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Abstract 

Accurate detection and classification of pathological heart murmurs by auscultation has 

been a challenge for physicians for a long time. Many research efforts have been made to 

apply artificial intelligence (AI) for rigorous detection/classification of heart murmurs but 

reported success rates have been low. All of the current AI techniques rely on converting 

the heart sounds to electrical signals and processing those signals via electronic circuitry 

of AI for murmur detection and classification. In this research, we have used a novel 

approach to pre-process the electrical heart sound signals by altering the electrical signal 

in a similar way as is done by human cochlea before they go to AI for murmur 

detection/classification. Cochlea-like pre-processing changes the spectral contents of the 

heart sound signal to enhance the murmur information which can then be detected and 

classified more accurately by AI circuitry. We have designed a heart murmur 

detection/classification system based upon this approach and have tested this system 

using simulated heart sounds of various murmur types. Our test results show that this 

approach significantly improves heart murmur detection/classification accuracy. 
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Chapter 1 : Introduction 

This thesis report is the study of heart murmur detection/ classification using cochlea-like 

pre-processing. The goal of this study is to develop a system for the detection and 

classification of various types of human heart murmurs among heart patients. This would 

be helpful to the heart patients as well as serve as a great assistance to the general 

physicians during the early diagnosis process. The remote and rural areas where advance 

testing techniques are not easily accessible, this system would be very helpful for 

detecting/ classifying abnormalities in heart sounds. The following section will provide 

the motivation behind this study. 

 

1.1 Motivation 

According to a recent report of American Heart Association (AHA), heart disease, stroke 

and other cardiovascular diseases remain the number one cause of death of Americans 

and a major cause of permanent disability among American workers [1].  

 

Every year more than 700,000 people die because of heart diseases and among those 

heart diseases cardiovascular disease (CVDs) shares a significant proportion and is the 

leading cause of death as depicted by the graph in Figure 1.1. Although the deaths due to 

cancer are increasing every year, however CVD‘s are still outnumbering the overall 

deaths throughout the U.S.  
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Figure  1.1: Leading Cause of Death [1] 

 

Abnormalities in heart like stroke, heart failure and arthymia are significant contributor in 

CVD‘s and can be detected by listening to the heart sounds and/ or early detection 

methods. The detection of the abnormalities in the early stages could potentially save 

many lives. Almost 24% of the overall deaths due to CVDs are caused by the stroke and 

heart failure which are potentially due to CVDs as illustrated in the pie chart in figure 1.2  

 

Figure  1.2: Deaths due to CVDs [1] 
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Over the past few years the death rate due to heart diseases are declining significantly, 

however a still a large population suffers because of CVDs. The graph in figure 1.3 

describes the trend of deaths caused by the heart diseases since 1900. Although early 

diagnostics help reducing the deaths due to heart diseases, however there is still lot of 

potential for the research in order to further reduce the death rates. 

 

 

Figure  1.3: Deaths from Heart Diseases (1900 to 2006) [1] 

 

 

Early detection method is the key to reduce the death rate due to heart diseases. It is 

difficult for the people living in the remote and rural areas to access hospital for routine 

checkups. A large number of patients die during their way to the hospital in case of 

emergency. A study which was done on how patients are geographically distributed 

around hospitals that perform percutaneous coronary intervention (PCI) suggested that 

only 47% of the rural population in US has access to PCI hospital for less than 60 minute 

prehospital time period which is far below as compared to urban population density in 

which 98% people has access to PCI hospital for less than 60 minute prehospital time 
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period [2]. Table 1 show that driving time and distances to the closest PCI hospital and 

proportion with prehospital time period within 60 minutes  

 

Table 1: Driving time and distances to the closest PCI hospital 

 

 

It can be seen from the table 1 that less than 50% of the rural population has access to the 

hospital in less than 60 minutes, which means that there is high chances for a potential 

death even before patient is being treated in the hospital.  

 

Another reason to conduct this research described in this thesis is to reduce the huge 

amount of money being spent on the tests and checkups performed in the process of 

diagnostics.  The medical cost in terms of billions of dollars is a huge levy and it could be 
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reduced significantly with the help of early detection methods. Table 2 shows the 

prevalence, mortality and number of hospital discharges for year 2005-2006. It has been 

estimated that the hospital cost for these patients would shoot up to $475 billion and this 

cost could significantly be reduced by pre-emptive methods and early diagnostics 

techniques [1]. 

 

 

Table 2: Cost estimate for hospital discharges for year 2009 [1] 

 

 

It has now been well-established that early diagnosis and appropriate treatment is 

extremely crucial in preventing a significant number of deaths and disabilities caused by 

various forms of cardiovascular diseases [3].  Although some advanced testing options 

(e.g., ultrasound) are available, due to their operational complexity and cost, most of the 

early diagnoses are made by a primary care physician using a conventional stethoscope. 

