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Abstract:    Accurate classification of cardiac arrhythmias  is a crucial task because of the non-stationary nature of electrocardiogram
(ECG) signals. In a life-threatening situation, an automated system is necessary for early detection of beat abnormalities in order to re-
duce the mortality rate. In this paper, we propose an automatic classification system of ECG beats based on the multi-domain features
derived from the ECG signals. The experimental study was evaluated on ECG signals obtained from the MIT-BIH Arrhythmia Data-
base. The feature set comprises eight empirical mode decomposition (EMD) based features, three features from variational mode decom-
position (VMD) and four features from RR  intervals. In total, 15 features are ranked according to a ranker search approach and then
used as input to the support vector machine (SVM) and C4.5 decision tree classifiers for classifying six types of arrhythmia beats. The
proposed method achieved best result in C4.5 decision tree classifier with an accuracy of 98.89% compared to cubic-SVM classifier which
achieved an accuracy of 95.35% only. Besides accuracy measures, all other parameters such as sensitivity (Se), specificity (Sp) and preci-
sion rates of 95.68%, 99.28% and 95.8% was achieved better in C4.5 classifier. Also the computational time of 0.65 s with an error rate of
0.11 was achieved which is very less compared to SVM. The multi-domain based features with decision tree classifier obtained the best
results in classifying cardiac arrhythmias hence the system could be used efficiently in clinical practices.
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1   Introduction

The  electrocardiogram  (ECG)  signal  is  an  important

tool  for  diagnosing  the  cardiac  arrhythmias  in  clinical

analysis. However,  these  signals  are  susceptible  to  vari-

ous types of noises[1].  Different approaches using discrete

wavelet transform (DWT), Hilbert transform and empir-

ical mode decomposition (EMD) have been used success-

fully  to  detect  the  arrhythmias  in  ECG  signals[2–5].  The

wavelet and EMD methods were found to be effective for

reducing  noises  from the  ECG signals[6]. Feature  extrac-

tion  and  classification  are  the  most  intensive  points  for

the detection of cardiac arrhythmias[7]. In recent decades,

several  works  have  investigated  the  automatic  detection

of  ECG beats.  The performance  of  the  classifiers  mainly

depends  upon  the  time  and  frequency  domain  features,

which can be extracted from the morphology of the ECG

waveforms. Many efficient methods based on the autore-

gressive  model  coefficients[8],  higher-order  statistics[9],

wavelet transform[10], support vector machines (SVMs)[11]

are used to  extract  valuable  features  from the  ECG sig-

nal.  Integration of  DWT and artificial  neural  network is

used for correct classification of arrhythmia conditions[12].

The wavelet  transform  based  time  interval  and  mor-

phological  features  were  used  for  successful  classification

of  the  ECG  beats[13].  Mitra  et  al.[14] proposed  a  three-

stage  technique  based  on  stationary  wavelet  transform

(SWT) for noise reduction, use of morphological and time

interval  features  and  a  classification  module  to  classify

premature  ventricular  contraction  (PVC)  from  other

heart  disorders.  Huang et  al.[15] introduced the  EMD for

analysis  of  the  non-linear  and  non-stationary  signals.

EMD decomposes  adaptively  into  intrinsic  mode  func-

tions (IMFs) components  that  de-noises  ECG signals.  In

a combined  approach  consisting  of  EMD and  DWT,  al-

gorithms  have  been  used  for  accurate  reduction  of  noise

from the ECG signals[16]. However, the EMD algorithm is

sensitive  to  noise  and  computational  time  is  high.

Dragomiretskiy  and  Zosso[17] proposed  the  variational

mode decomposition (VMD) model  which is  an alternat-

ive to the EMD algorithm for signal analysis.  This tech-

nique is more robust than the EMD for sampling and de-

noising  the  non-linear  and  non-stationary  signals  like

ECG.  Recently,  the  variational  mode  decomposition

(VMD) have been used for de-noising the ECG signal and

the detecting the cardiac arrhythmias[18, 19]. Maji et al.[20]

used frequency  domain  features  based  on  VMD  for  de-
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tecting the ventricular  QRS complex of  the ECG signal.

