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An early detection of heart disease can save lives, caution individuals and also 

help to determine the type of treatment to be given to the patients. The first test of 

diagnosing a heart disease is through auscultation - listening to the heart sounds. The 

interpretation of heart sounds is subjective and requires a professional skill to identify 

the abnormalities in these sounds. A medical practitioner uses a stethoscope to perform 

an initial screening by listening for irregular sounds from the patient's chest. Later, 

echocardiography and electrocardiography tests are taken for further diagnosis. 

However, these tests are expensive and require specialized technicians to operate. A 

simple and economical way is vital for monitoring in homecare or rural hospitals and 

urban clinics. This dissertation is focused on developing a patient-centered device for 

initial screening of the heart sounds that is both low cost and can be used by the users 

on themselves, and later share the readings with the healthcare providers. An innovative 

mobile health service platform is created for analyzing and classifying heart sounds. 

Certain properties of heart sounds have to be evaluated to identify the irregularities 

such as the number of heart beats and gallops, intensity, frequency, and duration. Since 

heart sounds are generated in low frequencies, human ears tend to miss certain sounds 

as the high frequency sounds mask the lower ones. Therefore, this dissertation provides 

a solution to process the heart sounds using several signal processing techniques, 

identifies the features in the heart sounds and finally classifies them.  This dissertation 

enables remote patient monitoring through the integration of advanced wireless 



communications and a customized low-cost stethoscope. It also permits remote 

management of patients' cardiac status while maximizing patient mobility. The 

smartphone application facilities recording, processing, visualizing, listening, and 

classifying heart sounds. The application also generates an electronic medical record, 

which is encrypted using the efficient elliptic curve cryptography and sent to the cloud, 

facilitating access to physicians for further analysis. Thus, this dissertation results in a 

patient-centered device that is essential for initial screening of the heart sounds, and 

could be shared for further diagnosis with the medical care practitioners. 
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CHAPTER 1

INTRODUCTION

1.1. Introduction

The latest generation of smart phones has become an essential commodity due to their

variety of sensors, powerful computing capability, high memory capacity, and open source

operating systems that encourage application development. Apart from communication,

they also provide numerous services and applications such as daily planner, camera, web

surfing, navigation, entertainment, health application, etc. They are palm sized, and allow

easy mobility and portability. Hence, the mobile health (mHealth) sector is very interested in

the mobile application business to provide remote monitoring health care services. mHealth

is also used for illness surveillance, patient tracking and collecting health information.

Mobile healthcare services provide a lot of benefit to patients, medical students,

healthcare personnel, and healthcare institutions [110, 79, 107, 85]. From a patient’s stand-

point, they can run a quick check-up on themselves anywhere and anytime without involving

healthcare personnel. By doing such, awareness can be created among the users to keep track

of their health status [92]. Medical students use this technology to enhance learning [131].

The healthcare professionals use the mobile phone as information (accessing electronic med-

ical records and clinical decision making) and time management tool (patient monitoring

and consulting) [128]. Healthcare organization can also cut cost on patient management and

treatment costs by reducing the number of hospital visits and hospital stays [110].

Smart phone medical apps are commonly categorized into weight loss, exercise, sleep

and meditation, pregnancy, and tools and instruments [1, 2]. Several studies have used

healthcare applications to collect patients data for research purpose [38] while some to provide

telemedicine and remote monitoring services [78] . There are many studies that have been

done on the types, usage, and survey of these applications [39, 97, 122, 104] .
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1.2. Motivation

The interpretation of heart sounds is subjective and requires a professional skill to

identify the abnormalities in the sounds. Therefore, a patient with abnormal cardiac sounds

must visit a health professional to get diagnosed. A medical practitioner uses a stetho-

scope to do initial screening, listening for irregular sounds from the patients’ chest. Next,

echocardiography and electrocardiography tests were taken for further diagnosis.

Certain properties of heart sounds are required to be evaluated in order to identify the

irregularities such as number of heart beats and gallops, intensity, frequency, and duration.

Since heart sounds are generated in low frequencies, human ears tend to miss certain sounds

as the high frequency sounds mask the lower ones. Hence, traditional stethoscopes were

innovated into digital stethoscopes. The digital stethoscope has a small microprocessor,

which attenuates the high frequencies signals and amplifies the heart sounds, enabling the

physicians to hear a clean cardiac sounds. Moreover, many computer-aided programs were

developed to help the physicians in visualizing and identifying the types of heart sounds.

However, the cost of this diagnosis tool is very high and the patient still needs to visit a

hospital or clinic to get diagnosed. Thus, a patient centered device is required for initial

screening of the heart sounds that is low cost and can be used by the users on themselves,

and later share their diagnosis with the healthcare sectors.

There are five major products that are currently available on the market: CardioSleeve

[3], SensiCardiac [4], Eko core [5], HeartBuds [6] and Thinklabs [7]. Eko Core and Thinklabs

are customized electronic stethoscopes that also work with a smart phone application and

computer software. However, the computer and smart phone softwares do not analyze and

determine the type of heart sound. They still require a medical doctor to diagnose the sound.

The software only records, displays, and shares heart sounds. HeartBuds is also similar to

these two devices except that HeartBuds is a custom made acoustic amplifier.

CardioSleeve is a 3-lead electrocardiogram (ECG) combined with a digital stetho-

scope. The product also has a smart phone application to visualize ECG and heart sound

via Bluetooth. The software calculates the systolic performance index as an indication of
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ejection fraction to assess heart failure. It displays the value of isovolumic contraction, iso-

volumic relaxation, RR interval, PT interval, and QRS interval obtained from the ECG

leads.

SensiCardiac is a computer software that analyzes heart sounds recorded from an

electronic stethoscope. A user records the heart sounds and sends it to the cloud to interpret

if the heart sound is normal, a class I murmur or, a class III murmur. Class I murmur can

be any systolic or diastolic murmur while class III is flow murmur.

Apart from these products, there is also major research work going on by Dr. Raj

Shekhar of Childrens National Health System [8]. They are building a smart phone app

called StethAid that allows pediatricians to discriminate still’s murmur from pathological

murmurs in children, establishing the child’s murmur as benign and eliminating the need for

cardiac referral. The app will work in conjunction with a digital stethoscope.

1.3. Objective

This dissertation focuses on developing an innovative mobile health service platform

for analyzing and classifying heart sounds. This service enables remote patient monitoring

through the use of advanced wireless communications and integration of a customized low

cost stethoscope. It permits remote management of patients’ cardiac status whilst maximiz-

ing patient mobility.

The smart phone will provide facilities such as recording, processing, visualizing, lis-

tening, and identifying cardiac sounds. The recorded sounds will be identified for abnormal

rhythms such as split sounds, aortic stenosis, pulmonary stenosis, atrial septal defect, ventric-

ular septal defect, mitral valve prolapse, mitral regurgitation, tricuspid regurgitation, aortic

regurgitation, pulmonary regurgitation, tricuspid stenosis, mitral stenosis, flow murmur, and

patent ductus arteriosus.

This work will be focused on mobility, remote monitoring and patient/user centered.

Hence, my contribution lies in presenting a convenient, independent, and environment adap-

tative, and free assistive device that will aid in heart monitoring of a person. Since this

3



work is deployed on a smart phone, it makes a novel contribution to mHealth, mobile, and

pervasive computing domain.

1.4. Dissertation Roadmap

This dissertation discusses methods and algorithms for processing the heart sounds

using a customized external microphone with a smart phone and utilizing the processed

data to analyze and identify abnormalities in heart valves. The dissertation also outlines the

software designs of the deployed application. The content of this dissertation is organized

into 9 chapters.

• Chapter 1: I provide an introduction to mobile healthcare and the motivation and

objective of my dissertation.

• Chapter 2: I describe the basic information needed to understand the physiology

of the human heart, types and patterns of heart sounds, and the current diagnosis

tool used to listen to and detect abnormalities in the cardiac rhythm.

• Chapter 3: I present the methodology and the signal processing techniques used to

detect splits in first and second heart sounds.

• Chapter 4: I explain the current research techniques used in preprocessing heart

sounds. I also explain how the digital stethoscope processes the signals and how a

smart phone can do the same with a traditional stethoscope and signal processing

algorithms.

• Chapter 5: I first discuss the available models to classify heart sounds and types of

heart sounds. Next, I explain the methodology used to extract features from the

heart sounds and a unique classification model.

• Chapter 6: I outline the software design and the graphical user interface of the

smart phone application. I also show the overall architecture and the results obtain

from clinical trials

• Chapter 7: I describe the implementation and performance analysis of a cryptogra-

phy system on smart phones to protect the privacy of electronic medical data.
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• Chapter 8: I provide future work to monitor blood flow in heart murmur patients.

This chapter proposes a method to detect change in blood flow using a smart phone

camera. I also discuss preliminary results of this study.

• Chapter 9: I conclude my dissertation by summarizing the challenges faced and

limitations of this work.

1.5. Summary of Contributions

Following is the list of contributions of this research work:

• Chapter 2: In this chapter, I will provide a brief description of the heart and its

sounds. The origin of normal and abnormal heart sounds is explained with the

heart’s valves movement. The pattern of each murmur and their corresponding

auscultation are also discussed here.

• Chapter 3: This chapter provides the methodology of identifying and measuring split

intervals in the heart sounds. Discrete wavelet transform (DWT) and continuous

wavelet transform (CWT) are used to process the heart sounds. DWT helps to down

sample the data and remove redundant information while CWT helps to identify

the valves movement in the heart sound by calculating the energy level in the signal.

• Chapter 4: This chapter focuses on preprocessing the recorded heart sounds. This

chapter shows that it is possible to filter and amplify signals without using a dig-

ital stethoscope. A traditional stethoscope is modified and used to collect heart

sounds and is a low-cost device and available easily in any pharmacy. The time and

frequency resolution of all murmurs were studied using fast Fourier transform and

short time Fourier transform. Through these digital processing techniques, a cutoff

range has been decided to filter the signal. This signal is then normalized for further

use.

• Chapter 5: In this chapter, I have designed a classification model using Mel-

frequency cepstral coefficient (MFCC) and hidden Markov model (HMM). The clas-

sification model is able to detect normal heart sound and 13 types of heart murmurs.

The model also works with split detection technique described in Chapter 3 to de-
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termine the split intervals. The classification model is built based on the frequency

features extracted using MFCC. The model has 4 systolic HMMs and 4 diastolic

HMMs. The auscultation area is also used to help identify certain murmurs.

• Chapter 6: This chapter outlines the software design of heart sound application using

a smart phone. The overall architecture of the software and graphical user interface

are shown here. The class diagrams are also displayed to show how each subclass

associates with each other. This software records and analyzes cardiac sounds, and

generates graphs, audio and electronic medical record. This application is tested in

a hospital environment to collect live recordings from patients. The performance of

the smart phone is also analyzed herein.

• Chapter 7: Since the smart phone generates electronic medical records, this chapter

provides a cryptography technique — elliptic curve integrated encryption scheme to

protect the data while sharing the information to a physician.

• Chapter 8: This chapter is a future work to develop a smart phone application

that monitors thermoregulation of human body. Preliminary results show that it is

possible to use a mobile camera to detect blood flow changes in a fingertip.

6



CHAPTER 2

THE HEART

This chapter provides the basic information needed to understand the physiology of

the human heart and the current clinical methods used to examine the heart sounds.

2.1. Anatomy of the Heart

The heart is a vital organ mostly made of muscle. The main function of the heart

is to provide continuous blood circulation throughout the body. The human heart, shown

in Figure 2.1 [9], has two parts: the right half and the left half. The right half of the heart

collects blood with carbon dioxide from peripheral organs and pumps it to the lungs. The

left half collects blood with oxygen from the lungs and pumps it to peripheral organs.

The heart is composed of four chambers. The upper chambers are thin walled cham-

bers called the right atrium and left atrium. The lower chambers are called the right ventricle

and left ventricle which work to pump blood.

In the right half of the heart, the blood with carbon dioxide is carried by superior and

inferior vena cava from the body tissues enters into the right atrium. This chamber pushes

the blood into the right ventricle through the tricuspid valve. Once the blood enters into

Figure 2.1. Structure of the human heart and the path of blood flow in the

heart chambers. Uploaded in Wikipedia by Eric Pierce. Free license.
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the right ventricle, the blood is pumped through the pulmonary valve into the pulmonary

artery. This artery carries the blood to the lungs to receive fresh supply of oxygen. The fresh

blood passes into the left atrium by the pulmonary vein. The oxygenated blood then flows

into the left ventricle through the mitral valve and into the aorta through the aortic valve.

The left ventricle has a thick muscular wall to withstand high pressure during contractions

for pumping blood into the aorta. The aorta is the main artery that carries the oxygen-rich

blood to the body tissues.

2.2. Heart Sounds

The four heart valves act as one-way doors that control the blood flows from the

atria to the ventricles. When the atrioventricular valves (tricuspid and mitral) are open, the

semilunar valves (pulmonary and aortic) are closed to prevent backflow. This builds pressure

in the ventricles causing the blood to be pumped out of the heart. Likewise, the semilunar

valves are forced to open while the atrioventricular valves will shut. The movement of these

valves creates audible sounds usually described as “lub-dub”.

The “lub” sound, also known as the first heart sound (S1), is heard when the mitral

(M1) and tricuspid (T1) valves close. As the left ventricle contracts first, the M1 component

will occur earlier. The M1 closure precedes T1 closure by 20 to 30 ms. This delay between

M1 and T1 is called S1 split and considered as pathological if the delay time is above 30 ms

[130, 46, 30]. S1 has a typical duration of 100 - 200 ms [30]. Its frequency components lie in

the range of 40 - 200 Hz [30, 119].

The second heart sound (S2), “dub”, occurs when the aortic (A2) and pulmonary

(P2) valves shut. The aortic pressure is superior to the pulmonary pressure causing the A2

component to appear before P2. Analyzing the split and the relative intensities of A2 and P2

indicate the presence of cardiac abnormalities such as pulmonary stenosis and atrial septal

defect. During deep inspiration, the interval between A2 and P2 prolongs, resulting in wide

splitting between the components. On expiration, the delay is less than 30 ms [130, 46, 30].

Similar to S1 split, if the interval is above 30 ms, it is considered as a pathological case. S2

has a shorter duration and higher frequency (range of 50 - 250 Hz) than S1 [130, 119].
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2.3. Types of Murmurs

Other than “lub-dub”, there are also other heart sounds such as murmurs. Murmurs

are a series of vibrations generated due to the turbulence of blood flow in the heart. Murmurs

can be normal or pathological. Normal murmurs are referred as “innocent” or flow murmurs,

which are commonly found in infants, children, women during pregnancy and adults after

exercise [37, 133]. This murmur occurs during the first heart sound. Abnormal murmurs

indicate a defect in the heart valves such as stenosis (constricted heart valves) and regur-

gitation (leaking heart valves)[130, 58, 69]. The most common causes for such defects are

by birth known as congenital heart defects, age-related changes, infection, rheumatic fever,

hardening and thickening of valves, and damage in the heart structure. Murmurs often do

not carry any symptoms. They are mostly discovered through diagnosis such as stethoscope

exam, phonocardiography, or echocardiography. However, symptoms such as chronic cough,

chest pain, and shortness of breath may indicate a heart problem. Murmurs are categorized

as systolic, diastolic, and continuous.

2.3.1. Systolic Murmurs

Systolic murmurs are heard during systole, where the ventricles contract. The murmur

appears between first and second heart sounds. They can be diagnosed as ejection murmurs

(aortic stenosis, pulmonary stenosis, or atrial septal defect) or regurgitant murmurs (mitral

regurgitation, tricuspid regurgitation, mitral valve prolapse, or ventricular septal defect)[130,

69, 59, 111]. Figure 2.2 shows the patterns of systolic murmurs.