Once a physician detects a murmur and declares it pathological, usually the patient is 

referred for advanced testing (echocardiogram), more rigorous classification of murmur 

diagnosis and necessary treatment. When hearing heart sounds via stethoscope, a primary 

care physician has to rely on his or her judgment to detect a murmur, especially if the 
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murmur is at a very early stage. The auscultation-based process of early heart murmur 

detection is very subjective and success rates vary enormously from physician to 

physician e.g., from 20% for a trainee to 80% for an expert cardiologist [4]. A direct 

consequence is that either the murmurs which later turn out to be pathological are 

undetected, or that unnecessary advanced tests are performed on healthy patients. Both 

outcomes levy huge financial penalties – one in terms of priceless human lives and the 

other in terms of increased health care costs. To mitigate these undesired outcomes, it is 

essential that the early diagnosis process be made more scientific and rigorous. 

 

1.2 Thesis Outline 

Before further explaining the design and development of heart murmur detection/ 

classification using cochlea-like pre-processing in detail, a brief background about 

physiology of heart and functioning of human cochlea is described in chapter 2. Chapter 

2 also provides the understanding to the working of heart, the heart murmurs and their 

types, heart valve disorder as well as human cochlea and its working. Exiting methods 

being used for heart murmur detection/ classification are briefly discussed and the use of 

cochlea method for heart murmur detection/ classification is also described.  

 

In chapter 3, we will discuss the system design in detail which provides the 

understanding to the heart sounds in time and frequency domain. Different problems with 

the heart sounds are discussed along with segmentation and alignment. Cochlear response 

representation and artificial neural network (ANN) has also been discussed in chapter 3.  
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Chapter 4 describes the results and analysis regarding the test procedures being used. The 

accuracy calculation is described along with three dimensional graphs for accuracy. The 

effect of signal to noise ratio is also described along with variable self-optimizing 

cochlear filter.  

 

We will conclude the discussion in chapter 5 along with some future work and summary 

of the research work. 
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Chapter 2 : Heart Murmurs and Human Cochlea 

Before proceeding to the system design, an overview of the heart is presented including 

physiology of heart, the pumping cycle of heart, heart murmur types and human cochlea. 

Exiting methods for heart murmur detection/ classification are also discussed. An 

overview of cochlear method for heart murmur detection/ classification is also presented.  

 

2.1 Physiology of Heart 

Human heart plays a fundamental role in the pumping of blood circulation throughout the 

body. Figure 2.1 show a human heart and to provide a brief introduction to the reader 

about the working of heart, a short tour of heart physiology is provided. Heart consists of 

four chambers namely left ventricle, right ventricle, left atrium and right atrium.  

 

 

Figure  2.1:Human heart 
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Deoxygenated blood coming from the body first arrives in the right atrium, after the right 

ventricle is filled, the blood is pushed towards the lungs where it is oxygenated and sent 

back to left atrium. From left atrium blood flows towards left ventricle and as soon as left 

ventricle is filled, heart contracts and blood is sent to whole body.  

 

A block diagram would be better helpful in understanding the whole process, as shown in 

the figure 2.2. Blood flows from the body and the lungs at the same time. De-oxygenated 

blood first arrives to the right atrium and then flows towards right ventricle through 

tricuspid valve. After the blood is filled right ventricle, it is pushed towards the lungs 

through the pulmonary valve. The same procedure is repeated with the oxygenated blood 

coming from the lungs and pushed towards the body through left atrium and then left 

ventricle using mitral valve and aortic valves. 

 

Figure  2.2: Block diagram of pumping cycle of heart 
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2.2 Pumping Cycle of the Heart 

The pumping cycle of the heart is divided into two parts – the systole and diastole. The 

period of contraction is called systole and the period of relaxation, diastole. The heart 

sounds ‗lub – dub‘ occur at the time of the closure and opening of the major heart valves, 

respectively. The first heart sound or S1 (‗lub‘) occurs at the start of systole, and the 

second heart sound or S2 (‗dub‘) occurs during diastole [5]. Figure 2.3 shows a single 

cycle of heart sound with S1 and S2 labeled.  

 

 

Figure  2.3: Typical heart sound single cycle 

 

 

2.3 Normal Heart Sound and Murmur Types 

If the heart is working normally, the heart sounds consist of cycles of S1 and S2 only. 

However, if there is a heart malfunction (e.g., a major valve not closing or fully opening 

properly), heart murmurs can be heard in the heart pumping cycle during auscultation [6].  

