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Abstract

Heart valve diseases (HVDs) are a major cause of mortality worldwide, particularly

in developing and underdeveloped countries. Early diagnosis of HVDs is essential to

prevent the progression of these diseases to lethal heart conditions. Phonocardiography

(PCG) is a non-invasive, user-friendly, and cost-effective tool that can be used for

preliminarily diagnosing HVDs. PCG signals provide a graphical representation of heart

sounds (HSs), which can be used to identify characteristic features of HVDs. However,

raw PCG signals are often susceptible to noise and artifacts, which can degrade the

signal quality and make it challenging to diagnose HVDs manually. Additionally, the

wide variability in PCG morphologies due to HVDs can make manual examination

subjective and prone to human error. To address these challenges, this dissertation

focuses on developing automated deep-learning methods for diagnosing HVDs.

The manifestation of HVDs in PCG cycles shows diverse temporal and morphological

variations. Analysis of a complete PCG cycle provides reliable and accurate information

related to HVDs. Existing methods have difficulty modeling a PCG cycle due to the non-

stationary nature of the PCG signal. These methods have modeled a short segment

of the PCG cycle to classify a particular type of HVD. However, considering the wide

variabilities of PCG characteristics due to HVDs, these methods may not generalize well

to diagnose unseen HVDs. This thesis proposes a novel multi-component oscillatory

model for the diagnosis of HVDs. The model captures the morphological variations of

the PCG cycles by fitting a half-period sine wave between two successive zero-crossing

points. The model parameters, i.e., amplitude and frequency, provide discriminative

features to a deep neural network (DNN) classifier to classify the PCG cycles as

healthy or pathological. The performance results show that the proposed model is

competitive enough with state-of-the-art methods. The model parameters are also used

to successfully reconstruct the healthy and pathological PCG cycles. The proposed

model is easy to implement as only zero-crossing points have to be detected and fit
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a half-wave sine function between them. The improved performance of the proposed

model demonstrates its potential for accurate and reliable diagnosis of HVDs.

Heart murmurs (HMs) are the rasping or blowing sound produced due to the turbulence

in blood flow through the defective heart valves or septal defects. HMs have a diverse

etiology and show temporal variability in the PCG signal. The existing machine learning

(ML) methods cannot exploit the temporal variability in the PCG signals associated with

HMs. Further, designing a fixed set of hand-crafted features to train an ML model is

challenging due to variability in HMs manifestation and is often subjective. To address

these issues, we propose a novel acoustic feature-fusion method using deep learning

(DL) for HMs classification. In the proposed method, we extract two acoustic features

from the PCG signal, i.e., Mel-frequency cepstral coefficients (MFCCs) and linear

prediction cepstral coefficients (LPCCs). Then, we fuse these two features using a

hierarchical long-short memory (HLSTM) network to exploit the temporal variation in

the fused features to detect HMs. Further, a self-attention module is introduced to

weigh the encoded vectors of the HLSTM network based on their clinical relevance to

improve the HMs classification. The robustness of the proposed method is verified by

adding different environmental and body-generated noises for different signal-to-noise

(SNR) levels. The proposed method shows a reasonable average run time (2-4 ms)

and excellent overall accuracy compared to the existing methods.

The existing wavelet transform (WT) methods to analyze the PCG signal to detect

HMs, suffer resolution loss at higher subbands (coarse scales) and lack shift-invariant

properties. Further, the extracted features from the WT subbands are fed to an ML

classifier to detect HMs. However, these ML classifiers cannot exploit the temporal

variations within and across subbands to detect HMs. First, we propose a stationary

wavelet transform (SWT) based PCG signal decomposition to address the above issues.

The SWT captures the PCG patterns adequately at coarse scales to detect HMs. Then,

we propose subband-specific HLSTM networks to exploit the temporal variation across

each SWT subband. Further, intra-subband and inter-subband attention modules

are proposed to weigh the encoded vectors of HLSTM networks to improve the HMs

classification. We test the robustness of the proposed method by adding a variety of
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environmental and body-generated noises at different levels of SNR. The proposed

method shows improved performance results compared to the existing state-of-the-art

methods.

Existing literature on HVDs detection has mainly focused on classifying PCG signals

as healthy or pathological. A few studies have analyzed multi-class HMs classification.

However, they are limited to small databases. Furthermore, existing DL methods have

mainly used transfer-domain approaches to represent PCG segments as 2D images.

These images are then fed to a 2D convolutional neural network (CNN) model to classify

HMs. However, representing the time-series PCG signal in an image form may not

capture all relevant HM information. This thesis proposes a multi-kernel residual CNN

(MK-RCNN) model to classify three HM severity stages: absent HMs, soft HMs, and

loud HMs, along with low-quality PCGs, to improve the HM assessment. The multi-

kernel CNNs with different filter sizes capture scale-specific features from the PCG

segment to detect HM patterns. The residual learning helps to extract deep features

from deep CNN layers without degrading the performance accuracy. Experimental

results show the efficacy of the proposed MK-RCNN model over existing DL models.

The proposed method provides a robust end-to-end framework for HM diagnosis without

manual intervention.

To summarize, this dissertation presents novel DL methods for automated HVDs di-

agnosis, including a multi-component oscillatory model, an acoustic feature-fusion

using an attention-based-HLSTM network, an SWT-based decomposition with subband-

specific attention-based-HLSTM networks, and an end-to-end framework based on the

MK-RCNN model. These automated diagnostic systems can help improve the accuracy

and reliability of HVDs diagnosis in primary healthcare units.

Keywords: Phonocardiogram (PCG), heart valve diseases (HVDs), heart sound

(HS), heart murmurs (HMs), deep learning (DL), hierarchical long short-term mem-

ory (HLSTM), self-attention, oscillatory model, residual convolutional neural network

(RCNN).
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1. Introduction

Cardiovascular diseases (CVDs) are a group of disorders that affect the heart and blood vessels [1].

They are primary causes of mortality worldwide, resulting in about 32% of global deaths [2]. To

diagnose CVDs, cardiologists commonly use an electrocardiogram (ECG) signal as a standard

tool [3]. However, heart valve diseases (HVDs) pose a challenge in ECG-based detection. HVDs

are conditions in which valves that regulate blood flow through the heart may be damaged or

diseased. As a result, they can cause the heart to work less efficiently. These anomalies do

not alter the heart’s electrical activity recorded in the ECG signal. They manifest in the heart

sounds (HSs) produced by the movement of cardiac valves [4]. HVDs are prevalent in developing

countries, resulting in 1.4 million deaths annually. It is mainly due to the lack of preliminary

screening and diagnosis [5]. Therefore, early diagnosis of HVDs is essential to reduce health

complications and improve quality of life.

The current diagnostic tools for HVDs include echocardiography (echo), chest X-ray, and

cardiac MRI [6]. The need for sophisticated equipment and expertise poses a challenge in

underprivileged regions. Cardiac auscultation involves listening to the HSs using a stethoscope.

It remains a cost-effective and widely available method for detecting HVDs in primary healthcare

units [7]. However, manual auscultation requires subjective expertise and may lead to a miss

or false detection, which can be life-threatening or costly. A phonocardiogram (PCG) signal-

based computer-aided stethoscope provides a graphical representation of HSs and is a valuable

alternative. PCG-based diagnosis is non-invasive, user-friendly, and cost-effective, making it

suitable for primary healthcare units.

In recent years, the development of wearable technologies and sensors has led to the emer-

gence of various PCG-based data acquisition systems [8]. However, PCG recordings are often

susceptible to artifacts and noises that can degrade signal quality and impact clinical utility. Fur-

thermore, the diverse etiology of HVDs can result in variations in the intensity and morphology of

the PCG waveform. It makes a manual analysis for HVD diagnosis challenging, prone to errors,

and time-consuming. Therefore, automated diagnosis of HVDs using PCG can be a promising

objective for assisting cardiologists in treatment [9].

This dissertation focuses on developing automated and reliable diagnostic methods for HVDs

using PCG. This chapter briefly introduces the heart’s anatomy and heart sounds (HSs), followed

by the PCG signal and its clinical significance. We then review the existing automated methods for

diagnosing HVDs using PCG. Further, we highlight the motivation of the research work. Following
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1.1 Anatomy of the Heart and Introduction to Heart Sounds (HSs)
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Figure 1.1: Anatomy of the heart. TV: Tricuspid Valve; PV: Pulmonary Valve; AV: Aortic Valve; MV: Mitral Valve.

that, we present the contributions and outline of the thesis.

1.1 Anatomy of the Heart and Introduction to Heart Sounds (HSs)

The heart is a vital organ in the human body. It pumps blood, which carries oxygen and nutrients

through the blood vessels to the body parts [10]. It also transports metabolic waste, such as

carbon dioxide, to the lungs for elimination. The heart is located in the middle compartment of the

chest and between the lungs. It is approximately the size of a closed fist. Figure 1.1 shows the

anatomy of the heart. The heart contains four chambers. The upper two chambers are the left

atrium (LA) and the right atrium (RA), while the lower two chambers are the left ventricle (LV) and

the right ventricle (RV). The left heart contains the LA and LV. The right heart contains the RA and

RV. The RA receives deoxygenated blood from the body through the superior and inferior venae

cavae. At the same time, the pulmonary veins transport oxygenated blood to the LA. The sinoatrial

node initiates the heart’s electrical activity. It generates periodic electrical signals propagating
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through the heart, causing its muscle to contract. During atrial contraction, blood stored in the RA

is pumped into the RV through the tricuspid valve. At the same time, blood stored in the LA is

pumped into the LV through the mitral valve. During ventricular contraction, oxygenated blood in

the LV is pumped out of the heart to body parts via the aortic valve, while deoxygenated blood

in the RV is pumped to the lungs via the pulmonary valve. The period of ventricular contraction

is known as systole, while the period of atrial contraction or ventricular relaxation is known as

diastole. One cardiac cycle consists of one sequence of systole followed by diastole.

The human heart produces two audible sounds, known as heart sounds (HSs), during a

cardiac cycle. The first HS, known as the lub sound or S1 sound, signifies the beginning of systole.

It is generated by the closure of the atrioventricular valves, i.e., the mitral and tricuspid valves.

Similarly, the second HS, known as the dub sound or S2 sound, marks the beginning of diastole.

It is produced by the closure of the semilunar valves, i.e., the aortic and the pulmonary valves.

However, additional HSs during systole, diastole, or both are signs of a pathological heart. These

additional HSs include S3, S4, or heart murmurs (HMs). S3 is a ventricular gallop produced by

a sudden increase in ventricular blood volume. S4 is an atrial gallop produced by blood flow

into a stiffened ventricle. HMs produce rasping or blowing sounds due to HVDs or congenital

heart diseases [11,12]. These pathological HSs can provide crucial diagnostic information for

cardiovascular assessment. Table 1.1 presents a brief specification and physiological description

of these healthy and pathological HSs. S1 sound lasts 120-150 ms and has a frequency range

of 20-200 Hz. S2 sound lasts 80-120 ms and has a frequency range of 20-250 Hz. S3 sound

lasts 40-100 ms and has a frequency range of 25-70 Hz. S4 sound lasts 40-80 ms and has a

frequency range of 15-70 Hz. HMs typically lie in the frequency range of up to 600 Hz. Clicks

and snaps are typically characterized by a 100-800 Hz frequency range. These HSs and their

associated frequency ranges provide valuable information for diagnosing HVDs.

1.2 The Phonocardiogram (PCG) Signal and its Clinical Significance

The phonocardiogram (PCG) is a non-invasive, flexible, and cost-effective tool for the automated

diagnosis of HVDs [13,14]. A PCG signal is recorded using a cardiac microphone or pressure

transducer placed on the chest surface [15]. As shown in Figure 1.2, four locations on the chest

surface are commonly used to acquire PCG signals. These locations are selected based on the
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1.2 The Phonocardiogram (PCG) Signal and its Clinical Significance

Table 1.1: Healthy and pathological heart sounds (HSs) with their specifications.

Heart Sound Duration (ms) Freq. (Hz) Physiological description of HS
S1 120-150 20-200 Closure of atrioventricular valves
S2 80-120 20-250 Closure of semilunar valves
S3 40-100 25-70 Ventricullar gallop (Early diastolic filling of ventricle)
S4 40-80 15-70 Atrial gallop (Late diastolic filling of ventricle)
Heart Murmurs — Up to 600 Turbulent flow of blood through defective heart valves
Clicks — 100-800 Opening of rigid and calcifies semilunar valves
Snaps — 100-800 Sudden opening of stiffed mitral valve

Acoustic 
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Aortic 
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1 2

3 4
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Valve (TV)

Mitral 

Valve (MV)

Pulmonary
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PC
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Figure 1.2: PCG signal recording on the chest surface using a pressure transducer. Four locations on the chest
surface are used to acquire the PCG signal: 1. near the AV area, 2. near the PV area, 3. near the TV area, and 4.
near the MV area.

optimal positions for hearing the HSs [13]. Specifically, the four locations are near the aortic valve

(AV), pulmonic valve (PV), tricuspid valve (TV), and mitral valve (MV). The AV area is located at

the second right intercostal space, the PV area is in the second intercostal space along the left

sternal border, the TV area is in the fourth intercostal space along the left sternal edge, and the

MV area is at the cardiac apex, in the fifth intercostal space on the midclavicular line.

A typical healthy PCG recording contains two fundamental HSs, namely S1 (lub or first HS)

and S2 (dub or second HS), which occur in every PCG cycle [8,16]. S1 marks the onset of systole,

while S2 marks the onset of diastole. Figure 1.4(a) shows a healthy PCG recording. In cases of

cardiac pathology, additional HSs may be present, such as clicks, snaps, S3 sound, S4 sound, or

HMs.
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Figure 1.3: Illustration depicting the pathophysiology of heart valve diseases (HVDs). (a) AS murmur, (b) MVP
murmur, (c) MR murmur, and (d) MS murmur.
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1.2 The Phonocardiogram (PCG) Signal and its Clinical Significance

1.2.1 Clinical Background of Heart Murmurs (HMs)

Heart murmurs (HMs) are subtle abnormal HSs produced mainly due to the turbulent flow of blood

through the defective heart valves. There are four main types of HMs: valvular stenosis, valvular

insufficiency, congenital anomaly, and increased blood flow through a normal valve [17]. HMs

can occur in different phases of the PCG cycle, such as systolic, diastolic, or continuous, and can

have various shapes, including crescendo, decrescendo, crescendo-decrescendo, or plateau.

Aortic stenosis (AS) is an HVD that primarily affects the elderly population due to the narrow

opening of the aortic valve orifice [18]. As a result, it restricts the blood flow from the left ventricle

to the body. Figure 1.3(a) shows the narrow opening of the aortic valve due to AS. The AS is

characterized by a systolic murmur with a crescendo-decrescendo shape in the PCG signal.

Figure 1.4(b) shows a PCG signal affected by AS murmur. It typically occurs during systole,

reaches its maximum intensity in mid-systole, and gradually decreases until the end. AS also

may produce a delayed and decreased S2 sound. In addition, the turbulent blood flow due to AS

may produce a harsh systolic ejection murmur, which overlays the S1 sound. The AS murmur is

usually heard best at the aortic valve area. The analysis of PCG signal affected with AS murmur

can provide valuable information about the severity of the HVD.

Mitral valve prolapse (MVP) is a common HVD characterized by the movement of mitral valve

leaflets towards the left atrium [19]. Figure 1.3(b) shows the visual representation of MVP with

the displacement of the mitral valve leaflets. MVP is usually asymptomatic and considered an

innocent HM. The clinical signature of MVP in the PCG signal is a systolic click, which occurs after

the S1 sound, and a late systolic murmur. Figure 1.4(c) shows a PCG signal affected by MVP

murmur. The click is produced by the abrupt tension on the mitral valve leaflets as they billow into

the left atrium during systole. The late systolic murmur is due to the turbulent blood flow from the

left ventricle into the left atrium through the prolapsed valve. The MVP murmur typically does not

affect the S1 or S2 sound. Sometimes, the prolapse of the mitral valve leaflets can cause a slight

delay in the S2 sound.

Mitral regurgitation (MR) is characterized by the backflow of blood from the left ventricle to

the left atrium during systole [20]. It is caused due to a defective mitral valve. Figure 1.3(c)

demonstrates the backflow of blood in MR. The clinical signature of MR in the PCG signal is a

systolic murmur with a continuous or plateau shape. Figure 1.4(d) shows a PCG signal affected
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by MR murmur. The murmur starts after the S1 sound and continues throughout systole. As a

result, the S2 sound is not affected in the MR murmur. The murmur produces a characteristic

swishing sound, which can be heard best at the apex of the heart. Early diagnosing MR using

PCG is essential, as untreated MR can lead to heart failure and other complications.

Mitral stenosis (MS) occurs due to the narrowing of the mitral valve opening [21]. It reduces

the blood flow from the left atrium to the left ventricle. Figure 1.3(d) shows the narrowing of the

mitral valve orifice in MS. The clinical signature of MS in the PCG signal is a diastolic murmur

with a low-pitched rumbling shape. Figure 1.4(e) shows a PCG signal affected by MS murmur.

The murmur occurs during diastole when the left ventricle relaxes and fills with blood from the left

atrium. In MS, the mitral valve does not open fully, and as a result, the blood flows through the

narrowed opening with turbulence, producing the characteristic rumbling sound. The MS murmur

typically does not affect the S1 or S2 sound, but it may cause a delay in the A2 component of

the S2 sound due to the delayed closure of the mitral valve. The MS murmur is typically heard

best at the cardiac apex. The analysis of PCG signal affected with MS murmur can provide useful

information about the HVD.

HMs can also be detected based on their severity stages to diagnose HVDs. The Levine

scale, also known as the Levine grading system, is used to classify and measure the severity

of HMs [22]. It is named after Dr. Stephen S. Levine, a cardiologist who developed this grading

system. The Levine scale provides a standardized way to describe the loudness or intensity of

an HM. The scale ranges from grade I to grade VI, with each grade representing a different level

of loudness and characteristics of the murmur. Here is a brief overview of the Levine grading

system:

• Grade I: Very faint and barely audible HM

• Grade II: Soft but readily audible HM

• Grade III: Moderately loud, easily heard HM

• Grade IV: Loud HM and associated with a palpable thrill or vibration felt over the chest.

• Grade V: Very loud HM that can be heard even if the stethoscope is partially lifted from the

chest.
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1.2 The Phonocardiogram (PCG) Signal and its Clinical Significance
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Figure 1.5: Recording of PCG signals. (a) Healthy PCG, (b) Soft heart murmur (SHM) PCG, (c) Loud heart murmur
(LHM) PCG, and (d) Low-quality PCG (LQP) recording.

• Grade VI: Loudest HM that can be heard without direct contact with the stethoscope on the

chest.

Soft heart murmurs (SHMs) are defined as those with a grading equal to or less than II (grade

I and grade II), while loud heart murmurs (LHMs) are defined as those with a grading greater than

or equal to III (grade III to grade VI) [22]. Figure 1.5(b) and Figure 1.5(c) show SHM and LHM

PCG recordings, respectively. Figure 1.5(a) shows a healthy or absent heart murmur (AHM) PCG

for reference. However, the loudness of an HM depends on factors such as background noise,

subject anatomy, and the physician’s subjective opinion. Poor quality PCG recordings can also

affect the accuracy of HM assessment. Figure 1.5(d) shows a low-quality PCG (LQP) recording.

Therefore, a robust computer-aided system for automated detection and classification of HMs

using PCG is essential to prevent the progression of HVDs. It also benefits patients by assisting

cardiologists in providing accurate and timely diagnosis [13].
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Figure 1.6: Typical framework of a PCG-based automated diagnosis system.

1.3 Automated Diagnosis of HVDs using PCG- A Review

In literature, there has been substantial research for the automated diagnosis of HVDs using

PCG signals. Typically, the PCG-based automated diagnosis of HVDs involves four main stages:

preprocessing the PCG, segmentation of the PCG, extraction of novel features from the PCG

segment, and classification of the PCG segments. Figure 1.6 illustrates the typical framework of

a PCG-based automated diagnosis system. In the subsequent sub-sections, we discuss each

stage of the diagnosis system.

1.3.1 Preprocessing of the PCG Signal

PCG recordings are often susceptible to various types of noise, such as environmental noise,

breathing, and intestinal sounds, which can lead to false detection of HSs. To minimize unwanted

signals, researchers have proposed several preprocessing techniques, including bandpass filtering

[23], adaptive filtering [24], wavelet transform [25], singular value decomposition (SVD) [26], and

empirical mode decomposition (EMD) [27]. Additionally, the friction between the skin and the

stethoscope during recording HSs can cause friction spikes in the PCG signal, leading to a low

signal-to-noise ratio (SNR). Therefore, a spike removal process is employed to remove these

spikes from the filtered PCG signal [28]. As most HSs are recorded using a hand-held electronic

stethoscope, these preprocessing techniques are crucial for accurate and reliable PCG-based
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diagnosis of HVDs.

1.3.2 Segmentation of the PCG Signal

PCG signal segmentation is essential to locate the systolic or diastolic part of the PCG cycle,

enabling the classification of pathological HMs in that region. For cyclewise-segmentation, it is

required to locate the S1 and S2 sounds from the PCG signal. Locating these two fundamental

HSs is challenging due to artifacts and pathological variations in the PCG morphology [29].

Various cyclewise-segmentation methods have been proposed in the literature, including those

that utilize the reference of electrocardiogram (ECG) or carotid pulse signals [30,31], envelope-

based methods [32,33], probabilistic models [28,29], feature-extraction based methods [34,35],

time-frequency based methods [36,37], and deep learning models [38,39]. Due to advanced deep

learning (DL) models, researchers have used direct time-interval-based PCG signal segmentation

[14,40]. In this interval-based PCG segmentation, there is no need for locating the S1 and S2

sound. DL models are hypothesized to automatically learn the PCG cycle information from the

time-based PCG segments. So, they have avoided the cyclewise-segmentation prior to the feature

extraction step. However, this process entirely depends upon the robustness of the DL model.

Therefore, whether cyclewise-segmentation prior to feature extraction is necessary or not remains

an open question that requires further investigation.

1.3.3 Feature Extraction Methods

Representation of PCG signals in different domains is a useful approach to capture pathological

characteristics that aid in improving the detection of HVDs. Time [41–43], frequency [43–46], and

time-frequency features have been proposed in the literature for this purpose. Time-frequency

methods include, short-time Fourier transform (STFT) [28], continuous wavelet transform (CWT)

[47], and discrete wavelet transform (DWT) [48]. Other feature-extraction methods include acoustic

features, i.e., Mel-frequency cepstral coefficients (MFCCs) [49] and model-based features [50].

1.3.3.1 Time-domain Features

In the time domain, researchers have mainly extracted features from the pathological bio-markers

of the PCG signal [41–43, 51–55]. Chauhan et al. [41] computed the duration of S1 sound,

systole, S2 sound, and diastole, as well as the average amplitude of S1 and S2 sound to train a

11
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hidden Markov model (HMM) for the classification of three types of HMs, i.e., continuous, systolic,

and diastolic along with healthy PCG. Whitaker et al. [51] have extracted 20 temporal features,

including mean and standard deviation of the interval of S1 sound, systole, S2 sound, diastole,

and absolute average amplitude ratios. These features were further fed to a support vector

machine (SVM) to classify PCG cycles as healthy or pathological. Similarly, the authors in [54]

have extracted statistical features, i.e., skewness, kurtosis, and Shannon entropy, to train HMM

for detecting pathological PCG cycles. It is worth emphasizing that designing such time-domain

features relies on domain expertise. It is also challenging to extract a fixed set of informative

features in the time domain to detect HVDs due to the morphological similarity of healthy and

pathological PCG signals with noise and artifacts.

