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Abstract— Abstract: As part of the development of a clinical aid 

tool for the medical profession, two solutions have been 

developed, the first one is based on a MATLAB algorithm and 

the other is based on Arduino, e-health and Raspberry pi, 

allowing an automatic identification of the different components 

of the ECG signal as well as a better interpretation and 

classification of the cardiopathies. The detection of the P, Q, R, 

S, T waves is of paramount importance in the automatic analysis 

of the ECG signal. When these waves are identified and their 

positions are detected, it becomes easy to evaluate other 

parameters of the signal such as the duration of : the cardiac 

cycle, the intervals, and  the segments. Thus, a more accurate 

clinical decision can be made for the condition of the patient, 

whether his heart is functioning properly or whether he suffers 

from a heart condition. 
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Identification; Classification-health; Raspberry pi, Real Term 

I. INTRODUCTION 

The detection of the P and T waves and of the ORS 

complexes constitutes the preliminary in the analysis of the 

ECG signal. When identifying and locating the positions of 

these peaks, it becomes very easy to extract other important 

parameters of the signal such as heart rate, duration of 

intervals, duration of the segment ST, etc. etc. [1,2]. The 

morphology of these waves is not stable, it may vary from 

one subject to another, and even in the same individual it may 

vary from one cycle to another; This makes the automatic 

detection phase of the peaks very difficult, as well as the first 

objective of a doctor is to determine the heart rate, the 

recognition of the P, Q, R, S and T waves, and even their 

shapes and amplitudes , As well as the measurement of the 

intervals between the different waves. [3] The main objective 

of this presented work  is to develop a tool for clinical 

assistance to the medical profession, enabling it to 

automatically identify the various components of the ECG 

signal and Better interpretation and classification of the 

pathologies that could result from it. The MIT-BIH data base 

is a universal database containing 48 half-hour recordings on 

two channels (DII and V5) [4,5]. It has been collected by 

researchers to be used as a reference for the validation and 

comparison of algorithms on the ECG signal. Each ECG 

record is sampled at a frequency of 360 Hz. The major 

advantage of this database is that it contains a large number of 

cardiac pathologies, thus validating the algorithms on a large 

number of ECG signal cases[6]. The records correspond to 

subjects that are 25 men aged 32 to 89 years, and 22 women 

aged 23 to 89 years. The signals are numbered from 100 to 

124 for the first group that includes a variety of waveforms 

and from 200 to 234 for the second group that includes a 

variety of pathological cases. Each record has been 

independently annotated by several cardiologists (two at 

least), which allows for more reliable studies. For each record 

in the database, there are three different files with the 

following extensions: .dat, .hea, and .atr [7,8].. 

II. ECG SIGNAL PEAKS  DETECTION ALGORITHM  

Our detection algorithm begins with a localization of the R 

peaks. Detection of the maximums is performed by absolute 

thresholding on the ECG signal [9,10]. The realization is done 

using a MATLAB script which evaluates each point of the 

signal and tests whether this point is above the threshold or 

not. When a point verifies this condition, all of the following 

points, which are also greater than the threshold, are stored 

until a value returns below the threshold. Thus, at this stage, 

the program stored all the points of the peak R located above 

the threshold [11]. It is therefore sufficient to find the 

maximum of this set of points: the amplitude of the peak R 

corresponds to this maximum, and the instant of appearance 

of the peak corresponds to the index of the position of the 

maximum in the vector of the ECG signal. Indeed, since the 

signal was sampled at 360 Hz, there are 360 values per 

second. At the end of the Matlab loop, which allows us to 

detect R peaks, two vectors have been created: 

V1: the amplitude of the peaks R. 

    V2: the instants of occurrence of each peak R. 
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Figure 1: ECG 100 R-Peaks detection method illustration. 

 

After R peaks detection, an adaptive rectangular window is 

applied over each period. For N periods, N windows are 

applied with F = {F1, F2, ..., FN} as illustrated in figure 2 

 

 
 

Figure 2: Rectangular window applied to the ECG100 signal. 

