdaBoost) 

[248], adaptive Logistic Regression (LogitBoost) [247], random undersampling (RUSBoost) 

[246], GentleBoost [247], BrownBoost [249] and XgBoost [231]), the RUSBoost algorithm 

was used to handle imbalanced data and the LogitBoost algorithm to minimize the binomial 

deviance loss function, while fitting the model parameters, and because of its robustness against 

noise [264].  

In this work, the number of observations from recordings with normal fundamental heart 

Table 4.3: Cardiac acoustic recordings used in this study. 

Source Subjects 
No. of 

Recordings 
Comments 

The PASCAL 

database [23] 

Dataset A 

Normal 31 21 records with locations of S1 and S2 

Normal/abnormal 19 Extra heart sounds 

Normal/abnormal 40 Artifacts  

Dataset B Normal 200 90 records with locations of S1 and S2 
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sounds, additional lub/dub sounds, and artifacts, used for training were found unbalanced (1568 

PCG instances of artifacts, 563 of extra heart sounds and 1306 of normal fundamental heart 

sounds). For this reason, the random undersampling boosting (RUSBoost) algorithm was used 

to address the problem of training classifier on skewed data [246]. Using the RUSBoost 

algorithm helps in handling imbalanced data and it is better compared to the use of ‘Prior’ 

name-value pair argument or ‘Cost’ function in the classifier. As the datasets used in this study 

contained recordings from three categories (normal fundamental heart sounds, extra heart 

sounds and artifacts), the classifier model was trained to predict these three classes using the 

selected features.  

4.6 Results 

4.6.1 Evaluation metrics  

The evaluation metrics used to assess the performance of the approach were: recall or sensitivity 

(𝑆𝐸 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
), classification accuracy (𝐶𝐴 =  

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
), precision (𝑃+ =  

𝑇𝑃

𝑇𝑃+𝐹𝑃
), and 

F1-score (𝐹 =  2
𝑃+ × 𝑆𝐸

𝑃++ 𝑆𝐸
). Here, true positive (TP) is the correct results, false positive (FP) 

represents false alarm, false negative (FN) represents missed detection and true negative (TN) 

is the correct absence of result. As the dataset contain recordings from three categories, the 

performance was evaluated using a 3 × 3 (three-class) confusion matrix, denoted as P [220]. 

Table 4.4 shows the interpretation of the confusion matrix, where Pij represents the number of 

instances where the predicted class was i and the ground truth (or actual class) was j. The 

number of TP, TN, FP and FN for each class k were computed as described in Chapter 3 

(Section 3.5) of this thesis, for a 3 × 3 (three-class) confusion matrix.  

4.6.2 Results  

Table 4.5 shows the confusion matrices of the trained classifier on the training (using 10-fold 

cross-validation) and test sets from the PASCAL database. The performance parameters 

evaluated using the confusion matrices are shown in Table 4.6. The scores illustrated in the 

Table 4.4: Three-class confusion matrix. 

  Actual class 

P
re

d
ic

te
d
 

c
la

ss
  

 Artifacts Extra Sounds Normal  

Artifacts P11 P12 P13 

Extra Sounds P21 P22 P23 

Normal P31 P32 P33 
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table are the average values on all observations, counting each observation when it was in a 

held-out fold. The trained classifier model achieved an average P+ of 95.20%, SE of 94.77%, F1 

of 94.97%, and CA of 97.57% using the training dataset, and, an average SE of 90.79%, P+ of 

90.41%, F1 of 90.59%, and CA of 95.11%, under the unseen test dataset, in classifying 

recordings of three different classes.  

4.7 Discussion    

This chapter presents an approach to automatically differentiate between normal fundamental 

sounds, artifacts, and additional abnormal sounds; where the latter include both splitting of 

fundamental, S1 and S2 sounds, and additional lub/dub sounds in the diastolic and systolic 

periods. It can be observed from the performance table that a few recordings with additional 

lub/dub sounds (i.e. extra heart sounds) were wrongly classified as normal recordings, and vice 

versa. This is mainly because of the resemblance in the characteristics of the normal 

fundamental heart sound and addition lub/dub sounds. Thus, it creates challenges in the 

identification of S1 and S2 sounds, as well as the estimation of cardiac cycle.  

As fundamental heart sounds in a normal subject follow a specific sequence of S1 followed 

Table 4.6: Performance of the classifier using 10-fold cross-validation. 

  P+ (%) SE (%) F1 (%) CA (%) 

Dataset 

(training) 

Artifacts 99.61 99.10 99.35 99.42 

Extra heart Sounds 91.42 88.98 90.18 96.83 

Normal  94.58 96.24 95.40 96.48 

Average 95.20 94.77 94.97 97.57 

Dataset (test) 

Artifacts 98.95 96.68 97.80 98.02 

Extra heart Sounds 82.51 84.28 83.38 94.53 

Normal  89.79 91.43 90.60 92.78 

Average 90.41 90.79 90.59 95.11 

 

Table 4.5: Confusion matrices of the trained classifier for (a) training datasets and (b) test 

dataset. 

(A) (B) 
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Artifacts 379 1 3 

Extra  0 118 25 

Normal 13 21 299 
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by systole, and S2 followed by diastole, this information was helpful in extracting the expected 

state and duration of heart sounds in a cardiac cycle [70]. The intervals between the preceding 

and following peaks in an extracted heart sounds envelope provided sufficient information. This 

included the duration (or interval) of the localized peaks and intervals between the adjacent 

peaks, that may vary with respect to the cardiac abnormality.  

The Shannon envelope of split sounds was found to be wider than the envelope of S1 or S2 

sounds. Also, in normal conditions, the minimum separation between S1 and S2 was found to 

be 50ms.  Thus, if two fundamental peaks were detected within an interval of less than 50ms, 

the peak with larger energy corresponded to the fundamental heart sounds (may be S1 or S2) 

and the left-over peak may be the split component of FHSs or abnormal heart sound. This is 

because it was important to include features that considered the variation of the intervals of the 

peaks based on cardiac conditions. Hence, the start and end points of sound peaks of interest, 

extracted during the localization, were used to estimate the duration of peaks and various peak 

to peak intervals. Thus, the indices of localized peaks were found useful in estimating the 

energy between the adjacent peaks (deterministic and non-deterministic energy).  

The importance of features studied in this chapter was also investigated using weights 

achieved by each feature used to train the classifier. The top 10 features were: F25, F26, F32, F43, 

F61, F63, F69, F73, F74, and F75. The details of these features can be found in Appendix F. Among 

these selected features, the features representing the energy between the intervals (F25 and F26) 

signify the importance of accurate localization of sound peaks of interest. In addition to these, 

features extracted using the Hilbert-Huang transform were also found promising in classifying 

recordings.  

The performance results achieved under the unseen test dataset were used to compare with 

the previous works that have used the same dataset to classify normal, artifacts and extra heart 

sounds recordings. Results shown in Table 4.7 demonstrate that the presented approach 

achieved improved performance in classifying normal sounds and artifacts compared to [45], 

[91], [102]. Except the performance achieved by [91] (achieved precision of 100% for extra 

heart sounds), this work also demonstrates improved results compared to [45], [102], for extra 

sounds classification. Furthermore, compared to the previous work [217], the performance (in 

terms of precision (P+)) was improved from 81.48% to 91.42% (training set) and 82.51% (test 

set), in classifying recordings with extra heart sounds (additional lub/dub sounds) with added 

features. Overall, the achieved results in this chapter demonstrate that the presented approach 

can potentially classify recordings with normal fundamental heart sounds from additional 

sounds, including sounds from sub-components of S1 and S2, without using any auxiliary 

signals, such as ECG and/or carotid pulse. It can also be noted that the performance of the 

algorithm is independent of the locations of S1 and S2 obtained from the PASCAL database. 
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The locations of S1 and S2 were used only to study the variations in the intervals of S1 and S2, 

and, subsequently, in the systole and diastole intervals. This led to the identification of potential 

features for the classification.  

Thus, using the features, the splitting of fundamental sounds is classified without extracting 

the discrete subcomponents of S1 (M1 and T1) or S2 (A2 and P2) sounds. This method could have 

a potential application in the automatic detection of cardiac abnormalities. It should be noted 

that, although, the proposed approach performed well on signals acquired in non-controlled 

environments, other features to assist with the extraction of subcomponents of S1 and S2 sounds 

could lead to further improvements. This can be further improved by training the classifier 

using features extracted from a large database (of split sounds) and with signals obtained from 

different subjects population, including wider age ranges, and in real use scenarios.   

Apart from interpreting the class of acoustic recordings, this work could also find application 

in estimating the heart rate and heart rate variability using the S1 or S2 sounds. The heart rate 

variability could be estimated using the mid-points of S1 (S1M) and S2 (S2M) described in this 

chapter [265]. Additionally, the duration of systole and diastole could also be determined once 

S1 and S2 are accurately identified, this leading to an accurate estimation of cardiac cycle.  

 

 

Table 4.7: Performance comparison with approaches for normal, extra heart sound and artifacts 

classification. 

Ref.  Type of recordings Classifier  P+ (%) 

This work 

Normal  

Ensemble classifier  

89.79 

Extra Heart Sound 82.51 

Artifacts 98.95 

[45] 

Normal  

SVM 

76.00 (best result) 

Extra Heart Sound 44.00 

Artifacts 94.00 

[102] 

Normal  

SVM (SS-TD) 

83.00 (best result) 

Extra Heart Sound 43.00 

Artifacts 80.00 

[91] 

Normal  

SVM 

79.00 (best result) 

Extra Heart Sound 100.00 

Artifacts 94.00 
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5 Classification of Normal and Abnormal Heart 

Sounds from Recorded Signals  

5.1 Introduction    

A comprehensive review of the approaches suggested by researchers to try to address the 

challenges involved in automatic analysis and classification of cardiac sounds recordings was 

presented in Chapter 1 [208]. Although some existing approaches achieved good classification 

performance, most of them have been validated with limited duration of recordings and 

protocols followed during signal acquisition were not always fully specified. For instance, 

information related to the subjects, such as gender and age, recording conditions and 

auscultation sites was not found for the database used in [45], [91]. This is important 

considering there can be significant variations in the features extracted using signals recorded 

from different auscultation sites resulting in varying classification performance [235]. 

Consequently, achieving an improved classification accuracy in interpreting cardiac acoustic 

signals acquired from different auscultation sites, particularly during continuous monitoring in 

real-world conditions, still remains an open research question. The objective of the work 

described in this chapter was to find potential features that could help in the identification and 

subsequent classification of normal and abnormal events in cardiac acoustic signals, taking into 

account the changes in characteristics with varying subject populations, including wider age 

ranges, auscultation sites, and in real use scenarios for long term monitoring.  

5.2 Methods  

A machine-learning based approach is proposed to try to address the challenges in the automatic 

classification of cardiac recordings as normal and abnormal. Several features were extracted 

from labelled normal and abnormal recordings originally collected as part of a clinical study as 

described in Appendix G (and Chapter 2), as well as recordings available from three large 

public databases. These include the PhysioNet Computing in Cardiology (CinC) Challenge 

2016 database [22] (referred as Database1 in this study), the PASCAL database available from 

the Classifying Heart Sound Challenge 2011 (CHSC) [23] (referred as Database2 in this study), 
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and a public database with recordings collected from different sources available from [216] 

(referred as Database3 in this study). The number of recordings and their categories available 

from these databases are reported in Table 5.1.  

The top 10 features from the signals in each database were identified and subsequently used 

to develop a model to classify normal and abnormal recordings. An overview of the approach 

used in this work together with the different stages of processing is shown in Figure 5.1. Finally, 

the proposed method’s performance metrics were evaluated and compared with the recent state-

of-the-art.  

5.3 Pre-processing and Segmentation  

Recordings were normalized to a fixed scale of [-1, 1]. As most of the information is present in 

low frequency band (below 500 Hz) (as discussed in Chapter 3), a low pass 4th order 

Butterworth filter with a cut off frequency of 500 Hz was used to eliminate high frequency 

components [217]. Further to remove the unwanted components such as low frequency noise 

 

Figure 5.1. Block diagram of the overall heart sounds classification system. 
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and artifacts superimposed on recorded signals, a wavelet decomposition and reconstruction 

based adaptive sub-level filtering described in Chapter 3 was applied [215]. This is because the 

wavelet transform quantifies the non-uniform distribution of energy and provides adaptive 

resolution. The signals were decomposed using discrete wavelet transform and an adaptive 

threshold was used to selectively filter wavelet coefficients that corresponded to non-stationary 

part of the signal, before reconstructing them using an inverse wavelet transform [235]. The 

detailed and approximation coefficients were extracted by decomposing signals into 7-levels 

using db5 wavelet.  

The reconstructed signals were used to localize cardiac sounds of interest by segmenting the 

peaks in the recordings. The accurate segmentation of recordings is an important step for the 

analysis; however, it is challenging to identify sounds of interest, especially in the presence of 

various intra-cardiac events. This is one the reasons, few research articles have suggested 

approaches to classify heart sounds signals without performing segmentation [56], [91], [230], 

[231]. Though this reduces the computational burden and avoid the segmentation error to 

propagate to the next level of analysis, accurate segmentation not only helps in the identification 

of S1 and S2 and subsequent determination of systole and diastole intervals, but also leads to 

Table 5.1: Cardiac acoustic recordings used in this work. 

Source Subjects No. of Recordings Comments 

Recorded heart sounds 

signals (RHSS database) 

11 normal and 10 

abnormal  

14 males and 7 

females (21 

subjects) 

5-minutes of recording 

from each auscultation 

site  

PhysioNet data  

(Database 1) [22]   

764 normal and 

abnormal 

subjects  

3153  
Labelled normal and 

abnormal recordings  

The PASCAL database 

[23] (Datasets A and B) 

(Database 2) 

Normal and 

abnormal  

31 Normal 

34 Murmurs 

19 Extra heart sounds 

40 Artifacts 

Normal and 

abnormal  

320 Normal  

95 Murmurs 

46 Extrasystole 

Public database  

(Database 3) [216] 

Normal and 

abnormal 

200 Normal  

200 MR 

200 AS 

200 MVP 

200 MS 

*MS: Mitral stenosis, AS: Atrial stenosis, MVP: mitral valve prolapse, MR: Mitral 

regurgitation.  
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basis for measurements helpful in assessing the overall cardiac conditions of the cardiovascular 

system. This work used the segmentation approach described in Chapter 3 which is based on 

the wavelet transform and Shannon energy estimation in combination with the 

characteristics/features extracted from heart sounds to help in the localization of sound peaks 

of interest. The details of various features extracted, and the steps followed to localize sound 

peaks of interest can be found in Chapter 3 (Section 3.2.2). An example of how the transients 

were localized is shown in Figure 3.6, in which the sound lobes of interest were identified 

clearly in the signal recoded during this study.  

5.4 Feature Extraction & Selection   

Due to the non-stationary and non-linear characteristics of heart sounds signals, several features 

containing quantitative and meaningful description of normal and abnormal recordings were 

extracted to help in accurately distinguishing normal and abnormal recordings. These features 

were: statistical time and frequency domain features (F1-F24), deterministic and non-

deterministic energies (F25-F26), MODWT-based features (F27-F48), homomorphic envelogram 

features (F49-F51), Hilbert-Huang transform based features (F52-F84), and MFCCs features (F85-

F99). They were already described in Chapter 2.  

A feature vector containing 99 features (reported in Appendix F) was evaluated in this work. 

Furthermore, feature weights were computed using a diagonal adaptation of neighborhood 

component analysis (NCA) to derive a set of most significant features that could potentially 

best represent the signal [227]. NCA allocated weights to each feature by maximizing the 

expected leave-one-out classification accuracy [219]. As demonstrated in [215], the name-value 

pair argument ‘Lambda’ representing the regularization parameter was tuned against the 

minimum classification loss using cross-validation to find the optimum value. The optimum 

value of Lambda was found to be 8.47 × 10-4. This corresponded to a minimum classification 

loss of 0.0116. 

Features weights were analysed to investigate which ones showed the greatest ability to 

differentiate normal and abnormal recordings from the different databases. The top 10 

informative and non-redundant features with the highest weights were selected as optimum 

features from each database. The top 10 features identified using the RHSS database, the 

Database1 and the Database3 were: F25, F26, F37, F59, F61, F69, F73, F74, F75, and F76. For 

Database2, the top 10 features were: F25, F26, F32, F37, F56, F59, F73, F74, F75, and F76. Only 

features F32 and F56 identified in the Database2 were different from the top 10 features identified 

using the other databases. Thus, the 12 highest ranking feature which covered all the databases 

to train a classifier model to classify normal and abnormal recordings, were selected. These 
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features were - F25 (deterministic energy of S1 and S2 sounds), F26 (non-deterministic energy of 

the systole and diastole intervals), F32 (energy of MODWT decomposition coefficients at level 

6), F37 (total energy of all the detail and approximation coefficients using MODWT), F56 

(energy of IMF2 extracted using EMD), F59 (energy of all 5 IMFs using EMD), F61 (maximum 

frequency of IMF1 using EMD), F69 (instantaneous frequency of IMF2 using HHT), F73 (cluster 

of instantaneous frequencies of IMF2), F74 (cluster of instantaneous frequencies of IMF3), F75 

(cluster of instantaneous frequencies of IMF4), and F76 (cluster of instantaneous frequencies of 

IMF5). The normalized weights of all these selected top 12 features obtained using NCA for 

the different databases used in this work are shown in Table 5.2. Although the selected features 

were almost the same, the different databases produced different weights for each feature. 

Among all the features selected, F25 was highest ranked by the RHSS database, the Database1, 

and the Database3. The selected feature vector with reduced number of features was used to 

train the classifier to assist the classification of normal and abnormal recordings.  

Significant differences were observed between the normal and abnormal class of recordings 

for the selected features. The median and interquartile range (IQR) (or mid-spread) values 

obtained for the selected features using the RHSS database and the PhysioNet database, shown 

in Table 5.3, reveal the intra-class variations in the normal and abnormal recordings. For 

instance, abnormal recordings showed significantly reduced energy of MODWT 

decomposition coefficients at level 6 (denoted as F32): 0.542(0.17) versus 1.02(0.259) (median 

(IQR)) for the RHSS database, and 4.53(14.19) versus 8.33(18.52) (median (IQR)) for the 

PhysioNet database. Thus, intra-class variations, measured as median and interquartile range, 

were observed in all the features selected from the normal and abnormal recordings.  

The variation in the classifier’s performance with respect to the features used for training 

the classifier was also studied. A trade-off between the computational cost and the number of 

features used for its training was observed. The computational cost (assessed in terms of the 

training time) of the system was reduced significantly with the reduction in feature vector used 

Table 5.2: The top 10 features selected from the different databases. 

RHSS 1 0.622 - 0.002 - 0.261 0.001 0.001 0.434 0.003 0.432 0.004 

Database 1 1 0.003 - 0.349 - 0.843 0.012 0.769 0.405 0.036 0.001 0.274 

Database 2 0.541 0.080 - 0.190 - 0.414 0.020 0.012 0.002 1 0.326 0.493 

Database 3 1 0.519 0.057 0.006 0.337 0.219 - - 0.0746 0.187 0.185 0.210 

Features F25 F26 F32 F37 F56 F59 F61 F69 F73 F74 F75 F76 

             

 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0  

 



133 

 

to train the classifier. For instance, the system took 21.398 seconds for training with 99-

dimensial feature vector, which was reduced to 8.680 seconds with 12-dimensional feature 

vector, while keeping the same number of observations. Thus, a promising classification 

performance was achieved using the 12 top features with reduced computational cost.  

5.5 Classification of Cardiac Acoustic Signals  

The classifier was trained using the top 12 features extracted from the four different databases 

listed in Table 5.1. A known set of input data (i.e. feature set from the recorded signals) and 

know responses to the data (i.e. class of the recorded signals) were used by the supervised 

Table 5.3: Intra-class variations of the top 10 features selected using different databases. 

Features 
DB RHSS DB 1 

Class N AN N AN 

F25 
Med 228.6 261.1 183.4 198.8 

IQR 537.2 283.7 108.9 96.3 

F26 
Med 308.5 414.3 213.8 247.2 

IQR 984.1 496.4 188.1 200.7 

F32 
Med 1.02 0.542 8.33 4.53 

IQR 0.259 0.17 18.52 14.19 

F37 
Med 211.6 111.4 66.17 15.32 

IQR 586.8 224.5 103.4 65.15 

F56 
Med 32 8.662 16.37 5.93 

IQR 261.1 50.24 38.3 27.23 

F59 
Med 224.5 117.6 62.63 17.52 

IQR 625.3 240.9 104.1 91.28 

F61 
Med 161 174.1 59.57 41.13 

IQR 69.27 68.78 41.02 30.39 

F69 
Med 109.2 97.95 69.02 58.99 

IQR 38.38 20.28 68.43 77.81 

F73 
Med 192.4 182.9 196.5 171.2 

IQR 208.6 169.2 320.9 321.1 

F74 
Med 105.9 100.1 79.66 64.96 

IQR 81.45 63.82 136.9 141.5 

F75 
Med 70.56 53.44 45.05 35.98 

IQR 85.86 137.9 165.2 149.1 

F76 
Med 15.5 13.2 15.04 19.24 

IQR 47.83 49.85 142.1 141.2 

Med: median, IQR: interquartile range, DB: database, DB1: PhysioNet database (Database1). 

N: normal and AN: abnormal or pathological 
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learning algorithm to train a model to potentially decode the class of unseen test data given 

their feature set.  

5.5.1 Training and test datasets  

As the characteristics of cardiac signals vary widely from subject to subject, it was important 

to obtain physiological measurements of the true labels from a varied population. Hence, 

datasets available from the different sources; together with the data recorded in this study from 

subjects with and without cardiac diseases, including wider age groups and auscultation sites, 

were used to obtain the results presented.  

Different features were extracted from the recorded signals with an analysis window of 5s, 

producing the dimensions of feature matrix 𝑋 ∈  𝑅4104 ×12 from the RHSS  database (1560 

normal and 2544 abnormal); 𝑋 ∈  𝑅13016 ×12 from the Database 1 (PhysioNet database) (9858 

normal and 3158 abnormal); 𝑋 ∈  𝑅5271 ×12 from the Database 2 (PASCAL database) (3245 

normal and 2026 abnormal); and 𝑋 ∈  𝑅1466 ×12 from the Database 3 (287 normal and 1179 

abnormal). The hold-out approach and 10-fold cross-validation were used to split the data 

(feature matrix obtained using recordings from different datasets) into training and testing 

datasets. Thus, for hold-out, 80% of the data was used for the training feature matrix 

𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅3284 ×12 and the remaining 20% of the data was used for the test feature matrix  

𝑋𝑡𝑒𝑠𝑡 ∈  𝑅820 ×12, where 3284 (1248 normal and 2036 abnormal segments) and 820 (312 

normal and 508 abnormal segments) were the number of PCG instances or windows used for 

training and testing from the RHSS database, respectively. Similarly, the training feature matrix 

𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅10413 ×12 from the Database 1 (7887 normal and 2526 abnormal segments); 

𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅4217 ×12 from the Database 2 (2596 normal and 1621 abnormal segments); and 

𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅1173 ×12 from the Database 3 (229 normal and 944 abnormal segments), were 

used for training. And the test feature matrix 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅2603 ×12 from the Database1 (1971 

normal and 632 abnormal segments); 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅1054 ×12 from the Database2 (649 normal and 

405 abnormal segments); and 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅293 ×12 from the Database3 (58 normal and 235 

abnormal segments), were used for testing. 

The number of normal and abnormal segments in the databases were unbalanced. For 

instance, the Database3 produced a training feature matrix 𝑋 ∈  𝑅1173 ×12 containing 944 

abnormal and 229 normal segments. As the normal class was underrepresented, the random 

undersampling boosting (RUSBoost) algorithm designed to address the problem of training 

classifier on skewed data was used [246].  