Usually, extraneous heart murmur sounds are quieter than the S1 and S2 sounds, 

especially if the malfunctioning of the heart is at an early stage [7].  
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Extraneous heart sounds can occur during either the systolic or diastolic periods of the 

heart cycle. An extraneous heart sound occurring during the systolic period (i.e., between 

S1 and S2) is called a systolic murmur. Similarly, an extraneous heart sound occurring 

during the diastolic period (i.e., between S2 and S1), is called a diastolic heart murmur. 

The two most common types of systolic and diastolic murmurs are aortic stenosis (AS) 

and aortic regurgitation (AR) respectively, as shown in figure 2.4 along with a normal 

heart sound. 

 

 

Figure  2.4: (a) Normal Heart Sound, (b) AS and (c) AR 
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2.4 Human Cochlea 

The human cochlea is a transducer which converts mechanical vibrations from the middle 

ear into neural electrical discharges, and additionally provides spatial separation 

regarding frequency information in a manner similar to that of a spectrum analyzer [8]. 

The electronic cochlea first proposed by Lyon and Mead [9] is a cascade of bi-quadratic 

filter sections, which mimics the qualitative behavior of the human cochlea. Human 

auditory frequency selectivity is largely determined by signal processing in the cochlea.  

 

The cochlea provides band-pass filtered versions of the input signal that are subsequently 

transduced into neural signals by the inner hair cells [10]. The associated band pass filters 

have increasing bandwidth with increasing center frequency and an asymmetric 

frequency response as shown in figure 2.5.  

 

 

Figure  2.5: The relative increase in the bandwidth with increase in center frequency 
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At each point in the cochlea the acoustic wave is filtered by a band pass filter. Each band 

pass filter operates successfully at lower frequencies so the net effect is to gradually low 

pass filter the acoustic energy [11].  

 

The initial audio signal processing within a psychoacoustic model consists of a spectral 

decomposition to account for the frequency selectivity of the auditory system. However, 

the auditory system performs a nonuniform (nonequal bandwidths) spectral 

decomposition of the acoustic signal in the cochlea. This first stage of cochlear sound 

processing already determines basic properties of masking, e.g., the frequency spread of 

masking which is related to the frequency response of the human cochlear filters. Above 

1 kHz, the cochlear filter bandwidths increase almost proportionally to the center 

frequency as depicted in figure 2.6.  

 

Figure  2.6: Magnitude frequency response of the filter-bank channels in the 

cochlear filter 
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These bandwidths determine both, the spectral width of energy integration associated 

with a band and the range of spectral components that can interact within a band, e.g., 

two sinusoids creating a beating effect. This interaction plays a crucial role in the 

perception of whether a sound is noise-like which in turn corresponds to a significantly 

more efficient masking compared with a tone-like signal.  The noise or tone-like 

character is basically determined by the amount of envelope fluctuations at the cochlear 

filter outputs which widely depend on the interaction of the spectral components in the 

pass-band of the filter [12]. 

 

 

2.5 Existing Methods for Heart Murmur Detection/ Classification 

Various methods for improving murmur detection using artificial intelligence (AI) 

performed on heart sounds have been proposed [13-23]. However, none of the reported 

AI methods distinguishes between innocent and pathological murmurs with high 

accuracy (the reported accuracy range is ~70–90%) except with a specialized set of heart 

sound samples [17, 23] where the reported accuracy was 100% as shown in appendix A. 

Please note that in reference [23], the heart samples were taken from children of age 1 

week to 15 years (mean age = 2 years). All other references quoted [13-23] used adult 

heart murmur sounds. All of the existing AI methods have procedural commonalities in 

that they: (i) collect the heart sound signals via stethoscope, (ii) convert the sound signals 

to electrical signals using a microphone or some other sensor, and (iii) perform signal 

processing on those electrical signals to detect and classify the heart murmurs. 
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The first step mimics the function of the external ear (collecting sounds); the second step 

simulates cochlear transduction (converting the acoustic to an electrical signal); and the 

third step simulates the decision-making process of the human brain (AI). These three 

procedural steps simulate the process of listening to the heart sound via a stethoscope and 

detecting and classifying of the murmur – except they omit simulating the more 

complicated filtering aspects of cochlear processing. We want to fill that gap by pre-

processing the heart sound spectrum before performing AI, to obtain accurate and reliable 

detection/ classification of the heart murmurs. 

 

2.6 Cochlea Method for Heart Murmur Detection/ Classification 

The human cochlea plays a significant role in decoding the information present in a 

sound both by emphasizing the useful-only information embedded in the sound wave and 

by imposing additional signature information that increases the ability to extract 

meaningful data. We hypothesize that performing cochlea-like filtering on the heart 

sounds before performing AI would significantly improve the ability to distinguish 

innocent from pathological heart murmurs.  

