
Computers in Biology and Medicine 115 (2019) 103446

Available online 18 September 2019
0010-4825/© 2019 Elsevier Ltd. All rights reserved.

Automated detection of shockable and non-shockable arrhythmia using 
novel wavelet-based ECG features 

Manish Sharma a,*, Swapnil Singh b, Abhishek Kumar c, Ru San Tan d, U. Rajendra Acharya e,f,g 

a Department of Electrical Engineering, Institute of Infrastructure Technology Research and Management, Ahmedabad, India 
b Department of Project Management, National Institute of Industrial Engineering, Mumbai, India 
c Department of Civil Engineering, Indian Institute of Technology, Madras, India 
d Department of Cardiology, National Heart Care Centre Singapore, Singapore 
e Department of Electronics and Computer Engineering, Ngee Ann Polytechnic, Singapore, 599489, Singapore 
f Department of Biomedical Engineering, School of Science and Technology, SUSS, Singapore 
g International Research Organization for Advanced Science and Technology (IROAST) Kumamoto University, Kumamoto, Japan   

A R T I C L E  I N F O   

Keywords: 
Shockable 
Heart 
ECG 
Wavelets 
Optimization problem 
Machine learning 
Semi-definite program 
Filter design 
Classification 

A B S T R A C T   

Malignant arrhythmia can lead to sudden cardiac death (SCD). Shockable arrhythmia can be terminated with 
device electrical shock therapies. Ventricular-tachycardia (VT) and ventricular fibrillation (VF) are responsive to 
electrical anti-tachycardia pacing therapy and defibrillation which help to restore normal electrical and me
chanical function of the heart. In contrast, non-shockable arrhythmia like asystole and bradycardia are not 
responsive to electric shock therapy. Distinguishing between shockable and non-shockable arrhythmia is an 
important diagnostic challenge that has practical clinical relevance. It is difficult to accurately differentiate 
between these two types of arrhythmia by manual inspection of electrocardiogram (ECG) segments within the 
short time duration before triggering the device for electrical therapy. Automated defibrillators are equipped 
with automatic shockable arrhythmia detection algorithms based on ECG morphological features, which may 
possess variable diagnostic performance depending on machine models. In our work, we have designed a robust 
system using wavelet decomposition filter banks for extraction of features from the ECG signal and then clas
sifying the features. We believe this method will improve the accuracy of discriminating between shockable and 
non-shockable arrhythmia compared with existing conventional algorithms. We used a novel three channel 
orthogonal wavelet filter bank, which extracted features from ECG epochs of duration 2 s to distinguish between 
shockable and non-shockable arrhythmia. The fuzzy, Renyi and sample entropies are extracted from the various 
wavelet coefficients and fed to support vector machine (SVM) classifier for automated classification. We have 
obtained an accuracy of 98.9%, sensitivity and specificity of 99.08% and 97.11.9%, respectively, using 10-fold 
cross validation. The area under the receiver operating characteristic has been found to be 0.99 with F1-score of 
0.994. The system developed is more accurate than the existing algorithms. Hence, the proposed system can be 
employed in automated defibrillators inside and outside hospitals for emergency revival of patients suffering 
from SCD. These automated defibrillators can also be implanted inside the human body for automatic detection 
of potentially fatal shockable arrhythmia and to deliver an appropriate electric shock to the heart.   

1. Introduction 

Cardiac arrest or sudden cardiac death (SCD) is the condition in 
which the heart stops pumping [1,2]. Unless the victim is resuscitated 
promptly, this can cause either death or catastrophic neurological def
icits. SCD can happen due to heart attack or disease of the electrical 
conduction system of the heart, which can be from acquired or genetic 

conditions. Usually there is a narrow time window for resuscitative 
treatment during SCD. More than a million people die every year in 
United States alone due to SCD. 

Approximately 10.3% of the total deaths occurring in India are due 
to SCD. Electrocardiogram (ECG) diagnosis [3] is very important to 
decide whether the cardiac arrest is due to non-shockable (Fig. 1) or 
shockable arrhythmia (Fig. 2). Shockable arrhythmia includes 
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ventricular fibrillation (VF) [4] and ventricular tachycardia (VT) [5–7]. 
In the case of VF (Table 1), the ECG shows irregular and rapid QRS 
complexes. In the case of VT, the ECG is rapid and regular with broad 
QRS complexes [8]. Non-shockable arrhythmias include asystole and 
bradycardia. In asystole, no electrical activity is observed in the heart 
and hence the ECG shows a flatline. Once it is decided whether the 
arrhythmia is of shockable or non-shockable type, the patient is treated 
accordingly. If it is a shockable one, then it is amenable to electric shock 
therapy or defibrillation. These defibrillators are of vital importance in 
the medical field because of their fast and accurate response. The 
American Health Association (AHA) recommends treatment with de
fibrillators within 3 min for in-hospital cardiac arrest and in under 5 min 
for out-of-hospital events [9–12]. In the case of non-shockable cardiac 
arrests, defibrillation is not helpful and cardio-pulmonary resuscitation 
(CPR) should continue to be performed to sustain the cardiac output 
[13–15]. 