1.3.3.2 Frequency-domain Features

In addition to time-domain features, frequency-domain features have been used for the analysis

and classification of HVDs [42,43,51–53,56–59]. It is reported that the PCG signals affected with

different types of HVDs show high energy concentration in the higher frequency range compared

to healthy PCG signals [13]. Various features have been extracted from the spectral domain,

including the center of gravity and width of frequency distribution from the spectral envelope of

the PCG cycle [52], spectral energy [60], dominant frequency and its magnitude [42], and spectral

entropy [42]. Detecting pathological HSs is challenging in the frequency domain due to the overlap

of spectral characteristics between HSs and non-physiological events such as respiration and

other artifacts. Additionally, the spectral properties of HSs, as illustrated in the spectral properties

in Table 1.1, indicate overlapping of S1 and S2 sound. These overlaps further complicate the

detection of pathological HSs. Therefore, detecting HVDs in the frequency domain requires

careful consideration and analysis to differentiate between physiological and non-physiological

events.

1.3.3.3 Time-frequency Domain Features

In earlier works, researchers have extracted time and frequency domain features of PCG signals,

like duration and energy of S1 and S2 sound, power spectral density, and bandwidth. The

time-domain features are susceptible to noise present in the PCG signal. The frequency-domain

features suffer spectral overlap of PCG signal with other physiological events and artifacts.
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Therefore, to localize and capture the variations of the PCG signal concurrently on both time and

frequency scales, researchers have used various time-frequency domain methods to detect HVDs.

These methods include short time Fourier transform (STFT) [41,44], discrete wavelet transform

(DWT) [59], wavelet packet decomposition (WPD) [61], tunable Q-factor wavelet transform (TQWT)

[62], wavelet synchro-squeezing transform (WSST) [63], and chriplet transform (CT) [64]. Wang

et al. have proposed a multi-scale wavelet packet decomposition and extracted entropy features

from the PCG signal and applied them to an SVM classifier to identify as normal or abnormal [61].

Patidar et al. have used a TQWT method and extracted the sum of average magnitude difference

function (SAMDF) features from the PCG cycles [62]. These features are then fed to a least square

SVM (LS-SVM) to detect septal defects. Ghosh et al. have used a wavelet synchro-squeezing

transform to extract magnitude and phase features from the PCG segment and then applied those

features to random forest (RF) classifier to detect HVDs [63]. Sawant et al. have proposed a

fano-factor constrained TQWT to extract 15 time-frequency features from each subband of the

PCG signal. Further, these features are fed to a gradient boosting machine model to classify PCG

recordings [65]. Ghosh et al. have deployed a chriplet transform to perform the time-frequency

analysis and extract entropy and energy features and fed them to a composite multi-class classifier

for the detection of HVDs [64]. DWT and its variants are mostly used for the automated diagnosis

of HVDs using PCG signals. The decomposition of a PCG signal using the DWT method is as

follows.

DWT Decomposition Process: To perform DWT decomposition, the input signal s[n] of length

N , is first passed through a high-pass filter g[n] and low-pass filter h[n] to extract high-frequency

and low-frequency components of the input signal s[n], respectively. These two filters are typically

designed using the Daubechies, Symlets, Coiflets, or biorthogonal wavelets. After filtering,

the signal s[n] is downsampled by a factor of two, resulting in the detailed coefficients D[n]

and approximation coefficients A[n]. This process is repeated iteratively on the approximation

coefficients, resulting in a multilevel decomposition of the signal s[n]. So, the DWT decomposition

for level γ is obtained as follows [66].

Aγ[n] =
∑
k

hγ[n− k] · Aγ−1[k] (1.1)

Dγ[n] =
∑
k

gγ[n− k] · Aγ−1[k] (1.2)

13
TH-3224_176102005



1. Introduction

Level 1

Level 2

Level 3

Figure 1.7: The three-level decomposition using discrete wavelet transform (DWT).

Where Aγ[n] and Dγ[n] are the approximation and detail coefficients for γth level DWT decomposi-

tion. Where hγ and gγ are the low-pass and high-pass filters for level γ, respectively. DWT does

downsample its detail and approximation coefficients for the next level by a factor of 2. Figure 1.7

shows a three-level decomposition of input signal s[n] using DWT. The total number of subbands

for an L- order decomposition is represented as follows:

SBγ[n] =


Dγ[n], γ = 1, 2, ..., L

Aγ[n], γ = L+ 1

(1.3)

where SBγ[n]; (γ = 1, 2, ..., L+ 1) are the total number of subbands for L- order decomposition.

The DWT has several advantages over traditional Fourier-based methods to capture the variations

of the PCG signals. The multilevel decomposition of DWT allows the representation of the PCG at

different time-frequency characteristics. Further, it helps to extract valuable features from each

subband for diagnosing HVDs.

1.3.3.4 Acoustic Features

Mel-frequency cepstral coefficients (MFCCs) have been successfully used for speech analysis

by mimicking human auditory perception [67]. It has also shown promising results for acoustic

signals like HSs by warping the frequency to a logarithmic scale [41,44–46,54,55,59,60]. Son et
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Figure 1.8: Typical steps for MFCC feature extraction from the PCG segment.

al. have extracted 19 MFCC features from the PCG signal to classify five types of HMs [59]. Latif

et al. have extracted 13 MFCC features from the PCG signal to detect heart valve anomaly [68].

Han et al. have fused MFCC features with temporal and statistical features and fed them to a

multi-layer perceptron for detection of HVDs using PCG signal [69]. Milani et al. have deployed a

fusion framework of MFCC and time features and fed it to a supervised classifier for detecting

HVDs [70]. Maknickas et al. have extracted Mel-frequency spectral coefficients (MFSC), ∆, and

∆2 features from the PCG signal to classify PCG signals as healthy or pathological [71]. Bozkurt

et al. have extracted Mel-spectrogram from the PCG signal to classify innocent and pathological

HMs [72]. The typical process involves in the extraction of MFCC features is as follows.

MFCC feature extraction: It comprises pre-emphasis filtering, framing, fast Fourier transform

(FFT), Mel-scale based filtering, logarithmic transformation, and discrete cosine transformation

(DCT) [73]. Figure 1.8 shows the MFCC feature extraction block diagram. First, each PCG

segment (C[r]) is passed through a first-order filter with a pre-emphasis coefficient of α. It helps

in enhancing high-frequency HS energy contents. Then, each pre-emphasized PCG segment is

split into frames. Second, FFT is applied to each frame to obtain the magnitude spectrum. Third,

K number of triangular filter banks are used in mel-scale to uniformly divide the entire frequency

band of each frame [74]. The Mel-frequency (fmel) is obtained from the linear frequency (f ) as

follows:

fmel = 2595× log10

(
1 +

f

700

)
(1.4)

Fourth, energies are computed for each frame by multiplying each filter bank with its corresponding

magnitude spectrum. Finally, DCT is computed from the logarithm of those energies to get the

MFCCs for each frame. The formula to obtain the nth coefficient MFCC for tth frame Mn,t is as
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follows [75]:

Mn, t =
K∑
k=1

(log Fk,t) cos

[
πn(k − 0.5)

K

]
; (1 ≤ k ≤ K) (1.5)

where 1 ≤ n ≤ L and L is the desired number of MFCC coefficients. Here, we have considered

L = K. K is the number of filter banks used for each frame. Fk,t is the kth filter-bank energy of tth

frame.

1.3.3.5 Model Based Features

Over the years, attempts have been made to model the PCG signals for HS analysis [50,76–83].

Joo et al. proposed a pole-zero model for porcine prosthetic heart valves in the aortic position for

the identification of the valve state [76]. This method provides a better spectral representation

of cardiac sounds while lacking time coherence because of the non-stationary behavior of the

PCG signal. Similarly, Xu et al. proposed a non-linear transient chirp model to extract the aortic

and pulmonary components of S2 sound [77]. Zhang et al. applied a matching pursuit model to

analyze and synthesize normal HSs and murmurs [78]. Other approaches also used a matching

pursuit model to diagnose valvular disorders and synthesize the PCG signal [79]. Wavelet-based

models are used by Martinez et al. [80] and Manikandan et al. [81] for compression of the PCG

signal. Damped-sinusoidal models are also used in the literature for modeling HSs [50,82,83].

Rapid closing of heart valves can be considered as an impulsive excitation in HS and can be

reconstructed using a sum of damped sinusoidal. Rasmus et al. proposed a windowed sinusoidal

model to estimate the S2 sound split [50]. In this field of research, Tang et al. proposed a

Gaussian windowed sinusoid model for the telemedicine system [83]. Many parametric and

non-parametric models have been used to analyze PCG signals. However, the existing modeling

methods have difficulty capturing the morphological patterns of the PCG cycle because of the

non-stationary nature of the PCG signal. Most models have relied on modeling short segments of

PCG for a specific pathology.

1.3.4 Classification of HVDs

The final stage of the proposed framework involves the classification of HVDs into distinct

categories. Two main approaches have been used to achieve this goal: traditional machine

learning (ML) and deep learning (DL) methods.
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1.3.4.1 Machine Learning (ML) Methods

In the literature, various ML techniques have been applied, such as rule-based classifiers [84],

k-nearest neighbors (KNN) [85,86], support vector machine (SVM) [87,88], decision tree (DT) [89],

random forest (RF) [90], hidden Markov model (HMM) [41,44], Gaussian mixture model (GMM)

[91], naive Bayes theorem [90], and artificial neural network (ANN) [92, 93]. In this category,

researchers have mainly extracted informative features from the pathological biomarkers of the

PCG signals, followed by ML classifiers to detect HVDs. Figure 1.9 (a) shows the typical framework

for an ML-based diagnosis system. These ML classifiers have used hand-crafted features from

different domains, as discussed in the feature extraction methods 1.3.3, to provide diagnosis

decision output. Although these ML methods are easy to train and have improved classification

accuracy. They have a few limitations. First, designing distinctive hand-crafted features is highly

subjective and depends on domain expertise. Second, these ML methods have generalization

and robustness issues, considering the pathological variability in the HVD manifestations.

1.3.4.2 Deep Learning (DL) Methods

In recent years, DL methods have gained significant attention in the field of PCG-based diagnosis

systems [94, 95]. These DL methods mainly include deep neural networks (DNNs) [59, 95],

recurrent neural networks (RNNs) [68,96], convolutional neural networks (CNNs) [71,97], transfer

learning models (TLMs) [98,99], and hybrid models [100,101]. DL methods for automated HVDs

diagnosis can be broadly classified into three categories. The first approach involves a DNN-

based method, which follows the classical manual feature extraction and a DNN model to classify

HVDs, as depicted in Figure 1.9(a). The second approach is the transfer-domain method, where

raw PCG signals or segments are represented in a different domain for compact representation.

The transfer-domain signals are then fed to DL models to learn and extract deep features to

classify HVDs, as depicted in Figure 1.9(b). The third approach is the end-to-end framework,

in which the raw PCG signal is directly fed to a DL model that learns and extracts complex and

deep features to classify HVDs, as depicted in Figure 1.9(c). This section provides a detailed

discussion of these three approaches.

DNN-based Methods: Various hand-crafted features have been deployed in conjunction with

the DNN models for detecting HVDs [59,69,70,94,95,102–105]. Table 1.2 shows a brief detail

of DNN-based methods in the literature for PCG-based diagnosis of HVDs. For instance, Son
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Figure 1.9: Typical frameworks for PCG-based automated diagnosis system. (a) Hand-crafted features with machine
learning (ML)-based system, (b) Transfer-domain with deep learning (DL)-based system, and (c) DL-based end-to-end
framework system.

et al. employed 19- MFCCs and 24- DWT based features, such as mean, energy, standard

deviation, and maximum value of the envelope spectrum in each subband. These features were

concatenated and fed to a DNN for multi-class classification of HMs [59]. Millian et al. proposed

time-domain features, such as amplitude, duration, and intensity of S1 and S2 sounds, and

12-MFCC features from the PCG segment. Further, they were fed to a DNN to classify normal and

abnormal HSs [70]. Zabhi et al. used 40 time, frequency, and time-frequency features, such as

linear prediction coefficients (LPCs), MFCCs, and DWT-based entropy features, for heart sound

anomaly detection using PCG signals [95]. Finally, 18 features were selected based on a wrapper

feature selection scheme, and an ensemble of 20 feed-forward neural networks was used to

detect HSs as normal or abnormal. Although DNNs typically require manual feature extraction,

similar to traditional ML-based methods. DNNs can learn complex and abstract representations

from the input features. In contrast, traditional ML-based methods may be limited in capturing

complex relationships. Moreover, DNNs often require more data and computational resources
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Table 1.2: A review of DNN-based methods in the literature for PCG-based diagnosis of HVDs. Acronym: healthy
(H), pathological (P), normal (N), aortic stenosis (AS), mitral valve prolapse (MVP), mitral regurgitation (MR), and
mitral stenosis (MS).

Method # Classes Feature Extraction Details Database Result

Chen et al., 2016
[94] 2 (S1, S2) Acoustic domain (13- MFCCs, 13- ∆,

and 13- ∆2) Private OA: 91.12%

Son et al., 2018
[59]

5 (N, AS, MVP,
MR, MS)

Time-frequency and Acoustic domain
(19- MFCCs and 24- DWT features) HSM [59] OA: 89.3%

Han et al., 2019
[69] 2 (H, P) Acoustic domain (MFCC map) CICC 2016 [13] MAcc: 83.42%

Zeng et al., 2021
[103] 2 (H, P) Time-frequency (Phase space recon-

struction features) CICC 2016 [13] OA: 97.89%

Milani et al., 2021
[70] 2 (H, P) Time and Acoustic domain (Amp., du-

ration, intensity, and MFCCs) CICC 2016 [13] OA: 93.33%

Das e al., 2022
[104] 2 (H, P) Time-frequency (Cochleagram fea-

tures) CICC 2016 [13] OA: 98.33%

Zabihi et al., 2016
[95] 2 (H, P) Time, frequency, and time-frequency

(40- features) CICC 2016 [13] OA: 91.50%

kay et al., 2016
[105] 2 (H, P) Time, frequency, time-frequency (70

features) CICC 2016 [13] OA: 85.2%

than traditional ML-based methods. Nevertheless, the results obtained from these DNN-based

methods indicate that they can potentially improve the accuracy of HVD diagnosis.

Transfer-domain Approaches with DL Methods: One category of DL-based methods for

automated diagnosis of HVDs involves the transfer of PCG signals to a different domain for

compact representation. These compact representations are then fed to DL models, which

typically include CNNs, RNNs, TLMs, or hybrid models. The review of these DL methods for the

automated diagnosis of HVDs are as follows.

Researchers have used various transfer-domain approaches using CNN models for the

automated diagnosis of HVDs. These models include 2D-CNN [14,71,72,97,107,109,112–115]

and 1D-CNN [101,110,111]. Table 1.3 presents a brief overview of transfer-domain approaches

using CNN models. Deperlioglu et al. have used an image of size 100 x 75 pixels obtained

from 8s PCG segments, which are then input to a 2D-CNN for classifying normal, murmur, and

extrasystole heart sounds [97]. Bozkurt et al. have decomposed the PCG segments using gamma

tone filter banks and extracted envelopes from each subband. These envelope subbands are

logarithmic compressed to form an image, then fed to a 2D-CNN for pathological HS detection [72].

Kui et al. have extracted log Mel-frequency spectral coefficients (MFSCs) features from the PCG

cycles and input them to a 2D-CNN for classifying as normal or abnormal [114]. Li et al. have
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Table 1.3: A review of transfer-domain approaches using CNN models for the automated diagnosis of HVDs. Acronym:
innocent murmur (IM), pathological murmur (PM), patent ductus arteriosus (PDA), ventricular septal defect (VSD),
and atrial septal defect (ASD).

Method # Classes Transform-domain Details Database Result

Maknickas et al.,
2017 [71] 2 (H, P) Acoustic domain (MFSC, ∆, and ∆2 forms an im-

age of size (3x129x129) pixels) CICC 2016 [13] OA: 84.15%

Deperlioglu et al.,
2018 [97]

3 (N, Murmur,
Extrasystole)

8s PCG segment is converted to an image of size
(100x75) pixels PASCAL- B [106] OA: 97.9%

Bozkurt et al.,
2018 [72] 2 (IM, PM) Acoustic and Time-frequency domain (Mel-

spectrogram, MFCC, and subband envelopes)
Private (UoC-
murmur) ROC: 0.88

Deperlioglu et al.,
2019 [107] 2 (H, P) S1 and S2 sounds image of size (100x75) pixels CICC 2016 [13] OA: 97.2%

Li et al., 2019
[108] 2 (H, P) Time-frequency (Spectrogram Image) Private OA: 99.01%

Cheng et al., 2019
[109] 2 (H, P) Time-frequency (Spectrogram Image) CICC 2016 [13] MAcc: 89.50 %

Humayun et al.,
2020 [110]

3 (N, mild,
moderate)

Time-frequency domain (Four spectral bands de-
composed by tconv units filter banks)

Private (Inter-
speech Com-
ParE)

OA: 81.49%

Li et al., 2020
[111] 2 (H, P) Time, frequency, and time-frequency domain (497-

features) CICC 2016 [13] OA: 86.8%

Alqudah et al.,
2020 [112]

5 (N, AS, MVP,
MR, MS) Spectral domain (Bi-spectrum Images) HSM [59] OA: 98.70%

Chen et al., 2020
[113] 2 (H, P) Time-frequency (Image using modified frequency

WT) CICC 2016 [13] MAcc: 95%

Kui et al., 2021
[114]

4 (N, PDA,
VSD, ASD)

Acoustic domain (log Mel-frequency spectral coef-
ficients (MFSC) images) Private OA: 86.25%

Khan et al., 2021
[115]

3 (N, Murmur,
Extrasystole) Time-frequency (Spectrogram Images) PASCAL- B [106] OA: 95.3%

Li et al., 2021
[116] 2 (H, P) Time-frequency (Spectrogram Images) CICC 2016 [13] OA: 85%

performed STFT on the PCG segments and provided the obtained spectrograms as input to a

2D-CNN for automated detection of HSs [116]. Li et al. have also extracted spectrograms from

PCG segments and employed a denoising autoencoder (DAE) network to obtain feature vectors.

These vectors are then fed to a 1D-CNN for classifying HVDs [108]. Overall, these studies have

demonstrated the potential of using CNN models for HVD diagnosis. However, the effectiveness

of the models may vary depending on the specific dataset and the preprocessing techniques

used. It is also important to note that most of the studies reviewed in Table 1.3 focused on the

binary classification of HSs as healthy (H) or pathological (P).

Several studies have proposed transfer-domain approaches using RNN models to leverage

the temporal information present in the PCG signal for detecting HVDs [45, 68, 96]. Table 1.4

summarizes a brief review of the transfer-domain approaches using RNN models for the automated

diagnosis of HVDs. For instance, Latif et al. have extracted 13 MFCC features from a segment of

5 PCG cycles and utilized a bidirectional long short-term memory (BLSTM) network to model the
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Table 1.4: A review of transfer-domain approaches using RNN models for the automated diagnosis of HVDs. Acronym:
Healthy (H) and pathological (P).

Method # Classes Transform-domain Details Database Result
Latif et al., 2018
[68] 2 (H, P) Acoustic Domain (MFCCs) CICC 2016 [13] MAcc: 98.61%

Zhang et al., 2019
[96] 2 (H, P) Time-frequency (Temporal quasi-periodic features

from different frequency bands of the spectrogram) CICC 2016 [13] OA: 94.84%

Khan et al., 2020
[45] 2 (H, P) Acoustic domain (MFCCs) CICC 2016 [13] AUC: 91.39%

Table 1.5: A review of transfer-domain approaches using TLM network for the automated diagnosis of HVDs.
Acronym: Healthy (H), pathological (P), and coronary artery disease (CAD).

Method # Classes Transform-domain Details TLM Network Database Result
Dominguez et al.,
2017 [117] 2 (H, P) Time-frequency (Gray-scale

Sonogram Image) Modified AlexNet CICC 2016 [13] OA: 97%

Wu et al., 2019
[118] 2 (H, P)

Time-frequency and Acous-
tic domain (Spectrogram, Mel-
spectrogram, and MFCCs)

3- VGGNets CICC 2016 [13] MAcc: 89.81%

Alaskar et al.,
2019 [119] 2 (H, P) Time-frequency (Scalogram Im-

age) AlexNet CICC 2016 [13] OA: 87%.

Dhar et al., 2021
[98] 2 (H, P) Time-frequency (Cross-wavelet

transform to have an Image) AlexNet CICC 2016 [13] OA: 98%

Pathak et al., 2022
[99] 2 (H, CAD) Time-frequency (Spectrogram

Image) VGG16 Private OA: 91.19%

temporal variation in the PCG segment for detecting abnormal HSs [68]. However, the number of

studies in this area is relatively small compared to the transfer-domain approaches using CNN

models. Further research is needed to explore the potential of RNN models in detecting HVDs.

Several studies have proposed transfer-domain approaches using TLM networks to detect

HVDs from PCG signals [99,117–119]. Table 1.5 summarizes a brief review of the transfer-domain

approaches using TLM networks for the automated diagnosis of HVDs. Dhar et al. utilized cross-

wavelet transform spectrum features extracted from PCG signals and fed them into a pre-trained

AlexNet CNN model for HVD detection [98]. Pathak et al. converted PCG segments into PCG

spectrum and fed them into a pre-trained VGG-16 network for automated detection of coronary

artery diseases (CADs) [99]. Transfer-domain approaches using TLM networks show promising

results in detecting HVDs, as demonstrated by the studies summarized in Table 1.5. However,

further investigations are required to assess the generalizability of these models in detecting

HVDs using PCG signals.

In recent years, several transfer-domain approaches using hybrid deep learning models have

been proposed to detect heart valve anomalies [40,100,120,122–125]. Table 1.6 summarizes a
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Table 1.6: A review of transfer-domain approaches using hybrid models for the automated diagnosis of HVDs.
Acronym: Healthy (H) and pathological (P), and coronary artery disease (CAD).

Method # Classes Transform-domain Details Hybrid Model Database Result
Potes et al., 2016
[100] 2 (H, P) Time-frequency (124- features

and four frequency subbands CNN-DNN CICC 2016 [13] OA: 86.02%

Deng et al., 2020
[120] 2 (H, P) Acoustic domain (13- MFCCs,

13- ∆, 13- ∆2) CRNN with DNN CICC 2016 [13] OA: 98%

Li et al., 2020
[121]

2 (CAD, Non-
CAD)

Time and Acoustic (Hand-
crafted features and Mel-
spectrogram Image)

CNN-DNN Private OA: 90.43%

Gjoreski et al.,
2020 [122] 2 (H, P)

Time and Time-frequency
(Hand-crafted features and
spectrogram Image)

CNN and RF CICC 2016 [13] OA: 89%

Dissanayake et
al., 2020 [40] 2 (H, P) Acoustic domain (MFCCs, ∆,

and ∆2) CNN and LSTM CICC 2016 [13] OA: 99.78%

Deperlioglu et al.,
2021 [123]

3 (H, Murmur,
Extrasystole) Time domain (Instant energy) Auto-encoder PASCAL-B [106] OA: 99.61%

Huang et al.,
2022 [124]

2 (CAD and
Non-CAD)

Acoustic (MFCC spectro-
grams) CNN-LSTM-RF Private OA: 96.05%

brief review of the transfer-domain approaches using hybrid models for the automated diagnosis

of HVDs. Deng et al. have developed a hybrid model by combining a 2D-CNN, LSTM, and

fully connected (FC) layer to classify HSs [120]. They extracted 13-MFCCs, 13-∆, and 13-∆2

features from the PCG signal and fed them to the CNN. The output of the CNN is then given to the

LSTM network for HS temporal feature learning, and the encoded vector is fed to the FC layer for

classification. Li et al. proposed a multi-domain feature and deep learning feature-based model

to detect coronary artery disease [101]. They extracted 110 features related to duration, energy,

higher-order statistics, and spectral and wavelet-based features from the PCG signal. Further,

they extracted MFCC images from the PCG signal and fed them to a CNN network. Finally, they

fused both features using a dense layer to detect CAD.