The  time-frequency  domain  features  of  EMD  modes  are

helpful in classifying the ECG betas. The spectral energy

of  the  ECG signal  is  observed in  the  range  0.5 Hz–30 Hz

in the frequency domain analysis and the clinical informa-

tion of the ECG waveforms lies in this range[11]. Thomas

et  al.[21] used  dual-tree  complex  wavelet  transform

(DTCWT)  based  features  for  automatic  classification  of

cardiac arrhythmias. Afkhami et al.[22] used morphologic-

al and  statistical  information  to  classify  cardiac  ar-

rhythmias accurately. The optimum-path forest (OPF) is

also  used  for  fast  and  accurate  arrhythmia  detection[23].

Combined approach based on EMD and approximate en-

velope provides better R-peak detection of the EMG sig-

nal[24].  The  dominant  rescaled  wavelet  coefficients

(DRWC) enhances the R-peaks and QRS complex by re-

ducing  the  effects  of  other  peaks  of  ECG[25].  Better  de-

noising was done by Symlets wavelet function with modi-

fied S-median thresholding in order to preserve the time-

frequency  information  the  ECG  signal[26, 27].  In  a  recent

work, an optimization mechanism is used for an automat-

ic feature learning scheme in ECG beat classification. The

method  is  based  on  a  global  recurrent  neural  network

(GRNN) for classification of ECG beats using morpholo-

gical  and  temporal  based  features.  The  GRNN  scheme

achieves  significant  improvement  in  detection  rate  as

compared  to  other  algorithms[28]. In  this  paper,  we  pro-

pose  an  improved  method  that  combines  the  EMD  and

VMD approach for accurate classification of arrhythmias.

The ECG  signals  are  obtained  from  the  MIT-BIH  Ar-

rhythmia  Database  and  de-noised  with  bandpass  filters.

The  morphological  and  statistical  features  based  on  RR

intervals,  EMD,  and  VMD  techniques  were  extracted

from the ECG signals. All the features were combined to

form a feature set and then classified with SVM and de-

cision trees  classifiers  to  detect  the  six  types  of  ar-

rhythmia  beats.  The  obtained  results  were  compared  to

other methods  for  confirming  the  superiority  of  the  pro-

posed scheme.

2   Methodology

The  flowchart  of  the  proposed  method  for  detection

and classification of cardiac arrhythmia is shown in Fig. 1.

The  experimental  study  was  evaluated  on  ECG  signals

obtained  from  the  MIT-BIH  Arrhythmia  Database.  The
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details  of  ECG beats  used in  this  work are  presented in

Table 1. The method consists of de-noising the ECG sig-

nal, feature extraction and classification stages to classify

six  types  of  cardiac  conditions.  In  the  pre-processing

stage,  the  signal  was  enhanced  using  a  moving  average

filtering approach.  Amplitude  normalization  is  also  in-

cluded  in  this  process.  The  R-peak  of  the  pre-processed

signal is performed using adaptive thresholding based Hil-

bert  transform[29].  The  features  are  extracted  using  RR

intervals,  EMD and  VMD techniques  and  served  as  the

input to the classifier that classifies the following types of

ECG beats, i.e., normal (N), left bundle branch block (L),

right  bundle  branch  block  (R),  premature  ventricular

contraction  (V),  atrial  premature  beat  (A)  and  paced

beat (/). The feature set is comprised of eight morpholo-

gical features from the 2nd and 3rd intrinsic mode func-

tion  (IMF)  of  empirical  mode  decomposition  (EMD),

three features from the 3rd mode of variational mode de-

composition (VMD) and four numbers of time-dependent

features from RR intervals.