 

This hypothesis is based on two well established facts: (i) the information used by the 

central nervous system to characterize the heart sound is contained in the electrical signal 

coming from the cochleae,  and (ii) the cochlear output signal is very different from the 

electronic signal coming from a stethoscope. Consequently, the actual heart sound 
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information perceived by human brain is the combined output of the human heart, ear and 

brain as shown in figure 2.7 

 

 

Figure  2.7: The information perceived by human is combined output of the ear and brain 

 

For the very reasons described here, cochlea-like processing has been successfully 

applied to multiple speech recognition related technologies [24-29]. However, this study 

represents the first reported attempt to apply cochlea-like pre-processing (CLPP) to the 

heart sound signals for AI based murmur detection/classification.  

 

Please note in this research project, we are not simulating the full cochlea model to 

process the heart murmur sounds rather the goal is to pre-process the heart sounds by 

altering the spectral shape of the heart sounds in such a way that it becomes easier for the 

AI to differentiate heart murmurs more accurately. It is in this analogy that we are calling 
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this approach CLPP-based, because human cochlea also alters the spectrum before it goes 

to the brain as opposed to sending the mere transduced heart sounds to brain – the 

approach used by all of the latest research involving heart murmur detection/ 

classification. 
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Chapter 3 : Heart Murmur Detection System 

In this section, we provide a complete description of the system designed for heart 

murmur detection and classification using cochlea-like pre-processing technique. Heart 

sounds in time and frequency domain are described along with the spectrogram of heart 

sounds and the significance of spectrogram to detect and classify heart sounds accurately.  

 

 

3.1 System Overview 

A schematic of heart sound acquisition and electronic signal processing system is shown 

in figure 3.1.  

 

Figure  3.1: System diagram 

 

The heart sounds were acquired (simulated in our case) and converted to electrical time 

domain signals. The time domain electrical signal was then converted to a frequency 

domain signal which was used by the signal processing unit. The signal processing unit 

(or AI unit) had a pre-processing stage which altered the heart sound signal using similar 
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processing to the cochlea. The CLPP signal was passed to an artificial neural network 

(ANN) which detected and classified the heart sound as either innocent (normal) or 

pathological (abnormal) and if found abnormal, the type of abnormality was determined. 

 

For the initial testing of our research, only two types of abnormal heart sounds were 

tested. The heart sounds were recorded from the Phono-Cardio-Simulator provided by the 

Medical School of the University of Minnesota Duluth. The simulator is commonly used 

to aurally teach heart murmurs to medical students. We used 24 normal, 24 aortic stenosis 

(AS) and 24 aortic regurgitation (AR) sounds. Please note that AS and AR are common 

murmur types. Each of 24 murmur sounds consisted of randomly selected set of 

parameters e.g., heart rate, murmur strength and murmur duration etc. Please note that we 

do not yet have access to a database of real patient heart sounds which we plan to develop 

in future for detailed testing leading towards actual device development. However, the 

objective of our current research project is to see the relative benefit of improvement in 

accuracy of AI-based heart murmur detection/ classification system, with and without 

CLPP i.e., spectral shaping. Before discussing the CLPP/AI system, the heart sound 

murmur types as well as the time-to-frequency translation of the heart sound signals will 

be discussed. 
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3.2 Heart Sound Signals in the Time and Frequency Domains 

Once converted to electronic signals, the heart sounds are time domain signals in which 

the voltage change is proportional to the original sound pressure. A typical cycle of each 

of the three different simulated heart sound types – one normal and two pathological 

murmurs AS and AR – is shown in figure 3.2.  

 

Figure  3.2: (a) Normal sound, (b) Aortic Regurgitation (c) Aortic Stenosis 

 

An electronic signal corresponding to the normal S1 and S2 sounds can be seen in figure 

3.2a. In the normal heart sound, there are no noticeable extraneous signals in between the 

S1 and S2 sounds. However, if there is a pathological heart condition, there could be one 

or multiple extraneous sounds during the heart pumping cycle, which is the case with the 

AS and AR murmur types shown in figure 3.2b and 3.2c, respectively. There is an 
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extraneous sound signal in between the S1 and S2 sounds in the AS murmur and between 

the S2 and S1 sounds in the AR murmur. The simulated sounds shown in figure 3.2 are 

for illustration purposes only, so a louder murmur is simulated than would normally be 

observed. The three heart sounds shown in figure 3.2 were simulated using the same heart 

rate.  

