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In developing countries, acute respiratory infections (ARIs) are responsible for 

two million deaths per year. Most victims are children who are less than 5 years old. 

Pneumonia kills 5000 children per day. The statistics for cardiovascular diseases (CVDs) 

are even more alarming. According to a 2009 report from the World Health 

Organization (WHO), CVDs kill 17 million people per year. In many resource-poor parts 

of the world such as India and China, many people are unable to access cardiologists, 

pulmonologists, and other specialists. Hence, low skilled health professionals are 

responsible for screening people for ARIs and CVDs in these areas. For example, in the 

rural areas of the Philippines, there is only one doctor for every 10,000 people. By 

contrast, the United States has one doctor for every 500 Americans. Due to advances in 

technology, it is now possible to use a smartphone for audio recording, signal processing, 

and machine learning.  In my thesis, I have developed an Android application named 

Smart Auscultation. Auscultation is a process in which physicians listen to heart and 

lung sounds to diagnose disorders. Cardiologists spend years mastering this skill. The 

Smart Auscultation application is capable of recording and classifying heart sounds, and 

can be used by public or clinical health workers. This application can detect abnormal 

heart sounds with up to 92-98% accuracy. In addition, the application can record, but 

not yet classify, lung sounds. This application will be able to help save thousands of 

lives by allowing anyone to identify abnormal heart and lung sounds.
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CHAPTER 1

INTRODUCTION

1.1. Motivation

Many resource poor regions in the world struggle to get basic medical facilities. In

most cases economically weaker people cannot afford private hospitals. Government operated

hospitals are cheaper but they lack the facilities and infrastructure, so diagnosis of diseases

is often difficult. In some places, even when the advanced technological equipment is made

available, there is a lack of people who understand and operate them correctly. Considering

the fact that most of the world’s population is living in poverty, there is a need of low cost

and reliable measurement devices in the developing countries of the world. [15]

The lack of proper medical attention for patients in developing nations has fatal

consequences. In particular, acute respiratory infections (ARIs) are responsible for two

million deaths per year and are the leading cause of mortality in children under five years

of age in these countries according to a World Health Organization survey in 2009. It is

critical that when children first display the symptoms of an ARI, such as a cough or rapid

breathing, the appropriate diagnosis is made and treatment begins immediately. Otherwise,

the risk of death increases dramatically. [12]

The rapid evolution of mobile technologies can be leveraged to find the solution for

the above mentioned problems. The available sensors in the mobile phone like camera,

microphone, accelerometer, etc. can be used to diagnose some of the diseases. The cost

of mobile devices is low and they are now a days available within economically weaker

communities as well.

1.2. Introduction

The number of people using the mobile phone in the world was 4.2 billion in 2014

according to a survey. Today it is even more than that. These statistics show that we

have a great potential of improving lives if we can put these mobile phones to good use.

Technology is advancing with each passing day and the sensors in the mobile phone are
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getting more powerful. An open source operating system like Android encourages application

development. A lot of health care applications like Doctor on demand, Hello MD, etc are

being built these days, which help users connect with a doctor using their mobile phone.

In a recently published paper [20] , Smart-phone has been used to classify the breath

phase automatically. Authors performed the experiment with 13 healthy volunteers breath-

ing at different frequencies. They are using camera and microphone of the smart phone to

collect the picture of chest and breath recording respectively.

1.3. The Heart Background

1.3.1. 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 1.1, 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

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. [22]
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Figure 1.1. Structure of the human heart and the path of blood flow in the

heart chambers. Uploaded in Wikipedia by Eric Pierce. Free license.

1.3.2. 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

[24, 4, 1]. S1 has a typical duration of 100 - 200 ms [1]. Its frequency components lie in the

range of 40 - 200 Hz [1, 21].

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 [24, 4, 1].
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Figure 1.2. A normal cardiac cycle showing the S1 and S2 sounds.

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 [24, 21].

1.3.3. 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) [10]. Figure 1.3 shows the areas of the chest where

auscultation is performed. Table 2.1 shows the list of heart sounds heard in each area. [22]

1.3.4. Heart Split Sound

As explained before, 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 [11, 17, 19, 5]. 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,
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Figure 1.3. The four auscultation sites. Picture by Guyton and Hall.

Table 1.1. 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

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

and tricuspid stenosis [5, 24].

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 [5, 24].

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
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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. [22]

1.4. Objective

Objective of this thesis is to develop an efficient Android phone application to record

the heart or lung sounds with the use of custom low cost electronic stethoscope. Recording

different sounds is crucial as it can be further used for training a machine learning model.

This model could ultimately be used for classification, helping us in diagnosing a disease.

The existing Heart Sound application has numerous issues, I intend to fix those issues

and make the application stable. Additionally, I will add a new module to record, filter and

classify the lung sounds.

1.5. Outline of Thesis

The focus of this thesis is to improve the existing mobile application to record and

process the heart sounds and add a new module to record and classify lung sounds. The

short description of what is included in each chapter is given below.

• Chapter 2 includes the existing work done in the heart sound project and the im-

provements done in recording and classification of heart sounds in this thesis.
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• Chapter 3 includes the features, software implementation and performance analysis

of the revamped application.

• Chapter 4 covers the Experiments performed for classification, with the addition of

data and the comparison of accuracy with and without the use of auscultation area.

• Chapter 5 covers the future scope in the field of lung sound classification and other

improvements. Additionally, it includes the lung anatomy, lung auscultation, lung

diseases, lung sounds and its classification.

• Chapter 6 covers the conclusion of the thesis along with limitations and learning.
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CHAPTER 2

HEART SOUND APPLICATION IMPROVEMENTS

2.1. Introduction

This chapter covers the existing work, issues and the improvements made in the Heart

sound application. Additionally, it covers the algorithms that we implemented to solve the

problem of peak detection and peak selection.

2.2. Legacy Application

We had an existing Android application for blood pressure monitoring which was

developed in Network Security Lab. This application was developed to gather the heart

sounds and pulse data. This data was used to find out the blood pressure of the patient.

Pulse data was gathered using the camera and flash light of the phone and heart sounds

were gathered using the stethoscope connected to microphone.

This application was later modified by Thiyagaraja [22] to record and classify the

heart sounds. We had the following limitations and issues with the application:

(1) This application was not supported in Android phones with API level 10 and above.

This was due to the use of OpenCV library used in the code. As a result of that,

application was not usable on the latest Android platforms.

(2) Peak detection technique used was in accordance with the blood pressure monitor-

ing application, where for accurate detection of peaks, pulse synchronization was

needed. However, taking the user’s pulse for heart sound classification was unnec-

essary.