135 

 

5.5.2 Model training   

In this work, the ensemble classification approach that combines the prediction of several 

learners to derive a powerful classifier model was used with the objective of improving 

performance [68], [228]. This approach constructs a set of classifiers with different weights 

assigned to the weak learners using an adaptive ensemble algorithm and then classifies a new 

dataset by taking a weighted vote of their predictions. The weighted combination of multiple 

algorithms reduces the variance of predictions to achieve good performance and robustness.  

The selected features evaluated in Section 5.4, were used to train the classifier and optimum 

parameters of the classifier were extracted using the steps shown in Figure 5.2. The decision 

trees were used as weak learners due to their capacity to deal with high dimensional datasets. 

Both bagging and boosting algorithms were tested, and their performance were analysed to find 

the best suitable algorithm for the classification. As the true labelled class were normal and 

abnormal, the model was trained separately for each database to predict the normal or abnormal 

class based on the input feature matrix. 

5.5.3 Hyperparameter optimization 

Key hyperparameters (learning rate, number of learning cycles, number of weak learners/trees 

and the maximum number of splits) were optimized to improve the performance of the classifier 

model. This was achieved by analysing the performance of the key parameters with respect to 

the performance of the overall classifier during the training stage. To optimize the 

hyperparameter of the decision tree, the misclassification rate was computed iteratively for the 

different training sessions using 10-fold cross-validation. The cross-validated misclassification 

rate with respect to the number of trees, learning rate, and number of splits were analysed as 

described in [215]. Thus, the optimum misclassification rate of 0.0563 was obtained for number 

of trees = 93, maximum number of splits = 243 for a learning rate of 0.50, while tuning the 

number of trees (150), the learning rate (0.1, 0.25, 0.5, 0.75 and 1) and the maximum number 

 

Figure 5.2. Steps used for training and cross-validation of the classifier to extract optimized 

hyperparameters. 
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of splits (1, 3, 9, 27, 81, 243, 729, 2187 and 6561).  

5.6 Experimental Results  

The performance of the proposed approach was assessed using the following metrics: recall or 

sensitivity (𝑆𝐸 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
), specificity (𝑆𝑃 =  

𝑇𝑁

𝐹𝑃+𝑇𝑁
), classification accuracy (𝐶𝐴 =

 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
), precision (𝑃+ =  

𝑇𝑃

𝑇𝑃+𝐹𝑃
), and F1 score (𝐹1 =  2

𝑃+ × 𝑆𝐸

𝑃++ 𝑆𝐸
). Here, true positive 

(TP) represents the number of abnormal PCG instances that are correctly classified as abnormal, 

false positive (FP) is the number of normal PCG instances that are incorrectly classified as 

abnormal, false negative (FN) is the number of abnormal PCG instances that are incorrectly 

classified as normal, and true negative (TN) is the number of normal PCG instances correctly 

classified as normal [75]. Thus, true positive (TP) represents the number of true abnormal 

recordings detected, and true negative (TN) is the number of true normal recordings. SE and SP 

were computed to estimate the true positive and true negative rates, respectively. F1-score was 

used to represent the harmonic mean of SE and P+ [70]. Finally, F1-score, SE, SP and CA were 

used to compare the performance of the proposed approach with the recent works.  

The confusion matrices of the trained classifier for the different datasets are shown in Table 

5.4 (AB = Abnormal recording segments, and N = Normal recording segments). These values 

were used to evaluate the performance of the classifier using 10-fold cross-validation on both 

the training and test feature matrices, for the RHSS database, Database 1, Database 2, and 

Database 3, as shown in Table 5.5. The scores illustrated in the table are the average values on 

all the observations, counting each observation when it was in a held-out fold. Using the training 

feature sets, the ensemble classifier achieved an average classification accuracy of 95.16% 

(RHSS database), 93.03% (Database 1), 99.41% (Database 2) and 97.44% (Database 3). 

Similarly, an average classification accuracy of 90.24% (RHSS database), 93.08% (Database 

1), 88.43% (Database 2), and 96.59% (Database 3), were achieved using the test sets. From the 

average classifier’s performance metrics, it can be observed that the classifier achieved almost 

same true positive and true negative rates for both the abnormal and normal class (SE of 

92.383% and SP of 93.611%), across all the databases. Thus, the classifier was able to 

differentiate the normal and abnormal recordings.  

Furthermore, the ensemble classifier’s outputs were used to estimate the probabilities for 

each observation in training and test sets, for being a member of the normal or abnormal class. 

This was helpful in estimating the confidence of the classifier on the predicted class. The 

probability that an observation belongs to a normal class was denoted as P(N), whereas the 

abnormal class was denoted as P(AN). The number of observations falling within an interval of 
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±1% and ±5% from the mean probability (P(N) = P(AN) = 0.5) were estimated. Hence, if an 

observation with P(N) (or P(AN)) was found within the interval ±1% or ±5%, this means that 

the observation was not classified confidently (i.e. weakly classified). The performance of the 

classifier excluding these observations (observations falling with the interval of ±1% and ±5% 

from the mean probability) is shown in Table 5.6 and Table 5.7, for the RHSS database and the 

PhysioNet database. Please note, the PhysioNet database (Database1) was used as a benchmark 

to measure the performance of the proposed classifier. For the RHSS training set, 20 

observations (4 TP, 7 FP, 5 FN, 4 TN) in ±1% interval and 86 observations (17 TP, 25 FP, 13 

FN and 31 TN) in ±5% interval were found. The achieved classification accuracy the classifier 

after excluding these observations from the RHSS training set was found to be 95.50% (for 

±1% interval) and 96.22 (for ±5% interval). Thus, this signifies that there were very few 

observations with low prediction values (P(N) or P(AN)), attesting to the fact the classifier was 

confident in classifying each observation.   

Table 5.4: Confusion matrices of the trained classifier for different datasets. 

(RHSS Database (A = Training Set and, B = Test Set), Database 1 (C = Training Set and, D = 

Test Set), Database 2 (E = Training Set and, F = Test Set), and Database 3 (G = Training Set 

and, H = Test Set)) (N= Normal Recordings and AN = Abnormal Recordings) 
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5.7 Discussion  

This chapter presented a supervised learning approach to classify normal and abnormal cardiac 

auscultatory recordings. In order to validate the approach, various important factors that largely 

impact the physiology of heart sounds including the different auscultation sites used to record 

signals and the duration of recordings, were considered.   

The electrical and mechanical activities of a human heart are not constant and vary 

significantly with the subjects’ cardiac conditions. Hence, a classifier model trained using 

features extracted from signals acquired from a varied subject population, including those with 

different cardiac conditions, plays an important role in determining the performance of the 

classifier. For this reason, 99 features were extracted from the different databases containing 

true labelled normal and abnormal acoustic signals recorded in both clean and noisy 

environments. Later, a feature selection approach was used to determine the top 12 features 

Table 5.5: Performance of the classifier using 10-fold cross-validation. 

  SE (%) SP (%) P+ (%) F1 (%) CA (%) 

RHSS 

Database 

Training set 97.05 92.07 95.23 96.13 95.16 

Test set 92.72 86.22 91.63 92.17 90.24 

Database 1 
Training set 85.27 95.51 85.89 85.58 93.03 

Test set 85.92 95.38 85.65 85.78 93.08 

Database 2 
Training set 99.32 99.46 99.14 99.23 99.41 

Test set 83.46 91.53 86.01 84.71 88.43 

Database 3 
Training set 98.31 93.89 98.51 98.41 97.44 

Test set 97.02 94.83 98.70 97.85 96.59 

Average 92.383 93.611 92.595 92.482 94.172 

 

Table 5.6: Classification performance of the classifier model after excluding observations 

within ±1% of the mean probability. 

Database TP FP FN TN SE (%) SP (%) 
PPV 

(%) 

F1-score 

(%) 

CA 

(%) 

RHSS 

Database 

1972 92 55 1145 97.29 92.56 95.54 96.41 95.50 

469 41 36 265 92.87 86.60 91.96 92.41 90.51 

Database 

1 

2139 341 358 7530 85.66 95.67 86.25 85.96 93.26 

540 88 88 1877 85.99 95.52 85.99 85.99 93.21 

Average 90.452 92.587 89.935 90.192 93.12 
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showing the greatest ability to differentiate normal and abnormal recordings.  

Among all the features investigated, the sum of energies of the deterministic events - S1 and 

S2 (F25), was identified as the most promising feature using the RHSS database, the Database 

1, and the Database 3. The sum of energies of the non-deterministic events (F26) was also found 

to be ranked in top 10 performing features based on the obtained weights. This is mainly 

because an abnormal recording would have more chaotic behaviour than a normal clean 

recording. A normal cardiac cycle contains a specific sequence of S1 followed by a systole 

interval, and S2 followed by a diastole interval. However, there may be additional sounds 

present in case of a cardiac abnormality resulting in the variation of the duration of peaks as 

well as the intervals between the adjacent peaks.  Thus, the variation in the duration of intervals 

to preceding and following peaks in the extracted heart sounds envelope provided significant 

information for the classification of cardiac auscultatory recordings. Sounds other than 

fundamental heart sounds were used as an indicator to various cardiac abnormalities. For 

instance, murmurs produced due to turbulent flow of blood would be present in either the 

systolic or diastolic interval of a cardiac cycle, amounting to non-deterministic energy helpful 

in the classification. This can also be confirmed from the weights obtained using the Database 

3 containing 80% of recordings from subject having mitral stenosis (MS), mitral regurgitation 

(MR), aortic stenosis (AS) and mitral valve prolapse (MVP). Both deterministic and non-

deterministic features (F25 and F26) were ranked first and second, respectively in classifying 

normal and abnormal recordings.   

To evaluate F25 and F26, accurate localization of sound peaks of interest (including 

fundamental heart sounds) was an essential step. The heart sounds were segmented using the 

approach described in Chapter 3. This helped in the identification of the start and end locations 

of sound peaks of interest, which were subsequently used to estimate the intervals between the 

peaks to help in computing the deterministic and non-deterministic energy. This also leads to 

Table 5.7: Classification performance of the classifier model after excluding observations 

within ±5% of the mean probability. 

Database TN FP FN TN SE (%) SP (%) 
PPV 

(%) 

F1-score 

(%) 
CA (%) 

RHSS 

Database 

1959 74 47 1118 97.66 93.79 96.36 97.00 96.22 

462 37 31 259 93.71 87.50 92.59 93.15 91.38 

Database 

1 

2096 311 314 7478 86.97 96.01 87.08 87.03 93.87 

521 74 79 1870 86.83 96.19 87.56 87.20 93.99 

Average 91.292 93.372 90.897 91.095 93.865 
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the conclusion that the proper identification of start and end points of peaks is helpful for feature 

extraction. 

Other features extracted using Hilbert Huang transform (F73, F74, F75, and F76) and MODWT 

(F32 and F37) also ranked highly for the classification of recordings. Among them, F74 (cluster 

of instantaneous frequencies of IMF3 using HHT) achieved the highest weight using the 

Database 2. The amplitude and instantaneous frequency extracted using Hilbert-Huang 

transform have previously demonstrated successful results [72]. However, in addition to these 

features, the k-means clustering algorithm was used to obtain a single value of the instantaneous 

frequency and instantaneous energy as features. The instantaneous frequencies of the IMF2, 

IMF3, IMF4 and IMF5 (denoted as F73, F74, F75, and F76) extracted using the k-means clustering 

algorithm were ranked among the top 10 features. Thus, in this work, the IMFs that were 

suitable for evaluating instantaneous frequency and energy-based features, were identified. 

Although some of the features reported in this study have been already discussed in the 

literature and explored for the classification of cardiac acoustic recordings, to the best of 

author’s knowledge, the MODWT based features have never been used before for the 

classification of normal and abnormal recordings.  

Currently, the most extensive, standardized and widely used database of heart sounds 

recordings available in literature is the PhysioNet CinC Challenge 2016 database [20], [22]. 

This database acts as a benchmark for the development and performance evaluation of 

algorithms for classification of recordings as normal and abnormal. Hence, most of the recent 

works on the classification of heart sounds as normal and abnormal used this database to 

validate the performance of the algorithms [8], [266]. However, the length of recordings varied 

from 5 seconds to 122 seconds. Similarly, the length of recordings available from the other 

public databases were mostly less than one-minute. Hence, it was important to validate the 

algorithms using larger data recorded continuously in real, non-controlled environment. To 

address this, signals in the RHSS database were continuously recorded for 5 minutes from four 

auscultation sites (Aortic, mitral, pulmonary, and tricuspid), from a varied subject population 

including normal and cardiac patients, in real non-controlled settings. Thus, this work can be 

used as a proof of concept to develop approaches that can assist doctors in automatically 

examining large data and assessing the overall cardiac condition of a subject, helpful in the 

early-stage diagnosis of cardiac events that are of pathological/clinical importance. 

The trained ensemble classifier using the selected features achieved an average classification 

accuracy of 94.172% in classifying acoustic recordings as normal and abnormal using the 

different databases. Also, the robustness of the achieved results was demonstrated using the 

different datasets in Table 5.5. From the achieved results it can also be concluded that the 
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extracted informative and non-redundant features were well-suited for the non-stationary heart 

sounds signal analysis.   

Achieved results in this work were compared with the recent works as illustrated in Table 

5.8. Most of the recent proposed algorithms were validated using the PhysioNet CinC database. 

Hence, the top 5 challenge scores achieved by [103], [154], [267]–[269], as the outcome of the 

2016 PhysioNet/Computing in Cardiology (CinC) Challenge published in [266], were used for 

the comparison. A modified accuracy (𝑀𝐴𝐶𝐶 =  
𝑆E+𝑆𝑃

2
) was used to compare the results as it 

gives a single mean of sensitivity and specificity. Using this database, Potes et al [154] achieved 

the highest Challenge score with MACC of 86.02%, extracting 124 time-frequency features fed 

to an AdaBoost classifier and a deep-learning based classifier. Thus, the approach presented in 

this work achieved an improved MACC of 90.65% compared to [154]. This was also applicable 

for the MACC achieved by [103], [267]–[269]. The presented approach also achieved an 

improved MACC compared to Tang et al [270], which was not a part of the PhysioNet Challenge. 

Similarly, an improved overall classification accuracy (CA) of 93.08% was achieved compared 

to Singh and Majumder [230]. Although a higher MACC of 92.9% was achieved by Arora et al 

[231] using the PhysioNet database, the overall MACC achieved in this work across all the 

datasets was found to be higher. Using the PASCAL database, the overall performance 

Table 5.8: Performance comparison with approaches for normal and abnormal classification 

of recordings 

Ref.  Dataset SE (%) SP (%) CA (%) MACC 

This 

work 

All databases (average) 92.38 93.61 94.172 92.995 

PhysioNet data (test set) 85.92 95.38 93.08 90.65 

[154] PhysioNet data (test data) 94.24 77.81 - 86.02 

[103] PhysioNet data (test data) 86.91 84.90 - 85.90 

[267] PhysioNet data (test data) 87.43 82.97 - 85.20 

[268] PhysioNet data (test data) 86.39 82.69 - 84.54 

[269] PhysioNet data (test data) 88.48 80.48 - 84.48 

[230] PhysioNet data 94.08 91.95 92.47 - 

[270] PhysioNet data 88.00 87.00 - 88.00 

[231] PhysioNet data 94.5 91.3 - 92.9 

[68] PhysioNet data (test data) 79.6 80.6 - 80.1 

[45] PASCAL Dataset-B 34.00 90.00 (best) - - 

[102] PASCAL Dataset-B 49.00 84.00 - - 

[91] PASCAL Dataset-B 34.00 95.00 - - 
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achieved in articles [45], [91], [102] was found to be less than the performance achieved in this 

work. From the results it can be observed that the approach discussed in this work achieved an 

improved overall classification accuracy in interpreting the class of signals.  
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6 Non-invasive Approach for Abnormality 

Detection using Heart Sounds Recordings   

6.1 Introduction    

Cardiovascular diseases due to heart valve disorders (or valvular heart diseases) are 

characterized by the damage or defect in one of the four heart valves: the aortic valve, mitral 

valve, tricuspid valve, and pulmonary valve. Examples of these diseases include aortic stenosis 

(AS), mitral regurgitation (MR), aortic regurgitation (AR), mitral stenosis (MS), and others.  

As discussed in Chapter 1, depending on the cardiac condition of a subject, abnormal 

recordings may contain a variety of additional pathological sounds such as third heart sounds 

(S3), fourth heart sounds (S4) and murmurs, along with the fundamental heart sounds – S1 and 

S2. Murmurs present in a recorded signal are mainly produced due to the turbulence in blood 

flow or defect in any of the four heart valves; where latter are usually categorized as stenosis 

or regurgitation [99]. Stenosis occurs when heart valves do not open completely, while 

regurgitation occurs when valves do not close completely. In auscultatory recordings, 

depending on the types of murmurs, they can be heard either in systolic or diastolic interval of 

a cardiac cycle. Stenosis of the aortic or pulmonary valve results in systolic murmurs, while 

regurgitation of either of these valves leads to diastolic murmurs. Similarly, stenosis of the 

mitral or tricuspid valves results in diastolic murmurs, while regurgitation of either of these 

valves leads to systolic murmurs. These murmurs reflect the pathological characteristics of the 

underlined heart valve and can be used to diagnose cardiac diseases [271]. Accurate 

identification of murmurs due to heart valve disorders can potentially help in marking cardiac 

events that are of pathological/clinical importance. Thus, their early detection can help in 

reducing the mortality rate due to cardiovascular diseases. This chapter presents a non-invasive 

approach to automatically detect heart valve disorders and determine the class of valvular heart 

disease using cardiac auscultatory recordings.  

6.2 Methods  

Features were extracted from labelled recordings, based on the information available from the 
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databases, and subsequently employed to develop an automated approach for non-invasive 

detection of heart valve disorders, namely the mitral stenosis (MS), mitral regurgitation (MR), 

mitral valve prolapse (MVP), and aortic stenosis (AS). There recordings were obtained from 

two public databases: a public database reported in [216] (represented as DB1 in this study) 

and the PASCAL database available from the Classifying Heart Sound Challenge (CHSC) [23]. 

The details of these databases are provided in Chapter 2. The number of recordings and their 

categories available from these databases is reported in Table 6.1. As an illustration, Figure 6.1 

shows the different types of signals from the database DB1 containing three cardiac cycles in 

each. As before, the three major steps used in this approach were pre-processing and 

segmentation, followed by the feature extraction and selection to train a machine learning-based 

classifier. The flow-chart of these steps is shown in Figure 6.2. 

The very first step prior to feature extraction was to remove high-frequency components, 

caused by noise or interference. A low pass 4th order Butterworth filter with a cut off frequency 

of 500 Hz was applied to eliminate high-frequency components. This is because most of the 

information related to heart sounds and murmurs is present in low frequency band (below 500 

Hz) [70], [272]. Subsequently, and for the same purpose, but to deal with unwanted low-

frequency components overlapped in the frequency band of interest, wavelet decomposition 

and reconstruction based adaptive sub-level filtering approach was applied, as described in 

Chapter 3. The wavelet transform quantifies the non-uniform distribution of energy and 

provides adaptive resolution. Recordings were decomposed using a 7-level db5 discrete wavelet 

transform (DWT) to extract the detailed and approximation coefficients, and a thresholding 

criterion was used to selectively filter wavelet coefficients that corresponded to non-stationary 

part of the signal [235]. Filtered wavelet coefficients were used to reconstruct the signal using 

an inverse wavelet transform. Recordings were then normalized to a fixed scale of [-1, 1].  

Table 6.1: Cardiac acoustic recordings used in this work. 

Source Subjects No. of Recordings Comments 

Public database from [216] Normal and abnormal 

200 Normal  

200 MR 

200 AS 

200 MVP 

200 MS 

The PASCAL 

database [23] 

Dataset A 
Normal 31 Normal 

Abnormal 34 Murmurs 

Dataset B 
Normal 320 (120 noisy) Normal  

Abnormal 95 (29 noisy) Murmurs 

*MS: Mitral stenosis, AS: Atrial stenosis, MVP: mitral valve prolapse, MR: Mitral 

regurgitation. 
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The pre-processed and reconstructed signals were used to localize cardiac sounds of interest, 

and to subsequently segment the recordings as described in Chapter 3. An example of how the 

transients were localized is shown in Figure 4.6, in which the sound lobes of interest were 

identified clearly in the signal recorded during this study. These peaks potentially represent 

fundamental heart sounds; however, there may be some peaks present which are neither S1 nor 

S2. 

 

 

Figure 6.1. Different types of recordings used in this study. Murmur recording from the 

PASCAL database; and aortic stenosis (AS), mitral regurgitation (MR), mitral valve prolapse 

(MVP), mitral stenosis (MS), and normal recordings from a public database. 
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6.3 Feature Extraction & Selection   

Features were extracted from segmented recordings, taking into account the characteristics of 

heart sounds that vary significantly with the recording conditions and the type of recording 

under investigation. Due to the non-stationary behaviour of the recorded signals, several 

features containing quantitative description were extracted and subsequently used to 

differentiate normal recordings from different class of abnormal recordings.  

6.3.1 Feature extraction  

Any physiological alteration in the cardiovascular events associated with the contraction and 

relaxation of the atria and ventricles influences the occurrence of S1 and S2 sounds, produced 

due to the closure of atrioventricular and semilunar valves, respectively [218]. Subsequently, 

the duration of the systolic interval (starting at the beginning of S1 and lasting until the 

beginning of S2), as well as the diastolic interval (starting at the beginning of S2 and lasting until 

the beginning of S1) may vary significantly as a function of different cardiovascular conditions 

and so will the sound generated in the process [217]. This is the reason why statistical time and 

frequency domain features were considered in this work. 10 features (F1 to F10) extracted were 

 

Figure 6.2. Block diagram of the overall heart valve disorders classification system. 
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the mean of the absolute value of P1 sound intervals (P1T), the mean of the absolute value of P2 

sound intervals (P2T), the ratio of subsequent P1 and P2 intervals (P1T/P2T), the interval between 

the beginning of subsequent P1 and P2 sounds (TP1-P2), the interval between the beginning of P2 

and the next P1 sounds (TP2-P1), the interval between the two adjacent P1 sounds (TP1-P1), the 

interval between the two adjacent P2 sounds (TP2-P2), the ratio of TP1-P2 to TP2-P1 intervals (TP1-

P2/TP2-P1), the ratio of TP1-P2 interval to P1 interval (TP1-P2/P1T), and the ratio of TP2-P1 interval to 

P2 interval (TP2-P1/P2T). Here, P1 and P2 represent the first and second sound peaks of interest 

localized in a recorded signal, occurring in an alternate manner, respectively.  

In addition to these features, 14 features (represented as F11-F24) were the signal’s (denoted 

as ℎ[𝑛]) mean (ℎ[𝑛]) (F11), the median (F12), standard deviation (F13), mean absolute deviation 

(F14), quantile (F15 and F16), interquartile range (F17), skewness (F18), kurtosis (F19), spectral 

entropy (F20), dominant frequency (𝑓𝐷) (F21), maximum frequency for each sound lobes (𝑓𝑚𝑎𝑥) 

(denoted as F22), the ratio of dominant frequencies (F23), and zero-crossings (F24). The detailed 

description and methods used to evaluate these features (F1 to F24) can be found in Chapter 2 

(Section 2.2).  