Overall, these transfer-domain approaches using DL models have the potential to revolutionize

the diagnosis of HVDs by providing an automated, accurate, and efficient diagnosis.

End-to-End Framework with DL Methods: The final category of DL-based methods involves

the end-to-end framework for diagnosing HVDs. In this category, raw PCG signals are fed directly

to various DL models, such as CNNs, RNNs, or hybrid models, to classify HVDs. Table 1.7

summarizes a brief review of the end-to-end framework with DL methods for automated HVDs

diagnosis. For instance, Baghel et al. utilized raw 2.5s PCG segments and fed them to a 1D-CNN

to diagnose multiple cardiac diseases [126]. Alkhodari et al. fed a 1.2s PCG segment to a

combination of CNN and BLSTM to detect HVDs [127]. Shuvo et al. proposed the CRNN-based
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Table 1.7: A review of end-to-end framework with DL methods for the automated diagnosis of HVDs. Acronym:
Healthy (H), pathological (P), and congenital heart disease (CHD).

Method # Classes DL Model Database Result
Xiao et al., 2019 [131] 2 (H, P) Two 1D- CNNs Private OA: 93.56%
Baghel et al., 2020 [126] 5 (N, AS, MVP, MR, MS) 1D- CNN HSM [59] OA: 98.60%
Oh et al., 2020 [129] 5 (N, AS, MVP, MR, MS) 1D- CNN with Residual HSM [59] OA: 97%
Xiao et al., 2020 [130] 2 (H, P) 1D- CNN CICC 2016 [13] OA: 93%
Avanzato et al., 2020 [132] 5 (N, AS, MVP, MR, MS) 1D- CNN HSM [59] OA: 89.6%
Krishnan et al., 2020 [133] 2 (H, P) 1D- CNN CICC 2016 [13] OA: 85.74%

Raza et al., 2019 [134] 3 (H, Murmur, Extrasys-
tole) LSTM PASCAL- B [106] OA: 80.80%

Alkhodari et al., 2021 [127] 5 (N, AS, MVP, MR, MS) 1D- CNN with BLSTM HSM [59] OA: 97.87%
Liu et al., 2022 [135] 2 (CHD, Non-CHD) 1D- CNN with RNN Private OA: 96.7%
Shuvo et al., 2021 [128] 5 (N, AS, MVP, MR, MS) 1D- CNNs with BLSTM HSM [59] OA: 99.60%
Li et al., 2021 [14] 2 (H, P) 1D- CNN with GRU CICC 2016 [13] OA: 95.50%

CardioXNet architecture for the automated detection of HVDs [128]. Other studies have also

utilized end-to-end frameworks with raw PCG signals, including CNNs [129–133], RNNs [134],

and hybrid models [14, 135] for detecting HVDs. So, the end-to-end DL-based framework for

the automated diagnosis of HVDs has shown promising results. These end-to-end framework

approaches eliminate the need for hand-crafted features, which can be time-consuming and prone

to errors. Furthermore, end-to-end frameworks enable the DL models to learn informative features

directly from the PCG signals, improving diagnostic accuracy.

1.4 Motivation of the Research Work

Although several methods have been proposed for the automated diagnosis of HVDs using PCG,

a few research challenges have not been addressed as follows.

• As discussed earlier, the pathological manifestation of HVDs in a PCG cycle has diverse

temporal and morphological variations. Due to artifacts and pathological variations in PCG

signals, existing time [41,51] and frequency [42,60] domain feature extraction approaches

encounter difficulties in detecting the HVDs. To automatically detect HVDs require analysis of

a complete PCG cycle. Existing modeling methods have difficulty to model a PCG cycle due

to the non-stationary nature of the PCG signal [76,77]. These methods focused on modeling

a short segment of the PCG cycle, i.e., only S1 or S2 sound [50]. However, analyzing a

particular segment may not be generalized well to unseen HVDs. Therefore, we hypothesize

that modeling a PCG cycle can provide better generalization and robustness for diagnosing

23
TH-3224_176102005



1. Introduction

HVDs.

• Heart murmurs (HMs) have a diverse etiology, resulting in temporal variability in PCG

signals. Feature-fusion-based methods lack the effective integration of complementary

information for HMs detection [70, 121]. Additionally, finding a fixed set of hand-crafted

features that can adequately train an ML model is challenging due to the variability in disease

manifestations. The existing ML and DL-based methods have limitations in capturing the

temporal dependencies in the PCG signal associated with the HMs [59,63]. Therefore, an

effective feature-fusion algorithm and a DL model that leverages temporal information are

needed to enhance HM detection.

• Existing wavelet transform (WT) based methods used for HMs detection suffer from resolution

loss at higher subbands (coarse scales) and lack shift-invariant properties [59,61,62,72]. As

a result, crucial information related to HMs is often missing in the coarse scales. Moreover,

existing wavelet approaches extract features from wavelet subbands and employ an ML

classifier to detect HMs. However, an HVD pathology shows temporal variations within and

across different subbands. So, effectively handling these subbands’ temporal information is

essential for the robust detection of HMs. Therefore, there is a need for a WT that adequately

captures PCG patterns in coarse scales. Further, there is a need for a DL model to utilize

the temporal information across each subband and extract relevant clinical information to

classify HMs.

• Existing automated methods for diagnosing HVDs mainly focus on the binary classification of

PCG signals as healthy or pathological. A few studies have attempted to perform multi-class

analysis of HMs [59]; however, small databases have limited them. Furthermore, most DL

methods for HMs analysis represent the PCG signal to transfer domain and fed to a DL

model to classify HMs [14,71,114,115]. Therefore, there is a need for a robust end-to-end

framework that can automate the analysis of PCG signals without manual intervention. Such

a framework will be convenient for use in primary healthcare to assist experts in diagnosing

HVDs.
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1.5 Contributions of the Work

Motivated by the above issues, the thesis aims to develop automated diagnosis methods using

PCG for reliable and efficient HVDs detection. The contributions of the thesis are as follows.

• A multi-component oscillatory model has been investigated for PCG signals for the automated

diagnosis of HVDs. The proposed model captures and accurately represents the PCG cycle’s

morphological variations by fitting a half-period sine wave between two zero-crossing points.

The extracted model parameters, i.e., amplitude and frequency, provide discriminative

features to a DNN classifier for detecting PCG cycles as healthy or pathological. Our

proposed method is computationally efficient and easy to implement, requiring only the

calculation of zero-crossing points. We evaluate the efficacy of the proposed method using a

publicly available challenge database. The proposed method achieves competitive results

as compared to the existing state-of-the-art methods.

• A novel acoustic feature-fusion-based hierarchical LSTM (HLSTM) network is proposed to

classify HMs. First, MFCCs and linear prediction cepstral coefficients (LPCCs) features

are extracted from the PCG signals. Then, these two features are fused in two novel ways

using a hierarchical LSTM (HLSTM) network with a self-attention module. The first model is

the series feature-fusion HLSTM (SFF-HLSTM) model. The second model is the parallel

feature-fusion HLSTM (PFF-HLSTM) model. HLSTM encodes the temporal information

of the fused features in different abstractions. Then, the self-attention module aggregates

these encoded vectors based on their clinical relevance to detect HMs. The efficacy of the

proposed method is evaluated using two publicly available databases. The proposed method

exhibits improved performance compared to the existing state-of-the-art methods.

• A stationary wavelet transform (SWT) based PCG signal decomposition is proposed for

adequately capturing PCG patterns in coarse scales to detect HMs. We employ subband-

specific HLSTM networks to utilize each SWT subband’s temporal and relative temporal

information. Then, the encoded vectors of each subband-specific HLSTM network are fed to

their respective intra-subband attention layer for weight aggregation based on their clinical

relevance. Further, the inter-subband attention layer weight aggregates these subband-

specific representations to improve the detection of HMs. The proposed method is tested
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and validated using two open-access databases. The proposed method shows competitive

performance with the existing baseline methods. The proposed method’s impressive perfor-

mance and generalization can help to detect HVD anomalies during preliminary check-ups

in healthcare units.

• A novel multi-kernel residual convolutional neural network (MK-RCNN) model has been

proposed for classifying the severity stages of HMs. The model utilizes multi-kernel CNN-

based feature extractors to extract scale-specific features from the raw PCG segments.
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Cyclewise-Segmentation

Preprocessing and
Direct-Segmentation

Preprocessing and
Direct-Segmentation

Series/ Parallel
Feature Fusion
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Feature Extraction
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Figure 1.10: Graphical representation of the working chapters of this dissertation.
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Furthermore, using residual learning helps to extract deep features from the CNN layers

without degrading the performance accuracy. The proposed end-to-end framework eliminates

manual interventions, which can be time-consuming and prone to errors. The results show

that the proposed MK-RCNN model outperforms the state-of-the-art methods for HM severity

stages classification. The proposed method can be a reliable tool for the automated diagnosis

of HMs and provide better patient treatment options.

1.6 Organization of the Thesis

The thesis is organized into three working chapters, as illustrated in Figure 1.10. Chapter 2

proposes a multi-component oscillatory model to classify PCG cycles as healthy or pathological.

The model extracts model parameters, i.e., amplitude and frequency, by fitting a half-period sine

wave function between two consecutive zero-crossing points of the PCG cycle. The extracted

parameters are then fed to a DNN classifier for HVDs detection. Chapter 3 presents a novel

acoustic feature-fusion-based hierarchical LSTM (HLSTM) network for HMs classification. MFCCs

and LPCCs features are extracted from PCG signals. Then, they are fused using a hierarchical

LSTM (HLSTM) network with a self-attention module. The HLSTM captures temporal information

across different abstractions, while the self-attention module aggregates encoded vectors based

on clinical relevance to detect HMs. Chapter 4 introduces a novel approach for HMs detection

using a stationary wavelet transform (SWT) based PCG signal decomposition. The SWT aims

to capture PCG patterns effectively in coarse scales. Subband-specific hierarchical HLSTM

networks leverage the temporal information within each SWT subband. Based on their clinical rel-

evance, encoded vectors from subband-specific HLSTM networks are then fed into intra-subband

attention layers for weight aggregation. Further, an inter-subband attention layer aggregates these

subband-specific representations to enhance HM detection. Chapter 5 presents a multi-kernel

residual convolutional network (MK-RCNN) model-based end-to-end framework for the automated

detection of HM severity stages. The multi-kernel CNN extracts scale-specific features from

the raw PCG segments, while residual learning in the CNN layers facilitates extracting deep

features without performance degradation. Finally, Chapter 6 summarizes the research work and

highlights some future directions.
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2. Multi-component Oscillatory Model Based Detection of Pathological HSs

In the previous chapter 1, we discussed the genesis of different HVDs and their morphological

variations observed in a PCG signal. Different types of HVDs produce different patterns in the

PCG cycle, which are subtle and difficult to differentiate. In addition, there may be variations in

the PCG morphology due to the same type of HVD, depending on factors such as the disease’s

severity, the patient’s age, and other underlying heart conditions.

The existing time-domain features to detect HVDs show morphological similarity between

healthy and pathological PCG signals [41, 51]. Detecting pathological HSs is challenging in

the frequency domain due to the overlap of spectral characteristics between HSs and non-

physiological events such as respiration and other artifacts [42,60]. Numerous modeling methods

have been reported in the literature which extract novel features for the analysis and classification

of HSs as healthy or pathological [136]. These methods include pole-zero models [56,76], chirp

signal models [77], matching pursuit models [78, 79], wavelet models [80], damped sinusoidal

models [50, 82, 137, 138]. However, these models have difficulty capturing the morphological

patterns of the PCG cycle because of the non-stationary nature of the PCG signal. Most existing

models have focused on modeling a short segment of the PCG cycle, i.e., only S1 or S2 sound.

Whereas analyzing S1 or S2 sound, or only the systolic or diastolic part, may not be sufficient

to diagnose HVDs. A complete analysis of the PCG cycle, including the timing, duration, and

intensity of each component, is necessary to diagnose HVDs accurately. The PCG cycle provides

valuable information about the functioning of the heart valves and can help identify abnormalities

that may indicate the presence of an HVD. Therefore, we hypothesize that modeling a PCG cycle

can provide a better generalization to analyze different types of HVDs and will provide a more

robust performance to classify the PCG cycles as healthy or pathological.

This chapter proposes a novel multi-component oscillatory model to detect HVDs. The model

captures the morphological variations of the PCG cycle by fitting a half-period sine function

between consecutive zero-crossing points. The model parameters, i.e., amplitude and frequency,

provide discriminative features to the DNN classifier to detect the PCG cycles as healthy or

pathological. The proposed method is tested and validated using the Physionet challenge 2016

database [13].

The rest of the chapter is organized as follows: Section 2.1 discusses the proposed multi-

component oscillatory model-based method to classify HSs. Section 2.2 presents the results and

discussion of the proposed method. Section 2.3 ends with the summary.
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Figure 2.1: The schematic outline of the proposed modeling-based method to classify HSs.

2.1 Multi-component Oscillatory Model Based Method to Classify HSs

This section presents the proposed modeling method to detect pathological HSs using PCG

signals. It consists of four parts: preprocessing the raw PCG signal, segmentation into PCG cycles,

proposed model-based feature extraction, and detecting PCG cycles as healthy or pathological.

Figure 2.1 shows the block diagram of the proposed method.

2.1.1 Preprocessing of the PCG signal

The presence of unwanted signals such as lung sound, diaphragm movement, and surrounded

speech affects the PCG signal recording [138]. It leads to false detection or miss of HVDs in the

PCG signal. These noises also create a challenge to segment the PCG signal. Therefore, it is

necessary to eliminate these noises before segmentation. So, the raw PCG signal is filtered using

a sixth-order Butterworth bandpass filter having a lower and higher cut-off frequency of 20 Hz

and 900 Hz, respectively. Figure 2.2(a) and Figure 2.2(b) show the raw and filtered PCG signals,

respectively. In most clinical setups, HSs are generally recorded using a hand-held electronic

stethoscope. So, friction spikes can be generated in the PCG signal due to the movement between

the skin and the stethoscope. It leads to a low signal-to-noise ratio. Therefore, these spikes are
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Figure 2.2: Preprocessing of the PCG signal. (a) Raw PCG signal, (b) Filtered PCG signal, and (c) Spike-removed
filtered PCG signal.

further removed from the filtered PCG signal using a spike removal process proposed by Schmidt

et al. [28]. Figure 2.2(c) shows the spike-removed filtered PCG signal. The steps involved in

removing the friction spikes using Schmidt’s algorithm are as follows:

(i) Each filtered PCG signal is divided using a 500 ms rectangular window.

(ii) The maximum absolute amplitude (MAA) is computed from each window.

(iii) Then, the median value of MAA’s from all the windows is computed. If any window MAA

exceeds three times the median MAA value, follow these sub-steps. Otherwise, go to step

(iv) directly.

(a) First, the window with the highest MAA value is considered.

(b) In that particular window, the top of the noise spike is chosen as the location of the

MAA.

(c) The first zero-crossing before and after that location is selected.

(d) All the sample points between these two zero-crossings are replaced by zeros.

(e) Go to step (ii).

(iv) The process is completed.
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Figure 2.3: Preprocessing and segmentation of a raw PCG signal. (a) Raw PCG signal, (b) Preprocessed PCG
signal, and (c) Segmented PCG cycles with their four HS states, namely, S1, systole, S2, and diastole.

2.1.2 Segmentation into PCG Cycles

The PCG signal segmentation is an essential step to locate a particular region, i.e., the systolic or

diastolic part of the PCG cycle, and subsequently, classify the pathological murmurs in that region.

Thus, the preprocessed PCG recordings are segmented cyclewise. In this work, we deployed the

logistic regression-hidden semi-Markov models (LR-HSMM) method to identify PCG cycles [29].

The model is a first-order nonergodic hidden Markov model (HMM) with four hidden states, i.e.,

S1, systole, S2, and diastole. The model incorporates the duration distribution information of each

state to enhance the PCG segmentation. Therefore, the model is called the hidden semi-Markov

model (HSMM) and is defined as

λ = (A,B, π,p) (2.1)

where λ is the model, A is the transition probability matrix between hidden states, B is the

distribution of observation sequence, and p is the state duration probability.

The HSMM model uses logistic regression (LR) to estimate observation probability compared

to the Gamma, or Gaussian distribution, reported in earlier work [28, 139]. Incorporating LR

allows more significant discrimination between states, i.e., S1, systole, S2, and diastole. Logistic

regression is a binary classifier that provides a binary response based upon feature space or
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predictor variable using a logistic function, computed by the following equation [140].

σ(x) =
1

1 + exp(−x)
(2.2)

The probability of a particular state at time instant t, given the input observation (Ot), can be

calculated by using the above equation as:

P [qt = ζj|Ot] = σ(ω
′
Ot) (2.3)

where ω is the weight vector applied to each input observation. It is trained iteratively using the

re-weighted least square method. Finally, the probability of observation at time instant t given the

state (qt = ζj) is calculated using Bayes’ rule as:

bj(Ot) = P [Ot|qt = ζj] =
P [qt = ζj|Ot]× P (Ot)

P (ζj)
(2.4)

where P (Ot) is obtained from the features of the training dataset by using a multivariate normal

(MVN) distribution. P (ζj) is the initial state probability of the jth state. The LR-HSMM method uses

four signal-derived features, i.e., wavelet envelope, homomorphic envelope, Hilbert envelope, and

power spectral density envelope, as the observed sequences. For the evaluation of the LR-HSMM

model, R-peaks and the end of T-waves of the ECG signal are used as the reference to locate the

S1, and S2 sounds, respectively. Figure 2.3(a) and Figure 2.3(b) show a raw PCG recording, the

preprocessed PCG recording. Figure 2.3(c) shows the segmentation of the PCG recording. Each

cycle-wise PCG segment has its respective four HS states, i.e., S1 sound, systole, S2 sound, and

diastole.

2.1.3 Proposed multi-component oscillatory model

We have proposed a multi-component oscillatory model to extract the model parameters from the

PCG cycles and their respective four HS states. Further, these model parameters are deployed to

classify the PCG cycles and the four HS states as healthy or pathological.

2.1.3.1 Extraction of model parameters

The flow diagram to extract model parameters using the proposed multi-component oscillatory

model is shown in Figure 2.4. First, the PCG cycle (S1) is fed as input to extract first-order model

parameters. Hereafter, the residual signal is fed as input to extract the following order model
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Figure 2.4: Extraction of model parameters using the proposed multi-component oscillatory model.

parameters till the termination criteria is satisfied. Here, every iteration corresponds to a model

order.

First, the zero-crossing points are computed from the input signal at each iteration. Let Sm be

the input signal for mth iteration and tm1 , tm2 , tm3 , ..., tmZ are its successive zero-crossing instants.

Where Z is the total number of zero-crossing points of Sm. The model parameters for the mth order

are obtained by fitting a half period of sine wave function between each successive zero-crossing

point of the input signal (Sm). A half-period sine wave function is represented by its amplitude,

frequency, and phase, which forms a parameter-set. Hence, the total parameter-sets for the mth

order is Z − 1, which is one less than the number of zero-crossing points (Z). A parameter-set
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Figure 2.5: Reconstruction of a healthy PCG cycle. Using (a) model order- 1 and (b) model order- 2.

between two consecutive zero-crossing points, i.e., tmi and tmi+1 is represented as follows [141]:

ami =
π

2
mean(Sm)

∣∣∣tmi+1

tmi

(2.5)

ωmi =
π

tmi+1 − tmi
(2.6)

φmi = − πtmi
tmi+1 − tmi

(2.7)

where (ami , ωmi , φmi ) is the parameter-set for ith zero-crossing point, mth model order and i ∈

[1, Z − 1]. Thus, the generated signal (Gm) for mth model order and ith zero-crossing point, is

calculated as follows

Gm(t) = am(t) sin(ωm(t) · t+ φm(t)) (2.8)

where am(t) = ami , ωm(t) = ωmi , φmi (t) = φmi , t ∈ [tmi , t
m
i+1], and i ∈ [1, Z − 1]. The modeled signal

(Mm) for mth model order is computed as follows

Mm =
m∑
j=1

Gj (2.9)

Finally, the residual signal (Rm) for mth model order and the input for (m+ 1)th model order are

obtained as follow

Rm = S1 −Mm, Sm+1 = Rm (2.10)

Figure 2.5 and Figure 2.6 depict a healthy and pathological PCG cycle reconstruction using

the proposed multi-component oscillatory model up to model order two. It can be observed

from both Figure 2.5 and Figure 2.6 that the first model order almost captures the respective

36
TH-3224_176102005



2.1 Multi-component Oscillatory Model Based Method to Classify HSs

-0.1

0

0.1
Orginal

Modelled

100 300 500 700 900 1000

Time (ms)

-0.1

0

0.1

(a)

(b)

Figure 2.6: Reconstruction of a pathological PCG cycle. Using (a) model order- 1 and (b) model order- 2.
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Figure 2.7: The input signal after each iteration for the above-discussed healthy PCG cycle. (a) The original PCG
cycle, (b,c) The first and second residual signals, respectively.

PCG cycle patterns. On the other hand, adding second model order helps capture the sudden

transient morphological variations of the PCG cycles. Thus, the use of multi-order enhances the

representation of the PCG cycles. It also helps capture specific temporal information to improve

HVD detections.

Figure 2.7 and Figure 2.8 illustrate the input signal feed to the proposed model for the above-

discussed healthy and pathological PCG cycles, respectively. It can be observed from Figure 2.7

and Figure 2.8 that the energy of the input signals starts decreasing with successive iterations. It

is almost negligible after the second model order in healthy and pathological PCG cycles, which

can be seen in Figure 2.7(c) and Figure 2.8(c).

We have computed the average reconstruction quality for all the healthy and pathological

PCG cycles, and their four HS states up to model order eight. We have used two performance
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Figure 2.8: The input signal after each iteration for the above-discussed pathological PCG cycle. (a) The original
PCG cycle, (b,c) The first and second residual signals, respectively.
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Figure 2.9: The average reconstruction results between original and modeled signals up to model order eight using
PRD (%) and PCC measures. (a,b) For S1 sounds, (c,d) For systoles, (e,f) For S2 sounds, (g,h) For diastoles, and
(i,j) For PCG cycles.

measures to quantify the reconstruction results, i.e., percentage root-mean-square difference

(PRD) [81], and Pearson correlation coefficient (PCC) [142] between the original and the modeled

PCG cycles for different model orders. The mathematical formulation of these two metrics is

defined as follows:

PRD =

√∑N
n=1(S

1
n −Mm

n )2∑N
n=1(S

1
n)2

× 100 (2.11)

PCC =
E[S1Mm]

σS1σMm
(2.12)

where S1 is the original PCG cycle, and Mm is the modeled PCG cycle for mth order. N represents

the number of samples present in the PCG cycle. E[S1Mm] is the correlation, and σS1 and σMm
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2.1 Multi-component Oscillatory Model Based Method to Classify HSs

are the standard deviations of S1 and Mm, respectively. Figure 2.9 shows the average PRD (%)

and PCC value between original and modeled PCG cycles and their four HS states up to model

order eight for both the healthy and pathological classes. It can be seen from Figure 2.9 that the

average PRD (%) value decreases as the model order increases for both healthy and pathological

classes. Its value does not change significantly above the second model order. It can also be

observed from Figure 2.9 that the correlation between the original and modeled PCG cycles and

their four HS states increases with the increase of the model order from one to eight for both the

healthy and pathological PCG classes. It is almost constant after the second model order. PCC

value reaches more than 99% at model order two. The most significant change occurs between

model orders one to two in both cases. So, it can be concluded from Figure 2.9 that the proposed

multi-component oscillatory model can capture the morphological variations of the PCG cycle and

its four HS states for both healthy and pathological classes.

2.1.3.2 Proposed model-based features

The parameter-sets of the proposed oscillator model are used as features to classify PCG cycles

and their respective HS states. The size of the feature vector depends upon the model order.

