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ABSTRACT 

 

Heartrate is the number of heart contractions per minute multiplied by the speed of the 

heartbeat. Electrocardiogram (ECG) records the electrical signals from heart to examine heart 

rhythms which check health conditions.  

Heart monitoring is applied with predictive framework for ECG signal processing, where 

the network has been trained on the task of arrhythmia detection for recognizing normality and 

abnormality by comparing the signal against a universal reference model. The signal samples 

undergo a subsequent deviation analysis by identifying mild and yet informative signal 

morphology distortions comparing to the learned patient-specific baseline that can be indicative 

of upcoming heart conditions.  

MITDB (MIT-BIH Arrhythmia Database) dataset acquired from Physionet, which 

includes ECG recording collected from individuals. Heart monitoring method achieves a 

classification accuracy of 96% and provides a unique feature of predictive analysis by generating 

precaution warning messages about the elevated risk of heart abnormalities to take preventive 

actions according to physician orders. 
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I. INTRODUCTION TO    

HEART MONITORING 

Cardiovascular disease (CVD) is 

one of the leading deaths cause in the 

world, which accounts for more than 

30% of global death. Early detection of 

abnormal cardiac problems through 

constant monitoring of 

electrocardiogram (ECG) signals can 

prevent sudden cardiac death (SVD) by 

advising patients to take preventive 

actions before severe heart conditions. 

Although, several computer-based 

automated tools have been developed for 

heart monitoring based on ECG signals 

to assist physicians and patients with 

more accurate diagnosis by reducing 

human mistakes, there have been few 

studies devoted to predictive analysis of 

ECG signal. 

Processing a large, collected 

dataset of annotated ECG signals and 

developing reference models that assist 

analysing test signals are fundamental 

to current approaches. The prediction of 

irregular heartbeats has yet to be 

adequately addressed. It has been 

shown that certain features of ECG 

signals can reflect underlying cardiac 

abnormalities before the occurrences of 

cardiac disorders. 

The mild distortion can be a 

predictor of a more severe distortion of 

the same type in beat. Because of the 

inter-patient variability of ECG signals, 

these mild abnormalities are frequently 

classified within the normal range, 

avoiding the global classification stage 

of conventional approaches. The main 

goal is to identify and use such mild 

and yet informative signal distortions to 

notify the user of elevated risk of 

upcoming heart abnormalities. This 

feature is called as predictive analysis. 

The classification accuracy is 

elevated to 96% for ventricular beats 

without compromising the sensitivity 

and specificity of the algorithms. 

However, the classification 

performance dramatically drops for 

some rarer abnormality classes. For 

example, the true positive rate for 

detecting supraventricular beat is 64.6 

%, which is below the permissible 

standard. 

Aside from achieving predictive 

analysis of ECG data, another goal of 

the proposed methodology is to allow 

patient adaption without the need for 

professional intervention, while without 

reducing detection performance for rare 

abnormality classes as compared to 

state-of- art methods. 

The method is based on creating 

a patient-specific baseline that will be 

used in the proposed deviation analysis 

to catch modest deviations in signal 

morphology from its normal baseline 

toward any of the abnormality classes. 

The intuition behind our method is that 

the representative signal features for 

different abnormality classes can be 

asymmetric in the feature space which 

deteriorates the developed angle-based 

deviation analysis to solve this 

problem, proposed novel controls 

nonlinear transformation to reshape the 

signal geometry into symmetric 

representation in the feature space. 

 

II. BACKGROUND OF THE STUDY 

Research of arrhythmia 

analysis is related to the area that 

has been supported by laboratories at 

Boston's Beth Israel Hospital (now the 

Beth Israel Deaconess Medical Center) 

and at MIT since 1975. The MIT-BIH 

Arrhythmia Database, which completed 

and began sharing in 1980, was one of 

the first initiative products. The database 

was the first widely available set of 

standard test material for evaluating 

arrhythmia detectors, and it has been 

used for that purpose as well as basic 

research into cardiac dynamics at over 

500 locations across the world. The 

database is distributed on quarter inch 

IRIG- format FM analogue tape and 9- 

track halfinch digital tape at 800 and 

1600 bpi. The CDROM version of the 

database was released in August 1989. 
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III. RELATED WORK  

A. EXISTING SYSTEM 

Until recent years, it has been 

only focused on developing predictive 

analysis of ECG signals. The method 

that uses a neural network classifier for 

heartbeat prediction is the most 

successful. However, they only 

considered the prediction results up to 3 

seconds before the occurrences of 

abnormalities. 

