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Abstract— The recognition of data from the electrocardiogram 
(ECG) is the important area of the biomedical signal 
processing. Identification of ECG signals in real time is closely 
related to the classification of the patient's diagnosis, inspected 
for the purpose of diagnosis of the cardiac status. In our paper 
we analyze the suitable alorithms for the extraction of QRS 
complex from the raw ECG data. This algorithms will be 
implemented in the ECG SYS (electrocardiogram system) 
software. This system will serve as the support decision tool for 
the doctors and especially for the cardiologists. The ECG 
support decision system will work with the machine learning 
algorithms to detect the various diagnoses and anomalies in the 
heart function. The paper is devoted to the processing raw 
ECG data and the QRS complex detection. 
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I.  INTRODUCTION 
In our paper, we point to the problem of the model for the 

human ECG recognition in the real time. The main 
applications of ECG recognition patterns for the cardiologic 
diagnosis include: monitoring the heart rate, arrhythmia 
diagnosis, diagnosis of the wall thickness or increasing the 
size of the atrium and ventricle of the heart, myocardial 
ischemia, effects of pharmaceuticals, carditis, monitoring 
pacemakers, and more [1]. The proposed model of ECG 
recognition consists of several parts. The incoming signal is 
the ECG signal consisted of the raw data. By the system 
deployment, the incoming signal is obtained from the 
electrocardiogram. In the process of system creation will be 
use the existing ECG library data. Processing of ECG signal 
includes the ECG waves extraction. In the ECG raw signal, it 
is important to analyze and separate the following ECG 
parameters: QRS complexes, P and T waves. QRS - Q wave, 
R wave and S wave. Such processed signal is ready for 
pattern recognition with use of machine learning methods. 

 
Figure 1.  The proposed model for ECG recognition. 

II. THEORETICAL BACKROUND AND CLINICAL 
INTERPRETATION OF ECG PARAMETERS 

Electrocardiography is the diagnostic method that allows 
capture and record the electrical activity of the heart. The 
ECG measurement is nowadays a part of the internal 
investigation and carried out by doctors of the first contact. 
The ECG is a painless and a simple examination, which is 
executed using a special device - the electrocardiograph, 
which consists of electrodes that are placed on the surface of 
the body. Electrodes capture the electrical currents. The most 
commonly is used 12-electrode ECG which record six limb 
leads and the six chest leads. Portable ECGs usually tend to 
have a fewer leads. 

The ECG signal measures the change in the electrical 
potential over the time. Anatomically, the heart consists of 
four chambers (left and right atrium, left and right ventricle), 
blood vessels, as well as four valves, which prevent 
backward flow within the heart. Another integral part of the 
heart is its electrical conduction system. The latter generates 
and conducts the electric stimulus for the muscle contraction 
and the associated produced cardiac output [2]. The whole 
ECG signal recording consists of a several consecutive 
cardiac cycles. The cardiac cycle includes a fairy period 
waves and peaks corresponding to the consecutive heart 
action phases [1].  In the clinical practice is still strongly 
used ECG signal processing by its measurement in the time 
domain. That means using values between the beat intervals 
and amplitudes. The track of the each heartbeat consists of 
three basic parameters: P, R and T. 

The P wave occurs when the SA node (sinus node or sin 
atrial node) creates an action potential that depolarizes the 
atria. As long as the atrial depolarization is able to spread 
through the AV node to the ventricles, each P wave should 
be followed by a QRS complex [3]. The time from the 
beginning of the P wave (atrial depolarization) to the 
beginning of the QRS complex (ventricular depolarization) is 
called the PR interval. 

This represents the time that it takes for the electrical 
impulse generated in the sinus node (SA node) to travel 
through the atria and across the AV (atria ventricle) node to 
the ventricles. The normal PR interval is 0.12 to 0.20 
seconds or 120 to 200 milliseconds (ms). 
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Figure 2.  The ideal model of one cardiac cycle. One heart beat including 

three basic ECG parameters P, Q, R and T. 
 

The PR segment is the portion of the ECG signal from 
the end of the P wave to the beginning of the QRS complex. 
The PR segment differs from the PR interval that is 
measured in units of time (ms). The segments are different 
than intervals. The important factor to analyze the segments 
on the ECG is their change from the isoelectric line 
(elevation or depression) while the important thing to 
analyze for intervals is their duration. 