Aortic and pulmonary stenosis involve the narrowing of the aortic and pulmonary

valve respectively. As the ventricle constricts to pump blood, the valve does not open fully,

decreasing the blood flow from the heart. Hence, the ventricle has to work harder. Often,

the muscles in the left ventricle grow thicker during aortic stenosis leading to chest pain.

Aortic stenosis has a crescendo-decrescendo pattern, located in the middle of S1 and S2.

Pulmonary stenosis has a similar pattern to aortic stenosis, except that it is closer to S2.

Mitral and tricuspid regurgitation involves the inward opening of mitral and tricuspid

valves respectively during ventricle constriction. This allows blood leakage into the atria and
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(a) Aortic stenosis (b) Pul-

monary

stenosis

(c) Atrial

septal

defect

(d) Mi-

tral valve

prolapse

(e) Mitral

regurgita-

tion

(f) Tricus-

pid regurgi-

tation

(g) Ven-

tricular

septal

defect

Figure 2.2. Patterns of systolic murmurs. Abbreviations: S1 = first heart

sound, S2 = second heart sound, M1 = mitral component, T1 = tricuspid com-

ponent, A2 = aortic component, P2 = pulmonic component. Blue indicates

heart sounds. Red indicates murmurs.
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cuts down the amout of blood that flows out of the heart. Mitral regurgitation can lead to

congestive heart failure while tricuspid regurgitation leads to high blood pressure in the

arteries of the lungs. Both the murmurs are known as holo-systolic due to the plateau

murmur that begins with S1 and extends to S2.

Mitral valve prolapse is a common cause of mitral regurgitation. Mitral valve prolapse

occurs when the mitral valve is thickened or does not fully close. When the left ventricle

contracts, one or both flaps of the valve prolapse allowing blood leakage back into the atrium.

This condition is sometimes called as “floppy”. This murmur follows S1 and is briefly quiet

before a crescendo pattern takes place in the middle of S1 and S2.

Atrial septal defect is a congenital heart defect. It happens when there is a hole in the

wall formed between the atria, causing a shunt blood flow between the two upper chambers.

This murmur also has a crescendo-decrescendo pattern but with a wide split in S2.

Ventricular septal defect is also a congenital heart defect where the hole appears in

the wall between the ventricles. Since the pressure in the left ventricle is higher than in

the right ventricle, the blood flow occurs from left to right ventricle, producing holo-systolic

murmur with a wide split in S2.

2.3.2. Diastolic Murmurs

Diastolic murmurs are heard during diastole (following systole), where the ventricles

relax. The murmurs appear between the second and first heart sound. They can be diagnosed

as early diastolic (aortic regurgitation or pulmonary regurgitation) or mid-diastolic (mitral

stenosis or tricuspid stenosis) [130, 69, 59, 111]. Figure 2.3 shows the patterns of diastolic

murmurs.

Aortic regurgitation results due to the incompetence of the aortic valve allowing

reverse blood flow from the aorta into the left ventricle while pulmonary regurgitation causes

backflow of blood from the pulmonary artery to the right ventricle. These murmurs are

difficult to distinguish.

Mitral and tricuspid stenosis are similar to aortic and pulmonary stenosis. The mitral

valve and tricuspid valve become calcified and do not allow proper blood flow into left and

11



(a) Aortic

regurgita-

tion

(b) Pul-

monary

regurgita-

tion

(c) Mitral stenosis

Figure 2.3. Patterns of diastolic murmurs. Abbreviations: S1 = first heart

sound, S2 = second heart sound, M1 = mitral component, T1 = tricuspid com-

ponent, A2 = aortic component, P2 = pulmonic component. Blue indicates

heart sounds. Red indicates murmurs.

right ventricle respectively. Thus, turbulence ensues, and murmurs are heard. This murmur

has a decrescendo-crescendo pattern.

2.3.3. Continuous Murmur

Patent ductus arteriosus as shown in Figure 2.4 is a continuous murmur that is heard

throughout systole and diastole. Often the second heart sound is difficult to detect. This

murmur is a heart defect wherein the blood vessel connecting the pulmonary artery and

aorta does not close in a couple of days after birth, leading to abnormal blood flow in two

major blood vessels.

2.4. Heart Sounds Diagnosis Tests

Heart sounds are diagnosed using several methods such as cardiac auscultation, elec-

trocardiography, phonocardiography, and cardiac imaging.

Cardiac auscultation is the act of listening to heart sounds, usually using a stetho-

scope. The stethoscope is the primary tool used by medical practitioners and emergency

responders. It is used as the first stage of cardiovascular evaluation in health care. However,
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Figure 2.4. Murmur pattern of patent ductus arteriosus. Abbreviations: S1

= first heart sound, S2 = second heart sound, M1 = mitral component, T1

= tricuspid component, A2 = aortic component, P2 = pulmonic component.

Blue indicates heart sounds. Red indicates murmurs.

this method does not provide a medical record. Besides, the interpretation of heart sounds

is subjective and depends on the skills of the health professional.

Phonocardiography is a graphic recording of heart sounds. It captures sub-audible

heart sounds in contrast to stethoscope detection where the listener might reject artifacts

such as amplifier hums and muscle sounds that might appear as valid vibrations [120]. Yet,

phonocardiography has been retarded due to major advances in medical technologies.

Electrocardiography is a test used to assess the electrical activity of the heart. Its a

noninvasive method where the electrodes are placed on the body and the recordings of each

heartbeat and its rhythm are produced.

Echocardiography is an ultrasound test that takes cardiac images using sound waves.

A trained sonographer uses a probe and moves it over the chest area to collect images of

the heart. The pictures will show the size and the shape of the heart, along with the heart

chambers and the valves.

2.5. Auscultation Area

There are four auscultation areas to listen to heart sounds: aortic area (upper right

sternal border), pulmonic area (upper left sternal border), tricuspid area (lower left ster-

nal border), and mitral area (apex) [69]. Figure 2.5 shows the areas of the chest where

auscultation is performed. Table 2.1 shows the list of heart sounds heard in each area.
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Figure 2.5. The four auscultation sites. Picture by Guyton and Hall.

Table 2.1. List of heart sounds best heard in each auscultation area.

Aortic Flow murmur, aortic stenosis

Pulmonic Pulmonary stenosis, atrial septal defect, pulmonary regurgitation, patent ductus

arteriosus, S2 split

Tricuspid Tricuspid regurgitation, ventricular septal defect, aortic regurgitation, tricuspid

stenosis

Mitral Mitral regurgitation, mitral valve prolapse, mitral stenosis
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CHAPTER 3

SPLITS IN HEART SOUND

This chapter describes the process of identification and automatic measure of the

split in first and second heart sounds. Signal processing technique such as discrete wavelet

transform and continuous wavelet transform are used to identify the valve components in

the heart sound signals. The locations of these components in the signals determine the split

interval.

3.1. Introduction

As explained in Chapter 2, the first heart sound (S1) is produced by the closure of the

mitral valve (M1) followed by the tricuspid valve (T1). The normal M1-T1 split heard over

the tricuspid area widens when electrical activation and contraction of the right ventricle are

delayed. Such a delay causes delayed T1 closure known as split [70, 99, 113, 48]. The M1-T1

interval is normally separated by 20 to 30 milliseconds. Wide splitting of the first heart

sound is considered abnormal. This finding is associated with complete right bundle block,

atrial septal defect, Ebstein’s anomaly, ventricular ectopic beats, ventricular tachycardia,

and tricuspid stenosis [48, 130].

Similarly, the second heart sound (S2) is created by the closure of the aortic valve

(A2) followed by pulmonic valve (P2). This action introduces a time delay also known as

split. S2 splitting is best identified during inspiration over Erbs point, which is slightly

below the pulmonic area. If the A2-P2 time interval exceeds 30 milliseconds, it is considered

as a pathological case. S2 split can be categorized as follows: normal splitting, persistent

splitting, wide fixed splitting, and paradoxical splitting [48, 130].

Normal splitting or physiological splitting occurs in normal individuals during deep

inhalation. The split occurs due to delayed closure of P2. This interval narrows during

Thiyagaraja, Shanti R., Jagannadh Vempati, Ram Dantu, Tom Sarma, and Siva Dantu. “Smart phone mon-
itoring of second heart sound split.” In 2014 36th Annual International Conference of the IEEE Engineering
in Medicine and Biology Society, pp. 2181-2184. IEEE, 2014.
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expiration where only a single sound is heard. This is considered as a normal case. Persistent

splitting occurs when A2 and P2 can be heard as two sounds. The splitting is audible during

inhalation and expiration caused by the early closure of A2 or delayed closure of P2 with a

significant variation in the time interval. Common pathological cases of this kind of splitting

are right bundle branch block, left ventricular ectopic or paced beats, and chronic pulmonary

hypertension. In wide-fixed splitting, A2-P2 interval remains the same during inspiration

and expiration with a prolonged split. A classic pathological case of this type is atrial septal

defects, ventricular septal defects, and pulmonary stenosis. Paradoxical splitting occurs when

there is delayed closure of A2, where the closure of P2 precedes A2. The most common cases

of this reverse S2 split is left bundle branch block and hypertrophic cardiomyopathy. It also

may occur during the first few days after an acute myocardial infarction or secondary to

severe left ventricular dysfunction.

3.2. Related Work

Initially, the split in heart sound is detected using auscultation method. As the

split interval is very small, ranging in milliseconds, the detection is based on subjective

hearing, phonocardiograph, and electrocardiograph [71, 81, 80, 65, 34, 106]. The analysis of

the signal is dependent on the interpretation of a medical practitioner. However, the time

interval between the splits was inconclusive. The phonocardiograph and electrocardiograph

only give a relative split time. It is difficult to quantify the heart sound properties, especially

when the split is in milliseconds. Hence, effective methods such as a digital signal processing

tool are required to obtain a reliable diagnosis of the heart sound.

The wavelet transforms have frequently been used to extract features from heart

sounds. The wavelet transform is a technique that provides time-frequency representation

by decomposing a signal. This technique is proven to be capable of analyzing the heart

sounds [72, 50, 54]. Furthermore, the wavelet transform performs more accurately than

other techniques such as short-time Fourier transform and Wigner distribution in detecting

the components in S1 and S2. [86, 100].

Based on the previous studies, the analysis of the heart sound cannot be performed
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outside the hospital environment. Yet, monitoring heart disorder is essential for an indi-

vidual. Continuous monitoring and analysis can provide a documentation of the cardiac

events and improve health management. Prior attempts have been made to make portable

devices to measure heart sounds. For example, Mendoza et al. [96] and Zhongwei et al. [74]

proposed in-home monitoring of heart sounds. A wearable, battery-free tag monitor was

developed by Mandal et al. as a low-cost device to monitor heart sounds [90].

This chapter proposes a mobile phone based S1 and S2 analysis for split detection and

monitoring with a low-cost, customized microphone attached to a stethoscope. The detection

consists of three phases. The first phase involves the recording of heart sounds using the

customized stethoscope, which is discussed in Chapter 4. The second phase comprises of

processing the audio signal using wavelet transforms and identifying all four components of

the heart sound: aortic, pulmonic, mitral, and tricuspid. The third phase is to calculate the

interval between the two components of each heart sound.

3.3. Wavelet Transforms

3.3.1. Continuous Wavelet Transform

In mathematics, a continuous wavelet transform (CWT) is used to divide a continuous-

time function into wavelets. Unlike Fourier transform, the CWT possesses the ability to con-

struct a time-frequency representation of a signal that offers very good time and frequency

localization [118, 31]. CWT was developed as an alternative approach to the short time

Fourier transform to overcome the resolution problem [10]. It returns coefficients that are a

measure of the similarity between the wavelet at a particular scale and time point and the

signal at that instance. CWT compares the signal to shifted and scaling (compressing) or

dilation (stretching) of the wavelet. CWT is defined as:

(1) CWTs(a, b) =
1√
a

∫ ∞
−∞

s(t)ψ ∗
(
t− b
a

)
dt

Where

a is the scale parameter, a>0

b is the translation parameter

17



∗ denotes the complex conjugate

ψ is the transforming function called the mother wavelet

s(t) is the signal

The scale parameter is used to scale (compress) or dilate (stretch) a signal. Large scales are

used to dilate signals, and small scales are used to compress signals. Large scales correspond

to the information contained in the entire signal such as low frequency data, whereas small

scales correspond to detailed information in a short pan of the signal such as high frequency

data (short bursts, spikes, and noise).

Wavelet means a small wave or a ripple. The mother wavelet is known as the prototype

function — small oscillatory windowed function that provides a source function to generate

the daughter wavelets, which are the translated and scaled versions of the mother wavelet.

The translation parameter is related to the location of the window, as the window is shifted

through the signal.

3.3.2. Discrete Wavelet Transform

Computation of wavelet coefficients at every possible scale is a large amount of work.

It also generates a lot of data that requires a significant amount of computation time and

resources for analysis [10]. Hence, discrete wavelet transform (DWT) is introduced. DWT

is a discrete analysis that provides sufficient information with a significant reduction in

the computation time. The DWT of a signal S[n] is calculated by filtering the signal with

high-pass and low-pass filters, followed by subsampling by 2 [118, 31, 10].

The procedure starts with feeding S[n] into half band low-pass filter. For instance,

a 8 kHz sampled signal will have all the frequencies above 4 kHz removed. The signal that

contains the lower 4 kHz is then subsampled by 2, reducing the amount of data by half.

This causes the redundant data to be removed as well. The output of this subsample is

known as approximation coefficients. Similarly, the signal containing higher 4 kHz frequency

is subsampled by 2. This output is known as detail coefficients.

The approximation coefficients can be fed into 2 kHz half band low-pass filter again

to reduce the data further. This iterative process of DWT as shown in Figure 3.1 is called
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Figure 3.1. Multilevel wavelet decomposition tree of three levels

multilevel wavelet decomposition to increase the frequency resolution further.

Once a certain low frequency is achieved, the approximation coefficients can be recon-

structed to its original scale by up-sampling. The signal will now contain only low frequency

data with all the high frequency data such as noise artifacts removed.

3.3.3. Algorithm

An automated program of measuring the split in heart sound was developed on MAT-

LAB platform. Later the program was translated to Java to run on an Android platform.

This will be further discussed in Chapter 6. The flow chart of the automation is displayed

in Figure 3.2.

A cardiac cycle as plotted in Figure 3.3 contains a pair of heart sounds known as first
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Figure 3.2. Flow chart of identification and automatic measure of the split

in first and second heart sounds

(S1) and second (S2) heart sounds. The process of identifying these two sounds is explained

in Chapter 4. Once identified, these two signals are fed into the algorithm separately to

analyze the split interval. First, the S1 signal is processed followed by S2.

20



Figure 3.3. A normal cardiac cycle containing first (S1) and second (S2)

heart sound

3.4. Localization of Components in First and Second Heart Sounds

The signals used for processing are sampled at 8 kHz. S1 and S2 has a frequency

range of 40 Hz to 250 Hz. Hence, a 5 level wavelet decomposition is applied on the signals.

The final approximation coefficients obtained from the final level of decomposition will be

in the range of 0 Hz to 250 Hz.

Figure 3.4 is an example of a cardiac signal with an S2 split. The cardiac signal is

separated into S1 with length of 1,889 samples and S2 with 4,155 samples. Figures 3.5 and

3.6 display the wavelet decomposition of S1 and S2 in Figure 3.4 respectively. After each

level of decomposition, the signals are subsampled to half. The right half plots of Figures

3.5 and 3.6 represent the high-frequency variations of the cardiac signal while the left half

represent the low-frequency.

