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Abstract- This paper presents a novel method to alert a cardiac patient using an embedded system. This system is chosen, 
based on factors such as processing speed and portability, to reliably monitor the ECG signal of the patient. Based on 
minimum processing time required and compatibility with the processor, an algorithm has been selected for processing of 
the ECG signal. Since QRS complexes are predominant in the ECG signal, the algorithm is used to detect the same. Using 
first order differentiation, Hilbert transform of the signal, and adaptive thresholding, the algorithm detectsQRS complexes in 
the signal. Further, onapplying a second threshold on the detected QRS complex, R peaks are located accurately. When an 
abnormal ECG signal is detected, the chosen processor Raspberry piis interfaced with a buzzer which generates an alert. The 
algorithm provides diminished P and T peaks, amplifies QRS peaks, and in addition motion artifacts and noise are greatly 
reduced. The algorithm is validated on a set often 10s recordings which are taken from MIT/ BIH Arrhythmia database. The 
results are compared with the corresponding annotations of database, a sensitivity of 97.73% and a detection error rate of 
4.52% was obtained. 
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I. INTRODUCTION 
 
ELECTROCARDIOGRAPH (ECG) signal is the 
electrical activity of heart plotted over a period of 
time. It is recorded through electrodes placed suitably 
in a non-invasive manner on the surface of the skin. 
The tiny electrical changes across the surface of skin, 
detected and amplified by ECG device, is produced 
when depolarization of the heart muscle occurs 
during every heartbeat. This is represented by tiny 
positive and negative voltage peaks between two 
electrodes placed on either side of the heart which are 
plotted as a wavy figure, known as ECG, on device 
screen or paper [9]. Currently a 12 lead holter 
configuration attached to an electrocardiogram is 
used, with each lead recording one to three beats for 
identifying anomalies [3]. This process lasts for 
twenty four hours and requires large storage which 
may or may not contain unnecessary data. 
The important aspects involved in processing of an 
ECG signal include filtering, identification of 
amplitudes, and time intervals of QRS complexes. 
The QRS complex in ECG signal represents the 
depolarisation phenomenon of ventricles preceding 
the mechanical contraction and conveys useful 
information about the contraction. QRS detection is 
difficult not only due to physiological conditions but 
also because of the various types of noises present in 
the ECG signal. Noise sources include muscular 
noise, artifacts due to electrode motion, power line 
interference, baseline wander and T waves with high 
frequencies resembling QRS complexes.   
 
A wide variety of algorithms have been proposed in 
the literature of identifying QRS complexes and 
estimating anomalies. The main aim of this paper is 

to implement a suitable algorithm to identify QRS 
complexes with reasonable precision and identify 
anomalies based on average inter-beat length. The 
algorithm chosen consists of a combination of low 
pass and high pass filter, first order differentiation of 
the filtered signal, its Hilbert transform, and a 
suitable adaptive thresholding to obtain QRS 
complex and subsequently determine R peaks. The 
use of this algorithm has a number of advantages 
over its predecessors. The unwanted effects of large 
peaked P and T waves are minimized and it performs 
excellently in the presence of significant noise 
contamination [1]. This is followed by identifying the 
R-R time interval between consecutive R peaks 
obtained, to detect anomalies. 
 
The algorithm is programmed in an embedded system 
(Raspberry Pi) and based on anomalies detected in R-
R interval, the patient is alerted by using a buzzer. 
This ensures that the apparatus is made portable. This 
paper discusses the necessary characteristics of the 
system required for optimum processing of an ECG 
signal. The above algorithm is evaluated using a 
standard MIT/BIH database and reasonable accuracy 
is obtained by measuring Sensitivity and Detection 
Error Rate (DER) based on the comparison of 
number of R peaks detected and the number of R 
peaks specified in annotation files. The performance 
of an algorithm on a standard database is not the final 
stage to be utilised in a clinical environment rather it 
provides a standard mean for comparing with other 
algorithms. 
 
The flow of sections go as, Parameters of ECG signal 
in section II, The Hilbert transform in section III, 
Results in section IV, Conclusion in section V. 
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II. PARAMETERS OF ECG SIGNAL 
 
A typical ECG tracing of a cardiac cycle, consists of 
a P wave, QRS complex, T wave, and a U wave 
which is normally visible in 50% to 75% of ECGs 
[10]. The baseline of the ECG (flat segments) 
represents the portion of the tracing that follows the T 
wave or in some cases the U wave and precedes the 
next P wave. In a normal healthy heart, the baseline 
is almost equivalent to isoelectric line. 
 

 
Figure 1: Representation of an ideal ECG signal[2], [8] 

 
The P wave and the QRS complex tell us about the 
muscular relaxations of atria and ventricles 
respectively. When ventricles expand, the blood is 
refilled into them following which T wave is 
generated. PR interval denotesthe time taken for 
electric charge to travel from SA node to AV node 
[9]. The time taken for electric charge to travel 
through the ventricles is denoted by the QRS 
complex and the total time taken by ventricles to 
recover and prepare to beat again is denoted by QT 
interval. The number of P-QRS-T sequences gives 
the heart rate of a human being. 
 