(3) This application displayed the frequency range view to the user. This view makes

little sense to the user when audio signals are recorded.

(4) ‘Result View’ used to show just the single signal used for classification. We don’t

get to see which particular signal out of the whole recording was used for the clas-

sification.
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(5) Application took around 12 to 15 seconds for split detection and classification of a

single signal.

(6) Peak detection view used to display on frequency range which makes less sense to

which peak is being detected.

(7) Issues in the s1-s2-s1 peak selection which often resulted in ArrayIndexOutOfBound

error.

(8) The application design wasn’t flexible for the addition of new module and processing

of more signals.

(9) Testing was done in a stand-alone java desktop application where it was difficult to

keep a record of test cases.

2.3. Improvements

• The issues in the existing application mentioned above have been addressed along

with the addition of new features and modules that will be covered in the next

chapter.

• This version of the application has been renamed to Smart Auscultation Application

as it can be used to auscultate both heart and lungs. The current application is

supported in Android phones with API level 16 and above, the problem of platform

support has been fixed and the application supports all the latest generation Android

phones.

• In this version, the peak detection technique of blood pressure application has been

eliminated and we have used a new technique drastically improving the accuracy of

peak detection.

• The User Interface has been changed to show the ‘time line view’ of the signals when

audio is being recorded, which makes more sense that the frequency view.

• We found that, if the peaks and lub-dub signal is not correctly detected we do

not get the correct classification. So, instead of using just one signal we selected

multiple signals. i.e. from 2 to 9 signals. A lub-dub selection algorithm has been

implemented to select the Lub-dub signals which satisfies the defined heuristics.
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Figure 2.1. Steps involved in peak detection method

• Design and data flow in the application has been improved, reducing the processing

time for each lub-dub signal to 1-2 seconds.

• Changed the peak detection view which shows the peaks on the run when the sound

is being recorded.

2.4. Peak Detection Technique

The peak detection technique used previously was based on Fast Fourier Transform

and it required the pulse data to correctly determine the peaks. After eliminating the pulse

detection part from the application, there was a need for a reliable peak detection method.

A block diagram of the method is shown in Figure 2.1. The following steps are used to detect

peaks in the updated application.

(1) First step is pre-processing stage in which, we perform down-sampling and signal

normalization. The original signals are recorded at 8kHz sampling rate. For the ease

of calculation, we down-sample it to 500 Hz. These multiple samples are sufficient

enough to find the peaks correctly. Additionally, the signal’s amplitude range may

vary significantly so we normalize the signal by subtracting the mean of all the

10



Figure 2.2. 1. Original Signal (Top) 2. Differentiated and Squared signals

(Bottom)

signals from each data point’s amplitude.

(2) In the second step, the signal was differentiated and squared. The resultant signals

are shown in the Figure 2.2

(3) In the third step, local maxima detection algorithm is used with a window of 110

ms. The value was determined after experimenting with heart sound signals from

different patients.

(4) In this step, the threshold value of amplitude is used to ignore the peaks which are

less than that value. It results in the highly accurate peak detection on the heart

sound signals. Figure 2.3 shows the detected peaks.

2.5. Peak Selection Method

Peak selection is important specially if there is no filtering mechanism implemented.

Peak detection method may detect some noisy peaks in between the original heart sound

signals. According to our observation, the rubbing sound of diaphragm with the chest is

introduced as a noise sometimes. To eliminate such peaks and the heart sound signals in

11



Figure 2.3. Peaks detected in final step

Algorithm 1 Peak selection algorithm

1: procedure selectPeaks . Selects the peaks and adds it to lub-dub list

2: for peak in peakList do

3: Find out the difference between previous peak time and current peak time

4: Add the difference in diffrenceList

5: previousPeakTimestamp = currentPeakTimeStamp

6: i=0

7: for item in differenceList do

8: if previousItem > 250 && previousItem < 350 && item > 350 &&item < 800

then

9: set firstS1Timestamp = peakList(i− 2)

10: set firstS2Timestamp = peakList(i− 1)

11: set secondS1Timestamp = peakList(i)

12: Add this signal to Lub-dub signal list

13: previousItem = item

14: i++
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which we may not have the required signals, peak selection step is necessary.

Algorithm 1 shows the implementation of this method. According to the physiology,

diastole takes about twice as long as systole, there is a longer pause between S2 and S1 than

there is between S1 and S2. Observation with heart sounds from different patients have

shown that the time-stamp difference between S1 and S2 ranges from 250 to 350 ms and the

time-stamp difference between S2 and next S1 ranges from 350 to 800 ms. Based on this

observation we select the peaks which fits in this range and create the list of LubDubSignal

instances described in next section. However, rapid heart rates can shorten diastole to the

point where it is difficult to discern which is S1 and which is S2. Our algorithm may not

work correctly in such scenarios, We need the pulse data to find out the S1 and S2 in such

cases.

2.6. Lub-Dub Signal Module

While working towards making the application more modular and multi-threaded, it

has been found that there is a need of a new class to store the Lub-Dub Signal related data.

So the ”LubDubSignal” class has been created. It contains the following instance fields.

• firstS1Timestamp : This variable stores the time stamp of first s1 signal detected

for a lub-dub sound. The lub-dub signal starts from this point. We have selecting

the point 80 ms earlier from the point where we actually found s1, So that we could

include the correct signal from the start. Otherwise, it may attenuate the initial

part.

• firstS2Timestamp : This variable stores the time stamp of the first s2 signal detected

for a given lub-dub sound. We have selected the point 150 ms earlier from the point

where we actually found the s2. This value will be needed while cutting the lub-dub

signal into two parts of s1 and s2 before feeding it to split detection algorithm.

• secondS1Timestamp : This variable stores the time stamp of the second s1 signal

detected for the given lub-dub signal. At this point the lub-dub signal is expected

to end.
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• s2index : This is the integer value index of the s2 signal. It indicated at what

distance s2 is present from the signal start point.

• murmurResult : This is a ‘String’ in which we store the murmur classification result

associated with this lub-dub sound.

• isSplitDetected : This is a boolean variable which indicated if the s1 or s2 split is

found. This value is helpful in murmur classification at the end.

• lubdubSound : This is an array list of short values. It stores all the short values

fetched from the chunk data, which we get as call-backs from the microphone.

2.7. Testing Framework

We have used JUnit test framework to test the audio signals with our classifiers. Test

signals have been stored in the assets directory of the Android project. Each test case reads

the signals from the file and feed it to our classification program. It then compares the

classification result with the known result.