The Q wave is the first downward deflection after the P 
wave and is a first element in the QRS complex. When the 
first deflection of the QRS complex is upright, then there is 
no Q wave is present. The normal individual will have a 
small Q wave in many, but not in all ECG leads. The “QRS 
complex” is the combination of the Q wave, R wave and S 
wave and represents ventricular depolarization. The normal 
duration (interval) of the QRS complex is 0.08 and 0.10 
seconds (80 and 100 ms). When the duration is between 0.10 
and 0.12 seconds it is intermediate or slightly prolonged. A 
QRS complex duration of greater than 0.12 seconds is 
considered abnormal. 

The T wave occurs after QRS complex and is the result 
of the ventricular repolarization. T waves should be 
asymmetric in nature.  Second portion of the T wave should 
have a steeper decline when compared to the incline of the 
first part of the T wave. If the T wave appears symmetric, 
cardiac pathology may be present such as ischemia.  

 

 
 

Figure 3.  ECG parameters of normal ECG signal  [11]. 

TABLE I.  NORMAL ECG WAVE AMPLITUDES AND DURATIONS. 

ECG 
parameter 

Typical amplitude [mV] and wave 
duration [seconds] 

P wave 0. 25 mV 

R wave 1. 60 mV 

Q wave 25 percent of R wave 

T wave 0.1 to 0.5 mV 

P-R interval 0.12 to 0.20 seconds 

Q-T interval 0.35 to 0.44 seconds 

S-T segment 0.05 to 0.15 seconds 

P wave 
interval 0.11 second 

QRS interval 0.09 second 

 
As well known, the heart rhythm varies according to the 
person’s health. The factors are the fatigue effort, emotion, 
stress or some disease. 

III. RELATED WORKS OF THE METHODS AND FEATURE 
EXTRACTION 

Many algorithms and methods for the automated ECG 
feature extraction and the QT interval measurement in 
particular have been already developed. However, the 
formalization of the QT interval measurement process 
remains insufficient and requires further investigation [4]. 

Hayn et al [5] developed an algorithm for the automated 
detection of the peaks as well as on- and offset of the P and T 
wave and the QRS complex. QRS onset and T offset are 
required for the calculation of the QT interval that why T 
offset is the more challenging part. The decreasing the 
threshold value did detection of the exact point. For the each 
step a possible onset point is calculated and the mean range 
curve value right before and right after this possible point is 
determined. The point with the lowest ratio in between these 
mean values is been chosen as the exact onset point. 

Laguna et al [6] has implemented another algorithm for 
automated location of characteristic points in the ECG as 
well as waveform boundaries based on the derivative 
threshold method. As the preparation for the detection of the 
ECG features, the ECG signal is filtered and differentiated. 
The feature extraction consists of two main steps: the 
detection of characteristic points (QRS complex or rather R 
peak, P wave peak and T wave peak) and the determination 
of the waveform boundaries (on- and offsets).  
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The QRS positions given by the detector may be Q, R, or 
S-wave peaks. The algorithm searches for the nearest peaks 
positions before and after the QRS position using zero 
crossing in this signal. 

Mazomenos, Evangelos B. et al. [7] presented a low 
complexity algorithm for the extraction of the fiducial points 
from ECG signal using Discrete Wavelet Transform (DWT). 
Vaneghi et al [8] compared six distinct approaches for an 
EGC signal feature extraction. The wavelet transform is the 
convolution of the wavelet function ψ(t) with a signal x(t). 
Orthonormal dyadic discrete wavelets are associated with 
scaling functions φ(t) which can be used for the calculation 
of approximation coefficients S. S is the convolution of the 
signal with the scaling function. The further mathematical 
description is referenced in [7].  

The integral wavelet transform is the integral transform 
and it is defined as: 

 𝑊!𝑓 𝑎, 𝑏 = 1
𝑎

𝜓!
!!

𝑥!𝑏
𝑎

𝑓 𝑥 𝑑𝑥 (1) 

The wavelet coefficient cjk is given as 

 𝑐𝑗𝑘 = 𝑊!𝑓 2!𝑗, 𝑘2!𝑗  (2) 

Where, a=2-1 is called the binary dilation or dyadic 
dilation, and b=k2-j is the binary or dyadic position. The 
basis function Ψ can be regarded as the impulse response of 
the system with which the function x(t) has been filtered. 
The transformed signal provides the information about time 
and frequency. Therefore, the wavelet-transformation 
contains information that is very similar to the short-time-
Fourier-transformation, but with additional of special 
properties of the wavelets that show up at the resolution in 
the time at the higher analysis frequencies of the basis 
function. 

