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ABSTRACT 

Cardiac arrhythmia refers to any abnormal electrical activity in the heart that causes irregular heartbeat. 

Under clinical settings, the arrhythmias can be monitored non-invasively using the electrocardiogram 
(ECG). Although reliable, the method is still prone to error due to its dependence on visual interpretation. 

Further, ECG data is enormous in dimension and increases as the data sampling rate increases. The 

increase in ECG sampling rate puts a limitation on processing of ECG data for analysis. However, high 

sampling rate gives an added advantage of ECG representation at high resolution at the same time, but 
analysis of ecg with this high dimensional data is time consuming. Therefore, in order to reduce the 

dimension of ecg data but at the maximum variance is required so that the reduced ecg data represents the 

full features of the ecg under scanner. In the presented work, the dimensionality of the high resolution 
ECG data is worked out with optimum speed of operation. 
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INTRODUCTION 

The condition of cardiac health is given by Electrocardiogram (ECG). ECG analysis is one of the most 

important aspects of research in the field of Biomedical and healthcare. The precision in the identification 
of various parameters in ECG is of great importance. A premature ventricular contraction (PVC), also 

known as a premature ventricular complex, ventricular premature contraction (or complex or complexes) 

(VPC), ventricular premature beat (VPB), or ventricular extra systole (VES), is a relatively common 
event where the heartbeat is initiated by Purkinje fibres in the ventricles rather than by the sinoatrial node, 

the normal heartbeat initiator. The electrical events of the heart detected by the electrocardiogram allow 

PVC to be easily distinguished from a normal heart beat. Although a PVC can be a sign of decreased 

oxygenation to the myocardium (cardiac muscle) often PVCs are benign and may even be found in 
otherwise healthy hearts. 

Related Works 

Sharmila et al., (December 2013), Rule Based Identification of Cardiac Arrhythmias from Enhanced ECG 

Signals Using Multi-Scale PCA: The detection of abnormal cardiac rhythms, automatic discrimination 
from rhythmic heart activity, became a thrust area in clinical research. Arrhythmia detection is possible 

by analyzing the electrocardiogram (ECG) signal features. This paper presents an approach for ECG 

signal enhancement by combining the attractive properties of principal component analysis (PCA).  

Sambhu and Umesh AC (December 2013), Automatic Classification of ECG Signals with Features 
Extracted Using Wavelet Transform and Support Vector Machines: Electrocardiogram (ECG) is one of 

the most widely used techniques for diagnosing cardio vascular diseases. Automatic beat segmentation 

and classification of ECG signal is paramount since scrutinizing each and every beat is a tedious job for 

even the most experienced cardiologist.  

Devashree and Rajesh (July 2013), Performance analysis of feature extraction schemes for ECG signal 

classification: Electrocardiogram (ECG) is the P, QRS, T wave indicating the electrical activity of the 

heart. Electrocardiogram is the most easily accessible bioelectric signal that provides the doctors with 

reasonably accurate data regarding the patient heart condition. Many of the cardiac problems are visible 
as distortions in the electrocardiogram (ECG). Normally ECG related diagnoses are carried out manually. 

As the abnormal heart beats can occur randomly it becomes very tedious and time-consuming to analyze 

http://en.wikipedia.org/wiki/Heart_rate
http://en.wikipedia.org/wiki/Electrocardiogram
http://en.wikipedia.org/wiki/Cardiac_muscle
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say a 24 hour ECG signal, as it may contain hundreds of thousands of heart beats. In this work we 

propose computer based automated system to help the doctor to detect cardiac arrhythmia.  

Mei-Lin and Chuang (March 2013), An ECG Signal Enhancement Based on Improved EMD: 

Electrocardiogram (ECG) is an important biological signal to diagnose cardiac arrhythmia. The P wave is 
the combined result of the action potentials of the atrial muscle units, while the QRS and T waves are 

formed by the spatio-temporal summation of the action potentials of the ventricular muscle units. 

However, ECG signals are often corrupted by various noise, such as muscle noise and power-line 
interference. Therefore, ECG noise reduction is an important issue and has been studied for many years.  

ECGs Robertas and Algimantas (2013), Multi Stage Principal Component Analysis Based Method for 

Detection of Fetal Heart Beats in Abdominal: Electrical activity of fetal heart is present in registered 
abdominal signals, however in real clinical recordings energy of this signal is so small that classical 

multivariate analysis based methods (e.g. Independent Component Analysis) fail to extract it for further 

analysis.  

Seema and Rajankar, (Sep 2013), Removing Artifacts from the ECG by using Independent component 
analysis: The original ECG recordings and the samples are corrected by statistical measures to estimate 

the noise statistics of ECG signals and find the reconstruction errors. ICA processing of different cases is 

deals with and the R-peak magnitudes of the ECG waveforms before and after applying ICA are found 
and marked 

Seema and Rajankar, (2013) ECG Data compression using principal component analysis: ECG signal 

analysis has shown an important role in the diagnosis of heart diseases. ECG signal compression is 
required due to three main reasons: low storage data space, reduction of low data transmission rate and 

transmission bandwidth conversation.  

Beer et al., 2003, Extraction of the fetal ECG and the uterine contraction EMG from simulated abdominal 

recordings by principal component analysis: Both the fetal ECG and the uterine contraction EMG signal 
might be valuable for improvement of fetal outcome. These signals can be recorded as mixtures from the 

maternal abdomen, in which the maternal ECG is also present.  