 The second drawback of 

existing ECG classifiers is their 

incapability of providing personalized 

classification results and ignoring the 

inherent variability of ECG waveform 

morphology among different 

individuals due to gender, age, body-

mass index, genetic variations, etc. To 

address this issue, some innovative 

patient-specific classifiers are proposed 

in the recent years. Human expert 

assistance is commonly used to make 

the models patient specific. Through 

customizing models for each patient, 

the accuracy of distinguishing 

ventricular beats from other beats is 

raised to 98.1%. However, these 

methods reliance on expert annotation 

at any level, limits their applicability to 

new patients for whom expert 

annotation is not available. Recent 

research has proposed using individual 

ECG recordings to tweak parameters of 

the trained neural network to overcome 

this issue and eliminate the requirement 

for human involvement during the 

analysis phase. 

 

B. PROPOSED SYSTEM 

A controlled nonlinear 

transformation with optimized 

conditions is presented to increase the 

symmetry of signals for different 

abnormality classes in the feature space 

to assist an accurate deviation analysis. 

 

 

 

 

 

 

FIGURE 1: Signal Classification 

 

C. OBJECTIVES 

The main objective is Heart 

Monitoring System using MITDB 

dataset that requires large data to test 

annotated ECG signals. 

 To identify anomalies and apply 

data pre-processing to make data 

consistent. 

   To perform dimensionality 

reduction to eliminate curse of 

dimensionality. 

 To implement KNN Decision Tree 

SVM Random Forest for Heart 

Monitoring System. 

 To evaluate classification accuracy 

that is compared to the state-of-the-art 

results and investigate the efficiency of 

the newly introduced feature of 

predictive analysis. 

 

IV. MODULE DESIGN 

For developing the process, 

heart monitoring system is divided into 

small parts. Each of this part is called a 

module. All these modules combined to 

form a heart monitoring through ECG 

signals. 

 

A. Data Augmentation- Strategy that 

enables practitioners to significantly 

increase the diversity of data available 

for training models, without collecting 

new data. Cropping, padding, and 

horizontal flipping are standard data 

augmentation techniques used to train 

massive neural networks. 

B. Pre-processing- Steps involved in 

transforming or encoding data so that it 

may be easily parsed by a machine. In 
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other words, the algorithm can now 

easily interpret the features in data. ECG 

signals undergo the following 

preprocessing steps before the 

classification stages such as Signal 

Preprocessing, Delineation, 

Segmentation, Feature Extraction, 

Dimensionality Reduction. 

C. Analysis- is a method for automated 

creation of analytical models in order to 

create a system that can learn from data, 

recognise trends, and make decisions 

with minimum human interaction. 

D. Classification- Predictive modelling 

is a task that needs the application of 

machine learning algorithms to learn 

how to assign a class label to instances 

from the issue area. 

E. Evaluation- It aims to estimate the 

generalization accuracy of a model on 

future data. Accuracy, precision, and 

recall are the three basic measures used 

to evaluate a classification model. 

 

V. METHODOLOGY 

In Pre-processing ECG beats are 

inputs of the proposed method, a simple 

and yet effective method for pre-

processing ECG signals and extracting 

beats. The following are the steps for 

extracting beats from an ECG signal: 

1) Selecting a 10s window from an 

ECG signal after splitting the 

continuous ECG signal into 10s 

windows. 

2) Normalizing the amplitude values 

to the range of between zero and 

one. 

3) Finding the set of all local 

maximums based on zero crossings 

of the first derivative.  

4) Using a 0.9 criterion on the 

normalised value of the local 

maximums, find the set of ECG R- 

peak candidates. 

5) Calculate the nominal heartbeat 

period of that window using the 

median of R-R time intervals (T). 

6) For each R-peak, choose a signal 

segment with a length of 1.2T. 

7) Adding zeros to each selected part's 

length to make it equal to a 

predetermined fixed length. 

The recommended beat extraction 

approach is simple and successful in 

obtaining R-R intervals from signals 

with various morphologies. For 

example, it hasn’t utilised any filtering 

or processing that relies on assumptions 

about the signal's morphology or 

spectrum. Furthermore, all the collected 

beats have the same length, which is 

required for them to be used as inputs to 

the subsequent processing stages. 