IV. ECG PROCESSING 
Under the processing of the input signal it is known the 

adjusting the properties to achieve the best result for 
classification. One of the basic types of processing of the 
ECG signal is the filtering. The noisy signal is usually 
obtained especially when non-invasive measurement is 
provided. The main sources of noise can be the powerline 
interference, physiological interference (muscle noise or 
motion artifact). Another type of processing the input signal 
is its normalization. It serves to prevent parasitic influence of 
variation of the input signal, which can cause malfunction of 
the classification algorithm. To the simplest methods of 
normalization belongs the normalizing range from minimum 
to maximum. The compression methods presented today 
include the wavelet transformation (SPIHT - Set Partitioning 
in Hierarchical Trees), analysis by synthesis coding (ASEC - 
Analysis by Synthesis ECG Compressor) or (PCA – 
Principal Component Analysis). 

For the obtaining the ECG signal in our paper was used 
the MITBIH database by the Physionet website. This website 
is a basically the resource of the physiological signals for 
researchers. This kind of database contains various datasets.  

 
 

Figure 4.      Ploted waveforms of normat ECG data set [9]. 
 
For the purpose of our experiment was used data set of 

normal ECG [9] signal and set of Arrhythmia signal [10]. 
The data set of ECG signal contains 2 signals at the 

sampling frequency of 128 Hz [9]. The data set of 
Arrhythmia contains also 2 signals at the sampling frequency 
of 360 Hz [10]. This database contains 48 ECG recordings 
with total of 110,007 beats. These 30-minute recordings with 
an 11-bit rate resolution over a 10 mV range. Lead I from 
each record is used because the quality of the ECG signals 
was higher in Lead I compared to Lead II. The MIT−BIH 
Arrhythmia Database contains records of the normal ECG 
signals and the records of ECG signals that are affected by 
non-stationary effects, premature atrial complexes, 
premature ventricular complexes, low signal-to-noise ratio, 
left bundle blocks, and right bundle blocks. This provides an 
opportunity to test the robustness of QRS, P and T wave 
detection methods.  

Process of the selection of the ECG signal is to find the 
each cardiac cycle, which is based on the detection of the 
QRS complex. According to the needs feature vector 
processing, this cycle can be exploited, (PQRST), or limited 
only to the necessary portion (QRS, QRST, etc.). In our 
paper we deal with the extraction of QRS complex. 

The input signal x of the each heartbeat is represented as 
a vector of the random observations about the process of 
length N. 

 𝑥 =

𝑥   1
..
.

𝑥  (𝑁)

   (3) 

 
The values are indicated in mV. 
The extraction of the QRS complex was done by the ECG 

QRS online detector [12] that uses the state-machine logic to 
determine the different peaks in an ECG based on averaging 
and adaptive thresholds that are fluctuating in respect to the 
noise and the signal. It has the ability to confront noise by 
high pass filtering and baseline wander by low pass. As the 
input data was used the raw data and the sampling period. 
Used data corresponds to ECG signal sampling for 10 
seconds. 
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Figure 5. Ploted waveforms of the Arrhytmia data set [10]. 

V. RESULTS 
In our paper, we demonstrate the use of the chosen 

algorithms for the detection of the QRS complex from the 
raw ECG data. The data was processed in MATLAB 2012 
software. With the use of the online ECG QRS wave 
detector was calculated the heart rate. Pan Tompkins 
implementation was aimed to the use of band pass filter and 
derivate filter.  

The RR interval is the time between QRS complexes. 
The instantaneous heart rate can be calculated from time 
between any of two QRS complexes. Normal range at the 
rest is between 60-100 beats per minute (bpm). To calculate 
the heart rate, it is necessary to take the duration between 
two identical points of consecutive EKG waveforms such as 
the R-R duration. This duration is than divided into 60. The 
resulting equation is: 
 

Rate = 60/(R-R interval)   (4) 
 

 
Figure 6.  RR interval for the heart beat calculation. 

 
 

 
Figure 7. Ploted waveforms of the normal ECG signal using online ECG 

QRS wave detector. 
 

 
Figure 8. Ploted waveforms of the Arrhytmia signal using online ECG 

QRS wave detector. 
 

The preprocessing of Pan Tompkins implementation on 
ECG consists of several steps. First, the band pass filter (5-
15 Hz) was used. After that, the derivation filter to highlight 
the QRS complex is used and the signal is squared. Signal is 
averaged of noise (0.150 seconds length). Depending on the 
sampling frequency of the input signal, the filtering options 
are changed to the best match of the characteristics of the 
ECG signal. The determination as to whether the pulse 
corresponds to a QRS complex is performed with an 
adaptive thresholding operation and other decision rules 
outlined in the table 2. 