Algorithm 2 JUnit Test Algorithm

procedure testMurMur . feeds the known signal and tests it against classification

reader ← read the test data file from Assets

3: i=0

for line = reader.readLine! = null do

heartSound[i]← line

6: i+ +

set the known Auscultation area

result← heartSoundClassification.getClassificationResult(heartSound)

9: assertEquals(knownResult, result) . Check if the result matches with the known

result

2.8. Multi-Threaded Application Design

Figure 2.4 shows the multi-threaded application design. When the application was

initially developed [22], it was working to process just one heart sound signal at a time.
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Figure 2.4. Multi-threaded application design

Eventually, it was found that we cannot rely on just one signal’s classification and split

detection result. Therefore, The application has been modified to work with a number of

threads processing different signals at a time. After the processing of all the threads is

finished, the split and classification result is printed on the screen in the form of a table.

It can be seen in the Figure 2.4, first step in the process is the heart sound segmenta-

tion or Lub-Dub sound instance creation for our application. Each segment is then fed to a

Low-Pass Filter Task to filter out the high frequency sounds in different threads. The result

of the Low-pass filter is appended together and fed to an Audio Generation Task. This task

is responsible to consolidate all the lub-dub signals together and keep it ready to be played

by the end user. When user clicks on the ‘play’ button the sound generated from this module

is triggered. Each thread then goes to Calculate Split Task to find if there exists any S1 or

S2 split in the heart sound. The split time calculated by this module is kept in a buffer to be

used at the end while printing the results and these results are fed to a Classification Task

instance. Classification Task module classifies the audio signal into one of the 8 designed

murmur class. Furthermore, the classification decision is made on the basis of existence of

the split in the heart sound, auscultation area and murmur class. The final result from each

15



Table 2.1. Total time of analysis and classification per audio recording for

various smart phones

Smart phones Processing power Old Time (s) Improved Time (s)

Samsung S5 Quad-core 2.5 GHz Krait 400 10.10 1.15

Samsung Note 5 Quad-core 1.5 GHz Cortex-A53 9.53 1.03

Samsung Note 4 Quad-core 2.7 GHz Krait 450 9.91 1.10

HTC One M8 Quad-core 2.3 GHz Krait 400 15.64 1.54

thread is displayed on the UI at the end.

2.9. Graphing the Signals

The graphing of signal on the Android user interface is one of the important features.

At the end of the recording, when we get the classification result on the final screen, the user

should be able to see the recording and the selected signals for analysis clearly. Algorithm 3

is used to parse though the list of all the selected lub-dub signals and then plot the selected

S1 signal and S2 signal in different colors. First audio series contains S1 sound signals,

second audio series contains S2 sound signals, and the generic audio series contains all the

other signals which are not chosen for analysis.

2.10. Results

Table 2.1 shows the comparison of processing time for the previous application and

the current application.

The peak detection method has been tested with heart sounds from different pa-

tients. The algorithm has been tested with different kind of heart murmurs and the results

are presented in the Table 2.2. Even if one correct signal is chosen by the algorithm for

classification, the method is considered to be accurate for that patient recording.

2.11. Conclusion

The initial challenge was to implement the efficient peak detection and lub-dub sound

selection algorithm to cut the correct signals. A peak detection algorithm has been imple-
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Algorithm 3 Lub-dub signal cutting algorithm

procedure createLubDubAudioSignal(lubDubSignalList)

2: audioDataList← read Audio Data List

i = 0

4: for lubdubSignal in lubdubSignalList do

define chunkData . It is the list of short audio data points

6: isS2Reached← false

while i < audioDataList.size do

8: shortData← audioDataList(i).getChunkData

timeStamp← audioDataList(i).getT imestamp

10: for item in shortData do

if timestamp >= lubdubSignal.getF irstS1Timestamp then

12: if chunkData.size < 11000 then

. Check the size to avoid the OutOfMemory Error

Add item to chunkData

14: if isS2Reached then

Add item to second audio series

16: else

Add item to first audio series

18: else

Add item to generic audio list

20: if timestamp >= lubdubSignal.getSecondS1Timestamp then

. First lubdub sound has been captured, so break the audioList iteration

break audioListLoop

22: if timestamp < lubDubSignal.getFirstS2Timestamp + 5 &&

timestamp > lubDubSignal.getF irstS2Timestamp− 5 then

lubDubSignal.S2Index← chunkData.size

24: isS2Reached← true . Make note that s2 has reached
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Increment the timestamp with the length of single short value

26: i+ +

lubdubSignal.lubDubSound← chunkData

28: Set the range for graphing the data based on above values

Plot the peaks using the Audio peaks list

mented followed by the peak selection algorithm. While selecting the appropriate heart

sound signals, the challenge was to ignore the potential noisy signals and the signals in

which the correct peaks were not detected. This problem was solved by introducing the

algorithm based on the heuristics of the signals. The range of the time-stamp was decided

on the basis of the physiological fact that a diastole takes about twice as long as a systole; so

there is a longer pause between S2 and S1 than there is between S1 and S2. This approach

solved the problem and works well with most kind of murmurs. However the limitation of

this method is that the rapid heart rates can shorten the diastole to the point where it is

difficult to discern which is S1 and which is S2.

The application has been significantly improved to record and segment the heart

sounds. The proposed methods of peak detection and heart sound segmentation are covered

in this chapter.
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Table 2.2. Test results of signal segmentation accuracy

Heart sounds Number of test patients Segmentation Accuracy(%)

Normal (N) 10 100

S1 Split (S1S) 4 75

S2 Split (S2S) 4 75

Aortic stenosis (AS) 7 100

Pulmonic stenosis (PS) 8 75

Mitral regurgitation (MR) 8 62.5

Tricuspid regurgitation (TR) 8 50

Mitral valve prolapse (MVP) 8 75

Atrial septal defect (ASD) 8 100

Ventricular septal defect (VSD) 10 100

Flow murmur (FM) 8 100

Aortic regurgitation (AR) 8 50

Pulmonic regurgitation (PR) 8 87.5

Mitral stenosis (MS) 8 50

Tricuspid stenosis (TS) 8 62.5

Patent ductus arteriosus (PDA) 8 50
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CHAPTER 3

SMART AUSCULTATION MOBILE APPLICATION

3.1. Introduction

Physicians auscultate the heart and lungs in an attempt to find any abnormalities

which may relate to a disease. The limitation in this process is that, physician may miss

some abnormality which may result in exacerbation of the disease. In this thesis, an Android

application has been developed which will help the physician or a normal user to auscultate

heart and lungs and detect any abnormality if it exists. Additionally, the recorded sound

can be saved to a database to keep with other medical records so that someone else can refer

it anytime in future.