For proper automated diagnosis of shockable rtythm (SAR) and non- 
shockable rhythm (NSAR) using ECG signals, it is highly desirable to 
have automated algorithms which are highly refined, optimized, and 
accurate in discriminating between the two types of arrhythmia. In the 
subsequent text, we discuss a few best existing automated algorithms 
developed to distinguish between shockable and non-shockable fatal 
arrhythmia [16]. 

In 2007, Amann et al. [17] developed a methodology using twelve 
different time delay methods and obtained an accuracy of 96.2%. In the 
same year, Fokkenrood et al. [18] employed an amplitude distribution 
analysis method for discrimination of shockable and non-shockable 
rhythms and obtained accuracy of 98%. In 2014, Li et al. [19] used a 
ventricular fibrillation filter leakage method and obtained an accuracy 
of 96.3%. Tripathy et al. [20] employed the methodology of variational 
mode decomposition (VMD) and Renyi entropy (RE) features and ob
tained an accuracy of 97.23%. Recently, Acharaya et al. [21] imple
mented a convolutional neural network (CNN) methodology and 
reported an accuracy of 93.18%. 

In this work, we have proposed optimal wavelet-based automated 
system to identify shockable arrhythmia. The entropy features are 
extracted from the SBs of the optimal three channel wavelet filter banks 
[22–26]. The objective of our study is to design a fast, accurate, robust 
and reliable wavelet-based automated system that can discriminate 
between shockable and non-shockable arrhythmia for automated de
fibrillators [27–30]. 

2. Dataset used 

The data utilized in this work was obtained from three sources 
namely, the MIT-BIH database for arrhythmia (MITDBA), MIT-BIH 
database for fatal ventricular arrhythmia (FVADB) and database for 
ventricular tachyarrhythmia from Creighton University (VTADB) [31]. 
We sampled the data obtained from MITDBA consisting of forty-eight 
dual channel ECG samples of length 30 min at a rate of 250 Hz. The 
data of FVADB consisted of 22 two lead ECG samples of length 35 min 
and were sampled at a rate of 250 Hz. The data from VTADB consisted of 
35 mono channel ECG signals of length 8 min and were also sampled at 
250 Hz. All the collected ECG signals were divided into epochs of 2s 
length. The VT or VFL ECG epochs correspond to shockable arrhythmia 
whereas ventricular ectopic beats, ventricular bigeminy, ventricular 
escape rhythm and sinus rhythm belong to non-shockable arrhythmia. A 
total of 54096 ECG epochs were considered out of which 48095 belong 
to non-shockable arrhythmia and the rest 6001 belong to shockable 
arrhythmia. 

3. Methodology 

The methodology used in this work is illustrated in Fig. 3. In our 
work, we utilized the ECG signal of two classes i.e. non-shockable and 
shockable rhythm. First, we filtered out noise from the raw data for the 
analysis. We performed a three band, three level decomposition and 
obtained seven sub-bands. To fulfill our purpose, we used dual channel 
wavelet filter banks. We then extracted features from the sub-bands and 
performed classification. We obtained the best results by using the 
combination of fuzzy entropy (FE), Renyi entropy (RE) and sample en
tropy (SE) features. 

3.1. Analysis of ECG signals and wavelet decomposition 

ECG signals change with time and are non-stationary in nature. For 
proper analysis of ECG signals, an optimal method with better simul
taneous localization in time and frequency domains is required. Wave
lets have inherently good localization in time as well as frequency 
domains simultaneously [1,32]. Therefore use of wavelets for proper 
analysis of ECG signals is a good approach. However, it is not possible to 
have exact localization in time as well as frequency domain due to re
strictions imposed by uncertainty principle. The most commonly used 
wavelets are Daubechies’s orthogonal-wavelets. But, they do not 

Fig. 1. Nonshockable rhythm.  
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provide optimal time-frequency localization. Recent researches in the 
field of wavelet filter designing have shown that it is possible to design 
such a filter bank which gives optimal time-frequency localization. We 
used dual channel wavelet filter banks designed by Sharma et al. [33] for 
wavelet decomposition of ECG signals. 

