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Abstract: The cardiovascular mortality and autonomous nervous system have been found to be closely related to 

each other through recent researches. The quantitative approaches to calculate autonomic activity have been 

designed due to the association between a propensity for lethal arrhythmias and the symptoms of either reduced 

vagal activity or increased sympathetic. One among such approaches is the Heart rate variability (HRV). It has been 

growing its popularity due to its easy derivation of measurements. The research and clinical studies have also 

become easy for the cardiologists since several commercial devices are not using this automated HRV measurement. 

To detect heart variability the ECG signals are given as input. The approach of feature extraction will be applied and 

in the last the classification technique will be applied for the heart variability detection. 
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1. INTRODUCTION 

This research work is based on predicting the heart diseases on the basis of heart rate variability of patients. The 

irregularity of heart rates is recorded and its variability patterns are analyzed to predict the diseases. The general 

mechanism of this research is explained in the further sections of this chapter.  

1.1 Introduction to Heart Rate Variability  

Any irregularity in the rate of heartbeat is called arrhythmia. The heart begins to beat either too fast or too slow or in 

irregular manner at the time of arrhythmia. Some of the arrhythmias can be life-threatening even when few seem to 

be harmless. Sufficient amount of blood might not be able to be pumped by the heart at the time of arrhythmia. 

Several other organs like brain and heart can also be damaged due to this kind of lack in blood flow. Life-

threatening and non-life-threatening are the two categories of cardiac arrhythmias at critical levels. A cardiac arrest 

followed by sudden death can be the result of a life-threatening arrhythmia. An emergency treatment is needed for 

patients of this condition. However, a heart failure can be the result of a non-life-threatening arrhythmia. Any future 

deterioration of heart function in such cases can be avoided through a timely therapy [1]. In any patient’s life, 

arrhythmia is expected to occur only once in a while.  

The cardiovascular mortality and autonomous nervous system have been found to be closely related to each other 

through recent researches. The quantitative approaches to calculate autonomic activity have been designed due to 

the association between a propensity for lethal arrhythmias and the symptoms of either reduced vagal activity or 

increased sympathetic. One among such approaches is the Heart rate variability (HRV). It has been growing its 

popularity due to its easy derivation of measurements. The research and clinical studies have also become easy for 

the cardiologists since several commercial devices are not using this automated HRV measurement. However, 

several measures of HRV have come be known as more complex than they were assumed. This has resulted is 

providing few incorrect conclusions within different applications.  

1.2 General Process to Detect Arrhythmia 

There are four important steps which are performed in a full automatic system for arrhythmia classification from the 

signals collected by an ECG device. They are:  

 ECG signal preprocessing 

 Heartbeat segmentation 

 Feature extraction 

 Learning/classification.  

As shown below in figure 1.1, an action is performed for every step and the type of heartbeat is identified as the 

final output. The final results are directly influenced by the techniques employed while performing preprocessing 

step [2]. Thus, it is very important to perform this step carefully. When performing QRS detection, nearly optimal 

results are achieved for heartbeat segmentation step. However, the feature extraction and learning algorithms can 

still be improved and explored for providing better results.  
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Figure 1.1: Arrhythmia classification system 

 

 

A. ECG signal  

A muscle that pumps blood all across the human body by contracting in a rhythmical way is known as heart. There 

is a natural pacemaker which initiates the contraction at the arterial sine node and then propagates through all other 

parts of the muscle. A pattern is followed by this electrical signal propagation. Thus, electrical currents are released 

on the body surface which results in causing variations in the electrical potential of the surface of skin. Electrodes 

and appropriate devices are required to measure or capture these signals [3]. An instrumentation amplifier which has 

optic isolation is used to improve the difference of electrical potential among the points marked by electrodes on the 

skin. In the next stage, the signal is submitted first to a high-pass filter and then to the low-pass filter. Finally, the 

analog to digital converter is served with the output generated from previous step. ECG or electrocardiogram is the 

graphical registration of this acquisition process.  