This application is especially useful in resource poor communities where costly medical

instruments are not available or cannot be afforded. It can be used in clinical, hospital, or

home-care settings. It can also be used to provide the medical care to remote places where

specialized doctors are not available.

This application is the second version of ‘Heart Sound Application’. Version 1 has

been significantly improved in performance and many new features have been added in

version 2 named as ‘Smart Auscultation’(herein refereed as App).

3.2. System Requirements

• Android phone with API level 19 or above

• 1 GB of RAM

• 3.5mm audio jack to attach custom stethoscope

• 50 - 18,000Hz frequency response

• Analog stethoscope (Custom stethoscope in our case)

3.3. Features

• Recording of Heart and Lung Sounds

• Saves recording separately for auscultation areas
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• Replay feature to play the previously recorded sounds at anytime and reclassify

them.

• Classification of Lung sounds into Wheezing, Crackles and Normal class

• Classification of Heart Sounds into specific type of Murmur

• Listening to the Heart/Lung sounds when they are being recorded

• Generate electronic media record for Heart/Lung sounds

• Share the results

3.4. Software Implementation

The Android application design has the main Activity named ’SmartAuscultationAc-

tivity’. This activity acts as a parent for all the control flows. There are Several Fragments

whose transaction takes place in this Activity. This application has been designed following

the State Pattern of the Object Oriented Design. In this pattern application changes from

one state to another and performs dedicated action in each state. App can also return to

previous state, which rolls back the actions and release the resources not required in that

state. In this App, we have following states and mentioned fragments associated with them

to show the respective content in that state on the user interface.

• Module Selection State - ModuleSelectionFragment

• Auscultation Area State - HeartAuscultationFragment / LungAuscultationFrag-

ment

• Audio Graphing State - AudioRecordFragment

• Recording State- AudioRecordFragment

• Post Recording State- HeartResultFragment / LungResultFragment

• Patient Details State - PatientDetailsFragment

• Stopped State - No extra fragment required

Flow diagram of the high level software design is shown in Figure 3.1. This design

shows the inputs required from the user in each state and the actions performed in each step.

The App design has been changed to work efficiently with the newly introduced modules.
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Figure 3.1. Flow chart showing application flow
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(a) (b)

Figure 3.2. 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

The details of each module are as given below:

3.4.1. Application Start

Application launches with the Splash Screen and shows the dialog box. User can

either create a new user account or use the existing account. Keeping separate accounts

helps users track logs separately. In a hospital setup, same device can be shared by different

clinical health care workers to keep the record of patients they are auscultating. Figure 3.2

shows the screen captures.

3.4.2. Module Selection

This module displays the list on the user interface for the selection of Heart or Lung

Sound Auscultation. It is shown in Figure 3.3a.
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(a) (b)

Figure 3.3. Interface to select the module and heart auscultation area: (a)

Module selection screen; (b) Heart Auscultation area selection screen

3.4.3. Auscultation Area Selection

This module displays the image of heart’s auscultation area selection or lung’s auscul-

tation area selection based on which module is selected by the user. The Heart Auscultation

Area selection is shown in the Figure 3.3b. Users can select one of the four auscultation

areas i.e. Aortic, Pulmonary, LLSB, Mitral (also known as apex). For lung auscultation

area we have Anterior or Posterior side selection and the area selection.

Anterior areas are as given below:

• Trachea

• Upper right lung field

• Upper left lung field

• Middle left lung field

• Middle right lung field

• Lower right lung field

• Lower left lung field
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(a) (b)

Figure 3.4. Interface to select either Anterior or Posterior auscultation area:

(a) Anterior auscultation areas for lungs; (b) Posterior Auscultation areas for

lungs

Posterior areas are as given below

• Upper left lung field

• Upper right lung field

• Middle right lung field

• Middle left lung field

• Lower left lung field

• Lower right lung field

• Right costophrenic angle

• Left costophrenic angle

3.4.4. Audio Graphing

After the selection of Auscultation area, App starts the microphone polling internally

and users can see the graph of audio signals on the screen. In case of Heart Auscultation,

it can be observed that the peak detection works at the same time. One audio series plots
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(a) (b)

Figure 3.5. Heart Sound related graphs: (a) Screen shot of the audio record-

ing screen (b) Screen shot of the result screen showing selected s1 and s2 in

different colors

the audio graph in blue color and another series plots the peak points in green color on

the graph. These peak points can later be used for appropriate peak selection and Lub-dub

sound cutting or heart sound segmentation.

3.4.5. Audio Recording

In Audio Graphing phase, audio is just being graphed and not recorded. A record

button has been provided on the User Interface. When user clicks that button, audio record-

ing starts in the background. The progress bar shows the progress of recording on the UI

and a timer has been implemented to stop the recording after 10 seconds. The user gets

directed to the next screen automatically at the end of 10 seconds.

3.4.6. Heart Sound Module

This module works in the background and does not display anything on the UI. Figure

2.4 shows the multi-threaded design which works in the background. All the processing which

takes place there is a part of Heart Sound Module.
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3.4.7. Lung Sound Module

After the Lung sound has been recorded in the Audio Recording module, it goes to

Lung sound module where the Classification of signals can take place. This module is ready

with implementation, however due to the lack of data to train the model, this module has

been kept unimplemented.

3.4.8. Result Display

The result of the split detection module and murmur classification module is displayed

on the User Interface when the results from all the threads are obtained. The result is shown

in the form of a table as displayed in Figure 3.5b. Each row is a record of one Heart sound

from the complete 10 second recording. We have S1 split time, S2 split time, Split detection

result and classification result for each sound in this table. Additionally, the waveform

displays the selected S1 and S2 signals in pink and red colors respectively, so that the user

can look at the waveform for all the heart sounds displayed on the table.

The result display screen for Lung sounds is shown in Figure 3.6a. The classification

of lung sounds has been included as a future work in this thesis.

3.4.9. Audio Playback

The Audio playback feature has been improved from the previous version of the

application in which it was just playing one heart sound in a loop. In the ’Smart Auscultation’

version, a button has been provided on the results display screen for the audio playback.

When user clicks on this button, the audio summed up from all the threads is played one

after the other and then in a loop. This feature helps physicians listen to the filtered and

amplified Heart sounds again and again to help them reach the correct diagnosis.