 

For each window Fi (with i> = 0), the following strategy is 

followed: From the detection time of the peak R (tRi) to the 

beginning of the window Fi. 

Matlab's 'min' control is applied, thus determining the 

amplitude and moment of occurrence of the Q wave. 

From the detection time of the peak Q (tQi) to the 

beginning of the window Fi, we apply the 'max' command 

from Matlab, thus determining the magnitude and the time of 

appearance of the wave P. 

From the detection time of the peak R (tRi) to the end of 

the window Fi, the Matlab 'min' command is applied, thus 

determining the amplitude and the instant of occurrence of the 

wave S . 

From the detection time of the peak S (tSi) to the end of 

the window Fi, the Matlab 'max' command is applied, thus 

determining the amplitude and the instant of occurrence of the 

wave T. 

At the end of the Matlab loops allowing the detection of 

the peaks P, Q, S and T, eight other vectors have been created: 

V3: contains the amplitude of the peaks Q. 

V4: contains the instants of appearance corresponding to 

each peak Q. 

V5: contains the amplitude of the peaks P. 

V6: contains the instants of occurrence corresponding to 

each peak P. 

V7: contains the amplitude of the peaks S. 

V8: contains the instants of occurrence corresponding to 

each peak S. 

V9: contains the amplitude of the T peaks. 

V10: contains the instants of occurrence corresponding to 

each peak T. 

The order of detection is important; the peaks P can be 

detected only when the peaks Q are detected. Similarly, the 

location of the S peaks must be carried out before those of the 

T peaks. 

 

 
 

Figure 3: ECG 105detection result illustration 

III. ECG SIGNALS CLASSIFICATION  

The analysis of the rhythm and the automatic diagnosis of 

rhythmic disorders represent a particular field complementary 

to the analysis of the contour of the waves [12,13]. The 

classification of cardiac cycle parameters and the enumeration 

of different types of morphology on an ECG signal remain a 

concern in electrocardiography [14]. To estimate the 

relevance of our method, we estimated the detection accuracy 

of the R-peaks. For this we tested our script As we have 

already explained, we plotted MATLAB for different signals. 

The detected peaks are indicated on these graphs, which 

allows us to verify the accuracy of our method. The table 
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below presents a classification of the signals according to the 

number of arrhythmias. It should be noted that only the 

signals 115 and 122 suffer from any arrhythmia[15]. This 

table will serve as a reference to verify our results of 

classification of the signals according to their natures 

(pathological or not).Table1 presents the number of 

arrhythmias in each signal of the MIT-BIH database 

 
TABLE I 

NUMBER OF ARRHYTHMIAS IN EACH SIGNAL OF THE MIT-BIH 

DATABASE 

Signal Types Signals Tota

l 

Healthy signals (without 

any arrhythmia) 

115, 122 2 

Signs at an Arrhythmia 101, 103, 105, 106, 112, 113, 

117, 119, 123, 212, 220, 221, 

230 

13 

Signs with two arrhythmias 100, 107, 111, 116, 121, 209, 

228, 234  

8 

Signals with three 

arrhythmias 

102, 104, 109, 200, 203, 205, 

208, 214, 215, 217, 222, 232, 

233 

13 

Four-Arrhythmia Signals 114, 118, 202, 210, 213, 219, 

231 

7 

Signs with five arrhythmias 108, 223 2 

Six-Arrhythmia Signs 124, 207 2 

Signs with seven 

arrhythmias 

201 1 

Total  48 

 

Test N ° 1: 

 

 
 

Figure 4: ECG 100detection results illustration 

 
 

 

 

TABLE .2 

ECG 100  PEAKS DETECTION. 

