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Abstract— the analysis of ECG signal plays a significant role 

in detecting cardiac peculiarities. ECG signal get effected by 

presence of noise, added from different sources. Several types 

of noises are present in the signal by Electrodes, Power 

interference, Instruments. It is absolutely essential to 

diminish these disturbances in ECG signal to increase 

accuracy and reliability. This paper describes various 

methods for feature extraction such as Discrete Wavelet 

(DWT), linear methods such as Linear discriminant Analysis 

(LDA), Principal Component Analysis (PCA), Independent 

Component Analysis (ICA) and nonlinear methods. The 

classification mostly based on Artificial Neural Networks 

(ANN), Support Vector Machines (SVM).Each method have 

their advantage and Limitations. 
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I. INTRODUCTION 

The cardiac irregularity can be detected using the ECG wave 

.However, its amplitude and frequency components are very 

subtle to identify correctly and reliably for a clinician using 

manual method. ECG analysis is tedious and time consuming 

even for an expert cardiologist. ECG signal is basically 

represented as P, QRS, and T waves. The figure below 

represents the ECG signal (Figure 1). 

 
Fig. 1: Representation of ECG signal 

ECG is a well-organized signal that can be 

categorized into five parts, namely P, Q, R, S and T wave and 

sometimes U wave. These waves along the morphologies are 

of clinical significance in light of the fact that the vast 

majority of the data in the ECG is found in the intervals and 

amplitudes. One cycle of the electrical conduction of heart is 

called an ECG beat. Ectopic beats outcome due to the defects 

in conduction and/or formation of impulse.  

 
Table 1: MIT-BIH arrhythmia beats classification per 

ANSI/AAMI EC57:1998 standard database. 

The Association for the Advancement of Medical 

Instrumentation (AAMI) proposes combining all different 

types of beats into five classes. Table1 shows the ANSI/ 

AAMIEC57:1998 standard of classification of arrhythmia 

beats. This standard classifies the ECG beats into five classes. 

The classes are non-ectopic beats (N), fusion beats (F), 

supraventricular ectopic beats(S), ventricular ectopic beats 

(V) and unknown beats (U). The non-ectopic beats contains 

of normal beats, left bundle branch block (LBBB), atrial 

escape beat (AE), right bundle branch block (RBBB),and 

nodal(junctional) escape beats(NE). 

Due to the presence of noise and the irregularity of 

the heartbeat, physicians face difficulties in the analysis of 

Arrhythmias. Moreover, visual examination alone may lead 

to misdiagnosis or inappropriate recognition of arrhythmias. 

Therefore, the computer aided investigation of ECG data 

supports physicians to capably detect arrhythmia. 

There are three main methods in an ECG arrhythmia 

detection system, namely, feature extraction, feature 

selection, and classifier construction. Feature extraction 

converts the input data into a set of features and plays a 

significant role in identifying most heart diseases.  

II. ECG PREPROCESSING AND QRS COMPLEX DETECTION 

The quality of the ECG Beat classification depends on the 

accuracy of the detection of each cardiac cycle and depends 

on the preprocessing stage. 

Various noises present in ECG signal due to contact 

noise, muscle artifacts, power line interference, baseline drift, 

data collecting device noise, electro surgical noise, 

quantization noise, aliasing and signal processing artifacts 

such as Gibbs oscillations [8] (due to finite windowing 

effects). Luo and John-ston [9] describes different methods of 

ECG pre- processing for noise and artifact elimination and 

baseline removal [9]. Addison [10] presented wavelet 

transform and its application. 

Automated QRS peak finding helps us to detect the 

heart rate signals. There are various automated QRS detection 

procedures like signal derivatives [11], digital filters, multi-

scale or multi resolution approach, filter banks , mathematical 

morphology, neural networks, Hilbert transform, learning 

vector quantization, matched filters, hidden Markov model, 

adaptive filters, length and energy transform, genetic 

algorithms and syntactic approaches. 

A simple QRS detection algorithm based on low 

pass, high pass filtering and thresholding described by Pan 

and Tompkins is mostly used in different applications .Pal 

and Mitra proposed a method based on empirical mode 

decomposition(EMD) for recognition of QRS complex in 

ECG. 