2.1   Feature extraction

The information extracted from the heartbeat is  con-

sidered  to  be  the  most  important  factor  for  successfully

classifying the  ECG  beats.  Various  kind  of  time  or  fre-

quency  domain  features  are  directly  extracted  from  the

heartbeats. Some of the published literature based on fea-

ture  extraction  is  explained  in  this  section.  The  most

common feature calculated from the heartbeat is the RR

interval, which is the interval between one to other heart-

beats. The  classification  accuracy  improves  by  consider-

ing  the  average  RR  interval  and  normalized  RR

interval[30].  The  features  based  on  variation  of  the  QRS

interval  also  provide  good  results[31].  The  time  domain

features play  an  important  role  in  improving  the  detec-

tion  accuracy[32].  Various  statistical  features  such  as

mean, standard  deviation,  energy  and  multi-domain  fea-

tures and higher order spectral features are used success-

fully in classification[9, 33, 34]. In this work, we have extrac-

ted the RR interval, EMD and VMD based features and

combined them to make a feature set.

2.1.1   Empirical mode decomposition

The  EMD  method  was  first  proposed  by  Haung  et

al.[15] for  decomposition  of  non-linear  and  non-stationary

signals  into  a  finite  and  a  small  number  of  oscillations.

EMD is  spontaneous  and  adaptive  with  all  IMFs  which

are derived from the dataset. Through shifting processes,

the  IMFs  are  estimated  and  its  range  varies  from  high

frequency  oscillations  to  low  frequency  oscillations.  The

low frequency oscillations are then decomposed into high

frequency components and a residue, continuing the pro-

cess till residue becomes monotonic.

w (t)1) The local maxima and local minima of a signal 

are  considered  to  construct  the  signal.  Computation  of

mean of the signal is done by using the equation:

m (t) =
wu (t) + wl (t)

2
. (1)

d (t)

2) To get the difference, the mean is subtracted from

the original signal which gives the first component  as

d (t) = w (t)−m (t) . (2)

d (t) f1 (t)

w (t)

3) If  satisfies the IMF conditions, then  con-

tains  the  highest  frequency  components  of  the  signal

.

d1 (t)4) The second IMF component  is derived by the

equation:

d1 (t) = d (t)−m (t) . (3)

5) The boundary conditions, at which iteration stops is

SD =

N∑
t=0

|di−1 (t)− di (t)|2

d2i−1 (t)
. (4)

The residue of the signal can be calculated as

r (t) = w (t)− f1 (t) . (5)

6)  For  the n-th  level  decomposition,  the  signal  is

defined as

w̃ (t) =

p−1∑
i=1

fi (t) + rn (t) . (6)

Different IMFs were derived from the signal by using

the EMD approach. Only two IMFs are used for feature

extraction, and a total of 8 features were extracted using

this  technique.  By  the  following  means,  the  features  are

extracted:

1) One  cycle  of  ECG signal  is  obtained  using  a  win-

dow of 256 samples from annotated R-peak.

2) The  selected  window  is  applied  with  EMD to  ex-

tract required IMF up to the 4th level.

3) IMF  2  and  IMF  3  were  selected  for  required  fea-

tures  of  EMD  because  of  its  morphological  similarities

with QRS complex of ECG signal.

4)  The  following  statistical  parameters  are  obtained

from the selected IMFs:

 

Table 1    Detail of ECG beats used in this study

Types of beat Total records No. of beats

Normal (N) 18 75 052

Left bundle branch block (LBBB) 4 8 075

Right bundle branch block (RBBB) 4 7 259

Premature ventricular contraction (V) 12 7 130

Atrial premature beat (A) 5 2 546

Paced beats (/) 4 7 028
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a) Mean　　　　　　　

b) Maximum　　　　　

c) Minimum

d) Standard deviation

2.1.2   Variational mode decomposition

It  is  a  non-recursive  method  used  to  decompose  the

signal  into  different  modes  that  comprises  low  and  high

frequency  components[35].  The  mathematical  description

of VMD is given as

min
{∑

l

∥∥∥∥∂t

[(
σ (t) +

j
πt

)
× ul (t)

]
e−jwlt

∥∥∥∥2

2

}
(7)

∑
l

ul (t) = p (t) (8)

p (t) wl (t)

{ul} = {u1, u2, · · · , ul}
σ (t)

where  is  the  input  signal,  is  the  center

frequency.  is  the  decomposed

mode  and  the  dirac  distribution  is  denoted  by .