Wavelets are generated by using two band or three band filter banks 
(FBs). Dual band filter-banks have been [34] conventionally used for 
wavelet decomposition but they have limitations. The resolution of low 
frequency as well as high frequency bands are not satisfactory for level 
one decomposition. When such filter banks are cascaded, only the res
olution of lower frequency range improves. Also, the two band filter has 
lower discrimination capability among the features extracted particu
larly when the signal has a high amount of energy in higher frequency 
bands. Furthermore, using multi level decomposition increases compu
tation cost and linear phase can not be obtained [35]. Three band filter 
banks, on the other hand, have higher discrimination abilities, provided 
better resolution in lower frequency as well as higher frequency range, 
involving less computational cost and performed satisfactorily in digital 

watermarking, removing noise from images. Hence selection of three 
band orthogonal FBs for wavelet decomposition is the more efficient and 
reliable choice [35]. 

3.2. Extracted features 

Fuzzy Entropy(FE) is a measure of degree to which given pattern 
belongs to one particular class [33]. It provides the extent to which our 
data is similar to one or more classes. Mathematically, fuzzy entropy is 
the negative log of conditional probability of a pattern being similar to 
two different classes. 

Renyi Entropy feature (RE) Renyi Entropy is given as negative the 
natural logarithm of energy present in a signal sequence [36]. Mathe
matically, it is written as: 

RenEi¼ � Log
X

n2Z

�
�
�gðnÞ

�
�
�

2  

where gðnÞ is the signal sequence. 
Sample Entropy(SE) Sample entropy is a feature that gives us a 

Fig. 2. Shockable rhythm.  

Table 1 
Definitions of acronyms.  

Abbreviations Definition 

ECG Electrocardiogram 
VT Ventricular-Tachycardia 
VF Ventricular Fibrillation 
SBs Sub-Bands 
FE Fuzzy Entropy 
SE Sample Entropy 
RE Renyi Entropy  

SVM Support Vector Machine 
REM Rapid Eye Movement 
NSAR Nonshockable Rhythm 
SAR Shockable Rhythm 
OWFB Orthogonal Wavelet Filter Bank 
CHF Congestive Heart Failure 
HRV Heart Rate Variability 
ECG Electrocardiogram 
CAD Coronary Artery Disease 
mV Millivolts 
Accr Accuracy 
Sens Sensitivity 
Specs Specificity 
ROC Receivers operating characteristic  

Fig. 3. Proposed methodology.  
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measure of the degree of complexity in a system [37]. Mathematically, 
sample entropy is the negation of natural logarithm of conditional 
probability that epochs of length L matching point to point with some 
tolerance of x will also match at the upcoming point. 

3.3. Classifiers 

In this work, we have used k-nearest neighbors algorithm (KNN), 
SVM, linear discriminant analysis, logistic regression, RUSBoosted trees 
and complex trees to find the best performing one [38]. 

4. Three-band orthogonal wavelet filter banks 

A 3-band filter bank is shown in Fig. 4. It is a combination of analysis 
and synthesis filter banks. Analysis filter-banks consist of three filters 
namely low-pass filter (ALPF) G0ðzÞ on analysis side, band-pass filter 
(ABPF) G1ðzÞ on analysis side and high-pass filter (AHPF) G2ðzÞ on 
analysis side. Synthesis filter banks also consist of three filters namely, 
lowpass filter (SLPF) S0ðzÞ on synthesis side, band-pass filter (SBPF) 
S1ðzÞ on the synthesis side and high-pass filter (SHPF) S2ðzÞ on the 
synthesis side. 

A major difference between a 2-band and a 3-band filter is that the 
signal passing through the analysis filter bank in 2-band filter gets down- 
sampled with a factor of 2 after each iteration whereas it gets down- 
sampled with a factor 3 in case of 3-band filter [35]. Further, the 
signal while passing through filter banks on the synthesis side goes 
through up-sampling by a factor of 2 for 2-band filter bank whereas in 
case of 3-band filter bank, it gets up-sampled by a factor of 3. 

Also, in case of 2-band filter banks, one scaling function and one 
wavelet function is generated, on the other hand, one scaling function 
and two wavelet functions are generated for 3-band filter bank. With the 
3-band filter banks, a significant improvement is seen in resolution of 
higher frequencies. Also, the wavelets obtained from 3-band filter banks 
have improved time-frequency localization. An added advantage of 3- 
band filter banks is that we have orthogonality and linear phase 
simultaneously which is not possible with 2-band filter banks [35]. 

4.1. Designing of three band time-bandwidth minimized filter banks 

The filter bank design problem is converted into a optimization 
problem. The optimal filter is obtained as the global solution for the 
proposed optimization problem. In the optimization process, the 
objective is to minimize the newly proposed time-frequency product of 
iterated filter banks. The constrains are orthogonality and regularity 
[39]. 

