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Abstract: The two diastolic heart sounds reflecting the 

malfunctionality of heart are third and fourth heartsounds(S3 and 
S4). Early detection of heart failures can decrease the risk by 
identifying the abnormal heart sounds through Phonocardiogram 
(PCG) signal analysis. In this paper abnormal heart sounds are 
identified and classified using Intrinsic time scale decomposition 
(ITD) and Support vector machine (SVM). The proposed 
framework has been tested on authenticated database signals 
under abnormal conditions. The success rate is really conquering 
for the SVM classifier with an accuracy over 94% in the S3 
detection and 91% for the S4, which reveals the effectiveness and 
high efficiency of the proposed work 
 

Keywords : PCG signal, Intrinsic timescale decomposition, 
Support vector machine.  

I. INTRODUCTION 

The leading death cause is mainly due to Cardiovascular 
diseases (CVDs) accounting for 17.3 million deaths were 
recorded globally and it is expected more in the near future. It 
is very much essential to discern the presence of cardio 
vascular risk, especially in military personnel to prevent 
cardio vascular events at a time of increased military 
operations. A study reported that a veteran with distant 
combat exposure stands at a lower risk compared to a veteran 
with direct combat exposure [1]. Early and an accurate 
diagnosis of CVDs is necessary to halt the death rate. Hence 
the identification of heart dysfunctions has become a popular 
research area. The traditional method involves direct 
auscultation of the heart using a stethoscope doesn’t resolve 

into accurate diagnosis. The recording of heart sounds and 
their representation were achieved in 1985 which enhanced 
the heights of disease detection. The wave form of heart 
sounds is known as phonocardiogram, which is used to 
inspect the heart sounds The clinical diagnosis based on 
automated computer aided systems reinforces detecting 
abilities.  
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These systems conforms the signals processing operations 
like filtering to remove the noise, segmentation and 
localization to arrange the components according to 
timeinformation. It is found that insufficient information was 
there in direct auscultation due to human ear limitations and 
discriminatory skills. From this quantitative and qualitative 
analysis cannot be achieved. The recorded heart sounds from 
an electronic stethoscope gives a PCG plot. The PCG plot 
guides the cardiologist for detection of diverse complications 
in the heart valves. An authentic PCG plot of a fit person 
guides a cardiologist to discern from an anomalous PCG plot. 
The presence of noise and some artifacts can mask the PCG 
plot, however, this doesn’t provide transparency for clinical 

diagnosis. This situation can be overwhelmed by considering 
the frequency and time characteristic analysis [2]. Precise 
diagnosis can be achieved by signal processing methods 
which give the characteristics of heart signal.  
    The first two heart sounds (S1 and S2) are produced due to 
normal heart activity. The abnormal heart activity produces 
the later heart sounds (S3 and S4). S3 appears subsequently 
the occurrence of the S2 and S4 appears just ahead the S1. In 
children, pregnant women and in extreme physical activity 
trained persons S3 occurs commonly. However, the S4 heart 
sound is quite abnormal and seen when there is a stiffened left 
ventricle which results in hypertension, aortic stenosis and 
hypertrophic cardiomyopathy. The S1 frequency ranges from 
10-200Hz and lasts for 120-150ms, for S2 the frequenct 
ranges from 20-250 Hz and lasts for 80-120ms. The third 
sound (S3) pronounces in the early diastolic cycle for which 
the frequency ranges from 25-70Hz with a typical duration of 
40ms and S4 presents in the late diastolic cycle with 
frequency ranges 15-70Hz and lasts upto 40ms [3]. A low 
frequency noise which presents below 30Hz easily masks the 
S4 signal.  Mitral valve stenosis and aortic valve stenosis can 
be considered as a major heart disease occurs from the 
restricted flow of blood due to narrow valve openings. PCG 
signal analysis with advanced technology can alert the 
abnormal functioning of heart.  
    A speculative approach in non-stationary and non linear 
signals analysis was introduced by Huang et al known as 
Emperical mode decomposition (EMD). The EMD practice 
decomposes the input signal into a loop of Intrinsic mode 
functions (IMFs).  A baseline signal is acquired by 
constructing mean values of upper and lower envelopes 
which were defined by cubic spline algorithm [4].  Then the 
baseline signal is subtracted from the input signal results in a 
residue known as residual signal.  
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The process is iterated to produce multiple decomposed 
components and hilbert transformation is applied to produce 
instantaneous amplitude and frequency data. The EMD 
established decomposition usually a failure in producing a 
residual signal with strict positive values and strict negative 
values. An alternative method named Hilbert vibration 
decomposition (HVD) introduced by Feldman, decomposes a 
non-stationary signal into sum of mono components with 
instantaneous amplitude and frequency [6]. The crucial part 
of the decomposition is grounded on the low pass action on 
instantaneous frequency to get the individual components 
[7]. The issue over here is selecting the integration limits for 
the low pass action. Improper selection of limits gives other 
spurious components along with the individual components. 
The efficient methods for detection of S3 and S4 involves 
time frequency analysis which includes Short time fourier 
transform (STFT), Winger ville distribution (WVD) and 
Wavelet transform(WT) . Resolution, cross term interference 
and unadaptiveness are the issues observed in those methods. 
To solve the above mentioned issues, the proposed work is 
oriented to use ITD method to distinguish S3 and S4 and this 
is the crucial level in the given frame work [8],[9]. Then, the 
extraction of features such as shape and structures related 
parameters along with the time intervals of heart sound 
components. Upon obtaining a decomposed heart sound 
signal sub component, it can be given for classification with 
software algorithms. These techniques use a defined cardiac 
cycle for feature extraction to provide optimum accuracy 
[10],[17]. This work proposes SVM method to achieve better 
accuracy. 