 

However, in actual practice, patients have different heart rates and the murmur intensities 

and durations vary from very weak to relatively strong. The 72 sounds that were 

simulated to test our system had heart rates ranging from 60 to 105 beats per minute. All 

of the 72 simulated heart sounds were acquired for 5 seconds, therefore each sound 

contained 4 or 5 cycles depending upon the heart rate. Three single cycles from each of 

the simulated 72 sounds were extracted by applying segmentation algorithms [30-31] and 

then the average of the three cycles was calculated to make a single heart cycle for each 

of the 72 sounds. 

 

Although the time domain signals have complete murmur information, they were not in 

an appropriate format for the signal processing device, which utilizes the spectral 

contents of the time domain signal. Therefore, a translation of the time domain signal to 

the frequency domain was performed by Fourier Transformation (FT). The averaged 

spectra of the 24 normal, 24 AS, and 24 AR sounds are shown in Fig. 3.3.  
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Figure  3.3: Spectrum of three heart sounds 

 

 The spectral contents of the normal, AR and AS sounds were very similar in the lower 

frequency range (0 to 15 Hz) but there were distinct differences among the spectral 

contents of the three sound types in the frequency range between 150 Hz to 400 Hz. This 

distinct spectral behavior could be used by signal processing unit to differentiate between 

the normal heart sound and pathological murmurs as well as to classify the murmur type.  

However, a signal processing murmur detector/classifier relying on this spectral 

information may not be very effective because the spread in spectral strength at any given 

frequency may become larger than the distinguishing gap at that frequency.  This is 

shown in Fig. 3.4 where the standard deviation (square root of variance, i.e., the spread) 

of the normal and AS heart sounds is superimposed on the average spectrum.  
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Figure  3.4: Variance among differentiating gaps for AS and normal sound spectrum 

 

There was considerable overlap between the spectral contents of the normal sound and 

the AS sounds in the frequency range of 150 to 400 Hz. If the murmur detection is based 

upon this spectral information, the AI system would make some incorrect decisions, 

reducing the accuracy of the murmur detection. The reason for this is that, in the 

spectrum of a heart sound, the spectral strength at any given frequency is averaged over 

the complete temporal sound cycle. This averaging effect loses the information regarding 

the temporal location of spectral contents which is essential to detect and classify the 

heart murmur. Therefore, instead of utilizing the spectrum of a heart sound, a 

spectrogram was used as the input to the signal processing unit because a spectrogram 

shows the temporal change in spectral strength during the complete heart cycle.  
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3.3 Spectrogram of Heart Sounds 

A spectrogram is a three dimensional plot showing the spectrum vs. time i.e., a 

spectrogram shows the relative intensity of each frequency at any given time. In figure 

3.5, time is plotted on the abscissa, frequency on the ordinate and the color indicates the 

relative intensity at each frequency.  

 

S1 S2 

S1 S2 

S1 S2 

Aortic Regurgitation 

Aortic Stenosis 

Normal Heart Sound 

(a) 

(b) 

(c) 

 

Figure  3.5: Spectrogram of three heart sounds 

 

The spectrograms of the normal sounds and the AR and AS murmur types clearly show 

the temporal location of the S1 and S2 sounds as well as the extraneous spectral contents 

in the frequency range of 150 to 400 Hz associated with the AR and AS murmur types. 

 

 



 

 25 

To further illustrate this, the relative intensity of three distinct frequencies is plotted as a 

function of time for the three heart sounds in figure 3.6.  

 

Figure  3.6: Frequency selection for three heart sounds 

 

It can be seen from figure 3.6a (50 Hz slice) that there is not much difference between the 

normal sound and the murmur types at any given time, therefore it would be difficult for 

the AI circuitry to make an accurate decision utilizing this temporal frequency content. 

However, at the higher frequencies of 200 and 250 Hz (figure 3.6b, c), the difference 
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between the three sounds becomes pronounced in some time windows of one complete 

cycle. 

 

3.4 Cochlea-like Pre-Processing (CLPP) 

Instead of using unprocessed spectrogram information as the input to the artificial neural 

network (ANN), CLPP was performed before passing this information to the ANN. The 

purpose was to emphasize the selective spectral contents that carried the essential 

murmur specific information and deemphasize those spectral contents that did not have 

any murmur specific information. This reduced the burden on the ANN processing unit, 

enhancing the accuracy of murmur detection and classification. 

 

A full cochlea model was not used in our classification system. Instead, a CLPP effect 

was achieved by using a band-pass filter which selected a desired range of frequencies 

around any center frequency of a heart murmur signal. To achieve the cochlea-like effect, 

a third order Butterworth band-pass filter model was used, where the frequency response 

was controlled by two parameters: center frequency (fc) and frequency capture range 

(FCR). The frequency response for various center frequencies (100, 200 and 300 Hz) for 

a given FCR (100 Hz) are shown in figure 3.7.  
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Figure  3.7: CLLP frequency response with varying center frequency 

 

The frequency response for varying FCR values (20, 100, and 200 Hz) for a given center 

frequency (200 Hz) are shown in figure 3.8. 