To design three band time-bandwidth minimized filter banks with 
time as well as frequency localization, our aim is to minimize the time- 
frequency product. 

Let sequence be sðnÞ, time-variance tv and time-mean x0 [40]: 

x0 ¼
X

n
�
�sðnÞj2 (1)  

t2
v ¼

X
ðn � n0Þ

2��sðnÞj2 (2) 

For sðnÞ to be a low-pass sequence, frequency-mean ωo and 
frequency-variance tω is expressed as [40]: 

ωo ¼ 0 (3)  

t2
v ¼

1
2π

Z π

� π
ðω � ωoÞ

2��SðωÞj2dω (4) 

Time-frequency product of sequence sðnÞ is given by x1 which is 
given by the product of time-variance and frequency-variance of sðnÞ. 
The inequality condition of time-frequency product of low pass sequence 
is: 

x1¼ t2
vω2

o �
ð1 � jSðπÞjÞ2

4
(5) 

For sðnÞ to be a band-pass sequence, frequency-mean ωo and 
frequency-variance tω is expressed as: 

ωo ¼
1
π

Z π

0
ðωÞ2

�
�SðωÞj2dω (6)  

t2
ω ¼

1
π

Z π

0
ðω � ωoÞ

2��SðωÞj2dω (7) 

The lower bound of time-frequency product of band pass sequence is: 

x1¼ t2
ωt2

v �
ð1 � μÞ2

4
(8)  

μ¼ωo

π

�
�
�Sð0Þ

�
�
�
2
þ
�

1 �
ωo

π

��
�
�SðπÞ

�
�
�
2

(9) 

For sðnÞ to be a high-pass sequence, frequency-mean ωo and 
frequency-variance tω is expressed as: 

ωo ¼ π (10)  

t2
ω ¼

1
2π

Z π

� π
ðω � ωoÞ

2��SðωÞj2dω (11) 

The lower bound of time-frequency product of high pass sequence is: 

x1¼ t2
ωt2

v �
ð1 � jSð0ÞjÞ2

4
(12) 

Other equality conditions regarding S(ω) are: 

1Þ For lowpass; SðωÞ¼ 0 at ω¼ π (13)  

2Þ For bandpass; SðωÞ¼ 0 at ω¼ 0; π (14)  

3Þ For Highpass; SðωÞ¼ 0 at ω¼ 0 (15) 

If above condition are satisfied then following holds; 

x1¼ t2
ωt2

v �
1
4

(16) 

Hence, we get a new method of time-frequency localization which 
holds true for any given random sequence. First trigonometric moment 
Λ can be defined in the form [40]: 

Λ ¼
1

2π

Z π

� π
ejω��SðωÞj2dω (17)  

Λ ¼
X∞

� ∞
sns�nþ1 (18)  

where n belongs to set of integers. 
The frequency mean ωo can be given by Ref. [40]: 

ωo¼ 1 � Λ (19) 
Fig. 4. Two-channel OWFB.  
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The frequency variance tω is given by Ref. [40]: 

tω¼
1 �

�
�Λj2

�
�Λj2

¼

�
�
�
�
�

1
P∞
� ∞sns�nþ1

�
�
�
�
�

2

� 1 (20)  

Λ is meaningful only when Λ 6¼ 0: The time-frequency product in its new 
form can be represented as [40]: 

x1¼ t2
ωt2

v � 0:25 (21)  

4.2. Parallel filter banks 

To decompose a signal in 2Mþ 1 sub-bands M stages iterations are 
performed using three-band filter [39]. Hence to have seven sub-bands, 
three iterations are required using three-band filter. In Fig. 5 shown 
below, the topmost filter represents a low pass filter, the middle-one 
represent a band-pass filter and the bottom most filter represents a 
high-pass filter. 

Let A2 be a high pass filter and Al be a filter which is band-pass and 
A0 be a low-pass filter. The equations for parallel configuration of filters 
are given as [39]: 

Am
0 ðzÞ ¼

Ym� 1

0
A0
�
z3�k (22)  

Ai
1

�
z
�
¼
�

A1

�
z3ði� 1ÞÞ

Yi� 2

0
A0

�
z3
�k

i¼ 2; 3;…;m
�

(23)  

Ai
2

�
z
�
¼ A2

�
z3ði� 1Þ

Yi� 2

0
A0

�
z3
�k

i ¼ 2; 3;…;m (24) 

The main aim is to reduce the time-frequency product of the com
ponents of filter banks namely high pass, low pass and band pass filters 
after every iteration. 