3.4.10. Patient Details

In clinical trials, when the data from Heart patients is gathered, physicians need to

note down some information related to the recording. This information was noted on paper

in the previous version and later used while training the model again. However, addition of

this new module facilitates the physician to note down the information at the same place
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(a) (b)

Figure 3.6. Screen shots showing final screens (a) Screen capture showing

the result of lung classification; (b) Screen capture showing the patient details

screen to the user

on the screen shown in Figure 3.6b. This screen is displayed when user clicks on the ’Next’

button on the Result display screen.

The diagnosis noted by the physician can be used while retraining the model with

additional data. Other demographic information is optional. If available, that data can be

used to further analyze the data on the basis on age and gender.

3.4.11. Class Diagram

Figure 3.7 shows the relation between few important classes in the application.

3.4.12. Application Log Files

Log files are very important for the App as they can provide all the required infor-

mation about the session. They provide the following information.

• Peak timestamps

• Auscultation Area

• Probabilities estimated for each model
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Figure 3.7. Class diagram showing the important classes

• Classification Result

• Classification Model

Furthermore, the audio recording of each session is saved at the same time. So that, The

same heart or lung sounds could be replayed at any point of time later to analyze the result.

Interestingly, the recording can be used to see the results with changed model. It goes

through the peak detection and murmur classification module again.

3.5. Performance Analysis

The heart sound patient data collected from clinical trials at UTSouthwestern has

been analyzed again to cut the signals manually. It was found that many of the signals were

noisy and hence they were not considered while rerunning the experiments. The revised Table

3.1 shows the number of patients with different types of murmur which were considered for

classification.

The issue of over-fitting has been minimized while performing these experiments by

using the signals from different patients for training and testing. Heart Sound data from 5

normal and 3 flow murmur patients was taken for training along with the CD data and data
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Table 3.1. Data collection of heart sounds and actual patients from clinical trials

Heart sounds Number of patients

Normal (N) 11

Aortic stenosis (AS) 6

Mitral regurgitation (MR) 2

Tricuspid regurgitation (TR) 1

Flow murmur (FM) 6

Aortic regurgitation (AR) 1

Mitral stenosis (MS) 2

Total 29

Table 3.2. Accuracy of each heart sounds collected from the patients

Heart sounds Accuracy (%)

Normal 76.19

Aortic stenosis 68.00

Mitral regurgitation 75

Flow murmur 87.00

Aortic regurgitation) 66

Mitral stenosis 33.33

collected from online resources. Remaining data was used for testing. Table 3.2 shows the

accuracy achieved in the classification.

3.6. Conclusion

The Heart Sound application has been modified to fix the critical bugs and to improve

performance. The feature of recording lung sounds has been added and the application has

been renamed as ‘Smart Auscultation’. The challenge in the application development was

to understand the current implementation and addition of new modules. The application
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Table 3.3. Number of heart sounds correctly identified as normal or abnor-

mal case.

Input — Result Normal Abnormal

Normal 21 (TN) 5 (FP)

Abnormal 3 (FN) 38 (TP)

was buggy, slow and the state pattern implemented was for different purpose. A new state

pattern has been implemented with additional features like logging and replay of the signals.

The limited data is currently a major limitation of the study. Even though the

application is good at recording and picking the correct signals, the classification accuracy

is on the lower side because of the smaller number of patients in each category.
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CHAPTER 4

EXPERIMENTS WITH CLASSIFICATION

This chapter introduces the techniques used for classification of heart sounds. It is

an extension of the work done in Network Security Lab towards the development of “Heart

Sound Application”.

4.1. Introduction

Once we have the mobile application to record the heart sound signals, next step is

the segmentation and classification of those signals. Different machine learning algorithms

are being used by researchers to perform the classification of heart sound signals into different

murmur class. [3, 23, 9, 8] Artificial Neural Network (ANN), Support Vector Machine (SVM)

and Hidden Markov model (HMM) are the most common techniques. The combination of

MFCC and HMM is popular for classification and it has been used in our application so far.

However, there were the following limitations which are being addressed in this thesis.

• The Heart sound signals used for training and testing are used from the same pa-

tients while performing the experiments with data collected from clinical trials.

• The accuracy was not compared with the accuracy obtained when we do not consider

the auscultation area. This comparison could help to understand the importance of

using auscultation area.

4.2. MATLAB Script

Data collection and data heart sound segmentation was the first step towards creating

the training and test sets for the experiments. There was a need to manually segment the

data to cut the S1-S2 signals from the complete recording. This task was done manually

before, however, a new MATLAB script has been written to plot the audio file so that the

user will be able to select multiple cursor points using ALT key and mouse click. As soon as

the user presses the ‘Enter’ key, the cut signals get saved in the specified file with each S1-S2
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on separate line. It creates the entry of this transaction into a log file with Date, source file

URL, destination file URL and the chosen points to segment the signals.

4.3. 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 [2].

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 4.1 . Since heart 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 [16]:

(1) Mel = 2595× log10

(
1 +

f

700

)
Where f is in terms of Hz. The steps for MFCC implementation are as follow [14, 13]:

(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

are chosen per frame. For example, automated speech recognition uses 12 coefficients per
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Figure 4.1. Mel scale as a function of frequency in Hertz. Uploaded to

Wikipedia by Krishna Vedala. Free license.

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

coefficients. [22]

4.4. 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 [7, 25, 6, 18]. 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

(2) aij =
number of transitions from state i to j

number of transitions from state i
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B: the observation probability matrix. B = {bj(ot)} where

(3) 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). [22]

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 [7, 18]:

Initialization (t = 1)

(4) a1(i) = a0i · bi(o1)

Induction (2 ≤ t ≤ T-1)

(5) at+1(j) =

[
S∑
i=1

at(i) · aij

]
· bj(ot+1)

Termination (t = T)

(6) P (o1...oT ) =
S∑
i=1

aT (i)

To train a model, the probability of the model has to be maximized by adjusting the

HMM parameters:

(7) argmax
λ

P (O|λ)

35



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

(8) 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)(9)

aj(t+ 1) = bj(ot+1)
S∑
i=1

ai(t)aij(10)

Computing backward probabilities:

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

(11) bt(i) = P (ot+1...oT |st = i, λ)

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(12)

bi(t) =
S∑
j=1

bi(t+ 1)aijbj(ot+1)(13)
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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)

(14)

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)

(15)

The HMM parameter can be estimated as:

π̄ = γi(1)(16)

āij =

∑T−1
t=1 εij(t)∑T−1
t=1 γi(t)

(17)

b̄i(k) =

∑T
t=1 δOt,okγi(t)∑T

t=1 γi(t)
, σOt,ok = 1 if Ot = ok and 0 otherwise(18)

4.5. Data Set

The data-set used in this study, shown in Table 4.1 was available in the Network

Security Lab.[22]

4.6. Results

The experiments were performed again with the addition of data and after resolving

the over-fitting issue. Table 4.2 displays the accuracy obtained with and without the use of

auscultation area.