Widjaja et al., Application of Kernel Principal Component Analysis for Single Lead ECG-Derived 
Respiration: Recent studies show that principal component analysis (PCA) of heart beats is a well-

performing method to derive a respiratory signal from ECGs. In this study, an improved ECG-derived 

respiration (EDR) algorithm based on kernel PCA (kPCA) is presented.  

Algorithm 
The proposed work presents a computerized method for recognition of cardiac arrhythmia using Elman 

neural network. ECG beat samples for healthy, cardio myopathy, and bundle branch block arrhythmias 

are acquired from the MIT Diagnostic ECG database. Initially, de-noising and baseline wander 
rectification are performed using digital filters and polynomial fitting technique. Morphological features 

from Lead I, II and III are obtained through the median threshold method. Principal component analysis is 

then implemented for feature selection. The dataset are reduced to 15 features and is then used to train, 
test and validate the Elman neural network structure with four different learning algorithms. The overall 

network performance is then benchmarked with the original 24 dataset.  

ECG Data Pre-Processing 

The ECG signal downloaded from MIT-BIH arrhythmia database may contain artefacts, noise and 
baseline wanders. Therefore it is necessary to denoise the ECG signal to remove all these unwanted parts 

of the signal. After denoising the ECG, it is subjected to QRS complex detection. The QRS complex is 

physiologically an important peak in the ECG signal, also it is easy to detect by signal processing 
algorithms due to its sharp and prominent shape. 

Elman Neural Networks  

Neural Networks are non-parametric statistical models that can learn from examples. The Error 
Backpropagation algorithm iteratively adjusts the weights of neurons. The Elman Neural Network is a 

semi-recursive neural network using the Backpropagation-Through Time learning algorithm for find 

patterns in a sequence of values. Elman Networks are a form of recurrent Neural Networks which have 

http://wiki.tcl.tk/8751
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connections from their hidden layer back to a special copy layer. This means that the function learnt by 

the network can be based on the current inputs plus a record of the previous state(s) and outputs of the 

network. In other words, the Elman net is a finite state machine that learns what state to remember (i.e., 
what is relevant). The special copy layer is treated as just another set of inputs and so standard back-

propagation learning techniques can be used (something which isn't generally possible with recurrent 

networks). 

Principal Component Analysis 

Principal component analysis (PCA) is a statistical procedure that uses orthogonal transformation to 

convert a set of observations of possibly correlated variables into a set of values of linearly 

uncorrelated variables called principal components. The number of principal components is less than or 

equal to the number of original variables. This transformation is defined in such a way that the first 
principal component has the largest possible variance (that is, accounts for as much of the variability in 

the data as possible), and each succeeding component in turn has the highest variance possible under the 

constraint that it is orthogonal to (i.e., uncorrelated with) the preceding components. Principal 
components are guaranteed to be independent if the data set is jointly normally distributed. PCA is 

sensitive to the relative scaling of the original variables. 

Feature Set 

Following features are extracted from the input ECG waveform. Feature set consists of primarily: 

 Mean Vector 

 Mean Adjusted Data 

 Covariance Matrix 

 Eigen Vectors 

 Eigen Values 

 Energy 

 Entropy 

 Power 

 Standard Deviation 

 Variance 

The features create the feature vector that is normalized between 0 and 1 so as to make input to the Elman 

neural network scheme. The known ECG data sets are used for training of the Elman neural network and 

the weights are optimized to a maximum level. For testing purposes, a training ECG is taken. For 

validation purposes, untrained ECG is taken and results are compared with the expected results.  

Elman Neural Network 

He Elman network commonly is a two-layer network with feedback from the first-layer output to the first-

layer input. This recurrent connection allows the Elman network to both detect and generate time-varying 

patterns. The Elman network has tansig neurons in its hidden (recurrent) layer, and purelin neurons in its 

output layer. This combination is special in that two-layer networks with these transfer functions can 
approximate any function (with a finite number of discontinuities) with arbitrary accuracy. The only 

requirement is that the hidden layer must have enough neurons. More hidden neurons are needed as the 

function being fitted increases in complexity. 

Note that the Elman network differs from conventional two-layer networks in that the first layer has a 
recurrent connection. The delay in this connection stores values from the previous time step, which can be 

used in the current time step. 

Thus, even if two Elman networks, with the same weights and biases, are given identical inputs at a given 

time step, their outputs can be different because of different feedback states. 

Because the network can store information for future reference, it is able to learn temporal patterns as 
well as spatial patterns. The Elman network can be trained to respond to, and to generate, both kinds of 

patterns. 

http://wiki.tcl.tk/8733
http://en.wikipedia.org/wiki/Orthogonal_matrix
http://en.wikipedia.org/wiki/Correlation_and_dependence
http://en.wikipedia.org/wiki/Correlation_and_dependence
http://en.wikipedia.org/wiki/Correlation_and_dependence
http://en.wikipedia.org/wiki/Variance
http://en.wikipedia.org/wiki/Multivariate_normal_distribution#Joint_normality
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RESULTS AND CONCLUSION 

The proposed work is based on principal component analysis and Elman neural network scheme. The 

results may be improved once the training samples are made in good numbers and with authentic results. 
The system needs to be validated on a large test samples so that the margins of accuracy may be decided 

and the system is used in ECG machines for results interpretation which is most sought domain in ECG 

manufacturing industry.  

Flow Chart 
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