The approximation coefficients in Figure 3.5i and 3.6i are then reconstructed to 8

kHz to obtain the original length of the signal. The reconstruction is plotted in Figure 3.7.

Next, CWT is applied to the reconstructed signal with a scale parameter of 1 to 500.

Figure 3.8 and Figure 3.9 plot the scalogram of the CWT coefficient in two-dimensional and

three-dimensional respectively. The plots are colored from dark blue to yellow. This range

21



Figure 3.4. An abnormal cardiac cycle containing normal first heart sound

(S1) and split second heart sound (S2).

of colors indicates the percentage of energy that exists in each wavelet coefficients. Dark

blue and yellow represent the low and high percentage of energy respectively.

Components in S1 split involve the movement of mitral (M1) and tricuspid (T1)

valves. Similarly, the components in the S2 split are aortic (A2) and pulmonic (P2) valves.

These movements create a high amount of energy. Thus, the signals covered with yellow

contours in Figure 3.8 indicate these components.

As the left ventricle contracts first, the M1 component will occur before T1. In the

meantime, since the aortic pressure is superior to the pulmonary pressure, A2 contains higher

energy than P2. Taking the cross section of the three-dimensional graph in Figure 3.9, Figure

3.10 is produced. For the S1 signal in Figure 3.7a, M1 is located at sample 899 and T1 at

sample 990. For the S2 signal in Figure 3.7b, A2 is located at sample 1346 and P2 at sample

1859.

3.5. Split Calculation

Once the two components of each heart sound are detected, the time interval between

them is calculated using the following equations:
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Figure 3.5. Multilevel wavelet decomposition of S1 in Fig. 3.4. The x-axes

are samples and y-axes are audio amplitude: (a) approximation coefficients

after level 1; (b) detail coefficients after level 1; (c) approximation coefficients

after level 2; (d) detail coefficients after level 2; (e) approximation coefficients

after level 3; (f) detail coefficients after level 3; (g) approximation coefficients

after level 4; (h) detail coefficients after level 4; (i) approximation coefficients

after level 5; (j) detail coefficients after level 5;
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Figure 3.6. Multilevel wavelet decomposition of S2 in Fig. 3.4. The x-axes

are samples and y-axes are audio amplitude: (a) approximation coefficients

after level 1; (b) detail coefficients after level 1; (c) approximation coefficients

after level 2; (d) detail coefficients after level 2; (e) approximation coefficients

after level 3; (f) detail coefficients after level 3; (g) approximation coefficients

after level 4; (h) detail coefficients after level 4; (i) approximation coefficients

after level 5; (j) detail coefficients after level 5;
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Figure 3.7. Reconstruction of approximation coefficients to the original sam-

ple length. The x-axes are samples and y-axes are audio amplitude: (a) Recon-

structed S1 signal from Figure 3.5i; (b) Reconstructed S2 signal from Figure

3.6i

(2) S1split =

∣∣∣∣Location of T1− Location of M1

sampling frequency

∣∣∣∣

(3) S2split =

∣∣∣∣Location of P2− Location of A2

sampling frequency

∣∣∣∣
Since the locations of the components are in samples, the difference in the number of

samples has to be divided by the sampling frequency of the audio signal to obtain the split

in terms of seconds.

Based on Figure 3.10, the time delay between M1 and T1 for the cardiac signal in

Figure 3.4 is 11 milliseconds. Thus, the cardiac signal has a normal S1. However, the
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Figure 3.8. Contour plot (two-dimensional) of continuous wavelet transform

coefficients obtained from Figure 3.7. The color bar indicates the percentage

of energy for each wavelet coefficient. The x-axes are samples and y-axes are

scales: (a) S1; (b) S2

time delay between A2 and P2 is 64 milliseconds, which is more than 30 milliseconds. This

concludes that the S2 has a split.
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Figure 3.9. Three-dimensional plot of the continuous wavelet transform co-

efficients obtained from Figure 3.7. The color bar indicates the percentage of

energy for each wavelet coefficient. The x-axes are samples, y-axes are scales,

and z-axes are the coefficients: (a) S1; (b) S2
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Figure 3.10. Cross section of the signal in Figure 3.9. The x-axes are samples

and y-axes are percentage of energy: (a) S1 with M1 (located at 899) and T1

(located at 990); (b) S2 with A2 (located at 1346) and P2 (located at 1859)

3.6. Results

This automated technique is tested with 15 healthy subjects comprising of both males

and females between the ages of 21 and 28 years. 28 abnormal heart sounds obtained from

online databases [11, 12, 13, 14, 15] were also tested. Table 3.1 lists the type of signals used

for validating the automation. Table 3.2 contains part of the results analyzed from these

cardiac signals. One subject from each type of the cardiac signals is tabulated.

28



Table 3.1. Types of cardiac signals used for the automated measuring of split

Types of Cardiac Signals No of cardiac signals Contains split?

Normal 15 No

S1 split 2 Yes, S1

S2 split during inspiration 2 Yes, S2

S2 split with persistent splitting 3 Yes, S2

Wide S2 split 3 Yes, S2

Paradoxical S2 split 2 Yes, S2

S1 split and S2 split 1 Yes, S1 and S2

Atrial septal defect 3 Yes, S2

Ventricular septal defect 3 Yes, S2

Mitral stenosis 3 No

Pulmonary stenosis 3 Yes, S2

Arotic stenosis 3 No

A small experiment is also conducted with subjects taking deep breaths to produce

splits in the second heart sounds. The subjects were instructed to take a deep inspiration

for 10 seconds while the heart sounds were being recorded. Each second heart sound in the

recording is measured for the split interval. Figure 3.11 plots three readings obtained from

a single subject. 14 samples of S2 (yields from 10 seconds of recording) taken from each

reading. Most of the S2 have a split interval above 40 ms from the 6th samples. These

proves that during deep inhalation, the S2 splits are generated from the middle to end of

the inhalation.

3.7. Conclusion

In this chapter, the methodology and the signal processing techniques used to detect

splits in first and second heart sounds have been presented. The main contribution of this

chapter is to identify the four valves in a heart sound and measuring the split interval.

Heart sound signals have a range of frequency and transients as time progresses. Hence,
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Table 3.2. Calculated split intervals of a selected cardiac signals in Table 3.1

Cardiac signal S1 split Interval (ms) S2 split Interval Split detected?

Normal 5.33 3.26 No

S1 split 45.02 5.77 Yes, S1

S2 split during inspiration 9.68 34.94 Yes, S2

S2 split with persistent splitting 20.52 53.43 Yes, S2

Wide S2 split 7.22 128.19 Yes, S2

Paradoxical S2 split 10.50 66.48 Yes, S2

S1 split and S2 split 45.36 70.25 Yes, S1 and S2

Atrial septal defect 18.63 95.3 Yes , S2

Ventricular septal defect 4.13 86.5 Yes, S2

Mitral stenosis 6.74 2.99 No

Pulmonary stenosis 6.38 44.18 Yes, S2

Aortic stenosis 8.6 3.15 No

the wavelet transform technique is a suitable algorithm to identify the heart components

(aortic, pulmonic, mitral and tricuspid valves) and extract the energy levels in the heart

sounds. Discrete wavelet transform (DWT) and continuous wavelet transform (CWT) are

the two wavelet transforms used to process the heart sounds. DWT helps to down sample

the data and remove redundant information. This technique also reduces the amount of

data, yet provides the same signal resolution that needs to be further processed. CWT helps

to identify the valve components in the heart sound and calculate the percentage of energy

level in the signal.

The methodology described in this chapter is implemented on MATLAB platform.

MATLAB was used as an initial tool to study and analyze the split intervals. Once the

methodology is refined and tested on varieties of heart sounds, the algorithm is translated into

java code to be deployed on Android platform. Further data were collected and tested with
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Figure 3.11. Split intervals measured from a deep inhalation for 10 seconds.

Each sample represents a second heart sound. This graph represents three

readings taken from a single subject.

an Android smart phone and the results will be discussed in Chapter 6. This methodology

has proven to provide the split interval in milliseconds, which is impossible to determine by

auscultation or visualization. Hence, the measurement of the time interval between valve

components will help to identify a pathological case and diagnosis in an automated manner.
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CHAPTER 4

SIGNAL PREPROCESSING

The focus of this chapter is to have a mobile application that is low cost, portable,

and able to process heart sounds locally in the phone system without the help of an external

computer. An electronic stethoscope provides portability and a microprocessor with an in-

built signal processing tool. However, this design comes with a high cost. Smart phones

are known to be limited in terms of memory, power, and processor. The goal is to design

an algorithm to preprocess the heart sound signals using a low cost stethoscope and limited

resources, but still able to do the job of an electronic stethoscope.

4.1. Introduction

A traditional stethoscope contains a chest piece (diaphragm and bell), hollow tube,

ear tubes, and ear plugs. A medical practitioner places the ear plugs in his ear, the chest

piece on the patients chest to hear for heart and lung sounds. Based on the judgement and

the knowledge of the practitioner, he diagnoses the sounds as normal or abnormal. This kind

of diagnosis is subjective and based on the listening skills of the practitioner. The human

ear tends to mask the low frequency sound if a high frequency data exists. An electronic

stethoscope overcomes this issue.

An electronic stethoscope has the same parts as a traditional one with additional parts

such as microprocessor and battery. The microprocessor electronically filters and amplifies

the body sound. The processor translates the frequencies outside the auditory range of a

human ear into sound within the auditory range. By doing so, the frequency range that falls

outside of the heart sound frequency range are attenuated, simultaneously amplifying the

mid-range frequencies.

Most of the electronic stethoscopes are wireless. They able to transmit the recorded

signals via Bluetooth to a computer and provide a visual and audio output. These stetho-

scopes are used with computer-aided software, which stores the recorded sounds, filters it,

and visualizes a graphical representation of the signal.
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The current available electronic stethoscopes in the market are Welch-Allyn Elite

stethoscope [16], Jabes electronic stethoscope [17], 3M Littmann electronic stethoscope [18],

Thinklabs One digital stethoscope [7], and Eko Core digital stethoscope [5]. The latter three

stethoscopes come with a computer software that enables the user to record, view, share,

and save heart sounds. Eko Core and Thinklabs are the only digital stethoscopes to work

with a smart phone application. Although digital stethoscopes can work with computers

and smart phones, the current computer and smart phone technology do not analyze and

determine the type of heart sound. They still require a medical doctor to diagnose the sound.

Furthermore, these electronic stethoscopes are costly, ranging from $199 – $499. The goal of

this chapter is to develop a smart phone application that is low cost and able to preprocess

the heart sounds locally in the phone system without the help of an external resource. The

identification of the heart sounds will be discussed in the next chapter.

4.2. Related Work

The characteristics of the heart sounds such as location of murmurs, location of

valve components, frequency content, and time interval can be identified by digital signal

processing techniques. The most common techniques used in processing biomedical signals

are fast Fourier transform (FFT), wavelet transforms, and short-time Fourier transform

(STFT) as mentioned in the previous chapter. To amplify heart sounds’ frequency range

and attenuating the noise artifacts requires techniques that are able to analyze the signal in

both time and frequency domains.

In early years, FFT was the first technique used for analysis of heart sound [140, 139]

as Fourier transform represents the distribution of signal strength with frequency. Later,

STFT was invented to represent the distribution of frequency along the time domain. Many

STFT-based comparative studies were published. El-Segaier et al.[56] developed a digital

algorithm using STFT to analyze first and second heart sounds and characterize the systolic

murmur. Djebbari et al. [52] analyzed phonocardiogram signals using STFT to measure

cardiac cycle durations and characterize each heart sound’s spectral frequency.

Wavelet transforms were also used to study the heart sound’s behavior. This signal
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processing technique was used to extract feature vectors to categorize heart sounds [32] and

de-noising the signals [45]. The technique was also used to decompose and reconstruct the

signal using only the most relevant frequency range [87].

All these studies use a complex mathematical model to identify the heart sound

frequency. These require a higher processor such as a computer to execute the computation.

Hence, these techniques are initially used to study and understand the heart sound. Once

the frequency range is determined, a simple filter can be designed to eliminate the unwanted

data. Some researchers had implemented low pass filter to remove frequencies above 800

Hz [141] for heart sounds and bandpass filter in the range of 35 Hz to 200 Hz for fetal

phonocardiography [126].

4.3. Setup of Smart Phone for Recording Heart Sound

The heart sounds are obtained using a customized external microphone connected to

a smart phone. The design of the external microphone consists of an acoustic stethoscope

diaphragm, hollow tube, 3.5mm mini-plug condenser microphone with frequency response

50-18,000Hz and a 3.5mm microphone adapter for mobile phones. The diaphragm of the

stethoscope and the hollow tube is attached to the microphone and the microphone is at-

tached to the adapter. This setup has been previously used in several research works [43, 123].

The setup is shown in Figure 4.1 [77], which acts as a sensor to record heart sounds.

4.4. Detection of First and Second Heart Sound

The diaphragm of the stethoscope is placed on any one of the four auscultation areas

discussed in Chapter 2 to record the heart sounds. The recorded audio is then converted into

frequency domain using FFT algorithm. Next, the first (S1) and second (S2) heart sounds

are identified. The algorithm of the detection of S1 and S2 is shown in Figure 4.2.

The audio recorder is developed using the Android media library [19]. The recorder

provides an interface to the Android smart phone’s microphone. The recorder first initializes

an audio buffer to fill the audio data by chunks. The audio buffer is configured to mono

channel while the audio data is formatted to 8 kHz sample rate and pulse-code modulation
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Figure 4.1. Smart phone setup with a customized external microphone. Pic-

ture by Srikanth Jonnada.

Figure 4.2. The algorithm of first and second heart sound detection.

(PCM) of 16 bits per sample. Next, the recorder polls the audio data from the microphone

sensor.

The FFT takes the raw PCM data and computes the discrete Fourier transform. The

transformation of this time to frequency domain is performed on multiple small segments of

PCM data as the computation will be faster on small amounts of data.
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In the peak detection module, since S1 and S2 are in the range of 40 Hz to 200 Hz,

the S1 and S2 peak can be easily detected.

4.5. Noise Reduction and Signal Amplification

Recorded data may also contain noise artifacts. It is important to remove these type

of frequency data in order to retain the information on S1, S2, and murmurs. As explained in

Chapter 2, each type of heart sound falls in a certain range of frequencies. So, it is important

to study the properties of the heart sounds that are intended to be processed.

Two techniques were used to study 14 types of cardiac sounds. The types of heart

sounds analyzed are normal heart sound, aortic regurgitation, aortic stenosis, atrial septal

defect, mitral regurgitation, mitral stenosis, mitral valve prolapse, patent ductus arteriosus,

pulmonary regurgitation, pulmonary stenosis, tricuspid regurgitation, tricuspid stenosis and

ventral septal defect. An example of these heart sounds is shown in Figure 4.3.

The first technique is FFT, which was used previously to detect the peaks (S1 and

S2) in the heart sounds. As previously stated, FFT is based on discrete Fourier transform,

frequency representation of a time domain signal [112, 88]. The mathematical definition

Fourier transform is:

(4) X(f) =

∫
x(t) exp−jπft dt

Where f is the frequency parameter and t is the time parameter. x(t) is the signal in time

domain. The frequency domain of the 14 cardiac sounds is displayed in Figure 4.4.

