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Abstract

During the present paper a number of cardiovascular patients
were classified using features of cepstral coefficients based on
national standards. Heart sounds include a healthy heart and
fourth unhealthy heart, The data used in this paper was obtained
from Michigan university website. After the separation of the
heart murmurs from each heart sound, the cepstral coefficients
based on Mel scale for each class was calculated as feature
vectors and method support vector machine was used for the
classification of the diseases. The diagnostic accuracy was %100.
The results indicated the accuracy, reliability, and high
performance capacity in method design.
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1. Introduction

The ECG* record which is the result of heart function has
always been a favorite none-aggressive and at the same
time safe and fast approach for the diagnosis of the heart
status and its diseases over the past years. The PCG? signal
also includes some data with regard to the function of the
heart and they are the result of mechanical vibrations. The
sounds of the heart are made by the heart valves and also
the murmurs. Therefore, useful information about the
situation of the valves, the types of the diseases or the
possible openings in the walls of the ventricle and
vestibule can be obtained thanks to the process of PCG
signal. The discovery of the signals of the heart and their
analysis has always been interesting for the cardiologists.
The main issue in processing of these signals is the
discovery of vital components, the recognition of abnormal
rhythms and the improvement of efficacy of signal
recognition. The importance of the statement of the
problem and the type of the problems in processing of such
signals has intrigued not only the physicians, engineers but
also the technicians of signal processing. Stethoscope is a

1 Electrocardiogram
2. phonocardiogram

recognized device in the medicine practice and physicians
have always trusted it for the recognition and diagnosis of
heart diseases. Nowadays, the main function of stethoscope
is a primary test for the assurance of the health of heart
performance. The people with abnormal heart beats need
to be sent to cardiological clinics. Today, the medical
technology is moving towards the economy and the
reduction of diagnosis expenses and the preservation of
human health. Therefore, we need to have state-of the art
stethoscopes. Adding the ability of the diagnosis of the
heart abnormal sounds and providing the necessary
information regarding the function of the heart may enable
the experts for a sound decision making when face certain
diseases. During the past years, we have witnessed efforts
to diagnose the type of diseases by just auscultation and
recording of the sounds of the heart. Very many activities
have been done so far. Each set of data for heart disease
includes certain characteristics. The most valid database in
the field of the sounds of the heart is the university of
Michigan database [1] based on the first and the
Yoganathan sound. The first frequency research on the
sound of the heart was done by Yoganathan on the first
sound [2] and the second sound [3] in which the fast
Fourier transform technique for the analysis of the heart
beats was used and the frequency peaks of the heart beats
were analyzed. Later on, Rangayan [4] calculated the
frequency spectrum of the second sound of the heart using
parametric methods in short periods of time and found out
the healthy heart from the unhealthy heart with regard to
the related spectrum disturbance. Bently [5] used the
transform part-wave technique for the analysis of the heart
beats of people suffered from Aortic valve disease. They
concluded that innocent murmurs has a mean frequency of
79 Hz and a standard deviation of 4.Shan used the second
order spectrum method for modeling the sounds of the
heart [6]. He also used the second order spectrum
estimation techniques using parametric and analyzed and
classified the hear sound signals [7]. After the time-
frequency analysis of part-wave transform on the heart
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beats were applied to the heart beat, procedures that
express time and frequency information simultaneously
drew the attention of the scholars. Adaptive tracking
method is an appropriate technique for the analysis of none
stationary signals especially the signals whose nature is
changed over time. This method was firstly by Mallat [8]
and was applied on the heart beat signals by Zhang [9]. He
used Gabor basis functions to describe the heart signal.
Cepstrum three methods of feature extraction, range
feature, and features based on the basis of wavelet and
three classifier method KNN*, MLP? and SVM? in 2009
[10], the discrete wavelet transform feature extraction
method (DWT?), and four types of neurological networks
including MLP, BPA®, ENN®and RBF’ in 2010[11],
feature extraction method MFCC, and Euclidean distance
classification method in 2010 [12], Wavelet methods and
SVM Classifier in 2012 [13], cepstral factors based on Mel
Criteria (MFCC® in 2013, the GMM °® method and
HMM™[14] category methods in 2013, and a number of
hidden Markov models (Bayes Network, simple Bayes
[15], and some other categories, were used for the
diagnosis of heart diseases.