Table I: List of features used in ECG diagnosis [2 
FEATURES DESCRIPTION DURATION 
RR Interval The interval 

between peak of an 
R wave and the 
peak of the 
following R wave 
in the signal 

0.6 to 1.2s 

PR interval The interval 
between the 
startpoints of the P 
wave to the 
following start 
point of the QRS 
complex.  

120 to 
200ms 

QRS 
complex 

The interval 
between the end 
point of PR interval 
and the end point of 
S wave. It has a 
higher peak (R 

80 to 120ms 

peak) when 
compared to the P 
wave because of 
rapid depolarization 
of ventricles in the 
heart 

ST interval The interval 
between end point 
of QRS complex to 
the end point of T 
wave 

320ms 

QT interval Theinterval 
between starting 
point of the QRS 
complex to end 
point of T wave.  

Up to 420ms 
in heart rate 
of 60bpm 

 
ECG analysis gives precise information about heart 
beats of an individual. To detect exact locations of R 
peaks a wide variety of algorithms have been 
developed and among them Hilbert and Wavelet 
transforms have been proved to be optimal. In this 
paper Hilbert Transform has been chosen for 
processing of the ECG signal based on characteristics 
discussed in later sections. 
 
III. THE HILBERT TRANSFORM 
 
Given a real time function x(t), its Hilbert transform 
is defined as 

 
x(t) = H[x(t)] = ∫ x(τ)∞

∞ dτ    (1) 
 
From (1), the independent variable t is not altered 
because of the transformation, so the output x(t)is 
also a time dependent function. Moreover, x(t)is a 
linear function of x(t). x(t) is obtained from x(t) by 
convolving it with (πt)-1as shown in (2): 

 
x(t) =  ∗ x(t)     (2) 

 
Rewriting (2) and applying Fourier transform, we 
have: 
 

F{x(t)} = F F{x(t)}      (3) 
 
 

F
1
t =  

1
x

∞

∞
e dx =  −jπ sgn f 

 

Where: sgn f =
+1, f > 0
0, f = 0
−1, f < 0

 

 
F{x(t)} is Fourier transform of  Hilbert 
transformx(t). Equation (3) can be re-expressed as: 
 

F{x(t)} =  −jsgnf ∙ F{x(t)}    (4) 
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In the frequency domain, the result is obtained by 
multiplying the spectrum of x(t) with j (+90o) for 
negative frequencies and -j (-90o) for positive 
frequencies[1]. The time domain result is obtained by 
performing an inverse Fourier transform of the 
product obtained in frequency domain. 
 
   One of the properties of the Hilbert transform is 
that, it is an odd function. It also shifts the given 
function by a phase of (-90o).When Hilbert transform 
is performed on a signal, a peak is detected whenever 
a zero crossing occurs between consecutive positive 
and negative points in the original waveform. 
 

 
Figure 2: Block diagram of algorithm 

 
In the first stage, the original ECG signal requires 
Band pass filtering, achieved through cascading of 
low pass and high pass filters with frequencies 
between 5 to 12 Hz [3], in order to remove muscular 
noise and maximize the QRScomplex. In order to 
reduce the processing time, the implemented filter is 
chosen such that the poles and zeroes lie on the unit 
circle in the z-plane. The transfer function of the 
filters which are used is given below. 
 
Low pass filter transfer function: 
 

H(z) =  ( )
( )

    (5) 
 
High pass filter transfer function: 
 

H(z) =  ( )
( )

   (6) 
 
In the second stage, the output of the first stage is 
subjected to first order differentiation. In the last 
stage, Hilbert transform and thresholding is 
performed to obtain QRS complex and R peaks. 
 
Since this Hilbert transform algorithm works well 
with small signals, the entire signal is subdivided into 
windows of 1024 points. For each window first order 
differentiation and Hilbert transform is performed. 
First order differential of the resulting filtered 
windowed sequence x(n) is performed in order to 
remove motion artifacts and base line drifts [1]. The 
peak of the R wave will be equivalent to the zero 
crossing between positive and negative peaks.  
 

Figure 3: Flow Chartof determining adaptive threshold T1 
 

(HT - Hilbert Transform, Max Amp – Maximum 
Amplitude, RMS- Root Mean Square value, T1 – 
threshold1) 
 
Given the filtered ECG waveform subset sequence 
x(n), its first order differentiation, (y(t) =d/dt(ECG)), 
in discrete domain can be obtained by: 
 

y(n) =  
∆

[x(n + 1)− x(n − 1)]                 (7) 
 

For n = 0, 1, 2… m-1 
Where: m is the total number of samples 
 ∆t is the sampling frequency 
 
The Hilbert transform h(n) of the sequence y(n),that 
represents the first order differentiation of the ECG 
waveform in this subset, is then obtained using the 
following  methodology: 
 

1. Obtain the Fourier transform F(n) of the input 
sequence y(n) 

2. Set the DC component to zero Multiply the positive 
and negative harmonics by -j and j respectively 
Perform the inverse Fourier transform of this 
resulting sequence. 
 