B. Heartbeat segmentation methods  

Several methods and algorithms have been designed by researchers based on the evolution of processing power of 

computers over the years. The computational cost is not one of the major concerns of researchers today since faster 

processing computers have been designed. Thus, achieving higher level of heartbeat segmentation accuracy is the 

major concern here. Sensitivity and positive predictivity are the two measures used to evaluate the accuracy of 

heartbeat segmentation. A standard database is applied for a fair comparison of techniques that focus on heartbeat 

segmentation. Several methods have been applied for heartbeat segmentation:  

a. Intensity Based Approach: This approach is also called the Threshold based approach and is the easiest one to be 

performed among other image segmentation methods [4]. On the basis of discontinuity of pixel values, the 

thresholding based techniques categorize the image into two parts. Either local or global thresholding can be 

performed. Histogram, clustering and local adaptive segmentation are the other criteria on which other techniques of 

thresholding are based.  

b. Discontinuity Based Approach: The pixels near edges and boundaries of image have variations in the intensity 

values, which is a base for this approach. The next step is followed up by performing edge detection approach. Gray 
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histogram technique and gradient based method are the two methods applied to perform edge detection 

segmentation.  

c. Similarity Based Approach:Otherwise known as region based segmentation, this approach uses the similarity 

criteria to divide the image into different parts. For removing noise, the similarity based approach is considered to be 

simple as compared to edge detection methods. As per the region based similarities, the watershed transformations 

are performed. When there are similar pixels values throughout the image, histogram based segmentation performs 

in a better way. Region growing and region split and merge are two different kinds of region-based methods.  

d. Theory Based Approach: Different algorithms which include derivatives from various fields collectively perform 

this segmentation approach.  

 Clustering Techniques: In the presence of prior knowledge of classes, clustering is performed. Based on 

some previously stated criteria the homogeneous pixels are grouped in similar classes. For grouping the 

pixels the intra class similarity is minimized and inter-class similarity is maximized most importantly. The 

quality of clustering is also determined through this property. Fuzzy clustering and hard clustering are few 

among different clustering techniques used commonly today.  

 Artificial Neural Network-based segmentation: Each pixel is represented as a neuron in this approach. For 

identifying the connection and weights among various nodes, training set is provided by the network of 

neurons.  

e. Graph Based Approach: Another effective image segmentation method is the graph based approach. Here, an 

image is given as a weighted undirected graph. The nodes of graph are assigned with pixel values [5]. Further, based 

on particular criteria, the graph is divided. Several algorithms are included in this method among which few are tree-

based segmentation, minimum cut, random walker and so on.  

C. Feature extraction  

In order to achieve an accurate heartbeat classification of arrhythmia through ECG signals, the key step to be 

performed is feature extraction. A feature is considered in the form of any information that is extracted from the 

heartbeat applied for discriminating its type. There are different forms of extracting the features. Either in frequency 

or time domain, features can be extracted directly from ECG signal’s morphology. There is a certain difference 

among the feature extraction and feature selection processes. The stage which provides the description of a heartbeat 

is called feature extraction. With the aim of improving classification stage, a subset with the most representative 

features is selected through feature selection. Some of the commonly used feature extraction methods are explained 

below:  

a. Principal component analysis: A statistical method that reduces the dimensions of data is called PCA. A set of 

variables that are irrelevant to each other but each one is the linear combination of original variables is chosen here. 

By ensuring that the maximum proportion of variance of original data set is held by the first principal component 

and the maximum proportion of remaining variance is held by the subsequent orthogonal components, the principal 

components are derived from original data.  

B. Genetic Algorithm: A potential option for feature reduction is genetic algorithm. For this purpose, there are 

several other candidates like the meta-heuristic optimization techniques and the evolutionary strategies [6]. On the 

basis of principles of natural evolution, a semi-optimal solution is provided for different diverse and difficult 

problems by GA. The feature reduction and feature weighting are performed in several applications using this 

algorithm.  