Apart from these statistical time and frequency domain-based features, 2 features (F25 and 

F26) were based on the deterministic and non-deterministic energy; 22 features (F27 to F48) 

extracted using multiresolution analysis were based on Maximum Overlap Discrete Wavelet 

Transform (MODWT); 3 features (F49, F50 and F51) represented the peak amplitude, maximum 

frequency extracted from homomorphic envelope and the index value corresponding to the 

maximum frequency; 3 features (F52, F53 and F54) represented the peak amplitude, maximum 

frequency, and the index value corresponding to the maximum frequency in the spectrum using 

the extracted Hilbert envelope; 6 features (F55 to F60) were the energy computed for the first 5 

intrinsic mode functions (IMFs) and the residual part; 8 features (F61 to F68) from 4 selected 

IMFs (IMF2, IMF3, IMF4, and IMF5) were extracted to represent the maximum frequency and 

its corresponding index value in the spectrum; 8 features (F69 to F76) were the instantaneous 

frequency and the cluster of instantaneous frequencies for each selected mode (IMF2, IMF3, 

IMF4, and IMF5); 8 features (F77 to F84) were the instantaneous energy and the cluster of 

instantaneous energies for each selected mode (IMF2, IMF3, IMF4, and IMF5); and 15 features 

(F85 to F99) were the mel-frequency cepstral coefficients (MFCCs). The methods used to 

evaluate these features can be found in Chapter 2. Additionally, the description of all the 

features studied in this work is provided in Appendix F.  

As an illustration, the 4 IMFs selected (IMF2, IMF3, IMF4 and IMF5) used to extract 

instantaneous frequency and instantaneous energy of a murmur recording are shown in Figure 

6.3. Compared to the instantaneous frequency and instantaneous energy of a normal signal 
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shown in Figure 2.8, it was found that the information in murmurs recordings was sedimented 

in lower IMFs. This can also be observed from the IMFs extracted for the signals recorded from 

subjects with AS (shown in Figure 6.4), MVP (in Figure 6.5), MR (in Figure 6.6), and MS (in 

Figure 6.7). In these figures, values in the y-axis are represented in the normalized unit.      

6.3.2 Feature selection and reduction  

The extracted features were statistically analysed to identify the top 10 features that achieved 

the highest weights and demonstrated the greatest ability to differentiate the normal from the 

target pathological sounds from the different databases. These optimum features were selected 

for the classification. Feature weights were computed using a diagonal adaptation of 

neighborhood component analysis (NCA) [227]. Weights were allocated to each feature by 

maximizing the expected leave-one-out classification accuracy [219]. As demonstrated in 

[215], the name-value pair argument ‘Lambda’ representing the regularization parameter was 

tuned against the minimum classification loss using cross-validation to find the optimum value. 

The optimum value of Lambda was found to be 0.48 × 10-3; corresponding to a minimum 

classification loss of 0.02741.   

The top 10 features identified using the PASCAL database (DB2 and DB3) were: F25, F26, 

F37, F59, F61, F69, F73, F74, F75, and F76. The normalized weights of these selected features are 

shown in Table 6.2. Although the top 10 features identified using the noisy and clean recordings 

from the PASCAL database were the same, a slight variation in the weights achieved was 

observed. This signifies that the presence of noise in the signal impacts the weights of the 

 

Figure 6.3. (a) The instantaneous frequency, and (b) instantaneous energy for IMF 2, IMF 3, IMF 4 

and IMF 5, selected for feature extraction. Murmur recording obtained from the PASCAL database is 

used here. 
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extracted features. Furthermore, the top 10 features which showed the greatest ability to 

differentiate normal recordings from each cardiac abnormality (aortic stenosis (AS), mitral 

 

Figure 6.4. Extracted 9 intrinsic mode functions (IMFs) using empirical mode decomposition, 

of a signal recorded from a subject with aortic stenosis (AS).  

 

Figure 6.5. Extracted 10 intrinsic mode functions (IMFs) using empirical mode decomposition, 

of a signal recorded from a subject with mitral valve prolapse (MVP).  
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stenosis (MS), mitral regurgitation (MR) and mitral valve prolapse (MVP)) were also identified.   

 

Figure 6.6. Extracted 8 intrinsic mode functions (IMFs) using empirical mode decomposition, 

of a signal recorded from a subject with mitral regurgitation (MR).  

 

Figure 6.7. Extracted 10 intrinsic mode functions (IMFs) using empirical mode decomposition, 

of a signal recorded from a subject with mitral stenosis (MS).  
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Among the top 10 features identified using different datasets, 7 features (F25, F26, F37, F59, 

F73, F74, and F75) were common for all the datasets (as shown in Table 6.2). Among them, 

features F75, F25 and F73 showed the greatest ability to classifying normal and murmurs 

recordings. To achieve the best fit using the different databases used for the classification, a set 

of 13 features was selected. These 13 features were: F25 (deterministic energy of S1 and S2 

sounds (represented as P1 and P2)), F26 (non-deterministic energy of the systole and diastole 

intervals (i.e. peak to peak intervals)), F32 (energy of MODWT decomposition coefficients at 

level 6), F37 (total energy of all the detail and approximation coefficients using MODWT), F43 

(energy at level 6 computed using MRA of MODWT matrix), F56 (energy of IMF2 extracted 

using EMD), F59 (energy of all 5 IMFs using EMD), F61 (maximum frequency of IMF1 using 

EMD), F69 (instantaneous frequency of IMF2 using HHT), F73 (cluster of instantaneous 

frequencies of IMF2), F74 (cluster of instantaneous frequencies of IMF3), F75 (cluster of 

instantaneous frequencies of IMF4), and F76 (cluster of instantaneous frequencies of IMF5). 

Among all the features selected, F25 achieved the highest weight in classifying normal sounds 

and murmurs using the PASCAL database.  Similarly, F75 achieved the highest weight in 

classifying pathological recordings (AS, MS, MR, and MVP). In this work, the most significant 

Table 6.2: The top 10 features selected from the different databases 

Features DB1 DB2 DB3 

F25 0.4908 1 0.8702 

F26 0.2531 0.91087 0.4001 

F32 0.0089 - - 

F37 0.619 0.66235 0.0069 

F43 0.0703 - - 

F56 0.008 - - 

F59 0.431 0.00858 0.1825 

F61 - 0.44177 0.9201 

F69 - 0.02283 0.1256 

F73 0.2223 0.15113 1 

F74 0.0645 0.84221 0.7515 

F75 1 0.058229 0.501 

F76 - 0.03466 0.0118 

Note: DB1: the database obtained from [216]. DB2: the PASCAL database excluding noisy 

recordings, DB3: the PASCAL database with noisy recordings. 
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features representing the characteristics of the recorded signal were identified to assist the 

classification of abnormal acoustic recordings. Reducing the number of features helps in cutting 

the computational cost required to train the classifier.  In general, larger the number of features, 

higher computational power is required to process. This has been discussed in the results 

section.   

The selected features evaluated for the different types of recordings showed significant 

difference in the statistical values. The median and interquartile range (IQR) (or mid-spread) 

values computed for the selected features shown in Table 6.3 reveal the intra-class variations 

helpful for the classification. For instance, abnormal recordings had significantly higher energy 

of deterministic events (denoted as F25): 175.6 (514.0) versus 119.9 (145.2) (median (IQR)) for 

the noisy data (DB 3); and 184.2 (534.2) versus 121.8 (180.3) (median (IQR)) for the clean data 

(DB 2). Similarly, pathological recordings (AS (292.5 (326.0)), MR (126.2 (271.7)), MS (93.24 

(291.1)), and MVP (84.74 (222.4))) achieved higher deterministic energy values against the 

normal recordings (27.94 (242.1)). As shown in Table 6.3, the selected features achieved 

different median values for pathological recordings, and hence were found to be statistically 

significant for the classification. Also, features analysed using the noisy, and clean datasets 

from the PASCAL database, demonstrated slight variations in the weights. This signifies that 

the features evaluated from a signal may vary if noise is superimposed during data collection. 

Hence, the approach presented was validated using the different datasets (both clean and noisy) 

to extract robust set of features.  

6.4 Classification of Pathological Recordings  

In this work, the classifier was trained using the statistical measurements extracted from the 

true known states (normal, murmurs, AS, MS, MR and MVP) using the databases reported in 

Table 6.1. This helped in extracting robust global parameters of the model. A know set of input 

data (i.e. feature set from the recorded signals) and know responses to the data (i.e. class of the 

recorded signals) were used by the supervised learning algorithm to train a model to potentially 

decode the class of unseen test data given their feature set. 

6.4.1 Training and test datasets  

As the extracted features vary widely with respect to the recorded signal, recordings obtained 

from the two large databases were used. Among them, the PASCAL database contains clean 

recordings (dataset is represented as DB2), and noisy recordings (dataset is represented as 

DB3). The feature vector evaluated for an analysis window of 5 seconds produced a feature 

matrix of dimensions 𝑋 ∈  𝑅2561 ×13 using 331 recordings (97 murmurs and 234 normal clean 

recorded signals) from the PASCAL database (DB2); feature matrix 𝑋 ∈  𝑅3032 ×13 using 480 
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recordings  (129 murmurs and 351 normal recordings with noisy signals) from the PASCAL 

Table 6.3: Intra-class variations of features selected using different databases. 

Features 
DB DB1 DB2 DB3 

Class AS MR MS MVP N M N M N 

F25 
Med 292.5 126.2 93.24 84.74 27.94 184.2 121.8 175.6 119.9 

IQR 326 271.7 291.1 222.4 242.1 534.2 180.3 514 145.2 

F26 
Med 145.4 66.34 145.9 67.33 11.21 228.6 105.9 223.4 114.2 

IQR 232.3 131.1 378.1 193.7 184.4 647.6 238.7 628.6 185.9 

F32 
Med 19.95 8.949 36.32 37.68 89.32 0.056 0.034 0.064 0.154 

IQR 52.9 9.23 25.8 67.9 25.7 0.38 0.57 0.68 6.72 

F37 
Med 42.63 32.5 52.85 64.77 116.7 32.31 2.826 32.28 8.402 

IQR 186 10.07 36.11 84.18 32.46 166 36.7 155.4 47.83 

F43 
Med 15.23 5.597 29.14 31.05 78.04 0.014 0.016 0.028 0.068 

IQR 41.95 7.067 21.59 64.31 21.09 0.102 0.207 0.273 4.97 

F56 
Med 8.411 6.401 17.75 13.08 73 2.001 0.01 2.339 0.095 

IQR 44.61 7.406 29.15 71.09 89.02 63.2 5.084 59.13 15.41 

F59 
Med 47.96 35.25 67.48 76.3 142.5 28.72 2.194 29.66 7.528 

IQR 224.4 20.01 50.33 109.6 61.18 173.3 33.31 165.8 48.16 

F61 
Med 13.79 21.6 11.35 13.24 9.887 937 679.9 928.2 399.9 

IQR 5.371 9.521 2.319 6.958 2.441 294.6 862 794.6 856.6 

F69 
Med 13.38 18.59 10.01 15.22 5.186 328.1 202.5 325.1 192.7 

IQR 8.179 5.792 7.763 12.19 3.53 160.6 66.07 167.5 77.29 

F73 
Med 40.68 24.25 13.43 50.29 11.36 222.4 185.5 228.8 190.4 

IQR 258.8 178.7 247.7 272.9 247.6 416.9 351.1 387.7 329.1 

F74 
Med 6.762 5.752 5.184 18.79 2.231 186.5 168.9 179 164.8 

IQR 48.57 26.17 35.07 61.88 37.68 333.6 199.7 296.7 193.2 

F75 
Med 13.02 10.61 9.221 14.89 5.965 169.3 114.2 149.4 104.4 

IQR 35.37 101.5 83.9 33.2 79.22 424.4 331.1 411.2 311.6 

F76 
Med 21.13 62.5 46.92 20.41 72.78 34.7 19.47 52.54 19.23 

IQR 112.3 183.5 179.2 128.6 200.7 208.7 140.2 205.7 137.6 

Med: median, IQR: interquartile range, DB: database, DB1: the database obtained from 

[216]. DB2: the PASCAL database without noisy signals, DB3: the PASCAL database with 

noisy recordings. N: normal, M: murmurs, AS: Aortic stenosis, MS: Mitral stenosis, MR: 

Mitral regurgitation, MVP: Mitral valve prolapse 
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database (DB3); and feature matrix 𝑋 ∈  𝑅3452 ×13 using 1000 recordings (200 AS, 200 MS, 

200 MR, 200 MVP and 200 normal) from the database obtained from [216] (represented as 

DB1). The length of the analysis window was also varied to 4 seconds to extract features. This 

produced a feature matrix 𝑋 ∈  𝑅3250 ×13 using 331 recordings from the database DB2; 𝑋 ∈

 𝑅3859 ×13 using 480 recordings from the database DB3; and 𝑋 ∈  𝑅4469 ×13 using 1000 

recordings from the database DB1.  

The hold-out approach and 10-fold cross-validation were used to split the data (recorded 

signals) into training and test datasets. Thus, for hold-out, 80% of the data was used for the 

training and the remaining 20% of the data was used as a test set. For the 5 second window, 

this produced a training feature matrix 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅2762 ×13 and test feature matrix  𝑋𝑡𝑒𝑠𝑡 ∈

 𝑅690 ×13, where 2762 and 690 were the number of PCG instances or signal windows used for 

training and testing from the database DB 1, respectively. Similarly, the training set 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈

 𝑅2049 ×13 and test set 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅512 ×13 from the database DB 2; and training set 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈

 𝑅2426 ×13 and test set 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅606 ×13 from the database DB 3 were obtained. For the 4 second 

window, the training set 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅3576 ×13 and test set 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅893 ×13 from the database 

DB 1; training set 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅2600 ×13 and test set 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅650 ×13 from the database DB 2; 

and training set 𝑋𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 ∈  𝑅3088 ×13 and test set 𝑋𝑡𝑒𝑠𝑡 ∈  𝑅771 ×13 from the database DB 3, 

were evaluated. The number of recordings used to create the training and test dataset for the 

two different analysis windows is provided in Table 6.4.  

The number of observations from the normal and pathological recordings used for training 

were found unbalanced. For instance, out of 2426 PCG instances or observations obtained for 

training using the database DB3, 1088 belonged to murmur recordings and the rest 1388 were 

from normal recordings. For this reason, the random undersampling boosting (RUSBoost) 

algorithm was used to address the problem of training classifier on skewed data [246]. The 

RUSBoost algorithm helps in handling imbalanced data and it is better compared to the use of 

‘Prior’ name-value pair argument or ‘Cost’ function in the classifier.   

6.4.2 Model training   

The feature vector evaluated in Section 6.3.1 was used to train the classifier and to extract global 

parameters of the classifier using the steps described in Chapter 3 (Section 3.4.2) (shown in 

Figure 5.2). Decision trees were used as weak learners due to their capacity to deal with high 

dimensional datasets. The boosting algorithm was used to optimize the weights and parameters 

of the weak learners at each iteration during the cross-validation [247]. Among several boosting 

algorithms (adaptive boosting (AdaBoost) [248], adaptive Logistic Regression (LogitBoost) 
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[247], random undersampling (RUSBoost) [246], GentleBoost [247], BrownBoost [249] and 

XgBoost [231]), the RUSBoost algorithm was used to handle imbalanced data and the 

LogitBoost algorithm to minimize the binomial deviance loss function, while fitting the model 

parameters, and because of its robustness against noise [264]. As the datasets used in this work 

contained normal and pathological recordings of different cardiac abnormalities, the classifier 

model was trained to predict the class based on the extracted features.  

6.4.3 Hyperparameter optimization 

Hyperparameters were optimized to achieve the best performance of the trained classifier 

model. This was achieved by statistically analysing the key parameters (learning rate, method, 

number of learning cycles, number of weak learners/trees and the maximum number of splits) 

with respect to the performance of the overall classifier in the training stage. The 

misclassification error was computed iteratively for different training sessions using 10-fold 

cross-validation. An optimum misclassification rate of 0.0138 was obtained for 30 number of 

trees, 3451 maximum number of splits for a learning rate of 0.75, while tuning the number of 

trees, the learning rate, and the maximum number of splits. In this study, a deep classification 

tree and a stump tree (1-level decision tree) were used as a reference to compare the 

misclassification rate during the training sessions.  

Table 6.4: Recordings used to create training and test datasets. 

Analysis 

window 
Dataset #PCG instances Type of PCG instances  

(a) 

DB 1 (training) 3576 
805 AS, 648 MR, 677 MS, 742 MVP, 

704 Normal 

DB 1 (test) 893 
201 AS, 161 MR, 169 MS, 185 MVP, 

177 Normal 

(b) 

DB 1 (training) 2762 
626 AS, 487 MR, 516 MS, 589 MVP, 

544 Normal 

DB 1 (test) 690 
157 AS, 123 MR, 128 MS, 147 MVP, 

135 Normal 

(c) 
DB 2 (training) 2600 1294 murmurs, 1306 Normal 

DB 2 (test) 650 323 murmurs, 327 Normal 

(d) 
DB 2 (training) 2049 1023 murmurs, 1026 Normal 

DB 2 (test) 512 256 murmurs, 256 Normal 

(e) 
DB 3 (training) 3088 1376 murmurs, 1712 Normal 

DB 3 (test) 771 343 murmurs, 428 Normal 

(f) 
DB 3 (training) 2426 1088 murmurs, 1338 Normal 

DB 3 (test) 606 272 murmurs, 334 Normal 

(a), (c) and (e) are the observations using 4 seconds window, while (b), (d) and (f), using 5 

seconds window. 
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6.5 Experimental Results  

6.5.1 Evaluation metrics  

The evaluation metrics used to assess the performance of the approach were: recall or sensitivity 

(𝑆𝐸 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
), classification accuracy (𝐶𝐴 =  

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
), precision (𝑃+ =  

𝑇𝑃

𝑇𝑃+𝐹𝑃
), and 

F1-score (𝐹 =  2
𝑃+ × 𝑆𝐸

𝑃++ 𝑆𝐸
). SE was computed to estimate the true positive rate and F1-score to 

represent the harmonic mean of SE and P+ [70]. For a 2 ×2 confusion matrix, true positive (TP) 

represents the number of abnormal PCG instances that are correctly classified as abnormal, 

false positive (FP) is the number of normal PCG instances that are incorrectly classified as 

abnormal, false negative (FN) is the number of abnormal PCG instances that are incorrectly 

classified as normal, and true negative (TN) is the number of normal PCG instances correctly 

classified as normal [75].  

As recordings from the PASCAL datasets (DB 2 and DB 3) were labelled as normal 

recordings and murmurs, the performance metrics was assessed as a binary classification (2 × 

2 confusion matrix). However, as the dataset (DB 1) contained recordings from 5 different 

classes (normal, AS, MS, MR, and MVP), the performance was evaluated using a 5 × 5 (five-

class) confusion matrix, denoted as P [220]. Table 6.5 shows the interpretation of the confusion 

matrix, where Pij represents the number of instances where the predicted class was i and the 

ground truth (or actual class) was j. The number of TP, TN, FP and FN for each class k were 

computed as described in Chapter 3 (Section 3.5). Thus, the evaluation matrices were computed 

as follows:  

𝑆𝐸 =  
𝑃𝑘𝑘

𝑃𝑘𝑘 + ∑ 𝑃𝑖𝑘𝑖 ≠ 𝑘
 6.1  

𝐶𝐴 =  
𝑃𝑘𝑘 + ∑ 𝑃𝑖𝑗𝑖,𝑗 ≠ 𝑘

𝑃𝑘𝑘 + ∑ 𝑃𝑖𝑗𝑖,𝑗 ≠ 𝑘 + ∑ 𝑃𝑘𝑖𝑖 ≠ 𝑘 + ∑ 𝑃𝑖𝑘𝑖 ≠ 𝑘
 6.2  

𝑃+ =  
𝑃𝑘𝑘

𝑃𝑘𝑘 + ∑ 𝑃𝑘𝑖𝑖 ≠ 𝑘
 6.3  

6.5.2 Results   

Table 6.6 shows the confusion matrices of the trained classifier on the training (using 10-fold 

cross-validation) and test sets from the databases DB1, DB2, and DB3 (DB1: the database 

obtained from [216], DB2: the PASCAL database with clean recordings, and DB3: the 

PASCAL database with noisy recordings). The performance parameters evaluated using the 

confusion matrices for the different datasets are shown in Table 6.7. The scores illustrated in 
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the table are the average values on all observations, counting each observation when it was in 

a held-out fold. As the performance of a classifier might have varied with respect to the window 

size, two windows (4 seconds and 5 seconds) were used to analyse the results. For instance, 

with an analysis window of 4 seconds, the classifier model achieved an average SE of 92.29%, 

P+ of 92.68%, F1 of 92.43%, and CA of 96.95% under the unseen test dataset from DB1. While 

using the same dataset, the algorithm achieved an average SE of 95.51%, P+ of 95.83%, F1 of 

95.64%, and CA of 98.26%, with an analysis window of 5 seconds. For the normal versus 

murmurs classification using the PASCAL database, the classification accuracy for the different 

window sizes was almost the same. Thus, achieved results demonstrated that the approach is 

suitable for the analysis of recordings with a variable window size or duration.  

The trained classifier was also tested with the noisy recordings from the PASCAL database 

(DB 3) to evaluate the performance parameters in classify signals recorded in real-world 

conditions. A very slight reduction in the classification accuracy (CA) was observed in case of 

noisy recordings (from 92.31% to 91.70% for the 4 seconds window, and from 92.19% to 

91.42% for the 5 seconds window, using test datasets DB2 and DB3). This leads to the 

conclusion that the approach is suitable for real world application where the recorded signals 

have noise superimposed.  

The trade-off between the classifier’s performance and the number of features used for its 

training was also investigated. This helped in assessing the computational cost of the approach 

with respect to the features used for the training. It was found that the computational cost 

(assessed in terms of the training time) of the system was reduced significantly with the 13-

dimensional feature vector (F25, F26, F32, F37, F43, F56, F59, F61, F69, F73, F74, F75, and F76). The 

system took 25.315 seconds for training with a 99-feature vector, whilst this was reduced to 

12.637 seconds with a 13-feature vector, while having the same number of observations. Thus, 

the feature selection helped in minimizing the computational cost of the system. 

Table 6.5: Five-class confusion matrix. 

  Actual class 

  AS MR MS MVP Normal 

P
re

d
ic

te
d

 AS P11 P12 P13 P14 P15 

MR P21 P22 P23 P24 P25 

MS P31 P32 P33 P34 P35 

MVP P41 P42 P43 P44 P45 

Normal P51 P52 P53 P54 P55 
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Table 6.6: Confusion matrices of the trained classifier for different datasets. 