The second technique used to study the cardiac signal is short time Fourier Transform

(STFT), defined as:

(5) X(τ, ω) =

∫ ∞
−∞

x(t)ω(t− τ) expjwt dt

Where

s(t) is the signal

X(ω) is its STFT
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(a) Normal heart sound (b) Aortic regurgitation

(c) Pulmonary regurgitation (d) Aortic stenosis

(e) Pulmonary stenosis (f) Atrial septal defect
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(g) Ventricular septal defect (h) Mitral regurgitation

(i) Tricuspid regurgitation (j) Mitral stenosis

(k) Tricuspid stenosis (l) Mitral valve prolapse
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(m) Patent ductus arteriosus (n) Flow murmur

Figure 4.3. 14 types of cardiac signal used for the study of heart sound

characteristics

ω(t- τ) is a window function centered around τ in time

STFT is a sequence of Fourier transforms of a windowed signal. STFT provides time-

localized frequency information for situations in which frequency components of a signal vary

over time [41, 135]. The window function shifts in time, as the window captures the features

of the signal s(t) around the time location defined by τ . There is a trade-off between time

and frequency resolution in STFT. If a window is wide, better resolution occurs in frequency

domain while time domain will have poor resolution, and vice versa. STFT is normally

visualized using a spectrogram, a graph which shows the change of power intensity over time

and frequency. Figure 4.5 illustrates the spectrogram of the 14 types of cardiac signal.

Based on the illustration in Figure 4.4 and Figure 4.5, the frequency range of each

type of cardiac signal can be summarized in Table 4.1. Most of the frequency range overlap

with each other. This gives an advantage of setting one threshold value to eliminate high

frequency, redundant data without compromising every heart sound’s frequency content.

The overlapping of frequency is shown in Figure 4.6.

One effective and simple way to retain the low frequency data is to use a filter.
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(a) Normal heart sound (b) Aortic regurgitation

(c) Pulmonary regurgitation (d) Aortic stenosis

(e) Pulmonary stenosis (f) Atrial septal defect
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(g) Ventricular septal defect (h) Mitral regurgitation

(i) Tricuspid regurgitation (j) Mitral stenosis

(k) Tricuspid stenosis (l) Mitral valve prolapse
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(m) Patent ductus arteriosus (n) Flow murmur

Figure 4.4. Frequency spectrum of 14 types of cardiac signal

Table 4.1. Summary of frequency range for each type of cardiac signal con-

cluded using fast Fourier transform and short time Fourier transform

Cardiac Signal Minimum Frequency (Hz) Maximum Frequency

First heart sound 100 200

Second heart sound 50 250

Aortic regurgitation 60 380

Pulmonary regurgitation 90 150

Aortic stenosis 100 450

Pulmonary stenosis 150 400

Atrial septal defect 60 200

Ventricular septal defect 50 180

Mitral regurgitation 60 400

Tricuspid stenosis 90 400

Mitral valve prolapse 45 90

Patent ductus arteriosus 90 140

Flow murmur 85 300
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(a) Normal heart sound (b) Aortic regurgitation

(c) Pulmonary regurgitation (d) Aortic stenosis

(e) Pulmonary stenosis (f) Atrial septal defect
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(g) Ventricular septal defect (h) Mitral regurgitation

(i) Tricuspid regurgitation (j) Mitral stenosis

(k) Tricuspid stenosis (l) Mitral valve prolapse
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(m) Patent ductus arteriosus (n) Flow murmur

Figure 4.5. Frequency spectrum of 14 types of cardiac signal

Filtering is a process that cuts off unwanted data from a signal. The unwanted data here

means in the form of high frequency components. By filtering this redundant data that is

not related to heart sound, noise artifacts such as spikes and bursts in the signal can be

removed or reduced. A filter technically should not add new frequencies to the input signal,

nor it should change the frequency components of that signal, but it will change the relative

amplitudes of the various frequency components and/or their phase relationships. Zhang et

al. [108] had used a Butterworth low pass filter in their work to limit the frequency of the

recorded signal.

The Butterworth filter is designed to have a maximum flat frequency response with

no possible ripples in the pass-band and zero roll off response in the stop-band [136, 117].

Butterworth filters are mostly used as anti-aliasing filter in data converter applications, audio

applications, and digital filters for motion analysis. They are fast and simple to use. The

generalized equation for the frequency response for representing a “nth” order Butterworth

filter is given as:
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Figure 4.6. The frequency range of each type of cardiac signal. The fre-

quencies overlapping each other indicating the overall heart sounds fall in the

range of 45 Hz – 450 Hz.

(6) Hjω =
1√

1 + ε2
(
ω
ωp

)2n
Where

n represents the filter order

ω is equal to 2πf
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Figure 4.7. Butterworth low pass filter with different filter orders. Picture

by Wayne Storr.

ωp is the cutoff frequency

ε is the maximum pass band gain

The ideal frequency response, referred to as a “brick wall” filter, and the standard

Butterworth approximations, for different filter orders are given in Figure 4.7 [20]. Higher

order of Butterworth filters will have more numbers of cascaded stages to become the ideal

“brick wall” response. However, the ideal frequency response is unattainable in real time as

it produces excessive passband ripple.

A low pass Butterworth filter with cutoff at 450 Hz is designed to attenuate audio

signals with frequency higher than 450 Hz. Figure 4.8 shows an example of a normal heart

sound and its filtered signal. The signal is recorded with the user being still and quiet and

breathing normally. The cyan colored signal is the heart sound recorded using the setup

described in Figure 4.2. The red signal is the filtered signal. Another example is displayed

in Figure 4.9. The plotted signal is recorded with the user creating small movements such

as moving the chest and arms. This example shows that the noise artifact is removed and

the original signal is smoothened.

47



Figure 4.8. Normal heart sound recorded using the customized external mi-

crophone and the corresponding filtered signal using a Butterworth filter with

cutoff frequency of 450 Hz.

Figure 4.9. Normal heart sound recorded with the user creating noise arti-

fact such as moving his chest and arms and the corresponding filtered signal

using a Butterworth filter with cutoff frequency of 450 Hz.

Some electronic stethoscope software has an additional feature such as playback of

the recorded heart sounds. The recorded signals are preprocessed and amplified so that the

user can hear a clean and louder heart sound. This feature is also implemented in the smart

phone application.

As mentioned previously, the audio data recorded using the smart phone is encoded
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with PCM 16 bits. So, each data point in the audio has an integer value. When this data

is fed into the low pass filter, the output data will contain floating point values due to the

frequency response computation. Moreover, each recorded signal has a different amplitude

range. The filtered signal in Figure 4.8 has an amplitude range of -144.9 to 43.74 while the

filtered signal in Figure 4.9 has an amplitude range of -60.36 to -15.41. Thus, it is necessary

to equalize among all the recorded signals to have the same amplitude range and generate

the same quality of audio playback.

First, the signal is amplified using the following equation:

(7) X(t) =
x(t)− µ

σ

Where

x(t) is the filtered signal

µ is the mean of the filtered signal

σ is the standard deviation of the filtered signal

Next, the amplified signal is normalized to have an amplitude range of 0 to 1.0 using

the following equation:

(8) s(t) =
X(t)−min

[
X(t)

]
max

[
X(t)−min

[
X(t)

]]
The Android media library [4] has an audio application program interface for audio

playback. It allows the streaming of PCM audio buffers to the audio sink (smart phones

speaker). However, if the data is formatted in floating points, the amplitude range has

to be from -1.0 to 1.0. Therefore, the normalization of audio data solves this issue. This

normalized signal will be used as audio playback, visualization on the smart phone screen,

and heart sound classification. Figure 4.10 summarizes the overall flow of the heart sound

preprocessing. It is a continuation of Figure 4.2.
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Figure 4.10. The preprocessing of a heart sound.

4.6. Conclusion

Smart phone has limited resources: processor, power, and memory. A standalone

smart phone application requires a fast and minimal yet effective signal processing tech-

nique to preprocess the heart sounds. In this chapter, a low-cost setup has been used. The

electronic stethoscope is replaced with a low-cost external microphone. A traditional stetho-

scope is modified and used to collect heart sounds, which is easily available in any pharmacy.

The microprocessor of the electronic stethoscope is replaced with the smart phone processor,

which acts as a filter and amplifier to enhance the heart sound signals.

At first, two digital signal processing techniques are used to study the heart sounds’

frequencies, resolutions, and intensities extensively. The two techniques are fast Fourier

transform (FFT) and short time Fourier transform (STFT). FFT is a frequency representa-

tion of a time domain signal. It provides a range of frequencies with the dominant frequencies

having a higher magnitude in FFT scale. STFT provides a time-localized frequency informa-
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tion for situations in which frequency components of a signal vary over time. This technique

visualizes the intensity level of the heart sounds at a particular time. Through these digital

processing techniques, a Butterworth low pass filter with a cutoff at 450 Hz is found suitable

to filter the heart sounds.

The filtered signal is then normalized to an amplitude range of 0 – 1. This normal-

ization is needed to equalize the amplitudes of all the heart sounds and provide a quality

audio playback and a fair classification result.
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CHAPTER 5

CLASSIFICATION OF HEART SOUNDS

This chapter presents a classification model to identify the cardiac sounds prepro-

cessed in the previous chapter. This chapter is the most essential part of the dissertation.

There are a variety of abnormal heart sounds. Although the classification model does not

cover all types, but the pathological cases described in Chapter 2 will be covered. This chap-

ter will discuss the techniques used to build the classification model and the performance

analysis done to justify this model as an initial diagnosis via smart phone.

5.1. Introduction

US Department of Health and Human Services had reported that 27.6 million adults

were diagnosed with heart disease by 2014 [29] and it is the first leading cause of death

according to the national vital statistics reports [28]. Early detection of heart disease is

essential to determine the type of treatments to be given to the patients. An early detection

can save lives and caution an individual. However, many individuals do not realize the illness

untill they pay a visit to the clinics or the hospitals. National ambulatory medical care survey

stated that the number of visits that patients with heart disease make to physician offices is

12 million, which is less than half the number reported above. There has to be a solution to

let the people know about their health without visiting the hospitals.

Heart murmurs are part of heart disease. Murmurs are generally diagnosed by aus-

cultation. This method is the first screening technique done by the physicians before doing

more medical tests. But, this first screening test requires a professional to identify the exis-

tence and types of murmur. No one goes to a hospital unless there are symptoms of sickness.

So, a tool is required for early detection that can hint and caution an individual about their

heart conditions, which can lead to a hospital checkup.

Apart from auscultation, there are other methods to detect heart murmurs such as

chest X-rays, electrocardiogram (EKG), magnetic resonance imaging (MRI), and computed

tomography (CT) scan. These tools provide more insight and evidence of abnormality than
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the auscultation method, but they are expensive and require specialized technicians to oper-

ate them. Hence these are used as secondary screening tools. For a homecare, rural hospitals

and urban clinics, a simple and economical way is vital.

Certain skills and knowledge are also required to identify heart murmurs. One way to

recognize the heart murmurs in an early stage without the help of a physician is to take the

help of computer-aided software. This chapter proposes a heart sound classification model

for a smart phone.

5.2. Related work

Automation of valvular heart disease diagnostic process started 50 years ago. Gerbarg

et al. [62] proposed an automation technique using a threshold-based method to classify

phonocardiogram (PCG) data. In the later years, classification by using machine learning

tools vastly improved. Artificial neural network (ANN), support vector machine (SVM), and

hidden Markov model (HMM) are the common machine learning tools used for classifying

heart sounds.

ANN was one of the first and widely used approach to classify heart sounds [42].

Turkoglu et al. [125] used wavelet entropy and short time Fourier transform (STFT) to ex-

tract heart sound features and classify them into normal and abnormal cases. Homomorphic

filtering and k-means clustering as feature extraction technique is also used with ANN to

classify heart sounds into normal, systolic murmurs, and diastolic murmurs [68]. ANN was

also used to screen innocent and pathological cases in children [67].

Another method employed is SVM. Wavelet transform is first used to extract the

characteristic extraction of PCG signals then classified as normal, mitral stenosis, or mitral

regurgitation by Wu et al. [137]. Samjin et al. [47] proposed spectral analysis method using

the normalized autoregressive power spectral density curt along with SVM to classify normal

and 6 abnormal cases.

Another notable method is HMM, which has proved to be effective for modelling

heart sounds [55, 114]. The combination of Mel-frequency cepstral coefficient (MFCC) and

53



HMM is more popular in classifying the heart murmurs [44, 143, 132]. This approach was

first used in speech recognition [53, 121, 102].

One of the main issues with the current studies in heart sound classifications is the

data selection. Many studies are able to distinguish the heart sounds between normal and

abnormal cases, or less variety of murmur types. Moreover, the heart sound recordings

used are clean signals (without any noise artifacts). The classification method chosen to be

implemented in this dissertation is a combination of MFCC and HMM. This technique is

chosen due to its simplicity to be implemented in a real time classification and still be able

to extract spectral features of a variety of heart murmurs.

5.3. Types of heart murmurs

A murmur is either systolic, diastolic, or continuous. Systolic murmurs have a turbu-

lent blood flow between the first (S1) and second (S2) heart sound while diastolic murmurs

occur between S2 and S1. All these murmurs are considered as abnormal except for one

– flow murmur. Flow murmur, also known as functional murmur, happens due to minor

turbulence. This murmur can be found in entirely healthy children or adults.

16 types of heart sounds (1 normal heart sound, S1 split, S2 split, and 13 murmurs)

will be used to build and test a classification system in a smart phone. Table 5.1 lists the

type of heart murmurs that will be used. These murmurs are clearly explained in Chapter

2.

5.4. Mel-frequency cepstral coefficient

Mel-frequency cepstral coefficient (MFCC) is highly popular in extracting features

in automatic speech recognition. It is important to identify the components in an audio

signal such as frequency and energy intensity while discarding redundant data such as noise

artifacts. This method was first introduced by Bridle and Brown in 1974 [40].

MFCC is a computation model based on human peripheral auditory system. Mel

scale is a logarithmic scale developed because human perception of frequency contents is not

linear. The plot of Mel scale versus Hertz scale is shown in Figure 5.1 [21]. Since heart
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Table 5.1. List of murmurs used for the classification in this dissertation.

Systolic murmurs Diastolic murmurs Continuous murmur

Aortic stenosis Aortic regurgitation Patent ductus arteriosus

Pulmonic stenosis Pulmonic regurgitation

Mitral regurgitation Mitral stenosis

Tricuspid regurgitation Tricuspid stenosis

Mitral valve prolapse

Atrial septal defect

Ventricular septal defect

Flow murmur

sounds are also heard using human auditory system, MFCC makes the perfect matching

algorithm to extract features of the heart sounds. The frequency transformation from Hertz

(Hz) to Mel is described using the following equation [94]:

(9) Mel = 2595× log10

(
1 +

f

700

)
Where f is in terms of Hz. The steps for MFCC implementation are as follow [22, 23]:

(1) Divide the signal into short frames.

(2) Calculate the fast Fourier transform of each frame.

(3) Apply the Mel scale filtering to obtain Mel-frequency spectrum.

(4) Take the logarithm to map the spectrum onto Mel scale.

(5) Compute the discrete cosine transforms coefficients from the Mel log-amplitudes.

These coefficients are known as the feature vector of a signal. Each frame will produce

a long vector of coefficients. The first coefficient in each vector is dropped as it is the sum of

all the other coefficients in that vector. The next few coefficients are picked as the feature

vector. The higher coefficients represent the fast changes of the signal in one frame. The

number of coefficients picked is dependent on the application. Generally, 8 to 16 coefficients
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Figure 5.1. Mel scale as a function of frequency in Hertz. Uploaded in

Wikipedia by Krishna Vedala. Free license.

are chosen per frame. For example, automated speech recognition uses 12 coefficients per

frame. These resulting coefficients for each frame are called the Mel frequency cepstral

coefficients.