The purpose behind the present research is to introduce a
method which categorizes the heart disease automatically
with high precision and validity. Here, a new method has
been proposed for the classification of heart disease based
on cepstral coefficient and based on Mel criteria using
Support Vector Machine classifier. Later, the necessary
theories were analyzed and some conclusions were made in
chapter three. In chapter four, the obtained results were
presented and the conclusion was done in chapter five.

2. Method

The data used in this paper was obtained from Michigan
university website. In this group, four sets of heart sound
regarding the various parts of auditory are presented. Fig 1
shows where heart beat can be heard on four points better.

1 Kk-nearest neighbors

2. Multilayer perceptron

3. Support vector machine

* _ Discrete Wavelet Transform

®_ Back Propagation Algorithm

® _ Elman Neural Network

" - Radial Basis Function

8. Mel-frequency cepstral coefficients
° _ Gaussian mixture model

19 Hidden Markov model
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Fig. 1 Positions of maximal auscultation[16]

In this paper, we used Mitral valve sounds stored in the
apex region including the sounds of a healthy heart and
four sounds of the heart along with heart murmur. Fig 2
shows the mitral acute heart failure.
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s1 Murmur s2

Fig. 2 Systolic murmur in the early stages [1].

Fig 3 shows the mitral acute heart failure with regard to
Coronary Artery Disease.
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s1 Murmur s2

Fig. 3 Systolic murmur in the middle stage [1].

Fig 4 shows the Mitral valve prolapsed with mitral
regurgitation due to heart disease.

s1 Murmur s2

Fig. 4 Systolic murmur in the late stage [1].
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Fig 5 shows the classic mitral insufficiency or deficiency
of the ventricular wall.

Murmur

Fig. 5 Systolic murmur is heard at all levels [1].

2.1 Isolating heart beats

The isolation of murmurs from the first sound and second
sounds of the heart was done using AVS Audio Auditor.
Fig 6 shows heart beat signal before and after the murmurs
separation.
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Fig. 6 the isolation of murmurs: A. The heart beat with murmurs, B. The
heart beat without murmurs, C. Murmurs isolated from the heart sound.

We isolated about 60 beats from each patients’ heart beat.

2.2 extraction MFCC coefficients

The flowchart of MFCC coefficient extraction is shown in
fig 7. The main idea in Cepstrum coefficients was based
on the Mel criteria and derived from the properties of the
human auditory perception and speech intelligibility. The
function of the human auditory system is a way that its
perception frequency is different from the real sound
frequencies[17].
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Fig.7 Steps to computation of MFCC coefficients[17].

A single Mel is perceived as a measure of the pitch and
does not depend linearly on the frequency step since the
human ear is function as this frequency is not perceived as
the same physical size.

The following formula shows the relationship between the
two frequencies.

_ Fhz
1 F..; = 2595 lo 1+ —=
1) mel 910 700
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The stages to MFCC coefficient extraction is shown in
fig.7 and based on this fact in feature extraction method
MFCC, the following stages are followed. First of all, the
Fourier spectrum of the window is obtained using the
Fourier Change and the domain is calculated. Later on, the
filter bank is placed on the obtained spectrum
logarithmically and based on formula no 1. Fig. 8 shows
the distribution of filter types.

"o 1000 2000 3000 4000 S000 6000 7000 8000
Frequency (Hz)

Fig.8 The distribution of filters [17].