(A = DB 1 Training Set, B = DB 1 Test Set, C = DB 1 Training Set, D = DB 1 Test Set, E 

= DB 2 Training Set, F = DB 2 Test Set, G = DB 2 Training Set, H = DB 2 Test Set, I = DB 3 

Training Set, J = DB 3 Test Set, K = DB 3 Training Set, L = DB 1 Test Set) A, B, E, F, I, and 

J using a 4 seconds window and rest using a 5 seconds window 

(A)  (B) 

    Actual class 

 

    Actual class 

  AS MR MS MVP Normal   AS MR MS MVP Normal 

P
re

d
ic

te
d

 

AS 772 27 23 14 13 

P
re

d
ic

te
d

 

AS 188 11 9 7 2 

MR 14 615 6 21 0 MR 7 144 2 8 0 

MS 9 1 638 11 0 MS 3 1 152 2 0 

MVP 10 5 9 693 11 MVP 3 5 6 167 1 

Normal 0 0 1 3 680 Normal 0 0 0 1 174 

(C) 
 

(D) 
 

    Actual class     Actual class 

  AS MR MS MVP Normal   AS MR MS MVP Normal 

P
re

d
ic

te
d

 

AS 622 2 2 1 0 

P
re

d
ic

te
d

 

AS 154 7 1 2 0 

MR 1 484 0 2 1 MR 0 113 1 5 1 

MS 1 0 513 0 0 MS 1 0 121 0 0 

MVP 2 1 1 585 1 MVP 2 3 5 139 1 

Normal 0 0 0 1 542 Normal 0 0 0 1 133 

(E) 
 

(F) 
 

(I) 
 

P
re

d
ic

te
d

   Actual  

 

P
re

d
ic

te
d

   Actual  

 

P
re

d
ic

te
d

   Actual   

 M N  M N  M N  

M 1282 15 M 299 26 M 1365 13  

N 12 1291  N 24 301  N 11 1699  

(G) 
 

(H) 
 

(J) 
 

P
re

d
ic

te
d

   Actual   

P
re

d
ic

te
d

   Actual   

P
re

d
ic

te
d

   Actual   

 M N   M N   M N  

M 1016 9  M 235 19  M 312 33  

N 7 1017  N 21 237  N 31 395  

   
(K) 

 
(L) 

   

   

P
re

d
ic

te
d

   Actual  

P
re

d
ic

te
d

   Actual     

    M N   M N    

   M 1073 21  M 249 29    

   N 15 1317  N 23 305    
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From the results tabulated in Table 6.7, it can be observed that the approach discussed in 

this work performs well in interpreting the class of signals based on the extracted features. It is 

to be noted that the classification performance achieved using the dataset DB1 was higher 

compared to the performance achieved using the PASCAL datasets (DB2 and DB3). This is 

mainly because the DB1 contains clean recordings, where files/records with noisy signals were 

excluded during the data acquisition [216].  

Table 6.7: Performance of the trained classifier using 10-fold cross-validation. 

 Dataset Type SE (%) P+ (%) F1 (%) CA (%) 

(a) 

DB 1 (training) 

AS 95.90 90.93 93.34 96.92 

MR 94.91 93.75 94.31 97.93 

MS 94.23 96.81 95.50 98.32 

MVP 93.39 95.19 94.28 97.65 

Normal 96.59 99.41 97.97 99.22 

DB 1 (test) 

AS 93.53 86.63 89.94 95.30 

MR 89.44 89.44 89.44 96.19 

MS 89.94 96.20 92.96 97.42 

MVP 90.27 91.75 91.00 96.30 

Normal 98.30 99.42 98.85 99.55 

(b) 

DB 1 (training) 

AS 99.36 99.20 99.27 99.67 

MR 99.38 99.18 99.28 99.75 

MS 99.41 99.80 99.60 99.86 

MVP 99.32 99.15 99.23 99.67 

Normal 99.63 99.81 99.71 99.89 

DB 1 (test) 

AS 98.08 93.90 95.94 98.12 

MR 91.87 94.16 93.00 97.54 

MS 94.53 99.18 96.79 98.84 

MVP 94.55 92.67 93.60 97.25 

Normal 98.52 99.25 98.88 99.57 

(c) 
DB 2 (training) N & M 99.07 98.84 98.96 98.96 

DB 2 (test) N & M 92.57 92.00 92.28 92.31 

(d) 
DB 2 (training) N & M 99.32 99.12 99.22 99.22 

DB 2 (test) N & M 91.80 92.52 92.16 92.19 

(e) 
DB 3 (training) N & M 99.20 99.06 99.13 99.22 

DB 3 (test) N & M 90.96 90.43 90.70 91.70 

(f) 
DB 3 (training) N & M 98.62 98.08 98.35 98.52 

DB 3 (test) N & M 91.54 89.57 90.55 91.42 

(a), (c) and (e) are results using 4 seconds window, while (b), (d) and (f) are results using 5 

seconds window. N: normal, and M: murmurs.  
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6.6 Discussion   

This chapter presented an approach to classify heart valve disorders using cardiac auscultatory 

recordings. To demonstrate the suitability and applicability of the approach in classifying 

pathological recordings obtained from varied controlled and uncontrolled conditions, the 

approach was validated using recordings obtained from the two large open access databases. 

This also helped in extracting physiological measurements from different pathological classes, 

which were subsequently used to train a machine learning based classifier to establish a 

classification boundary. Unlike previous studies that demonstrated either classification of 

normal and murmurs ([45], [91], [102]), or classification of normal and pathological sounds 

(AS, MR, MS, and MVP) [216], [271]; the approach described was tested for both types of 

classification. The obtained results lead to the conclusion that the features discussed are robust 

and suitable for different datasets. Furthermore, the experimental results in this work 

demonstrate that the features used to train the classifier performed well using both, clean and 

noisy recordings. This was validated using the PASCAL dataset DB3 that contains noisy 

recordings acquired in real uncontrolled conditions. Overall, the test dataset achieved an 

average classification accuracy of 91.70% and 91.42% for different window sizes, using the 

approach described.    

As the electrical and mechanical activities of a human heart are not constant and vary widely 

with the pathological conditions, feature weights were evaluated using recordings from the 

subjects with different pathological conditions. The extracted features were statistically 

analysed to identify the top 10 features showing the best capabilities in differentiating normal 

recordings from different pathological recordings. From the weights illustrated for the top 10 

features using different datasets in Table 6.2, it can be observed that the selected features 

achieved different weights for the different databases used in this study. Also, the variations in 

values (median and interquartile range) of the selected features (shown in Table 6.3) was 

observed for the different databases.  

Among the top 13 features selected based on weights, 7 of them were found common using 

both the databases. Features (F32, F37 and F43) extracted using MODWT and the coefficients of 

MODWT multiresolution analysis (MRA) were found useful for the identification of S1 and S2 

sounds. The deterministic and non-deterministic energy-based features (F25 and F26) were 

identified among the top 13 features using recordings from all the databases. This is mainly 

because murmurs produced due to turbulence of blood flow, may be observed in a systole or 

diastole interval. Thus, the non-deterministic energy content present between the peak to peak 

intervals helped in distinguishing murmurs from normal recordings. This is also applicable for 

stenosis and regurgitation murmurs (such as AS, MS and MR) which leads to non-deterministic 
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information gathered in the intervals between the peaks. Thus, this work suggests features that 

can be potentially used for the classification of pathological conditions resulting in extra sound 

lobes between the peaks, such as S3 and S4 sounds.  

While most of the approaches in the literature are available to classify heart sounds 

recordings as normal and abnormal, the presented approach is extended to identify recordings 

that belonged to different heart valve disorders, in relation to long-term continuous monitoring. 

Due to non-availability of large databases of recordings from the different pathological 

conditions, the method was validated using recordings from subjects with AS, MR, MVP, MS, 

and murmurs. The features discussed in this work could be also explored for the detection of 

other heart valve disorders such as aortic regurgitation (AR). Thus, this work is of importance 

for the future development of approaches for automatic detection of cardiac abnormalities using 

acoustic signals with the objective to provide continuous monitoring.   

To highlight the novelty of this work, approaches reported in the literature to classify 

recordings from the databases used in this work, are compared in Table 6.8. Most of the articles 

used the PASCAL database to classify normal and murmurs [45]. Recently, the database DB1 

containing pathological sounds (AS, MS, MR and MVP) was made available by [216]. The 

approaches to classify these pathological recordings included SVM [216], and random forest 

classifier [271]. To compare, the mean classification accuracy (CA) achieved in this work using 

the different test sets: (CA of 98.26% (P+ of 95.83%) using the DB 1, and 92.31% (P+ of 92.00%) 

Table 6.8: Performance comparison with approaches for pathological classification using the 

databases used in this study 

Ref.  Dataset Classifier  P+ (%) CA (%) 

This work 
DB1 

Ensemble classifier  
95.83 98.26 

The PASCAL database 92.00 92.31 

[271] DB1 Random forest - 95.13 

[286] DB1 
Multiclass composite 

classifier  
- 98.33 

[216] DB1 SVM - 97.90 

[45] The PASCAL database SVM 91.00 - 

[102] 
The PASCAL database (Dataset-

B) 
SVM 83.00  - 

[91] The PASCAL database SVM 91.00 - 

[146] 198 recordings (open data) SVM - 93.42 
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using the PASCAL database DB2), was used. The achieved results demonstrate that this work 

outperforms other recent works, under the same databases.  

Overall, the informative and non-redundant features evaluated in this work demonstrated 

potential in classifying acoustic signals of different cardiac conditions. Thus, the approach 

described can be used for possible detection and identification of pathological conditions using 

cardiac acoustic recordings in real use scenarios. 
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7 Conclusions  

7.1 Contributions 

This thesis presents four different algorithms to segment and classify fundamental heart sounds 

– S1 and S2; distinguish normal fundamental heart sounds recordings from abnormal recordings 

with additional lub/dub sounds; classify normal and abnormal recorded signals; and classify 

recordings from subject with heart valve disorders. These algorithms were validated using 

signals collected in this study as well as signals obtained from the public databases, to present 

a robust approach that can used for automatic analysis and classification of cardiac auscultatory 

recordings in real-world conditions. The suitability of the feature set in classifying both, short 

duration and long duration recordings was also tested.  

Chapter 1 presented an in-depth review and critical analysis of all the existing approaches 

for the segmentation, feature extraction and classification of heart sounds signals used for 

automatic continuous monitoring and early-stage detection of various cardiovascular diseases. 

This chapter also included a detailed discussion on available public heart sounds databases and 

various approaches used by researchers to record heart sounds in reviewed articles. This was 

followed up with a discussion about the limitations and shortcomings of the existing 

approaches. From the literature review, it was concluded that a lot of work has been done in 

this field to tackle challenges in the continuous monitoring of the cardiac system. However, 

there is still need for intelligent automated algorithms to ease the task of classification with a 

high precision. It was also found that the majority of algorithms reviewed, do not meet the level 

of clinical accuracy expected while predicting the class of abnormality; and the results achieved 

cannot be extrapolated for long term monitoring. Few articles reviewed identified heart sounds 

using a specified threshold criterion and, in some studies, assumptions related to the time 

interval and the duration of peaks were used for the analysis. Moreover, most of the algorithms 

need to be validated using a large, standardized dataset that contains heart sounds recorded for 

longer duration, from different auscultation sites and for use in real conditions.  

The literature review also revealed that the localization of sound peaks of interest and 

subsequent identification of fundamental heart sounds – S1 and S2, is an important initial step 

to achieve the task of automatic analysis and classification of recordings. To achieve this, 
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Chapter 3 proposed an approach to automatically segment and identify S1 and S2, and artifacts, 

using a combination of potential informative features. These included features based on 

MODWT, which have not previously been used for heart sounds analysis. This chapter also 

contributed to the derivation of the top 14 features that showed the greatest ability in 

differentiating fundamental heart sounds from artifacts. Unlike previous studies, for the first 

time, the performance of the algorithm was validated using a large database of heart sounds 

signals recorded continuously for 5 minutes at four different auscultation sites. The achieved 

results demonstrated the ability of the algorithm in classifying S1 and S2 sounds, as well as 

artifacts, with high sensitivity and F1 score at different auscultation sites, without using any 

external reference or assumptions related to the systolic or diastolic timing intervals; showing 

its potential for use in systems for long-term monitoring in real-world conditions. The accurate 

identification of S1 and S2 provides the basis for measurements of many useful clinical attributes 

of cardiac acoustic signals and can potentially help in monitoring the overall cardiac health for 

longer duration. This includes the evaluation of heart rate and heart rate variability, and 

extraction of features helpful for further classification of cardiac acoustic signals as normal or 

abnormal recordings.   

In Chapter 4, an approach to automatically segment heart sounds into cardiac events 

(including S1 and S2 as discussed in Chapter 3) and from there differentiate between normal 

fundamental sounds and additional abnormal sounds; where the latter included both splitting of 

fundamental, S1 and S2 sounds, and additional lub/dub sounds in the diastolic and systolic 

periods, was presented. Abnormal recordings with additional lub/dub sounds were detected 

without extracting the discrete subcomponents of S1 (M1 and T1) or S2 (A2 and P2) sounds. Apart 

from the features discussed in Chapter 3, 12 features were identified based on the normal S1 

and S2 sounds, which were used subsequently to train an ensemble classifier. The top 10 features 

which showed the greatest ability in classifying abnormal additional lub/dub sounds were also 

identified. This method could have a potential application in the automatic detection of cardiac 

abnormalities that relate to the split of S1 and S2 sounds. It should be noted that, although, the 

proposed approach performed well on signals acquired in non-controlled environments, other 

features to assist with the extraction of subcomponents of S1 and S2 sounds could lead to further 

improvements.   

Once the features that demonstrated the greatest ability in differentiating S1 and S2 sounds; 

and artifacts, were identified, they were used to classify recorded signals as normal and 

abnormal. Chapter 5 presented an automatic machine learning-assisted approach to classify 

long-term, continuously recorded cardiac auscultatory signals from different possible 

auscultation sites in real uncontrolled conditions. A novel feature vector was proposed to train 

an ensemble classifier to interpret the class of acoustic signals. The top 10 features which 
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showed the greatest ability to differentiate normal PCG signals from pathological signals were 

also identified using different databases. To demonstrate the robustness of the approach, results 

achieved were tested using signals recorded in this study; together with the signals obtained 

from the three large, widely accepted public databases. The proposed approach demonstrated 

accurate classification of recordings with an average classification accuracy of 94.17%, using 

signals collected in this work as well as signals obtained from the public databases. Based on 

the results achieved, the approach can be potentially used to automatically examine large data 

collected during long-term monitoring of cardiovascular system using a wearable device.   

In Chapter 6, abnormal cardiac murmurs that are produced due to heart valve disorders such 

as aortic stenosis, mitral stenosis, mitral regurgitation, and mitral valve prolapse, were 

identified from cardiac acoustic recordings. A detailed characterization study of these 

pathological conditions was presented. In first-of-its-kind study, the top 13 most significant 

acoustic features, showing the greatest ability in classifying pathological (aortic stenosis, mitral 

stenosis, mitral regurgitation, mitral valve prolapse, and murmurs) recordings were extracted 

and analysed. Based on the dataset used in this study, it can be concluded that the presented 

approach can be used to classify recordings under controlled and uncontrolled conditions, and 

for different recording durations. This was tested using two large databases containing clean 

and noisy recordings obtained in real conditions. These findings are of great importance for the 

further development of automatic approaches for classification of recordings with abnormal 

sounds, such as S3 and S4, and heart valve disorders.  

Overall, this thesis presented algorithms that can assist the automatic identification of 

cardiac abnormalities using cardiac auscultatory recordings. A supervised learning-based 

approach was utilized to classify heart sounds signals using true features extracted from labelled 

segments. A novel feature set that showed the greatest ability in differentiating normal 

recordings from abnormal recordings of different cardiac conditions, acquired in real settings 

was also presented. The results achieved in this work were compared with the recent works in 

this field and it was found that the presented algorithms showed improved performance, 

measured in terms of classification accuracy. Due to the underlining importance of long term 

monitoring for automatic early-stage detection of cardiac abnormalities, such as atrial 

fibrillation, in which events happen scattered in time; apart from signals available from the 

different open access databases, the approach presented was tested using signals recorded from 

subjects with and without cardiac diseases, in real-world conditions for 5 minutes from four 

auscultation sites. As features may vary with the signals they are tested on, the robustness of 

the approach was tested using different databases with varying recording conditions. The 

algorithms created in this thesis can potentially be used together with wearable systems for 

long-term monitoring using cardiac acoustics signals.  
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7.2 Further Work  

Although the results achieved in this work showed improved performance compared to the 

previous works reported in literature, for automatic analysis and classification of cardiac sounds 

in real world conditions, there are a few avenues that could be explored in the future to improve 

the applicability and performance of the presented algorithms.  

Cardiac acoustic recordings are heavily corrupted by noise and artifacts, mostly when used 

in uncontrolled non-clinical settings. It is because of this that there are many challenges which 

need to be overcome prior to having a truly wearable automated system for identification of 

cardiovascular diseases. Hence, one area of work should focus on looking at ways to minimise 

the unexpected noise/erroneous signals in the recordings.  

 Although there has been some work into extracting different characteristics of heart sounds 

in controlled conditions, hardly anything has been done when it comes to real settings, 

especially for sounds such as third and fourth heart sounds (S3 and S4), and artifacts. Controlled 

conditions experiments might be adequate for systems that are going to be used in clinic. But, 

to develop a system which could be used by the patient him/herself, any signal processing 

research going beyond the fundamental proof of concept needs to be done in real-life signals. 

For this reason, a large database of signals needs to be collected in real settings, and also from 

different auscultation sites.  

This work could also be extended to a wider variety of pathological sounds. For instance, 

sounds due to the split components of S1 and S2, which emerge as an indicator of different 

valvular abnormalities, could be studied. The findings of this work can help in evaluating the 

split intervals (interval between M1-T1 in S1 and A2-P2 in S2) due to the mechanical activity of 

the heart during different cardiac conditions, which vary significantly within a subject and 

across subjects. The non-availability of a standardized database with a large number of cardiac 

acoustic recordings with marked locations of subcomponents of S1 and S2, using a reference 

ECG signals as a gold standard, also currently limits the extension of this work in this direction. 

Finally, the complexity of the algorithms would need to be optimized, taking into account 

specific system level constraints.   
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Appendices  

Appendix A: Pathophysiology of Normal and Abnormal 

Heart Sounds 

Heart Sounds Frequency Range 
Qualitative sounds 

characteristics 

Duration/location in 

the cardiac cycle 
Cause Description 

First heart sound 

(S1) or lub sound 

10-200 Hz  

(lower pitch than 

S2) 

Dull and prolonged 
0.12-0.15 seconds  

(longer than S2) 

Closure of the atrioventricular 

valves 

Composed of M1 and T1 

components  

Second heart 

Sound (S2) or dub 

sound  

20-250 Hz  

(higher pitch than 

S1) 

Sharp and short 
0.08-0.12 seconds 

(shorter than S1) 

Closure of the semilunar 

valves (at the end of systole) 

Composed of A2 and P2 

components  

Third heart sound 

(S3) 

25-70 Hz 

(very low 

frequency, lower 

pitch than S1 and 

S2) 

Soft and thudding 

quality 

≈0.04 s, early-diastole 

(140-220 ms after S2) 

Early diastolic filling of the 

ventricle by blood rushing in 

from the atria 

Due to the excess blood 

volume in the ventricle (left 

ventricle failure), benign in 

children and in pregnancy 

Fourth heart sound 

(S4) 

15-70 Hz  

(lower than S3, low 

pitch) 

Weak and rumbling, 

less loud than S1 or S2  

Late-diastolic/pre-

systolic, slightly before 

S1  

Diastolic dysfunction because 

of the stiff ventricle  

Due to atrial contraction, 

manifests coronary heart 

disease 

G
al

lo
p
 

Ventricular (S3 

gallop rhythm) 
15-50 Hz 

(very low 

frequency, low 

pitch, short and 

faint) 

  

Galloping rhythm, lilt, 

trot or canter quality 

≈ 0.15 s after S2, early-

diastole 

During S3 due to rapid 

deceleration of blood flow into 

the ventricle 

Gallop rhythms indicates 

serious myocardial 

dysfunction 

Atrial (S4 

gallop rhythm) 

≈ 0.08 – 0.20 s just 

before S1 

During S4, due to decreased 

ventricular distensibility 

S4-S1 may be confused with 

a split S1 

Summing (both 

S3 and S4 

gallops) 

Quadruple rhythm, 

loud sound 
During diastole period 

Both S3 and S4 are 

superimposed  

Occurs with the 

improvement of heart 

failure 

M
u

rm
u

rs
 

IM  

120-250 Hz  

(mid-range 

frequency, high 

pitch)  

 

Whooshing, roaring, 

turbulent fluid noise 

Mostly in early-

systole, short duration    

Due to the turbulent flow of 

the blood which may occur 

inside or outside the heart 

Frequently heard in 

children and during 

exercise, position 

dependent 

SM 

Up to 600 Hz 

 (frequency range 

usually lower than 

DM, high pitch) 

  

Rasping and blowing, 

usually crescendo-

decrescendo 

Early-, mid-, late- or 

holo-systolic  

Mechanical systolic and 

ventricular ejection 

Includes PS, AS, ASD, 

HOCM, MI, TI, MVP, PDA 

and VSD 

DM 
Up to 600 Hz 

(high or low pitch)  

Puffing and rumbling 

quality, usually 

decrescendo 

Early-, mid- or late- 

diastolic 

Ventricular relaxation and 

filling 

Difficult to hear, Includes 

PI, AI, MS, TS 

Opening snaps 

100-800 Hz 

(high pitch)  

Snapping sound During diastole period  Inspissating of valve leaflets 
The sudden opening of the 

stiff mitral valve  

Rubs 
Scratching, harsh, 

creaking sound 

Loudest in systole and 

can be heard in 

beginning and end of 

diastole 

Friction between layers, 

abrasion of pericardial 

surfaces  

Depends on the body 

position and breathing  

Clicks Short and loud 

Very early systole, 

mid-systolic click, may 

be immediately after S1 

Due to the opening of a rigid 

and calcifies aortic or 

pulmonary valve   

Includes AEC, SEC, 

mechanical valve click, or 

prosthetic valve click 



 

169 

 

*Information regarding frequency range and timings from [8], [13], [37], [273]–[275] 

Note: IM: innocent murmurs, SM: systolic murmurs, DM: diastolic murmurs, PS: pulmonary stenosis, AS: aortic stenosis, ASD: atrial septal defect, 

HOCM: hypertrophic obstructive cardiomyopathy, MI: mitral insufficiency, TI: tricuspid insufficiency, MVP: mitral valve prolapse, PDA: patent 

ductus arteriosus, VSD: ventricular septal defect, PI: pulmonary insufficiency, AI: aortic insufficiency; TS: tricuspid stenosis, MS: mitral stenosis; 

AEC: Aortic ejection click, SEC: systolic ejection click.  

 



 

170 

 

Appendix B: Databases used for Validation of Algorithms for 

Heart Sounds Analysis 

R
ef

er
en

ce
 

Source 

Type of 

sound/ # 

Subjects 

# 

recordings 

Age 

(Mean 

±SD) 

years 

Gender 

(M/F) 
Sensor 

Sensor 

position 
Format 

Total 

participant

s S
am

p
li

n
g
 

ra
te

 

F
re

q
u
en

cy
 

b
an

d
 Duration 

(Seconds

) 

Comments 

(a) Public heart sounds databases  

[8], 

[20], 

[22] 

PhysioNet 

database 

(Computing 

in Cardiology 

Challenge 

2016) 

Normal and 

pathological 

sounds  

4,430 

records 

(including 

training 

and test 

sets) 

Variable Variable Variable Variable Variabl

e 

1297 

(1072 

included 

for 

training 

and test 

dataset) 

Variable Variable 5-120 s 

each 

Open access 

database, 

comprises nine 

databases, 

performance of 

dataset reported 

in [21], [31] 

[32], 

[33] 

MITHSDB 

(collectively 

from [32], 

[33]) 

Normal (38) 
117 

records 

- - 

Welch Allyn 

Meditron 

stethoscope 

(Skaneateles, 

USA) 

9 different 

positions and 

orientations 
- 121 44.1 Hz 

20 Hz-

20k Hz 

9-37 s 

each 

(33±5 s) 

Simultaneously 

recorded with 

ECG, MITHS 

database 

included in [8]  

IM (34) 
118 

records 

MVP (37) 
134 

records 

AD (5) 17 records 

MPC (7) 23 records  

[34], 

[35] 

AADHSDB 

(collectively 

from [34], 

[35]) 

Normal (121) 
544 

records 
- 93M/58F ‡ 

4th ICS at the 

left sternal 

border on the 

chest 

- 151 4 kHz 
20 - 

1000 Hz 
8 s each 

AADHS 

database 

included in [8]  CAD (30) 
151 

records 

[39] 

UHAHSDB 

(database in 

PhysioNet 

[20]) 

Normal (25)  39 records 
18 to 40 

years - Prototype 

electronic 

stethoscopes 
- 

WAV 

format 
55 8 kHz - 

6-49 s 

each 

UHAHS 

database 

included in [8] 
Pathological 

sounds (30) 
40 records 

44 to 90 

years 
20M/10F 

[36] 

AUTHHSDB 

(database in 

PhysioNet 

[20]) 

Normal (11) 11 records  
29.3±10.