5.5. Hidden Markov Model

A hidden Markov model (HMM) is a Markov process in which the system has hidden

discrete states. The model also has transition probabilities of moving from one state to

another. In this system, a sequence of emissions is observed without knowing the sequence

of the hidden states and one-to-one correspondence between the emission and the hidden

state [60, 144, 57, 109]. HMM is commonly used as pattern recognition or classification tool

such as automatic speech recognition and gesture recognition.

HMM consists of five elements:

S: the number of states

π: the initial state

O: the sequence of observations where O = o1, o2, ..., oT

A: the state transition matrix. A = {aij} where
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(10) aij =
number of transitions from state i to j

number of transitions from state i

B: the observation probability matrix. B = {bj(ot)} where

(11) bj(ot) =
number of times in state j and observe ot

number of times in state j

There are three problems in HMM:

(1) Given a set of observation sequence and HMM parameters (A, B, π), compute the

probability of the sequence. This problem is used in classifying a data.

(2) Given a set of observation sequence and HMM parameters, compute the optimal

state sequences. Mostly used in identifying a grammar in sentence.

(3) Given a set of observation sequence, generate the HMM parameters. This problem

is used in training the HMM.

The second problem is not a concern in this chapter. The concern is to train multiple

HMMs (third problem) and classify a heart sound using these HMMs (first problem).

To classify data, the probability of the observation sequence from each HMM has to

be computed. The model with the highest probability will be considered as the classified

data. Given a sequence O (o1, o2, ..., oT ), the probability of the sequence at time t in state i,

at(i), can be calculated using the forward algorithm [60, 109]:

Initialization (t = 1)

(12) a1(i) = a0i · bi(o1)

Induction (2 ≤ t ≤ T-1)

(13) at+1(j) =

 S∑
i=1

at(i) · aij

 · bj(ot+1)

Termination (t = T)

(14) P (o1...oT ) =
S∑
i=1

aT (i)
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To train a model, the probability of the model has to be maximized by adjusting the

HMM parameters:

(15) argmax
λ

P (O|λ)

Where

O is the set of observation sequences

λ is the HMM parameters: A, B, and π

The forward-backward algorithm is used to compute maximum likelihood estimates for the

HMM parameters. Following is the work flow of the algorithm.

(1) Initialize the HMM parameters, to some values

(2) Compute forward probabilities

(3) Compute backward probabilities

(4) Compute smoothed values

(5) Repeat step 2–4 until the parameters converge.

Computing forward probabilities:

At time t in state i, the probability that the observation has been o1...ot is

(16) at(i) = P (st = i, o1...ot|λ)

which is the probability of seeing the partial sequence o1...ot ending up in state i at time t.

ai(t) can be calculated recursively as:

ai(t) = πibi(o1)(17)

aj(t+ 1) = bj(ot+1)
S∑
i=1

ai(t)aij(18)

Computing backward probabilities:

At time t in state i, the probability that the observation that follows will be ot... is

(19) bt(i) = P (ot+1...oT |st = i, λ)

58



which is the probability of ending partial sequence ot+1...oT starting at state i, at time t.

bi(t) can be calculated as:

bi(T ) = 1(20)

bi(t) =
S∑
j=1

bi(t+ 1)aijbj(ot+1)(21)

Computing smoothed values using a and b:

γi(t) ≡ p(St = i|O, λ) =
ai(t)bi(t)∑S
j=1 aj(t)bj(t)

(22)

εij(t) ≡ p(St = i, St + 1 = j|O, λ) =
ao(t)aijbj(t+ 1)bj(ot + 1)∑S

i=1

∑S
j=1 ai(t)aijbi(t+ 1)bj(ot+1)

(23)

The HMM parameter can be estimated as:

π̄ = γi(1)(24)

āij =

∑T−1
t=1 εij(t)∑T−1
t=1 γi(t)

(25)

b̄i(k) =

∑T
t=1 δOt,okγi(t)∑T

t=1 γi(t)
, σOt,ok = 1 if Ot = ok and 0 otherwise(26)

5.6. Data collection

The heart sounds are collected from several online resources [11, 12, 13, 14, 15] and

CDs with comprehensive collection of heart sounds by Dr. Daniel Mason [95]. Table 5.2

lists the amount of training and test data for each type of heart sounds. The test data

are injected with Gaussian white noise to simulate a real time signal. These test data are

preprocessed first (as in Chapter 4) before being fed into the classification model.

All of these heart sounds are digitally recorded with different sampling rates. There-

fore, the signals are down sampled to 8 kHz and normalized (explained in Chapter 4) first.

The 8 kHz sampling rate is chosen because the live audio recorded from the customized

external microphone described in the previous chapter is sampled at this rate. Next, the

features of the signals are extracted using MFCC. The training data are used in training
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Table 5.2. Heart sound types and the number of training and test data

Heart sounds Training data Test data

Normal (N) 27 26

S1 Split (S1S) 0 6

S2 Split (S2S) 0 10

Aortic stenosis (AS) 23 22

Pulmonic stenosis (PS) 17 16

Mitral regurgitation (MR) 14 14

Tricuspid regurgitation (TR) 11 11

Mitral valve prolapse (MVP) 16 16

Atrial septal defect (ASD) 8 8

Ventricular septal defect (VSD) 7 7

Flow murmur (FM) 5 4

Aortic regurgitation (AR) 16 15

Pulmonic regurgitation (PR) 7 6

Mitral stenosis (MS) 21 19

Tricuspid stenosis (TS) 17 17

Patent ductus arteriosus (PDA) 17 17

Total 206 214

the HMMs with forward-backward algorithm. The flow of the training process is shown in

Figure 5.2.

5.7. Classification model

The proposed classification model is built with 8 HMMs. The 8 models are normal

systolic, midsystolic, late systolic, holosystolic, normal diastolic, early diastolic, mid/late

diastolic, and holodiastolic, where the first four models are systolic murmur models and the

latter four are diastolic murmur models. These models were chosen based on the pattern of
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Figure 5.2. The hidden Markov models training process.

the murmurs. These patterns are explained in Chapter 2 in detail. The overall classification

model is illustrated in Figure 5.3. The following explains how each murmur is associated

with the models:

• ASD – midsystolic and split detected in S2.

• AS / PS – midsystolic and normal diastolic.

• MVP – late systolic and normal diastolic.

• FM – late systolic and normal diastolic.

• MR / TR – holosystolic and normal diastolic.

• N – normal systolic and normal diastolic.

• VSD – holosystolic and split detected in S2.

• S1S – split detected in S1 and normal diastolic.

• S2S – normal systolic and split detected in S2.

• AR / PR – normal systolic and early diastolic.

• MS / TS – normal systolic and mid/late diastolic.

• PDA – holosystolic and holodiastolic.
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Figure 5.3. The classification model with 4 systolic and 4 diastolic models

and a split detection. The model can identify 16 types of heart sounds.
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Figure 5.4. The process of testing one heart signal and obtaining the clas-

sification result.

Once the HMMs are trained, the test data in Table 5.2 are used to validate the

overall classification model. The testing process is shown in Figure 5.4. The normalized

heart sound is first segmented into first (S1) and second (S2) heart sounds. Then the S1

is fed into systolic murmur models while the S2 into diastolic murmur models. Next, the

likelihood of each model is computed. Finally, the heart sound is classified based on the

maximum likelihood of systolic and diastolic murmurs.

Sometimes, the maximum likelihood can lead to two classified signal. For instance,

maximum likelihood in midsystolic and normal diastolic conclude to AS and PS. To distin-

guish between these two, the auscultation area comes into the picture. The placement of

the stethoscope on the chest is very important. As explained in Chapter 2, Table 2.1, each

murmur can be heard clearly from certain chest areas. Therefore, some of the murmurs are

further classified with the extra help of the auscultation area. The further classifications are

explained below:
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• AS – midsystolic and normal diastolic, auscultation point at the aortic area.

• PS – midsystolic and normal diastolic, auscultation point at the pulmonic area.

• MR – holosystolic and normal diastolic, auscultation point at the mitral area.

• TR – holosystolic and normal diastolic, auscultation point at the tricuspid area.

• MVP – late systolic and normal diastolic, auscultation point at the mitral area.

• FM – late systolic and normal diastolic, auscultation point at the aortic area.

• AR – normal systolic and early diastolic, auscultation point at the mitral area.

• PR – normal systolic and early diastolic, auscultation point at the pulmonic area.

• MS – normal systolic and mid/late diastolic, auscultation point at the mitral area.

• TS – normal systolic and mid/late diastolic, auscultation point at the tricuspid area.

5.8. Results

The classification model is associated with several parameters such as number of states

in HMMs, frame size of the signal while extracting the MFCCs, and number of MFCCs used

per frame. These parameters are varied with all possible combinations to test the proposed

classification model. Following is the list of parameters and their variations:

(1) States of each HMM: 2, 3, and 4.

(2) Frame size of a signal (number of samples used in one frame): 128, 256, and 512.

(3) Number of MFCCs picked per frame: 8, 12, and 16 .

Table 5.3 summarizes the accuracy of the classification model with various combina-

tions of the parameters. From the table, it can be concluded that HMM with 2 states, frame

size of 512 samples, and 8 MFCCs per frame is the best combination with an accuracy of

92.52% for the proposed classification model. The confusion matrix of this combination is

shown in Table 5.4. This table shows the classification result of each type of heart sound.

The accuracy of each murmur is tabulated in Table 5.5. The accuracy ranges from 80.77%

to 100%.
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Table 5.3. Accuracy (%) of the classification model with all possible com-

binations of the three parameters: number of states in the HMM, frame size

of the signal while extracting the MFCC, and number of MFCCs chosen per

frame

HMM Frame size No. of MFCCs

states (samples) 8 12 16

2 128 85.09 82.61 85.09

2 256 84.47 86.96 78.26

2 512 92.52 84.47 87.58

3 128 79.50 85.09 81.37

3 256 91.30 85.09 88.82

3 512 80.75 80.75 75.78

4 128 83.85 78.88 81.37

4 256 85.71 85.09 86.34

4 512 80.12 79.5 78.26
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Table 5.4. Confusion matrix of proposed classification model with the best

combination: HMM with 2 states, frame size of 512 samples, and 8 MFCCs

per frame

Output

Input N S1S S2S AS PS MR TR MVP ASD VSD FM AR PR MS TS PDA

N 21 4 1

S1S 6

S2S 1 9

AS 1 20 1

PS 15 1

MR 13 1

TR 9 1 1

MVP 16

ASD 1 7

VSD 7

FM 4

AR 15

PR 6

MS 19

TS 1 16

PDA 2 15

66



Table 5.5. Accuracy of each type of heart sounds calculated based on the

confusion matrix in Table 5.4

Heart sounds Accuracy

Normal (N) 80.77

S1 Split (S1S) 100

S2 Split (S2S) 90

Aortic stenosis (AS) 90.91

Pulmonic stenosis (PS) 93.75

Mitral regurgitation (MR) 92.86

Tricuspid regurgitation (TR) 81.82

Mitral valve prolapse (MVP) 100

Atrial septal defect (ASD) 87.5

Ventricular septal defect (VSD) 100

Flow murmur (FM) 100

Aortic regurgitation (AR) 100

Pulmonic regurgitation (PR) 100

Mitral stenosis (MS) 100

Tricuspid stenosis (TS) 94.12

Patent ductus arteriosus (PDA) 88.24
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Table 5.6. Number of heart sounds correctly identified as normal or abnor-

mal case.

H
HHH

HHH
HHH

Input

Result
Normal Abnormal

Normal 21 (TN) 5 (FP)

Abnormal 21 (FN) 186 (TP)

The detection accuracy of the heart sound is also investigated to determine if the pro-

posed classification model can be applied for initial diagnosis. The heart sound is categorized

into two: normal and abnormal. There are four types of detection:

(1) True positive (TP) – if abnormal case is correctly identified as abnormal case

(2) False positive (FP) – if normal case is incorrectly identified as abnormal case

(3) True negative (TN) – if normal case is correctly rejected as normal case

(4) False negative (FN) – if abnormal case is incorrectly rejected as normal case

There are 26 normal heart sounds and 188 abnormal heart sounds. The abnormal

heart sounds include all the heart murmurs and the split heart sounds. Table 5.6 shows the

number of heart sounds correctly and incorrectly detected.

The specificity and the sensitivity of the model is also calculated. Specificity defines

the true negative rate, which is the detection rate of a normal heart sound. Sensitivity

defines the true positive rate, which is the detection rate of an abnormal heart sound. The

specificity and the sensitivity of the model is 80.77% and 98.94%, respectively, calculated

based on the following equations:

Specificity =
number of true negatives

number of true negatives+number of false positives
(27)

Sensitivity =
number of true positives

number of true positives+number of false negatives
(28)
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Performance analysis was also done on the split detection. The accuracy of S1 split

detection is 100% based on Table 5.5. The S2 split detection involves multiple heart sounds

S2 split, ASD, and VSD. ASD and VSD are pathological murmurs which also contain a

split on the second heart sound. The accuracy of S2 split detection is 91.3% based on the

confusion matrix in Table 5.4. Therefore, the overall split detection accuracy of this model

is 93.1%.

5.9. Conclusion

This chapter explained the methodology used to extract features from the heart

sounds and the unique classification model built to identify it. At first, Mel-frequency

cepstral coefficients (MFCC) are used to extract the frequency features of the heart sounds.

These coefficients are then fed into hidden Markov models (HMM). HMM is a machine

learning tool widely used in pattern recognition systems.

The classification model has 8 HMMs — 4 systolic murmur models and 4 diastolic

murmur models. Each model represents the pattern of the murmur. This big classification

model is combined with the split detection algorithm discussed in Chapter 3 to identify

16 types of heart sounds: normal heart sound, split in first heart sound, split in second

heart sound, aortic stenosis, pulmonic stenosis, mitral regurgitation, tricuspid regurgitation,

mitral valve prolapse, atrial septal defect, ventricular septal defect, flow murmur, aortic

regurgitation, pulmonic regurgitation, mitral stenosis, tricuspid stenosis, and patent ductus

arteriosus.

Total of 206 heart sounds are used to train these 8 HMMs and 214 heart sounds to test

them. The classification model with combination of HMM with 2 states, frame size of 512

samples, and 8 MFCCs per frame produce the best accuracy result of 92.52%. The detection

of a normal case and abnormal case is 80.77% and 98.94%, respectively. The accuracy of

detecting splits in the heart sound is 93.1%. This model is first implemented on a computer

using Java language before deploying in a smart phone. The model is then tested with real

patients in a hospital environment. The results of this will be discussed in the next chapter.
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CHAPTER 6

SOFTWARE DESIGN OF HEART SOUND APPLICATION

This chapter outlines the requirements, functionality and the software design of the

heart sound application developed for a smart phone. The software is built on algorithms

put together from Chapter 3, 4 and 5. The architecture and the graphical user interface of

the program will be shown, explaining the overall flow of the application. The application

is also tested in a real-time environment by cardiologists. It is used to collect patients heart

sound signal to analyze the real-time performance of the application.

6.1. Introduction

The heart sound application (herein referred to as the App) is a smart phone software

used to record, analyze and identify heart sounds of the user. The App can be used on both

pediatrics and adults.

This smart phone application has an extra level of flexibility where it can provide a

portable and remote monitoring service. It is intended to be used as an initial diagnosis and

part of physical assessment of any user by a healthcare professional, medical students, or

common human being. The app can be used in clinical, hospital or homecare settings. It

can electronically filter, amplify and classify heart sounds. An electronic medical report can

also be generated for storing and sharing.