The number of these filters are varied. As shown in figure
8, the wideband of the filters is higher in higher
frequencies. It means that the human ear sensitivity is
relatively lower with the frequency changes in high
frequencies than the low frequencies. After placing the
filter on the signal spectrum, the filters output is calculated.
To extract the heart sound features, firstly the sound of
each class is framed. Each frame shows relatively
stationary behavior. For each class, 13 features were
extracted.

2.3 Theory of support vector machine (SVM)

After the extraction of process feature, support vector
machine was used to classify the data. For the first time,
SVM was proposed as an effective classification and
diagnosis of the patterns by Vapnik [3]. Support vector
machine is in fact a Two-class classifier in which the
classes are divided by the use of a linear boundary. In this
method, Support vector samples are called the closest to
the decision boundary. These vectors define the decision
boundary equation. To simplify the concept of theory of
support vector machine, the simplest possible option for
the classification called two-class classification in the case
of linearly separable is used [18]. In this method it is
assumed that the samples hold y; = {~1+1} label. Each

sample is shown as a vector. The maximum margin method
is used to find the optimal decision boundary. So, the
decision boundary in addition to all instances of both
classes should not only properly divide all the samples into
two categories, but also it should find the decision
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boundary (hyper page) which has the distant range from all
support vectors. The mathematical expression of the
decision boundary in vector space can be expressed as the
following equation:

2 f(X) = sgn(w.X + b)

Where w the normal vector of the hyper plane and b is the
intercept [19]. As before, the decision making boundary
should accurately classify the samples as the following
equation:

(3) yi(Wx+b)>1

On the other hand, the boundary of decision making should
have the most distance from the samples of each class as

according to fig 9 means the maximizing é [19].
W

Fig.9 Hyper plane separation [19].

Therefore, we can define an optimization problem as
follows:

0 min i
©) sty;(W.x +b)>1

To solve the problem of optimizing, the method of
Lagrange multipliers is used. So the question is of the
relation (6) which is the Lagrange multipliers.

Tvlg max{%HWHZ —zinzlai [yi (w.x; + b)*l]}

(6) a0
st.=> aj >0
n
zai)’i =0
i=1
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Later on, this form (called the original form is changed into
the dual form with the placement Lagrangian derivatives
with regard to the original variables  Lagrangian. By
solving the optimization problem of the form of the twin,
the Lagrange multipliers values are obtained. Karosh-
Kuhen-Talker state that the optimal value is shown as the
following equation:

() W= Zin:l“i XiYi

Moreover, it is easily proved that the value of b is
calculated through equation 8:

1 n __
(8) b:—N Zi=1yi —W.X;
SV

Here N, is the number of support vectors. At the end,
decision making function is stated as follows:

) f (X) = sgn(W.X +b)

3. Results

During the present research project, HR 300 for a healthy
heart ,class 1, and four diseases including acute mitral
regurgitation ,class 2, disease due to coronary artery
disease, mitral regurgitation ,class 3, Mitral valve
prolapsed with mitral regurgitation ,Class 4, classic mitral
insufficiency or deficiency of the ventricular wall ,Class 5,
were examined .First of all, the hear sound was tabulated.
To this end, the frames were overlapped in order to
maintain the smoothness and continuity between the
frames. We considered the frame length of 25 ms and a
frame shift of 15 ms.

After the signal is divided into frames, each frame is
multiplied by windows to reduce the spectrum energy loss.
Hamming window was used to minimize the spectral
distortion. The sound of each heart (class) was divided into
1500 frames from which 1050 were used for teaching and
450 frames were used for testing. In other words, in this
simulation %70 of the data was used for teaching
and %30 of data was used for testing. The SVM classifier

with one- versus -all method was used for the classification.

The results of the classifications of phase one is shown in
tables 1 and 2.