4.3. Objective function and optimization 

For designing of orthogonal filter banks with time as well as fre
quency localization, our aim is to minimize the weighted summation of 
all the time-frequency products of the parallel filter banks subject to 
orthogonality and constraints of regularity. For M ¼ 3 we need to 
minimize the below function [35]: 

ϕ¼ x1y1 þ x2y2 þ…::x7y7 (25)  

where xi are the time-frequency product and yi are the weights assigned 
and sum of all weights is 1. The above equation is our objective function. 
The filter bank designing problem is now formulated as an optimization 
problem with constraints with the help of parametrization techniques 
given below [39]: 

minθðϕÞ (26)  

subject to: 

< Al½n�;Am½n � y� > δðl � nÞδðyÞ l; n ¼ 0; 1; 2 (27)  

alongwith 

A0
�
ej2π=3�¼A0

�
ej4π=3� ¼ 0 (28) 

The above represents regularity constraint and triple-shift orthogo
nality. The set containing free parameters is θi. By reducing the value of 
ϕ three filters are obtained A0 ,A1,A2. In above equations, δ represents 
impulse response. 

However the con of this method is the number of free-variables is 
directly proportional to length of filter. So, for higher order filter the 
calculation increases. So a paraunitary structure is utilized in which 
polyphase matrix F(z) is simplified to N-paraunitary blocks P(z) by 
decomposition [40]. 

FðzÞ ¼ PNðzÞPN� 1ðzÞ…:P1F0 (29) 

Pm(z) can be again factorised as: 

PmðzÞ¼ I � PmðzÞPT
m þ z� PmðzÞPm (30) 

Here Pm is column vector with same length as the number of bands of 
filter (3 for our case). After satisfying the orthogonality and regularity 
criteria the number of required free variables to design the filter is 
decreased. The optimization problem becomes un-constrained if the 
number of free variables becomes less than that required, using the 
following technique of parametrization as proposed by other researchers 
[41]. 

vmðθ1; θ2Þ ¼ ½cosðθ1Þcosðθ2Þ cosðθ1Þsinðθ2Þ sinðθ1Þ�
T (31) 

The unconstrained optimization problem can be expressed as: 
�
Ai

0ðnÞ;A
i
1ðnÞ;A

i
2ðnÞ

�
¼ argminðϕðθiÞÞ (32)  

where Ai
0ðnÞ,A

i
1ðnÞ,A

i
2ðnÞ form the coefficients of the bank. Finally the 

reconstruction condition can be used to find the coefficients of the filter 
bank. The steps involved to optimize the filter bank are given below 
[41]:  

1) Select the filter length and the stages of decomposition. 
2) Use paraunitary equations (19) and (20), technique for parametri

zation (21)  
3) Unconstrained optimization problem is formulated (22). 
4) By employing use of MATLAB optimization tool box objective func

tion (15) is optimized.  
5) Values of the optimization function are noted. 

The process does not yield the optimal filter bank so the entire 
process is repeated until the required filter bank is obtained. The salient 
features of this filter bank are as follows:  

1) In this paper three band filter band is used while others have used 
biorthogonal two wavelet channel filter banks.  

2) In this paper time-frequency localization is unconstrained and can be 
used for arbitrary sequence unlike constrained time-frequency 
localization used by others. 

Fig. 5. Parallel filter banks.  
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3) Various researchers employed factorization of Lagrange half-based 
polynomial to obtain parametric expressions. We used paraunitary 
structure with Peng’s method.  

4) This paper refers to designing of wavelet bases with single regularity 
constraint while other researchers refer to wavelet bases with mul
tiple regularity constraints [41]. 

5. Results 

5.1. Feature extraction results 

We have decomposed the signal into seven sub-bands. The p-values 
of all the extracted features for each sub-band is mentioned in Table 2. 
The statistical values (mean and standard deviation) of FE, RE and SE 
features obtained from all seven sub-bands along with their ranking are 
mentioned in Table 3, Table 4 and Table 5, respectively. 

5.2. Classification results 

We have then classified by using various combinations of features 
(individually and combining them). The confusion matrix in terms of 
true positive (TP), false positive (FP), true negative (TN), and false 
negative (FN) along with accuracy corresponding to the best classifier 
are presented. The receiver operating characteristics (ROC) curves 
showing values of area under curve (AUC) are also provided. 

5.2.1. Classification of data obtained using FE feature 
Using this feature, we obtained a maximum accuracy of 96.4% with 

medium Gaussian support vector machine (SVM). The AUC for the ob
tained ROC curve (Fig. 6) obtained is 0.93. We trained different models 
and the classification results are shown in Table 6. 