The App also offers a low cost service and enables the users to monitor their heart

sound at any time. This inevitably leads to increased user satisfaction while decrease costs

associated with the hospital visits.

6.2. System Requirements and Application Overview

The App has to be used with a customized external microphone and a smart phone

with Android 5.0 operating system and above. The external microphone properties are:

• 3.5mm adapter for mobile phone

• 50 - 18,000Hz frequency response

70



• Sensitivity -54dB

• Impedance 1,000 ohms

• Analog stethoscope

The users can use this application to

(1) Record heart sounds

(2) Localize heart sounds

(3) View heart sounds

(4) Listen heart sounds

(5) Classify heart sounds

(6) Detect splits in heart sounds

(7) Generate electronic medical records of the heart sounds

(8) Share electronic medical records

6.3. Software Design

The high level architecture of the application is presented in Figure 6.1. Each box in

the architecture represents a stage in the App which is explained in the following subsections.

From the start of the application to the results stage represent one recording from the

user. The user can quit the application or continue taking recordings by going back to the

auscultation area selection in the App.

6.3.1. Getting Started

The setup of the smart phone has been explained in Chapter 4, Figure 4.1. There is a

customized external microphone attached to the smart phone to listen to the heart sounds.

Once the application is started, a welcome screen can be seen (Figure 6.2a). The App will

prompt to pick an existing user profile or create a new one (Figure 6.2b).

6.3.2. Auscultation area selection

The next step is to choose the auscultation area to place the stethoscope on the chest.

There are four auscultation area: aortic, pulmonic, tricuspid (also known as lower left sternal

border, LLSB), and mitral (commonly known as apex). Figure 6.3a is the graphical user
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Figure 6.1. High level architecture of the heart sound application

interface for selecting the auscultation area. When an area is chosen, the black circle will

become red as shown in Figure 6.3b. Once a selection has been done, the user has to place

the customized microphone on the same chest area as the chosen one and click “START”.

If none of the area is picked, the software will set the auscultation area as “AORTIC” by

default.

6.3.3. Audio Recording

Once the “START” button is pressed, the microphone will start recoding the heart

sound from the stethoscope. A signal chart will be shown on the screen for user’s visualization

purpose. The screen is displayed in Figure 6.4. The red signals represent the live audio being

recorded from the stethoscope. The green dots represent the peak detection of possible first

(S1) and second (S2) heart sounds. The peak detection algorithm is explained in Chapter

4. The user can record the heart sounds for 10 20 seconds and press “STOP” to stop the
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(a) (b)

Figure 6.2. The graphical user interfaces at the start of the heart sound

application: (a) Welcome screen; (b) Prompt of selecting an existing user

profile or create a new one

(a) (b)

Figure 6.3. Interface to select one of the four auscultation areas: (a) The

black circles indicating no area has been picked; (b) Pulmonary area has been

picked for auscultation
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Figure 6.4. The signal chart showing the live record of the heart sound.

Red signals represent the audio obtained from the stethoscope. Green dots

represent the possible first and second heart sounds.

audio recording.

6.3.4. Audio Analysis

Once the user presses “STOP” to halt the recording, the “Analyze” button in the

lower right corner of the screen will be available. Once it is clicked, the best pair of S1 and

S2 will be picked from the whole recording. This pair will be further analyzed to produce

the result. The algorithms used to analyze the signal is already been discussed in Chapter

3, 4 and 5. Figure 6.5 shows the overall flow of the analysis. Once the best pair is picked,

the signal is simultaneously used for split calculation and filtering. To measure the splits,

the signal is first segmented into S1 and S2. The split in S1 is calculated first followed by

S2. Meanwhile, the same signal is filtered to attenuate high frequency data. The lower

frequency data are then amplified and normalized. This normalized signal will be used for

visualization, audio playback and classification. The results from the split calculation is also

used in identifying certain abnormal cases.
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Figure 6.5. The analysis flow of a heart sound containing both first (S1)

and second (S2) heart sounds

6.3.5. Results Display

Once the signal is processed, the result is displayed as in Figure 6.6. The upper half

of the screen is the visualization of the analyzed heart sound. The signal is segmented into

two parts, S1 in blue and S2 in red. The graph can be zoomed in and out. The x-axis is time

in milliseconds and y-axis is the normalized amplitude. The other half of the screen contains

the initial diagnosis of the signal. The patient’s name, date and time of the recording are

displayed first, followed by the auscultation area selected by the user. Next, the results from

the split calculation are displayed in milliseconds. If the split(s) is more than 40 ms, the

app will display a text that there is a split in the first or/and second heart sound. Finally,

the result of the classification will be printed. Figure 6.6 displays the result of a normal

healthy subject. There are also two button at the lower corners of the screen. The “Share”
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Figure 6.6. The output screen of the application displaying the cardiac

sound (blue indicates first heart sound (S1), red indicates second heart sound

(S2)), patient name, time and date of the recording, auscultation area, split

intervals of S1 and S2, and classification result. The “Share” button is used

to share the analysis via email. The “Play” button is for audio playback.

button will produce an electronic medical record if it is clicked. The record is in the form of

an image (screenshot of the output screen) with an audio file attached which can be shared

with medical practitioners via email. The “Play” allows the user to hear the clean audio file

(filtered and amplified).

6.4. Class Diagram

In any high level programming language (C, C++ or Java), the program always starts

the execution from a function call “main()”. Similar way, an Android application is initiated

with “onCreate()” method. This method is placed in main classes known as “Activity”.

An Activity in the Android system represents the user interface with a screen. When the

Activity is launched, there is a sequence of callback methods that forms the life cycle of an

Android application[24]. The details of the life cycle are explained in the Android website.
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Figure 6.7. Life cycle of an Android Activity with the associated callback

methods

The following Figure 6.7 shows the life cycle of an Android Activity.

The App has two major activities: audio recording and audio analysis. The audio

recording activitys main goal is to record heart sounds and plot the live recording on the

screen. Besides, there are several thread running at the background to support this activity

such as translating the audio in time domain to frequency domain, calculating fast Fourier

transform (FFT) on the signal, and determining the possible peaks. The class diagram of

this activity and its associated classes, functions, and variables are shown in Figure 6.8.

The second activity, audio analysis, is called after the audio recording activity, when

the “Analyze” button is pressed. There are five main tasks in this activity shown in the class
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Figure 6.8. Class diagram of the audio recording activity on Android
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Table 6.1. Data collection of heart sounds and actual patients from clinical trials

Heart sounds Number of patients

Normal (N) 20

S2 Split (S2S) 3

Aortic stenosis (AS) 4

Pulmonic stenosis (PS) 1

Mitral regurgitation (MR) 2

Tricuspid regurgitation (TR) 1

Flow murmur (FM) 14

Aortic regurgitation (AR) 2

Pulmonic regurgitation (PR) 1

Mitral stenosis (MS) 3

Total 51

diagram, Figure 6.9. These tasks also run on background threads. The threads are used in

the program to not pile up the workload of the main activity. The five tasks are following:

• ChunkDataTask - retrieves one pair of heart sounds (S1 and S2) from the whole

recorded audio

• CalculateSplitTask - computes the split intervals in S1 and S2

• LowPassFilterTask filters, amplified, and normalizes the signal

• AudioGeneratorTask creates an audio track of the heart sound

• ClassificationTask - classifies the signal

6.5. Performance Analysis

Clinical trials are carried out with the smart phone by a cardiologist from UT South-

western, Dallas. Heart sounds are collected from patients visiting the clinics. The patients

are both male and females, age range of 25 to 65 years. Table 6.1 lists the amount of patients

and heart sounds collected.
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Figure 6.9. Class diagram of the audio analysis activity on Android
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Table 6.2. Confusion matrix of 102 test data obtain from 51 patients

Output

Input N S2S AS PS MR TR FM AR PR MS

N 32 4 4

S2S 1 5

AS 1 7

PS 2

MR 3 1

TR 2

FM 2 26

AR 1 3

PR 2

MS 1 5

Four samples from each heart sounds recordings were collected for training sets and

test sets, two each. There is a total of 102 heart sounds for training data and testing data

respectively. The training data are combined with the training data in Chapter 5. The

results of the classification is shown in Table 6.2 which yields to accuracy of 85.29%. The

accuracy of each heart sounds are tabulated on Table 6.3. The accuracy ranges for 75%

- 100%. THe test data can be categorized into 40 normal heart sounds and 62 abnormal

heart sounds. The abnormal heart sounds include all the heart murmurs and the split heart

sounds. Table 6.4 shows the number of heart sounds correctly and incorrectly detected.

Based on this table, the specificity is 80% and the sensitivity is 88.71%. From these results,

it can be seen that the normal some of the heart sounds skew towards aortic stenosis and

flow murmur. These heart sounds belongs to patient where previously had a history of heart

murmurs. Hence their cardiac sounds contain little turbulence in blood flow, causing the

classification algorithm to think it is a murmur.

The smart phone picks only one pair of heart sound for classification. So a small test
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Table 6.3. Accuracy of each heart sounds collected from the patients

Heart sounds Accuracy (%)

Normal 80

S2 Split 83.33

Aortic stenosis 87.5

Pulmonic stenosis 100

Mitral regurgitation 75

Tricuspid regurgitation 100

Flow murmur 92.86

Aortic regurgitation) 75

Pulmonic regurgitation 100

Mitral stenosis 83.33

Table 6.4. Number of heart sounds correctly identified as normal or abnor-

mal case.

HHH
HHH

HHHH
Input

Result
Normal Abnormal

Normal 32 (TN) 8 (FP)

Abnormal 7 (FN) 55 (TP)

was carried out to validate the selected pair will yield the correct classification result. Figure

6.10 shows a patient’s recording of aortic stenosis. The red boxes represents one pair of S1

and S2. Each pair were feed into the classification model and the all the pair identified as

aortic stenosis. This proves that the smart phone can pick any pair for classification which

will not affect the final outcome. The application was also tested on various smart phones.

The time taken to analyze and classify one cardiac signal on different smart phones with

varied processing power is tabulated in Table 6.5. This execution time comprises the five

tasks explained in the end of section 6.4. The breakdown of the execution in percentage
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Figure 6.10. A patient’s recording who has aortic stenosis. Each pair of first

and second heart sounds(represented in a red box) is classified to prove that

if any of the one pair is picked, the result yields to aortic stenosis

Table 6.5. Total time of analysis and classification per audio recording for

various smart phones

Smart phones Processing power Time (s)

Samsung S5 Quad-core 2.5 GHz Krait 400 10.10

Samsung Note 5 Quad-core 1.5 GHz Cortex-A53 9.53

Samsung Note 4 Quad-core 2.7 GHz Krait 450 9.91

HTC One M8 Quad-core 2.3 GHz Krait 400 15.64

is shown in Figure 6.11. The CalculateSplitTask takes up most of the time as there is a

complex math algorithm involved such as integral functions.
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Figure 6.11. Percentage of execution time of each tasks

6.6. Conclusion

The heart sound application has been deployed on smart phones to record, analyze

and identify heart sounds. The software is built from the algorithms discussed in the previous

chapters. A customized external microphone and a smart phone with Android 5.0 operating

system and above is required to execute the application.

The current limitation of this classification model is the restricted training data set.

The data set comprises of 5–8 subjects for each type of heart sounds (except normal heart

sounds and flow murmur). Even though the subjects may have the same types of heart

sounds, but there will be a slight difference in the signal pattern, causing a lower classification

accuracy. Hence, having a larger data sets with more subjects can overcome this issue.

The application is designed for initial diagnosis and to support healthcare profes-

sionals in examining and identifying cardiac sounds. This software is intended for use on

pediatrics and adults. The App features cardiac visualization, audio playback, and gener-

ating electronic medical records. These records including the audio files can be shared with

other practitioners.
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CHAPTER 7

SECURING ELECTRONIC MEDICAL DATA

Healthcare applications has been developed in mobile phones to function as patient

monitoring systems. Since these applications contain electronic medical data which can be

used in innumerable environment, they are widely exposed to attacks. Hence, the need

for a computationally cheap, able to accommodate limitations on power and bandwidth

increases. The chapter describes the implementation of Elliptic Curve Integrated Encryption

Scheme (ECIES), the best known scheme based on Elliptic Curve Cryptography (ECC) in the

Android platform. Performance analysis was conducted for the encryption and decryption

of medical record in terms of time and key size. From the depicted graphical representation,

a comparative study is done on elliptic curves from standard identifier such as NIST, SECG

and ECC Brainpool.

7.1. Introduction

The modernization of medical records is becoming an essential component in mobile

health to reduce healthcare costs and provide better healthcare quality. The increased usage

of mobile phones has facilitated more patients and medical practitioners to use electronic

medical record for primary health care. Since mobile phones are accessible to multiple

networks, they are susceptible to numerous attacks such as brute-force attack and man-in-

the-middle attack. As a result, there is a need for securing medical data using cryptographic

techniques in order to protect the patient’s privacy.

Public key infrastructure has been used as the fundamental cryptographic method in

security networks [91]. The three notable public key systems are RSA, Diffie-Hellman and

Elliptic Curve Cryptography(ECC). ECC is an asymmetric cryptography technique based

on elliptic curve theory and were proposed for use as the basis for discrete logarithm-based

cryptosystems. The advantage of ECC over RSA is 160 bits of ECC gives the same level

of security as 1024 bits of RSA as recommended by National Institute of Standards and

Technology (NIST) and represented in Table 7.1, data obtained from [36]. There is a growing
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Table 7.1. Key sizes for equivalent security levels recommended by NIST

Bits of security RSA and Diffie-Hellman Key Size Elliptic Curve Key Size

80 1024 160-223

112 2048 224-255

128 3072 256-383

192 7680 384-511

256 15360 521+

difference as the key size increases. Such performance is particularly important for mobile

phones where processing capabilities, storage capabilities and battery life are limited. In

the past, ECC has been implemented on wireless devices such as personal digital assistants

(PDAs) [49, 89] and smart phone [51, 138, 124]. In this chapter, the implementation of

Elliptic Curve Integrated Encryption Scheme (ECIES) on a mobile phone and its performance

is investigated.

7.2. Elliptic Curves over Finite Fields and its Parameters

Elliptic curves are defined over two kinds of finite fields: prime field (Fp) and binary

field (F2m). The domain parameters for elliptic curves defined over prime field and binary

field are (p, a, b, G, n, h) and (m, f, a, b, G, n, h) respectively where:

• p is the prime number specifying the finite field Fp.

• m is the positive integer number specifying the finite field F2m .

• f is an irreducible binary polynomial of degree m.

• a and b are the elements specifying an elliptic curve E defined by the equation

y2 = x3 + ax+ b for finite field and y2 + xy = x3 + ax2 + b for binary field.

• G is a base point on the curve.

• n is a prime number in the order of G.

• h is known as the cofactor, computed as #E(Fp)/n for finite field and #E(F2m)/n

for binary field.
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7.3. Elliptic Curve Integrated Encryption Scheme

In relation to encryption, the Elliptic Curve Integrated Encryption Scheme (ECIES)

is the best known scheme based on Elliptic Curve Cryptography (ECC). ECIES is a hybrid

crypto system which relies key derivation function for its security. It uses five important

functions:

• Key Agreement (KA) – a protocol to establish a shared secret between two parties

• Key Derivation Function (KDF) – a pseudo-random function used to derive keys

from a keying material such as a passphrase and optional information.