Langragian  multipliers  and  quadratic  penalty  terms

exhibit  better  convergence  at  a  finite  weight  and  strict

enforcement  respectively  and  hence  these  terms  are

introduced  for  the  reconstruction  problem.  Thus,  the

augmented Langragian arguments Γ can be expressed as

Γ ({ul}, {wl} , λ)=α
∑
l

∥∥∥∥∂t

[(
σ (t)+

j
πt

)
×ul (t)

]
e−jwlt

∥∥∥∥2

2

+

∥∥∥∥∥p (t)−∑
l

u (t)

∥∥∥∥∥
2

2

+ λ (t) , p (t)−
∑
l

u (t) (9)

where λ is  the  dual  ascent  and α is  the  Lagrange

multiplier. The minimization problem given in 7 is solved

by an alternate direction method of multipliers (ADMM)

by finding the saddle point of the augmented Langragian

Γ.

ul
n wn

l ul
n+1 wn+1

l

ul
n

As per the algorithm expressed, the next step is to up-

date  and  to  and , respectively. Equa-

tion (2) can be optimized with respect to  as

ul
n+1=

argmin
ulϵx

{
α
∑
l

∥∥∥∥∂t

[(
σ (t)+

j
πt

)
×ul (t)

]
e−jwlt

∥∥∥∥2

2

+

∥∥∥∥∥p (t)−∑
i

ui (t) +
λ (t)

2

∥∥∥∥∥
2

2

}
. (10)

Using Parseval Fourier isometric and Hermitian sym-

metry property, the equation is further optimized to:

ûn+1
l (w) =

p̂ (w)−
∑
i ̸=l

ûl (w) +
λ̂ (w)

2

1 + 2 ∝ (w − wl)
2 (11)

wn+1
l ←

∫ ∞

0

w|ûl (w)|2dw∫ ∞

0

|ûl (w)|2dw
. (12)

Symbols with ^ indicate the frequency domain variables.

The signal is decomposed into different modes by the

VMD approach  based  on  frequency  level.  It  is  not  af-

fected by noise because it separates high frequency com-

ponents  at  higher  modes.  On  applying  VMD,  the  input

signals are decomposed into their modes consisting of the

lowest  frequency  at  mode  1  and high  frequency  noise  at

mode 4.  The P-wave and T-wave of  the ECG signal  are

finally  eliminated and the  high frequency QRS region of

ECG  signal  is  enhanced  which  is  required  for  the

analysis[20].  The  complete  decomposition  process  of  the

ECG signal is given in Fig. 2. In this method, the feature

extraction techniques are as follows:

1) A  single  cycle  of  ECG signal  is  considered  by  se-

lecting a window of 256 samples around R-peak.

2) Apply  VMD  approach  up  to  the  4th  level  to  ob-

tain the required mode.

3) Select only mode 3 for analysis as it has morpholo-

gical similarities with QRS complex.

4) From the selected mode, the features like skewness

and kurtosis were obtained.
2.1.3   RR interval features

An adaptive threshold approach is preferred in detect-

ing  R-peaks  in  each  stage  as  the  limits  of  up  and  down

threshold are not equal[15, 33]. The error is calculated and

subtracted  from  the  limits  and  the  procedure  continues

until both the threshold limits become equal to obtain the

final threshold. In this work, we have chosen RR interval

as time domain features. Here we have taken the pre-RR

interval feature which is defined as the difference between

current and previous RLoc, the post-RR interval is defined

as the difference between the current and following RLoc.

The 1-min  and  20-min  averaged  RR  intervals  are  de-

noted by RR1 and RR2 which are presented by averaging

the RR interval of 1 and 20 minutes, respectively.

2.2   Feature selection

Feature selection is a crucial step for choosing the rel-

evant features subset that improves the classification ac-

curacy[17]. Different  features  were  extracted from the de-

composed  signal  which  is  given  in Table  2 and  then

ranked by the gain ratio attribute evaluation scheme for

ranking them  according  to  their  weightage  value  to  ob-

tain the optimal features to improve the detection accur-

acy.