4.7. Conclusion

In the initial experiments, heart sound signals from the same patients were used

for training and testing. We found that, this is not the correct method and may lead to

misleading results. In this case, I had to manually cut the signals collected from clinical

trials to take the different patient data for training and testing. I performed the experiments

with the additional data collected from the clinical trials at UTSouthwertern. It was found

that, when the experiments were performed using all the models and comparing it with all

abnormalities, the accuracy was low. However, with the use of information of auscultation

area, we achieved the better accuracy as shown in Table 4.2
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Table 4.1. Heart sound types and the number of training and test data

Heart sounds Training data Test data

Normal (N) 27 26

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 206 198
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Table 4.2. Accuracy of each type of heart sounds with and without the use

of auscultation area

Heart sounds Accuracy with

auscultation

areas

Accuracy with-

out auscultation

areas

Normal (N) 76.92 61.53

Aortic stenosis (AS) 72.72 45.45

Pulmonic stenosis (PS) 81.25 43.75

Mitral regurgitation (MR) 78.57 35.71

Tricuspid regurgitation (TR) 54.54 27.27

Mitral valve prolapse (MVP) 100 81.25

Atrial septal defect (ASD) 87.50 -

Ventricular septal defect (VSD) 100 -

Flow murmur (FM) 75 50

Aortic regurgitation (AR) 66.66 26.66

Pulmonic regurgitation (PR) 66.66 50.00

Mitral stenosis (MS) 89.47 73.68

Tricuspid stenosis (TS) 100 88.23

Patent ductus arteriosus (PDA) 88.24 47.05
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CHAPTER 5

FUTURE WORK

5.1. Introduction

Although the improvements have been made in the application, there is further scope

for improvement. Peak detection and heart sound segmentation method can be further im-

proved to detect and segment the heart sound even when the heart rate is high. Additionally,

there are other machine learning techniques which can be studied and compared with the

current method.

5.2. Training and Classification

A module to record the lung sounds from different auscultation area has been added

to the application. However, the classification of lung sounds is kept as a future work. The

patient data has to be collected from different CDs and clinical trials to train the model.

These trained models can be further used to classify the lung sounds. Figure 5.1 shows the

classification of lung sounds.

5.3. Dynamic Signal Training

In the current implementation, we have trained the recorded signals externally and

then deployed the models into the phone. These models are later used by the phone for

classification. In the future, the dynamic training approach can be used, where the recorded

signals after the verification by the physicians can be directly used for training in the phone

itself and the new updated models will be available for new patient recording. This will

improve the accuracy as the data size increases.

5.4. Deep Learning and Tensor Flow

After the collection of data from a few more patients, the artificial neural network

can be used to experiment and test the accuracy of heart sound classification. Google has

recently made the Tensor Flow framework open source. It makes it easier to work and test

the accuracy of the given method on neural networks.
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Figure 5.1. Classification of lung sounds

5.5. Conclusion

Modules can be added to detect and classify other body sounds like bruits and the

sound of a fetus. Improvements can be made in the application to improve the peak detection

and heart sound segmentation technique. Sophisticated cloud based training module can

be created so that the models gets better with the addition of recordings from patient

and synchronized with all the applications. Different machine learning techniques like deep

learning can be used and experimented with heart sounds for better accuracy.
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CHAPTER 6

CONCLUSION

6.1. Conclusion

Smart phone users are growing rapidly throughout the world. Considering the current

growth in technology, the sensors and features available in the phones can be used in health-

care. In this thesis, a mobile application is developed and a mobile, e-stethoscope solution

has been proposed.

The Heart Sound Application is enhanced and the critical bugs are fixed. The ap-

plication data flow and design has been improved, resulting in faster processing time for

classification and analysis of heart sound signals. The peak detection and selection tech-

nique have been introduced to increase the accuracy in picking the heart sound signals.

The Lub-Dub signal module has been introduced and heart sound segmentation has been

improved in this thesis. The feature of recording and processing the lung sounds is added.

The classification technique of MFCC and HMM was revisited in an attempt to increase

the accuracy. The issue of over-fitting due the use of same patient data for training and

testing was fixed and the experiments were conducted again. This resulted in the improved

performance of the over-all system.

This device can be used by the general public or clinical health care workers with

minimal training. Once the Heart sounds are classified and the diseases are diagnosed,

necessary steps can be taken to avoid the risk of cardiac arrest or heart failure.

6.2. Lessons Learned

The research work started with the existing work done by Thiyagaraja. [22] There

were multiple issues and limitations in the mobile application which needed to be fixed and

the models had to be created again with the addition of heart sound data. Previously, the

heart sound signals were manually separated in MATLAB. In this thesis, a MATLAB script is

added to automate and improve the process of data collection and model creation. I learned

the MATLAB software and coding on the platform. The script is available in Appendix B.
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Another step that was needed was to improve the peak detection and heart sound

segmentation. The existing algorithm for the peak detection has been replaced with the new

algorithm which do not need pulse data to find the peaks accurately. I studied different

techniques for peak detection during this period. The second step was to perform the heart

sound segmentation based on the detected peaks. An algorithm based on the heuristics of

the heart sound signal was implemented to identify and cut the S1-S2 signals. I learned the

various signal processing techniques during this study.

Finally, the processing time taken by the application was too high and the application

was unstable. A state based implementation was done to release the resources which were

not required when system moved from one state to another. This implementation resulted

in drastic improvement in the processing time of the signals. An additional feature of lung

auscultation was added to the application. The feature to replay the recorded sounds was

added in the application as well. I learned the Android application development, debugging

and object oriented design patterns during this process.

6.3. Limitations

Heart sound data is mostly collected from the CDs and online sources. The data

collection has to be increased to get more accurate results. Lung sound classification is not

implemented because of the insufficient patient data to train the model.
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APPENDIX A

AUSCULTATION FINDINGS AND RELATED DISEASES
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Disorder Abnormal  breath sounds 

Asthma • Diminished breath sounds

• Musical, high-pitched expiratory polyphonic wheezes

• With status asthmaticus, loud and continuous ran- 

dom monophonic wheezes heard, along with prolonged 

expiration and possible silent chest if severe 

Atelectasis • High-pitched, hollow, tubular bronchial breath sounds,

crackles, wheezes 

•Fine, high-pitched late inspiratory  crackles

• Diminished breath sounds over affected area

• Bronchophony

• Egophony

• Whispered pectoriloquy

• I:E ratio: I > E over empty lung field

Bronchial stenosis • Loud,continous, low-pitched, fixed, monophonic

wheezes that may disappear when in supine position or 

turning side to side 

Bronchiectasis • Profuse, low-pitched crackles heard during midinspi- 

ration 

• Scattered wheezing

Chronic bronchitis • Scanty, low-pitched, early inspiratory crackles not af- 

fected by  patient’s position 

• Loud,  musical,  high-pitched,  expiratory polyphonic

wheezes 

continued . . . 