It can be observed from Figure 2.7 and Figure 2.8 that the intensity of the input signals starts

decreasing with successive iterations. Its value is almost negligible after the second model order

in healthy and pathological classes. Thus, the parameter-sets up to model order two are used

for classification. With the addition of higher model order, it may introduce noise and decrease

the classification performance. This work fits a half-period sine wave function between two

zero-crossing points. So, we have not considered the phase. Therefore, the parameter-set for

each half-period sine wave consists of amplitude and frequency. An HVD can cause changes in

the intensity and shape of the fundamental HSs (S1 and S2 sound). It can also cause additional

vibration due to turbulence in blood flow through the defective heart valve, which can be reflected

in the systolic or diastolic part of the PCG cycle. So, in this work, we have used prominent

amplitudes and their corresponding frequencies as features from model orders one and two for

detecting pathological PCG cycles. The number of parameter-sets from each model order is fixed

through experimentation.
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2. Multi-component Oscillatory Model Based Detection of Pathological HSs

Table 2.1: Confusion matrix for binary classification of HVDs. Acronym: true positive (TP), false negative (FN), false
positive (FP), and true negative (TN).

Actual Class
Predicated Class

Pathological Healthy
Pathological TP FN
Healthy FP TN

2.1.4 Classification of PCG Cycles and Its Four HS States

The selected parameter-sets from model orders one and two are fed to a supervised classifier to

detect the PCG cycles as healthy or pathological. Four binary supervised classifiers, i.e., support

vector machine (SVM), k-nearest neighbor (KNN), random forest (RF), and deep neural network

(DNN), are deployed to compare the performance accuracy. The SVM classifier is tested with two

kernel functions, i.e., (radial basis function) RBF and polynomial (POLY), and the performance

of the KNN classifier is evaluated with the two numbers of nearest neighbors, i.e., k= 5 and 10.

Similarly, the RF classifier efficiency is measured with two estimator values, i.e., 5 and 10. The

DNN model is also tuned with the number of layers, number of neurons per layer, and different

values dropout ratios, learning rate, and batch size to improve the performance accuracy to detect

the pathological PCG cycles. The general model architecture of a DNN is given in Appendix A.

2.1.4.1 Evaluation Scheme and Performance Measures

A standard five-fold cross-validation method is performed to evaluate the classification of patho-

logical HSs. It ensures generalizable results and prevents overfitting to a specific subset of the

data. Table 2.1 shows a confusion matrix for the binary classification of HVDs. Here, TP is the

true positive value, TN is the true negative value, FP is the false positive value, and FN is the false

negative value of the confusion matrix.

The proposed method is evaluated using five standard measures: precision (Pr), sensitivity

(Se), specificity (Sp), F1-score (F1), and overall accuracy (OA). The mathematical formulation of

these five measures is given as follows [143].

Pr(%) =
TP

TP + FP
× 100 (2.13)

Se(%) =
TP

TP + FN
× 100 (2.14)
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Table 2.2: A brief details of the CICC 2016 database. Acronym: H- Healthy and P- Pathological.

Dataset # Subjects # PCG Recordings Recording Environment Used Sensor
training set-a 121 H: 117, P: 292 Home-visit, Hospital Welch-Allyn Meditron
training set-b 151 H: 386, P: 104 Hospital 3M-Littmann
training set-c 32 H: 8, P: 24 Hospital Audioscope
training set-d 38 H: 27, P: 28 Hospital, Lab setup Prototype
training set-e 509 H: 1958, P: 183 Hospital, Lab setup MLT201, 3M-Littmann
training set-f 60 H: 80, P: 34 Hospital JABES
Total 911 H: 2576, P: 665 —- —-

Sp(%) =
TN

FP + TN
× 100 (2.15)

F1(%) =
2 · TP

2 · TP + FP + FN
× 100 (2.16)

OA(%) =
TP + TN

TP + FP + FN + TN
× 100 (2.17)

2.2 Experimental Results and Discussion

This section discusses the details of the PCG database, the results of the proposed method for

PCG cycle classification, the performance comparison with the existing methods, and finally, the

results of HS states classification.

2.2.1 CICC 2016 Database

The proposed method is evaluated using the publicly available PhysioNet/ Computing in Cardiology

Challenge (CICC) 2016 database [13,144]. It comprises six datasets, i.e., training sets- a, b, c, d,

e, and f. Each dataset is recorded independently from different clinical and non-clinical (such as

home visits and lab) setups across the globe. Table 2.2 briefly describes the CICC 2016 database.

It includes a total of 3241 PCG recordings from 911 subjects. Of these, 2576 records belong

to the healthy (H) class, and 665 to the pathological (P) class comprising various HVDs. An

echocardiography examination or expert cardiologist verifies the ground truth of the recordings.

Most of the PCG recordings are corrupted by various environmental and body noises [13]. The

duration of each PCG recording varies between 5 s to 120 s. The PCG data was acquired using

different sensors with different sampling rates for each training set. So, each recording was
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2. Multi-component Oscillatory Model Based Detection of Pathological HSs

Table 2.3: Fixing of model order- 1 parameter-sets.

Parameter-sets OA (%)
40 87.92
50 89.06
60 90.20
70 90.15

Table 2.4: Fixing of model order- 2 parameter-sets.

Parameter-sets OA (%)
5 90.50
10 90.57
15 90.65
20 90.63

downsampled to 2000 Hz before being made available publicly. This database is used to classify

PCG cycles and its four HS states as healthy or pathological.

2.2.2 Fixing the Model Parameters for PCG Cycle Classification

After preprocessing and segmenting the PCG signals, 56245 healthy and 11123 pathological PCG

cycles are obtained. Each PCG cycle is modeled using the proposed multi-component oscillatory

model, and parameter-sets (amplitude and frequency) are extracted up to model order two. First,

we have experimented with fixing parameter-sets’ value for model order- 1. Table 2.3 shows the

OA results for different values of parameter-sets to classify PCG cycles. It can be observed from

Table 2.3 that 60 parameter-sets, i.e., 60- prominent amplitudes (AM1) and their corresponding

frequencies (FM1), show better OA (%). Finally, they are used for our proposed work. Along with

the model order- 1 parameter-sets, we have experimented with fixing the value of parameter-sets

for model order- 2. Table 2.4 shows the OA results for different values of parameter-sets for model

order- 2. It can be observed from Table 2.4 that along with 60 parameter-sets of model order- 1, 15

parameter-sets, i.e., 15- prominent amplitudes (AM2) and their corresponding frequencies (FM2),

show better OA (%). So, 75 parameter-sets or 150 parameters (amplitudes and frequencies)

are selected through experimentation and used as features to classify PCG cycles as healthy or

pathological. We have used the SVM-RBF classifier to perform the above experiments.

The proposed model’s performance is evaluated using three binary supervised classifiers,

SVM, KNN, and RF. We have tested the OA (%) for different configurations of these classifiers.

Table 2.5 shows the performance results for a different combination of features to classify PCG

cycles. Combining all features, i.e., AM1, FM1, AM2, and FM2, shows a better OA of 90.65 %

using the SVM-RBF classifier.

The statistical analysis of the proposed model features can reveal the qualitative and quanti-

tative characteristics differences between healthy and pathological PCG cycles. The proposed
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Table 2.5: Overall accuracy (%) performance results for a different combination of model features.

Proposed model features Classifiers
SVM KNN RF

RBF POLY K = 10 K = 5 E = 10 E = 5
AM1-AM2 84.42 83.92 85.85 85.58 86.05 84.84
FM1-FM2 87.89 83.91 86.83 86.60 87.23 86.53
AM1-FM1-AM2-FM2 90.65 88.11 88.72 88.65 89.84 89.29

Figure 2.10: Box plot of first eight amplitude features. Acronym: H- Healthy and P- Pathological.

features are analyzed using a box plot and statistical measure t-test. Figure 2.10 shows the

box plot of the first eight prominent amplitude features, i.e., Feat1 to Feat8. These features

have a higher median value for the healthy class than the pathological class. The distribution

characteristics show that the features have a discriminate potential to classify the healthy and

pathological PCG cycles. The quantitative analysis of the model features is performed using a

statistical hypothesis test, i.e., a t-test [145]. T-test gives two values, i.e., t-value and p-value.

A higher t-value and lower p-value show good discrimination capability of a feature. Table 2.6

shows the t-test result for the first eight amplitude features. It can be seen from Table 2.6 that the

features show higher t-values and p-values less than 0.0001.

2.2.3 Performance Results on PCG cycles Classification

The performance of the proposed method to classify the pathological PCG cycles is shown in

Table 2.7. All the performance measures are five-fold cross-validated. The performance measures

are evaluated using SVM-RBF and DNN classifier. We have experimented with different network

architectures of the DNN model. The DNN model having three hidden layers, a hidden dimension

of 200 for the first two hidden layers and 50 for the last hidden layer, shows the optimum OA (%)

result. The hyper-parameter tuning of the DNN model is performed using an Adam optimizer
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Table 2.6: T-test result performed on the proposed model-based features.

Feature Feat1 Feat2 Feat3 Feat4 Feat5 Feat6 Feat7 Feat8

t- value 58.27 55.82 53.28 50.08 45.17 40.66 35.44 30.25

p-value < 10−4 < 10−4 < 10−4 < 10−4 < 10−4 < 10−4 < 10−4 < 10−4

Table 2.7: The performance results to classify healthy and pathological PCG cycles.

Performance metric Classifiers
SVM-RBF DNN

Precision (%) 78.57 75.77
Sensitivity (%) 59.63 66.03
Specificity (%) 96.78 95.82
F1-score (%) 67.80 70.57
Overall accuracy (%) 90.65 90.91

with a learning rate of 0.0001. The batch size is set to 128, and the model is trained for 300

epochs. The results of both the SVM-RBF and DNN classifiers show an OA of 90.65% and

90.91%, respectively. The SVM-RBF classifier shows a higher Sp of 96.78% compared to

the DNN classifier’s Sp of 95.82%, indicating that the SVM-RBF classifier is better at correctly

identifying healthy PCG cycles. On the other hand, the DNN classifier shows a higher Se of

66.03% compared to the SVM-RBF classifier’s Se of 59.63%, indicating that the DNN classifier is

better at correctly identifying pathological PCG cycles. Regarding Pr, the DNN classifier shows a

slightly lower Pr (75.77%) than the SVM-RBF classifier (78.57%). The F1 for both the SVM-RBF

and DNN classifiers is 67.80% and 70.57%, respectively.

The proposed modeling method is compared with the existing state-of-the-art methods in

the literature to classify PCG cycles. The comparison results are shown in Table 2.8. The

reported methods have used time, frequency, time-frequency, and MFCC features to classify PCG

signals. However, the proposed work outperforms these methods with a better OA of 90.91%. It

indicates that the proposed multi-component oscillatory model captures the temporal dynamics

and fine-grained frequency resolution that detect specific frequency components associated with

HVDs. The model handles the PCG signal’s non-stationary behavior, transient phenomena, and

overlapping frequency components. Further, it can decompose the PCG signal into its constitute

oscillatory components, facilitating detailed analysis of the cardiac sounds.
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Table 2.8: Comparison of the proposed work with the existing state-of-the-art methods to classify PCG cycles as
healthy or pathological.

Author Feature extraction method Classifier OA (%)
Potes et al. [100] Time-frequency AdaBoost and CNN 86.02
Zabhi et al. [95] Time-frequency Ensemble of NNs 85.90
Kay et al. [105] Wavelet, MFCC Drop connected NN 85.20
Bobillo et al. [146] Time-frequency, wavelet, MFCC LR, SVM and KNN 84.54
Homsi et al. [147] Time, frequency, wavelet Ensemble of classifiers 84.48
Proposed method Multi-component oscillatory model SVM-RBF 90.65
Proposed method Multi-component oscillatory model DNN 90.91

2.2.4 Performance Results on HS States Classification

We have also deployed the proposed multi-component oscillatory model to classify the HS states,

i.e., S1 sound, systole, S2 sound, and diastole, as healthy or pathological. After preprocessing

and segmenting the PCG signals, 56245 healthy and 11123 pathological HS states are obtained

with respect to each PCG cycle. Each HS state is modeled using the proposed multi-component

oscillatory model, and parameter-sets are extracted up to model order two. We have experimented

to fix the parameter-sets for each model order. Eight prominent amplitudes and their corresponding

frequencies from model order one, while four prominent amplitudes and their corresponding

frequencies from model order two are used as features. The performance of the proposed

model is evaluated with two supervised classifiers, SVM and k-nearest neighbors (KNN). Different

configurations are utilized for these classifiers, such as SVM-linear, SVM-RBF, KNN (k=5), and

KNN (k=10). We have also compared the proposed model results with the state-of-the-art

sinusoidal model [148]. The features of the sinusoidal model are estimated as follows: (i)

First, Fourier transform (FT) is obtained for each HS segment, (ii) Second, from the magnitude

spectrum of the FT, first L prominent magnitudes and their corresponding frequencies, i.e.,

[(A1, f1), (A2, f2), ...., (AL, fL)] are obtained. Here, L represents the order of the sinusoidal model.

We have experimented with different values of L. The L = 6 shows the optimum results to classify

the HS segments. The reconstruction of a HS segment s[n] using the Lth- order sinusoidal model

is obtained as follows:

sr[n] =
L∑
l=1

al sin(2πflTsn+ θl) (2.18)

where al, fl, θl represents the amplitude, frequency, and phase of the lth- order sinusoidal model.

sr[n] is the reconstructed HS segment. Where n = (0, 1, 2, ..., N − 1) and N is the total number of
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Table 2.9: Comparison of OA (%) results for classification of HS states using the proposed and sinusoidal model.

Category
Proposed model Sinusoidal model

SVM KNN SVM KNN
RBF Linear k = 5 k = 10 RBF Linear k = 5 k = 10

S1 sound 83.32 79.60 80.18 80.99 82.76 78.83 80.13 80.29
Sys. segment 82.61 79.05 79.68 80.22 81.88 78.85 79.00 79.41
S2 sound 83.18 81.08 81.23 81.85 81.12 78.85 78.42 78.85
Dia. segment 81.88 78.76 78.92 79.73 80.43 78.81 78.65 79.31

samples of the HS segment. The performance results to classify HS states are provided in Table

2.9. It is observed that our proposed model outperforms the classical sinusoidal model across all

the classifier configurations. The proposed model with the SVM-RBF classifier achieves better

performance among all. It produces OA (%) of 83.32, 82.61, 83.18, and 81.88 for the S1 sound,

systole, S2 sound, and diastole, respectively.

2.3 Summary

In this chapter, we proposed a novel multi-component oscillatory model to classify PCG cycles

and its four HS states as healthy or pathological. We analyzed the proposed model in detail

for the representation and recognition of PCG cycles and their respective HS states. The

representation results show that the PCC value reaches almost 99% at model order two for

healthy and pathological PCG cycles. For the classification of PCG cycles, the proposed method

has shown an OA of 90.91% using the proposed model-based features with DNN. The results

show that the proposed method is competitive enough with the existing state-of-the-art methods.

The proposed method is easy to compute and implement as only zero-crossing points have to

calculate and fit a half-period sine wave function between two consecutive zero-crossing points.
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In the last chapter 2, a multi-component oscillatory model is investigated to classify PCG cycles

as healthy or pathological. The model extracts amplitude and frequency features by fitting a

half-period sine wave between two successive zero-crossing points of the PCG cycle. However,

designing such hand-crafted features needs domain expertise and is often subjective. Sometimes,

finding a fixed set of discriminative features for training a DL model is challenging due to the

variability in the HVDs manifestations. The existing feature-fusion-based approaches [70,121] fail

to provide complementary information to detect HVDs. Further, classical ML models [59,63] and

DNN, CNN-based deep learning (DL) models [70,100] cannot exploit the temporal information

present in the PCG signal. So, there is a need for an effective feature-fusion algorithm along with

a DL model that exploits the temporal information of the fused features to enhance the detection

of HVDs.

PCG is quasi-periodic with repetitive PCG beats. A PCG beat is divided into four basic

PCG waveforms (i.e., S1 sound, systole, S2 sound, and diastole). When HVDs originate in

heart valves, the heart produces some rasping or blowing sound, known as HMs, instead of

a regular rhythm sound (lub-dub). It is reflected as morphological and temporal variations in

the four basic PCG waveforms discussed in chapter 1. To capture these acoustic variations

and extract useful information for detecting HMs, we deploy two acoustic features: MFCCs

and linear prediction cepstral coefficients (LPCCs). MFCCs and LPCCs features have been

successfully used to analyze speech signals [149]. MFCCs have also shown promising results

for the PCG signal analysis by mimicking the human auditory perception [44, 59]. LPCCs are

based on linear prediction (LP) coefficients and were initially developed to model the vocal-tract

resonance characteristics of speech production. In the case of PCG signals, the production

of HSs shows sharp resonance patterns, i.e., S1 and S2 sound, accompanied by HMs in the

case of HVDs. These resonance patterns carry diagnostic information for the classification of

HMs. It is hypothesized that LPCCs help capture these resonance patterns of HSs in the spectral

domain to diagnose HMs. Combining these two features is hypothesized to enhance the spectral

representation, improve the noise robustness, and provide a compact representation for the PCG

signal. Therefore, this chapter proposes two feature-fusion models by systematically combining

MFCCs with LPCCs. To exploit the temporal and relative temporal variation among the fused

features, we propose a hierarchical LSTM (HLSTM) network. Further, we have introduced a

self-attention module to aggregate the encoded vectors of the HLSTM network based on their
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clinical relevance to improve the classification of HMs.

The rest of the chapter is organized as follows. Section 3.1 presents the proposed framework

for HMs classification. Section 3.2 discusses the experimental results for the acoustic feature-

fusion and HLSTM network. The chapter summary is presented in section 3.3.

3.1 Acoustic Feature-fusion and HLSTM Network to Classify HMs

This section presents the proposed acoustic feature-fusion and attention-based HLSTM network

for classifying HMs. First, the raw PCG signal is preprocessed, which includes filtering, spike

removal, and blind segmentation. Second, extraction of MFCC and LPCC features from the

PCG segments. Third, MFCC and LPCC features are fused using the HLSTM network with a

self-attention module. Finally, the classification of HMs. Figure 3.1 shows the block diagram of the

proposed framework. The detailed description of each step of the framework is as follows.

3.1.1 Preprocessing of PCG Signal

The raw PCG signal is first preprocessed, which is discussed in the last chapter 2.1.1. Figure

3.2(a) and Figure 3.2(b) show the raw and preprocessed PCG signal, respectively. In most existing

works, after preprocessing, the PCG signal is segmented cycle-wise to analyze the HVDs on

respective cycles [13,68]. The segmentation of the PCG signal into PCG beats requires locating

S1 and S2 sounds. Locating these two HSs is challenging and leads to false detection due to

artifacts and pathological variations in PCG morphologies [29]. So, we have segmented each

preprocessed PCG signal Sp[r]; (r = 1, 2, 3, ...., R) blindly (without locating S1 and S2 sound)

using a 2s rectangular window with a 75 % overlap. Figure 3.2(c) and Figure 3.2(d) show the

first two consecutive PCG segments of the preprocessed PCG signal. Each 2 s PCG segment

C[r]; (r = 1, 2, 3, ...., Q) contains at least one complete PCG cycle information [121]. This simple

segmentation avoids the complicated HS segmentation algorithms to segment PCG signals

cycle-wise [29]. It also helps with data augmentation for model training and testing to classify

HMs.

3.1.2 Feature Extraction

MFCC and LPCC features are extracted from each PCG segment (C[r]; (r = 1, 2, 3, ...., Q)). The

steps involved in extracting these two features are as follows.
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Figure 3.1: Workflow of the proposed framework for automated HMs classification.

3.1.2.1 MFCC feature extraction:

MFCC features have been used extensively for the PCG signal analysis [59, 70, 120, 150]. It

comprises pre-emphasis filtering, framing, fast Fourier transform (FFT), Mel-scale-based filtering,

logarithmic transformation, and discrete cosine transformation (DCT) [73]. First, each PCG

segment (C[r]) is passed through a first-order filter with a pre-emphasis coefficient (α) of 0.95.

It helps in enhancing high-frequency HS energy contents. Then, each pre-emphasized PCG

segment is split into 79 frames using a 50 ms Hamming window with a 50% overlap. This

windowing helps provide continuity at the edges and ensures a smoother transition from one

frame to another. Second, FFT is applied to each frame to obtain the magnitude spectrum. Third,

K number of triangular filter banks are used in mel-scale to uniformly divide the entire frequency

band of each frame [74]. The optimum value of K is set through experiments, which is discussed

50
TH-3224_176102005



3.1 Acoustic Feature-fusion and HLSTM Network to Classify HMs

0 1 2 3 4 5 6 7
-1

0

1

0 0.5 1 2 2.5 3 4 5 6 7

-0.2

0

0.2

0 0.5 1 1.5 2

Time (s)

-0.2

0

0.2

0.5 1 1.5 2

-0.1

0

0.1

(c)

(b)

(a)

(d)

Figure 3.2: Preprocessing and blind segmentation of the PCG signal. (a) Raw PCG signal, (b) Preprocessed PCG
signal, (c) and (d) First two consecutive PCG segments.

in Section 3.2. Fourth, energies are computed for each frame by multiplying each filter bank with

its corresponding magnitude spectrum. Finally, DCT is computed from the logarithm of those

energies to get the MFCCs for each frame. The formula to obtain the nth coefficient MFCC for tth

frame Mn,t is as follows [75]:

Mn, t =
K∑
k=1

(log Fk,t) cos

[
πn(k − 0.5)

K

]
; (1 ≤ k ≤ K) (3.1)

where 1 ≤ n ≤ L and L is the desired number of MFCC coefficients. We have considered L = K

for this work. K is the number of filter banks used for each frame. Fk,t is the kth filter-bank energy

of tth frame.

3.1.2.2 LPCC feature extraction:

The fundamental idea of the LPCC is derived from linear prediction coefficients (LPC). LPCC

is the compact representation of LPC in the cepstrum domain. The production of the PCG

signal shows sharp resonance patterns (S1 and S2) accompanied by some murmurs (in case of

abnormality). These resonance patterns carry diagnosis information of the heart valves. It is of

interest to detect these resonance patterns’ position and strength. LPC captures the spectrum of

these sharp resonances and provides information regarding HMs. Figure 3.3(a) and Figure 3.3(b)

show a normal PCG segment with its original spectrum and LPC envelope. Figure 3.3(c) and
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Figure 3.4: Steps involved for LPCC feature extraction from the PCG segment.

Figure 3.3(d) show an MVP PCG segment with its original spectrum and LPC envelope. It can

be observed from Figure 3.3 that LP spectra capture the normal and MVP murmur information

smoothly and efficiently. Therefore, extracting LPCC features can provide specific information

for detecting HMs. The LP assumes that a linear combination of past P samples can predict the

current signal sample. It can be formulated as follow:

ŝ(n) =
P∑
i=1

αis(n− i) (3.2)

where ŝ(n) is the predicated value of s(n), αi is the LP coefficient and it is a P th order auto-

regressive (AR) process. Figure 3.4 shows the block diagram of the LPCC feature extraction

process. First, each PCG segment (C[r]) is passed through a first-order filter with a pre-emphasis

coefficient (α) of 0.95. Second, each pre-emphasized PCG segment is split into 79 frames using

a 50 ms Hamming window with a 50% overlap. Third, we apply Yule-Walker equations to each

frame, which use auto-correlation functions to estimate the LPC coefficients (αi) [151]. So, the
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Figure 3.5: Series feature fusion (SFF) model using hierarchical LSTM (HLSTM) with self-attention to classify HMs.

mth LPCC coefficient for tth frame Lm,t is obtained by using a recursive formula as follows [152]:

Lm,t =



loge P, m = 0

αm +
m−1∑
k=1

[
k

m
· αm−k · Lk,t

]
, 1 ≤ m ≤ P

m−1∑
k=1

[
k

m
· αm−k · Lk,t

]
, P < m < P ′

(3.3)

where LP coefficients are defined as [α1, α2, ..., αP ] and P is the order of the process. The optimum

value of P is set through experiments and is discussed in Section 3.2.
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3.1.3 Feature-fusion Using Attention-based HLSTM

A self-attention-based HLSTM network is used to fuse the MFCC and LPCC features in two novel

ways to detect HMs. One model is the series feature fusion HLSTM (SFF-HLSTM) model. Another

is the parallel feature fusion HLSTM (PFF-HLSTM) model.