2.3   Classifier

2.3.1   Support vector machine

A  support  vector  machine  is  a  supervised  learning
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model used to classify the data set. It is a discriminative

non-linear network structure that separates the data into

different  classes  by  a  hyperplane[36]. The  best  classifica-

tion accuracy can be obtained by minimizing the error in

the  training  set  and  maximizing  the  margin  between

classes. The cubic SVM model has been used in this work

that classifies six different types of ECG beats.

(x1,y1) , (x2,y2) , · · · , (xN,yN ) xi ∈ Rp

yi ∈ {−1, 1}

We consider that the training data have N pairs, i.e.,

 with  and

. {
x : f (x) = xTα+ β0 = 0

}
Let  a  hyper-plane  be ,

where α is a unit vector,

P (x) = sgn
[
xTα+ α0

]
C. (13)

2.3.2   C4.5 algorithm

C4.5 builds decision trees using the concept of inform-

ation entropy from a set of training data as in done with

the same way of an ID3 algorithm of decision tree classifi-

er[37]. The learning in the decision tree classifies starts at

the top point of  the data and then moves down leaf  ac-

cording to the discrete values. The value at that leaf node

provides the predicted output obtained from the value of

the  leaf  node  which  is  based  on  the  learning  process  of

the algorithms. The classification of the data starts at the

root node and decision is made at each branch of the tree

in order to predict the output class from the feature set.

A decision tree is made based on the training instances of

the ID3  algorithm.  The  decision  making  process  im-

proves by the tree with the use of if-then rules of the al-

gorithm.  The  best  classification  characteristic  is  selected

at  each  node  best  on  highest  information  gain  from  the

set of test attributes. The gain in information is based on

the reduction in entropy that splits the data based on at-

tribute values. The information gain at a node for an at-

tribute A is calculated by the equation
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Fig. 2     Decomposition of ECG signal using VMD
 

 

Table 2    List of features extracted for the heartbeat classification

Features Description Features Description

RR(i) Pre RR interval Emin,2 Min of IMF2 using EMD

RR(i+1) Post RR interval Emax,3 Min of IMF3 using EMD

RR1 One minute average RR-interval Esd,2 Standard deviation of IMF2 using EMD

RR2 Twenty minute average RR-interval Esd,3 Standard deviation IMF3 using EMD

Em,2 Mean of IMF2 (within QRS region) using EMD Vkurt,3 Kurtosis of Mode 3 using VMD

Em,3 Mean of IMF3 (within QRS region) using EMD Vsk,3 Skewness of Mode 3 using VMD

Emax,2 Max of IMF2 using EMD Vsd,3 Standard deviation of Mode 3 using VMD

Emax,3 Max of IMF3 using EMD
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Gain (I, A) =

Entropy (E)−
∑

v∈V alues(A)

(
|Iq|
|I| Entropy (Sq)

)
(14)

where I is  the  set  of  instances, Sq is  the  subset  of I for

which  attribute A has  value q,  and  entropy  of I is

calculated as

Entropy (I) = −
C∑

i=1

P log2Pi (15)

where Pi is  the  proportion  of  orders  in I that  have  the

i-th class value as output attribute.

3   Evaluation results

The main objective of this paper was to detect the ar-

rhythmia  beats  using  feature  selection  and  classification

techniques in ECG signals. The performance of the classi-

fier is  evaluated  in  terms  of  its  sensitivity  (Se),  spe-

cificity (Sp), positive predictivity (Pr) and accuracy (Acc)

using a  confusing  matrix  and  stand  equations.  The  hid-

den  information  of  the  ECG signals  can  be  extracted  in

the frequency domain representation by EMD and VMD

techniques. In  this  work,  the  R-peaks  were  detected  us-

ing  an  adaptive  thresholding  based  EMD  technique.  A

window  of  256  samples  was  selected  around  R-peaks  to

get one  cardiac  cycle.  Applying  EMD  and  VMD  ap-

proaches across this window, the signal is decomposed in-

to  different  frequency  bands  and  a  set  of  discriminating

features  were  extracted  from the  decomposed  signals.  In

the  EMD  approach,  we  have  selected  only  IMF2 and

IMF3 because of its morphological waveform is similar to

the  QRS  complex.  Each  IMFs  were  evaluated  by  its

mean, maximum value, minimum value and standard de-

viation.  A  total  of  eight  features  has  been  selected  as  a

set of  EMD  features.  The  VMD  technique  is  also  pro-

posed within the selected window to get required modes.