. . . continued

Disorder Abnormal breath sounds

Fibrosing alveolitis • Loud, continous, high pitced, sequential wheezes

Interstitial pulmonary fibrosis • Late inspiratory fine crackles not affected by coughing

but may disappear with position change, deep inhala-

tion, or holding of breath

• High pitched bronchial or bronchovesicular breath

sounds heard over lower lung regions that are audible

through inspiration and expiration

• Loud, high pitched sequential wheezes of continuous

duration

• Whispered pectoriloquy

Laryngeal spasam • Stridor heard during inspiration

Pleural effusion • Absent or diminished low pitched breath sounds

• Occasionally loud breath sounds

• Normal breath sounds on contralateral side

• Bronchophony, egophony and whispered pectoriloquy

at upper border of pleural effusion

Pneumonia • High pitched, tubular bronchial breath sounds heard

over affected area during inspiration and expiration

• Bronchophony

• Egophony

• Whispered pectoriloquy

• Late inspiratory crackles not affected by coughing or

position changes

• I:E ratio 1:1

Pneumothorax • Absent or diminished low-pitched breath sounds

continued . . .
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. . . continued

Disorder Abnormal breath sounds

• Inaudible bronchophony, egophony and whispered pec-

toriloquy

• Normal breath sounds heard on contralateral side

Pulmonary edema • Inspiratory and expiratory crackles over the posterior

lung bases; as pulmonary edema worsens, crackles more

profuse and heard during late inspiration

• Wheezes

Whooping cough • Stridor
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APPENDIX B

TRAINING AUTOMATION MATLAB SCRIPT
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1 % This program w i l l read the audio f i l e and prompt the user f o r

s e l e c t i o n

2 % of cur so r po in t s . When user p r e s s e s ente r a f t e r the s e l e c t i o n o f

cu r so r

3 % points , program w i l l append the cut s i g n a l s to the r e s p e c t i v e

4 % c l a s s i f i c a t i o n f i l e .

5 addpath ( ’D:\ Shanti \Tom Sarma r e c o r d i n g s ’ ) ;

6 tra in ingFi leName = ’D:\ Shanti \Tom Sarma r e c o r d i n g s \ tom normal . csv ’

;

7 t r a i n i n g F i l e I D = fopen ( tra iningFi leName , ’ a ’ ) ;

8 l o gF i l e ID = fopen ( ’D:\ Shanti \Tom Sarma r e c o r d i n g s \TrainingLogs . csv

’ , ’ a ’ ) ;

9 audioFileName = ’D:\ Shanti \Tom Sarma r e c o r d i n g s \6 23 \anu−

2016.06.23− 0 9 . 2 9 . 4 7 . csv ’ ;

10 Table = readtab l e ( audioFileName , ’ De l im i t e r ’ , ’ , ’ , ’

ReadVariableNames ’ , f a l s e ) ;

11 [ row , column ] = s i z e ( Table ) ;

12 audio = [ ] ;

13 f o r i =1:row

14 % Compare each row ’ s f i r s t coloumn with the St r ing ’AUDIO’

15 x = strcmp ( Table{ i , 1} , ’AUDIO ’ ) ;

16 %i f i t i s AUDIO, then conca t ina t e i t to the e x i s t i n g audio

17 i f x == 1

18 audio = cat (2 , audio , Table{ i , 4 :2051} ) ;

19 end
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20 end

21

22 f i g = f i g u r e ;

23 %Apply band pass f i l t e r to the audio

24 f i l t e r e d = audio ;%BPfi lterWrapper ( audio ,8000 ,100 ,1600 ,2 ) ;

25 p lo t ( f i l t e r e d ) ;

26 dcm obj = datacursormode ( f i g ) ;

27 di sp ( ’ C l i ck the po in t s to cut the s i gna l , then pr e s s Return . ’ )

28 s e t ( dcm obj , ’ D i sp l aySty l e ’ , ’ da ta t ip ’ , ’ SnapToDataVertex ’ , ’ o f f ’ , ’

Enable ’ , ’ on ’ ) ;

29 % Wait whi l e the user s e l e c t s the cur so r po in t s

30 pause

31 c u r s o r i n f o = getCursor In fo ( dcm obj ) ;

32

33 %wr i t e the log o f ope ra t i on s performed by t h i s program . I t saves

the

34 %timestamp , audio f i l e name , d i a g o n o s i s and cur so r po in t s

in fo rmat ion to a

35 %f i l e .

36 timestamp = d a t e s t r ( datet ime ( ’now ’ , ’ InputFormat ’ , ’ uuuu−MM−dd ’ ’T ’ ’

HH:mmXXX’ , ’ TimeZone ’ , ’UTC’ ) ) ;

37 f p r i n t f ( logFi l e ID , ’%s ,%s ,%s ’ , timestamp , audioFileName ,

tra in ingFi leName ) ;

38 %

39 indexTable = s t r u c t 2 t a b l e ( c u r s o r i n f o ) ;

40 cursorRows = transpose ( f l i p u d ( indexTable . DataIndex ) ) ;

41 cursorLength = length ( cursorRows ) ;
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42 f o r i = 1 : cursorLength−1

43 t r a i n i n g = f i l t e r e d ( cursorRows ( i ) : cursorRows ( i +1) ) ;

44 f p r i n t f ( t r a in ingF i l e ID , ’%f ; ’ , t r a i n i n g ) ;

45 f p r i n t f ( t r a in ingF i l e ID , ’\n ’ ) ;

46 f p r i n t f ( logFi l e ID , ’ ,%d ’ , cursorRows ( i ) ) ;

47 end

48 f p r i n t f ( logFi l e ID , ’ ,%d\n ’ , cursorRows ( cursorLength ) ) ;

49 f c l o s e ( t r a i n i n g F i l e I D ) ;

50 f c l o s e ( l ogF i l e ID ) ;
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APPENDIX C

DESCRIPTION OF METHODS USED IN THE SMART AUSCULTATION

APPLICATION
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Table C.1. Description of methods used in Heart Sound related module

Method name Class name Description

getClassificationResult() HeartSoundClassification This method is called when we have ob-

tained the split result for a particular

LubDubSignal. It takes the split result

and array of double values containing

heart sound signals as parameters. It

returns the Stirng value of classifica-

tion. e.g. Aortic Stenosis, Mitral re-

gurgitation, etc.

readHMMFull() HeartSoundClassification This method takes the Android con-

text as a parameter, so as to read the

files from assets of android resources. It

reads the required model files from the

assets and creates the HMM objects re-

quired for classification.

classifyFull() HeartSoundClassification This method takes the MFCC values of

heart sound signal in the form of ar-

ray of double values as a parameter.