7 
4M/7F 

Custom-made 

electronic 

stethoscope  

Auscultation 

for valve 

murmurs & 

apex area 

WAV 

format 
45 44.1 Hz 4 kHz 

10-122 s 

each (50 

± 26 s) 

AUTHHS 

database 

included in [8] 
MR (17) 17 records  

75.3±10.

2 
6M/10F 

AS (17) 17 records  76.1±7.2 6M/10F 

[37], 

[38] 

TUTHSDB 

(collectively 

from [37], 

[38]) 

Normal (28) 

and 

pathological 

(16)  

174 

records - - - 

Aortic, 

pulmonic, apex 

and tricuspid 

positions 

- 44 4 kHz - 
15 s each 

position  

TUTHS database 

included in [8] 

[40]–

[43] 

DUTHSDB 

(database in 

PhysioNet 

[20]) 

Normal (174) 
338 

records 

4 to 35 

years (25 

± 3 

years) 

172M/2F 
Microphone 

sensor (MLT201) 

or piezoelectric  
Various sites 

WAV 

format 509 

8 kHz – 

22050 

Hz 

 Variable  

 209 ± 78 

s each 

DUTHS database 

included in [8] 

CAD (335) 
335 

records 

10 to 88 

years (60 

± 12 

years) 

108M/22

7F ‡ 
Mitral site at 

the chest 
8 kHz 

17 ± 12 s 

each 

[44]  

SUAHSDB 

(database in 

PhysioNet 

[20]) 

Normal (79) 

and 

pathological 

(33) 

114 

records  

16 to 88 

years (56 

± 16 

years) 

43M/69F An electronic 

stethoscope  Apex - 112 

8 kHz, 

44.1 kHz 

and 384 

kHz 

20-1000 

Hz 

30-60 s 

(33 ± 5 

s) each 

SUAHS database 

included in [8] 

[8]  

SSHHSDB 

(database in 

PhysioNet 

[20]) 

Normal (12) 

and 

pathological 

(23) 

35 records  - - - 2nd intercostal - 35 8 kHz - 
15-69 s 

(36 ± 12 

s) each 

SSHHS database 

included in [8] 

[8] 

SUFHSDB 

(database in 

PhysioNet 

[20]) 

Fetal (116)  
119 

records - - 
An electronic 

stethoscope (GS 

Technology Co. 

Ltd, South Korea) 
- 

8 kHz 

and 

44.1 

kHz 

225 

8 kHz 

and 44.1 

kHz 

20-1000 

Hz Average 

90 s each 

SUFHS database 

included in [8] Maternal 

(109) 
92 records 

29 ± 6 

years 109F - 

[13] 
Daniel 

Manson 2000 

Normal and 

pathological 

sounds   

Over 180 

records - - - - 
WMA 

format - - - Variable  

Book with CD 

recordings, 

reported in [84] 

[23] 

The 

PASCAL 

database 

(CHSC 2011) 

Dataset A: 

Normal, 

murmur, 

EHS & 

artefact  

176 

records 

- - 

† 

- 
WAV/ 

aif 

format 
- 

44.1 kHz 

- 
1-30 s 

each 

Segmented data 

with S1 and S2 

location, reported 

in [102], low-

pass filtering at 

195 Hz 

Dataset B: 

Normal, 

murmur and 

extrasystole  

656 

records ‡ 4 kHz 

[24] 

OMHSML 

(The 

University of 

Normal and 

pathological 

sounds 

23 records - - Stethoscope  

Apex, aortic 

and pulmonic 

area 

MP3 - 44.1 kHz - 
Total of 

1496.8 s 

Reported in [46], 

[48] 
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Michigan 

database) 

[25] 

CAHMDB 

(eGeneral 

Medical Inc. 

database) 

Pathological 

and non-

pathological 

64 records - - - - 
WAV 

format - 11/8 kHz - 

Total of 

338 s (1-

10 s 

each) 

Requires 

permission, 

reported in [8], 

[78], [80], [276] 

[26] 

Heart sound 

library by 

Thinklabs 

Normal and 

pathological  
41 records  - - 

Thinklabs 

stethoscope - - - - - Variable 
Available online, 

reported in [46] 

[27] 

Texas Heart 

Institute 

database 

Pathological  

(50) 

(information 

from [82]) 

50 records  - - Stethoscope - MP3 - 44.1 kHz - Variable 

Database 

reported in [82],  

more information 

in [277]  

[28] BHSD 
Normal and 

pathological  
25 records - - - - 

WAV 

format - - - 
Total of 

49.94 s 

Online available, 

reported in [95]  

[29] 
CARD 

database 

Normal and 

pathological  
Variable - - 

Hewlett Packard 

21050A 

microphone 
- 

MP3 

format - - - 20 s each 

Login required to 

access database, 

ECG records 

available, 

reported in [95], 

[72] 

(b) Heart sounds recorded by researchers (not available freely) 

[32] Syed 2003 

Normal (30) 

and MVP 

(21) 

102 

records  - - - 
Apex and left 

lower sternal 

border 
- 51  44.0 Hz - - 

Simultaneously 

recorded EKG 

signals, included 

in [8] 

[33] 
Sayed et al 

2007 

Normal 

murmurs 

(15), MR 

(11) and 

normal (13)  

39 records - - ⁑ 
Left apex and 

left parasternal  - 39 44.1 Hz 4096 Hz 
30-40 s 

each 

Simultaneously 

recorded ECG 

signals, included 

in [8] 

[34] 
Schmidt et al 

2010 

Normal (13) 

and 

pathological 

(100) 

73 records - - 
‡ (handheld 

stethoscope)   

4th ICS at the 

left sternal 

border on the 

chest 

- 

40 

(training 

data) and 

73 (test 

data) 

4 kHz - 8 s each 

Without ECG 

signals, database 

included in [8] 

[35] 
Schmidt et al 

2015 

Non-CAD 

(70) and 

CAD (63) 

231 (Non-

CAD) and 

204 

(CAD) 

60.1±9.9 

(Non-

CAD) & 

66.1±10.

7 (CAD) 

35M/35F 

(Non-

CAD) & 

47M/16F 

(CAD) 

‡ 

4th ICS at the 

left sternal 

border on the 

chest 

- 133 4 kHz 
20-1000 

Hz 8 s each 

Unsupervised, 

database 

included in [8] 

[36] 

Papadaniil 

and 

Hadjileontiad

is 2014 

Normal (14) 
11 (698 

cycles) 

29.3±10.

7 
4M/7F 

Electronic 

stethoscope 

Auscultation 

for valve 

murmurs & 

apex area 

WAV 

format 52 44.1 Hz 4 kHz 
10-122 s 

each 

AUTHS database 

included in [8] 
MR (19) 

16 (827 

cycles) 

75.3±10.

2 
6M/10F 

AS (14) 
16 (1077 

cycles) 
76.1±7.2 6M/10F 

[37] 

Naseri and 

Homaeinezha

d 2013 

Pathological 

(AS, AR, 

MS, MR) 

(50) 

50 records 
48 years 

(average) 
25M/25F ‡ 

Aortic, 

pulmonic, apex 

and tricuspid 

positions 

- 50 4 kHz 700 Hz 

Total of 

52 

minutes  

TUTHS database 

included in [8] 

[38] 
Naseri et al 

2013 

Normal and 

pathological 

(AS, AR, 

MS, MR) 

63 normal 

and 63 

pathologic

al  

- - ‡ 

Aortic, 

pulmonic, apex 

and tricuspid 

positions 

- - 4 kHz - 

2 

minutes 

each 

TUTHS database 

included in [8] 

[39] 
Moukadem et 

al 2013 

Normal 40 records 
18-40 

years 
- 

Prototype 

electronic 

stethoscopes 
- 

WAV 

format - 8 kHz - 
6-12 s 

each 

UHAHS 

database 

included in [8] 
pathological 

sounds  
40 records 

44 to 90 

years 

[40] Li et al 2011 
Normal and 

pathological  

27 cardiac 

cycle - - - Mitral site - - 2 kHz - 
≈ 9 s 

each 

DUTHS database 

included in [8] 

[43] 
Tang et al 

2012 

Normal (3) 

and 

pathological 

(23) 

26 records - - 

Vibration 

(piezoelectric) 

sensor 

Mitral site - 26 2 kHz 
Below 

600 Hz - 

Simultaneously 

recorded with 

ECG, DUTHS 

database 

included in [8] 

[48] 
Sun et al 

2014 

Normal (45) 
3390 s of 

CHD, 

3940 s of 

RHD and 

600 s of 

normal 

HSs 

- - ‡ Tricuspid site - 121  44.1 kHz 
20 – 20k 

Hz 

600 s 

Michigan HSs 

database [24] 

also considered 

for validation 

ASD (14) 620 s 

F4 (7) 270 s 

PDA (10) 550 s 

VSD (33) 1290 s 

Mixed CHD 

(12) 
660 s 

RHD 3940 s 

[106] 
Amit et al 

2009 

HSs with 

alternating 

breath 

resistance 

10 records 29±12 y 8M 

- - - 

12  

- 
20-250 

Hz 

40 s each Single-lead ECG 

Pharmacologi

cal stress data - 60±14 y 11M 11  

30-45 

minutes 

each 

Dobutamine 

stress 

echocardiograph

y 

[19] Ari et al 2008 Normal 71 records 71  
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Nine 

different 

pathological 

sounds 

No age 

group 

associate

d 

- ‡ and ⁑ - 
WAV 

format 

8, 11, 22 

& 44.1 

kHz 

Below 

150 Hz - 
ECG signals for 

validation 

[74] 
Gupta et al 

2007 

Normal and 

murmurs 

340 HSs 

segments  - - - - - 41   8 kHz 4 kHz - 
No ECG 

information used 

[52] 
Javed et al 

2006 

Pathological 

sounds  
40 records 

16 to 79 

years - ‡ - 

.e4k 

and 

WAV 

format 

40  8 kHz - 8 s each Unsupervised 

[133] 
Turkoglu et 

al 2003 

Normal (95) 

and 

pathological 

(120) 

215 

records 

15 to 80 

y 

(average 

48.77 y) 

132M/83

F 

Acuson Sequoia 

512 Model 

Doppler 

Ultrasound 

system 

Chest - 215 20 kHz 
0.5-10 

kHz 
5 s each 

Doppler HSs 

signals 

[143] 
Safara et al 

2013 

Normal (16) 

and 

pathological 

(43)   

59 

records, 

804 heart 

cycles 

- - 

Welch Allyn 

Meditron and 

ECG analyzer, 

Meditron 

- - - 4 kHz - 15 s each 
ECG is recorded 

simultaneously 

[138] 
Banerjee and 

Mondal 2015 

Pathological 

(60) 

- - 

45M/16F 

⁑ - 
WAV 

format 
86 8 kHz 2 kHz - 

Recordings in 

sitting and 

relaxed 

conditions 

Non-

pathological 

(60) 

15M/10F 

[64] 
Iwata et al 

1980 

N (60), FM 

(40), MI (32), 

AI (38), ASD 

(9), & VSD 

(8) 

187 

samples, 

881 

cardiac 

cycle 

- - 

4-channel PCG 

(Fukuda Densi 

EMR60SD) 

Cardiac apex 

area 

Magnet

ic tape 
69 2 kHz 880 Hz - 

Supervised (ECG 

and PCG are 

recorded) 

[135] 
Zheng et al 

2015 

Normal (88) 88 records 

18-60 y 

(mean 

35.64±7.

5) 

44M/40F 
Color Doppler 

Ultrasound 

medical machine 

(Vivid-7, GE 

company, USA) 

and PCG signals 

Apex - 152 
11025 

Hz - 

One 

minute 

each 

Unsupervised 

CHD patients 

(64) 
64 records 

38-70 y 

(mean 

61.56±9.

7) 

36M/28F 

[142] 
Zhang et al 

2014 

N (225) and 

abnormal 

(180) (MS 

(60), VSD 

(60) & AS 

(60)) 

405 (225 

(N) and 

180 (AN)) 
- - 

Phonocardiogram 

sensor 
Precordium - 405 

11025 

Hz 
2205 Hz - Unsupervised 

[76] 

Guillermo et 

al  

2015 

Pathological 

and non-

pathological  

92 cardiac 

cycles (38 

(PI) and 

54 (TI)) 

- - Microphone - - - 8 kHz 
30-600 

Hz 
15 s each Unsupervised 

[278] 
Elgendi et al  

2014 

Pathological 

and normal - 

3 months 

to 19 

years  

12M/15F ‡ 

Cardiac apex 

and 2nd 

LICS 

WAV 

format 
27  4 kHz - 

Over 20 

seconds 

each 

Supervised 

[71] 
Hassani et al 

2014 

N (5), VSD 

(36), ASD 

(12) & ASD 

and VSD (6), 

TOF (10), PS 

(10) & 21 

others 

100 

records 

(14,000 

cardiac 

cycles) 

1-26 y - - - - 100 44.1 kHz 
Below 

800 Hz - Unsupervised 

[125] 
Choi and 

Jiang 2010 

N (6) and 

pathological 

(34) (AF, AI, 

AS, MR, MS 

and Split) 

196 (N) 

and 293 

(AN) 

records 

30±14 y 

(N), 

47±19 y 

(AN) 

- 
Electronic 

stethoscope  

Four 

auscultation 

sites  
- 40 8 kHz 700 Hz 12 s each Unsupervised 

[45] 

Zhang et al 

2017 

(The Pascal 

CHSC 2011) 

N (45), M 

(48), EHS 

(27) and 

artefact (56) 

176 

records 

- - 

† 

- 
WAV 

format - 

44.1 kHz 

2 kHz - Unsupervised 
N (336), M 

(105), 

extrasystole 

(66) 

507 

records ‡ 4 kHz 

[70] 
Springer et al 

2016 

Normal (38), 

MVP (37), 

IM (36), AD 

(5), MPC (7)  

S1: 12181 

and S2: 

11627 
- - ⁑  

Parasternal, 

apical, aortic, 

and pulmonic 
- 123   44.1 kHz 1 kHz 

Total of 

10172 s  

Verified using 

ECG 

[165] 
Turkoglu et 

al 2003 

Normal and 

pathological 

(AV and 

MV)  

215 

records 

15-80 y 

(average 

48.77 y) 

132M/83

F 

Acuson Sequoia 

512 Model 

Doppler 

Ultrasound 

system 

- - 

92 for 

training 

and 123 

for testing   

20 kHz 500 Hz 5 s each 
Doppler HSs 

signals  

[157] Uǧuz 2012 

Normal (40), 

PS (40) and 

MS (40)  
- 4-65 y 55M/65F ‡ - 

e4k/ 

WAV 

format 

120 8 kHz - - Unsupervised  

[95] 
Varghees and 

Ramachandra

Normal heart 

sounds 
25 records  - - Microphone  - - - 2 kHz 800 Hz - 

Databases from 

other sources 
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n 2017 

(AUHSD) 

also used for 

validation  

[89] 
Kang et al 

2017 

Innocent 

murmurs (87) 

and 

pathological 

murmurs 

(170)  

257 

records 

(1212 

cycles) 

- - ‡ 

RUSB, LUSB, 

LMSB, LLSB 

and apex 
- - 8 kHz 

40-500 

Hz 

3-8 s 

each  
Unsupervised  

* iStethoscope is indicated with symbol ‘†’, electronic stethoscope 3M Littmann is indicated with symbol ‘‡’ and Meditron (NY, USA) stethoscope with symbol ‘⁑’ 

Note: N: normal heart sounds, M: murmurs, EHS: extra heart sounds, CAD: coronary artery disease, CHD: congenital heart disease, EAS: early aortic stenosis, LAS: late aortic 

stenosis, FM: functional murmurs, MI: Mitral insufficiency, AI: aortic insufficiency, ASD: Atrial septal defect, VSD: Ventricular septal defect, PCHSC: Pascal classifying heart 

sound challenge, IM: innocent murmurs, MPC: miscellaneous pathological condition, AD: aortic disease, LICS: left intercostal space, ICS: intercostal space, MVP: mitral valve 

prolapse, AS: aortic stenosis, AR: aortic regurgitation, MR: mitral regurgitation, MS: mitral stenosis, RUSB: right upper sternal border, LUSB: left upper sternal border, LMSB: 

left middle sternal border, LLSB: left lower sternal border. AUHSD: Amrita University heart sounds database, TOF: tetralogy of Fallot, AF: atrial fibrillation, MITHSDB: The 

Massachusetts Institute of Technology heart sounds database, AADHSDB: The Aalborg University heart sound database, AUTHHSDB: The Aristotle University of Thessaloniki 

heart sounds database, UHAHSDB: The University of Haute Alsace heart sounds database, TUTHSDB: The K N Toosi University of Technology heart sounds database, 

DUTHSDB: The Dalian University of Technology heart sound database, SUAHSDB: The Shiraz University adult heart sounds database, SSHHSDB: The Skejby Sygehus 

Hospital heart sounds database, SUFHSDB: The Shiraz University fetal heart sounds database.  



 

174 

 

Appendix C: Summary of Heart Sounds Segmentation 

Methods and their Performance Comparison 

Y
ea

r 

R
ef

er
en

ce
s 

Segmentation 

Methods 
Signal Type 

#
 S

u
b
je

ct
s Records 

(# and 

duration 

in 

seconds) 

Cardiac 

Cycles (or 

periods) N
o
is

e 

to
le

ra
n
ce

 

S1 S2 S3 S4 

M
u
rm

u
rs

 Performance 

Comments 

Se (%) PPV (%) 
Accuracy 

(%) 

Envelope analysis 

2018 [90] 

Shannon 

envelope and 

threshold 

adjustment  

Normal (1) and 

pathological (4)  
5 5 records  - - • • • • - 98.1 - - 

Only detection of sounds 

S1 to S4 was reported, 

validated with a limited 

number of recordings.  

2017 [95] 

Shannon entropy 

envelope and 

instantaneous 

phase 

Normal and 

pathological  

Databases from [23], [8], [25], 

[28], [24], [29] and HSs, 

Littmann HSs, WHSMD and 

AUHSD (Total 278 records) 

SNR 

10 dB • • • • • 
N: 94.38, 

M: 97.58  

N: 97.25, 

M: 96.46 

N: 91.92,  

M: 94.21 

Information was extracted 

after splitting signals as 

low frequency and high 

frequency signal contents   

2017 [89] 
Shannon energy 

envelope  

Normal   

- 
257 

records 

627 cycles 

- • • - - • 
N: 99.2, 

PM: 89.3 

N: 99.2, 

PM: 96.4 - 
Recordings form children, 

murmurs were segmented, 

assumption   

Innocent 

murmurs 
376 cycles 

Pathological 

murmurs 
209 cycles 

2017 [45] 

Scaled 

spectrogram and 

PLSR 

Normal, 

murmurs and 

extrasystole 

sounds 

Datasets A & B (176 & 507) 

records, database from [23] - - - - - • - - - 

PLSR for identifying most 

relevant features, only 

heart cycles were 

identified 

2015 [46] CSCW envelope Pathological 

11 (AF) 

- 

152 periods 

- • • - - - - - - 

AF, AR, MR, PS, VSD 

and normal sounds were 

identified (Classification 

accuracy was reported) 

15 (AR) 169 periods 

22 (MR) 231 periods 

20 (N) 268 periods 

6 (PS) 138 periods 

2014 [47] 
Moving 

windowed HT 

Normal and 

VSD HSs 

16 

healthy 

and 37 

VSD 

patients 

242 (N) 

and 226 

(VSD) 
- - • • - - • 98.8 - -  

VIM for heart sounds 

envelope analysis, CA: 

98.4, higher sensitivity 

than threshold based 

methods  

2014 [48] STMHT 

Normal 45 600 s 

- - • • - - - - - 

S1: 98.53, 

S2: 98.31, 

Cycle: 

97.37 

Unsupervised, using 

Hilbert transform and the 

Viola integral waveform 

method  

CHD 76 3390 s 

RHD - 3940 s 

Database [24] 23 1496.8 s 

2013 [39] 

Shannon 

envelope using 

S-transform 

Normal (40) 

- 

80 

records 

(6-12 s) 
- - • • - - - 

96 
95 (using 

SSE) - 
Localization tolerance is 

absent, unsupervised 
Pathological 

(40) 
97 

2010 [49] 

CSCW (based on 

variance on PCG 

timing scales) 

Normal and 

pathological - 

9 records 

(≤ 5 s 

each) 
- - • • - - • - - 99.11  

Results validated using a 

very small dataset, Viola 

integral method applied 

2009 [50] 

Short time 

spectral energy 

& autoregression 

characteristics 

Normal (20) 

120 
Total of 

1200 s 
823 cycles - • • - - - - - 93.6 

Pediatric heart sounds 

segmentation,  Abnormal (40) 

2008 [51] 
CSCW (also 

reported in [6]) 

Normal and 

abnormal 
- - 500 cycles - • • - - - - - 

N: 100 and 

AN: 88.2 

(MODSG2

) 

CSCW achieved higher 

accuracy compared to 

Shannon envelope and 

Hilbert envelope   

2006 [52] 

Normalized 

average Shannon 

energy 

Pathological 

and non-

pathological 

40 8 s each 

120 

systolic 

periods 
- • • - - • - - - 

Patients aged between 16-

79 years were considered, 

Segmentation results were 

not found 

1997 [53] 

Normalized 

average Shannon 

energy 

Pathological 

(14) & 

physiological 

(23) 

- 
37 

records 
515 periods - • • - - - - - 93.00 

No individual S1 and S2 

identification reported  

ECG pulse reference based methods 

2017 [54] 

Probability 

analysis for 

feature extraction 

Normal and 

abnormal 
PhysioNet database  [8] - • • - - - 76.96 - - 

ECG based segmentation 

using R-R interval 

estimation, CA: 84.11% 

2011 [55] 
Joint ECG and 

PCG signals 

Normal  

120 

120 

records 

(Each 10 

s) 

1976 cycles - • • - - - - - 
S1: 97.00, 

S2: 94.00 

Results are reported for 

paediatric HSs 

segmentation 
Pathological 

(80) 

2011 [57] Using MMP 

Normal (35) 

70 Each 10 s - - • • - - • - - - 

ECG recorded 

simultaneously, CA: 92.5% 

(using MMP classifier)   
Pathological 

murmurs (35) 

2009 [58] Normal (50) 148 360 beats 100 92.0 
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Fractal features 

for segmentation 
Murmurs (98) 

164 

records ≤ 

8 s 
- • • - - • - 

Intra-beat segmentation 

(ECG records)  

2006 [59] 
Feature selection 

with ECG signal 

Valvular heart 

patient 
36 

15 s for 

each 

subject 

445 cycles - - - - - • - - - 
207 features extracted, CA: 

86 (For MI, AS and PM) 

2005 [60] 

R- and T-waves 

of ECG as 

reference 

Data from 

known cardiac 

defects 

300 
40-45 s 

each - 
SNR > 

40 dB • • - - • - - 
S1: 100,  

S2: 97.00 

ECG gating applied, 

STFT, sounds form 

children 

2001 [61] 
Matching pursuit 

method 

Normal and 

abnormal 

15 (each 

for N & 

AN 

BMV) 

- - - • - - - - - - - 

ECG signals are also 

recorded at 500 Hz, CA: 

93.00%, no segmentation 

results founds 

1992 [62] 
Microcontroller 

based HSs gating 
Pathological  19 - - - • • - - - - - - 

Gating device for medical 

imaging 

1987 [63] 
ECG and carotid 

pulse based 

Normal and 

pathological 

5 

healthy 

and 20 

CVD 

patients 

94 

signals 

(10 s) 
- - • • - - - - - - 

Systolic and diastolic 

segmentation 

1980 [64] 

Segmentation 

using spectral 

tracking 

Pathological 

and non-

pathological 

60 (N), 

40 

(FM), 

32 (MI), 

38 (AI), 

9 (ASD) 

& 8 

(VSD) 

- 

187 

samples 

with 881 

cardiac 

cycle 

- • • - - - - - - 
Zero-crossing positions are 

used for identification 

Probabilistic models 

2017 [67] 

Modified 

Springer’s 

method  [70] 

Normal and 

pathological  
PhysioNet database [8] - • • - - - 

Se: 91.38 

(best) - - Segmentation using CQA 

2017 [68] 

Springer’s 

HSMM and 

Viterbi decoding 

Normal and 

pathological 
PhysioNet database [8] - • • - - - - - - 

Manual segmentation of 

HS signals 

2017 [69] 

Duration-

dependent 

HSMM 

Pathological 

and non-

pathological 

PhysioNet database [8] - • • - - - - - 
79.30 (all 

dataset) 

Segmentation algorithm by 

Springer et al [70] 

2016 [70] 

Logistic 

Regression-

HSMM 

Normal and 

pathological 
123 

10172 s 

(total) 

S1: 12181 

S2: 11627 - • • - - - 
95.34 

±0.88 

95.92±0.