• Symmetric encryption algorithm

• Message Authentication Code (MAC) – data used to authenticate the message

• Hash – A digest function used inside the KDF and MAC

7.4. System Implementation

The ECC program was implemented in smart phone with Android 4.0 operating

system. The system contains a customized version of Bouncy Castle (BC) — a collection

of lightweight APIs used in cryptography. The modified version of BC was crippled and

caused class name conflicts. Thus, a third party library known as Spongy Castle was used

to develop the elliptic curve system. The complete flow of the designed ECC program is

developed based on the steps described in:

(1) Encryption

(a) Specify the required EC domain parameters:

(i) elliptic curve, defined by an elliptic field and the coefficients a and b.

(ii) the base point G and its order n.

(iii) the cofactor h.

(b) Generate a temporary public and private key pair.

(c) Create a shared secret from the private key and receiver’s public key using

Elliptic Curve Diffie-Hellman (ECDH), a KA function.
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(d) Derive a symmetric encryption key and a MAC key from the shared secret and

optionally shared information using KDF.

(e) Encrypt the medical record with the symmetric encryption key and symmetric

encryption algorithm.

(f) Compute the tag of encrypted message with MAC key and optionally other

information.

(g) Send the public key (sender’s), the tag and the encrypted medical record to the

receiver.

(2) Decryption

(a) Receive the public key, the tag and the encrypted medical record to the sender.

(b) Produce the shared secret from the received public key and receiver’s private

key using ECDH procedure.

(c) Derive the same symmetric encryption key and the MAC key from the shared

secret and optionally shared information using KDF.

(d) Verify if the received tag is equal to the tag computed with the encrypted

message, MAC key and optionally other information. If the tags are unequal,

the received data has to be rejected.

(e) Decrypt the medical record with the symmetric encryption key and the same

symmetric encryption algorithm.

7.5. Experimental Results

The performance of the ECC cryptosystems in terms of running time was compared

with a RSA cryptosystems developed in the same mobile device. The encryption and decryp-

tion times are tabulated in Table 7.2 and illustrated in Figure 7.1. At the 163 bit ECC/1024

bit RSA, the elliptic curve algorithm is approximately three times faster than RSA algo-

rithm. A performance analysis is also done on elliptic curves from different identifier such

as NIST [25], Standards for Efficient Cryptography Group (SECG) [27] and ECC Brainpool

[26]. The results of encryption time are summarized in Table 7.3 and illustrated in Figure

7.2. The Brainpool curves seem to perform better compared to other curves when the key
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Table 7.2. Elliptic Curve and RSA encrypt/decrypt timings (in milliseconds)

Elliptic Curve Key Size 160-bit 224-bit 256-bit 384-bit

Encryption Time 189 477 1044 2188

Decryption Time 190 450 1080 1786

RSA Key Size 1024-bit 2048-bit 3072-bit 7680-bit

Encryption Time 576 1921 4124 7890

Decryption Time 580 1893 4246 7722

size is smaller than 521 bits. To apply the results of the analysis, the ECC program is tested

on a multimedia medical record containing audio file. Three different audio files with differ-

ent file size are fed into the encryption program. The time taken to encrypt and decrypt are

tabulated in Table 7.4.

A server-client program is also developed to upload the electronic medical data. The

client programs sits on an Android mobile phone while the server is on a computer. The

client encrypts three files (total file size of 5 MB): csv file (contains the recording of the heart

sounds), image file (the screen shots of the diagnosis and the heart sound’s plot), and audio

file before uploading to the server. The server receives the three files, decrypts them and

store them. The medical data were uploaded from different places to study the uploading

time. The results are shown in Table 7.5 where the elapsed time represents the time take to

upload the three files to the server.

Overall, the elliptic curve encryption and decryption perform faster than RSA in a

mobile platform. The results show that the implementation of ECC is both a feasible and

suitable option for mobile healthcare devices.

7.6. Conclusion

The implementations of ECC suitable for low power devices like mobile phones have

been investigated. Furthermore, for similar security requirements ECC is seen to be far

better than RSA as far as timing requirements are concerned. ECC would be much more
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(a) Encryption (b) Decryption

Figure 7.1. Encryption (a) and decryption (b) time comparison for ECC

and RSA cryptosystems which have the same bits of security

Table 7.3. Different elliptic curves and their corresponding encryption time

(in milliseconds)

Key Size SECG Curves Brainpool Curves NIST curves

192 867 832 933

224 1180 907 1190

256 1105 1088 1339

384 2315 2188 2283

521 2760 3428 3266

convenient than RSA as the memory consumption would be much less too.

In any case, 2048 bit RSA is the norm as of now to provide intractable security. The

strength of ECC is very much apparent for low power devices such as mobile phones and that

have applications that need high security (securing electronic medical data, online purchases,

banking transactions, etc.). It has been observed that the implementation of elliptic curve
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Figure 7.2. Encryption time comparison for different types of elliptic curves

Table 7.4. Encrypt/decrypt timings of the 3 audio files using 256 bits key

size of Brainpool curve

Audio File 1 2 3

File Size (KB) 184 231 401

Encryption Time (ms) 3489 3600 7279

Decryption Time (ms) 3322 3457 7123

Table 7.5. Time taken to upload encrypted medical records at various places

and network

Place Elapsed time (s) Upload speed (MB/s)

Discovery Park (Wi-Fi) 1.968 3

Home (Wi-Fi) 2.191 2

DFW Airport (4G) 21.714 0.3

UNT Main Campus (4G) 6.359 0.9

Rural area (4G) 15.289 0.4
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is both a practical and feasible option in mobile phone application.

This research will help the mobile industry to transmit multimedia medical record

over mobile communication channel. The overall quality of the transmission will be taken

into account by compressing the record as it will contain large data.
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CHAPTER 8

FUTURE WORK: BLOOD FLOW MONITORING FOR HEART MURMUR PATIENTS

In this chapter, we show that a smart phone can be used to monitor the blood flow in

finger, based on the pulse height obtained from the fingertips. This is achieved by using the

camera lens and the flash light of the smart phone. The height of the pulse rises along with

the surrounding temperature indicating that the blood flow increases when the temperature

becomes warmer. This study shows that there is a potential to monitor regulation of body

temperature using smart phone.

8.1. Introduction

Some of the heart murmur patients involving congestive heart failure manifest a

chronic condition call rheumatic fever. Some common murmurs which cause this fever is

mitral stenosis, mitral regurgitation and aortic stenosis. Therefore, detecting a fever using

the smart phone while identifying the murmur can be an additional feature and an interesting

research. Fever involves changes in body thermoregulation and thermoregulation involves

skin blood flow.

The study of temperature effect on finger blood flow has been conducted by Wenger

et al. [134] and Catherine O’Brien et al. [101]. The blood flow was measured with electro

capacitance plethysmography and laser-Doppler respectively. I hereby propose a way to

measure the blood flow in finger affected by the surrounding temperature using a noninvasive

method. The finger pulse is recorded by implementing photoplethysmography technology in

smart phones as described by Banitsas et al. [33] and Jonathan et al. [76]. We examine

whether the finger pulse varies with the temperature and the consistency of the variation.

Thiyagaraja, Shanti, and Ram Dantu. “Finger blood flow monitoring using smart phones.” In Proceedings
of the 8th International Conference on Body Area Networks, pp. 237-239. ICST (Institute for Computer
Sciences, Social-Informatics and Telecommunications Engineering), 2013.
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Figure 8.1. Experimental setup: The phone is placed over the index finger

covering the camera and the flash light with a fix amount of pressure

8.2. Experiment to Measure Pulse Height

8.2.1. Data Collection

The finger pulse is recorded using Nexus 4 (Google Inc.) smart phone. The left index

finger is placed over the camera lens and the flash light. By positioning the phone as shown

in Figure 8.1, the phone is pressed down on the finger to have a fixed pressure and reduce

any motion artifacts. The subjects are instructed to keep the finger still in this position.

The pulse signal is recorded using the phone’s camera at a sampling rate of 24 frames per

second.

The subjects are asked to immerse their left hand in 95oF water. After one-minute

immersion, the subjects withdraw their hand, and the finger pulse is recorded for 5 seconds

with the flash light on. The water temperature is then increased by 1oF and the subjects are

asked to immerse their hand again. This procedure is repeated for each water temperature

in the range of 95oF to 104oF.

8.3. Pulse Detection and Height Calculation

Every heart beat sends a pulse wave to the fingertips. Each wave causes a flicker in

the video frame. This series of flickering creates the pulse signals. The pixels in the first

quadrant of the recorded video frame are taken into consideration as the pulse fluctuation

is predominant in this region [43]. The pixels from each frame are extracted into red (R),

green (G) and blue (B) signals. The average value of each RGB component is computed to
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Figure 8.2. Example of red component in a pulse signal with its peaks and

valleys obtained from the peak detection algorithm

obtain the pulse. Peak detection algorithm [103] was applied on the RGB signals to find the

peaks and valleys. The algorithm uses a peak function for each sample in the signals defined

as the mean of the maximum values between the left and right set of neighboring points for

each sample. Further, based on the calculated mean and standard deviation for each of the

peak function values, the local peaks or valleys were filtered. These local peaks and valleys

are illustrated in Figure 8.2.

The average height of the pulse is then calculated by using the following equation:

(29) Average height = Average of peaks− Average of valleys

The total height of the pulse is determined as:

(30) Total height = Average height of red signal× Average height of green signal
× Average height of blue signal

8.4. Results

The total height for the water temperature range (oF to oF) is plotted as an example

for one individual in Figure 8.3. As the water temperature increases, the total height of the
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Figure 8.3. Example of total pulse height estimated from the finger pulse

for each water temperature ranging from 95oF to 104oF

pulse increases exponentially. The results correlate with the outcomes presented by Barcroft

[35] and Freeman [61]. Both the papers have demonstrated the effect of temperature change

on the rate of blood flow and temperature in hand.

8.5. Discussion

8.5.1. Vasodilation

Vasodilation is widening of muscle around the walls of the blood vessels to expand the

diameter of the blood vessel [69]. Vasodilation increases the blood flow and radiates excess

heat from the body. When the body is exposed to heat, body temperature rises. Skin warmth

receptors and blood convey these changes to the hypothalamic thermostat. The thermostat

inhibits the activity of the sympathetic nervous system, thus causing vasodilation.

Warming of the hand causes vasodilation in the area being warmed. When the hand

is immersed in hot water, the blood vessels expand, increasing the blood flow of the index

finger. During a systolic pulse, the fingertips are filled with more blood cells, absorbing more

flash light and leading to low pixel value. Likewise, during a diastolic pulse, less flash light

is absorbed leading to high pixel value. This change of pixel values can be seen in Figure 8.2
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Figure 8.4. The measurements taken thrice for each water temperature are

found to be in close proximity. The quadratic curve fitting shows that the

height increases exponentially with the water temperature.

which gives the measure of an individual’s heartbeat. This waveform also gives the height of

the pulse which corresponds to the blood vessel dilation. As the water temperature increases,

the pulse height grows due to the capillaries expansion in the hand.

8.5.2. Consistency

The experiment was conducted thrice for each subject to analyze the consistency

of the measurement. This is important to make sure that the height calculated from the

pulse signals is in a certain constant range for each water temperature. An example of the

measurement is displayed in Figure 8.4 where a quadratic curve is used to fit the data at

each temperature value.

Each time the blood flows to the fingertips, the amount of blood cells in the fingertips

varies. As the amount of blood cells changes, the amount of light absorbed and reflected

also changes. This results in the variation of height for each measurement when the hand is

immersed in the same water temperature. However, the value of the height appears in close

proximity for every measurement.
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8.5.3. Finger Pressure on the Camera Lens

While measuring pulse using the smart phone, the pressure applied by the finger to

cover the camera lens and flash light should not vary. If there is no pressure applied, the

flash light is not covered fully, causing the light to scatter out instead of channeling into the

finger. This produces a weak pulse with inconsistent height. If optimal pressure is applied to

ensure the flash light is completely covered, coherent waveform is obtained where the pulses

can be identified with constant height. As more pressure is applied, the pulse signal becomes

sharper and the height increases. If the finger is pressed with full force over the camera, the

blood flow to the fingertips is prevented. Consequently, there is no pulse recorded. Hence,

pressure of the finger plays an essential role to obtain a clear plot and consistent height. The

setup shown in Figure 8.1 is recommended for the same.

8.5.4. Conclusion

The application of blood flow monitoring using a smart phone gives an opportunity

to measure a vital sign of the body — temperature. In this experiment, I have utilized

the mobile sensor (camera) to collect and process the physiological data. The developed

application takes less than one second to process the pulse signal and display the total

height. The preliminary results show that the smart phone cameras have the potential to

monitor the vasodilation of the blood vessels. Further study has to carried out to test the

body temperature, thermoregulation and fever. This can help a person to monitor their

homeostatic regulation.
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CHAPTER 9

CONCLUSION

The use of smart phones in healthcare applications is growing steadily. Many research

work has shown the inbuilt sensors are used to estimate the value of physiological data from

human body. With progressive innovation, smart phone based medical applications will

continue to be developed at an exponential rate. Herein, a clinical application of heart

sounds detection is proposed.

This dissertation provided a smart phone aided program which records, processes,

and identifies 16 types of heart sounds. The software also visualizes the sounds and allow

audio playback, allowing the user to view and hear his own heart sounds. The application is

developed as a portable, low-cost, and patient centered device. This device can be used as

an initial diagnosis in non-hospital environments such as homecare, rural areas and urban

clinics. The electronic medical record generated from the diagnosis can be shared with a

medical practitioner, allowing a total remote monitoring approach as well.

This research work is compared with the products available in the market and other

published work. The comparison is tabulated in the appendix. To conclude, this disser-

tation has evolved from interdisciplinary research involving anatomy of heart, biomedical

signal processing, machine learning, mobile computing, audio processing, cryptography, and

computer engineering.

9.1. Lessons Learned

This research work started off with detection of splits in second heart sounds (S2).

The S2 were picked manually from the recorded heart sounds and processed using MAT-

LAB. MATLAB is a powerful software with most of the signal processing functions already

predefined. Hence, the users only need to call these functions by feeding the signal as an

input into the function. Since the goal is to perform the same processing of S2 in a smart

phone, the signal processing techniques and their equations were studied in detail. Next, the

functions are written in Java based on the MATLAB’s script.
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The work is later enhanced to detect heart murmurs. The purpose of the work is

to use a traditional stethoscope which is low cost yet produce a valuable diagnosis. Hence,

the technique used in a digital stethoscope was investigated. Many algorithms were tried to

filter the noise and spikes in the recorded heart sounds as it is important to amplify the lower

frequency data. After an extensive study of the heart sounds’ frequency range, a simple and

effective method was established to filter and amplify the cardiac sounds. This processed

signal also allowed me to create a clean and clear audio playback which enables the smart

phone user to hear back their recorded heart sounds.

Once the signal is preprocessed, the next stage is to identify the type of heart sounds.

The classification model was initially built with three types: normal, systolic and diastolic.

Then the three models were evolved based on the patterns of the murmurs, such as mid sys-

tolic, late systolic, holosystolic, early diastolic and mid diastolic. Finally, the split detection

was included into the classification model to distinguish two particular murmurs: atrial and

ventricular septal defect.

Finally, a smart phone application is designed and developed. The application re-

quires an Android operating system of 5.0 and above as the API related to audio playback

is available from this operating system. Throughout the application development, I have

learned Android programming and the life cycle of the application. The coding part was a

challenge as I never developed an application before.

The final touch to the application is adding security to the electronic medical record

generated by the smart phone for each reading taken by the user. Several cryptography

system was studied and finally the elliptic curve cryptography were chosen as it is feasible

to apply on a mobile platform.