    Thus, the classification is performed using SVM based 
on the optimum feature consideration. The rest of sections are 
well methodized as follows. Section II introduces the frame 
work and overview of the proposed method. Section III then 
discusses the method in detail. Section IV outlines the 
classification based on the features. Section V discusses the 
obtained results in detail followed by conclusions.  

II.  SYSTEM OVERVIEW 

    This paper describes an advanced method of identifying the 
abnormal heart sounds automatically in a qualitative way. 
The novel workflow of the notable automated systems for 
heart signal analysis and classification is depicted in Fig.1.  

 
Fig.1. Proposed system workflow 

    The sounds S3 and S4 discriminated by using Intrinsic 
time Scale Decomposition. While decomposing the PCG 
signal the ITD method preserves the phase and amplitude 
information. The numbers of decomposed components are 
selected based on Mean square error (MSE) result between 
original and aggregate of individual components. Next, 
features such as number of peaks, transition time, frequency 
scale and Relative energy ratios (RER) are computed. Then 
the features are trained and tested with SVM classifier. 
Further, the accuracy of SVM shows the effectiveness of the 
proposed framework. 

III. INTRINSIC TIME SCALE DECOMPOSITION 

 
    A low vibration baseline component (Lt) and a high 
vibration proper rotation component (Ht) of the given input 
signal Vt are extracted using a defined operators Ł, which 

extracts component Lt and Ħ, which extracts component Ht. 
More precisely, Vt can be decomposed as 
 

Vt = ŁVt +(1  Ł) Vt = Lt + Ht                             (1) 
 

the low vibration baseline component operator, Ł, on the time 

interval (τk, τk+1] between successive extrema can be 
extracted as follows 
 

ŁVt= Lt = Lk +   
        

        
            , t ϵ (τk, τk+1]      (2)                                                 

Where 

Lk+1= α [ Lk+  
         

         
              ] +( 1 α )      (3)                              

    The decomposition is carried by fixing α at 0.5 and these 

results in obtaining a low vibration component Lt. The high 
vibration proper rotation component is extracted as (4). Now, 
the decomposition contains two components Lt and Ht. 
 

Ħ Vt = ( 1  Ł ) Vt = Ht = Vt   Lt                      (4) 
 
    The process is repeated considering the low vibration 
baseline component as input signal [9]. The high vibration 
proper rotation components are considered to extract 
instantaneous amplitude (At), instantaneous phase (θt) and 
instantaneous frequency (ft) .By applying Hilbert transform, 
the above parameters can be estimated by constructing an 
analytic signal y(t) is by adding V(t) with its Hilbert 
transform,      , then y(t) = V(t) +     . The instantaneous 

amplitude is given by At=                its instantaneous 
phase is given by θt = arctan [      /V(t)] and finally 
instantaneous frequency is obtained as ft =(1/2π)     where, 
    is the first derivative of the instantaneous phase. 
Practically, Hilbert transform based approach for 
instantaneous time frequency analysis is rapid one with 
minimum effects on the edges which doesn’t involve any 

recursive viewpoint [11].  Once the decomposed components 
of the given input signal are constructed into a low vibration 
baseline and a high vibration proper rotation component, the 
process can be iterated on the secured baseline signals 
considering them as the input until a monotonic signal is 
obtained. It is observed that there is a decrement in the 
instantaneous frequency at each successive level of 
decomposition. 
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IV. SUPPORT VECTOR MACHINE 

    Finding suitable hyperplanes between different classes of 
data points is the main theme behind the SVM. Consider 
linearly separable classes for the given training set (xi, yi), 
i=1,2,3…n and the discrimination function allied with hyper 

plane is defined as 
  

                                         (5) 
 
    To get minimum error probability the SVM theory 
describes as follows [12],[13]. The input x is mapped to a 
higher dimension through a non linear mapping, thereby 
maximizing the classes distances (2/ ǁ W ǁ). SVM minimizes 
the constraints of hyper plane which was mentioned in (5). 
The classical hyperplane can produce optimum results when 
it has minimum classification measuring error or maximum 
distance between the classes. For the weight vector W, the 
optimum solution using Lagrange multipliers is given by 
  

W =          
 
                             (6) 

 
Where,   , i=1,2,…n is the non negative Lagrangian 

multiplier. The output for any test vector is given by  
 

                (             
 
           (7) 

 
K (       is the kernel function used in SVM and it is 
implemented with radial basis function given as K (      
            -             , σ is the width of radial basis 

function[15].  

