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Abstract 

ECG signal shows the electrical activity of the hearts. These signals are non-stationary; they display a 
fractal like self-similarity. It is one of the most important physiological parameter, which is being extensively used 
for knowing the state of cardiac patients. They may contain indicators of heart disease, or even warnings about 
impending diseases. The indicators may be present at all times or may occur at random. Soft-Computing approach is 
an important tool in which two or more successive ECG recordings are compared in order to find disorders in 
cardiac. This paper presents the method to analyze ECG signal extract features and classification according to 
different arrhythmias. Cardiac arrhythmias which are found are Normal Sinus, Supraventricular Tachycardia, Right 
Bundle Branch Block, Left Bundle Branch Block, Ventricular Tachycardia. A dataset was obtained from a records 
set which were manually classified using MIT-BIH Arrhythmia Database Directory then features are extracted using 
DWT (Discrete wavelet transform) and classification is done according using various methods ANN (Artificial 
neural network), ANFIS (adaptive neuro-fuzzy inference system), SVM (State vector machine), & Statistical 
classifier. 
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I. Introduction
 Electrocardiography deals with the electrical 
activity of the central of the blood circulatory system, 
i.e., the heart. Monitored by placing sensors at the limb 
extremities of the subject, electrocardiogram (ECG) is 
are cord of the origin and the propagation of the 
electrical potential through cardiac muscles [1]. Thus, 
ECG offers cardiologists with useful information about 
the rhythm and functioning of the heart. Therefore, its 
analysis represents an efficient way to detect and treat 
different kinds of cardiac diseases. The state of cardiac 
heart is generally reflected in the shape of ECG 
waveform and heart rate. A typical structure of the ECG 
signal is shown in Figure-1 [2].  

 
Fig. 1. Diagrammatic representation of the basic 

electrocardiographic deflection 
 

The electrocardiographic deflections are termed 
P, QRS complex, T and U. The P wave represents atrial 
activation; QRS complex represents ventricular 
activation or depolarization. The T wave represents 
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ventricular recovery or re-polarization and the S-T 
segment, the T wave and the U wave together represent 
the total duration of ventricular recovery [2]. The QRS 
complex is the most crucial step in automatic 
electrocardiogram analysis such as arrhythmia detection 
and classification of ECG diagnosis and heart rate 
variability studies. The QRS detection provides the 
fundamentals for almost all automated ECG analysis 
algorithm accurate detection of QRS is an important 
issue in many clinical conditions [3]. Several methods 
for classification for automatic detection and 
classification of cardiac arrhythmias have been proposed 
includes fuzzy c-means clustering [1], neural networks 
[1,2], ANFIS [4,5], support vector machine [6,9], 
statistical classifier [7,8]. In this project one popular 
method for classification from each ANN, ANFIS, SVM 
& statistical classifier have been used and analysed for 
effectiveness. 
 

II. Literature Review & Related Work 
Himanshu Gothwal [1] proposed a method to 

analyze electrocardiogram (ECG) signal, extract the 
features, for the classification of heart beats according to 
different arrhythmias. Cardiac arrhythmias found are 
Tachycardia, Bradycardia, Supraventricular Tachycardia, 
Incomplete Bundle Branch Block, Bundle Branch Block, 
Ventricular Tachycardia. A learning dataset for the 
neural network was obtained from a twenty records set 
which were manually classified using MIT-BIH 
Arrhythmia Database Directory and documentation, 
taking advantage of the professional experience of a 
cardiologist. Fast Fourier transforms are used to identify 
the peaks in the ECG signal and then Neural Networks 
are applied to identify the diseases. Back-Propagation 
algorithm is used to train the network. The results 
obtained have better efficiency 

A. Dallali [2] proposed classification of cardiac 
arrhythmia with classification of fuzzy c-means 
clustering and neural networks. This model consists of 
three subsystems. The first subsystem divides into 
suppression of base line and filtering the ECG recorded 
from different forms of noise that can be superimposed 
in the useful signal. The second subsystem realizes the 
extraction of RR interval using wavelet transform, and 
pre-classification based on FCMC technique. The third 
subsystem classifies the output clusters centers of the 
second using artificial neural network (ANN). In 
addition, FCMC-HRV is a new method proposed for 
classification of ECG. Correct classification rate was 
found as 99.99% using proposed combination of Fuzzy 
C-means clustering neural networks (FCMCNN) method. 