83 
92.52±1.33 

HSMM performed better 

than HMM, error rate 0.23 

with Shannon energy 

2014 [71] 
HF for 

segmentation 

Normal and 

pathological 

100 (N 

and AN) 

100 

records 

14,000 

cardiac 

cycles 
- • • - - - 

S1: 80.3 

S2: 77.5 

S1: 80.2 

S2: 77.6 - 

Time-domain intensity 

envelopes, results not 

suitable for clinical 

applications  

2012 [43] 
Dynamic 

clustering 

Normal and 

abnormal 

3 

healthy 

and 23 

patients 

26 

records 
565 cycles - • • - - - - - 

S1: 94.86,  

S2: 95.92 

Localization tolerance is 

absent, No split between 

training sets 

2012 [72] 
Hilbert-Huang 

Transform 

Normal and 

pathological 

800 records form 

CARDJHU [29] 

15 records 

with S3 and 

S4 
- - - • • - 

S3: 90.40, 

S4: 94.50 

S3: 90.4, 

S4: 85.5 - 
S1 and S2 were not 

identified 

2012 [73] 
HMM based 

segmentation 

N and 

abnormal  

80 (N) 

& 80 

(Abnor

mal) 

- - - • • - - • - - - 
HMM based segmentation, 

CA: 85.6% 

2010 [34] 
Duration-

dependent HMM 

Normal and 

pathological 
73 

113 

records 

(each 8 s) 
- - • • - - - 98.8 98.6 - 

HMM achieved 59.9% of 

Se and 54.8% of PPV for 

the same algorithm 

2007 [74] 
HF and k-means 

clustering 

Normal and 

murmurs 

sounds 

41 - 
340 HSs 

segments - • • - - • - - 

N: 99.09, 

SM: 85.47 

& DM: 

86.47 

Not suitable for high 

intensity murmurs [19], 

unsupervised 

2005 [65] 
HE and self-

organizing PM 

Normal and 

abnormal 
17 

44 PCG 

records 

(30-60 s) 
- - • • - - - 

S1: 98.6 

S2: 98.3 

S1: 96.9, 

S2: 96.5 - 

Extracted features from 

events are segmented using 

HMM 

2005 [66] HMM Clean and dirty 9 
46 files 

(~2286 s) - - • • - - - - - 98 

Shannon energy features 

are extracted for 

segmentation 

Feature-based Methods 

2017 [75] 

Identification of 

S1 and S2 using 

DNN 

Normal and 

abnormal 
28  - 

460 each S1 

and S2 HSs - • • - - - - - - 

Acoustic features using 

MFCC, CA: 91.12%, 

17M/11F were considered 

2015 [76] 

Detection of 

heart sound 

murmurs  

Pathological 

and non-

pathological  
- 

38 (PI) 

and 54 

(TI)  

92 cardiac 

cycles - • • - - • - - - 
Classification of murmurs 

only  

2015 [77] 

Energy fraction 

and entropy 

based features 

Normal (40) 

107 

80 (N) 

and 167 

(SHM) 
- - • • - - • 93.48 - - 

Unsupervised, Sp: 98.55% 

and CA: 97.17%  CVD patients 

(67) 

2014 [36] 
EEMD & 

kurtosis features 

N (11) and 

pathological 

(32) 

43 
43 

records 
2602 - • • - - - - - 

83.05±15.1

4 

HSS-EEMD/K achieved 

prediction power of 

94.56±6.58% 
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2014 [78] HSAD method 

Normal and 

pathological 

PCG 

Online available 

[25] (each less than 

10 s) 

701 

 

Up to 5 

dB 
• • • • • 99.43 93.56 93.95 

Tested with limited 

database, no stated 

segmentation tolerance 

2013 [37] 

Frequency-

energy based 

metric 

Different valve 

disease 
50 

Total of 

52 min - - • • • • • 99.00 98.60 - 
S3, S4 and murmurs were 

also investigated  

2008 [19] 

Clinical features 

for locating 

FHSs and 

murmurs  

Normal 

71 
71 

records 
357 cycles 

Up to 

25 dB 
• • - - • - - 

97.47 

(overall) 

Robustness analysis and no 

split between training sets, 

systolic and diastolic 

murmurs 
9 different 

pathologies 

Up to 

10 dB 

2005 [79] 

Complexity-

based 

segmentation 

Online database 

[25] - - - - • • - - • - - - 
No ECG gating used, not 

suitable for continuous 

murmurs. 

Time-frequency/wavelet analysis based methods 

2018 [101] 

Wavelet analysis 

and Shannon 

energy 

calculation 

Normal sounds 

and abnormal 

sounds  

230 

subjects 

230 

records  - - - • - - • - - - 
Statistical results for the 

segmentation were not 

found. 

2013 [82] 

Tunable-Q 

wavelet 

transform  

Pathological 

signals 
Database from [27] - • • • • • - - 

SR: 92.15 

(overall)  Envelope based on CSCW  

2011 [80] 

Time-domain 

analysis of 

pathological 

PCG signals 

Normal 

Database from [25] 

(6 records for each class) - • • • - • - - - 
Unsupervised, TFD 

analysis using RME 

EAS 

LAS 

PS 

MR 

2011 [81] ASSA approach 
Normal and 

pathological 
12 20 s each 8 segments - - - - - • - - - 

Welch Allyn Tycos 

stethoscope, only 

correlation estimation 

2008 [83] 

Wavelet 

transform for 

segmentation 

14 pathological 

HSs signals 

Data 

from 

two 

patients, 

online 

and CD 

book 

Each 

record of 

20 cycles 

140 cycles - • • - - - - - - 

Statistical results for the 

segmentation were not 

reported. 

2007 [84] 

Segmentation 

and feature 

extraction using 

wavelets 

Normal and 

pathological 

(AR) 

Database from [13] - • • - - - - - - 

Statistical results for 

segmentation were not 

reported.  

Learning based methods 

2014 [85] 

A system for 

heart sounds 

classification 

Normal and 

pathological 

Databas

e from 

[279] 

6 records 

for each 

class 

72 Signals - • • • • • - - 

S1: 94.63, 

S2: 97.25, 

S3: 96.63, 

S4: 96.66 

Pathological and non-

pathological signals are 

considered, No reported 

methods for segmentation 

2010 [41] 
Fuzzy detection 

method 

Normal (3) 

26 
26 

records 
565 cycles 

0 dB 

and -5 

dB 
• • - • • - - 

Best is 

94.0% for 

0 dB SNR 

Noise reduction technique 

applied 
Pathological 

(23) 

2008 [86] 
Fuzzy clustering 

approach 

Database from 

[25], Normal 

(5) and SM 

(15) 

- 
20 

records - 
-20 dB 

to 60 

dB 
- - - - • 73.0 - SM: 80.00 Sp: 100.00% was reported  

2002 [87] 
Time-delay 

neural network 

Normal and 

pathological 
30 Each 20 s - - • - - - - 98.4 97.8 - 

ECG (training) with time 

domain analysis 

*Note: PLSR: partial least squares regression, RHD: rheumatic heart disease, MMP: multivariate matching pursuit, CQA: cycle quality assessment, SR: segmentation rate, HMM: 

Hidden Markov model, MFCC: mel-frequency cepstral coefficient, PM: probabilistic model, HE: Homomorphic envelogram, HF: homomorphic filtering, DHMM: duration-

dependent hidden Markov model, WD: wavelet decomposition, CSCW: cardiac sound characteristic waveforms, STMHT: short-time modified Hilbert transform, SHM: systolic 

heart murmurs, ASSA: adaptive singular spectral analysis, RME: Rényi marginal entropy, BMV: bioprosthetic mitral valves, CARDJHU: cardiac auscultatory recording database 

of Johns Hopkins University, CA: classification accuracy, WHSMD: Washington heart sounds and murmurs database, VIM: Viola integral method, DNN: deep neural network. 
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Appendix D: Heart Sounds Feature Extraction Approaches 

for Analysis 

Year 

R
ef

er
en

ce
s 

Analysis/Transform Feature extraction methods Number of features Feature details/Characteristics Feature selection 

2018 [101] Wavelet analysis  Short-term windowing technique  8 features  
Time-domain and frequency-domain 

features  

Adaptive feature 

selection  

2018 [179] Wavelet analysis  Curve fitting and MFCC  34 features Wavelet and entropy features - 

2017 [102] TF analysis  
Tensor decomposition method on 

scaled spectrograms - Features from scaled spectrogram 
Tensor 

decomposition  

2017 [280] FFT and wavelet analysis - 2 types of features Spectral amplitude and wavelet entropy - 

2017 [45] TF analysis  
Feature extraction from scaled 

spectrogram - Scaled spectrogram features PLSR 

2017 [54] 
Frequency and statistical 

properties of envelope 

Statistical properties of averaged 

shapes for a different frequency 

band 

53 features (total 228 

features) 

Symmetry of line segments surrounding 

S1 and S2, skewness, kurtosis and centers 

of gravity, mean, SD and ratios 

Probability 

assessment 

2017 [67] 
Wavelet analysis (WPD and 

CWT) 
Feature extraction using CQA 

90-dimensional features 

vector 

4 set of features from the time, TF and 

perceptual domain 

Fisher’s discriminant 

analysis 

2017 [68] Wavelet analysis (WD) - 131 features 
Time, frequency, wavelet and statistical 

features 
CFS algorithm 

2017 [69] Wavelet analysis 
Time/frequency characteristics 

using ‘Gaus4’ mother wavelet 

220 (CWT), 400 

(MFCC), inter-beat (20), 

35 (Complexity) 

MFCC and complexity measurement 

(spectral entropy, SD, skewness, and 

kurtosis) 

PCA (50 features 

selected) 

2017 [75] 
TFD analysis using acoustic 

features  

k-mean algorithm (Euclidean 

distance) 

39 MFCCs (velocity and 

acceleration) features & 

264 acoustic features 

(Fbank) 

HSAD, MFCC and k-means - 

2017 [127] 
Time, frequency and sparse 

coding algorithm 

Sparse coding for unsupervised 

feature extraction 

20 TD features & sparse 

coding features 
Sparse coefficients, N-points FFT - 

2017 [129] TF analysis - - MFSC No 

2016 [144] Wavelet analysis WT 

20 features and some 

additional wavelets based 

features 

Duration of each cardiac state, mean 

amplitude and their ratios - 

2016 [91] Wavelet analysis (DWD) 
Diffusion maps for unified feature 

representation - Autocorrelation features - 

2016 [70] Wavelet analysis (DWT) WD - HE, Hilbert, wavelet and PSD envelopes 
Wavelet feature 

optimization 

2016 [103] T, F, TFD analysis - 40 features 
LPC, entropy, MFCC, PSD and wavelet 

based features   
WFSS (18 features)  

2016 [126] FD analysis  Power spectrum analysis 16 features using PSA - - 

2016 [153] FFT Clustering method 3,500 features Spectral features  
40 features selected 

using filter method 

2015 [46] Wavelet analysis STMHT based FFM 10-dimensional FFM FFM PCA 

2015 [76] Wavelet analysis Feature extraction algorithm 

36 features from diastole 

and systole of every 

cardiac cycle 

Dimensional features from segmented 

cardiac cycles - 

2015 [77] Wavelet analysis (WPD) 

EFSE evaluated from reconstructed 

selective frequency components of 

HSs 

5 features 
EFSE, Sampling frequency dependent 

features - 

2015 [132] TQWT 
SAMDF based feature set derived 

with TQWT - Wavelet-based features  - 

2015 [135] 
Wavelet analysis (wavelet 

packet) 
MF-DFA, MESE and EMD 5 features 

D/S, amplitude (S1/S2), Multifractal 

spectrum parameters, fPSDmax, adaptive 

sub-band energy fraction 
- 

2015 [35] EMD for IMF 

PSM, IF & amplitude, and power in 

frequency bands, sample & spectral 

entropy, simplicity and statistical 

moments 

5029 features within nine 

classes 

Spectral features, signal complexity 

features 
PCA 

2014 [47] 
Moving windowed Hilbert 

Transform) 
Envelope of HSs using VIM 4 features 

Envelope extraction, diagnostic features 

in TD and FD - 

2014 [36] EEMD and Kurtosis features EMD - EEMD and Kurtosis features - 

2014 [142] 
Ensemble Empirical Mode 

Decomposition (EEMD) 

EMD/EEMD and IMF correlation 

dimensions 
13 IMF components 

IMFs and correlation dimensions of the 

IMF components were used as feature sets - 

2014 [85] TF analysis 
Linear Predictive Coding 

coefficients for feature extraction 
12 different classes Spectral analysis for features  MCS algorithm 

2013 [39] S-transform SVD of S-matrix 70 features TFD features - 

2013 [37] TF and frequency analysis 
Short-time frequency amplifier 

technique 

2 frequency and 

amplitude features 
Frequency and amplitude based features - 

2013 [143] MLBS of wavelet features WPD 
448 nodes for feature 

extraction 
Frequency and TD features 

Exclusion criteria for 

feature reduction 
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2012 [73] TF analysis 
Murmur likelihood as temporal 

features 

39-dimensional features 

(best results) 

MFCC and HMM states likelihood 

features - 

2012 [131] Wavelet analysis 
Wavelet packet transformation 

using Daubiches8 
128 entropies  Wavelet entropy-based features PCA (32 features) 

2012 [281] Wavelet analysis 
Time-domain, wavelet features and 

entropy 
32 features 

Linear and nonlinear time-domain, 

wavelet and entropy features 

PCA, GDA and GA 

for feature selection 

2012 [157] DFT 
DFT and Burg autoregressive 

spectrum analysis  

300 DFT and 33 Burg-

AR features 
Frequency domain features 

PCA (8 DFT and 6 

Burg-AR features) 

2012 [158] Wavelet analysis (DWT) DWT for feature extraction 6 wavelet entropies TFD features Shannon energy 

2012 [148] DFT - - FD features PCA 

2012 [183] Wavelet analysis (CWT) SVD and QR decomposition  
83 features based on 

CWT, SVD, QRD 

Shannon entropy and the Gini index using 

WT 
SFFS 

2011 [81] TF analysis using FFT Adaptive singular spectral analysis - Correlation & kurtosis features - 

2011 [56] Wavelet analysis (DWT) - 32 features TF based features PCA 

2011 [57] Wavelet analysis 
MP and MMP based feature 

extraction - TF based features  - 

2010 [34] 
TF domain analysis using 

STFT 
HE for features extraction 

4 feature set of single and 

multi-feature 
Frequency & HE features - 

2010 [125] Wavelet analysis - 2 diagnostic features  
Frequency domain features (fmax and fwidth 

for NAR-PSD) - 

2010 [136] 
Feature extraction from TF 

representation 

Linear decomposition and tiling 

partition of TF plane 
851 features TF based features 

Linear grid, 

Quadtree, PCA, PLS, 

2D-PCA 

2010 [108] TF analysis Wavelet-based features - 
Clinical features (normal split sound 

duration, frequency content) - 

2010 [150] 

Spectrogram, WVD, SPWVD, 

CWD, ETD, HTD and 

scalogram 

TF representation  - 
MFCC, energy, frequency, BW, Eigen 

vectors, and spectral centroid  - 

2009 [106] TF analysis Hierarchical clustering 3500 features approx. 
Feature-space of cluster distances, 

correlation and Euclidean distance 

Clustering for feature 

reduction 

2009 [146] 
TF domain analysis using 

wavelet  
WD 100 scalar features 

4 (SD and HR), 8 (S1 and S2 each), 24 

(systolic), 48 (diastolic) & 8 (energy) 

scalar features 
- 

2009 [58] 
STFT, Gabor Transform, 

WVD, Wavelet transform  - 149 features  

T varying & TF, perceptual and fractal 

features (Eigenspace, MFCC, LLE, Hurst 

Exponent, Correlation Dimension) 

PCA 

2009 [282] Wavelet analysis  
Rectangular window and power 

content in the window 

50-dimensional feature 

vectors  

Power of the detailed coefficients in each 

segment with and without filtering 
Divergence analysis 

2009 [145] Wavelet analysis - 12 features 12 wavelet entropies - 

2009 [159] Wavelet analysis 
db4 decomposition filter within five 

resolution levels - Diagnostic features  - 

2008 [19] TD analysis - - 
Clinical features (duration of split-sounds, 

systole, and diastole, frequency) - 

2008 [151] Wavelet analysis and STFT STFT and WD 91 features  Wavelet entropy - 
2008 [134] Wavelet analysis (WPD) - 2 features Wavelet packet energy (mean and SD) - 

2008 [83] Wavelet analysis 
Wavelet transform for feature 

extraction  

50 features for each 

record 
Wavelet features Divergence analysis 

2008 [117] TD and STFT - 3 classes of features  TD, STFT and MFCC features - 

2007 [74] Wavelet analysis 
Daubechies-2 wavelet coefficient 

decomposition 
32 wavelet features Wavelet features 

HF and k-means 

clustering 

2007 [84] Wavelet analysis - 64 features Wavelet features - 

2007 [149] Wavelet analysis and STFT WD, STFT, wavelet entropy - 
Daubechies-10 WD, STFT & wavelet 

entropy - 

2007 [147] Wavelet analysis and STFT WD, STFT and wavelet entropy 91 features - - 
2006 [52] Spectral analysis SPWVD - FFT (spectrogram) - 

2006 [59] FFT, DWT, Wavelet analysis RQA 207 features 

Time, TFD, nonlinear and chos based 

features and HOS, state space, fractal 

dimension, bispectrum, wavelet entropy, 

fractals, Gaussian mixture model, 

Eigenvalues 

Pudil’s  

SFFS method 

2004 [15] Wavelet analysis (WD) - 
256 elements feature 

vector  
TF features - 

2003 [133] WPD and NN 
TFD adaptive feature extraction, 

WPNN 

256-Wavelet packet 

entropy per DHSs signal 
Wavelet packet entropy  - 

2003 [165] TF analysis using wavelets  WD and wavelet entropy 12 wavelet entropy values - 
Adaptive feature 

extraction  

2003 [166] TF analysis using wavelets   - 

336 feature vectors for 

the training set and 336 

feature vectors for the test 

set 

Wavelet-based features 
Divergence analysis 

(16 features) 

2002 [167] TF analysis using FFT 
FFT and the Levinson-Durbin auto-

regression - Spectral estimation Auto-regression  

2001 [61] TF analysis Matching pursuit 2 features Dominant frequency-based features   - 

1995 [168] TF using wavelet - 2 features  
Average correlations and Euclidean 

distance - 

1987 [63] TD and FD analysis  Energy spectrum analysis 4 EDC 
Energy curve, spectrum & distribution 

coefficients - 

1980 [64] 
Frequency domain spectral 

tracking 

Analysis using linear-prediction 

method - 
Spectral level tracking by evaluating 

spectral density function - 
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*Note: TF: time-frequency, TD: time-domain, FD: frequency domain, TFD: time-frequency domain, PLSR: partial least squares regression, CFS: correlation-based feature 

selection, LPC: linear predictive coefficient, WFSS: wrapper feature selection scheme, SVD: singular value decomposition, EFSE: energy fraction and sample entropy, SAMDF: 

sum of average magnitude difference function, MF-DFA: multifractal detrended fluctuation analysis, MESE: maximum entropy spectra estimation, DWD: discrete wavelet 

decomposition, TQWT: tunable-Q wavelet transform, PSM: parametric spectral modelling, MCS: modified Cuckoo search, MLBS: multi-level bias selection, QRD: QR-

decomposition, SFFS: sequential forward floating selection, MP: matching pursuit, MMP: multi-variate matching pursuit, HE: homomorphic envelogram, WVD: Wigner-Ville 

distribution, SPWVD: smoothed pseudo WVD, ETD: exponential T-distribution, HTD: hyperbolic T-distribution, RQA: recurrence quantification analysis, WPD: wavelet packet 

decomposition, SD: standard deviation, HT: Hilbert transform, EDC: energy distribution coefficients, LLE: largest Lyapunov exponent, FFM: frequency feature matrix, EEMD: 

ensemble Empirical mode decomposition, IMF: intrinsic mode functions, DHS: Doppler heart sounds, MFSC: mel-frequency spectral coefficients, WD: wavelet decomposition, 

WPNN: wavelet packet neural network, NAR-PSD: normalized auto-regressive power spectral density, CWD: Choi–Williams distribution. 
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Appendix E: Summary of Heart Sounds Classifiers and their 

Performance Comparison 

Y
ea

r 

R
ef

er
en

ce
s 

Method 
Transfor

m 
Subject type 

Records 

(# or duration in 

seconds) 

Sampling 

rate 

Type of 

features/size of 

feature vector 

Classifiers Performance (%) 
Type of cardiac 

abnormality investigated  

SVM based classifier  

2017 [102] 

Scaled spectrogram 

and tensor 

decomposition 

TFD  

Datasets A & B from [23] 44.1 kHz 
Tensor 

decomposed 

features   

SVM, SS-

PLSR, SVM-

DM, SS-TD  

Normalized precision: 

76.0 (Dataset-A) & 

74.0 (Dataset-B) using 

SS-TD 

Normal, murmurs, extra 

heart sounds, 

extrasystole and artifacts 
Dataset C [8] 4 kHz 

2017 [45] 

HSs classification 

based on scaled 

spectrogram and 

PLSR 

TFD 
Datasets A & B (176 & 507) 

records available from [23] 
44.1 & 4 

kHz 

Scaled 

spectrogram 

based TF 

features 

SVM 

Se: 100 (best with 

artifacts), Sp: 64.0 

(artifacts) 

Normal, murmurs, extra 

heart sounds, 

extrasystole and artifacts  

2017 [127] 

Sparse coding 

features with TD 

features using SVM 

T, F and 

TF 

domain 

PhysioNet database [8] Varied 

Sparse 

coefficient 

matrix and 

time-domain 

features, 20 

features  

SVM 

Sp: 88.45, Se: 90.07,  

MAcc: 0.892 

(modified results) 

S1, systolic, S2 and 

diastolic sounds  

2016 [91] 

Without 

segmentation, 

classification using 

autocorrelation 

feature and diffusion 

maps 

TFD 
Datasets A & B (176 & 507) 

records available from [23] 
44.1 & 4 

kHz 

TF based 

autocorrelation 

features 

SVM-DM, 

SVM-A, and 

SVM-AD 

Se: 100.0, Sp: 64.0 

(using SVM-AD 

classifier for artifacts) 