 
 

ECG100 

Peak magnitude  (mV)  Peak detection Time  (s) 

P Q R S T P Q R S T 

Cycle 1 0.08 -0.2 0.99 -

0.14 

0.02 0.12 0.26 0.29 0.3 0.67 

Cycle 2 0.07 -0.2 0.94 -

0.15 

0.04 0.95 1.06 1.08 1.1 1.4 

Cycle 3 0.08 -

0.19 

0.93 -

0.14 

0.03 1.69 1.85 1.87 1.89 2.25 

Cycle 4 0.09 -

0.17 

0.99 -

0.14 

0.04 2.52 2.63 2.66 2.68 3 

Cycle 5 0.09 -

0.17 

0.98 -

0.12 

0.04 3.31 3.46 3.48 3.5 3.82 

 

Wave P: Normal 

Amplitude <to 0 

Positive 

Time: (P1 = 0.1s, P2 = 0.1, P3 = 0.1, P4 = 0.1, P5 = 0.11) 

between 0.1 and 0.12s 

Uniform 

 

P-P intervals: Normal (regular, between 0.6 and P1-P2 =   

0.8s P2-P3 = 0.75s P3-P4 = 0.8s P4-P5 = 0.8s 

R Wave: Normal 

 Positive 

Regular 

Uniform 

 

R-R intervals: Normal (regular, beat number between 60 and 

100) 

R1-R2 = 0.79s R2-R3 = 0.79s R3-R4 = 0.79s R4-R5 = 0 

R mean = (0.79 + 0.79 + 0.79 + 0.8) / 4 = 0. 

Number of beats per minute = 60 / 0.797 = 75 

 

QRS complex: Large (not between 0.06 and 0.12) 

QRS1 = 0.41s QRS2 = 0.44s QRS3 = 0.43s QRS4 = 0.43s 

QRS5 = 0.42s 

 

T wave: Low amplitude (not> 0.2mV) and irregular 

 

Q-T intervals: Large (not between 0.3 and 0.38s) and 

irregular 

Q1-T1 = 0.41s Q2-T2 = 0.44s Q3-T3 = 0.4s Q4-T4 = 0.37s 

Q5-T5 = 0.36s 

 

According to Figure 4 and Table 2, all this calculation is done 

and these results are compared with international standards. 

Clinical decision: Pathological sign. 
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Test N ° 2 

 

 

Figure 5: ECG 106 Peaks detection   

 
TABLE.3 

  DETECTION RESULTS FOR ECG 106 

 

ECG106 

Peak magnitude  (mV) Peak detection time (s) 

P Q R S T P Q R S T 

Cycle 1 0.11 -0.1 0.94 -0.22 0.35 0.34 0.43 0.46 0.48 0.72 

Cycle 2 0.1 -0.1 0.94 -0.23 0.34 1.38 1.44 1.47 1.49 1.74 

Cycle 3 0.09 -

0.12 

0.93 -0.23 0.32 2.37 2.45 2.47 2.5 2.76 

Cycle 4 0.06 -

0.13 

0.92 -0.25 0.3 3.42 3.51 3.54 3.56 3.82 

Cycle 5 0.06 -

0.13 

0.92 -0.24 0.33 4.44 4.54 4.56 4.58 4.85 

 

Wave P: Normal 

Amplitude <0.25 mV. 

positive 

Duration (P1 = 0.1s, P2 = 0.1, P3 = 0.1, P4 = 0.1, P5 = 0.1) 

Between 0.1 and 0.12s 

Uniform 

 

P-P intervals: Normal (regular, between 0.6 and 1s) 

P1-P2 = 1s P2-P3 = 0.99s P3-P4 = 1s P4-P5 = 1s 

R Wave: Normal 

positive 

Regular 

Uniform 

 

R-R Intervals: Slow (steady, number of beats is not  between 

60 and 100) 

R1-R2 = 1.01s R2-R3 = 1s R3-R4 = 1.03s R4-R5 = 1.02s 

Rmean = (1.01 + 1 + 1.03 + 1.02) / 4 = 1.015s 

Number of beats per minute = 60 / 1.015 = 59 

QRS complex: Large (not between 0.06 and 0.12) 

QRS1 = 0.25s QRS2 = 0.24s QRS3 = 0.26s QRS4 = 0.3s 

QRS5 = 0.29s 

 

T wave: Normal 

Amplitude> to 0.2mv 

Regular 

Q-T intervals: Normal (between 0.3 and 0.38s), regular 

Q1-T1 = 0.3s Q2-T2 = 0.3s Q3-T3 = 0.31s Q4-T4 = 0.31s 

Q5-T5 = 0.31s 

 

According to Figure 5 and Table 3, all this calculation is done 

and these results are compared with international standards: 

Clinical Decision: Pathological Signal. 