3.1.3.1 SFF-HLSTM model:

The obtained MFCC (Mn) and LPCC (Lm) features of each frame for a PCG segment (C[r]) are

appended sequentially to obtain the input sequences for the SFF-HLSTM model. Figure 3.5

shows the SFF-HLSTM model. The input sequence xt at timestamp t is formed as follows:

xt = [(Mn,t), (Lm,t)] (3.4)

where Mn,t ∈ RK is the tth frame MFCC feature vector with a dimension of K. Lm,t ∈ RP is the tth

frame LPCC feature vector with a dimension of P . This forms the input sequences x1,x2, ...,xT

to the first layer of the self-attention-based HLSTM network as shown in Figure 3.5. Where

xt ∈ R(K+P ) and T are the total number of sequences or timestamps.

3.1.3.2 PFF-HLSTM model:

The obtained MFCC (Mn) and LPCC (Lm) features from each frame of a PCG segment (C[r]) are

fed separately as input sequences to the two HLSTM networks for PFF-HLSTM model. Figure

3.6 shows the PFF-HLSTM model. The first network is the MFCC-HLSTM network with a self-

attention module. The second network is the LPCC-HLSTM network with a self-attention module.

So, the input sequences to the MFCC-HLSTM network are formed as follows:

(xm1,xm2, ...,xmT ) = [(Mn,1), (Mn,2), ..., (Mn,T )] (3.5)

where Mn,T ∈ RK is the T th frame MFCC feature vector and xmT ∈ RK is the input for timestamp

T , as shown in Figure 3.6. Similarly, the input sequences to the LPCC-HLSTM network are

formed as follows:

(xl1,xl2, ...,xlT ) = [(Ln,1), (Ln,2), ..., (Ln,T )] (3.6)

where Ln,T ∈ RP is the T th frame LPCC feature vector and xlT ∈ RP is the input for timestamp T ,

as shown in Figure 3.6.
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Figure 3.6: Parallel feature fusion (PFF) model using hierarchical LSTM (HLSTM) with self-attention to classify HMs.

3.1.3.3 Proposed HLSTM network with self-attention module:

This work proposes a self-attention-based HLSTM network for the fusion of acoustic features for

both the SFF-HLSTM and PFF-HLSTM models. The basic idea of the HLSTM network is based

on the LSTM model. LSTM is widely used because of its ability to learn long-term dependencies

of sequential data [153]. Figure 3.7 shows the structure of an LSTM cell. The input to the LSTM

cell at present state t is xt, hidden state (ht−1) and cell state (ct−1) from the previous LSTM state.

An LSTM cell contains three gates, i.e., input gate (it), output gate (ot), and forget gate (ft), to add

or remove information. The forget gate erases the irrelevant information present in the previous
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Figure 3.7: Architecture of an LSTM cell.

cell state ct−1 and expresses as:

ft = σ(Wf · [xt, ht−1] + bf ) (3.7)

where Wf and bf represents the weight matrix and bias vector, respectively. The sigmoid (σ) is

the activation function to limit the ft to [0, 1]. it and c̃t determine the part of relevant information to

retain from the present state. So, LSTM selectively updates its present cell state (ct) by adding

the present state relevant information with the previous state relevant information. The following

equations compute ct:

c̃t = tanh(Wg · [xt, ht−1] + bg) (3.8)

it = σ(Wi · [xt, ht−1] + bi) (3.9)

ct = ft � ct−1 + it � c̃t (3.10)

where [Wg, bg] and [Wi, bi] are weight matrix and bias vector of c̃t and it, respectively. tanh() is

the hyperbolic tangent function. � is the point-wise multiplication operator. The output gate (ot)

controls the flow of information and is fed to the next state as ht. It is formulated as follows:

ot = σ(Wo · [xt, ht−1] + bo) (3.11)

ht = ot � ct (3.12)

where Wo and bo are the weight matrix and bias vector of the LSTM output (ot), respectively.
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Although the LSTM network performs well for sequential data, it does not capture the hi-

erarchical information present in the temporal domain as CNN captures in the spatial domain.

To overcome this limitation of LSTM, we propose an HLSTM model to detect HMs. HLSTM

captures the temporal information present in a PCG segment related to HMs. It also exploits the

relative temporal information among the basic PCG waveforms (i.e., S1 sound, systole, S2 sound,

and diastole) related to HMs. HLSTM is designed by stacking two layers of LSTM with update

intervals [154].

In the SFF-HLSTM model (Figure 3.5), the input to the first layer HLSTM (L1) is the PCG

segment fused features which are represented as:

xL1 ∈ {x1,x2, ...,xt, ...,xT} (3.13)

where xt ∈ Rdin is the fused MFCC and LPCC features at timestamp t and a dimension of

din = (K + P ). So, a total of T timestamps of fused-feature correspond to a PCG segment, fed to

the L1. The outputs of L1 are represented as follows:

OL1 ∈ {OL1
1 , OL1

2 , ..., OL1
t , ..., O

L1
T } (3.14)

where OL1 ∈ Rdh1 are the outputs of L1 and dh1 is the dimension of each output. So, L1 exploits

both the HS perceptual and production temporal information of the PCG segment.

The second layer of HLSTM (L2) utilizes the relative temporal information in the basic PCG

waveforms. It is performed by feeding the output of L1 at an interval of I to the input of L2. The

value of interval I can have an impact on the performance of the HLSTM network to detect HMs. A

smaller value of I may allow the network to capture more detailed information, leading to overfitting

or a more complex network architecture. A larger interval I may simplify the network architecture

and potentially lose vital information related to HMs. So, the optimum value of I is computed

experimentally and is discussed in section 3.2. The input and output of L2 is represented as

follows:

XL2 ∈ {OL1
1 , OL1

(I+1), O
L1

(2I+1), ...., O
L1

(mI+1), ..., O
L1

T ′ } (3.15)

OL2 ∈ {OL2
1 , OL2

(I+1), O
L2

(2I+1), ...., O
L2

(mI+1), ..., O
L2

T ′ } (3.16)

where m = {0, 1, 2, ..., [T
I
]− 1}. T ′ = [T

I
]− 1} is the last time stamp that is fed to the input of L2.

OL2 ∈ Rdh2 are the outputs of L2 and dh2 is the dimension of each output.
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HLSTM encodes the temporal and relative temporal information of the PCG segment into

output vectors OL2. To further enhance the representation power of the output vectors in the

direction of HMs detection, the HLSTM encoding blocks are fed to a self-attention (SA) layer. The

SA layer selectively assigns more weights to the informative feature vectors and fewer weights to

less useful feature vectors [155]. So, the encoded outputs of L2 are fed to a self-attention layer to

assign a score which is calculated as follows:

SL2
t = Wa ·OL2

t + ba (3.17)

where SL2
t and OL2

t ∈ Rdh2 are the tth- timestamp score and output of the L2. [Wa ∈ Rda ,ba ∈ R]

are the weight vector and bias of the attention layer. So, the attention weight of OL2
t at timestamp

t is obtained as:

αt = softmax
[
SL2
t

]
=

exp(SL2
t )∑T ′

t=1 exp(SL2
t )

(3.18)

where T ′ is the total number of timestamps of L2. Then, a context vector (C) is obtained by the

following equation:

C =
T ′∑
t=1

ct =
T ′∑
t=1

αt ·OL2
t (3.19)

Finally, this context vector is fed to the classification block to get the final decision output, as

shown in Figure 3.5.

The PFF-HLSTM model (Figure 3.6) has two HLSTM networks, i.e., the MFCC-HLSTM and

LPCC-HLSTM networks. So, the PFF-HLSTM model’s objective is to exploit both MFCC and

LPCC features independently for a PCG segment to extract complementary information for

detecting HVDs. For the MFCC-HLSTM network, the first layer (Lm1 ) exploits the temporal HS

perceptual information of the PCG segment. The second layer of the MFCC-HLSTM network (Lm2 )

is deployed to exploit the relative temporal HS perceptual information among the MFCC features

at different timestamps. Consequently, it exploits the relative temporal information among the

basic PCG waveforms. So, the input to Lm2 is the output of Lm1 at an interval of I (Figure 3.6) and

is represented as OL2
m1, O

L2

m(I+1), ..., O
L2

mT ′ . Similarly, the first layer of the LPCC-HLSTM network (Ll1)

exploits the temporal HS production information of the PCG segment. The second layer of the

LPCC-HLSTM network (Ll2) is deployed to exploit the relative temporal HS production information

among the LPCC features at different timestamps. Consequently, it exploits the relative temporal

information among the basic PCG waveforms. So, the input to Ll2 is the output of Ll1 at an interval
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of I (Figure 3.6) and is represented as OL2
l1 , O

L2

l(I+1), ..., O
L2

lT ′ . To further enhance the representation

power of the output vectors of MFCC-HLSTM (OLm
2 ) and the output vectors of LPCC-HLSTM

network (OLl
2) to detect HMs, both the output vectors are fed to their respective SA layers. Based

on their attention weights, two context vectors (C1 and C2) are obtained for the MFCC-HLSTM

and LPCC-HLSTM network, respectively (Figure 3.6). Finally, they are fused to get the context

vector (C = [C1,C2]).

3.1.4 Classification

The context vector C of the SFF-HLSTM and PFF-HLSTM models are fed to a dense layer followed

by a softmax activation function to get the decision output. The softmax gives the probability

distribution over different classes. It is calculated as follows:

y(i) = softmax (Wd · C + bd) (3.20)

where [Wd ∈ Rdd ,bd ∈ R] are the learnable weight vector and bias of the dense layer. y(i) is the

softmax probability for ith class. We have used a multi-class cross-entropy loss function (L) to

train the model parameters and minimize the loss. The total cross-entropy loss for all the training

data is calculated as follows:

L = −
N∑
j=1

m∑
i=1

t
(i)
j · log

[
y(i)
j

]
(3.21)

where m is the number of classes, N is the total training data, t(i)j is the true label for ith class,

and jth data point.

3.2 Experimental Results and Discussion

3.2.1 Databases

In this work, two publicly available PCG databases, PhysioNet/ Computing in Cardiology Challenge

(CICC) 2016 [13,144], and heart sound murmur (HSM) [59] are used for experimental purposes.

The details of the CICC 2016 database is given in the previous chapter 2.2.1. A brief detail of the

HSM database is as follows.
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3.2.1.1 HSM Database

In the HSM database, the PCG recordings were collected from random sources, such as books

(Auscultation Skills CD, Heart Sound Made Easy) and websites (48 different websites provided

the data, including Washington, Texas, 3M, Michigan, and other websites) [59]. It consists of a

total 1000 number of PCG recordings. They are equally divided into five classes, i.e., normal (N),

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

(MVP). The data were resampled to 8000 Hz. They were converted to a mono channel using cool

edit software. This database is used for multi-class classification of PCG signals, i.e., N, AS, MS,

MR, or MVP.

3.2.2 Evaluation Scheme and Performance Measures

CICC 2016 database is used for binary classification of PCG segments as healthy or pathological.

After preprocessing and blind segmentation, there are 102723- healthy and 31757- pathological

PCG segments. To handle the imbalanced nature of the database, we train our model using a

balanced dataset (Bal-DS). Bal-DS comprises 31757- pathological PCG segments and 31757-

healthy PCG segments (selected using a simple random sampling algorithm). The rest 70966

healthy PCG segments are used for testing with the trained model. The Bal-DS is divided into

five-fold and represented as follows:

Bal-DS = [(traini, testi), i ∈ [1, 5]] (3.22)

According to equation 3.22, for each fold i, traini is used for training the model, and testi and rest

data are used to evaluate the model. So, ultimately, we have used all the CICC 2016 databases

for each fold.

The HSM database is used for the multi-class classification of HS segments. After preprocess-

ing and blind segmentation, it contains 400 HS segments for each N, AS, MVP, MR, and MS class.

For both the databases, the model’s performance is computed using precision (Pr), recall (Re),

F1- score (F1), and accuracy (Acc) [156]. All the performance measures are obtained by using a

five-fold cross-validation.
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Table 3.1: The OA (%) results for different MFCC filter banks (K) and for different LPCC orders (P ) to detect HMs.

K OA (%) P OA (%)
20 94.69± 0.42 15 93.02 ± 0.44

30 95.60± 0.14 20 93.96± 0.47

40 95.45± 0.09 25 94.57± 0.24
50 95.16 ± 0.12 30 94.50± 0.41

3.2.3 Network Architecture

Each PCG segment C[r] with 2s duration is split into 79 frames using a 50 ms Hamming window

with a 50% overlap. Then, MFCC and LPCC features are extracted from each frame or timestamp.

In this work, we have proposed a novel HLSTM network-based feature fusion algorithm that

projects the MFCC and LPCC features to a joint feature space to improve the HMs detection.

So, the value of the optimum number of filter banks of MFCC (K) and the order of the LPCC (P )

depends on the LSTM architecture. So, we have experimented with fixing the values of K and P

for the proposed work. Table 3.1 shows the overall accuracy (OA) results for different values of K

and P to detect HVDs. All the results are five-fold cross-validated. It can be observed from Table

3.1 that 30 MFCC filter banks and 25 order LPCC show better OA (%) to detect HVDs. Finally,

they are used for the proposed SFF-HLSTM and PFF-HLSTM models.

SFF Model: There are 79 input frames or sequences that are fed as input to the first layer

(L1) of the HLSTM network. The dimension of each input sequence xi is 55 (di = 55). These

input sequences are learned by the L1 with a hidden vector of size 150 (dh1 = 150). Then, the

output vectors of L1 are fed to the L2 to learn a higher-level abstract representation of dimension

100 (dh2 = 100). The output vectors of L2 emphasize intra and inter-frame diagnostic information,

thereby reducing frame redundancies. Later, these output vectors are fed to a self-attention

module with a latent space size of 100 (da = 100) to generate a context vector (C). This vector

attains the most discriminative high-level representation. Finally, the 100-dimensional context

vector is fed to the dense layer and softmax function to classify HMs.

PFF Model: There are 79 input frames or sequences fed as input to the two HLSTM networks.

For the MFCC-HLSTM network, the dimension of each input sequence xmi is 30 (dmi = 30). For

the LPCC-HLSTM network, the dimension of each input sequence xli is 25 (dli = 25). These

input sequences of both the networks are learned by their respective L1 with a hidden vector
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Figure 3.8: The performance comparison of the proposed models with four other models. Model-1: Proposed
SFF-HLSTM model, Model-2: Proposed PFF-HSLTM model, Model-3: SFF-LSTM model , Model-4: PFF-LSTM,
Model-5: MFCC-LSTM and Model-6: LPCC-LSTM.

of size 150 (dh1 = 150). Then, the output vectors of L1 are fed to their respective L2 to learn a

higher-level abstract representation of dimension 100 (dh2 = 100). Later, these output vectors are

fed to their respective self-attention module with latent space size of 100 (da = 100) to generate

two context vectors (C1 and C2). We appended C1 and C2 to get one context vector C. Finally, the

200-dimensional context vector is fed to the dense layer and softmax function to classify HMs.

We deployed the batch normalization layer and dropout layer (dropout ratio = 0.4) after the

L1 layer to prevent the models from over-fitting. The proposed SFF and PFF models’ optimal

hyperparameter selection is determined based on experiments. This study uses an Adam

optimizer with a batch size of 200 for model training. The learning rate of the model is 0.005, and

the total number of epochs to train the model is 350. Python programming language with PyTorch

library implements the deep learning models. A Titan P100 GPU server is used to perform the

experiments.

3.2.4 Effectiveness of the Proposed Models

We have analyzed the performances of the proposed SFF-HLSTM model (Model-1) and PFF-

HSLTM model (Model-2) with the SFF-LSTM model (Model-3), PFF-LSTM (Model-4), MFCC-

LSTM (Model-5) and LPCC-LSTM (Model-6). The self-attention module is included for all the

models. We have used the CICC 2016 database to compare these six models. Figure 3.8

shows the comparison results for all models’ Pr, Re, F1, and OA. All the results are five-fold

cross-validated. It can be observed from Figure 3.8 that fused-feature models (Model-3 and 4)
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interval lengths. (a) Results for CICC 2016 database and (b) Results for the HSM database.

show better performance results than individual feature models (Model-5 and 6). Model-3 and 4

show a 3% increase in Pr, a 1% increase in Re and F1, and almost a 3% increase in OA than

Model-5 and 6. It indicates that fused features capture more information related to HVDs than

individual features. Moreover, the proposed fused feature models using the HLSTM network

(Model-1 and 2) show slightly better performance than the LSTM network models (Model-3 and

4). Model-1 and 2 show a 0.5% increase in OA than Model-3 and 4. It indicates that proposed

fused-feature models using HLSTM can capture the temporal information of HVDs in different

higher-level abstractions. Among Model-1 and 2, Model-1 (SFF-HLSTM) shows slightly better

performance results than Model-2 (PFF-HLSTM). It implies that initial feature fusion in Model-1

captures the multi-scale temporal information better than in Model-2.

We experimented with fixing the interval (I) for the proposed SFF-HLSTM and PFF-HLSTM

models. Figure 3.9 shows the OA (%) results for different intervals (I) for both the CICC 2016 and

HSM databases. It can be observed from Figure 3.9 that both the SFF-HLSTM and PFF-HLSTM

models show the best OA (%) at I of 1 for both the databases. The OA (%) decreases with the

increase in the I value. It indicates that all the outputs of L1 contain meaningful relative temporal

information among each timestamp for the detection of HVDs and are fed as input to the L2

(Figure 3.5).

3.2.5 Results on the CICC 2016 Database

Table 3.2 shows the fold-wise and average HVD detection performance results for the proposed

SFF-HLSTM and PFF-HLSTM models using the CICC 2016 database. All the results are five-fold

cross-validated. The SFF-HLSTM model shows an OA (%) of 98.76, average Pr (%) of 99.51,
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3. Acoustic Feature-fusion and Hierarchical LSTM Network for HMs Classification

Table 3.2: The fold-wise and average performance measures (%) for the proposed SFF-HLSTM and PFF-HLSTM
models using the CICC 2016 database.

Model Fold Pr (%) Re (%) F1 (%) Acc (%)

SFF-HLSTM

1 99.69 98.95 99.32 98.75
2 99.48 99.19 99.33 98.77
3 99.62 99.06 99.34 98.78
4 99.59 99.21 99.40 98.89
5 99.15 99.36 99.25 98.62
Avg. 99.51 ± 0.21 99.15 ± 0.16 99.33 ± 0.05 98.76 ± 0.10

Model Fold Pr (%) Re (%) F1 (%) Acc. (%)

PFF-HLSTM

1 99.73 98.63 99.18 98.49
2 99.25 98.95 99.10 98.34
3 99.43 98.55 98.99 98.14
4 99.34 98.88 99.11 98.36
5 99.47 98.51 98.98 98.13
Avg. 99.44 ± 0.18 98.64 ± 0.14 99.07 ± 0.08 98.29 ± 0.15

Table 3.3: Comparison of the proposed method results with the existing state-of-the-art methods in the literature for
the CICC 2016 database.

Related Work Feature-extraction Method Classification Method OA (%)
Potes et al., 2016 [100] Time-Frequency AdaBoost, CNN 86.02
Noman et al., 2019 [54] MFCC, Time-Frequency Markov Model 91.20
Zhang et al., 2019 [96] Temporal, Quasi-Periodic Features LSTM 94.66
Suyi et al., 2021 [121] No CNN, GRU 95.50
Milani et al., 2021 [70] MFCC, Time, Frequency LDA, ANN 93.33
Mei et al., 2021 [157] Wavelet Scattering SVM 93.64
This Study MFCC, LPCC SFF-HLSTM 98.76
This Study MFCC, LPCC PFF-HLSTM 98.29

average Re (%) of 99.15, and average F1 (%) of 99.33. The PFF-HLSTM model shows an OA

(%) of 98.29, average Pr (%) of 99.44, average Re (%) of 98.64, and average F1 (%) of 99.07.

Among the proposed models, the SFF-HLSTM model shows slightly better performance results

than the PFF-HLSTM model. It can also be observed from Table 3.2 that the proposed models

have a slight standard deviation in all the performance measures across the five-folds. It shows

the excellent generalization of the proposed models for detecting HVDs.

The comparison results of the proposed method with the existing state-of-the-art methods are

shown in Table 3.3. The methods presented in Table 3.3 have used the CICC 2016 database. It

can be observed that both the proposed models outperform the existing methods in terms of OA

(%). The proposed models outperform the time, frequency, time-frequency, and wavelet-based
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Table 3.4: The classification results both class-wise and overall using the proposed SFF-HLSTM and PFF-HLSTM
models for the HSM database.

Model Class Pr (%) Re (%) F1 (%) Acc. (%)

SFF-HLSTM

N 99.01 99.66 99.33 99.03
MVP 99.07 98.79 98.92 98.71
MR 99.56 99.07 99.30 98.71
AS 99.43 99.76 99.53 99.35
MS 98.24 98.58 98.40 99.68
Avg. 99.06 ± 0.51 99.17 ± 0.52 99.10 ± 0.45 99.10 ± 0.42

Model Class Pr (%) Re (%) F1 (%) Acc. (%)

PFF-HLSTM

N 99.10 98.48 98.46 99.03
MVP 99.10 98.48 98.46 97.42
MR 98.66 98.15 98.36 99.03
AS 99.54 99.29 99.41 99.03
MS 97.28 98.57 97.90 99.03
Avg. 98.74 ± 0.87 98.59 ± 0.42 98.52 ± 0.55 98.71 ± 0.72

Table 3.5: Comparison of the proposed method results with the existing state-of-the-art methods in the literature for
the HSM database.

Related Work Feature-extraction Method Classification Method OA (%)
Son et al., 2018 [59] DWT SVM 91.60
Son et al., 2018 [59] DWT, MFCC SVM 97.90
Ghosh et al., 2019 [63] WSST RF 95.13
Ghosh et al., 2020 [64] Chirplet Transform Composite 98.33
This Study MFCC, LPCC SFF-HLSTM 99.10
This Study MFCC, LPCC PFF-HLSTM 98.71

feature approaches with a large margin of nearly 10% in OA. The proposed models also show

better OA (%) results than MFCC and fusion of MFCC with other features-based approaches.

3.2.6 Results on the HSM Database

Table 3.4 shows the performance of multi-class classification of HMs using the HSM database.

It can be observed that both proposed SFF-HLSTM and PFF-HLSTM models show impressive

both class-wise and overall Pr, Re, F1, and OA measures. The proposed method attains OA of

99.10 % and 98.71 % using the SFF-HLSTM and PFF-HLSTM models. For both the proposed

models, it can be observed that the MVP class shows a slight reduction of Acc. (%) than other

classes. It may be because of the morphological similarity of the MVP class with the MR class. It

can also be observed from Table 3.4 that the proposed models have a slight standard deviation in

all the performance measures across the five-folds. It shows the excellent generalization of the
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Figure 3.10: Different types of noises with their power spectral densities (PSDs). (a,b) Baby crying and its PSD, (c,d)
Door knocking and its PSD, (e,f) Human sniffing and its PSD, and (g,h) Urban square atmospheric noise and its PSD.

proposed models for classifying HMs.

The efficacy of the proposed method is verified by comparing it with the current existing

methods. It can be seen from Table 3.5 that the proposed method outperforms the existing

methods in terms of an OA of 99.10 %. The methods presented in Table 3.5 have used the HSM

database. The improved performance indicates that the proposed feature fusion models using the

HLSTM network capture distinct temporal information among classes to enhance the detection of

HMs.