D. Learning algorithms  

To perform arrhythmia heartbeat classification, different algorithms are combined to build models which can be 

used after the set of features have been defined from heartbeats. Following are some of the most commonly applied 

learning algorithms:  

i. Support Vector Machines (SVM): Within ECG-based arrhythmia classification methods, the most popular 

classifier used by most of the applications is SVM. The further researchers can study the database balancing 

techniques for training phase since a negative behavior for imbalanced classes is presented by SVM.  

ii. Artificial neural networks (ANN): Multilayer Perceptrons (MLP) and Probabilistic Neural Networks (PNN) are 

the most commonly applied ANN architectural models for arrhythmia classification. Not only the overall error of 

neural networks is reduced but also the incidence of false negatives is minimized when more than one classifiers are 

combined together to generate a hybrid classifier.  

iii. Linear discriminants (LD): A statistic approach which is based on discriminant functions is Linear Discriminant. 

A training set of data is used to estimate such functions. A feature vectors that is being adjusted by the weight vector 

and a bias is separated linearly here. Depending upon the type of model adopted, the weight vector variations are 

calculated. Problems arising due to the imbalance of training set can easily be overcome through LD.  
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iii. Reservoir computing with logistic regression (RC):The dynamic models which aim to process a time series 

signal into two separate parts which are to represent the signal using a non-adaptable dynamic reservoir and a 

dynamic readout from the reservoir are called the reservoir computing models [7]. For the class imbalance of 

dataset, this technique is known to be highly robust. The computation cost of this approach is less due to which its 

hardware implementation is easy.  

iv. Hidden Markov Models (HMMs): A simple and effective framework is provided through HMMs such that the 

time-varying spectral vector sequences can be modeled. Today, mostly all of the large vocabulary continuous speech 

recognition (LVCSR) systems are deployed using HMMs. It is a doubly stochastic mechanism in which the 

stochastic process is hidden. 

2.Literature Review  

Qiu, et al. (2018) proposed a method to identify and classify arrhythmia with abnormal cardiac electrical activity. 

The five different types of arrhythmia commonly found were aimed to be classified by the proposed technique [8]. 

For removing the baseline drift and high frequency noise that existed in ECG signal, the wavelet transform and 8-

point average filter were applied in the initial step of proposed algorithm. The R-wave was centered in the second 

step where the front view of R-wave intercepted by 100 sampling points, R-wave was followed by 150 sampling 

points and to represent a heartbeat, 250 sampling points were present in total. For achieving a total of 66-

dimensional features, the convolutional neural network was combined with the db6 wavelet coefficient in the third 

step. The normalization of features and giving them as input to the libsvm classifier was the fourth step. A two-fold 

cross validation method was used to assess the performance of proposed model. Around 98% of accuracy was 

achieved by the experimental results achieved for classification.  

Paulo et al. (2018) proposed a novel method using RR intervals, amplitude and Hjorth parameters to classify the 

heartbeats automatically for performing the electrocardiogram (ECG) feature extraction [9]. There are several 

applications in which Hjorth parameters have been applied. However, the most prominent application is ECG. 

Aiming to avoid mixing the information from adjacent beats and improving the classification performance, a novel 

approach was proposed for heartbeat segmentation. The arrhythmia dataset was collected from Massachusetts 

Institute of Technology to evaluate the performance of proposed approach. It was seen that against other 

comparative approaches, the performance of proposed approach was around 90% accurate. Thus, it was seen 

through the experimental outcomes that to resolve the problem of automatic heartbeat classification, this technique 

provided very good results. This technique could also be implemented in hardware devices that include limited 

resources since it included less computational cost.  

Wu, et al. (2018) proposed an end-to-end model to be applied on ECG data for providing generic and personalized 

ECG arrhythmic heartbeat detection [10]. In order to address the challenging issue caused due to the inter-patient 

differences in ECG signal patterns, a deep learning based model was designed. From the MIT-BIH Arrhythmia 

Database, a generic performance level was achieved for ECG heartbeat arrhythmia detection. In the next step, an 

active learning process was applied for performing patient-adaptive heartbeat classification tasks on both wearable 

and non-wearable ECG datasets.  It was seen that a query of less than 5% of data was achieved from each new 

patient by applying the personalization model. Thus, the precision of disease detection was improved here. Further, 

in both normal and VEB beat predictions, 100% accuracy was achieved.  