S.Sumathi [3] proposed algorithm for the QRS 
detection using the properties of the wavelet transform 
The algorithm has explained the effect of wavelet with 

different properties such as linearity and time frequency 
localization on the accuracy of QRS detection. The 
wavelet transform decomposes the ElectroCardioGram 
(ECG) signal into a set of frequency band. The proposed 
method identifies and detects the components of ECG 
signal such as QRS complex. Database selected from 
(MIT-BIH). 

P.D.Khandait [5] paper deals with improved 
ECG abnormalities recognition using Wavelet Transform 
techniques for feature extraction and Arrhythmia 
detection based on Neuro-Fuzzy approach. This 
improvement is based on suitable choice of features in 
evaluating and predicting life threatening Arrhythmia 
evaluated the algorithm on several manually annotated 
databases, such as MIT-BIH Arrhythmia Database 
(MITDB), Creighton University Ventricular 
Tachyarrhythmia Database (CUDB), MITBIH 
Supraventricular Arrhythmia Database (SVDB), 
developed for validation purposes. The features are 
extracted in WT domain and used as inputs to the 
classifiers. The performance of the ANFIS model is 
evaluated in terms of training performance and 
classification accuracies and the results confirmed 

Argyro Kampouraki [6] described an approach 
heartbeat time series are classified using support vector 
machines (SVMs). The influence of the number of 
features to the classification rate was also investigated 
for two real datasets. The first dataset consists of long-
term ECG recordings of young and elderly healthy 
subjects. The second dataset consists of long-term ECG 
recordings of normal subjects and subjects suffering 
from coronary artery disease. 

Dusit Thanapatay[9]proposed the work to 
investigate the abnormal function of heart using the 
shape of ECG and classify ECG beat in four types such 
as normal beat (N), left bundle branch block beat (L), 
right bundle branch block beat (R) and ventricular 
premature beat (V). To extract the shape of ECG, the 
discrete wavelet transform with level 3 of Daubechies 1 
is used after digital filter was applied to remove noise 
from ECG signal. After that PCA(Principle Components 
Analysis) and SVM (Support Vector Machines) are 
adapted to create model of classifier for using with paper 
based ECG printout. The ECG image from ECG printout 
is processed by some image processing techniques such 
as red grid removing, noise rejection, image thinning and 
time-series ECG extraction to obtain the time-series ECG 
signal before classification. Based on MIT-BIH 
arrhythmia database which using for SVM training . 

Manpreet Kaur[7] proposed the method for 
analysis of ECG signal using k-means clustering The K-
means with Squared Euclidean distance has been used 
for the analysis. Data sets with four types of arrhythmias 
have been made using MIT-BIH data bases and after 
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applying kmeans using Euclidean with ‘sample’ as seed 
has been used. The data is classified into five arrhythmia 
beats type i.e. Normal(N), Premature ventricular 
contraction (PVC), Paced beats(P), Left Bundle Branch 
Block(LBBB) and Right Bundle Branch 
Block(RBBB).The classification was done in 6 sets out 
of which two data sets suffered error to exact 
classification of the signal that is data set1 and data set6. 
The success rate of classification for set 2, set 3, set 4, set 
5 and set 7 is 100%, for set 1 it is 87.5% and for set 6 it 
is 75%. 

Emina Alickovic [8] k-Nearest Neighbor 
statistical machine learning tool was used to classify 
Electrocardiography (ECG) The model automatically 
classifies the ECG signals into 5 different kinds: normal, 
Premature Ventricular Complex (PVC), Atrial Premature 
Contraction (APC), Right Bundle Branch Block (RBBB) 
and Left Bundle Branch Block (RBBB). Some 
conclusions concerning the impacts of features on the 
ECG signal classification were obtained through analysis 
of different parameters of kNN. The analysis suggests 
that kNN modeling is satisfactory performances in at 
least three points: high recognition rate, insensitivity to 
overtraining and computational time it takes for 
classification.the graphic. 
 

III. Methodology Used 
The block diagram of the proposed algorithm is 

demonstrated in Fig. 2. It consists of ECG signal 
database collection, feature extraction, classification 
using different methods and cardiac disease detection. 

 
Fig.2. Design flow of method used 
 

A. ECG signals Database: 
ECG signals for normal and abnormal patients of 

different diseases are collected for processing. These 
signals are processed for noise removal and high 
frequency removal. 
 