3.2.7 Performance of Proposed Models in Noisy Conditions

The proposed models’ robustness is evaluated by randomly adding an environmental or body

noise to the PCG signal. These eight noises include an urban square atmosphere, urban street

kids playing, a sick man coughing, a sick man sneezing, a person nose-blowing, a human sniffling,

door knocking, and a baby crying1. Figure 3.10 shows some of these noises with their respective

power spectral densities. It can be observed that there is a significant overlap of the frequency
1

[Online Available]: https://mixkit.co/free-sound-effects/static/
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Table 3.6: The overall accuracy (OA) of the proposed SFF-HLSTM and PFF-HLSTM models under different SNR
levels of environmental and body noises.

SFF-HLSTM OA (%) PFF-HLSTM OA (%)
0 dB SNR 93.41 0 dB SNR 92.18
10 dB SNR 96.26 10 dB SNR 95.28
20 dB SNR 97.42 20 dB SNR 95.28
Without Noise 99.10 Without Noise 98.71

Table 3.7: Comparison of the proposed models’ NMP, ART, and OA for CICC 2016 and HSM databases.

Database Proposed Model NMP ART (ms) OA (%)

CICC 2016
SFF-HLSTM 225803 2.39 98.76
PFF-HLSTM 418604 3.84 98.29

HSM
SFF-HLSTM 226106 2.61 99.10
PFF-HLSTM 419207 3.86 98.71

content of these noises with the PCG signal frequency band (0 Hz to 500 Hz). We have analyzed

the performance of the proposed models by adding noises of different signal-to-noise ratio (SNR)

levels to the PCG signal. Table 3.6 shows the OA (%) of the proposed SFF-HLSTM and PFF-

HLSTM models using different SNR levels for the HSM database. It can be observed from Table

3.6 that OA (%) for both models increases with the increase in SNR (dB). For 20 dB SNR, it shows

an OA of 97.42 % and 95.28 % for SFF-HLSTM and PFF-HLSTM models, respectively. This test

reveals the proposed models’ robustness for different types of noises at different SNR (dB) levels.

3.2.8 Complexity of the Proposed Models

Table 3.7 shows the comparison of the number of model parameters (NMP), the average run time

(ART), and the OA of the proposed models on the CICC 2016 and the HSM databases. The

ART is measured using a Tesla P100 16 GB graphics processor. It can be observed that the

proposed SFF-HLSTM model consists of fewer NMP and less ART than the PFF-HLSTM model

on both databases. The SFF-HLSTM model also provides slightly better OA than the PFF-HLSTM

model for both databases. Thus, the acceptable ART (ms) and the impressive OA (%) of the

SFF-HLSTM model make it suitable for rapid and improved preliminary diagnosis of HVDs.
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3. Acoustic Feature-fusion and Hierarchical LSTM Network for HMs Classification

3.3 Summary

In this chapter, a novel acoustic feature-fusion using an attention-based HLSTM network is

presented to classify HMs. MFCC and LPCC features capture the complementary aspects of the

PCG segment to distinguish HMs. Further, these two features’ temporal and relative-temporal

variations are exploited using the HLSTM network with an attention mechanism. The experimental

results verify that the proposed method outperforms the existing baseline methods. It shows

an OA of 98.76% and 99.10% using the CICC 2016 and HSM databases, respectively. The

robustness of the proposed method is evaluated by adding different body and environmental

noises to the PCG signal. The proposed SFF-HLSTM network has an NMP of 225803 and an

ART of 2.39 ms using the CICC 2016 database for binary classification. Similarly, the proposed

SFF-HLSTM network has an NMP of 226106 and an ART of 2.61 ms using the HSM database for

multi-class classification of HMs. The proposed method’s excellent OA and timely response make

it reliable to use in primary healthcare units to detect HMs.
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4. SWT and Attention-based HLSTM Networks for HMs Classification

In the last chapter 3, we have discussed an acoustic feature-fusion approach to capture the HM

patterns from the PCG signal. Further, an attention-based HLSTM network exploits the temporal

and relative-temporal information among these features to classify HMs. In this chapter 4, we

explore another transfer-domain approach followed by the DL model to classify HMs.

Researchers have used wavelet-based features to classify HMs [59,61,62,72]. The wavelet

methods decompose the PCG signal and localize the signal both on a time-frequency scale. The

significant energy concentration of fundamental HSs (S1 and S2 sound) lies in the low-frequency

range of (20−200) Hz or higher subbands of the wavelet decomposition. Similarly, the pathological

HS energy concentration presents up to 900 Hz. In contrast, the classical wavelet-based methods

lose resolution at higher subbands (or coarse scales) and lack shift-invariant properties. As

a result, most of the energy content and morphological patterns of the PCG signal, which is

crucial for anomaly detection, are mostly missing in the coarse scales of those wavelet transforms

(WTs). Therefore, this chapter proposes a stationary wavelet transform (SWT) based PCG signal

decomposition for adequately capturing PCG patterns in coarse scales. SWT is shift-invariant and

maintains the same number of samples in all the subbands. Figure 4.1 compares conventional

DWT and SWT for a five-level decomposition of an MVP PCG segment. It can be seen from

Figure 4.1 that D4, D5, and A5 contain useful information related to fundamental HSs and murmur

patterns, which SWT captures. In contrast, DWT cannot capture it properly due to fewer samples

at the coarse scales.

In the literature, after wavelet decomposition, various global features such as relative-subband

energy, skewness, and kurtosis are extracted from these WT subbands and fed to a supervised

ML classifier to classify HMs [61,64,65]. However, an HM shows different temporal and relative-

temporal variations within and across different subbands. So, effectively handling these subbands’

temporal information is essential for the robust detection and classification of HMs. Therefore,

we have proposed subband-specific hierarchical long short-term memory (HLSTM) networks to

utilize the temporal and relative-temporal information across each subband. Further, for selecting

relevant clinical information from each subband and across the subbands, we have proposed

intra-subband and inter-subband attention modules.

The rest of the chapter is organized as follows: Section 4.1 describes the proposed SWT

and attention-based-HLSTM networks to classify HMs. Section 4.2 discusses the obtained

experimental results. Section 4.3 ends with the summary.
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Figure 4.1: The decomposition of a mitral valve prolapse (MVP) PCG segment using (a) SWT and (b) DWT.

4.1 Proposed SWT and HLSTM Network for HMs Classification

The proposed method comprises five stages. First, preprocessing and segmentation are per-

formed on the raw PCG signal, which we have discussed in section 3.1.1. Then, each PCG

segment is decomposed using SWT. Third, deployment of subband-specific HLSTM networks for

each decomposed subband. Fourth, intra-subband attention layers follow inter-subband attention

layers to obtain the context vector for each PCG segment. Finally, the context vector is given to a

classification module to detect HMs. Figure 4.2 shows the block diagram of the proposed method.

4.1.1 SWT-based decomposition of PCG segment

After preprocessing and segmentation, each 2 s PCG segment is decomposed using an SWT-

based decomposition. For SWT decomposition, the input signal, x[n], the length must be multiples

of 2L (L is the order of decomposition level). Otherwise, the signal is zero-padded. So, the SWT
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Figure 4.2: Block diagram of the proposed SWT and attention-based HLSTM networks to classify HMs.

decomposition for level γ is obtained as follows [158].

Aγ+1[n] =
∑
k

hγ[n− k] · Aγ[k] (4.1)

Dγ+1[n] =
∑
k

gγ[n− k] · Aγ[k] (4.2)

hγ+1 = upsample(hγ, 2), gγ+1 = upsample(gγ, 2) (4.3)

where Aγ+1[n] and Dγ+1[n] are the approximation and detail coefficients for γth level SWT de-

composition. Where hγ and gγ are the low-pass and high-pass filters for level γ, respectively.

SWT does not downsample its detail and approximation coefficients for the next level but rather

upsample its respective filters by a factor of 2. Figure 4.3 shows a two-level decomposition of input

signal x[n] using SWT. The subbands for an L- order decomposition is represented as follows:

SBγ[n] =


Dγ[n], γ = 1, 2, ..., L

Aγ[n], γ = L+ 1

(4.4)

where SBγ[n]; (γ = 1, 2, ..., L+ 1) are the subbands for L- order decomposition. n = 1, 2, 3, ..., K

is the number of coefficients for each subband.

This work uses a Biorthogonal wavelet 6.8 (bio6.8) as a basis function. This basis function

is chosen because of its morphological similarity with the PCG signal. Furthermore, each PCG

segment is decomposed into five levels. It is so because mostly the fundamental HSs and murmur
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Level 1 Level 2

Figure 4.3: The two-level decomposition using SWT.

information are present in frequency bands (> 20Hz). There is no need for further decomposition

at a coarse scale. It can be observed from Figure 4.1 that murmur information are present in

D1, D2, and D3 subbands. Whereas D3, D4, D5, and A5 mostly contain the fundamental HS

components.

4.1.2 HLSTM Encoding of Decomposed Subband

The decomposed subbands of each PCG segment are fed as input to the proposed network to

classify the HMs. Figure 4.4 shows the proposed attention-based HLSTM network architecture.

The decomposed subbands are encoded by their respective subband-specific HLSTM networks.

Further, the encoded vectors of each subband-specific HLSTM network are fed to their respec-

tive intra-subband attention modules, followed by an inter-subband attention module to weigh

aggregate the encoded vectors based on their clinical relevance to classify HMs.

The advantage of using subband-specific HLSTM networks is that it exploits the temporal

information in each subband. Further, it utilizes the relative temporal information present among

the basic PCG waveforms (i.e., S1 sound, systole, S2 sound, and diastole) in each subband

for detecting HMs. The HLSTM network is a variant of LSTM [154]. Two LSTM layers are

stacked to design the HLSTM network. Figure 4.5 shows the network architecture of HLSTM

for γth- subband. Let Xγ = {xγ1 , x
γ
2 , ..., x

γ
t , ..., x

γ
T} are the γth- subband input sequences that are

fed to the first layer HLSTM (L1). Here, γ ∈ {1, 2, ..., L+ 1} represents the number of subbands.

xγt ∈ Rdin , t ∈ {1, 2, ..., T} represents the tth time-stamp input for γth- subband. din is the dimension

of each time-stamp, and T is the total number of time-stamps. The outputs of L1 are represented
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Figure 4.4: The proposed network architecture using subband-specific HLSTM networks with intra-subband and
inter-subband attention modules for the automated classification of HMs.

as follows:

Oγ1 ∈ {Oγ1
1 , O

γ1
2 , ..., O

γ1
t , ..., O

γ1
T } (4.5)

where Oγ1 ∈ RdL1 are the outputs of L1 for γth- subband and dL1 is the dimension of each output.

So, L1 exploits the temporal information content by the subband sequences.

The second layer of HLSTM (L2) utilizes the relative temporal information in the basic PCG

waveforms for each subband. It is performed by feeding the output of L1 at an interval of I to the

input of L2. So, the optimum value of I is computed experimentally. The input and output of L2 for

γth- subband is represented as follows:

Xγ2 ∈ {Oγ1
1 , O

γ1
(I+1), O

γ1
(2I+1), ...., O

γ1
(mI+1), ..., O

γ1
T ′} (4.6)
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Figure 4.5: An HLSTM network for γth- subband.

Oγ2 ∈ {Oγ2
1 , O

γ2
(I+1), O

γ2
(2I+1), ...., O

γ2
(mI+1), ..., O

γ2
T ′} (4.7)

where m = {0, 1, 2, ..., [T
I
]− 1}. T ′ = [T

I
]− 1} is the last time stamp that is fed to the input of L2.

Oγ2 ∈ RdL2 are the outputs of L2 for γth- subband and dL2 is the dimension of each output. For both

the LSTM layers L1 and L2, the extraction of sequential information from the input timestamps is

performed using LSTM cells.

Thus, the HLSTM utilizes each subband’s temporal and relative-temporal information for

detecting HMs. To further capture the diagnostic information and improve the representation

power of the HLSTM encoded vectors, we have proposed intra-subband attention layers for each

subband, followed by an inter-subband attention layer.

4.1.3 Intra-subband and Inter-subband Attention Modules

The attention mechanism has shown encouraging outcomes for recognition problems by providing

more weights to the relevant portions of an input sequence [155,159]. So, the obtained encoded

vectors of HLSTM are fed to their respective intra-subband attention layers. The intra-subband

attention layers weight aggregates the encoded vectors of each subband-specific HLSTM network

to improve the HMs detection. Figure 4.6 shows the network architecture of a self-attention layer

for γth- subband. The obtained outputs Oγ2 of the HLSTM network for γth- subband is given to its
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Figure 4.6: An intra-subband attention layer for γth- subband.

intra-subband attention layer to obtain scores. It is computed as follows:

Sγp = tanh(Wγ
Intra ·O

γ2
p + bγIntra) (4.8)

where Wγ
Intra ∈ RdL2 is the weight and bγIntra ∈ R is the bias of the intra-subband attention module for

γth- subband. Sγp is the obtained score for outputOγ2
p at pth time stamp of L2. Where p = {1, 2, ..., P}

and P is the total number of time stamps of L2. Further, the Sγp is input to a softmax function to

get the attention weight for Oγ2
p . It is formulated as follows:

αγp =
exp(Sγp )∑P
p=1 exp(Sγp )

(4.9)

where αγp is the attention weight for Oγ2
p for γth- subband. The obtained weight for an encoded

vector is high if it preserves clinically relevant information and vice-versa. Finally, a context vector

for γth- subband is obtained as follows:

Cγ =
P∑
p=1

αγp ·Oγ
p (4.10)

where Cγ ∈ RdL2 represents the context vector for γth- subband. There are six context vectors

(γ = L+ 1 = 6) which form an intra-subband attention matrix A ∈ RdL2×6 and is fed as input to the
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inter-subband attention module.

Further, the inter-subband attention module weight aggregates the context vectors of the

respective subbands based on their importance in improving the performance to classify HMs.

It resulted in a higher level context vector across all the subbands and formulated similar to the

intra-subband attention layer, as discussed above.

Sγ = tanh(WInter · Cγ + bInter) (4.11)

αγ =
exp(Sγ)∑L+1
γ=1 exp(Sγ)

(4.12)

C =
L+1∑
γ=1

αγ · Cγ (4.13)

where C ∈ RdL2 is the final context vector. It gives importance to specific subbands to improve

classification performance for HMs detection. Where WInter ∈ RdL2 is the weight and bInter ∈ R is

the bias of the inter-subband attention module.

4.1.4 Classification of HMs

Finally, the C is given as input to a fully-connected dense layer followed by a softmax function to

estimate the probability of each class. It is formulated as follows:

yp = arg max
k
{softmax(Wd · C + bd)} (4.14)

where Wd ∈ RK×dL2 is the weight and bd ∈ RK is the bias of the dense layer. K is the total number

of classes. Where k = 1, 2, ..., K and yp is the predicted class label.

The parameters of the proposed network are trained by computing the cross-entropy loss

function and which is formulated as follows:

L = −
N∑
n=1

K∑
k=1

yn,kt · log[yn,kp ] (4.15)

where yn,kt and yn,kp are the true and predicated labels for nth training data. N is the total number

of training data. L is the multiclass cross-entropy loss function.
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4.2 Experimental Results and Discussion

4.2.1 Databases

In this work, two publicly available PCG databases, PhysioNet/ Computing in Cardiology Challenge

(CICC) 2016 [13,144], and heart sound murmur (HSM) [59] are used for experimental purposes.

The details of the CICC 2016 database is given in the chapter 2.2.1. The details of the HSM

database is given in the previous chapter 3.2.1.1.

4.2.2 Performance Measures

The performance of the proposed method for the CICC 2016 database is evaluated by using four

measures, i.e., overall sensitivity (OSe), overall specificity (OSp), overall F1- score (OF1), and

overall accuracy (OA). The performance measures of the proposed method for the HSM database

are evaluated using class-wise sensitivity (Se), class-wise specificity (Sp), class-wise F1- score

(F1), and OA [156]. All the results for both databases are stratified five-fold cross-validated. The

cross-validation provides generalizable results by preventing over-fitting to a specific subset of the

database.

4.2.3 Network Architecture

The subbands SBγ(γ = 6) are fed as input to their respective HLSTM networks. Each PCG

subband with 4000 samples is split into 39 timestamps (T = 39) using a rectangular window with

50% overlap. So, each time-stamp is having 200 samples are fed to L1 of HLSTM network of size

100 (dL1 = 100) to obtain the output vectors Oγ1. Then, these Oγ1 are fed to L2 of HLSTM network

of size 50 (dL2 = 50) at an interval of I. It results encoded vectors Oγ2. These encoded vectors

are given as input to their corresponding intra-subband attention layer having a dimension of 50

(dIntra = dL2 = 50 ) to obtain the context vectors (Cγ) for each subband. Further, these context

vectors are given as input to the inter-subband attention layer with a dimension of dInter = dL2 = 50

to generate the final context vector (C). Finally, the 50- dimensional C is given as input to a

softmax function preceded by the dense layer for detecting HMs. The batch normalization (BN) is

applied between L1 and L2 and also after the intra-subband and inter-subband attention layer to

increase the model’s speed of convergence. A dropout layer with a dropout rate of 0.2 is deployed

after each layer to prevent the proposed model from over-fitting issues. The optimum values for
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Figure 4.7: The OA (%) values for different cluster intervals using the CICC 2016 and HSM databases.

the hyper-parameters of the proposed model are tuned through experiments.

In this study, we have deployed an Adam optimizer with a learning rate of 0.005. The model’s

parameters are trained using back-propagation through time (BPTT) [160]. The batch size is set

to 256, and the model is trained for 350 epochs. The deep learning models are implemented using

Python programming language with the PyTorch library. The experiments are performed by using

a Titan P100 GPU server.

4.2.4 Fixing the Interval Value of HLSTM Network

The optimum value of interval I at which the output of L1 is fed as input to the L2 of the subband-

specific HLSTM networks are fixed through experimentation. Figure 4.7 shows the proposed

model’s OA(%) for different intervals of I. It can be seen that the proposed model shows the

highest OA(%) for both the CICC 2016 and HSM databases at I of 2. It implies that rather than

taking all the timestamp outputs of L1, the outputs at an interval of 2 to the input of L2 provide

better co-relation among the timestamps to improve the HMs classification.

4.2.5 Efficacy of the Proposed Model

The performance of the proposed model, i.e., the attentional HLSTM model (M4), is analyzed

with the other three models, M1, M2, and M3. M1 uses subband-specific LSTM networks instead

of HLSTM networks and without any intra-subband and inter-subband attention modules. M2

uses subband-specific HLSTM networks without any intra-subband and inter-subband attention

modules. M3 uses subband-specific HLSTM networks with only intra-subband attention modules.

These models (M1, M2, and M3) have the same network architecture as the M4 (Figure 4.5), with

a slight variation in generating the final representation vector before feeding to the classification
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4. SWT and Attention-based HLSTM Networks for HMs Classification

Figure 4.8: Comparison of the performance measures for the proposed model (M4) with three other models (M1, M2,
and M3). (a) OPr, (b) OSe, (c) OF1, and (d) OA.
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Figure 4.9: Subband-wise average attention weights for the HSM database. (a) For the whole database, (b) AS
class, (c) MR class, (d) MS class, (e) MVP class, and (f) Normal class.

block. The comparison of these four models is tested using CICC 2016 database. Figure 4.8

shows the comparison results for all models in overall precision (OPr), OSe, OF1, and OA. It

can be seen from Figure 4.8 that M2 shows better performance results than M1. It indicates

that exploiting both temporal and relative-temporal information capture more distinctive features

related to HMs than exploiting only temporal information. Further, M3 shows better performance

than M2. It implies that providing a higher weight to the informative timestamp of the subband

improves HVDs detection. Finally, providing intra-subband and inter-subband attention to the

HLSTM model (M4), i.e., the proposed model, provides better discrimination capability among
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classes. It shows the best performance results among all four models.

Figure 4.9 shows the inter-subband average attention weights for the individual and all classes

using the HSM database. It can be observed that for all six cases, D3 and D4 subbands have

learned more weights than the other subbands. It may be because the fundamental HSs and

murmur-related temporal information are primarily content in these subbands for detecting HVDs.

Among all subbands, D1 shows less average attention weights for all the classes. It may be

because the critical information for diagnosing HMs is primarily present in the frequency range

below 500 Hz [13]. Thus, it concludes that the proposed model assigns attention weights to each

subband by their clinical utility for identifying HMs.

Further, intra-subband attention weights of D2, D3, D4, and D5 subbands for a normal and an

AS PCG segment is shown in Figure 4.10. It can be seen that the attention mechanism shows

more weight to that particular portion of the subbands, which are sensitive to detect normal or

HVD pathology. For the normal PCG segment (Figure 4.10(a)), it can be observed that S1 and

S2 sound portions show more attention importance in the subbands D2 to D5. Similarly, AS PCG

segment (Figure 4.10(b)) shows more attention weights in the specific systolic portion where the

murmur has occurred and also the fundamental HSs portions in the respective subbands. So, it

is evident from inter and intra-subband attention plots that the proposed network provides more

attention weight to the portions of the PCG subbands that are clinically relevant to classify HMs.

4.2.6 SWT and DWT Performance Comparison

We have compared the performance of SWT and DWT-based decomposition using the proposed

attentional HLSTM network to detect HVDs. The HSM database is used to compare these two

decomposition methods. It can be observed from Table 4.1 that our proposed method using SWT

shows impressive results in terms of an OPr (%) of 99.43, an ORe (%) of 99.46, an OF1 (%) of

99.44, and an OA (%) of 99.47. All the performance measures show an improvement of almost 13

% using SWT-based decomposition to the conventional DWT-based decomposition. It indicates

that SWT captures HM-related information in the coarse scales more efficiently than DWT.

We also quantitatively compare the performance of the proposed method using SWT and

DWT decomposition. The feature visualization of these two decompositions using the proposed

attention-based HSLTM network is shown in Figure 4.11. For both approaches, first, the learned

features for each class are computed before being fed to the dense layer. Further, the dimension

81
TH-3224_176102005



4. SWT and Attention-based HLSTM Networks for HMs Classification

(b)

S1 S2 S1 S2

AS

N
or
m
al

Se
gm

en
t

D
2

D
4

D
5

D
3

(a)
A
S

Se
gm

en
t

D
2

D
4

D
5

D
3

Figure 4.10: Intra-subband attention mapping of PCG segments for D2, D3, D4, and D5 subbands. (a) Normal PCG
segment and (b) AS PCG segment
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Table 4.1: The DWT and SWT performance comparison using the proposed attentional HLSTM network.

Wavelet Transform OPr (%) ORe (%) OF1 (%) OA (%)
DWT 86.76 ± 0.93 86.66 ± 0.81 86.54 ± 0.87 86.58 ± 0.89
Proposed SWT 99.43 ± 0.47 99.46 ± 0.42 99.44 ± 0.45 99.47 ± 0.42

-100 -50 0 50 100
-100

0

100

-100 -50 0 50 100
-100

0

100

    AS,            MS,            MR,           MVP,         NORM

(a) (b)

Figure 4.11: Feature visualization of the proposed method. (a) Using SWT decomposition and (b) Using DWT
decomposition.

Table 4.2: Confusion matrix of the proposed method using CICC 2016 database.

Actual/ Predicated Healthy Pathological
Healthy 101699 1012
Pathological 933 30825

reduction is performed on the learned features using the t-distributed stochastic neighbor embed-

ding (t-SNE) for visualization [161]. It can be observed from Figure 4.11(a) that the proposed

method using SWT shows better feature discrimination between the classes. However, the

proposed method using DWT decomposition shows the overlap of features between MR and MVP

classes (Figure 4.11(b)).