The  decomposition  of  the  ECG signal  is  limited  to  four

modes  so  as  to  avoid  required  high  frequency  noises.

Mode three of the decomposed signal contains maximum

morphology of the QRS complex, hence this mode is con-

sidered  for  feature  extraction.  The  standard  deviation,

kurtosis and  skewness  from  mode  3  is  obtained  and  ar-

ranged to form a set  of  VMD features.  The RR interval

features give important information about heart rhythms.

In this study, four RR intervals were extracted which in-

clude  pre-RR  interval,  post-RR  interval,  1-min  and  20-

min averaged RR intervals.

A combination of RR-interval, EMD and VMD based

features were combined to get a set of 15 features which

are  then  applied  to  the  input  of  the  classifier. Table  2

shows  the  list  of  extracted  features  from  one  cardiac

cycle.  We  have  used  the  gain  ratio  attribute  evaluation

scheme  for  getting  the  best  discriminating  features  from

the feature set. Table 3 shows the result of feature selec-

tion as per their weightage ranking. The selected features

are classified with the C4.5 decision tree and a SVM clas-

sifiers  in  a  ten-fold  cross-validation  process.  A  total  of

seven sets are used for training and remaining three sets

are used for  testing  the  classifier  performance.  The indi-

vidual average performance of different cardiac beats (N,

L, R, V, A, and /) is shown in Table 4. The performance

evaluation  results  of  the  proposed  method  in  10-fold

cross-validation are shown in Table 5 for both the classifi-

ers. It was observed that the average results of the C4.5

algorithm  yields  better  result  than  SVM  classifier  in

terms of accuracy and computational time. Figs. 3–5 rep-

resent the result plot for sensitivity, specificity and accur-

acy of  the  classifiers.  It  is  observed  that  with  a  confid-

ence  factor  (CF)  of  0.5,  the  C4.5  classifier  gives  better

result  than  the  cubic  kernel-based  SVM  classifier.  It  is

observed that the C4.5 classifier yields better results with

accuracy of 98.89% at fold-6 compared and for the SVM

classifier it is about 95.28% at fold-8 of for classifying six

types  of  ECG  beats.  The  computation  time  required  to

 

Table 3    Ranking of features using gain ratio evaluation

Weightage
of feature

Rank
Feature
name

Weightage
of feature

Rank
Feature
name

0.35 1 Em,3 0.10 9 Emin,2

0.26 2 Vkurt,3 0.10 10 RR1

0.24 3 Vsd,3 0.09 11 RR(i+1)

0.22 4 Vsk,3 0.08 12 RR2

0.20 5 Esd,3 0.07 13 Esd,2

0.18 6 Emax,3 0.06 14 Emax,2

0.15 7 Emin,3 0.05 15 RR(i)

0.12 8 Em,2
 

 

Table 4    Average result of each class in SVM and C4.5
classifiers

Methods Class Acc (%) Se (%) Sp (%) Pr (%)

SVM N 90.44 88.13 92.59 91.71

L 97.55 86.09 99.07 92.44

R 98.26 88.22 99.64 97.07

V 92.26 69.53 94.28 51.99

A 97.43 82.15 99.20 92.26

/ 95.77 88.79 96.50 72.65

C4.5 DT N 98.48 98.37 98.58 98.36

L 99.36 96.76 99.68 97.36

R 99.45 97.39 99.70 97.58

V 98.07 91.40 98.88 90.87

A 99.20 95.49 99.58 95.89

/ 98.77 94.64 99.32 94.77

Abbreviation: Normal (N), left bundle branch block (L), right bundle
branch block (R), premature ventricular contraction (V), atrial
premature beat (A) and paced beats(/).
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build  the  classifiers  at  different  folds  is  shown  in Fig. 6.