The confusion matrix obtained using the FE feature corresponding to 
the model that gave the best accuracy (Gaussian SVM) is given in 
Table 7. Fig. 6 exhibits the ROC curve obtained using FE feature alone 
with coarse KNN classifier. 

5.2.2. Classification of data obtained using RE feature 
Using this feature, we obtained a maximum accuracy of 93.4% with 

fine Gaussian SVM. The AUC obtained for the ROC curve (Fig. 7) is 0.91. 
We trained different models based on this data and the accuracy results 
corresponding to different models are obtained as shown in Table 8. 

The confusion matrix for classification of data obtained through FE 
feature corresponding to the model that gave best accuracy (fine 
Gaussian SVM) is shown in Table 9. 

5.2.3. Classification of data obtained through SE feature 
Using this feature, we obtained maximum accuracy of 88.9% using 

coarse KNN. We trained different models using this data and the clas
sification results are shown in Table 10. Classifications are done on a 10- 
fold cross validation scheme. 

The confusion matrix for classification of data obtained through SE 
feature corresponding to the model that gave best accuracy (coarse 
KNN) is shown in Table 11 and the ROC curve is shown in Fig. 8. 

Table 2 
The p-values of features extracted from signals.  

Sub-bands FE RE SE 

SB-1 7.567 � 10� 153 0 2.652 � 10� 22 

SB-2 0 0 0.584 
SB-3 0 0 0.101 
SB-4 0 0 0.584 
SB-5 0 0 0.101 
SB-6 1.237 � 10� 76 2.174 � 10� 31 0.584 
SB-7 2.322 � 10� 171 4.173 � 10� 255 0.101  

Table 3 
Ranking of FE sub-bands and their statistical values (mean � standard deviation).  

SBs FE 

Non-shockable Shockable Rank 

SB-1 0.291 � 0.142 � 4.215 � 0.215 1 
SB-2 0.258 � 0.136 � 3.542 � 0.201 3 
SB-3 0.089 � 0.056 � 2.354 � 1.555 8 
SB-4 0.081 � 0.052 � 7.140 � 0.828 10 
SB-5 1.463 � 0.904 � 3.561 � 0.073 11 
SB-6 1.019 � 0.502 � 5.525 � 1.691 12 
SB-7 1.029 � 0.514 � 5.460 � 0.864 13  

Table 4 
Ranking of RE sub-bands and their statistical values (mean � standard deviation).  

SBs RE 

Non-shockable Shockable Rank 

SB-1 � 6.232 � 1.308 � 4.211 � 1.011 2 
SB-2 � 5.610 � 1.191 � 3.542 � 1.149 4 
SB-3 � 4.119 � 1.303 � 2.354 � 1.234 5 
SB-4 � 6.522 � 0.771 � 7.141 � 0.467 6 
SB-5 � 5.201 � 1.211 � 3.561 � 1.555 7 
SB-6 � 5.989 � 1.084 � 5.526 � 0.828 9 
SB-7 � 5.601 � 0.783 � 5.461 � 0.747 14  

Table 5 
Ranking of SE sub-bands and their statistical values (mean � standard–deviation).  

SBs SE 

Non-shockable Shockable Rank 

SB-1 0.634 � 0.222 0.658 � 0.238 15 
SB-2 0.653 � 0.422 0.652 � 0.417 19 
SB-3 0.613 � 0.376 0.598 � 0.368 17 
SB-4 0.653 � 0.422 0.652 � 0.417 21 
SB-5 0.613 � 0.376 0.598 � 0.368 16 
SB-6 0.653 � 0.422 0.652 � 0.418 20 
SB-7 0.613 � 0.376 0.598 � 0.368 18  

Fig. 6. ROC curve obtained using FE feature alone with coarse KNN classifier.  
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5.2.4. Classification of data obtained through combining the features (FE, 
RE and SE) 

After classifying the data individually, we performed classification 

by combining the three features to confirm the possible improvement in 
the accuracy. We found that the maximum accuracy increased to 98.9% 
using cubic SVM model. 

Different accuracies are obtained corresponding to different classi
fication models as shown in Table 12. Classifications are done using a 
10-fold cross validation scheme. 

The confusion matrix for classification of data obtained through FE 
feature with fine Gaussian SVM gave best accuracy and is shown in 
Table 13, and the corresponding ROC curve is shown in Fig. 9. Table 14 
gives better comprehension of all the classification results. 

Table 6 
Summary of accuracy (%) obtained for different classifiers.  

Classifier Accuracy (%) 

Linear discriminant 90.8 
RUSBoosted Trees 94.4 
KNN 94.6 
Logistic Regression 96.2 
Complex Trees 96.2 
Gaussian SVM 96.4  

Table 7 
Confusion matrix for 2 class classification for FE.  