 

Figure  3.8: CLPP frequency response with varying FCR 
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By changing the center frequency and FCR of the cochlea-like filter, the contents of a 

desired frequency range can be emphasized and other frequency contents can be 

deemphasized. The objective of these experiments was to identify at least one (and 

preferably more) pair of values of center frequency and FCR that maximized the 

accuracy of the ANN based murmur detection/classification system.  

 

3.5 Heart Sound Data Processing using ANN 

ANNs are adaptive learning machines that can be used for pattern recognition and 

classification applications [32]. In these experiments, a feed forward neural network with 

25 input nodes and one output node was used as illustrated in figure 3.9.   

 

Figure  3.9: Artificial neural network (ANN) 
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Successful ANN processing (training and testing) depends upon the number of input 

nodes i.e., the number of data points. If an unnecessarily large number of data points are 

used, the ANN processing becomes complicated and results in unsuccessful training 

which adversely affects the test results. Similarly, small number of data points results in 

too little information for training which also adversely affect the test results. Therefore, it 

is essential to feed the ANN with a minimal number of data points that contain the 

maximal information about the subject being classified.  

 

The output node of the ANN indicates the result of the ANN processing, which in this 

case is a classifier of heart sounds, e.g., normal sound, AS or AR murmur types. Three 

hidden layers of ANN were used to determine how well the ANN learned the 

distinguishing features of the classification subject. Too many hidden layers results on 

complete reliance on memory and too few hidden layers cause the ANN to not learn 

enough distinguishing classification features about the subject. For our application, 3 

hidden layers were found to be optimal. 

 

First, the ANN was trained with a known database of heart sounds and then the ANN was 

used to test unknown heart sounds. For the training of the ANN, the resilient back 

propagation method with the adaptive learning method of gradient decent algorithm [33] 

was used. The ANN learning rate was set to an optimum value of 0.001 to prevent the 

neural network from becoming unstable. The training process consisted of three steps.  

First, the data was input to the ANN system and the output was computed based on the 



 

 30 

random initial weights within the system. Next, an error value was calculated as the 

difference between the current output and the desired response. Finally, using the training 

algorithm, the weights within the ANN system were adjusted so that the error could be 

reduced in subsequent iterations. The three-step cycle was repeated until a desired error 

value was reached.  

 

After the successful completion of training process, testing was relatively 

straightforward. A test set of classification subjects (unknown heart sounds) were applied 

which were different from the sounds used during the training process, distributed over 

25 data points. Testing was done over the sound with and without CLPP to compare the 

improvement in the overall accuracy of the system.  

 

3.6 Variable Self-Optimizing Cochlear Model for Heart Murmur 

Detection/ Classification 

The noise presence in the heart sound plays important role in the process of heart murmur 

detection and classification and we extend our research by incorporating all white 

Gaussian noise too see the effect of noise on our system as the simulated sounds we used 

were free of any noise. Our research consisted of three steps: (1) capturing heart sounds, 

(2) processing the sounds using a cochlea-like filter, and then, (3) classifying each sound 

as is being normal or a murmur using an artificial neural network (ANN). We used a 

static cochlea-like filter model in step 2 as described above, which result a significant 
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improvement in terms of accuracy of heart murmur classification. Our cochlear filter 

analysis helped identify information-rich frequency segments in human heart sound. We 

want to advance the cochlear filter model from a static to a variable frequency selective 

model with feedback from ANN for better optimization of the heart murmur 

classification. The heart sounds processed in ways more closely replicating the human 

cochlea than the static cochlear filter.  A variable self-optimizing cochlear filter better 

reproduce the mechanism of the human cochlea in that it will contain a feedback system 

from ANN to cochlear processing to automatically select the most useful frequencies 

based upon a threshold mechanism filtering out those frequencies which do not contain 

significantly useful information about classification of heart murmur. The output of the 

sounds in the frequency range remaining (variable self-optimizing cochlear filtered 

sounds) may then be used by the neural network to make a final decision about murmur 

classification.  Our hypothesis is that a variable self-optimizing cochlear filter not only 

improves the accuracy significantly in classification of heart sounds as normal or murmur 

when compared to a static cochlear filter but also more robust against the noise presence 

in the heart sounds. Using this approach, we plan to develop an AI based system which 

will classify heart sounds with a success rate significantly better than the static cochlear 

filter previously developed. 