V.  RESULTS 

    Out of 400 signals from PhysioNet database [7], 41 
abnormal signals in mp3 format are selected for this proposed 
workflow along with 10 normal and healthy signals are 
allowed for analysis. The selection is purely based on visual 
perception in identifying the systolic and diastolic timings 
evidently. Among these 41 signals, 23 consist of the S3 
component and remaining 18 consists of the S4 component 
and made noise free with Deaubachies-4 wavelet. The heart 
sound signals of S3 and S4 are processed individually. The 
resultant signals are presented in Fig. 2 and 3 which are 
normalized completely in time as well as in amplitude and 
ITD method is then applied. The normalization defined in (8) 
doesnot show any impact in the calculation of the time 
distances. 
 

ynorm (t) =  
       

         
                                   (8) 

 

 
 

Fig.2. The normalized heart sound signal with S3 
 

 
 

Fig.3. The normalized heart sound signal with S4 
 
It is observed from the Fig. 4 and 5 that first three 
components of decomposition are considered based on 
integral normalized mean square error (InMSE) value, which 
is given by 
  

InMSE = 
 

   
 
   

         
                      (9) 

 
Where, ei is the error between input original signal and 
reconstructed signal from the decomposed components and 
Ai is the actual signal. The dominant components in the 
decomposition are determined by computing standard 
deviation of InMSE. The result shows that standard deviation 
maintained between original and reconstructed signal for 
InMSE is 0.04 to 0.88. 

 
Fig.4. First three decomposed components of  S3 

 

 
Fig.5. First three decomposed components of  S4 

 
    The heart sound S3 is identified upon considering the time 
distance value between S2 and S3(t23). The S4 is identified 
with the time distance value between S3 and S4 (t43) along 
with the distance between S4 and S1 (t41). From the equation 
(10), the distance between S2 and S3  
 

t23 =  
        

       
  

        

       
                            (10) 
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t34 =  
        

       
  

        

       
                           (11) 

 

t41 =  
        

       
  

        

       
                           (12) 

 
is computed by considering the mean values for the three 
decomposed components. The value of t23 obtained is 103ms, 
represents the time gap between S2 and S3  .Similarly , the 
remaining time distances are computed by (11), (12) and the 
noted values for t34 is 245ms and for t41 is 50ms, represents 
the presence of S4 and the time gaps from S3 and S1. 

 
Fig.6. Extracted normalized third heart sound 

 
Fig.7. Extracted normalized fourth heart sound 

 
    The extracted components of S3 and S4 are presented in 
Fig.6 and Fig.7 respectively. From that the number of 
significant crests and troughs for S3 are : S3crests = 4, S3troughs = 
4 and for S4 are : S4crests = 3, S4troughs=4. Further, the 
characteristic features (f1, f2,…,f

8 ) which are defined in the 
Table-I are calculated and presented in Table 2 for the signal 
components S3 and S4. 

Table-I: Description of the features 
Feature Description 

f1 Number of significant crests 

f2 Number of significant troughs 

f3 Frequency(Hz) 

f4 Screen time(ms) 

f5 Normalized amplitude level 

f6 Relative energy ratio 

f7 Systolic mean distance(ms) 

f8 Diastolic mean distance(ms) 

    The time frequency representation of a decomposed 
components obtained from ITD described in the section 3 are 
used to locate the components S3 and S4. From the time 
frequency plots which are depicted in the Fig. 8 and 9 gives a 
more detailed positional values and on screen time values. 
The calculated values for the above mentioned features in the 

detection of S3 and S4 through the proposed method is listed 
in Table-III. The abnormal signals that are downloaded 
according to the respective IDs are presented with their 
obtained values in Table-III. The first column of this table 
represents the signal Ids followed by calculated features 
which are defined in Table-I. 

Table-II: Feature characteristics 
Feature S3 S4 

Number of signals 23 18 

f1 1-6 1-5 

f2 1-5 1-4 

f3 30-80 20-50 

f4 50-80 40-60 

f5 0.10-0.65 0.05-0.45 

f6 0.32-0.39 0.20-0.29 

 
  This work considered the eight fittest features described in 
Table-I significantly avoided the overfitting classifier 
problem. Further, the Relative energy ratio feature which can 
be calculated from (13) added value for this work and it is the 
ratio of ith component energy (     to the total energy of the 
signal (EST). 
 