9.2. Limitations

The application is in the middle stage of development. The classification model is

built based on signals collected from online, cd and UT Southwestern. The distributions of

the data collected is currently biased towards population in Dallas area and patients who

visit the UT Southwestern clinics. More clinical trials are needed to collect patients’ data.
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As the number of human subjects increases, the classification model can be trained with

variety of data.

9.3. Future Work

The proposed model can be enhanced to detect more abnormal heart sounds such as

open snap, gallops and atrial fibrillations. The model can also be improved to detect multiple

murmurs per heart sound. For example, some patients may have have two murmurs such as

pulmonary stenosis and pulmonary regurgitation existing in their heart sounds. The training

model also requires a world wide distribution of population to have an unbiased classification

results despite of geographical area. By doing such, the model will be an excellent initial

screening tool to be used through out the world. The same methodology can also be used

to detect more body sounds such as lungs and bruits.
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APPENDIX

COMPARISON WITH EXISTING PRODUCTS AND PREVIOUS STUDIES
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Table A.1. Comparison between my work and previous studies

Paper Affiliation
Types of

heart sounds
Data source Devices

No of

subjects
Samples

Mine
University of

North Texas
16

CD, UT

Southwestern

Smart phone,

traditional

stethoscope

106 672

[82]

University of

Coimbra,

Portugal

8

online,

University

Hospital of

Coimbra

Smart phone,

traditional

stethoscope

645

[116]

Universiti

Teknologi

Malaysia

6 Book Computer 102

[129]

Philips

Innovation

Campus, India

3 online Computer 130

[75]

Yamaguchi

University,

Japan

5

online,

Yamaguchi

University

Computer,

electronic

stethoscope

36 459

[83]

University of

Coimbra,

Portugal

7

University

Hospital of

Coimbra

Computer,

electronic

stethoscope

51 2047

[84]

University of

Coimbra,

Portugal

7

online,

University

Hospital of

Coimbra

Computer,

electronic

stethoscope

218

continued . . .
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. . . continued

Paper Affiliation
Types of

heart sounds
Data source Devices

No of

subjects
Samples

[64]

Universidad

Nacional de

Colombia

2

Not

mentioned,

just

“patients”

Computer,

electronic

stethoscope

148 360

[93]
University of

Crete, Greece
2

University

Hospital of

Heraklion

Computer,

electronic

stethoscope

50

[127]

Amrita Vishwa

Vidyapeetham

University,

India

6 online Computer

[115]

Universiti

Teknologi

Malaysia

6 online Computer 102

[98]

Trinity

College,

Hartford,

Connecticut,

USA

6 CD Computer

[105]

Uni-versidade

do Porto,

Portugal

2

Online,

Hospital

Portugus in

Recife Brazil

Computer,

electronic

stethoscope

183

continued . . .
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. . . continued

Paper Affiliation
Types of

heart sounds
Data source Devices

No of

subjects
Samples

[63]

Linkoping

University,

Sweden

3

Linkoping

Sweden,

Theran Iran

(Medical

University)

Computer,

electronic

stethoscope

86

[142]
Chongqing

University
5

Chongqing

University

Self-designed

monitor,

computer

80 247

[73]

Tarbiat

Modares

University,

Iran

2

Tehran

Research

group

Computer,

electronic

stethoscope

70

[66]

Universidad

Autnoma de

Yucatn,

Mexico

3

IMSS

Hospital

Mexico

Self-designed

phonocardio-

gram,

computer

109

[47]

Kyung Hee

University,

Republic of

Korea

7

online,

Kyung Hee

University

Computer,

self-designed

stethoscope

40 489
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Table A.2. Comparison between my work and existing products
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CardioSleeve X1 X X X2 X X X None 450

Requires a physician to
assess the heart sounds

SensiCardiac X3 X X X X X

Normal
Class I12
Class III13 580

Eko Core X4 X X5 X X None 199
Requires a physician to
assess the heart sounds

HeartBuds X6 X X X X None 39.95

Intended to record subtle
acoustic sounds for
non-medical purposes

Thinklabs X7 X X X8 X9 X X None 499
Requires a physician to
assess the heart sounds

StethAid X10 X X X X Still’s murmur11
Prototype
stage

3M Littmann X X X X X None 379
Requires a physician to
assess the heart sounds
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My heart
sound
application X X X X X X X X X

normal heart sound
split in first heart sound
split in second heart sound
aortic stenosis
pulmonic stenosis
mitral regurgitation
tricuspid regurgitation
mitral valve prolapse
atrial septal defect
ventricular septal defect
flow murmur
aortic regurgitation
pulmonic regurgitation
mitral stenosis
tricuspid stenosis
patent ductus arteriosus 30
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Notes:

(1) CardioSleeve is a combination of electronic stethoscope and 3-Lead ECG

(2) Cloud Based EMR- All patient recorded results, including audio sounds, visual

tracings, caliper measurements, trend analysis and cardiac function/index are stored

in the HIPAA compliant cloud for charting, review, archival and transfer by the

clinician at any time.

(3) The SensiCardiac software only works with Littmann 3200 electronic stethoscope

(4) Eko Core digital stethoscope can be used as traditional or electronic stethoscope

just by a toggle switch

(5) PDF reports and MP3 files are uploaded to the cloud where it is accessible to the

physicians

(6) Customized microphone with an acoustic amplifier

(7) The stethoscope consists of a diaphragm which fits in the palm. It has an audio

jack to plug in ear phones

(8) Uploads and stores the recorded heart sounds

(9) It is separate connection call Thinklink which connects the stethoscope with mobile

phone / computer

(10) The digital stethoscope is built from a digital stethoscope with a connector to a

mobile phone

(11) Discriminate stills murmur from pathological murmurs

(12) Class I murmurs are considered all systolic and diastolic murmurs. The classification

is generic, doesnt specify the actual murmur

(13) Class III is a still or functional murmur

108



BIBLIOGRAPHY

[1] https://play.google.com.

[2] www.apple.com/itunes/.

[3] http://rijuven.com/medicaldevices/cardiosleeve.

[4] https://sensicardiac.com/.

[5] https://ekodevices.com/.

[6] http://www.heartbuds.com/.

[7] http://www.thinklabs.com/.

[8] http://atlanticpediatricdeviceconsortium.org/stethaid.

[9] https://en.wikipedia.org/wiki/Heart.

[10] http://users.rowan.edu/~polikar/WAVELETS/WTtutorial.html.

[11] http://casemed.case.edu/cardiacexam/.

[12] http://www.easyauscultation.com/heart-sounds.

[13] http://depts.washington.edu/physdx/heart/demo.html.

[14] http://www.med.umich.edu/lrc/psb_open/html/repo/primer_heartsound/

primer_heartsound.html.

[15] http://www.wilkes.med.ucla.edu/intro.html.

[16] http://intl.welchallyn.com/apps/products/product.jsp?id=

11-ac-100-0000000001174.

[17] http://www.jabes-stethoscopes.eu/index.php/information.

[18] http://www.3m.com/3M/en_US/littmann-stethoscopes-us/.

[19] https://developer.android.com/reference/packages.html.

[20] http://www.electronics-tutorials.ws/filter/filter_8.html.

[21] https://en.wikipedia.org/wiki/Mel_scale.

[22] http://practicalcryptography.com/miscellaneous/machine-learning/

guide-mel-frequency-cepstral-coefficients-mfccs/.

[23] http://recognize-speech.com/feature-extraction/mfcc.

109

https://play.google.com
www.apple.com/itunes/
http://rijuven.com/medicaldevices/cardiosleeve
https://sensicardiac.com/
https://ekodevices.com/
http://www.heartbuds.com/
http://www.thinklabs.com/
http://atlanticpediatricdeviceconsortium.org/stethaid
https://en.wikipedia.org/wiki/Heart
http://users.rowan.edu/~polikar/WAVELETS/WTtutorial.html
http://casemed.case.edu/cardiacexam/
http://www.easyauscultation.com/heart-sounds
http://depts.washington.edu/physdx/heart/demo.html
http://www.med.umich.edu/lrc/psb_open/html/repo/primer_heartsound/primer_heartsound.html
http://www.med.umich.edu/lrc/psb_open/html/repo/primer_heartsound/primer_heartsound.html
http://www.wilkes.med.ucla.edu/intro.html
http://intl.welchallyn.com/apps/products/product.jsp?id=11-ac-100-0000000001174
http://intl.welchallyn.com/apps/products/product.jsp?id=11-ac-100-0000000001174
http://www.jabes-stethoscopes.eu/index.php/information
http://www.3m.com/3M/en_US/littmann-stethoscopes-us/
https://developer.android.com/reference/packages.html 
http://www.electronics-tutorials.ws/filter/filter_8.html
https://en.wikipedia.org/wiki/Mel_scale
http://practicalcryptography.com/miscellaneous/machine-learning/guide-mel-frequency-cepstral-coefficients-mfccs/
http://practicalcryptography.com/miscellaneous/machine-learning/guide-mel-frequency-cepstral-coefficients-mfccs/
http://recognize-speech.com/feature-extraction/mfcc


[24] https://developer.android.com/reference/android/app/Activity.html.

[25] Recommended elliptic curves for federal government use, 1999, http://csrc.nist.

gov/groups/ST/toolkit/documents/dss/NISTReCur.pdf.

[26] ECC Brainpool standard curves and curve generation, 2005, http://www.

ecc-brainpool.org/download/Domain-parameters.pdf.

[27] Standards for efficient cryptography (SEC 1), Ver 2, 2009, http://www.secg.org/

download/aid-780/sec1-v2.pdf.

[28] Deaths: Final data for 2013, 2013, http://www.cdc.gov/nchs/data/nvsr/nvsr64/

nvsr64_02.pdf.

[29] Summary health statistics tables for u.s. adults: National health interview sur-

vey, 2014, http://ftp.cdc.gov/pub/Health_Statistics/NCHS/NHIS/SHS/2014_

SHS_Table_A-1.pdf.

[30] Abbas K Abbas and Rasha Bassam, Phonocardiography signal processing, Synthesis

Lectures on Biomedical Engineering 4 (2009), no. 1, 1–194.

[31] P.S. Addison, The illustrated wavelet transform handbook: Introductory theory and

applications in science, engineering, medicine and finance, Taylor & Francis, 2002.

[32] Christine C Balili, Ma Caryssa C Sobrepena, and Prospero C Naval, Classification of

heart sounds using discrete and continuous wavelet transform and random forests, 2015

3rd IAPR Asian Conference on Pattern Recognition (ACPR), IEEE, 2015, pp. 655–659.

[33] K Banitsas, P Pelegris, T Orbach, D Cavouras, K Sidiropoulos, and S Kostopoulos,

A simple algorithm to monitor heart rate for real time treatment applications, 9th

Int. Conf. on Information Technology and Applications in Biomedicine (ITAB), 2009,

pp. 1–5.

[34] JM Barber, O Magidson, and Paul Wood, Atrial septal defect: With special reference

to the electrocardiogram, the pulmonary artery pressure and the second heart sound,

British heart journal 12 (1950), no. 3, 277.

[35] Ha Barcroft and OG Edholm, The effect of temperature on blood flow and deep tem-

perature in the human forearm, The Journal of physiology 102 (1943), no. 1, 5–20.

110

https://developer.android.com/reference/android/app/Activity.html
http://csrc.nist.gov/groups/ST/toolkit/documents/dss/NISTReCur.pdf
http://csrc.nist.gov/groups/ST/toolkit/documents/dss/NISTReCur.pdf
http://www.ecc-brainpool.org/download/Domain-parameters.pdf
http://www.ecc-brainpool.org/download/Domain-parameters.pdf
http://www.secg.org/download/aid-780/sec1-v2.pdf
http://www.secg.org/download/aid-780/sec1-v2.pdf
http://www.cdc.gov/nchs/data/nvsr/nvsr64/nvsr64_02.pdf
http://www.cdc.gov/nchs/data/nvsr/nvsr64/nvsr64_02.pdf
http://ftp.cdc.gov/pub/Health_Statistics/NCHS/NHIS/SHS/2014_SHS_Table_A-1.pdf
http://ftp.cdc.gov/pub/Health_Statistics/NCHS/NHIS/SHS/2014_SHS_Table_A-1.pdf


[36] Elaine Barker, William Barker, William Burr, William Polk, and Miles Smid, NIST

special publication 800-57, NIST Special Publication 800 (2007), no. 57, 1–142.

[37] Thomas Biancaniello, Innocent murmurs, Circulation 111 (2005), no. 3, e20–e22.

[38] Joaquin A Blaya, Hamish SF Fraser, and Brian Holt, E-health technologies show

promise in developing countries, Health Affairs 29 (2010), no. 2, 244–251.

[39] Maged N Kamel Boulos, Steve Wheeler, Carlos Tavares, and Ray Jones, How smart-

phones are changing the face of mobile and participatory healthcare: an overview, with

example from ecaalyx, Biomedical engineering online 10 (2011), no. 1, 1.

[40] JS Bridle and MD Brown, An experimental automatic word recognition system, JSRU

Report 1003 (1974), no. 5.

[41] J.D. Bronzino, The biomedical engineering handbook 1, The electrical engineering hand-

book series, Springer Berlin Heidelberg, 2000.

[42] Ian Cathers, Neural network assisted cardiac auscultation, Artificial Intelligence in

Medicine 7 (1995), no. 1, 53–66.

[43] Vikram Chandrasekaran, Ram Dantu, Srikanth Jonnada, Shanti Thiyagaraja, and

Kalyan Pathapati Subbu, Cuffless differential blood pressure estimation using smart

phones, IEEE Transactions on Biomedical Engineering 60 (2013), no. 4, 1080–1089.

[44] Sunita Chauhan, Ping Wang, Chu Sing Lim, and Venkataraman Anantharaman, A

computer-aided mfcc-based hmm system for automatic auscultation, Computers in Bi-

ology and Medicine 38 (2008), no. 2, 221–233.

[45] Tian-hua Chen, Pei-yuan Guo, Su-xia Xing, and Yu Zheng, A new method of sorting

of heart sound signal based on wavelet transform and parameter model method, Bioin-

formatics and Biomedical Engineering (iCBBE), 2010 4th International Conference on,

IEEE, 2010, pp. 1–4.

[46] Michael A Chizner, Cardiac auscultation: rediscovering the lost art, Current problems

in cardiology 33 (2008), no. 7, 326–408.

[47] Samjin Choi and Zhongwei Jiang, Cardiac sound murmurs classification with autore-

111



gressive spectral analysis and multi-support vector machine technique, Computers in

biology and medicine 40 (2010), no. 1, 8–20.

[48] J.S. Coviello, Auscultation skills: Breath & heart sounds, Wolters Kluwer Health, 2013.

[49] Amol Dabholkar and Kin Choong Yow, Efficient implementation of elliptic curve cryp-

tography (ECC) for personal digital assistants (PDAs), Wireless Personal Communi-

cations 29 (2004), no. 3-4, 233–246.

[50] SM Debbal and Fethi Bereksi-Reguig, Automatic measure of the split in the second

cardiac sound by using the wavelet transform technique, Computers in Biology and

Medicine 37 (2007), no. 3, 269–276.

[51] Sharmishta Desai, RK Bedi, BN Jagdale, and VM Wadhai, Elliptic Curve Cryptography

for smart phone OS, Advances in Computing and Communications, Springer, 2011,

pp. 397–406.

[52] Abdelghani Djebbari and F Bereksi Reguig, Short-time fourier transform analysis of

the phonocardiogram signal, Electronics, Circuits and Systems, 2000. ICECS 2000. The

7th IEEE International Conference on, vol. 2, IEEE, 2000, pp. 844–847.

[53] Cong-Thanh Do, Dominique Pastor, and André Goalic, On the recognition of cochlear
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