Table 1: Margin specifications

Class 1 Class 2 Class 3 Class 4 Class 5
Class 1 446 4 0 0 0
Class 2 7 442 0 1 0
Class 3 1 0 423 7 8
Class 4 3 1 1 424 21
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Table 2 : Percentage of error in each class
Class 1 Class 2 Class 3 Class 4 Class 5
0.888 1.777 3.555 5.777 4.888

From among 450 healthy heart sounds about 446 frames
were diagnosed correctly and 4 frames wrongly which
indicates the diagnostic accuracy of %99.12. From among
450 frames of heart sounds with acute mitral regurgitation
disease, 434 frames were diagnosed correctly and 16
frames were diagnosed wrongly which show the diagnostic
accuracy of 9%96.445. From among heart sounds with
Mitral valve prolapsed with mitral disease, 424 frames
were diagnosed correctly and 26 frames were diagnosed
wrongly which shows the diagnostic accuracy of %94.223.
From among 450 heart sounds with classic mitral
regurgitation or ventricular defect, 428 frames were
diagnosed correctly and 22 frames were diagnosed
wrongly which shows the diagnostic accuracy of %95.112.
The test error was %3.377, and the diagnostic accuracy of
the test was %96.623. During the second phase of the
project, using the majority of the vote method each 28
frame was considered for each heart beat. The length of
systole in each heart beat was 280 ms and the length of
each frame was 10ms. Therefore, we considered 28 frame
as one beat. The majority of the vote method for each hear
beat was equal or more that the 28 classified frames. For
each heart sound about 53 beats were extracted form which
37 beats were used for test and 16 for teaching. After the
second phase of classification using the majority vote, all
beats were diagnosed correctly. It means that each 16- beat
of any class were diagnosed correctly. Final results were
shown in tables 3 and 4. Validity of this study was equal to
100 %. The results obtained from this study and its
comparison with the results obtained in previous studies
showed the high diagnosis precision and its high accuracy.
The comparison of the results is shown in Table 5.

Table 4 : Disturbance 5 class confusion matrix of heart sounds using
majority vote.

Class 1 Class 2 Class 3 Class 4 Class 5
Class 1 16 0 0 0 0
Class 2 0 16 0 0 0
Class 3 0 0 16 0 0
Class 4 0 0 0 16 0
Class 5 0 0 0 0 16

Table 5. The accuracy diagnosis of each disease using majority vote
method

Class 1 Class 2 Class 3 Class 4 Class 5 General
Diagnosis
Accuracy

100% 100% 100% 100% 100% 100%

Table 6. The comparison to the previous research projects
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Study year No of Feature Classifier Diagnosis [2]
classes extraction accuracy
2002 35 TMS PNN 59.44%
Spectral KNN 73.0%
[3]
2009 3 Wavelet- MLP 86.4%
based
Cepsteral SVM 95.2%
MLP 77.53% [41
B 0
BPA 83.71%
The discrete [5]
2010 7 wavelet
transform ENN 86.56%
[6]
RBF 81.30%
Euclidean 92.5% [7]
2010 6 MFCC distance
2012 2 Wavelet SVM 93%
transform [8]
2013 6 MFCC & GMM 84.96%
HMM [9]
Bayes Net 91.666%
Time & "
Frequency Naive Bayse 93.333% [10]
2013 2 domain
SGD 91.666%
Logit Boost 88.333% [11]
96.623% [12]
Previous 5 MFCC SVM
studies
100%
[13]
[14]
4. Conclusion
During the present paper, the classification of 5 healthy [15]
heart, the sounds of a healthy heart and 4 unhealthy heart
sounds with heart murmurs were examined. To diagnose
the heart murmurs from the sounds made by heart Mel-
frequency cepstrum were used for the extraction of the [16]
features and the SVM classifiers were applied using one-
versus-all for the classification of the murmurs. Results [17]
show a general error of %3.377 and the diagnosis precision
of %96.623 in the first phase and the general; error of 0% [18]
and the diagnosis accuracy of %100 for the final phase. [19]

Comparing the results of this study with the previous
studies showed that the present study posses a high degree
of accuracy.
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