The flow diagram (fig-2) below shows the steps 

through which the survey has been made through ECG signal. 

ECG signal consists of various kind of noises like 

Power line Interference, Electrode contact noise, Motion 
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artifact, Muscle contractions, Baseline Wander etc. Thus it 

needs some process through which the noises can be 

removed. Depending on the application, the ECG processing 

have to be done in real time. So filtering techniques has to be 

applied for further processing. 

The feature extraction of the ECG signal, containing 

of many characteristics points, can identify the cardiac 

abnormalities. Therefore, the ECG signal was decomposed 

into time frequency representations using DWT technique.  

By using the signal analysis technique, the most 

significant parameters of the ECG signal can be taken as the 

analysis data. Then the data will be used as an input to the 

classifier to detect the heart disease. 

 
Fig. 2: Flow Diagram for the survey 

III. FEATURE EXTRACTION AND CLASSIFICATION 

Feature extraction of ECG signal is done by linear and 

nonlinear methods. Linear methods contains of two basic 

domains, Time domain and Frequency domain. There are 

various number of time domain and frequency domain 

features. 

The time domain methods contain the data on the 

heart rate at any point of time interval. The standard deviation 

values are the most frequently used measure to estimate the 

signal. 

For a normal signal, the standard deviation value 

which is the deviation from the mean differs generally when 

the same is obtained for arrhythmia signals. The difference is 

for the amplitude and the time interval in an arrhythmia signal 

has different amplitudes in the R peaks and also differs in the 

time interval throughout the signal. 

Geometrical measures in time domain contains the 

values that can be derived from the graphical representations 

of the characteristics of the signal. The graphical 

representation can comprise the density distribution, 

histogram representation and various such geometric 

techniques. 

Linear methods also contain frequency domain 

methods. These methods are used for calculating the power 

function of the each band of frequency. The range of 

frequency can be accustomed from low to high and also in an 

intermediate position. Power of each band of frequency can 

vary for normal and arrhythmic signals. Hence the parameters 

resulting from the signal can be more informative[17]. 

Feature Reduction is mainly done to reduce the 

processing time and the memory required to store all the 

available data. This also increases the performance and 

efficiency of the algorithm to which they are put in with. LDA 

is mainly a statistical learning technique, which can be used 

as a classifier itself. The LDA method acquires from the data 

to get the LDA components and these components are used 

for pattern recognition. 

Principal component analysis (PCA) is a linear 

dimensionality reduction method which calculates the 

directions of highest variability in descending order and 

projects the data onto them. It uses eigen vectors of 

covariance matrix as the base vectors in the directions of 

maximum variability. Eigen vectors and eigen values are 

calculated using eigen value decomposition of covariance 

matrix. In order to select the number of principal components, 

at threshold on total variability of the data is used. The PCA 

algorithm ventures the data into the directions of maximum 

variability and diminishes the number of dimensions. The 

reduced number of components is well denoted but may not 

provide the best possible discrimination for classification by 

a classifier. 

Independent component analysis (ICA) is a 

nonlinear technique of dimensionality reduction. This 

technique assumes that the signal which we are noticing is 

designed by the linear mixing of source components. 

In the time domain, the extracted features are the 

heartbeat interval, duration parameters (QRS, QT, and PR) 

and; amplitude parameters (QRS, ST) [1]. Due to the subtle 

changes in the amplitude and duration in the ECG, time 

domain techniques do not provide good discrimination[2]. 

Therefore, frequency domain approaches such as the Fourier 

transform and the power spectral density (PSD) are used. 

However, the frequency techniques do not deliver temporal 

information from the ECG signals. A proper time-frequency 

technique can hold this problem. The wavelet transform[15] 

is the most extensively used time-frequency method[3]. It 

offers a good resolution in both the time and frequency 

domains. 

Linear and non-linear methods are critical to select 

the time-frequency- based feature sets. [4] A linear method of 

discrete wavelet transform (DWT) [13]coefficients with the 

feature reduction technique of principal component analysis 

(PCA) to discriminant features between normal and 

arrhythmia classes[16].  