TABLE II.  DECISION RULES OF PAN TOMKIN ALGORITHM 

DECISION RULE DESCRIPTION 
FIDUCIAL MARK Waveform is first processed to 

produce the set of weighted unit 
samples at the location of the 
maxima. This is done in order to 
localize QRS complex to the 
single instant of the time.  

THRESHOLDING Algorithm uses two threshold 
values that continuously adapt to 
the changing ECG signal quality. 
The first pass uses these 
thresholds to classify the each 
non-zero sample as either the 
signal or the noise. 

SEARCHBACK 
FOR MISSED QRS 
COMPLEXES 

From the thresholding step above, 
if the peak is deemed not to have 
resulted from a QRS complex or 
if an unreasonably long period has 
expired without an above 
threshold peak, the algorithm 
assume that the QRS complex has 
been missed and perform a  
searchback for the missed 
complex. This operation limits the 
number of false negatives. The 
minimum time used to trigger a 
searchback is 1.66 times a current 
R peak to R peak time period (that 

8383



is called the RR interval). This 
value has also a physiological 
origin. It is the time value 
between adjacent where 
heartbeats cannot change more 
quickly than this time. Two 
average RR intervals are stored, 
the first RR interval is calculated 
as an average of the last 8 QRS 
locations in order to adapt to 
changing heart rate. Second RR 
interval mean is the mean of the 
most regular RR intervals. The 
threshold is lowered if the heart 
rate is not regular to improve the 
final complex detection. 

ELIMINATION OF 
MULTIPLE 
DETECTIONS  

Algorithm eliminates physically 
impossible events and so reducing 
false positives. 

T WAVE 
DISCRIMINATION 

If finally a QRS candidate occurs 
after the 200ms refractory period 
but within 360ms of the previous 
QRS, the algorithm determines 
whether it is a QRS complex of 
the next heartbeat or it is an 
abnormally prominent T wave. 
This decision is based on the 
mean slope of the waveform at 
that position.  

 

 
Figure 9. Ploted waveforms of the normal signal using Pan Tompkins 

implementation. 
 

The first plot shows the raw ECG signal. Than the raw 
ECG signal is filtered with various filters. First is the band 
pass filter, second is derivate filter. Black line represents 
noise and green is the adaptive threshold. 

 
Figure 10. Ploted waveforms of the normal signal using Pan Tompkin 

implementation. 
 

First plot of the figure 10 represents the QRS complex on 
the filtered signal. QRS on the signal and noise level (black), 
signal level (red) and adaptive threshold (green). 

 
Figure 11. Ploted waveforms of the Arrhytmia signal using Pan Tompkins 

implementation. 

 
Figure 12.  Ploted waveforms of the Arrhytmia signal using Pan Tompkins 

implementation. 
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VI. CONCLUSION 
In this paper, it is demonstrated the use of two chosen 

algorithms suitable for the QRS complex detection. The first 
is the online ECG QRS wave detector. This algorithm uses 
the state-machine logic to determine different peaks in an 
ECG. It is based on averaging and adaptive thresholds that 
are fluctuating in respect to the noise and the signal. This 
algorithm has also the ability to confront noise by high pass 
filtering and baseline wander by low pass. The second 
algorithm, Pan Tompkins implementation of ECG and QRS 
detector uses the band filter and the derivate filter. The 
algorithms were used with the Normal ECG signal and 
Arrhythmia ECG signal. 

To be able to detect QRS complex and other parameters 
from the raw ECG signal is important to design and develop 
a system for ECG processing. This system will serve as a 
support decision tool for doctors and especially cardiologists. 
ECG support decision system will work with machine 
learning algorithms to detect various diagnoses and 
anomalies in heart function. This is however not the only 
area of use for such system. It can be also used as a 
complementary tool in much more complex health 
monitoring systems in hospitals, retirement homes and 
places where the people have to be monitored because of the 
dangerous environment. 

The future work will be focused on the extraction on the 
other ECG parameters, for example T and Q wave. The 
detection of the QRS complex is one of the phases in the 
ECG SYS. These parameters as well as QRS complex are 
important for the complex E-Health system for persons with 
special treatment needs (monitoring heart rate, monitoring 
ECG signal, etc.) The final system will be used for the ECG 
pattern recognition to automatic reveal the patient’s heart 
disease. The pattern recognition will be executed with th use 
of machine learning methods. 
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