Teijeiro, et al. (2018) proposed that by applying an appropriate set of abstract features achieved from the 

interpretation of physiological processes, the automatic beat classification on ECG signals could be improved [11]. 

Due to the abductive interpretation of ECG signal, a set of quanlitative morphological and rhythm features were 

achieved. Further, for reducing the effect of possible errors in interpretation, a QRS clustering algorithm was 

applied. Towards the end, a tag was assigned to each cluster by a rule-based classifier. Among all the previously 

generated automatic approaches, the proposed approach proved to provide better results as per the test results 

achieved by applying proposed technique on MIT-BIH Arrhythmia Database records. Even the most assisted 

approaches which needed the intervention of an expert within the process were improved here. The reasoning 

paradigm was changed to overcome the most commonly known problems of ECG classification which were related 

to variability of signal patterns among various subjects and even within the same subject.  

Sabeeha, et al. (2017) proposed a novel classifier for recognizing the HCM patients which was called the 

cardiovascular-patient classifier [12]. In case if the majority of patients’ heartbeats were identified as property of 

HCM, they were categorized as having HCM. Therefore, identifying the individual heartbeats segmented from 12-

lead ECG signals as HCM beats were recognized by the underlying task of classifier. The commonly applied and 

newly designed morphological and temporal features were extracted from ECG signals for heartbeat classification. 

Further, other features were extracted using wavelet decomposition. For checking whether HCM was obstructive or 

not, these extracted features were utilized. A SVM classifier was trained and tested for assessing the classification 
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performance. The least information features were removed gradually by conducting feature selection experiments. It 

was seen that the usage of complete set of features provided very efficient performance measures by including 

highly informative features.  

Elhaj, et.al (2017) proposed an integration of Bayesian and Extreme Learning Machine (B-ELM) technique to 

generate a hybrid classification approach using which the arrhythmia detection could be conducted [13]. The good 

classification result was outperformed by the proposed approach which was based on B-ELM using significant 

features. It was also seen that the computational time of training process was high and the occurrence of over-fitting 

was reduced which resulted in improving the level of accuracy of overall system. The probabilistic distribution for 

the output of training data was generated here. Thus, it was seen that better classification was achieved by applying 

hybrid Bayesian and ELM methodologies. By applying classifiers like SVM and NN methods, high accuracy is 

achieved by B-ELM. The computation time was reduced to 2.5 s and accuracy was increased to around 98% as per 

the results achieved after performing evaluations.  

Li, et al. (2017) proposed a GPU-based heartbeat classification mechanism in which the heartbeat features were 

extracted using parallel DOM and they were extracted using a parallel general regression neural network (GRNN) 

[14]. A personalized automatic classification model was generated for every patient by adding an online-learning 

module into the parallel GRNN. For a real patient Holter data, around 88% of classification accuracy was achieved. 

The original algorithm was redesigned and the program was executed parallel on several computational cores of 

GPU in this paper. The efficiency was improved approximately by hundred times by applying parallel GPU-based 

algorithm in comparison to a serial algorithm that was based on CPU. Around 95% of accuracy was achieved when 

the proposed approach was implemented and evaluated. It was also seen that the data processing time was reduced 

and the doctors were benefitted to large scale by this technique.  