True/predicted 0 1 

0(NSAR) 47641 454 
1(SAR) 1471 4530  

Fig. 7. ROC curve obtained using RE feature alone with coarse KNN classifier.  

Table 8 
Summary of the accuracy (%) obtained using different 
classifiers.  

Classifier Accuracy (%) 

Linear discriminant 89.5 
Logistic Regression 90.0 
Complex Trees 91.9 
Bagged trees 93.0 
KNN 93.2 
Gaussian SVM 93.4  

Table 9 
Confusion matrix for 2 class classification using RE alone.  

True/predicted 0 1 

0(NSAR) 46797 1298 
1(SAR) 2262 3739  

Table 10 
Summary of the accuracy (%) obtained using different 
classifiers.  

Classifier Accuracy (%) 

Cubic SVM 77.1 
Bagged trees 80.1 
Complex Trees 88.6 
Linear discriminant 88.9 
KNN 88.9  

Table 11 
Confusion matrix for 2 class classification using SE alone.  

True/predicted 0 1 

0(NSAR) 48064 31 
1(SAR) 5980 21  

Fig. 8. ROC curve obtained using SE feature alone with SVM classifier.  

Table 12 
Summary of accuracy (%) obtained for different classifiers.  

Classifier Accuracy (%) 

Linear discriminant 90 
Logistic Regresssion 97.3 
Complex Trees 98 
Bagged trees 98.6 
Cubic SVM 98.9  
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6. Discussion 

The wavelet based methods have been used previously for classifi
cation of physiological signals using Daubechies two-band wavelet filter 
banks [42]. The features extracted from these filter banks may not be 
optimal for time-frequency localization [43,44]. In the proposed 
method, a whole new class of wavelet based filter banks have been 
employed. We used 3-band wavelet filter banks [40] for wavelet 
decomposition of ECG signals as the wavelets from these filter banks are 
optimal. Methods involving 3-band wavelet-based signal features have 
hitherto not been explored by researchers for detecting shockable 
arrhythmia. The novelty of our work is that we used optimal 3-band 
wavelet based features for the classification of shockable and 
non-shock able arrhythmia, and the proposed method has surpassed all 
existing models in terms of classification performance. Hence, the pro
posed method yields the most accurate model available till day. 

Also, for detecting shockable arrhythmia, epochs of duration 8s or 
10s have normally been used whereas we have employed epochs of only 
2s duration, which yielded high accuracy for classification of shockable 
and non-shockable rhythm [33]. 

The mean value of FE is higher for non-shockable than shockable one 

in all the sub-bands. The mean value of RE feature is higher for shock
able than non-shockable one in all the sub-bands except SB-4. In case of 
the SE feature mean value is almost same for non-shockable and 
shockable one in all the sub-bands. 

From above, the features (wavelet-based) of FE performed much 
better than the other two features (RE and SE) in terms of sensitivity, 
accuracy and specificity. FE alone gave the best classification results in 
disseminating the two classes. After combining the three features, we 
obtained significantly improved classification results. In various auto
mated systems, different window lengths (WL) (10s,8s,6s, 5s and 2s)are 
used for processing ECG epochs [44–46]. A short window length is al
ways desirable for fast implementation. In this work, we used the 
shortest window length (2s). It is worthwhile to note that though we 
used epoch of shortest duration, our classification results are better than 
previous works. Another advantage of this methodology is that the 
pre-processing of raw data is not complex like other reported works 
[44–46]. Except for sample entropy, the p-values of the remaining fea
tures are almost close to zero and hence they are quite significant for 
classification. From Table 11, it is evident that SB-1 corresponding to the 
FE feature is ranked first and SB-4 corresponding to SE feature is ranked 
the last. These rankings have been done based on t-tests. All experiments 
and classifications are performed using MATLAB software with Intel’s 
Xeon processor clocked at 3.5 GHz and with 16 GB of RAM. The model 
took approximately 81.82 s for classification at a predicted speed of 
approximately 67000 obs/secs. We employed optimal wavelet-based 
feature extraction using 3-band wavelet filter banks and obtained 
much better classification results than Tripathy et al. [47,48]. Also, the 
computational cost of our method is lesser than variational mode 
decomposition (VMD). 

Sometimes, accuracy may be misleading and hence they are not used 
for performance analysis. Other parameters like area under curve (AUC) 
and F1 score are also used to judge the classification results. In our 
method, we have obtained AUC to be equal to 0.99 which is very close to 

Table 13 
Confusion matrix for 2 class classification obtained using combined features.  