 

 

 

FIGURE 2: ECG Signal Processing 

 

VI. ARCHITECTURE 

The well-known Massachusetts 

Institute of Technology-Beth Israel 

Hospital (MIT- BIH) arrhythmia 

database, from Physionet, was 

employed to train and test our 

classification models, allowing in turn 

the comparison of our results with those 

from the state-of-the-art methods. 

MIT-BIH Arrhythmia Database 

contains 48 ECG records of about 30 

min, sampled at 360 Hz with 11-bit 

resolution from 47 different patients. 

Each record has two signals: the first is 

the modified lead II (MLII), which is 

the same for all recordings, and the 
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second is V1, V2, V4, or V5, depending 

on the record. As an outcome, of all the 

records only MLII is provided. The 

database contains around 110,000 

beats, all of which were annotated 

independently by two or more 

professional cardiologists, with any 

conflicts handled. Following the 

Association for the Advancement of 

Medical Instrumentation AAMI 

recommended practice, the MIT-BIH 

heartbeat types are grouped into five 

heartbeat classes. The records 102, 104, 

107, and 217, which had timed beats, 

were not considered, as advised by the 

AAMI. The database is significantly 

imbalanced, with over 90% of the beats 

belonging to class N, while the 

remaining 3%, 6%, and 1% of the beats 

belong to classes SVEB, VEB, and F, 

respectively. We adopted the decision 

of ignoring the Q AAMI class is 

practically non-existent. Only 15 

samples belong to class F. We applied 

Chazal et al inter-patient division 

scheme, which divided the database into 

two datasets, to make a fair comparison 

between our results and those from 

other recent studies. Data from 22 

records with a similar proportion of 

beat types are included in each dataset: 

• Training (DS1): 101, 106, 108, 

109, 112, 114, 115, 116, 118, 

119,122, 124, 201, 203, 205, 207, 

208, 209, 215, 220, 223, 230. 

• Testing (DS2): 100, 103, 105, 111, 

113, 117, 121, 123, 200, 202,210, 

212, 213, 213, 219, 221, 222, 228, 

231, 232, 233, 234. 

The first dataset was employed for 

training whereas the second one was 

used to evaluate the performance of the 

model. In both datasets, none of the 

patients were the same. Only the lead II 

was used to describe the signal's shape 

in this study. This decision was based 

on the following facts: it is the only 

lead that appears in all the records from 

the MIT-BIH arrhythmia database; it is 

also the lead that experts use the most 

to analyse ECG signals; and, finally, 

Chazal demonstrated that using only one 

lead is sufficient for the arrhythmia 

classification task. 

 

MIT Format 

MIT Signal files (.dat) are 

binary files that contain digitised signal 

samples. These files record the 

waveforms; however, they can't be 

fully understood without the header 

files. These files have the following 

format: RECORDNAME.dat. 

Short text files called MIT Header files 

(.hea) summarise the contents of linked 

signal files. These files have the 

following format: RECORDNAME.hea 

MIT annotation files are binary files 

containing annotations (labels that 

generally refer to specific samples in 

associated signal files). Annotation files 

should be included along with their 

header files. Any other file with the 

same name but a different extension, 

such as RECORDNAME.atr, is an 

annotation file for that record files in a 

directory like RECORDNAME.dat or 

RECORDNAME.hea. 

 

Dataset into Text 

Install and use the WFDB Python 

package, which contains python 

functions to read MIT WFDB signals 

and annotations into python. 

The native Python waveform-

database (WFDB) package. WFDB 

Signals and Annotations Toolkit is a 

collection of tools for reading, 

producing, and analysing. 

This package's core components 

are based on the original WFDB 

guidelines. The functionality of this 

package differs from that of the original 

WFDB package. It aims to implement 

as many of its core features as possible, 

with user-friendly APIs. Over time, 

more useful physiological signal-

processing technologies are added. 

The distribution is hosted on pypi 

at: https://pypi.python.org/pypi/wfdb/. 

Run the following command from your 

terminal to install the package directly 
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from pypi without having to actively 

download content: 

$ pip install wfdb 

The development version is hosted 

at: https://github.com/MIT-LCP/wfdb-

python. Demo scripts and example data 

are also available in this repository. To 

install the development version, clone or 

download the repository, go to the base 

directory, and run the following 

commands: 

$ pip install 

 

RAW DATASET 

 

• ATR File: The ATR file type is 

primarily associated with Atari 

Image format invented by Nick 

Kennedy. Most 8-bit Atari 

emulators that operate on other 

computer platforms use this. 