Leon, et al. (2016) studied that the automatic analysis process cannot include the detection of irregular heartbeats 

that is required when analyzing the HRV in records of ambulatory electrocardiogram (AECG) [15]. Irregular beats 

were detected using tensors and Support vector machines by a novel approach proposed in this paper. A third order 

tensor was then developed for each record of database after the signal filtering. A rank-3 Canonical Polyadic 

Decomposition (CPD) was performed in the next step. Time course, modes space and heartbeats are the three 

loading matrices that yielded CPD. A linear SVM was provided with heartbeat mode matrix as input. The irregular 

and normal heartbeats were classified by training SVM. Among the 2% patterns present in each record, a random 

selection of training set was done. A global accuracy of around 97% was achieved by the classifiers. A promising 

method was proved to be achieved to detect irregular heartbeats as an output of proposed approach.  

Chabchoub, et al. (2016) proposed a computer aided diagnosis system for categorizing the Cardiography signals 

'ICG' among normal and abnormal classes [16]. The DWT technique was used for eliminating various kinds of 

artifacts such that the ICG signals could be denoised. Further, the location of C peaks was utilized to decompose 

each ICG signal into various heartbeat segments. For the extraction of temporal the Linear Prediction model 'LP' and 

for extracting time frequency features the Discrete Wavelet Transform 'DWT' were applied here. In order to classify 

the ICG heartbeat segments, total 21 extracted features were chosen and used for classification. The evaluations of 

K-Nearest Neighbor 'KNN' and the Support Vector Machine 'SVM' classifiers were done in this research and the 

best among both were identified by performing comparisons. It was seen that when the proposed approach used db8 

wavelet to extract features and the SVM as a classifier, 100% of accuracy was achieved.  

Ye, et al. (2016) proposed a novel approach for addressing the important inter-person variations in ECG signals by 

providing subject-adaptable heartbeat classification model [17]. Without including any manual labeling, a small 

amount of unlabeled personal data was utilized for proposing a multi-view learning approach. General classification 

model and specific classification model were the two models designed here. To perform model training, the subjects 

which have high similarity to specific test subject were chosen by using a pattern matching based algorithm 

designed here. Similar subjects were used among a population dataset to train the general model. From the multi-

view based learning, a small amount of high-confidence personal dataset was used to train the specific model. The 

personalized ECG analysis was improved by combining both these supplement models. MIT-BIH Arrhythmia 

Database was used to validate the performances of proposed techniques. It was seen that for ventricular ectopic beat 

class around 99.4% of accuracy was achieved. Further, for supraventricular ectopic beat class, 98.3% accuracy was 

achieved.  

Iscan, et al. (2016) proposed a novel technique in which Gaussian mixture model and logarithmic linearization were 

applied for performing pattern classification on ECG signals [18]. Identifying and classifying the QRS complexes on 

ECG patterns was the major objective of this research. Different ECG patters were classified and discriminated 

using this newly designed method. Further, the proposed algorithm established a comparison algorithm through 

which the time series signals were evaluated. For attaining high performance in ECG classification, the limitation of 
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its parameters was highlighted. From MIT-DB database, 20 normal subjects and 22 additional normal data sets were 

used for performing evaluations of proposed algorithm. It was seen through the achieved results that around 99.21% 

of recognition rates for 20 normal subjects and 99.24% of recognition rates for 20 normal subjects were achieved. 

Thus, for classifying and discriminating different ECG signals, high performance was provided by proposed 

algorithm.  

Khalaf , et al. (2015) proposed a novel method using cyclostationary signal analysis to perform arrhythmia 

classification [19]. The spectral correlation function was investigated in this research and it was seen that various 

spectral correlation values were included in different arrhythmia. For attaining the image features which represent 

the relevant information with less number of features, the spectral correlation coefficients were utilized. For 

minimizing the dimensions of classification, these features were subjected to Fisher score. It was seen that with the 

usage of raw spectral correlation data, the performance of proposed technique was the best. To ensure the robustness 

of system while ensuring that noise is not a cyclostationary process, the effects of noise caused on classification 

could be explored in future. The future research could also choose an appropriate resolution in the α-domain by 

adding an optimization process.  