The  computational  time  for  the  C4.5  classifier  was  of

0.65 s with error rate of 0.11 which is very less compared

to SVM classifier that shows the high computational time

of  2.56 s with  detection  error  rate  of  0.23.  The  perform-

ance of mean absolute error (MAE) and root mean square

error values of  both the classifiers  is  plotted in Fig. 7.  It

indicates that the decision tree algorithm provides better

results with respect to all measured parameters with least

errors in classifying the arrhythmia conditions.
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Fig. 3     Sensitivity  for  ECG  beats  at  10-fold  cross  validation
scheme
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Fig. 4     Specificity performance of the classifiers
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Fig. 5     Accuracy for DT and SVM classifier
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Fig. 6     Computational time of the classifiers
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Fig. 7     Mean absolute error and  root mean square error of  the
classifier
 

 

Table 5    Comparison results between C4.5 and cubic-SVM classifier at each fold in 10-fold cross-validation process

Folds
C4.5 Cubic-SVM

Se (%) Sp (%) Pr (%) Acc (%) Time (s) MAE Se (%) Sp (%) Pr (%) Acc (%) Time (s) MAE

2 94.52 99.11 94.76 98.62 0.75 0.02 83.21 96.77 82.38 95.11 3.66 0.23

3 95.18 99.21 95.53 98.78 0.69 0.01 83.68 96.85 82.85 95.24 2.42 0.23

4 95.94 99.34 95.92 98.95 0.63 0.01 83.89 96.89 82.98 95.29 2.38 0.23

5 95.76 99.29 95.98 98.91 0.66 0.01 83.85 96.88 83.06 95.29 2.42 0.23

6 95.98 99.36 96.19 98.99 0.64 0.01 83.89 96.9 83.16 95.32 2.56 0.23

7 95.96 99.32 96.05 98.94 0.61 0.01 84.01 96.91 83.21 95.33 2.58 0.23

8 95.82 99.32 95.81 98.92 0.61 0.01 84.05 96.92 83.27 95.35 2.25 0.23

9 95.98 99.32 95.85 98.92 0.63 0.01 83.89 96.9 83.09 95.31 2.48 0.23

10 95.94 99.33 96.13 98.96 0.63 0.01 83.89 96.9 83.09 95.31 2.29 0.23

Average 95.67 99.29 95.80 98.89 0.65 0.011 83.82 96.88 83.01 95.28 2.56 0.23
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4   Discussions

De-noising  and  extracting  important  features  from

time-varying ECG signals are the important tasks in de-

veloping an automated system for detection of cardiac ar-

rhythmias. Past studies have emphasized on different de-

noising  and  classification  methods  to  classify  the  ECG

signals. It has been seen from the obtained result that the

wavelet  coefficients,  QRS  morphology  and  statistical

based  features  are  the  best  suitable  approaches  in  order

to discriminate the arrhythmia conditions. The time and

frequency domain features  based on Teager energy func-

tions achieved the classification accuracy of 95% in classi-

fying  five  types  of  beats  using  the  neural  network  (NN)

classifier[38].  The  DWT  based  features  along  with  the

combined  neural  network  classifier  achieved  an  accuracy

of 96.94% in classifying four types of ECG betas[39]. Mar-

tis et al.[40] achieved an accuracy of 93.48% with the use

of  morphological  and  time-based  features  and  classified

five ECG beats by the LSSVM classifier. In a study, Os-

owski  et  al.[41] presented  a  reliable  heartbeat  recognition

system  based  on  the  higher  order  statistics  (HOS)  and

Hermite  characterization  of  QRS  complex  features  to

classify  the  ECG  signals  with  the  SVM  classifier.  They

obtained  the  classification  accuracy  of  77%  and  94.26%

for  Hermite  preprocessing  and  HOS  respectively  with  a

SVM  classifier.  The  usage  of  multiclass  SVM  together

with discrete cosine transform improves the classification

accuracy of 95.2% in classifying ECG beats[42].