B. Feature Extraction: 

The wavelet transform is a mathematical tool for 
decomposing a signal into a set of orthogonal waveforms 

localized both in time and frequency domains. The 
decomposition produces coefficients, which are functions 
of the scale (of the wavelet function) and position (shift 
across the signal). In the translation the wavelet along the 
time axis is shifted and adapts to slow down the wavelet 
activity. In the scaling, fast activity, sharp spikes are 
captured.  

The wavelet transform decomposes the ECG signal 
into different frequency scales where the ECG 
characteristics waveforms are indicated by zero 
crossings. The filter is used to detect the R peak based on 
the wavelet transform. 

 
C. Classification of Extracted features: 

Different methods are used for classifying the feature 
extracted signal, as given below 

1) Artificial neural networks (ANN): 
An ANN comprises of interconnection of artificial 

neurons which follows the function of biological neurons 
and are basic building blocks of the network. They learn 
from the data fed to them and keep on decreasing the 
error during training time and once trained properly. We 
have used neural networks used by researchers are the 
multilayer feed forward neural network trained by the 
back propagation algorithm. 
2) State vector machines (SVM): 

Support vector learning strategy is a principled 
and very powerful method that has outperformed most 
other systems in a wide variety of applications. The 
learning machine is given a training set of examples (or 
inputs), belonging to two classes, with associated labels 
(or output values). The examples are in form of attribute 
vectors and the SVM finds the hyperplane separating the 
input data and being furthest from both convex hulls. If 
the data are not linearly separable, a set of slack variables 
is introduced representing the amount by which the linear 
constraint is violated by each data point. Kernel based 
SVM is used for classification in this methodology 
3) K-means Classifier: 

The k-means uses a two-phase iterative algorithm 
tominimize the sum of point-to-centroid distances, 
summed over all k clusters: The first phase uses batch 
updates, where each iteration consists of reassigning 
points to their nearest cluster centroid, all at once, 
followed by ecalculation of cluster centroids. This phase 
occasionally does not converge to solution that is a local 
minimum, that is, a partition of the data where moving 
any single point to a different cluster increases the total 
sum of distances. This is more likely for small data sets. 
The batch phase is fast, but potentially only 
approximates a solution as a starting point for the second 
phase. The second phase uses online updates, where 
points are individually reassigned if doing so will reduce 
the sum of distances, and cluster centroids are 
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recomputed after each reassignment. Each of the iteration 
during the second phase consists of one pass though all 
the points. The second phase will converge to a local 
minimum, although there may be other local minima 
with lower total sum of distances. The problem of 
finding the global minimum can only be solved in 
general by an exhaustive choice ofstarting points, but 
using several replicates with random starting points 
typically results in a solution that is a global minimum. 

For this paper, sq Euclidean method is used 
under the Kmeansmethod. In this method, each centroid 
is the meanof the points in that cluster. The types of 
seeds (methods used to choose the initial cluster centroid 
positions) namely ‘sample’ has been chosen for analysis. 
For the ‘sample’ start, k observations are selected from 
the input matrix x at random. 
4) Adaptive Neuro-fuzzy inference system 

Neuro-fuzzy systems are fuzzy systems which use 
neural networks theory in order to determine their 
properties (fuzzy sets and fuzzy rules) by processing data 
samples. Neuro-fuzzy systems harness the power of the 
two paradigms: fuzzy logic and neural networks, by 
utilizing the mathematical properties of neural networks 
in tuning rule-based fuzzy systems that approximate the 
way man processes information. 
5) P-distance method: 

This method computes the Euclidean distance 
between pairs of objects in m-by-n data matrix X. Rows 
of X correspond to observations, and columns 
correspond to variables. D is a row vector of length 

m(m–1)/2, corresponding to pairs of observations in X. 
The distances are arranged in the order (2,1), (3,1), ..., 
(m,1), (3,2), ..., (m,2), ..., (m,m–1)). D is commonly used 
as a dissimilarity matrix in clustering or 
multidimensional scaling. To save space and 
computation time, D is formatted as a vector. However, 
you can convert this vector into a square matrix using the 
square form function so that element i, j in the matrix, 
where i < j, corresponds to the distance between objects i 
and j in the original data set. 