True/predicted 0 1 

0(NSAR) 47930 165 
1(SAR) 445 556  

Fig. 9. ROC curve obtained using combined features with SVM classifier.  

Table 14 
Overall classification results obtained with SVM classifier.  

Features TP TN FP FN Acc 
(%) 

Sens 
(%) 

Specs 
(%) 

RE 46797 3739 1298 2262 93.41 95.38 74.23 
FE 47641 4530 454 1471 96.44 97.00 90.89 
SE 48064 21 31 5980 88.88 88.93 40.38 
FE þ RE 47639 4923 456 1078 97.16 99.05 82.03 
SE þ RE 47942 5265 153 736 98.35 99.68 87.73 
SE þ FE 47774 5107 321 894 97.75 99.33 85.10 
FE þ RE þ

SE 
47930 5556 165 445 98.87 99.08 97.11  

Table 15 
Comparison of automated shockable and non-shockable system using ECG 
signals.  

Reference (Year) Methodology/WL Performance 

[49] Five previously proposed methods reviewed- 
10s 

Sens: 94% 

(2000)  Specs: 91% 
[50] Band-pass Filtering-10s Sens: 94.45% 
(2004)  Specs: 95.9% 
[51] Time delay method- Sens: 79% 
(2007) (twelve different)-8s Specs: 98.5%   

Accr: 96.2% 
[52] (2007) discriminant analysis-10s Sens: 94.1%   

Specs: 93.8% 
[18] distribution analysis Sens: 97% 
(2007) based on amplitude-6s Specs: 98%   

Accr: 98% 
[10] (2014) Morphological, complexity and spectral 

feature of heart signals 
Sen: 92%  

support vector machine-8s Specs: 97% 
[53](2014) VF-filter leakage measures Sens: 96.2%  

auxiliary count Specs: 96.2%  
Support Vector Machine-5s Accr: 96.3% 

[54] Variational mode decomposition (VMD) Sens: 96.54% 
(2016) Permutation Entropy and Renyi Entropy Specs:97.97%  

Classifier-random forest-8s Accr: 97.23% 
[9] Convolution of Neural Sens: 95.32% 
(2018) Network (CNN)-2s Specs:91.04%   

Accr: 93.18% 
In the current 

work 
Extracted features:  
� FE-2s Sens: 99.66% 
� RE-2s Spes: 98.35% 
� SE-2s Accr:98.87% 
Classification Method:  
� SVM F1- 

score:0.994  
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the ideal value which is 1. Also, our F1-score is 0.9937 (from Table 15), 
is close to the ideal value of 1. Hence our proposed system has performed 
well in discriminating the two arrhythmias. The VT and VF with heart 
rate more than 180 beats/min can be dangerous and can lead to life 
threatening brain injury and ultimately may lead to death in case the 
patient is not treated with defibrillation shocks within a critical time. In 
both cases (VF and VT), heart rate is high; hence, a fast as well as 
appropriate algorithm which automatically detects is needed for an 
automated external defibrillator (AED) system. 

7. Conclusion 

In our proposed methodology automated discrimination of non- 
shockable and shockable arrhythmia using ECG signals is analyzed 
using features extracted from optimal wavelets. In this work, we used 
optimal three channel wavelet filter banks to obtain the sub-bands of the 
ECG epochs. The proposed system showed significant capability in the 
detection of shockable arrhythmia by employing the proposed filter 
banks. The FE, RE, and SE features extracted from the sub-bands of ECG 
samples are fed to different classifiers. We have obtained an overall 
accuracy of 98.9% using the SVM classifier. Hence the proposed meth
odology employing three channel wavelet based entropy features is 
suitable for diagnosis of shockable arrhythmia and implementation in 
automated defibrillators. 

Further, we have used ECG epochs of shortest duration (2sec) 
thereby reducing the computational load significantly and hence mak
ing the system much faster and efficient. Another advantage of using 
optimal filter-bank centered features is that these features may be used 
in the diagnosis of other heart related disorders also. In this work, we 
have used only three entropy features. In future, more such non-linear 
features like Hurt exponent, fractal dimension, Lyponev exponents etc. 
can be used to improve the classification performance. Also, it would be 
interesting to employ deep learning based techniques such as convolu
tional neural network (CNN) in distinguishing shockable and non- 
shockable arrhythmia using a bigger database and employing the pro
posed wavelet filter as one of the layers of the CNN. Cloud based systems 
can be developed where this model can be placed and can be used to test 
the patients in ICU etc. Also, we may use feature learning-based ap
proaches. In future, we intend to use other deep learning techniques for 
study such as long short term memory (LSTM) and autoencoders. We can 
also implement various data balancing techniques to handle the data 
imbalance problem. 
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