Normal, murmurs, extra 

heart sounds, 

extrasystole and artifacts 

2015 [135] 

Cardiac reserve and 

HSs characteristics 

analysis 

WT 
88 (N) and 64 

(CHF) 

88 (N) and 64 

(CHF), 1 

minute each 

11025 Hz 

Wavelet 

features based 

5 features 

LS-SVM and 

compared 

with BP-

ANN and 

HMM 

Sp: 93.75, Se: 96.59,  

Acc: 95.39 (using LS-

SVM) 

Chronic heart failure, 

subjects without 

murmurs  

2015 [46] 
STMHT-based FFM 

for classification 
WT 

14 (AF) 188 periods 

44.1 kHz 

Dimensional 

FFM, 10 

features 

SVM 

Sp 90.6, Se 96.9, Acc 

91.7 

AF, AR, MR, PS, VSD 

and normal sounds were 

classified  

17 (AR) 181 periods 
Sp 98.9, Se 98.5, Acc 

98.8 

25 (MR) 257 periods 
Sp 98.5, Se 98.1, Acc 

98.4 

25 (N) 325 periods 
Sp 100, Se 99.6, Acc 

99.8 

7 (PS) 150 periods 
Sp 98.6, Se 99.9, Acc 

98.7 

2015 [138] 

Structural complexity 

based feature 

extraction 

TFD 
60 (N) and 60 

(pathological) - 8 kHz 
Sample 

entropy  
SVM 

Clean data: Sp: 100, Se: 

93.33, Acc: 96.67 & 

91.66 (with 10 dB 

SNR) 

Classification between 

normal and abnormal 

heart sounds 

2015 [77] 
Energy fraction and 

sample entropy 
WT 

40 healthy and 67 

CVD patients 

80 (N) and 167 

(SHM) 
2205 Hz  

Energy and 

entropy 

SVM with 

LKF, PKF, 

GRKF and 

SKF, 5 

features 

Sp: 98.55, Se: 93.48, 

Acc: 97.17 (using 

GRKF) 

 Normal, 

aortic/pulmonary 

stenosis and 

tricuspid/mitral 

insufficiency 

2015 [132] 

Least-square support 

vector machine (LS-

SVM) 

WT 

163 HSs signals 

(N, septal, 

valvular and other 

defects) 

4628 cycles 

(626 N and 

4002 

pathological) 

44.1 kHz 

SAMDF 

derived with 

TQWT, 21 

features 

SVM with 

different 

kernel 

functions 

Sp: 99.29, Se: 98.80,  

Acc: 98.92 (using Q = 

6 and MWKF) 

Septal, valvular and 

other mechanical defects  

2015 [139] 
GTSVM for murmur 

classification  
WT 

14 (45-93 y) PM, 

16 (1-16 y) PM, 

26 (2-14 y) IM, 

30 (4-15 y) NM 

10s duration 

each 
44.1 kHz TF features 

GTSVM 

classifier 

Sp: 89.30, Se: 86.30,  

CR: 88.10 

Innocent and 

pathological murmurs  

2015 [140] 
Intelligent PCG 

system 
TFD 

30 (N) and 26 

(IM) and 30 (AS) - - 
Frequency 

features 
SVM Sp: 89.3, Se: 86.4 

Aortic stenosis severity 

assessment  

2015 [141] 

HOC of wavelet 

packet coefficients for 

HSs classification 

WPD 

16 (N), 19 (MR), 

14 (AS) & 10 

(AR) 

59 records, 820 

cycles, each 15s 
4 kHz 

Wavelet based 

46 features 
SVM 

Acc: 99.39 (using 

CT_LDB method) 

Normal, MR, AS, and 

AR heart sounds 

2014 [47] 

Features from 

envelope of HSs 

using VIM 

WT 

VSD, normal 

HSs, AR, AF, AS 

and MS 

242 (N) and 

226 (VSD) 
44.1 kHz 

Time and 

frequency 

domain 

features, 4 

features  

SVM 

Sp: 98.1, Se: 98.8, Acc: 

98.4 using boundary 

curves & Sp: 98.4, Se: 

98.6, Acc: 98.5 using 

ellipse model (for 

VSD detection) 

VSD, AR, AF, AS, MS 

and normal heart sounds  

2014 [142] 

HSs classification and 

recognition based on 

EEMD 

WT 

225 (N) and 180 

(60 (MS), 60 

(VSD) & 60 

(AS)) 

405 HSs, 

testing with 75 

(N) and 20 

(MS), 20 (VSD) 

& 20 (AS) 

11025 Hz 

EEMD and 

IMF 

correlation 

dimensions, 13 

features  

Binary tree 

SVM (BT-

SVM) 

Acc: 98.67 (normal) 

and 91.67 (abnormal) 

MS, VSD, AS and 

normal heart sounds  



 

181 

 

2014 [85] 
HSs classification 

using SVM-MCS 
TFD 

3M Poland microphone samples 

from [279],  

72 records  
- 

12 features 

using LPCC 

SVM and 

MCS 

algorithm 

Acc: 95.43 (average 

using SVM-MCS) 

Ejection click, split of S1 

& S2, FHSs, S3, S4, pan-

systolic, late systolic, 

early systolic murmurs, 

opening snap and 

diastolic rumble  

2014 [100] 
Feature extraction 

based on OMS-WPD 
WT 

50 (healthy) and 

68 (pathological)  

Each 5s 

duration 
22050 Hz 

Features using 

OMS-WPD 
SVM 

Sp: 94.00, Se: 85.29,  

CR: 88.98 (using db8) 

Normal, presystolic 

gallop, early diastolic, 

enhanced S2, aortic 

systolic ejection and 

mid-systolic rattling 

sounds 

2013 [143] 
MLBS of wavelet 

features 
WT 

59 (Normal and 

pathological) 

16 (N), 19 

(MR), 14 (AS), 

10 (AR) 

4 kHz 
Wavelet based 

features 

SVM with 

MLBS 

Sp: 100.0, Se: 98.0,  

Acc: 97.56 

Normal, AS, MR and 

AR sounds 

2012 [73] 

Classification using 

murmur likelihood 

and HMM state 

likelihood 

TFD 
Normal and 

pathological  

80 (N) and 80 

(abnormal) HSs 

signals 

8 kHz 

MFCC and 

HMM states 

likelihood, 

dimensional, 

39 features  

SVM 

classifier 

Acc: 80.6 (6-HMM 

state and 3-Gaussian 

mixtures) and 

85.6 (SVM classifier) 

Various murmurs and 

normal heart sounds 

2010 [108] LMS based LS-SVM TFD 
64 (Normal and 

pathological) 

64 recordings 

(512 cycles) 
8 kHz 

Wavelet 

features 
LS-SVM 

Acc: 92.889 (average 

of Sets 1-16) 

 Normal and five 

different pathological 

sounds 

2010 [125] 
NAR-PSD and multi-

SVM 
WT 

6 healthy and 34 

pathological  

196 (N) and 

293 (AN) 
8 kHz 

fmax and fwidth as 

features from 

NAR-PSD 

Multi-SVM 
Sp: 99.9, Se: 99.5,  

Acc: 99.6 (best case) 

Normal, AF, AS, MR, 

MS, aortic insufficiency 

and split sounds  

2010 [144] 
Machine learning 

based identification 
WT 

PhysioNet 

database  [8] 

4,430 

recordings 
Varied 

Wavelet based 

20 features 

Bagging 

trees, boosted 

trees, logistic 

classifier and 

SVM 

Validation Acc: 94, 

93, 85 and 91, 

respectively 

Se: 79.58 and Sp: 74.59, 

overall: 77.08 

Heart sounds were 

classified as normal or 

pathological sounds   

2010 [283] 

CWT and SVM based 

detection of the 

paradoxical splitting 

of S2  

CWT 

13 (LBBB and 

paradoxical 

splitting), 18 (AS 

and paradoxical 

splitting), and 11 

(N) 

Total 42 

samples used 

from 250 

records 

- 

Time-

frequency 

maps, total 5 

features  

SVM 
Se: 94.44, SP: 87.5, and 

Acc: 90.97 

Detection of the 

paradoxical splitting of 

S2 

2009 [145] 
Genetic-SVM 

(GSVM) 
DWT 

132 M/83 F (Age: 

15-80 y) 

215 samples (5s 

each) (Doppler 

heart sounds 

signals) 

20 kHz 

Wavelet 

entropies 

based 12 

features 

SVM tested 

with 8 

different 

kernel 

functions  

Acc: 96 (N) and 94.52 

(AN) using GSVM 

Model-4 (ERBF) (best 

results) 

Heart valve diseases 

2009 [146] 

Identification of 

valvular diseases 

using SVM 

WT 

Healthy, AS, AR, 

MS and MR, 

(age: 18-22 y) 

38 (N), 41 

(AS), 43 (MR), 

38 (AR), 38 

(MS) 

- 

TFD and 

wavelet 

features, total 

100 features  

SVM 

(Gaussian 

radial basis 

function) 

Sp: 94.74, Se: 87.50,  

Acc: 91.43 (b/w N and 

AN) using GRBF 

Normal, AS, AR, MS 

and MR heart sounds 

signals  

2008 [134] 

Wavelet packet 

energy features using 

WPD and SVM 

WT 

30 (N) and 52 

(VHD) (for 

testing) 
- 8 kHz 

Wavelet 

packet energy 

based features 

SVM Sp: 96.67, Se: 100.0 
Aortic and mitral 

valvular heart disorders  

2007 [147] 
LS-SVM and BP-

ANN 

WT and 

STFT 

Normal and 

abnormal (DHSs 

signals) for 5 

seconds each, 

132M/83F 

215 samples 

(54 (NAHV), 

56 (ANAHV), 

66 (ANMHV), 

39 (NMHV) 

20 kHz 

WD, STFT 

and entropy 

based 91 

features 

LS-SVM and 

BP-ANN 

Sp: 94.0, Se: 95.9 (for 

BP-ANN) & Sp: 90.0, 

Se: 94.5 (for LS-SVM) 

Cardiac abnormalities 

related to aortic and 

mitral valves (AR, AS, 

MS and MR) and 

normal heart sounds 

Neural Network based classifier  

2018 [152] 
Gram polynomials 

and PNN 
FFT  

Normal and pathological sounds 

from PhysioNet database [8], 3126 

records 

2 kHz 

Gram 

polynomial 

and FFT, 64 

features 

PNN 
Sp: 91.0, Se: 93.0, Acc: 

94.0 

No clinical abnormality 

studied  

2018 [89] 
ANN and SVM 

classifier  
STFT 

87 innocent 

murmurs and 170 

pathological 

murmurs  

257 records  8 kHz 

Temporal and 

spectral 

features, 14 

features  

ANN and 

SVM 

Sp: 91.0-99.0, Se: 84.0-

93.0 

Identification of 

innocent murmurs in 

children 

2017 [67] 
Feature extraction 

using CQA 

TD and 

TFD 

Normal and pathological sounds 

from PhysioNet database [8], 1277 

records (308 patients) 

2 kHz 

TD, TFD and 

perceptual 

features, 90 

features  

FFNN, 

dimensional 

features 

Sp: 87.14, 87.21 & 

88.51 and Se: 75.44, 

91.38, 88.83, for data 

set1, set2 and set3, 

respectively using 

CQA 

Classification as normal 

and abnormal heart 

sounds 

2017 [69] 
Drop-Connected 

neural network  
TFD  

Normal and abnormal HSs from 

PhysioNet database [8] - 

MFCC, inter-

beat and 

complexity 

features, 675 

features  

Two-hidden 

layer NN 

trained by 

EBP 

Acc: 85.2 (on test 

data) 

Normal, MVP, aortic 

disease, CAD, MR, AS 

and other miscellaneous 

pathological heart 

sounds   

2017 [75] 
Identification of S1 

and S2 using DNN 
TFD 

28 subjects 

(17M/11F) 

460 each S1 and 

S2 peaks in HSs 
48 kHz 

MFCC and 

acoustic 

features, 303 

features  

DNN (KNN, 

LR, SVM and 

GMM for 

comparison) 

Acc: 85.0 (using 39 

dimensions with K-

means) and 91.12 of 

accuracy overall 

First and second heart 

sound identification   

2017 [129] 
MFSC based deep 

CNN classifier 
TFD 

Normal and abnormal HSs from 

PhysioNet database [8] - MFSC features Deep CNN 

Sp: 87.66, Se: 80.63, 

Overall: 84.15 (CinC 

2016) 

Normal and abnormal 

heart sounds 

classification 

2016 [153] 
2-means 

clustering and ANN 
FFT 

Database from  

[8], [22] 
304 records - 

Time-

frequency 

spectral 

ANN 
Se: 84.4, Sp: 86.9,  

Acc: 86.5 

Classification as normal 

and abnormal heart 

sounds  
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features, 40 

features  

2016 [126] 
Power spectrum 

analysis  
FFT 

Normal and abnormal HSs from 

PhysioNet database [8] - 
16 Frequency 

features  
NN 

Sp: 78.80, Se: 74.70,  

Acc: 76.7 

Normal and abnormal 

heart sounds 

classification 

2016 [103] 
Ensemble of NN 

without segmentation 

T, F and 

TFD 

Normal and abnormal HSs from 

PhysioNet database [8] - 
T, F and TF 

based 18 

features 

FFNN 
Sp: 94.23, Se: 88.76, 

Overall Acc: 91.5 

Classification for 

anomaly and quality 

detection   

2016 [154] 

Ensemble of feature 

and deep learning 

based classifier 

TD and 

FD 

PhysioNet database  [8], 2575 (N) 

& 665 (pathological) records   

1 kHz 

(resample

d) 

124 time-

frequency 

features 

AdaBoost 

and CNN 

Sp: 77.81, Se: 94.24,  

Overall: 86.02 

Classification as normal 

and abnormal heart 

sounds 

2016 [155] 

Deep structured 

features for 

classification 

WT 

PhysioNet 

database  [8],  764 

subjects 

3153 records - 
Wavelet based 

20  features 
CNN 

Sp: 77.6, Se: 84.8, 

Score: 81.2 

Normal and abnormal 

heart sounds 

classification  

2014 [156] 

Spectral analysis with 

a time growing 

window  

WT 

Normal and SEC 

from 40 children 

(age 3-9 years)  

614 normal and 

abnormal 

cardiac cycles  

44.1 kHz 

Spectral 

analysis with a 

time growing 

window  

TGNN, 

TDNN and 

MLP 

Se: 98.1, Acc: 97.0 

(TGNN), Se: 76.4, 

Acc: 85.1 (TDNN), Se: 

85.7, Acc: 92.7 (MLP)  

Systolic ejection clicks 

in children  

2012 [157] 

PCA and ANN for 

diagnosis of heart 

valve disease 

TFD, 

DFT and 

Burg AR 

40 (N), 40 (PS) 

and 40 (MS) - 8 kHz 

Time-

frequency 

based 14 

features 

DFT/Burg 

AR-PCA-

ANN 

Sp: 97.44, Se: 90.48,  

Acc: 95.0 
Heart valve diseases  

2012 [158] 
ANFIS for identifying 

heart valve disease  
DWT 

40 (N), 40 (PS) 

and 40 (MS) - 8 kHz 

Wavelet 

entropies 

based 6 

features   

ANFIS 

(ANN) 

Sp: 95.24, Se: 100.0,  

Acc: 98.33 

Normal, pulmonary, and 

mitral stenosis heart 

valve diseases   

2011 [56] 

HSs analysis without 

segmentation using 

DWT, PCA and NN 

WT Various murmurs 57 HSs signals 4 kHz 

Time-

frequency 

based 32 

features  

PCA and NN 
Acc: 92.0 (noise free), 

90.0 (≈10 dB SNR) 

Normal, S3, S4, ejection 

sound, AR, AS, MR, 

MS, PS, split S2, systolic 

click and opening snap 

2011 [57] 

MMP based on three- 

layer FF-MLP 

network  

TFD 

70 patients (N and 

pathological 

murmurs) 

70 records (35 

normal) 
44.1 kHz 

Time-

frequency 

features  

FF-MLP 

Acc: 92.5 & 77.5 using 

MMP and MP, 

respectively 

VSD, ASD, PS, MR, 

and innocent murmurs  

2008 [83] 
SOM network and 

ISOM analysis 
WT 

Data from two 

patients, online 

and CD book 

14 records, each 

record with 20 

cycles of HS 

2 kHz 

Wavelet 

features, 50 

features for 

each  

NN 

Acc: 95.0% (using 

ISOM) and 70% 

(using Kohonen 

network) 

VSD, MR, LSM, early 

systolic, opening snap, 

diastolic rumble, AR, 

AS, MS, Ebsteins 

anomaly, summation 

gallop, venus hum, 

normal FCG and aortic 

insufficiency    

2009 [159] 
WT and NN for 

classification 
DWT - 

102 (N), 96 

(AI), 92 (AS) & 

82 (PS) cycles 

11.025 

kHz 

Wavelet 

features 

ANN  

(MLP-BP) 
Acc: 94.42 

Aortic insufficiency, 

AS, PS and normal 

sounds  

2008 [160] 

Arash-Band 

frequency features 

with ANN  

WT 

90 children (36 N 

and 54 

pathological) 

40 training & 

50 test signals 

(each 10s) 

44.1 kHz 

Arash 

frequency 

bands based 5 

features 

ANN CA: 94.00 
Congenital heart 

diseases in children 

2007 [74] 
Homomorphic 

segmented HSs 
WT 

Mix of N (32%), 

SM (36%) and 

DM (32%) 

41 records (340 

cycles) 
8 kHz 

Wavelet based 

32 features 

GAL and 

MLP-BP NN 

Acc: 98.50 (using 

GAL with dataset2) 

Normal, systolic and 

diastolic murmurs   

2007 [84] 

Segmentation and 

feature extraction 

using wavelets 

WT Database from [13] 8012 Hz 
Wavelet based 

64 features 
NN 

Sp: 85.00, Se: 54.00,  

Acc: 70.0  

Normal and aortic 

regurgitation heart 

sounds 

2007 [161] 

Wavelet analysis for 

automated 

auscultation 

TFD 
113 normal and 

50 pathological 
Each 6 cycles - 

Time-

frequency 
ANN Sp: 96.5, Se: 90.0 

Normal and pathological 

heart sound 

classification   

2006 [52] 
Spectral analysis 

using SPWVD 
FFT 40 patients 8s each 8 kHz 

Time-

frequency 

features 

MLP-NN and 

SPWVD 

Sp: 86.40, Se: 85.10,  

Acc: 86.4 
FHSs and murmurs  

2006 [59] 
RQA feature and 

ANN classifier 

TD, TFD 

and WT 
36 patients 

12 cycles each 

of 15s 
44.1 kHz 

207 

complexity 

features 

NN 
Acc: 86 (MI, AS and 

PM) 

Systolic heart murmur 

classification  

2006 [162] 

A three-layered ANN 

for twelve types of 

cardiac abnormalities 

detection  

TD and 

FD 

49 patients with 

murmurs 

Doppler ECG 

and PCG 

signals for 8 

sites 

- - NN Acc: 68% (overall) 
VSD (AS, AR) and PDA 

not correctly diagnosed  

2005 [163] 
Wavelet analysis and 

ANN 
WT Database from [26] 

8 and 16 

kHz 
PCA ANN 

Sp: 70.5, Se: 64.7 

Acc: 70.2 

Normal and abnormal 

heart sounds 

classification  

2005 [164] 
Cardiac auscultation 

in pediatrics  
FFT 

88 (IM) and 153 

pathological 

murmurs  

Each 10-15s 44.1 kHz  

Frequency, 

using Fisher’s 

method  

ANN Sp: 90.00, Se: 83.00  

Innocent and 

pathological murmur 

(such as VSD) 

classification  

2004 [15] 

WD and classification 

using NN based 

classifier 

WT 

Normal, MVP, 

coarctation of the 

aorta, VSD, PS 

4096 sample 

segments 
8 kHz 

WD based 256 

features 
NN 

Acc: 100.0 (for signals 

with SNR above 31 

dB) 

Normal and abnormal 

sound from coarctation 

of the aorta and split 

sounds   

2003 [165] MLP with FFNN TFD 123 subjects 

AV (62 N & 80 

AN) & MV (38 

N & 66 AN), 

DHSs 

- 

Wavelet 

entropies 

based 12 

features 

FFNN 
Acc: 84 (N) and 96 

(AN) 

Aortic and mitral valve 

diseases  

2003 [133] 
WPD and wavelet 

packet entropy   
WT  

95 (N) and 120 

(AN)  

215 samples 

(Doppler heart 

sounds) 

20 kHz 
Wavelet 

packet energy 
WPNN 

Acc: 94.0 (N) and 94.5 

(AN)  

Normal and abnormal 

sounds, no murmurs    
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based 256 

features   

2003 [166] 

Classification of 

wavelet-based 

features using ANN 

WT 

28 subjects, 28 

records with 12 

periods of HSs in 

each  

4096 discrete 

data 

5512.5 

Hz 

Wavelet based 

672 features 

GAL network 

and LVQ 

network 

Acc: 99.0 
AS, MR, MS, PS, AR, 

SG and normal sounds 

2002 [167] MLP and RBF-NN FFT - 
36 recordings 

(each ~ 30 s) 
44 kHz 

FFT and 

Levinson-

Durbin auto 

regression 

MLP and 

RBF-NN 

Acc: 84.00 (MLP) & 

88.00 (RBF) 

Normal, NRMR, MVP, 

BAV, AS, SCAS, AR, 

aortic/mitral valve, MS, 

ASD, VSD, LVI, PMD, 

DC, and aortic 

incompetence 

1995 [168] 

Backpropagation 

based NN classifier 

(along with ECG)  

TD 

Database from [30], 48 records (18 

(N) and 30 (AN)) from 3 & 6 

subjects, respectively   

2 kHz 

Average 

correlations & 

Euclidean 

distance 

features 

NN Acc: 95.0 

MS, split of S1 and S2, 

aortic/mitral 

insufficiency, MS, and 

mitral insufficiency with 

prolapse  

1994 [169] 
Wavelet-based fuzzy-

NN 
FWT 

112 patients, 30 

selected (15 (N) 

and 15 (AN) 

10 samples 

from each 

patient 

4 kHz 

Wavelet 

features (mean, 

variance, 

skewness, 

kurtosis) 

Fuzzy-NN 
Acc: 88.8 (N) & 85.45 

(AN) 
Coronary artery diseases  

HMM-based classifier  

2018 [101] ANFIS and HMM WT 
Normal and 

pathological  

150 (N) and 80 

(AN) records  
- 

TD and FD 

based 8 

features 

ANFIS and 

HMM 
Acc: 98.7 

Normal sounds and 

valve disorders (MS, 

MR and AR)  

2012 [148] PCA-Discrete HMM DFT 

40 (N), 40 (PS) 

and 40 (MS) 

(55M/65F, Age 4-

65 y) 

80 training set 

and 187 test set 
8 kHz TD, FD PCA-DHMM 

Sp: 93.30, Se: 70.30,  

Acc: 72.2 (SPECTF 

data) 

Classification of normal, 

MS and PS cardiac 

sounds 

2008 [117] MFCC-based HMM 
TD and 

STFT 

20 (N), 6 (CM), 4 

(DM), 11 (SM) 
1381 signals 8 kHz 

TD, STFT & 

MFCC 

features 

HMM 
Acc: 95.7 (CM), 96.25 

(SM), 90.0 (DM) 

Normal sounds, ejection 

clicks, opening snaps, 

split S1, split S2, S3,  S4, 

continuous, diastolic and 

systolic murmurs  

2007 [116] 
Modified HMM 

(MHMM) 

TD, FD 

and STFT 

41 subjects (21 N 

and 21 CM, SM 

and DM) 