 
IV. Results 

The analysis of various method was tested using 
ECG registration from MIT-BIH arrhythmia database 
which is internationally adopted. The techniques have 
been developed in the MATLAB environment with a 
Wavelet Toolbox. In this work we have only used the 
modified limb lead II. The database contains 20 training 
samples and 76 testing samples of different diseases. It 
provides a comparison of the use of the different 
techniques for detection of cardiac diseases. The speed of 
detection is very fast. A False Negative occurs when the 
Technique fails to detect and a false positive represents a 
false samples. Classification according to different 
techniques and over result is as shown in tables shown: 

Sensitivity=TP/(TP+FN) 
Positive Predictivity=TP/TP/(TP+FP) 

Where, TP-True positive FN-False negative FP- False 
positive. 

 
 

Arrhythmia 
Type 

No. of 
Segments 

NS SV VT LBBB RBBB Sensitivity 
Positive 
Predictivity 

NS 11 9 0 2 0 0 81.82 100.00 
SV 10 0 8 0 1 1 80.00 88.89 
VT 15 0 0 13 2 0 86.67 86.67 
LBBB 20 0 0 0 17 3 85 85.00 
RBBB 20 0 0 0 2 18 90 90.00 
Average 84.69 90.11 

 
Table 1 Results of ANN 

Arrhythmia 
Type 

No. of 
Segments 

NS SV VT LBBB RBBB Sensitivity 
Positive 
Predictivity 

NS 11 7 4 0 0 0 63.64 63.64 
SV 10 3 6 1 0 0 60.00 60.00 
VT 15 0 0 15 0 0 100 100.00 
LBBB 20 0 0 0 19 1 95 95.00 
RBBB 20 0 0 0 1 19 95 95.00 
Average 82.72 82.72 

 
Table 2 Results of P-dist 

Arrhythmia No. of NS SV VT LBBB RBBB Sensitivity Positive 
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Type Segments Predictivity 
NS 11 11 0 0 0 0 100.00 100.00 
SV 10 5 5 0 0 0 50.00 50.00 
VT 15 0 0 15 0 0 100 100.00 
LBBB 20 0 0 0 20 0 100 100.00 
RBBB 20 0 0 0 2 18 90 90.00 
Average 88 88 

 
Table 3 Results of K-means 

Arrhythmia 
Type 

No. of 
Segments 

NS SV VT LBBB RBBB Sensitivity 
Positive 
Predictivity 

NS 11 11 0 0 0 0 100.00 100.00 
SV 10 1 6 2 1 0 60.00 66.67 
VT 15 0 0 11 4 0 73.33 73.33 
LBBB 20 0 2 3 12 3 60 66.67 
RBBB 20 0 3 4 3 10 50 76.92 
Average 68.67 76.72 

 
Table 4 Results of ANFIS 

Arrhythmia 
Type 

No. of 
Segments 

NS Abnormal Sensitivity 
Positive 
Predictivity 

NS 11 11 0 100.00 100.00 
Abnormal 65 1 64 98.46 98.46 
Average 99.23 99.23 

 
Table 5  Results of SVM 

Arrhythmia Type 
Accuracy 

Avg. 
Sensitivity 

Avg 
Positive 
Predictivity  

NS SV VT LBBB RBBB 

P-dist 7 6 15 19 19 86.84% 82.72 82.72 
K-means 11 5 15 20 18 90.78% 88 88 
ANN 9 8 13 17 18 85.52% 84.69 90.11 
ANFIS 11 6 11 12 10 65.78% 68.66 76.71 
SVM 11 64 84.21% 99.23 99.23 

Table 6: Overall result of classification 
 

V. Conclusion 
At the last note, the objective stated has been 

achieved by the system successfully ECG pattern varies 
in many factors from person to person. These factors 
may be height of peaks, width of QRS complex, presence 
or absence of peaks, heart rate etc. It is found that the 
system is very robust and can identify and predict 
features even from highly abnormal ECG. The algorithm 
implemented for feature extraction selects affective 
features to distinguish each arrhythmia properly. 
Classification techniques applied and according to 
overall performance SVM has best results but having 
limitation of classifying output into two categories it 
cannot be used in practical system. Taking into account 
the overall performance of the system ANN is the best 
classification techniques in terms of accuracy, sensitivity 
and predictivity. In terms computation speed time  

 
 
required to give the output is negligible. Due to short 
processing time and relatively high accuracy of the 
proposed method, it can be used as a real-time 
arrhythmia classification system. High accuracy of the 
system makes it highly reliable and efficient. 
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