Park, et al. (2015) proposed a novel methodology for recognizing different kinds of arrhythmia by providing simple 

heartbeat classification mechanism [20]. The complete MIT-BIH arrhythmia database was used to perform 

evaluations of proposed methodology and it was seen that around 98% of accuracy was achieved when the proposed 

approach was applied for evaluations. However, missed heartbeats and erroneously detected heartbeats were 

identified by the results for heartbeat detection since few constant values were recognized by inexact R-peak 

detector. It could also be possible to adopt an effective and accurate mechanism for R-peaks detection for validating 

the effects of new features that normalized the beat morphology. Further, the performance of classifiers could be 

improved in future by applying normalized beat morphology along with an additional consideration of ECG 

morphology and RR interval features. To design a reliable heartbeat classification system and providing a 

comparison over newly designed and previously proposed techniques, it was important to include class labeling and 

results.  

Barhatte, et al. (2015) proposed a novel approach in which the wavelet energy histogram method and support 

vector machine (SVM) were applied for ECG signal analysis and classification method [21]. ECG signal 

preprocessing, feature extraction and heartbeats classification were the three important steps applied in any general 

classification process for cardiac arrhythmia in the ECG signal. In order to perform signal denoising and feature 

extraction DWT was used as preprocessing tool. The classifier was provided with input in the form of 

morphological features which were extracted from QRS complex. The input ECG beat was classified into four 

classes by applying binary SVM classifier. The performance evaluations were done by applying proposed approach 

on MIT-BIH arrhythmia database. The performance of proposed classifier was better in terms of classification rate, 

positive prediction, specificity, false prediction and average sensitivity.  

 

Ref no Year Technique 

 

       Pros and Cons 

8 2018 A method was proposed to 

identify and classify arrhythmia 

with abnormal cardiac electrical 

activity.  

 

Around 98% of accuracy was achieved by the 

experimental results achieved for classification.  

 

9 2018 A novel method was proposed 

using RR intervals, amplitude and 

Hjorth parameters to classify the 

heartbeats automatically for 

performing the electrocardiogram 

(ECG) feature extraction.  

 

This technique could also be implemented in 

hardware devices that include limited resources since 

it included less computational cost.  

 

10 2018 An end-to-end model was 

proposed to be applied on ECG 

data for  

providing generic and 

The precision of disease detection was improved 

here. Further, in both normal  

and VEB beat predictions, 100% accuracy was 

achieved. This research did not focus on sitting and 
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personalized ECG arrhythmic 

heartbeat detection.  

.  

 

 

walking cases existing in the databases.  

 

11 2018 By applying an appropriate set of 

abstract features achieved from 

the interpretation of physiological 

processes, the automatic beat 

classification on ECG signals 

could be improved.  

 

The reasoning paradigm was changed to overcome 

the most commonly known problems of ECG 

classification which were related to variability of 

signal patterns among various subjects and even 

within the same subject  

 

12 2017 A novel classifier was proposed 

for recognizing the HCM patients 

which was called the 

cardiovascular-patient classifier.  

 

It was seen that the usage of complete set of features 

provided very efficient performance measures by 

including highly informative features. However, all 

ECG related diseases could not be detected by this 

research.  

 

13 2017 An integration of Bayesian and 

Extreme Learning Machine (B-

ELM) technique was proposed to 

generate a hybrid classification 

approach using which the 

arrhythmia detection could be 

conducted  

 

The computation time was reduced to 2.5 s and 

accuracy was increased to around 98% as per the 

results achieved after performing evaluations.  

 

 

3. CONCLUSION 

Any irregularity in the rate of heartbeat is called arrhythmia. The heart begins to beat either too fast or too slow or in 

irregular manner at the time of arrhythmia. Some of the arrhythmias can be life-threatening even when few seem to 

be harmless. Sufficient amount of blood might not be able to be pumped by the heart at the time of arrhythmia. 

Several other organs like brain and heart can also be damaged due to this kind of lack in blood flow. The heart 

variability can be detected which the approach of feature extraction and classification. The features of the ECG 

signal will be extracted which later be classified using HMM classifier for the detection of heart variability. The 

performance of the proposed scheme will be analyzed in terms of certain parameters.  
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