 

3.7 System Model and Hypothesis Testing 

To test our hypothesis that a variable self-optimizing cochlear filter will significantly 

improve the efficiency of the AI circuitry in terms of heart murmur detection/ 
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classification for lower signal to noise ratio (SNR), we have used an artificial neural 

network (ANN). Using this system, electronic heart sound is first converted from time-

domain to frequency-domain and then sent to ANN system for murmur 

detection/classification. We enhance the system by using a variable self-optimizing 

cochlear model to improve the accuracy of the system as shown in figure 3.10.  

 

Figure  3.10: Heart murmur detection using variable self-optimized cochlea model 

 

To simulate variable self-optimizing cochlea-like filter, we first used multiple second 

order filters whose frequency response is represented by two parameters i.e., center 

frequency fc and filter center frequency FCR. We used the filters with combinations of fc 

and FCR which can detect the three hearts sounds accurately. To evaluate the 

performance of this ANN based system with variable self-optimizing cochlea-like filter 

we used 72 heart sounds of three different types – 24 normal, 24 Aortic Stenosis (AS) 
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and 24 Aortic Regurgitation (AR). Since the goal is to test whether detection/ 

classification accuracy of the ANN based system is improved by cochlea-like spectral 

shaping of the electronic heart sounds, we used simulated sounds instead of actual heart 

patients sounds, we also added additive white Gaussian noise (AWGN) for different SNR 

values to see the difference in terms of accuracy for two filters, i.e. a static cochlea-like 

filter and an variable self-optimizing cochlea-like filter. 
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Chapter 4 : Results and Analysis 

As explained above, 72 simulated heart sounds were used to test our hypothesis: 36 

sounds (12 each of normal, AR and AS sounds) for training and 36 for testing as 

presented in the table 3 below. 

Table 3: Heart sounds used 

 

 

 In the first set of experiments, the cochlea-like filter was bypassed and the accuracy 

performance of ANN system was evaluated. The overall accuracy of the system was only 

80%, where accuracy was defined as in Eq. 1, 

 
 negativestruepositivesfalsenegativesfalsepositivestrue

negativestruepositivestrue
Accuracy

    

  




  (1) 

 

 where true positive means a correct classification of the murmur type, true negative 

means the correct detection of a normal sound, false positive means a normal sound being 
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falsely detected as a murmur, and false negative means that a murmur type was detected 

as a normal sound (the denominator = total number of test samples = 36). 

 

All of the heart sounds were then processed with the cochlea-like filter inserted before the 

ANN and the whole training/testing procedure was repeated i.e., used 36 sounds for 

training ANN and 36 for testing. This process was replicated for several combinations of 

fc and FCR of the cochlea-like filter. The resulting accuracy of heart murmur 

detection/classification is shown in Fig. 4.1 as a three dimensional plot of accuracy vs. fc 

and FCR.  

 

Figure  4.1: Three dimensional plot of accuracy, frequency capture range, and center 

frequency 
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With CLPP, there was a wide area on the three dimensional surface where the heart 

murmur detection/classification accuracy was significantly improved (100% for some 

combinations of fc and FCR). As discussed earlier, the ANN was designed for 25 input 

nodes. Each set of 25 data points presented to the ANN was actually the average intensity 

of all of the frequency components present at a given time. The 25 data points were 

uniformly distributed over one complete heart cycle. When the CLPP processed the heart 

sound signal, it actually affected each of the 25 data points presented to the ANN.  For 

example, if fc was 200 Hz and FCR 20 Hz, the frequency contents selected by the CLPP 

contained the average of the frequency components between 190 Hz and 210 Hz (a very 

narrow frequency range) at each of the 25 time instances corresponding to the 25 data 

points. In contrast, if the FCR was 200 Hz, for the same fc, the frequency contents were 

averaged at each data point from 100 to 300 Hz. As explained previously, only a few 

selective frequency components have distinguishing information about murmur types 

(Fig. 3.6). For example, the former combination of fc and FCR (200 Hz and 20 Hz) 

contained more useful information about the murmur type and therefore, the ANN 

performed better as compared to the fc = 200 Hz and FCR = 200 Hz combination.   

 

To see the improvement in the accuracy performance achieved with the CLPP more 

clearly, accuracy vs. FCR functions have been re-plotted for three fc values in Fig. 4.2.  
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Figure  4.2: Heart murmur detection/ classification accuracy vs. frequency capture range 

 

It can be seen that there is a well-defined accuracy maximum for all three center 

frequencies (200, 300 and 400 Hz) but the FCR where the maximum occurs is different 

for each center frequency. This implies that the frequency information contents around 

those center frequencies are different and that a specific FCR is needed to capture enough 

information for the most accurate decision. It can also be noted that at fcs of 200 and 300 

Hz, the maximum accuracy is 100% and occurs at a smaller FCR than for a fc of 400 Hz. 