4.2.7 Results using CICC 2016 Database

Table 4.2 shows the confusion matrix of the proposed method using CICC 2016 database across

five folds. It shows TP and TN values of 30825 and 101699. It also shows FP and FN values of

1012 and 933. So, high values of TP and TN and low values of FP and FN indicate the reliability

of the proposed method to classify healthy and pathological classes. Table 4.3 compares the

proposed and state-of-the-art methods in the literature using the CICC 2016 database. The

proposed method shows impressive performance results in terms of OSe of 98.04 %, OSp

of 99.02 %, and OA of 98.55 %. All the results are five-fold cross-validated. It also shows a

minimal variation in results for all the performance metrics across the folds. It can be observed
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Table 4.3: The Comparison of Performance Measures for the Proposed and state-of-the-art methods in the literature
using the CICC 2016 Database.

Related Work Cyclewise
Segment Used Features Model OSe (%) OSp (%) OA (%)

Potes et al.,
2016 [100]

Yes Time and Frequency AdaBoost, CNN 94.24 77.81 86.02

Zhang et al.,
2019 [96]

No Temporal, Quasi-periodic LSTM 94.22 ± 0.02 90.48 ± 0.02 92.35 ± 0.01

Chen et al.,
2020 [113]

Yes Modified Frequency Slice CNN 95 ± 2.11 93 ± 1.86 94 ± 1.34

Dhar et al.,
2021 [98]

No Cross-wavelet Transform AlexNet 98 98 98

Li et al., 2021
[14]

No Raw PCG Segment CNN-GRU 94.41 96.98 95.50

Proposed
Work No SWT Attentional HLSTM 98.04 ± 0.10 99.02 ± 0.10 98.55 ± 0.05

Table 4.4: The Comparison of Performance measures for the proposed and state-of-the-art methods using the HSM
database.

Related Work Cycewise
Segment

Used
Features Model Class Se (%) Sp (%) F1 (%) OA (%)

Son et al.,
2018 [59]

No DWT SVM All 92.3 98.4 99.1 92.3

Ghosh et al.,
2019 [63]

Yes WSST
Random
Forest

Except
MVP

— — — 95.13

Son et al.,
2018 [59]

No
DWT and
MFCC

SVM All 98.2 99.4 99.7 97.9

Ghosh et al.,
2020 [64]

Yes
Chirplet
Transform

Composite
Classifier

N 98.49 ± 1.45 99.94 ± 0.17 99.32 ± 1.04

98.54 ± 1.11MR 96.33 ± 3.58 99.94 ± 0.71 97.99 ± 1.60
AS 99.66 ± 0.70 99.04 ± 0.75 98.36 ± 1.32
MS 98.83 ± 1.12 99.26 ± 0.37 98.60 ± 1.62

Proposed
Work No SWT

Attentional
HLSTM

N 100 100 100

99.47 ± 0.42
MVP 98.26 ± 1.73 100 99.12 ± 0.88
MR 99.27 ± 0.67 99.81 ± 0.27 99.15 ± 0.70
AS 100 99.89 ± 0.15 99.84 ± 0.22
MS 99.78 ± 0.50 99.75 ± 0.18 99.11 ± 0.84

from Table 4.3 that the proposed method performs better than the state-of-the-art methods

across all the performance results. Specifically, compared to the time and frequency domain

approaches [96,100], the proposed method shows an improvement of almost 4% in OSe, 9% in

OSp, and 7% in OA. The proposed method also shows an improvement of almost 6% in OA than

the LSTM-based approach [96].

4.2.8 Results using HSM Database

Table 4.4 shows the multi-class classification comparison of the proposed method and the state-

of-the-art methods using the HSM database. It can be observed that the proposed method

exhibits outstanding results for both class-wise Se, Sp, and F1 measures as well as the OA
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Table 4.5: Confusion matrix of the proposed method using HSM database.

Actual/ Predicated N MVP MR AS MS
N 488 0 0 0 0
MVP 0 507 3 1 5
MR 0 0 406 1 2
AS 0 0 0 609 0
MS 0 0 1 0 444

measure. The proposed method achieves an OA of 99.47 % with a small standard deviation

of 0.42. The confusion matrix verifies the results as shown in Table 4.5. It shows promising

results for all five classes across five folds. The efficacy of the proposed method is verified by

comparing it with the currently existing methods. Table 4.4 shows that the proposed method

performs better than the existing methods in terms of class-wise Se, Sp, F1, and an excellent

OA. Specifically, compared to the conventional DWT-based approach [59], the proposed method

shows an improvement of almost 7% in both Se and OA measures. The improved results show

that the proposed attention-based HLSTM network effectively captures the temporal information

at different abstractions to improve HMs classification.

4.2.9 Efficacy of the proposed method under noisy conditions

The robustness of the proposed method is evaluated by adding different types of body and

environmental noises. In this work, we have used eight noises: a sick man sneezing, a human

sniffling, a sick man coughing, a person’s nose blowing, urban square noise, kids playing, a baby

crying, and door knocking 1. A detailed discussion about the noises is given in 3.2.7. A particular

noise (among these eight noises) was selected randomly and added to each PCG recording. We

have experimented with the performance of the proposed method for different signal-to-noise ratio

(SNR) levels using the HSM database. Table 4.6 shows the OA results for different SNR levels.

We have obtained an OA of 98.27%, 98.96%, 99.26%, and 99.47% for an SNR of 0 dB, 10 dB,

20 dB, and without noise, respectively. The results indicate that the proposed method is robust

enough to handle environmental and body-generated noises.
1https://mixkit.co/free-sound-effects/static/
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Table 4.6: The Performance of the proposed models under different SNR levels of environmental and body noises.

SNR OA (%)
0 dB 98.27
10 dB 98.96
20 dB 99.26
Without Noise 99.47

Table 4.7: Comparison of the NMP, ART, and OA for the CICC 2016 and HSM databases.

Database NMP ART (ms) OA (%)
CICC 2016 909559 9.96 98.55
HSM 909712 10.14 99.47

4.2.10 Complexity of the Proposed Model

Table 4.7 shows the complexity of the proposed attention-based HLSTM model for both the

CICC 2016 and HSM databases. The proposed model shows 909559 model parameters (NMP),

an average run time (ART) of 9.96 ms, and an OA of 98.55% using the CICC 2016 database.

Similarly, using the HSM database, the proposed model shows 909712 NMP, an ART of 10.14 ms,

and an OA of 99.47%. So, the reasonable ART (ms) and the excellent OA (%) of the proposed

model for both databases make it suitable for faster and better diagnosis of HMs in primary

healthcare units.

4.3 Summary

In this chapter, we have proposed a novel method for the detection (normal or abnormal) and

classification (normal, AS, MVP, MR, and MS) of HMs using two open-access databases. The

proposed method is an SWT-based HLSTM network with intra-subband and inter-subband atten-

tion modules. SWT captures the fundamental HSs and HVDs-related information adequately in its

subbands. However, the subband-specific HLSTM networks exploit each subband’s temporal and

relative-temporal variation to detect HVDs. Finally, the attentional modules represent the encoded

vectors of HLSTM networks to a discriminative representation by emphasizing clinically relevant

information. The proposed method yields competitive results for detecting and classifying HMs.

It shows an OA of 98.55% and 99.47% using the CICC 2016 and HSM databases, respectively.

The robustness of the proposed method is evaluated by adding different body and environmental
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4.3 Summary

noises to the PCG signal. The proposed network architecture has an NMP of 909559 and an

ART of 9.96 ms using the CICC 2016 database for binary classification. Similarly, the proposed

network architecture has an NMP of 909712 and an ART of 10.14 ms using the HSM database

for multi-class classification of HMs. The proposed method’s excellent OA and speedy response

help clinicians during preliminary check-ups to detect HMs.
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5. HM Severity Stages Classification Using Multi-kernel Residual CNN

In literature, most existing automated methods focus only on classifying PCG signals as healthy

or pathological. In chapter 1, we proposed an oscillatory modeling method to classify pathological

HSs. A few works are there in the literature where they have performed a multi-class analysis of

HVDs. We also proposed two DL-based transfer-domain approaches in chapter 3 and chapter

4 for multi-class classification of HMs. However, they have limited to fewer data for a specific

HVD analysis [59]. To fill this research gap, we have proposed an automated method to classify

three HMs severity stages, i.e., absent HMs (AHMs) or healthy, soft heart murmurs (SHMs), and

loud heart murmurs (LHMs), along with the low-quality PCGs (LQP). To our knowledge, we have

used the CirCor Digiscope Phonocardiogram (CCDP) database [144,162] for the first time in the

literature to classify the HM severity stages. The CCDP database was used for the George B.

Moody PhysioNet challenge 2022 to identify the presence, absence, or unclear cases of HMs.

In the case of HMs, the loudness and quality of the sound can indicate the severity of the heart

condition. SHM may indicate a less severe heart condition, while LHM may indicate a more severe

one. Additionally, an LQP may be less reliable for diagnosing the disease. In cardiac physiology,

experts have used the Levine scale to evaluate the severity of an HM based on its intensity or

loudness. Levine scale is a numeric grading system ranging from Grade I to Grade VI [22]. The

details about the HMs grading system are provided in chapter 1.2.1. If the HM grading is equal to

or less than Grade II, it is defined as an SHM. Similarly, if the HM grading is greater than or equal

to Grade III, it is defined as an LHM. Therefore, designing a robust automated HM grading system

using PCG can provide a reliable solution for primary healthcare units to detect HVDs.

Most existing deep CNN-based models have used transfer-domain approaches to represent

PCG segments as 2D images [71]. These images are then fed to a 2D- CNN model to classify

HMs. However, representing the time-series PCG signal in an image form may not capture the

relevant HM information. A few methods have used single-kernel 1D- CNN models [130], where

local spatial features are extracted using the CNN model, followed by classification using dense

and softmax layers. However, considering the morphological variability across the HMs and

sometimes the weak HMs are often masked by other unwanted sounds in the PCG signal. These

approaches may not be adequate for effectively capturing the relevant diagnostic features in

such cases. Also, deep neural networks have the problem of vanishing gradients. Therefore, the

multi-kernel deep CNN with residual learning can extract deep scale-specific features. A fusion of

these features can provide better performance results.
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This chapter proposes a multi-kernel residual CNN (MK-RCNN) model for more robust feature

extraction and efficient classification of HM severity stages. The multi-kernel CNNs with different

filter sizes help capture a broad range of features from the PCG signal. Further, employing residual

learning can help to extract deep features from CNN layers without degrading the performance

accuracy.

The rest of the chapter is organized as follows. Section 5.1 and 5.2 present the proposed

framework and the experimental results of the MK-RCNN model, respectively. The chapter

summary is presented in section 5.3.

5.1 Proposed MK-RCNN Model for HM Severity Stage Classification

In the proposed MK-RCNN model, first, the raw PCG signal So[r]; (r = 1, 2, ...., R) is preprocessed

and segmented as discussed in the chapter 3.1.1. Then, each 2s PCG segment C[r]; (r =

1, 2, 3, ...., Q) is fed to the MK-RCNN model to classify the HM severity stages.

5.1.1 MK-RCNN Model Architecture

The MK-RCNN model extracts better diagnostic information from the PCG segment C[r] to detect

HMs by leveraging multi-kernel CNNs. The multiple kernels can capture different aspects of the

PCG segment, i.e., the low and high-frequency content of the PCG segment, to improve the

detection of HM severity stages. Figure 5.1 shows the network architecture of the proposed MK-

RCNN model. It can be seen from Figure 5.1 that the PCG segment is fed to the corresponding

residual CNN (RCNN) block to extract multi-kernel disease features. The number of RCNN

blocks for feature extraction is set through experimentation. In this work, four RCNNs blocks, i.e.,

RCNN0, RCNN1, RCNN2, and RCNN3 having kernel sizes k = 3, 5, 7, 9; are used. The residual

learning in each RCNN block helps to extend the CNN network to build a deeper structure with no

degradation in detection performance [163,164]. It is performed by using identity mapping.

Figure 5.2 shows a residual network designed by stacking two basic CNNs, i.e., CNN- 1 and

CNN- 2. A basic CNN is a particular type of neural network (NN) [165]. It comprises convolutional

layers followed by activation functions and the pooling layer. The CNN extracts hierarchical

features from the input PCG segment. The first CNN layer extracts the low-level representation

of the input PCG segment. Increasing the CNN layers extracts the more complex deep features

from the PCG segment. The kernel size k, the number of filters n, and the stride s are used to do
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Figure 5.1: Illustration of the proposed multi-kernel residual CNN (MK-RCNN) model to detect heart murmur (HM)
severity stages. Where k, n, and s represent kernel size, number of filters, and stride for the convolution operations.

the linear transformation of the local regions. It extracts complex features from the non-stationary

PCG segment to enhance the detection of HM severity stages. Let the input signal to the residual

learning network is xi. Initially, it is passed through CNN-1, which performs three sequential

operations. First, xi is passed through a convolutional layer, then through a batch normalization

(BN) layer, and followed by a rectified linear unit (ReLU) activation layer. BN is used to improve

generalization and provide higher learning rates. The ReLU activation function improves the

training speed of the proposed network. The output of CNN-1 is h1i and fed as input to CNN- 2.

In CNN-2, it is passed through a convolution operation followed by the BN layer. The output of the
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Figure 5.2: Illustration of a residual network having two basic CNN networks (CNN-1 and CNN-2). An identity
mapping is used after the batch normalization (BN) layer of CNN- 2.

BN layer is h2i. To deal with the degradation problem, h2i is added with the input xi, known as

identity mapping. So, the output h3i is defined as follows.

h3i = h2i + xi

Further, the output h3i is passed through a ReLU activation function to give the final output fi of

the residual network and is defined as follows.

fi = ReLU(h3i)

Then, fi is fed as input to the average pooling layer followed by global average pooling (GAP).

GAP reduces the number of weights and helps the network to avoid over-fitting.

Finally, the outputs of the RCNNs (RCNNi, i ∈ {0, 1, 2, 3}) are fused through concatenation

to have the encoded multi-kernel feature vector and can be expressed as fe = [f0, f1, f2, f3]. The

encoded vector captures the variations of the PCG segment. It transfers the feature representation

to higher dimensions by increasing the non-linearity, which assures better discrimination capability

of the classifier. In the end, fe is given as input to a dense layer with a softmax activation function

to obtain the class probabilities for the input PCG segment. It is formulated as follows;

ŷ = softmax (Wo · fe + bo) (5.1)

where [Wo ∈ RM×d,bo ∈ RM ] are the learnable weight matrix and bias vector of the dense layer.

M is the number of classes. The predicted class label is ŷ ∈ RM .

93
TH-3224_176102005



5. HM Severity Stages Classification Using Multi-kernel Residual CNN

Training loss optimization: Conventionally, the model parameters are trained by using a cross-

entropy loss function (L) which is formulated as follows [160]:

L = −
N∑
n=1

M∑
m=1

(yn,m) · log
[
(ŷn,m)

]
(5.2)

where yn,m, ŷn,m are the true and predicated labels for the nth sample. N is the total number

of training samples. M is the number of classes. However, the existing PCG databases often

have imbalanced classes. As a result, the classification results can be more biased towards the

majority classes and provide poor results to the minority classes. To overcome this issue, we

have proposed a cost-sensitive loss function to train the proposed MK-RCNN model [166]. A

class-weighted categorical cross-entropy loss is deployed that penalizes the class errors differently.

The minority classes are assigned higher weights than the majority classes. The class weighted

cross-entropy loss function Lw is formulated as follows:

Lw = −
N∑
n=1

M∑
m=1

wm · (yn,m) · log
[
(ŷn,m)

]
(5.3)

Where wm is the weight assigned to the class m. The wm is computed as follows:

wm =
Number of training samples in majority class

Number of training samples in class m
(5.4)

We can conclude from Eq. 5.4 that the weight assigned to a particular class is inversely propor-

tional to the class distribution. Lw assigns higher weights to the low sample size training samples.

Therefore, the obtained weights equalize the degree of impact for individual classes toward the

total loss.

5.2 Experimental Results and Discussion

This section discusses the databases used to evaluate the proposed method, performance

measures, network architecture, and ablation study. Further, we have discussed the performance

results using different databases and the model complexity of the proposed MK-RCNN model.

5.2.1 Databases

In this work, we have used CirCor Digiscope Phonocardiogram (CCDP) database [144,162] for the

HM severity stages classification. We have also evaluated the efficacy of the proposed MK-RCNN
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Table 5.1: The gender and age distribution of the subjects among AHM, SHM, LHM, and LQP classes for the CCDP
database. Acronym: male (M) and female (F).

Class AHM (695) SHM (132) LHM (46) LQP (68)
Gender M (340) F (355) M (61) F (71) M (25) F (21) M (29) F (39)

Neonates 2 2 0 1 0 0 0 0
Infants 70 51 14 20 0 3 15 18
Child 231 219 39 42 20 17 12 17

Adolescents 35 18 7 5 4 1 1 2
Unknown 2 65 1 3 1 0 1 2

model by using PhysioNet/ Computing in Cardiology Challenge (CICC) 2016 database for binary

classification of PCG segments [13,144] and the HSM database for multi-class classification of

PCG segments [59]. The details of the CICC 2016 and HSM databases are given in chapter 2.2.1

and 3.2.1.1, receptively. A brief detail of the CCDP database is as follows.

5.2.2 CCDP Database

The database was used for the George B. Moody PhysioNet challenge 2022. It is the largest

publicly available pediatric murmur database. It was collected in Paraiba, Brazil, as two mass

screening campaigns from July to August 2014 and June to July 2015. It contains a total of 3159

PCG recordings from 941 subjects. There are 2391- PCG records collected from 695 subjects

in the absent heart murmur (AHM) or healthy (H) class, 427- PCG records collected from 132

subjects in the soft heart murmur (SHM) class, and 185- PCG records collected from 46 subjects

in the loud heart murmur (LHM) class. Additionally, 156- PCG records were collected from 68

subjects in the low-quality PCG (LQP) class. Table 5.1 shows the gender and age distribution

of the subjects for these four classes. The mean age of the subjects is 73.4± 0.1 months. Two

independent expert cardiac physiologists verify the ground truth of the PCG recordings. Murmur

gradings are based on the Levine scale [167]. Murmur grades I and II on the Levine scale

correspond to SHM class. In comparison, murmur grades III or above in Levine class corresponds

to LHM class. For most subjects, there are four PCG recordings from the four heart valve locations,

i.e., aortic, pulmonary, tricuspid, and mitral valves. These recordings are recorded from the valve

locations sequentially (not simultaneously). The PCG signals are acquired using a Littmann 3200

stethoscope with a sampling rate of 4 kHz. Further, they have normalized within the [−1, 1] range.

The recordings’ duration varies between 4.8 s to 80.4 s (µ ± σ = 22.9 ± 7.4 s). The data are
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Table 5.2: The effect of the number of RCNNs for the classification performance of the proposed MK-RCNN model
using the CCDP database.

Configuration OPr (%) ORe (%) OF1 (%) OA (%)
RCNN0 83.54 59.50 65.66 85.44

RCNN0 −RCNN1 87.59 73.37 78.90 89.96
RCNN0 −RCNN1 −RCNN2 96.11 92.31 94.07 97.07

RCNN0 − RCNN1 − RCNN2 − RCNN3 96.98 97.36 97.05 98.33
RCNN0 −RCNN1 −RCNN2 −RCNN3 −RCNN4 95.55 91.47 93.38 96.61

collected in a real-world scenario and have stethoscope rubbing noise, speaking, crying, and

laughing sounds in the background.

5.2.3 Evaluation Scheme and Performance Measures

The performance of the proposed method for the CCDP database is evaluated by using measures,

i.e., classwise precision (Pr), classwise recall (Re), classwise F1- score (F1), overall precision

(OPr), overall recall (ORe), overall F1- score (OF1), and overall accuracy (OA) [143]. The

performance of the proposed method for the CICC 2016 and HSM database is evaluated by using

three measures, i.e., overall sensitivity (OSe), overall specificity (OSp), and overall accuracy (OA).

All the results are stratified five-fold cross-validated. The cross-validation provides generalizable

results and prevents over-fitting to a specific subset of the database.

5.2.4 Network Architecture and Ablation Study

The preprocessed PCG segments are provided to the MK-RCNN model for extracting multi-kernel

feature representations. Figure 5.1 shows the network architecture of the MK-RCNN model.

The number of RCNN modules (RCNNi, i ∈ {0, 1, ..., Q}) used for the proposed method are set

through experimentation. Table 5.2 shows the performance results by increasing the number

of RCNNs using the CCDP database. It can be observed from Table 5.2 that the classification

performance is improved by fusing RCNN modules up to four; beyond that, it is reduced. So, we

consider the fusion of four kernels, i.e., k = {3, 5, 7, 9}. A dropout layer with a dropout rate of 0.2

is deployed before the dense layer to prevent the proposed model from over-fitting issues. The

optimum values for the hyper-parameters of the proposed model are tuned through experiments.

In this study, we have deployed an Adam optimizer with a learning rate of 0.005. The model’s

parameters are trained using back-propagation through time (BPTT) [160]. The batch size is set
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Table 5.3: The effect of residual learning to classify HM severity stages using the CCDP database.

Configuration OPr (%) ORe (%) OF1 (%) OA (%)
CNN0 80.47 56.29 61.03 84.08
RCNN0 83.54 59.50 65.66 85.44

Table 5.4: The performance measures for the proposed MK-RCNN model using CCDP database across five folds.

Class Pr (%) Re (%) F1 (%) OA (%)
AHM 99.11 98.85 98.98

98.33 ± 0.12
SHM 95.31 96.15 95.72
LHM 98.77 98.71 98.74
LQP 94.71 95.73 94.74

Overall 96.98 ± 2.29 97.36 ± 1.65 97.05 ± 2.13

to 128, and the model is trained for 350 epochs. The deep learning models are implemented using

Python programming language with the PyTorch library. The experiments are performed by using

a Titan P100 GPU server.

5.2.4.1 Significance of multi-kernel feature fusion:

It can be observed from Table 5.2 that a single kernel RCNN network, i.e., RCNN0 having

kernel size 3 shows an OA of 85.44%. However, adding multi-kernel RCNN networks, i.e.,

RCNN0 − RCNN1 − RCNN2 − RCNN3 having kernel sizes 3, 5, 7, and 9 show an OA of 98.33%.

There is an improvement of 13% in OA by deploying a multi-kernel RCNN network than single-

kernel RCNN. The proposed MK-RCNN model has also shown a better OPr of 96.98%, ORe of

97.36%, and OF1 of 97.05%. This verifies that the multi-kernel RCNNs improve the discrimination

capability of the classifier, thereby providing better performance results.

5.2.4.2 Significance of residual learning:

We have verified the effectiveness of the residual learning for the proposed method to classify

the HM severity stages. Table 5.3 shows the performance results for RCNN0 having residual

learning and CNN0 have the same network architecture as that of RCNN0 without having residual

learning. The RCNN0 shows a better OPr of 83.54%, ORe of 59.50%, OF1 of 65.66%, and OA of

85.44%. Thus, it indicates that residual learning improves the performance results by leveraging

identity mapping. It helps to capture the deep features from deeper layers and reduces the risk of

information loss.
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Table 5.5: The comparison of performance measures for the proposed and the state-of-the-art methods using the
HSM database.

Related Work Cycewise
Segment Used Features Model OSe (%) OSp (%) OF1 (%) OA (%)

Son et al., 2018
[59]

No DWT SVM 92.3 98.4 99.1 92.3

Ghosh et al.,
2019 [63]

Yes WSST Random Forest — — — 95.13

Son et al., 2018
[59]

No DWT and MFCC SVM 98.2 99.4 99.7 97.9

Ghosh et al.,
2020 [64]

Yes Chirplet Transform Composite Classifier 98.32 99.54 98.57 98.54

Oh et al., 2020
[129]

No Raw PCG Segments CNN with Residual Block 92.5 98 — 97

Alkhodari et al.,
2021 [127]

No Raw PCG Segments CNN with BLSTM 98.30 99.58 98.30 99.32

Proposed Work No Raw PCG Segments MK-RCNN 100 100 100 100

5.2.5 Results on the CCDP Database

Table 5.4 shows the classwise and overall performance measures to classify the HM severity

stages using the CCDP database. All the results are five-fold cross-validated. The proposed

MK-RCNN model shows an OA (%) of 98.33, OPr (%) of 96.98, ORe (%) of 97.36, and OF1 (%)

of 97.05. These results indicate that the proposed MK-RCNN model accurately classifies the four

HM severity stages. The high Pr, Re, and F1 for all classes and the OA of 98.33% demonstrate

the potential usefulness of the model for the clinical diagnosis of HM.