In 2008, Asl et al.[43] classified six types of arrhythmi-

as with an accuracy of  97.65% using heart  rate variabil-

ity (HRV) features and the NN classifier. In 2010, Fei[44]

identified  four  types  of  ECG  betas  with  an  accuracy  of

95.65% in the SVM classifier using time interval bi-ortho-

gonal spline wavelet features. Kaya et al.[45] proposed an

efficient method for detection of  cardiac arrhythmias us-

ing feature reduction approaches and classified with based

SVM and K-nearest neighbors (K-NN) classifiers. The ge-

netic algorithm, principal component analysis (PCA) and

independent  component  analysis  (ICA)  methods  were

used for feature reduction. They achieved an accuracy of

98.86% and 99.11% using PCA, ICA features using K-NN

classifier and an accuracy of 98.92% was obtained in SVM

classifier with the use of statistical and temporal features.

In recent  applications,  the  decision  tree  classifier  is  suc-

cessfully  applied  in  biomedical  signal  analysis.  The  best

classification accuracy  of  97.98%  was  obtained  by  ran-

dom forest classifier with implementing ML-libs and Scala

language  on  the  Apache  Spark  framework[45].  A  hybrid

model  has  been  reported  to  classify  cardiac  arrhythmias

where the genetic algorithm was used for selecting optim-

al features, and the decision tree with the C4.5 algorithm

was applied to classify and train the model. The method

achieved the accuracy values of 86.96%, and sensitivity of

88.88% for  the  two-class  mode[46]. In  this  work,  we  pro-

posed  an  automated  method  based  on  signal  de-noising,

extraction  of  important  informative  features  with  EMD

and  VMD techniques  and  classified  the  feature  set  with

the  C4.5  decision  tree  and  cubic-SVM  classifier.  The

method achieved high accuracy of 98.89% in the decision

tree  and  95.28%  in  the  cubic-SVM  classifier,  which  is

higher  than  the  previously  published  results  as  reported

in Table 6.

5   Conclusions

Despite enormous research works in the area of ECG

analysis  for  automatic  detection  of  cardiac  arrhythmias,

still  a  method  is  required  for  precise  analysis  to  classify

ECG beats  by  using  time-frequency  based  features.  The

purpose of this work was to investigate the automatic ap-

proach  based  on  a  decision  tree  classifier  in  classifying

ECG beats  in  terms  of  accuracy.  We  proposed  a  robust

method for detection of cardiac arrhythmia conditions us-

ing time-frequency based features and a decision tree clas-

sifier. The detection scheme is based on denoising of ECG

 

Table 6    Comparison of results with the published article

Literature Methods Classifier Classes Accuracy (%)

Li et al.[7] DWT and multi domain features SVM 5 98.8

Kamath[38] Teager energy function features NN 5 95.0

Martis et al.[40] Principal components of bispectrum features SVM 5 93.48

Gulera and Ubeyli[39] Statistical features NN 4 96.94

Osowski et al.[41] HOS features SVM 13 94.26

Acir[42] Best features set LSSVM 6 95.2

Fei[44] Time intervals features SVM 5 95.65

Asl et al.[43] Heart rate variability features SVM 4 97.65

Alarsan and Younes[46] Machine learning approach Random forest 6 97.98

Ayar and Sabamoniri[47] Genetic algorithm Decision tree 2 86.96

Proposed method EMD, VMD and RR interval features Decision tree 6 98.89
 

 558 International Journal of Automation and Computing 17(4), August 2020

 



signals  and  extracting  important  morphological  features

using  EMD  and  VMD  and  time-domain  features  using

RR intervals  techniques.  The combined features  are  giv-

en to the input of cubic-SVM and decision tree classifiers

to perform classification of the different arrhythmias. Res-

ults illustrate that extracted important features yield the

best  detection  accuracy  of  98.89%  in  the  decision  tree

classifier, which indicates its superiority in detecting car-

diac arrhythmia.  Thus,  the  presented  automated  ap-

proach can be effectively used for detection of cardiac ar-

rhythmias.  Further  analysis  can  be  done  by  the  use  of

deep  learning  approaches  for  better  accuracy  at  a  faster

rate in  decision  making  systems  in  cardiac  disease  dia-

gnosis.
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