In the next section, we will proceed to the second solution to 

deal with the actual ECG signals. 

 

 

IV. ECG DETECTION BASED ON EMBEDDED 

SOLUTION 

 

To realize the embedded solution we will present the 

software environment in which we worked and the electronic 

components used in our work as indicated in the synopsis of 

Figure 6.  
 

 

Figure 6: Synoptic diagram of the embedded solution 

 

After connecting the two cards (Arduino & e-health), we 

can pass to the acquisition phase of the real time ECG. As 

result the synchronization between RealTerm and KST 
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software gives the ECG signal obtained via Arduino and  

displayed on the KST tool presented in figure7. 

However the Arduino board with the KST software can 

simply display the ECG signal in real time without being able 

to treat it in order to have an idea on the quality of this signal. 

 

Figure 7 : ECG signal obtained  via Arduino and displayed on the 

KST tool. 
 

In this regard,  to keep up to date with the technological 

evolution, we chose to realize our application around two 

types of cards that have become a reference in the integration 

of computer and electronic solution as presented in the 

synoptic given by figure 6 in, which we use both 

simultaneously  an Arduino platform and a Raspberry pi. In 

addition, we also used the e-Health platform, which 

incorporates nine sensors for measuring physical quantities, 

but in our work we used only the ECG sensor [16]. This 

sensor provides the microcontroller with an analogue image 

of the measured physical quantities. The program of the 

microcontroller allows to measure these analog values and to 

scale them. After configuring our environment, now passing 

to a real case, we will follow these steps to achieve a good 

functioning by connecting  the Arduino to the Raspberry pi 

via the e-health interfacing card (as given in figure 8 

presented below 

 

 

Figure 8: Connection between the Arduino and Raspberry pi via 

the e-health interfacing card. 
Figure 9 below shows the first 200 bytes of a real ECG 

signal measured in real time. 

The aim is to validate the ECG treated by simulation while 

applying the algorithm developed on a real time measured 

ECG as shown in Figure 9, presented hereafter. An immediate 

interpretation of the signal upstream, ultimately to a 

comparison between the two solutions leading to the 

identification of the good analytical method resulting from 

the studied and experimental classifications of the ECG 

signals. 
 

 
 

Figure 9: ECG signal detected in real time by raspberry pi. 

 

These functional tests designate a partial verification 

procedure of our system; its main objective is to identify a 

maximum number of behaviors of our application in order to 
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increase its quality [17]. This verification or validation 

procedure thus verifies that this system reacts as intended by 

its developers or is in line with requirements. 

The detection of the peaks of the ECG signal makes it 

possible to simplify the diagnosis of the heart condition and 

its functioning by the doctors, following our study, and with 

the results that have been found previously, one can detect the 

peaks of the cardiac signal , And can be compared with 

international standards, and thereafter it can be discussed 

whether the patient suffers from a cardiac pathology or not. 

This method is a helping tool that makes it easier for 

physicians to find the position of cardiac pathology. We 

presented two solutions to detect the waves of the ECG signal 

and to classify it well: 

 

V.CONCLUSION  

ECG signal peaks detection makes simplify the diagnosis 

of the heart condition and its functioning. Following our 

study, and the results that have been found previously, using a 

comparison with the international standards, it can be 

discussed whether if the patient suffers from a cardiac 

pathology or not. This method is a helping tool that makes it 

easier to find the position of cardiac pathology. In fact, 

authors in this paper have presented two solutions to detect 

and to classify the ECG signal. The first, consists to apply 

MATLAB algorithm on the ECG signals of the international 

MIT-BIH database. This technique of detection and 

parameterization is evaluated by comparing our results with 

those presented in the literature. The second solution is based 

on embedded electronics while using Arduino and Raspberry 

pi cards equipped with an ECG sensor to study and analyze 

an ECG in real time while exploiting the signal processing 

(Octave) and the graphical tools offered by the Raspberry pi. 
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