5.2.6 Results using the HSM Database

We have deployed the HSM database for multi-class classification of HMs using the proposed

MK-RCNN model. Table 5.5 shows the comparison results of the proposed method and the

state-of-the-art methods using the HSM database. It can be observed that the proposed method

exhibits outstanding 100% results for Se, Sp, F1, and OA measures. The proposed method shows

an improvement of almost 8% in both Se and OA measures concerning time-frequency-based

approaches [59,63]. The improved results show that the proposed MK-RCNN model effectively

captures the spatial information from raw PCG segments to improve HMs classification. The

proposed method also shows competitive results with CNN-based approaches [127,129].
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Table 5.6: Confusion matrix of the proposed method using CICC 2016 database.

Actual/ Predicated Healthy Pathological
Healthy 34541 689
Pathological 290 31040

5.2.7 Results using the CICC 2016 Database

We have deployed the proposed MK-RCNN model for classifying PCG segments as healthy or

pathological using the CICC 2016 database. The database contains 2575 healthy and 665 patho-

logical PCG signals. After preprocessing, we segmented each PCG signal using a 2s rectangular

window with 25% overlap for healthy and 75% overlap for pathological PCGs. The difference in

overlap % for both classes is to have a balanced dataset. So, we have 35230 healthy and 31757

pathological PCG segments. Table 5.6 shows the confusion matrix of the proposed method using

CICC 2016 database across five folds. The proposed method achieves TP and TN values of

31040 and 34541, respectively, correctly identifying true positives and negatives. The method also

reports low FP and FN values of 689 and 290, respectively, demonstrating its ability to minimize

false positives and false negatives. Table 5.7 compares the proposed method with state-of-the-art

methods using the CICC 2016 database to classify PCG segments as healthy or pathological. The

proposed method demonstrates impressive performance with OSe of 99.08%, OSp of 98.04%,

and OA of 98.53%, while exhibiting minimal variation in performance metrics across the folds.

Our proposed method outperforms all baseline methods across all performance results, with a

noticeable improvement over time, frequency, and time-frequency domain approaches [96,100]

by almost 5% in OSe, 9% in OSp, and 7% in OA. Additionally, compared to the CNN-GRU-based

approach [14], our proposed method demonstrates an improvement of almost 3% in OA. These

results suggest the efficacy of the proposed method in classifying the pathological PCG segments.

5.2.8 Model Complexity of the Proposed MK-RCNN Network

Table 5.8 shows the complexity of the proposed MK-RCNN model for the CCDP, CICC 2016, and

HSM databases. The proposed model shows 217604 model parameters (NMP), an average run

time (ART) of 2.36 ms, and an OA of 98.33% using the CCDP database. The proposed model

shows 217090 NMP, 2.82 ms ART, and an OA of 98.53% using the CICC 2016 database. Similarly,
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Table 5.7: The comparison of performance measures for the proposed method and the state-of-the-art methods
using the CICC 2016 Database.

Related Work Cyclewise
Segment Used Features Model OSe (%) OSp (%) OA (%)

Potes et al., 2016
[100]

Yes Time and Frequency AdaBoost, CNN 94.24 77.81 86.02

Zhang et al., 2019
[96]

No Temporal, Quasi-periodic LSTM 94.22 ± 0.02 90.48 ± 0.02 92.35 ± 0.01

Chen et al., 2020
[113]

Yes Modified Frequency Slice CNN 95 ± 2.11 93 ± 1.86 94 ± 1.34

Dhar et al., 2021
[98]

No Cross-wavelet Transform AlexNet 98 98 98

Li et al., 2021 [14] No Raw PCG Segment CNN-GRU 94.41 96.98 95.50
Proposed Work No Raw PCG Segment MK-RCNN 99.08 ± 0.30 98.04 ± 0.15 98.53 ± 0.16

Table 5.8: Comparison of the NMP, ART, and OA for the CCDP, CICC 2016, and HSM database.

Database NMP ART (ms) OA (%)
CCDP 217604 2.36 98.33
CICC 2016 217090 2.82 98.53
HSM 217861 2.47 100

using the HSM database, the proposed model shows 217861 NMP, an ART of 2.47 ms, and an

OA of 100%. So, the reasonable ART (ms) and the excellent OA (%) of the proposed model for all

the databases make it suitable for faster and better diagnosis of HMs in primary healthcare units.

5.3 Summary

In this chapter, we have proposed an MK-RCNN model for the automated classification of HM

severity stages. The proposed CNN architecture’s residual learning helps avoid performance

degradation and extract informative features from deep CNN layers. Further, the fusion of

multi-kernel RCNN networks improves the classification performance of HMs by exploiting the

pathological variations of the PCG segments in different scales. The performance results indicate

that the proposed model is competitive enough with the baseline methods in the literature. The

proposed model shows an end-to-end framework that extracts features from the raw PCG signals

and is robust enough to classify the HMs. The accurate prediction performance and low ART (ms)

for the proposed MK-RCNN model are well-suited for the reliable and fast diagnosis of HMs using

PCG signals.
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6. Conclusions

Cardiovascular diseases (CVDs) are a major cause of death worldwide, accounting for approxi-

mately 32% of all deaths [168]. Among different types of CVDs, heart valve diseases (HVDs) are

highly prevalent in developing and underdeveloped countries. HVDs result in about 1.4 million

deaths annually [5]. These countries’ lack of healthcare infrastructure and skilled cardiologists

exacerbates the problem. Although HVDs are not always lethal initially, failure to detect them

early can lead to cardiac arrest or heart failure. Therefore, early detection of HVDs is crucial to

reduce the mortality rate and associated healthcare costs. This thesis proposes four automated

PCG-based diagnosis methods to detect HVDs. The thesis exploits the pathological variations in

the PCG signal and develops reliable and robust DL-based approaches. The following paragraphs

provide a summary of each chapter of the thesis.

Chapter 1 of this dissertation provides an overview of the role of the heart and heart valves,

as well as the clinical importance of the PCG signal. Additionally, it highlights the prevalence of

HVDs and the challenges associated with PCG-based diagnosis. A comprehensive literature

review of the automated diagnosis of HVDs using PCG is also presented, where it is identified

that some research gaps still need to be addressed in previous studies. The chapter concludes by

discussing the motivation for the current research, highlighting the significant findings related to

each motivation. The chapter outlines the importance of the automated diagnosis of HVDs and the

need for accurate and reliable diagnostic methods. It also addresses the challenges associated

with detecting HMs in PCG signals and highlights the gaps in the current literature. These gaps

include limited data availability, lack of focus on the classification of multiple HVD severity stages,

and the limited exploration of deep learning approaches for the automated diagnosis of HVDs.

The chapter concludes by discussing the significance of addressing these research gaps. The

chapter also highlights the potential impact of the proposed research on developing reliable and

effective diagnostic methods for HVDs.

Most of the existing PCG-based modeling methods [50,56,79,136] have difficulties in capturing

the morphological variations of the PCG signal due to their non-stationary nature. To address this

issue, existing models have focused on modeling short segments of the PCG cycle, which may

not provide accurate diagnoses of HVDs. In Chapter 2, we proposed a novel multi-component

oscillatory model to classify PCG cycles as healthy or pathological. We analyzed the proposed

model in detail for the representation and recognition of PCG cycles and their respective HS states.

The representation results show that the PCC value reaches almost 99% at model order two for
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healthy and pathological PCG cycles. For the classification of PCG cycles, the proposed method

has shown an OA of 90.91% using the proposed model-based features with a DNN classifier. The

results demonstrate that the proposed method is competitive with existing state-of-the-art methods.

The number of parameter-sets for a model order depends on the number of zero-crossing points

of the given input signal. Further, the intensity of heart sounds can vary from person to person due

to a combination of factors, both physiological (age, cardiac conditions, heart rate, and pregnancy)

and non-physiological (body size and composition, environmental noises, stethoscope quality, and

patient movement). These variations are essential when interpreting heart sounds and diagnosing

cardiac conditions. Moreover, the proposed method is easy to compute and implement. It requires

only the calculation of zero-crossing points and fitting a half-period sine wave function between

two consecutive zero-crossing points. However, designing hand-crafted features requires domain

expertise and can be subjective. Additionally, finding a fixed set of discriminative features for

training the DNN model can be challenging due to the variability in HVD manifestations.

Various feature extraction methods [14, 70, 72, 150] reported in the literature have shown

promising results in detecting HMs using supervised machine learning (ML) algorithms. However,

the pathological variability and artifacts in the PCG signal make extracting meaningful features

challenging. Additionally, classical ML and deep learning (DL) models cannot exploit the temporal

information in the PCG signal, further limiting their diagnostic potential. To address these

challenges, we proposed an acoustic-feature fusion approach in Chapter 3 that leverage the

DL model to exploit the temporal information in the PCG signal to classify HMs. The proposed

method extracts MFCC and LPCC features. Then, these two features are fused using an HLSTM

network with a self-attention module to classify HMs. The method was evaluated using two

publicly available databases, CICC 2016 and HSM. The proposed method performed better than

the baseline methods reported in the literature. It achieved an OA of 98.76% and 99.10% for

CICC 2016 and HSM databases, respectively. The robustness of the proposed method was also

evaluated by adding noise of different SNR levels to the PCG signal. The proposed method had

an ART of 2.61 ms and an NMP of 226106 for the HSM database. Similarly, the proposed method

had an ART of 2.39 ms and an NMP of 225803 for the CICC 2016 database. The proposed

method is computationally efficient for clinical deployment and will provide a promising solution to

PCG-based HVD diagnosis challenges.

The existing WT-based methods to classify HMs, lack resolution at higher subbands (coarse
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scales) and shift-invariant properties [59, 61, 62, 72]. Further, the ML classifiers used with the

wavelet features cannot exploit the temporal variation in the WT subbands to detect HMs. In

Chapter 4, we proposed an SWT-based decomposition of PCG signals to address the issue.

Then, to exploit the temporal variation of the SWT subbands, we deployed subband-specific

HLSTM networks. Further, to enhance the detection of HMs, we proposed intra-subband and

inter-subband attention modules. The proposed method was tested and verified using two publicly

available databases, CICC 2016 and HSM. The results showed superior performance compared

to baseline methods reported in the literature. The proposed method achieved an OA of 98.55%

for the CICC 2016 and 99.47% for the HSM. The robustness of the proposed method is verified

by adding different environmental and body-generated noises to the PCG signals with different

SNR levels. The proposed method had an ART of 10.14 ms and an NMP of 909712 for the HSM

database. Similarly, the proposed method had an ART of 9.96 ms and an NMP of 909559 for

the CICC 2016 database. However, selecting the optimal number of SWT subbands can affect

the diagnosis of HMs. The optimal number of subbands should ensure that the characteristic

features of heart murmurs are effectively captured. More subbands might lead to smaller subband

signals, making them more noise-resistant. Fewer subbands may provide more energy per

subband but can result in spectral leakage and may not effectively isolate noise from the signal.

Further, a higher number of subbands increases computational complexity. Therefore, balancing

computational efficiency and detection accuracy is essential, especially in real-time applications.

Thus, each PCG segment is decomposed into five levels in this work. It is so because the

fundamental HSs and murmur information are primarily present in frequency bands (> 20Hz).

There is no need for further decomposition at a coarse scale. Overall, the proposed method

provides a promising solution to the challenges encountered in PCG-based HVDs diagnosis and

is computationally efficient for clinical deployment.

Most existing automated methods for detecting HVDs focus on classifying PCG signals as

healthy or pathological. However, multi-class analysis of HM severity stages is limited, mainly due

to a lack of data for specific HVDs. In Chapter 5, we proposed an end-to-end framework to classify

three HMs severity stages, namely absent HMs (AHM) or healthy, soft heart murmurs (SHM), and

loud heart murmurs (LHM), along with the low-quality PCGs (LQP). Recent approaches in deep

CNN models have used transfer-domain techniques, converting PCG segments into images and

feeding them into a 2D-CNN model to detect HVDs. However, representing the time-series PCG
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signal as a 2D image may not capture the relevant heart sound (HS) information. Therefore, we

proposed a multi-kernel residual CNN (MK-RCNN) model to extract deep features and efficiently

classify the HM severity stages. The MK-RCNN model uses multi-kernel CNNs of different filter

sizes to capture a wide range of features from the PCG signal. Further, it employed residual

learning to extract deep features from CNN layers without degrading performance accuracy. The

proposed model achieves an OA of 98.33%, 98.53%, and 100% using the CCDP, CICC 2016,

and HSM databases, respectively. The proposed model also shows ART (ms) of 2.36, 2.82, and

2.47 using the CCDP, CICC 2016, and HSM databases, respectively. The proposed model’s

reasonable ART (ms) and excellent OA (%) make it suitable for faster and better diagnosis of HMs

in primary cardiac care units.

The thesis proposed four automated methods for diagnosing HVDs using PCG signals. Chapter

2 proposed a multi-component oscillatory model to classify PCG cycles as healthy or pathological.

In Chapter 3, an acoustic feature-fusion using the attention-based HLSTM network was proposed

to classify HMs by exploiting the temporal information in the PCG signal. In Chapter 4, an

SWT-based decomposition and subband-specific HLSTM networks were proposed to exploit the

temporal variation in the SWT subbands to classify HMs. Further, intra-subband and inter-subband

attention modules were introduced to enhance the HM classification. In Chapter 5, an automated

method to classify three HMs severity stages, namely absent HMs (AHM) or healthy, soft heart

murmurs (SHM), and loud heart murmurs (LHM), was proposed using a multi-kernel residual

CNN (MK-RCNN) model. All proposed methods have shown superior performance compared to

baseline methods reported in the literature.

The practical integration of our proposed diagnostic frameworks into real-life clinical practices

is essential in translating our research into tangible healthcare benefits. We can extend the

reach of cardiac assessments by implementing these frameworks on portable or mobile devices

or integrating them with existing cardiac diagnostic systems. This expansion empowers early

detection and intervention, which is crucial for effectively managing HVDs. In the industrial

landscape, companies such as Eko Health 1 and AI Health Highway 2 are at the forefront of

advancing digital stethoscopes by integrating artificial intelligence (AI) technology. In a clinical

setting, the process begins with acquiring PCG data from patients using an electronic stethoscope,

adhering to standardized recording protocols. The acquired data is then processed through our
1

[Online Available]: https://www.ekohealth.com/
2

[Online Available]: https://aisteth.com/
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preprocessing and noise mitigation techniques. Clinicians can easily access and visualize PCG

data while efficiently store patient-specific information. Furthermore, our proposed frameworks

function as diagnostic decision-making tools, assisting healthcare providers in interpreting PCG

data, delivering automated assessments, and promptly identifying potential HVDs.

The proposed frameworks may be used to detect other heart diseases using the PCG signal

rather than that of only HVDs. The PCG signal contains information about the heart’s mechanical

sounds and surrounding structures, including the heart valves. PCG signals can help diagnose

congenital heart defects (CHDs), which involve structural abnormalities in the heart. Similarly,

PCG can help identify irregular heart rhythms, including arrhythmias, which can point to various

cardiac conditions. Heart chamber size and function abnormalities can be detected through PCG,

indicating conditions such as cardiomyopathy. PCG signals may offer insights into pericardial

diseases, which affect the pericardium surrounding the heart. PCG can be used to assess overall

cardiac function, including cardiac output and ejection fraction measures, which are essential

for understanding heart health. However, at present, we do not have any publicly available PCG

databases with annotations of other cardiac diseases than that of HVDs to perform the study.

6.1 Future Directions

Based on the work proposed in the thesis for automated diagnosis of HVDs from PCG signals

using DL models, some future directions might further improve the clinical decision-making

process for HVDs detection.

• Large-scale data collection and annotation are critical for developing accurate and reliable

HVD detection systems. In order to train deep learning models for HVD detection, a large

number of labeled data is required. The more data available, the more accurately the model

can identify patterns and make predictions. Additionally, the diversity of data is also essential

for more robust detection. HVDs present differently across individuals, and the disease

manifestation can vary based on age, sex, and other factors. Therefore, data collection from

diverse populations is necessary for training models that generalize to new patients.

• Multi-channel and multi-label PCG recording can provide additional information and help

improve the accuracy of HVDs detection. Multi-channel recording involves using multiple

sensors to capture the PCG signal from different locations on the chest. This can provide
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information on the spatial distribution of heart sounds and murmurs, which can be used

to improve the accuracy of diagnosis. For example, in the case of mitral regurgitation, the

location and timing of the murmur can provide information on the severity and cause of

the condition. Multi-label recording involves labeling PCG recordings with multiple labels

indicating the presence of different HVDs. This can help in the detection of co-occurring

HVDs and improve the accuracy of diagnosis. For example, a patient with mitral stenosis

and aortic regurgitation may have overlapping symptoms, making it difficult to diagnose the

individual conditions accurately. However, with multi-label recording, the presence of both

conditions can be identified and diagnosed more accurately.

• Model interpretability of automated systems can help clinicians understand the PCG features

relevant to diagnose HVDs. This can also provide insights into the physiology of HVDs and

improve medical understanding of the disease. Several methods exist for interpreting DL

models, such as feature visualization, saliency maps, and activation maximization. These

methods help visualize the regions of the PCG signal that are most relevant for the model’s

decision-making. Model interpretability can enhance DL models’ trust, transparency, and

clinical acceptance for HVDs detection.

• Integrating flexible analytic wavelet transform (FAWT) and empirical wavelet transform (EWT)

into the automated diagnosis of HVDs from PCG signals can hold significant promise. These

adaptive signal processing techniques can precisely capture and analyze the time-varying

characteristics of PCG signals. FAWT’s flexibility and adaptability to varying frequency

components and EWT’s ability to decompose signals into intrinsic mode functions (IMFs)

make them ideal candidates for feature extraction, noise reduction, and time-frequency

localization, all of which are critical in identifying pathological HVD patterns. Incorporating

these wavelet transforms into the diagnostic framework makes it possible to enhance the

accuracy and reliability of HVD detection. The synergistic combination of FAWT and EWT

with deep learning models can pave the way for robust diagnostic tools for the early detection

of HVDs in clinical practice.

• Continuous monitoring of PCG signals can provide several benefits for the early detection

and management of HVDs. It can allow for the timely identification of abnormal HSs and

enable clinicians to provide immediate interventions. Continuous PCG signal monitoring
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can also help track disease progression and treatment efficacy over time. Additionally, it

can assist in predicting potential complications. Continuous monitoring of PCG signals can

be achieved using wearable devices or implantable sensors, which can transmit data to

healthcare professionals remotely. This can improve patient outcomes and reduce the need

for frequent hospital visits, thereby improving the quality of life for patients with HVDs.
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Deep Neural Network (DNN) is a type of deep learning (DL) model [169]. They are composed of

multiple layers of interconnected neurons. Figure A.1 shows the model architecture of a DNN

model. It consists of an input layer, two hidden layers, and one output layer. They are designed

to mimic the structure and functionality of the human brain. It enables them to learn and make

predictions from complex data. The detailed description of the different components of the DNN

is as follows.

Input Layer Hidden Layer: 1 Hidden Layer: 2 Output Layer

Figure A.1: The model architecture of a deep neural network (DNN) model.

• Neurons: They are the basic building blocks of a DNN. They receive input signals, perform

computations, and produce output signals. Each neuron is associated with a weight vector,

which determines the strength of the connections between neurons. The computation

performed by a neuron can be represented as follows:

z = W ·X + b =
n∑
i=1

(wi · xi) + b (A.1)

a = f(z) (A.2)

where X = {x1, x2, ...., xn}; represents the input vector, W = {w1, w2, ...., wn}; denotes the

weight vector, b is the bias term, f(.) is the activation function, z represents the weighted

sum of inputs, and a denotes the output activation of the neuron.
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Figure A.2: Activation functions used in DNN models. (a) sigmoid activation function, (b) hyperbolic tangent activation
function, and (c) rectified linear unit activation function.

• DNN Layers: Each layer of a DNN consists of multiple neurons. The neurons within a layer

are connected with every neuron in the previous and subsequent layers. There are three

types of layers in a DNN model:

(i) Input Layer: It receives input from the input signal fed to the DNN and passes it to

subsequent layers. Figure A.1 shows the input layer having n inputs, i.e., x1, x2, ...., xn.

(ii) Hidden Layers: They are intermediate layers between the input and output layers. They

extract relevant features from the input data through non-linear transformations. Figure

A.1 shows two hidden layers having p and q number of inputs.

(iii) Output Layer: They produce the final predictions or outputs of the DNN. The number

of neurons in the output layer depends on the nature of the task, such as binary

classification, multi-class classification, or regression. Figure A.1 shows the output layer

having r outputs, i.e., O1, O2, ..., Or.

• Activation Functions: They introduce non-linearity into the DNN. They enable the DNN

to model complex relationships between inputs and outputs. Figure A.2(a), A.2(b), and

A.2(c) show the sigmoid, hyperbolic tangent, and rectified linear unit activation functions,

respectively. A brief description of these activation functions are as follows.

(i) Sigmoid Function: It squashes the input to a value between 0 and 1, making it suitable

for binary classification tasks.

f(z) =
1

(1 + e−z)
(A.3)

(ii) Hyperbolic Tangent (tanh) Function: It maps the input to a value between -1 and 1,
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making it useful for tasks with centered outputs.

f(z) =
(ez − e−z)
(ez + e−z)

(A.4)

(iii) Rectified Linear Unit (ReLU): It sets negative inputs to zero and keeps positive

inputs unchanged. It helps alleviate the vanishing gradient problem and speeds up

training [170].

f(z) = max(0, z) (A.5)

• Loss functions: They quantify the difference between the predicted outputs of the DNN

and the true values, providing a measure of the model’s performance. The choice of loss

function depends on the nature of the task. Commonly used loss functions include:

(i) Mean Squared Error (MSE): It calculates the average squared difference between

predicted and true values, often used in regression problems. It is formulated as follows.

MSE =
1

N

N∑
n=1

(ytn − ypn)2 (A.6)

where N is the total number of data points. ytn and ypn are the true and predicated

values of the nth data point, respectively.

(ii) Cross-Entropy Loss: It measures the dissimilarity between predicted probabilities

and true class labels, typically used in classification tasks with multiple classes. It is

formulated as follows [166].

L(yt, yp) =
N∑
n=1

(ytn · log ypn) (A.7)

where L is the cross-entropy loss function. Binary cross-entropy loss is used for binary

classification problems. It is formulated as follows.

L(yt, yp) = −
N∑
n=1

[ytn · log(ypn) + (1− ytn) · log(1− ypn)] (A.8)

• Optimization Algorithms: These algorithms are responsible for adjusting the weights and

biases of the DNN during the training process. They aim to minimize the loss function and

find the optimal set of parameters. Some commonly used optimization algorithms include:

(i) Stochastic Gradient Descent (SGD): It updates the weights by computing the gradient
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of the loss function with respect to the parameters for each training data or a batch-size.

Wnew = Wold − η · ∇{L[Wold]} (A.9)

where Wnew is the updated weighted vector, Wold is the existing weight vector, η is the

learning rate, and ∇ is the gradient operator.

(ii) Adam: It combines the advantages of adaptive learning rates and momentum. It adjusts

the learning rate for each parameter based on their past gradients and velocities [171].

mnew = β1 ·mold + (1− β1) · ∇{L[Wold]} (A.10)

vnew = β2 · vold + (1− β2) · ∇{L[W 2
old]} (A.11)

Wnew = Wold − η ·
mnew√
vnew + ε

(A.12)
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