It finds the probability estimation for

each model and returns the result with

the maximum probability based on the

auscultation area.

readS2Files() HeartSplitSound This method reads the required csv files

for split detection from the assest direc-

tory.

Continued on next page
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Table C.1 – Continued

Method name Class name Description

calculateSplit() HeartSplitSound This method is used to calculate the

split timing for the given heart sound

signal. The available result can be

fetched by using getS1SplitTime() and

getS2SplitTime() methods.

writeResultToLogFile() FinalResultFragment This method is used to write the logs

to the file at the end. The logs include

probabilities of each model, the selected

classification model and the final clas-

sification result.

createLubDubAudioSignals() FinalResultFragment This method creates the lub dub signals

required for split detection and Mur-

Mur classification. It performs this

task in a new worker thread. It takes

the list of chosen LubDubSignal as a

parameter.

processAudio() AudioPeakFinder This method performs the processing

required to detect the peaks from the

audio signal. The details of this process

is covered in section 2.4

Continued on next page
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Table C.1 – Continued

Method name Class name Description

inputAudio() AudioRecordFragment This method receives the AudioData

from the Microphone polling as a pa-

rameter. It plays the sound on the out-

put buffer at the same time when it

is being recorded. So that it could be

heard using the bluetooth headphones.

It plots the audio data on UI for visu-

alization.

getSaveFile() AudioRecordFragment This method returns the File object

which ontains the name and path of

the file where the recording has to be

stored.

startPlayback() AudioRecordFragment This method is called when user clicks

on start. It starts the playback of audio

data on UI and on headphones.

stopPlayback() AudioRecordFragment This method is called when user

clicks on stop button. It stops the

Microphone polling and inputAudio()

method will no more receive data from

the microphone.
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Table C.2. Description of State transition related methods in the Smart

Auscultation application

Method name Class name Description

onCreate() SmartAuscultationActivity This method is invoked by the sys-

tem when SmartAuscultationActivity

launches. It creates the instances of all

the required Fragments and enters into

the Module Selection state.

enterState() SmartAuscultationActivity This method performs the required ac-

tion when activity enters into any state.

It takes ActivityState Enum as a pa-

rameter.

choseAudioPeaks() SmartAuscultationActivity This method chooses the Audio Peaks

which fits into the heuristics. Algo-

rithm 1 explains this method in de-

tail. Additionally, this method writes

the peaks data to a log file.

releaseResources() SmartAuscultationActivity This method releases the resources

which are not required. This decision is

made on the basis of the current state

of the system.

getLogFile() SmartAuscultationActivity This method returns the File Object,

which contains the path and name of

the log file.

runReplaySelect() SmartAuscultationActivity This method shows the dialogue box on

the screen, prompting user to select one

of the previously recorded audio record-

ings.
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Table C.3. Description of Replay related methods in the Smart Auscultation

application

Method name Class name Description

replayWithFile() SmartAuscultationActivity This method replays the File which it

receives as a parameter.

readAuscultationArea() SmartAuscultationActivity This method reads the Auscultation

area from the file name. This area is

later used while making the decision on

final result of the murmur.

57



BIBLIOGRAPHY

[1] Abbas K Abbas and Rasha Bassam, Phonocardiography signal processing, Synthesis

Lectures on Biomedical Engineering 4 (2009), no. 1, 1–194.

[2] JS Bridle and MD Brown, An experimental automatic word recognition system, JSRU

Report 1003 (1974), no. 5.

[3] Ian Cathers, Neural network assisted cardiac auscultation, Artificial Intelligence in

Medicine 7 (1995), no. 1, 53–66.

[4] Michael A Chizner, Cardiac auscultation: rediscovering the lost art, Current problems

in cardiology 33 (2008), no. 7, 326–408.

[5] Jessica S Coviello, Auscultation skills: Breath & heart sounds, Lippincott Williams &

Wilkins, 2013.

[6] R.J. Elliott, L. Aggoun, and J.B. Moore, Hidden markov models: Estimation and con-

trol, Stochastic Modelling and Applied Probability, Springer New York, 2008.

[7] A.M. Fraser, Hidden markov models and dynamical systems, Other titles in applied

mathematics, Society for Industrial and Applied Mathematics, 2008.

[8] Z Guo, L-G Durand, HC Lee, L Allard, M-C Grenier, and PD Stein, Artificial neural

networks in computer-assisted classification of heart sounds in patients with porcine bio-

prosthetic valves, Medical and Biological Engineering and Computing 32 (1994), no. 3,

311–316.

[9] Cota Navin Gupta, Ramaswamy Palaniappan, Sundaram Swaminathan, and Shankar M

Krishnan, Neural network classification of homomorphic segmented heart sounds, Ap-

plied Soft Computing 7 (2007), no. 1, 286–297.

[10] A.C. Guyton and J.E. Hall, Textbook of medical physiology, Guyton Physiology Series,

Elsevier Saunders, 2006.

[11] A.M. Harris, G.C. Sutton, and M. Towers, Physiological and clinical aspects of cardiac

auscultation, Audiovisual library of cardiology, Medi-Cine Limited for ICI Pharmaceu-

ticals Division, 1976.

58



[12] Katherine L Kuan, A framework for automated heart and lung sound analysis using a

mobile telemedicine platform, Ph.D. thesis, Massachusetts Institute of Technology, 2010.

[13] Michael Lutter, http://recognize-speech.com/feature-extraction/mfcc.

[14] James Lyons, http://practicalcryptography.com/miscellaneous/machine-

learning/guide-mel-frequency-cepstral-coefficients-mfccs/.

[15] Robert A Malkin, Technologies for clinically relevant physiological measurements in

developing countries, Physiol. Meas 28 (2007), no. 8, 57–63.

[16] T. Marwala, Condition monitoring using computational intelligence methods: Applica-

tions in mechanical and electrical systems, SpringerLink : Bücher, Springer London,
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