• HEA File: Header file specifies 

the names of the associated signal 

files and their attributes. Programs 

compiled with the WFDB library 

can read header files created. Line- 

and field- oriented ASCII content 

is stored in header files. 

• XWS File: XWS file can be 

edited, converted, or printed with. 

o Xara Web Designer Graphic 

o Crossware Embedded 

Development Studio 

Workspace Data 

o .xws file related problems 

 

 

 

 

CSV File: 

We started converting samples 

five minutes from the start of the record 

(-f 5:0) and finished ten minutes and 

thirty seconds later (-t 10:30). The -p 

option instructs rdsamp to convert the 

sample values from raw A/D converter 

units to physical units (as in the 

previous example), and the -v option 

instructs rdsamp to write a set of 

column labels at the start of its output, 

which looks like this: 

 

Pre-processing the features from the 

ECG signals, a pre-processing step was 

applied. Baseline removal is followed 

by a high-frequency noise filtering at 

this step. In this situation, we have 

simply removed the baseline. Two 

consecutive 200-ms and 600-ms 

median filters were used to compute the 

signal's baseline. The original signal 

was then subtracted from the baseline, 

generating the baseline from rectified 

ECG signal. We made the decision of 

not performing any high-frequency 

noise filtering to preserve the signal as 

raw as possible for the feature extraction 

step. 

 

Classifiers classify the model and gives 

good performance on pre-processed 

data. 
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FIGURE 3: System Architecture 

 

SVM CLASSIFIER 

Signals extracted from each 

ECG, feature extraction using DWT-

Discrete Wavelet Transform (entropy, 

mean, variance, kurtosis and spectral 

component β), best features selection 

by GA and classification of normal and 

abnormal ECGs using the selected 

features by Support Vector Machine 

(SVM). The performance of the 

implemented classifier is evaluated 

using cross-validation. 

 

DECISION TREE CLASSIFIER 

The features such as (P, Q, R, S,  

T) amplitude and duration is extracted 

from the signal. These features are 

calculated as score which included 

feature vector for the categorization of 

the ECG signals.  

The feature vectors are used for training 

and testing using decision tree 

algorithms for the predictive modelling. 

 

 

 

 

 

 

 

RANDOM FOREST CLASSIFIER 

The system involves in data 

collecting of ECG signal and detection 

of beats. Variety of features from both 

time and frequency domain are 

collected as input features to analyse 

and classify atrial activity and 

ventricular response and feed the 

extracted input features. To train the 

classifier for internal evaluation and 

cross-validation on available ECGS. 

 

KNN CLASSIFIER 

The exact and accurate 

delineation of QRS-complexes is 

essential for ECG analysis. 

KNN algorithm is used as a classifier 

for detection of QRS-complex in ECG. 

The KNN approach saves all available 

data points and categorises new ones 

using a similarity metric. The 

classification techniques are based on 

reducing misclassification error and 

classifying accuracy that depends on 

the value of K and distance metrics 

used for computing nearest distance. 

 

VII. RESULTS 

The performance analysis of 

machine learning algorithms by 

recognizing normality and abnormality 

of heart. 
 

Evaluatio

n Criteria 

Suppor

t 

Vector 

Machin

e 

Decisio

n Tree 

Rando

m 

Forest 

K- 

Nearest 

Neighbo

r 

Accuracy 92 92 77 96 

 

TABLE: Classification of Algorithms 
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ALGORITHM CLASSIFICATION 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 FIGURE 4: Algorithm Classification 

 

CONCLUSION 

Heart Monitoring is a method 

based on ECG Signals applied to 

Machine Learning Algorithms that 

classifies Normal and Abnormal 

Heartbeat. 

The suggested method achieves a 

classification accuracy of 96.6% and 

offers a unique feature of predictive 

analysis by providing precaution 

warning messages about the increased 

risk of heart problems, prompting 

patients to take preventative measures 

as directed by their doctors. 

 

FUTURE ENHANCEMENTS 

This technology provides quality 

healthcare for elderly and high-risk 

heart-patients, which develop a 

methodology in a general and 

applicable method to other biomedical 

signals such as EEG(Electro-

Encephalo-Gram), 

Pleth(plethysmograph), and PPG 

(Photo-Plethysmo- Graphy). 
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