In contrast, at fc of 400 Hz, the maximum achievable accuracy is 94% using a much 

larger FCR. As explained previously, most of the distinguishing features of murmur types 

fall in the range of 150 to 400 Hz. A better performance was seen at 200 and 300 Hz with 

a relatively small FCR because 200 Hz and 300 Hz fall directly within this range. A fc of 

400 Hz falls at the boundary of this range, so a larger FCR is needed to capture the useful 
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information at lower frequencies. However, an increase in FCR also captures the less 

useful information at higher frequencies, causing the accuracy maximum to decrease.  

 

A limited number (72) of simulated heart sounds were used in these experiments.  The 

accuracy of this system may decrease for a larger sample of actual patient sounds. 

However, we anticipate that selecting the right frequency contents through the use of the 

CLPP will enable the ANN to perform better and, therefore, improve the accuracy of 

ANN based heart murmur detection/classification systems. The human cochlea spatially 

separates the frequency contents before sending the acoustic information to the central 

nervous system in forms of electrical pulses.  Therefore, the brain interprets frequency 

information separately and is able to selectively pay attention to the frequency band 

containing the maximum information. Similarly, the CLPP extracted the most useful 

frequency components from the heart sound signal and presented them to the ANN 

system resulting in more accurate detection and classification. 
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4.1 Variable Self-Optimizing Cochlear Model for Heart Murmur 

Detection/ Classification 

The real patients‘ heart sounds are not clean as we used in our experimentations, instead 

lot of noise is being added to those sounds. The noise could be internal organs movment 

sounds like lungs and ribs, or it could be the noise to equipment while capturing heart 

sounds. The presence of noise in heart sounds reduces the accuracy of detection/ 

classification as important information related to heart sounds is lost. Figure 4.3 shows a 

normal heart sound, AWGN and a normal heart sound with 20dB SNR. The purpose was 

to see the robustness of our system against the heart sounds with noise. We gradually 

increased the SNR and compared the results with static cochlea filter results.  

 

 

Figure  4.3:(a) Normal heart sound (b) AWGN (c) Normal heart sound with AWGN 
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To see the improvement of accuracy performance of self-optimizing variable cochlea-like 

filter as compared to that of a static cochlea-like filter more clearly, we have re-plotted 

accuracy vs. signal to noise ratio (SNR) for the both filters as shown in Fig. 4.4.  

 

Figure  4.4: Accuracy vs. signal to noise ratio (SNR) 

 

It can be noticed that from Fig. 4.3 that there is an improvement of 8 dB in terms of SNR 

for the variable self-optimizing cochlea-like filter for medium range SNR. Although this 

difference diminishes for the lower SNR ratios that suggest that when too much noise 

added to the signals the accuracy of the system falls down. Since there is improvement in 

terms of overall accuracy of the system even for lower SNR for the variable self-

optimizing cochlea-like filter as compared to a static cochlea-like filter, it shows that a 

self-optimizing cochlea-like filtering is more rigorous and could be used for the real 

patients‘ sounds which have got much noise as compared to simulated sounds. 
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Chapter 5 : Conclusion 

This chapter summarizes the results from the heart murmur detection and classification 

using cochlea-like pre-processing and describes the future work.  

 

5.1 Summary 

 Heart sounds were analyzed in both time and frequency domains and the information 

rich components of frequency domain heart sound signals were evaluated. Using 

frequency domain heart signals, an ANN system for heart murmur detection and 

classification system was designed and tested on simulated heart sound. CLPP 

significantly improved the overall accuracy of ANN based heart murmur detection/ 

classification system from 80.6 % to 100% for some combinations of fc and FCR which 

suggests that cochlea like pre-processing is very helpful to enhance the information rich 

frequencies present in the heart sounds and de-emphasize the unnecessary frequencies.     

 

To see the effect of noise on the performance of system, we added AWGN to the heart 

sounds.  The heart sounds are passed through a variable self-optimized cochlea. We 

noticed the improvement of 8 dB in terms of noise immunity in the system performance 

against the noise as discussed in results.  
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5.2 Future Work 

We plan to advance this research by incorporating more murmur types and testing heart 

sounds from real patients. We also plan to incorporate more rigorous signal processing 

techniques to further improve the overall accuracy of system for real patients‘ heart 

murmurs. Better noise reduction/ removal technique can also be used to clean the signals 

before processing the heart sounds.  
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Appendix A 

A comparison of results for heart murmur detection and classification systems from 

literature is shown in table 4 below. 

 

 

Table 4: Comparison of results from literature 

 

 
 

 

 

 

 

 

 

 