     
   

   
                                 (13)   

 
 

Fig.8. Time frequency analysis contour plot with S3 
component 

 
 

Fig.9. Time frequency analysis contour plot with S4 
component 
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Table-III: Calculated features for 41 abnormal signal IDs 

Signal ID S3 S4 f1 f2 f3 f4 f5 f6 f7 f8 

a0003-a0007   1-6 1-4 33.5-72.0 55.4-78.6 0.10-0.60 0.33-0.39 290.5-308 502-505.8 

a0015   3 3 41 57 0.22 0.34 301.55 500.70 

a0093   2 3 31 57.50 0.22 0.32 300.50 502 

a0120-a0132   1-6 1-5 31.5-80 50.4-75.3 0.10-0.60 0.32-0.39 301-307 495.5-503 

a0140   4 4 63 71 0.51 0.37 300 500.2 

a0145   4 3 61 79.90 0.61 0.33 302.7 500 

a0031-a0037   1-5 1-4 26.5-42.0 54.4-58.6 0.09-0.40 0.21-0.29 291.5-305 501-506.8 

a0061   5 3 21 41.4 0.27 0.24 301 501.70 

a0094   2 4 47 55.2 0.32 0.27 300.55 502 

a0155-a0159   1-4 1-4 21.5-45.0 40.3-48.6 0.10-0.65 0.22-0.27 300-302.7 500-505.0 

a0171-a0173   1-5 1-4 20.3-59.9 45.4-59.6 0.15-0.55 0.22-0.27 290.5-307 502-504.5 

    
The training of classifier includes datasets and class which is 
obtained from PhysioNet database has been tested. A strong 
decision is allowed to classify S3 or S4 by having supervised 
learning technique based on ensemble with bootstrap bagging 
to train the classifier. The performance metric used to assess 
the proposed system is the Accuracy. The accuracy is 
calculated from (14) and comparison is made with other 
methods are listed in Table-IV.  
 

         
     

           
                         (14) 

 
    The number of abnormal signals categorized as S3 and S4 
implies True positive (TP). The number of normal heart 
sound signals categorized without S3 and S4 signifies True 
negative (TN). The number of normal signals identified as 
abnormal implies False positive (FP) and the number of 
abnormal signals classified as normal signals signifies False 
negative (FN). The detection accuracy of the proposed 
method for the proposed method shows a constructive 
approach in the detection of abnormal heart sounds. 
 

Table-IV: Result comparison 

Methods 
Detection accuracy 

of S3 (%) 
Detection accuracy 

of S4 (%) 

STFT [14] 79.3 72.4 

EMD [5] 83.3 80.2 

HVD [16] 88 82.2 

ITD (proposed) 94.7 91.1 

 
    The proposed methods is able to recognize the presence of 
S3 and S4 even the normalized amplitude value is as low as 
0.06. This differentiation of low energy signals is difficult for 
human intelligence, therefore this method proves the 
superiority among other methods. Further, the following 
figures shows the lower limits in sensing of normalized 
amplitude and frequency compared with other methods. 
Fig.10 illustrates the minimum sensible normalized 
amplitude by different methods to detect S3 and S4. The 
proposed method is able to draw the existence of abnormal 
sound components compared with other methods. 
 
 
 

 
 

 
Fig. 10. Lower limit of detected frequency by various 

methods 

 
Fig. 11. Lower limit of detected normalized amplitude by 

various methods 
It is evident from the Fig.11 that minimum detectable 
frequency is achieved by the proposed method with lowest 
frequency of 20Hz. These results show the effectiveness of 
the proposed approach in comparison with other methods to 

detect the abnormal heart sounds. 

VI. CONCLUSION 

    The fundamental objective of this work is to identify the 
abnormal heart sounds which are low in both energy and 
frequency in an optimum approach. The proposed method 
works without losing any characteristic parameter 
information. The ITD method effectively decomposed the 
signal into subcomponents and iteration takes place based on 
the value of InMSE. A total of 41 abnormal signals consist of 
S3 and S4 are used to assess the proposed method. The time 
distances are calculated serves the purpose in accurate 
detection of components in one heart cycle.  
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    The proposed method shows the lower limit in sensing the 
frequency of 20Hz and the normalized amplitude of 0.06, 
which are significantly lesser than the other approaches. The 
obtained results indicate the mark performance of the 
proposed method in terms of classifier accuracy of 94.7% and 
91.1% for S3 and S4 respectively. Thus, such improved result 
discloses the productiveness of the constructive idea behind 
the proposed work. 
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