Most of the linear methods on ECG data are noise-

free, providing good classification accuracy. However, these 

linear techniques may not obtain the same maximum 

accuracy in the presence of noise [5]. 

The ECG signal is non-stationary, that is, the 

morphology of the ECG signal variations with respect to 

time, and these variants are present not only between 

dissimilar patients but also within the same patients[6]. The 

ECG signal can be denoted using nonlinear methods which 

illustrate the signal more effectively, extract the hidden 

information in the ECG signal, and accomplish well under 

noisy conditions[7].Higher order spectra(HOS) cumulants 

provides very good recognition and is less affected by the 

morphological changes of the ECG signal[5][6]. The HOS 

was useful to identify the normal and different types of 

arrhythmias using the fuzzy NN, and the cumulants of the 

second, third and fourth orders were used as the selected 

features.[4], the HOS bispectrum(which is the third order 

spectra) was used to capture information beyond the mean 

and standard deviation[14].  

The PCA used the extracted bispectrum features for 

dimensionality reduction. Using the feed-forward NN and 

least square-support vector machine (SVM), five types of 
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beats were classified. Accuracy of 93.48% was obtained in 

that study. However, nonlinear methods are computationally 

difficult, do not contain the symmetry and reflection 

properties, and do not follow the principle of superposition; 

hence, additivity and homogeneity values are not followed by 

these techniques[5]. 

The feature vector was inputted to the SVM Kernal 

and NN classifier. The NN plays a significant role in a 

extensive variety of applications, such as pattern recognition 

and classification tasks. In the NN model, each neuron 

calculates the weighted sum of its inputs and applies the sum 

to a nonlinear function called the activation function[21]. 

The feed-forward NN is capable of recognizing and 

classifying ECG signals more accurately. In general, the 

performance of the feed-forward NN depends on the number 

of hidden layers, the number of hidden neurons, the learning 

algorithm and the activation function for each neuron. To 

increase the learning procedure, the back propagation method 

was used. 

SVM transforms the input vector patterns to higher 

dimension feature space through some nonlinear mapping 

and acquires an optimal separating hyper-plane which is built 

to separate two classes of samples [20]. Dissimilar kernel 

transformations are used to map the data into high 

dimensional functions such as the quadratic, polynomial and 

radial basis function (RBF). The performance of the SVM can 

be affected by the hyper-parameter (C parameter and the 

kernel parameter), as these parameters define the number of 

support vectors and the maximization margin of the SVM. 

Feature Classifier 
Accuracy 

(%) 

Temporal features Mixture of experts 94.0 

DWT and timing 

interval 
Neural network 95.2 

DWT+PCA 

Multidimensional 

particle swarm 

optimization 

95.58 

PCA SVM with RBF kernel 98.11 

DWT+PCA 
Probabilistic neural 

network (PNN) 
99.28 

DCT+PCA PNN 99.52 

HOS 

representation 
Hybrid fuzzy NN 96.06 

BiSpectrum+PCA SVM with RBF kernel 93.48 

Cumulant+PCA NN 94.52 

DWT+PCA+ 

HOS+ICA 
SVM with RBF kernel 99.57 

DWT+PCA+ 

HOS+ICA 
NN 99.56 

Table 2: Overview of studies conducted on detection of 

ECG signal 

Table 2 illustrates the accuracy of ECG signal by 

using the linear and nonlinear methods. 

IV. CONCLUSION 

The ECG comprises various noise components like baseline 

wander, power line interference, muscle and movement 

artifacts, and electrode contact noise. But in most of the 

articles which are studied in the survey, the linear methods 

have provided a good performance. Non-linear methods may 

deliver a good performance on noisy data than linear 

methods. Nonlinear techniques such as higher order spectra 

are noise immune and robust in the presence of noise. Unique 

bispectrum, bicoherence and RP plots for each ECG class can 

be proposed. These plots can be used to find the efficacy of 

drugs and cardiac health. The signatures extracted from these 

plots will be unique and characterize the particular class. The 

performance of the system can be enhanced by using a 

combination of linear and nonlinear features coupled with 

robust classifiers. 
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