1398 records 8 kHz 
TD, STFT and 

MFCC 
MHMM Sp: 95.30, Se: 95.20 

Classification of normal 

sounds, continuous, 

diastolic and systolic 

murmurs  

2007 [149] 

Continuous hidden 

Markov model 

(CHMM) based 

classifier 

WT and 

STFT 

132M/83F, mean 

age 48 years 

215 samples 

(54 (NAHV), 

56 (ANAHV), 

66 (ANMHV), 

39 (NMHV), 

Doppler 

ultrasounds 

20 kHz 

Wavelet and 

time-frequency 

domain 

features 

CHMM 

(FCM/k-

means 

algorithms) & 

ANN 

Sp: 92.0, Se: 97.26 

(FCM-k-

means/CHMM) & Sp: 

94.0, Se: 95.89 (ANN) 

Classification of normal 

and abnormal sounds 

from mitral and aortic 

valves   

Nearest Neighbor Classifier  

2018 [179] 

Nearest neighbor 

(NN) classifier with 

Euclidean distance 

WT 

Six different 

datasets including 

PhysioNet 

database [8] 

4000 samples 

(20 s each)  

44 kHz 

and 2 

kHz 

Wavelet and 

filter bank, 34 

features  

NN with 

Euclidean 

distance 

Sp: 99.00, Se: 93.00, 

Acc: 98,  (for dataset 

E) 

Classification of normal 

and abnormal heart 

sounds including 

murmurs 

2013 [39] 

Feature extraction and 

Shannon energy using 

S-transform  

T, F and 

TFD 

using S-

transform 

40 (N) and 40 

(pathological) 
80 records 8 kHz 

Best results 

with the TFD 

features, total 

70 features  

k-NN 

classifier 

Se: 95.0, Sp: 97.0 

(using TFD features) 

Classification of S1 and 

S2 

2010 [150] 

Dynamic features 

based on various 

energy distributions 

STFT and 

CWT 

22 adults (16 (N) 

and 6 (SM)) 

22 PCGs (each 

≈ 12 s) 
44.1 kHz 

TD, FD, TFD 

based 53 

features  

k-NN Acc: 98.00 Murmurs detection  

2010 [136] 
Feature extraction 

from TFR 
TFD 

45 adults (26 N 

and 19 

pathological) 

45 PCGs (each 

≈ 12 s) 
44.1 kHz 

TVAR, 851 

features  
k-NN 

Acc: 99.06±0.06 (best 

case) 
Murmur detection 

2009 [58] 
k-NN with fractal 

features 

STFT, 

Gabor 

Transfor

m, WVD, 

WT 

81 (N) and 83 

with murmurs 
164 records 44.1 kHz 

T varying & 

TF, perceptual 

and fractal, 

149 features 

k-NN 
Acc: 97.17 (using 

fractal features) 
Murmur detection 

2008 [151] 
Hybrid classifier with 

AIS and k-NN 

WT and 

STFT 

132M/83F (Age: 

15-80 y) 

AV: 110 (54 N 

& 56 AN), MV: 

105 (66 N & 39 

AN) 

- 

WD, STFT 

and Wavelet 

entropy based 

91 features 

AIS and 

fuzzy k-NN 
Sp: 96.00, Se: 95.90 

Classification of normal 

and abnormal sounds 

from mitral and aortic 

valves   

1998 [107] 
CWD based spectrum 

analysis  

TFD and 

DWT 

45 native and 23 

aortic Carpentier-

Edwards valve 
- 2 kHz 

Morphological 

and DWT 

based 9 

features 

k-NN 

Acc: between 61 to 96 

(based on the feature 

selection) 

Classification of native 

and bioprosthetic heart 

valve sounds   

Other classifiers/Hybrid classifiers 

2017 [95] 
Empirical wavelet 

transform (EWT) 
EWT 

Databases from [23], [8], [25], [28], [24], [29] 

and HSs, Littmann HSs, Washington HSs and 

murmurs (WHSM) (total 278 records) 

Timing, area 

and interval 

based features  

Decision rule 

based 

classifier  

Se: 97.9, PPV: 97.7,   

Acc: 95.7 (Noise free) 

S1, S2, S3, S4, split 

sounds, systolic 

murmurs (early, mid, 

late, pan) and diastolic 

murmurs (early, mid, 

late, pan) & continuous 

murmurs  
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2017 [54] 
Probability analysis 

for feature extraction 
TFD 

Normal and abnormal HSs from 

PhysioNet database [8] 
2 kHz 

Statistical 

properties of 

envelope, 53 

features   

Extension to 

Naïve Bayes 

classifier  

Sp: 91.25, Se: 76.96,  

Acc: 84.11 

Classification of normal 

and abnormal heart 

sounds including 

murmurs 

2017 [68] 
Ensemble of 

classifiers 
TFD 

Normal and abnormal HSs from 

PhysioNet database [8] 

1 kHz 

(resampli

ng) 

Time, 

frequency, 

wavelet and 

statistical 

domain, 131 

features 

Ensembles of 

20 two-step 

classifiers 

Sp: 80.6, Se: 79.6 

(hidden test set), 

overall: 96.30/90.18 

(standard/outlier 

signals) 

Classification of normal 

and abnormal heart 

sounds including 

murmurs 

2017 [280] 

Wavelet entropy and 

spectral amplitude 

based classifier 

WT 
2408 (N) and 630 (AN) records 

from PhysioNet database [8] [22] - 
Spectral and 

wavelet 

features  

DT based 

classifier  

Acc: 76% (mean of Se 

98% and Sp 54%) for 

wavelet entropy  

Classification of normal 

and abnormal heart 

sounds including 

murmurs 

2015 [35] 
Acoustic features for 

CAD detection 
TFD 

133 subjects for 

435 records 

231 (Non-

CAD) and 204 

(CAD) 

4 kHz 

Spectral 

features, signal 

complexity 

features, total 

5029 features 

Multivariate 

classifier 

Sp: 65.20, Se: 72.0 (for 

CAD detection) 

Identification of 

coronary artery (CAD) 

diseases 

2015 [76] 
Detection of heart 

murmurs (PI & TI) 
CWT - 

92 cardiac 

cycles (38 (PI) 

and 54 (TI)) 

8 kHz 
36 dimensional 

features  

RWNN 

classifier with 

EKF 

algorithm 

Acc: 98.84±4.49 

(ELM) and 98.04±045 

(RWNN) 

Pulmonary insufficiency 

and tricuspid 

insufficiency murmur 

detection  

2015 [137] 

Coiflet wavelets 

based features and its 

selection using BPSO  

WT 

150 (N), 75 

(MVP), 50 

(VSD), 50 (PS) 
- - 

Coiflet wavelet 

features 

Naïve Bayes, 

k-NN, C4.5 

and SVM 

classifier 

Acc: 92.31% (highest 

with SVM) 

Classification of normal, 

MVP, VSD, and PS 

heart sounds 

2012 [131] 

Entropy of the 

wavelet packets as a 

classification feature 

WT 

50 (N), 80 (MR), 

100 (AS), 

50(AR), 70 (MS) 

350 records 4 kHz 

Wavelet 

entropy, 32 

features  

DT, k-NN, 

BayesNet, 

MLP and 

SVM 

95.45 (DT), 95.78 (k-

NN), 96.94 

(BayesNet), 95.53 

(MLP) & 95.33 (SVM) 

Classification of AR, 

MR, AS and MS sounds 

2012 [281] 

Feature selection 

using PCA, GA, GP 

and GDA 

WT - 

120 cardiac 

cycles of AS, 

MS, MR 

44.1 kHz 

TD, wavelet 

and entropy 

features, 32 

features 

MLP, RBF 

and SVM 

classifier 

Acc: 99.47 (best with 

RBF using GA feature 

selection) 

Diagnosis of AS, MS 

and MR heart valve 

diseases   

2012 [183] Matrix decomposition CWT - 

15 IM, 28 

organic 

murmurs (380 

segments) 

- 

CWT, SVD 

and QRD 

features, 83 

features 

CART 
Sp: 83.00, Se: 94.00,  

Acc: 90.00 
Murmur classification  

2009 [282] Divergence analysis  WT 

Data from 2 

patients, online 

and a CD book  

140 HSs 

periods of 14 

different types 

2 kHz 
50 wavelet 

features 
MLP 

Acc: 99% & 95% 

(based on feature 

extraction) 

VSD, MR, LSM, early 

systolic, opening snap, 

diastolic rumble, AR, 

AS, MS, Ebsteins 

anomaly, summation 

gallop, venus hum, 

normal FCG and aortic 

insufficiency    

2009 [106] 
Hierarchical 

clustering approach  

TD, FD 

and TFD 

using 

STFT 

12 subjects  
10 records of 

40s each 20-250 

Hz (band 

pass) 

TD, FD, TFD, 

WVD and 

CVD based 

approx. 3500 

features  

k-NN and DA 

Acc: 82±7% (k-NN) 

Only classification of S1 

sounds  
11 subjects 30-45 minutes Acc: 86±7% (DA) 

2007 [274] 
Phono-spectrographic 

analysis 
STFT  

807 pediatric 

patients  

88 (WM), 447 

(IM), 272 (PM) 

8-44.1 

kHz 

Phono-

spectrographic 

features 
- Sp: 91.00, Se: 90.00 

classification of 

innocent and 

pathological murmurs in 

children  

2004 [171] 
Time-frequency based 

decision tree 
TFD - 

84 (AS: 41 and 

MR: 43) - 

Time-

frequency 

based 100 

features 

DT 
Acc: 90 (overall), 91.6 

(AS), 88.5 (MR) 

Classification of FHSs, 

AS and MR sounds  

2013 [210] Multifractal analysis  - 

49 healthy and 48 

children with 

PMV   

97 PCG records 

(each 8s) 
8 kHz 

Multifractals 

features  

Discriminatio

n threshold 
Acc: 96.91 

Normal and MVP heart 

sounds  

1987 [63] Energy spectrum  
FFT (TD 

and FD) 

5 healthy, 20 

patients  
47 records  1024 Hz 

Energy curve, 

spectrum & 

distribution 

coefficients 

No definite 

classifier - 
Systolic and diastolic 

murmur classification  

*Note: AN: abnormal heart sounds, Acc: accuracy, TD: time-domain, FD: frequency-domain, TFD: time-frequency domain: TFD, SS-PLSR: scaled spectrogram and partial least 

squares regression, SVM-DM: SVM-diffusion maps, SS-TD: scaled spectrogram and tensor decomposition, CHF: chronic heart failure, SHM: systolic heart murmurs, HOC: 

higher-order cumulants, LPCC: linear predictive coding coefficients, VSD: ventricular septal defects, SVM-MCS: SVM-modified Cuckoo search, AHV: aortic heart valve, 

NAHV: normal AHV, ANAHV: abnormal AHV, MHV: mitral heart valve, NMHV: normal MHV, ANMHV: abnormal MHV, EBP: error back-propagation, AIS: artificial 

immune system, SM: systolic murmurs, DM: diastolic murmurs, CM: continuous murmurs, MLP-BP: multi-layer perceptron back-propagation, CART: classification and 

regression trees, BP-ANN: back-propagation artificial neural network, IM: innocent murmurs, PI: pulmonary insufficiency, TI: tricuspid insufficiency, MHMM: modified HMM, 

RBF: radial basis function, RBF-NN: radial basis function neural network, TVAR: time-varying auto-regression, CR: classification rate, PM: pathological murmurs, NM: no 

murmurs, IM: innocent murmurs, VHD: valvular heart disease, DA: discriminant analysis, WPD: wavelet packet decomposition, TGNN: time-growing neural network, OMS-

WPD: optimum multi-scale wavelet packet decomposition, AWN: additive white noise, HSA: heart sounds analysis, NPV: negative predictive value, WM: without murmurs, 

CT_LDB: cumulant-based trapezoidal local discriminant basis, FCM: fuzzy C-means, RWNN: radial wavelet neural network, EKF: extended Kalman filter, PNN: probabilistic 

neural network, ANFIS: adaptive-neuro fuzzy inference system, FWT: fast wavelet transform, FFM: frequency feature matrix, GRKF: Gaussian radial basis kernel function, LKF: 

linear kernel function, PKF: polynomial kernel function, SKF: sigmoid kernel function, GTSVM: growing time support vector machine, VIM: Viola integral method, EEMD: 

ensemble Empirical mode decomposition, MLBS: multi-level bias selection, MFCC: mel-frequency cepstral coefficient, GSVM: genetic-SVM, CQA: cycle quality assessment, 

DNN: deep neural network, MFSC: mel-frequency spectral coefficients, SEC: systolic ejection click, ISOM: incremental self-organizing map, WVD: Wigner-Ville distribution, 

SPWVD: smoothed pseudo WVD, RQA: recurrence quantification analysis, WD: wavelet decomposition, FFNN: feed-forward neural network, WPNN: wavelet packet neural 

network, CAD: coronary artery disease, CWD: Choi–Williams distribution, ELM: extreme learning machine, PMV: prolapsed mitral valve, BPSO: binary particle swarm 

optimization, SVD: singular value decomposition, DT: decision trees, TRF: time-frequency representation, ERBF: exponential radial basis function, MWKF: Morlet wavelet 
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kernel function, SG: summation gallop, PDA: patent ductus arteriosus, BAV: bicuspid aortic valve, LVI: left ventricular impairment, PMD: papillary muscle dysfunction, NRMR: 

non-rheumatic mitral regurgitation, SCAS: severe calciphic aortic stenosis, LSM: late systolic murmur, DC: dilated cardiomyopothy, LBBB: left bundle branch block, CNN: 

convolutional neural network, DHSs: Doppler heart sounds.    
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Appendix F: List of Features Extracted in this Work and 

their Description 

Feature# Feature Description 

F1 P1T Mean of the absolute value of P1 interval 

F2 P2T Mean of the absolute value of P2 interval 

F3 P1T/P2T Ratio of P1 and P2 intervals 

F4 TP1-P2 
Interval between the beginning of P1 and P2 sounds 

(Systole interval) 

F5 TP2-P1 
Interval between the beginning of P2 and the next P1 

sounds (Diastole interval) 

F6 TP1-P1 Interval between the two adjacent P1 sounds  

F7 TP2-P2 Interval between the two adjacent P2 sounds  

F8 TP1-P2/TP2-P1 Ratio of Systole to diastole intervals 

F9 TP1-P2/P1T Ratio of systole interval to P1 interval 

F10 TP2-P1/P2T Ratio of diastole interval to P2 interval 

F11 Mean  ℎ[𝑛] =  
1

𝑁
∑ ℎ[𝑖]

𝑁

𝑖=1
 

F12 Median Median of the signal ℎ[𝑖] for N samples 

F13 Standard deviation 
𝑠𝑡𝑑 =  

√∑ (ℎ[𝑖] − ℎ[𝑖])
2

 𝑁
𝑖=1

𝑁 − 1
 

F14 Mean absolute deviation Mean absolute deviation of the signal 

F15 
Quantile 

0.25 quantile of the signal  

F16 0.75 quantile of the signal 

F17 Interquartile range  Interquartile range of the signal 

F18 Skewness 𝑠𝑘𝑤 =  

1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
3

 𝑁
𝑖=1

(
1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
2

 𝑁
𝑖=1 )

3
2⁄
 

F19 Kurtosis 𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =  

1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
4

 𝑁
𝑖=1

(
1
𝑁

∑ (ℎ[𝑖] −  ℎ[𝑖])
2

 𝑁
𝑖=1 )

2 

F20 Spectral Entropy 𝑆𝐸 =
∑ 𝑃𝑖 . log 𝑃𝑖

𝑁
𝑖=1

log2 𝑁
 

F21 Dominant frequency Frequency corresponding to the maxima of power spectrum 

F22 Maximum frequency 𝑓𝑚𝑎𝑥 = max (𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) 

F23 Frequency  Dominant frequency in the signal 

F24 Zero-crossing rate 𝑍𝑅 =
1

2𝑁
∑ |𝑠𝑔𝑛[ℎ[𝑖]] − 𝑠𝑔𝑛[ℎ[𝑖 − 1]]|

𝑁

𝑖=1
 

F25 

Energy 

Deterministic energy of S1 and S2 

F26 
Non-deterministic energy of the systole and diastole 

intervals 

F27 

Energies at different 

scales computed using 

MODWT 

Energy at D1 level (detail coefficient) 

F28 Energy at D2 level (detail coefficient) 

F29 Energy at D3 level (detail coefficient) 

F30 Energy at D4 level (detail coefficient) 

F31 Energy at D5 level (detail coefficient) 

F32 Energy at D6 level (detail coefficient) 

F33 Energy at D7 level (detail coefficient) 



 

187 

 

F34 Energy at D8 level (detail coefficient) 

F35 Energy at D9 level (detail coefficient) 

F36 Energy at A10 level (approximation coefficient) 

F37 
Total energy using 

MODWT 
Total energy of all the scales 

F38 

Energies at different 

scales using 

MODWTMRA 

Energy at D1 level (detail coefficient) 

F39 Energy at D2 level (detail coefficient) 

F40 Energy at D3 level (detail coefficient) 

F41 Energy at D4 level (detail coefficient) 

F42 Energy at D5 level (detail coefficient) 

F43 Energy at D6 level (detail coefficient) 

F44 Energy at D7 level (detail coefficient) 

F45 Energy at D8 level (detail coefficient) 

F46 Energy at D9 level (detail coefficient) 

F47 Energy at A10 level (approximation coefficient) 

F48 

Total energy across the 

scales using MRA of 

MODWT matrix 

Total energy of all the levels 

F49 

Homomorphic envelope  

Dominant frequency of the homomorphic envelope 

F50 Spectral value  

F51 Peak amplitude of the homomorphic envelope 

F52 

Hilbert envelope 

Dominant frequency of the Hilbert envelope 

F53 Spectral value  

F54 Peak amplitude of the Hilbert envelope 

F55 

Energy of IMFs 

extracted using EMD 

Energy of IMF1 

F56 Energy of IMF2 

F57 Energy of IMF3 

F58 Energy of IMF4 

F59 Energy of IMF5 

F60 Energy of the residue 

F61 

Frequency and 

amplitude of IMFs 

extracted using EMD 

Maximum frequency in the spectrum of IMF2 

F62 Amplitude in the spectrum of IMF2 

F63 Maximum frequency in the spectrum of IMF3 

F64 Amplitude in the spectrum of IMF3 

F65 Maximum frequency in the spectrum of IMF4 

F66 Amplitude in the spectrum of IMF4 

F67 Maximum frequency in the spectrum of IMF5 

F68 Amplitude in the spectrum of IMF5 

F69 

Hilbert-Huang transform 

to compute 

instantaneous frequency 

(IF) 

Instantaneous frequency of IMF2 

F70 Instantaneous frequency of IMF3 

F71 Instantaneous frequency of IMF4 

F72 Instantaneous frequency of IMF5 

F73 Cluster of IFs for IMF2 

F74 Cluster of IFs for IMF3 

F75 Cluster of IFs for IMF4 

F76 Cluster of IFs for IMF5 

F77 

Hilbert-Huang transform 

to compute 

instantaneous energy 

(IE) 

Instantaneous energy of IMF2 

F78 Instantaneous energy of IMF3 

F79 Instantaneous energy of IMF4 

F80 Instantaneous energy of IMF5 

F81 Cluster of IEs for IMF2 

F82 Cluster of IEs for IMF3 

F83 Cluster of IEs for IMF4 

F84 Cluster of IEs for IMF5 

F85  Cepstral coefficients from channel 1 
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F86  

 

 

 

 

 

MFCCs (Perceptual 

features) 

Cepstral coefficients from channel 2 

F87 Cepstral coefficients from channel 3 

F88 Cepstral coefficients from channel 4 

F89 Cepstral coefficients from channel 5 

F90 Cepstral coefficients from channel 6 

F91 Cepstral coefficients from channel 7 

F92 Cepstral coefficients from channel 8 

F93 Cepstral coefficients from channel 9 

F94 Cepstral coefficients from channel 10 

F95 Cepstral coefficients from channel 11 

F96 Cepstral coefficients from channel 12 

F97 Cepstral coefficients from channel 13 

F98 Cepstral coefficients from channel 14 

F99 Cepstral coefficients from channel 15 
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Appendix G: Summary of Clinical Study Protocol for the 

Collection of Signals 

1. Aims and Objectives  

This study aims to record heart sounds signals from various subjects, including healthy and 

cardiac patients in an uncontrolled environment. Additionally, an auxiliary signal (ECG signal) 

is recorded in parallel as a reference to mark the locations of fundamental heart sounds – first 

heart sounds (S1) and second heart sounds (S2) in the heart sounds signals. The overall objective 

of this project is to use these recordings to validate algorithms for the automatic analysis and 

classification of heart sounds using signal processing and machine learning based tools.   

2. Methods and Materials 

2.1 Study Design 

Heart sounds signals (Phonocardiograms) and ECG signals (to mark the location of S1 and S2 

sounds) are recorded from both healthy and cardiac patients in an uncontrolled environment 

leading to acoustic artifacts and noise overlapped with heart sounds signals. This is helpful in 

investigating any effect of noise and artifacts in the signals acquired.  

Furthermore, recorded signals are used to validate the performance of algorithms for 

automated identification of cardiovascular diseases by extracting significant characterization 

measurements form the signals.  

2.2 Recording Devices  

An electronic stethoscope from the Thinklabs (Thinklabs One Digital Stethoscope) [213] is 

used in this study to record acoustic signals, while, ECG signals is acquired using a commercial 

CE marked, 12-lead international standard ECG monitoring system. All recordings are pseudo 

anonymized and stored in electronic formats. 

2.3 Selection of Subjects 

150 cardiac patients and 25 non-cardiac patients will be recruited in this trial.  

2.3.1 Inclusion Criteria  

▪ Patients with a variety of cardiac conditions attending the hospital for 

treatment/checkup   



 

190 

 

▪ Patients or volunteers with non-cardiac conditions. 

▪ Age: 18 years and above  

▪ Subjects and type: male or female 

2.3.2 Exclusion Criteria 

▪ Subjects who are not able to provide the consent or understand the information 

presented in participant information form (PIF) 

▪ Subjects with implanted medical devices 

▪ Aged less than 18 years  

2.4 Study Group  

While recordings are broadly grouped as normal and abnormal heart sounds signals, abnormal 

sounds are further sub-grouped based on the type of cardiac conditions. However, there is no 

difference in the process of recording cardiac signals from both the normal and abnormal 

subjects.  

2.5 Study Method 

The following steps are performed to record cardiac signals: 

▪ Subjects are given a brief overview of the study/research and its application  

▪ The operations of the recording devices (both the electronic stethoscope and ECG 

system) are explained briefly  

▪ All subjects are asked to provide their consent to record cardiac signals (both PCG and 

ECG signals) after explaining all the procedure and the method  

▪ Other details are also collected such as age, sex, and history of cardiovascular diseases 

and any other conditions.  

▪ The patients are asked to lay down on the bed in supine position and the electronic 

stethoscope is placed on the chest. A standard 3-channel ECG System is also attached 

to record the reference ECG signals.  

▪ The total recording duration is 5 minutes from each auscultation sites: aortic valve’s 

sounds centered at the second right intercostal space, pulmonary valve’s sounds at 

second left intercostal space (2LICS), mitral valve’s sounds at cardiac apex in the fifth 

intercostal space on the midclavicular line and tricuspid valve’s sounds at fourth 

intercostal space (along the left sternal edge) on the chest [8]; each for 300 seconds. 

▪ Patients are asked to breathe normally for one minute and then to introduce artifacts, 

they are asked to make a slow motion of their hands/neck followed by loud breath, 

noise insertion and speaking/reading artifacts, each for an interval of one minute. A 
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marker is placed after every one minute of the recordings.      

▪ Based on the information provided, the recordings are labeled as normal or abnormal 

heart sounds signals. 

▪ Both ECG and PCG signals are saved using the labels.   
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