As amplitudes of P and T are minimised in 
comparison to the maximum amplitude QRS 
Complex (R peak amplitude) in the Hilbert 
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transformed sequence, a simple peak detector with an 
adaptive threshold is used to locate the peaks in the 
h(n) sequence [1]. The threshold must be adaptive in 
order to detect the R peaks accurately. The threshold 
level is set as shown in Figure 3. 
 

 
Figure 4: Flow Chartof detection of QRS complex and 

determining threshold T2 
 

(ECG – Electrocardiogram, T2 – threshold2, T1 – 
threshold1) 
After obtaining threshold T1, the peaks in the ECG 
signal are compared with it and all amplitudes lying 
above threshold are taken as positive ECG peaks and 
all the other amplitudes are taken as negative ECG 
peaks to obtain accurate amplitudes of QRS complex. 
A second threshold T2, is set by taking minimum of 
the amplitudes of the obtained QRS complexes as 
shown in Figure 4. 
 
When two peaks in the Hilbert sequence are located 
very close to each other (less than 200 ms), only one 
of the peaks is considered as the real R peak, the 
decision is made on the basis of the amplitude of the 
peak and their position in relation to the last R peak 
located based on the inter beat length (R-R interval) 
[1]. 
 
The entire algorithm is processed in an embedded 
system which should have high processing speed and 
be able to produce an alarm preferably through a 
buzzer .This paper shows surveyed processors 
(Arduino and Raspberry Pi [5], [6], [11]) with 
adequate compatibility with the above algorithm and 
compares necessary parameters required to maintain 
speed and accuracy, as well as to reduce costs of 
production and maintenance. 

 
Figure 5: Raspberry Pi interfaced with Buzzer 

 
The following are the critical parameters for Arduino 
and Raspberry pi 

 
Table II: Comparison of Arduino and Raspberry Pi 

[5], [6], [11] 
Parameters Arduino Raspberry Pi 
Operating 

System 
- Linux 

Programmin
g Language 

C++ C, C++, Java, 
Python 

Processor ATMEGA32
8 

BCM2835(ARM1
1) 

Speed 16Mhz 700Mhz 
RAM 2KB 512MB 
USB - 2 x 2.0 

Audio - Stereo Out 
Cost $30.00 $35.00 

Power 
Consumptio

n 

42mA(0.3 
Watt) 

700mA(3.5 Watt) 

 
From the above table II, it can be inferred that 
Raspberry pi has high processing speed and audio 
synchronization, therefore it has been selected for 
ECG signal processing. In Raspberry pi, the 
algorithm described in this paper has been used to 
check for abnormality in ECG signal and a buzzer 
has been used to generate an alert when necessary. 
 
V. RESULTS 

 
The record 100 [7] obtained from MIT-BIH 
Arrhythmia database which is of 10 second duration, 
taken as an input, is normalized using sampling 
frequency of 360Hzas shown in the Figure 6. All the 
results shown are taken for a window of five seconds. 
The bandpass filtered ECG signal in which the 
muscular noise is reduced to a considerable amount is 
shown in Figure 7. 

 

 
Figure 6: Input ECG Signal 
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Figure 7: Bandpass filtered ECG signal 

 
Filtered output is divided into windows of 1024 
samples, then differentiation of each window is 
performed (a combination of all the windows as 
shown in Figure 8 and Figure 9). It can be observed 
that there has been reduction in motion artifacts, 
baseline wander, and other noise componentsas 
shown in Figure 9. Now Hilbert transform is 
performed on the resulting output sequence. This 
results in R peaks being amplified and P and T waves 
being diminished as shown in Figure 10. 
 

 
Figure 8: Post moving window 

 

 
Figure 9: ECG signal after first order differentiation 

 

 
Figure 10: Hilbert transformed ECG signal 

 

 
Figure 11: QRS complex detection in input ECG signal 

 
Threshold1 (refer Figure 3) is used to detect a well-
defined QRS complex in ECG signal as shown in the 
above plot (Figure 11). 

 
Figure 12: Detected R peaks in input ECG signal 

 
Threshold2 (as mentioned inFigure 4) is used to 
detect location of R peaks in input ECG signal which 
is shown in Figure 12. 
 
A table of 10 recordings (100, 102, 105, 118, 121, 
205, 209, 212, 219, and 223) with results based on 
comparison of algorithm output with corresponding 
annotations in MIT/BIH Arrhythmia Database [7] is 
shown below.   
 

Table III: Sensitivity and Detection of Error Rate 
Obtained 

Sample FN FP TP Sensitivity 
(%) 

DER 
(%) 

100 0 0 13 100 0 
102 1 1 11 91.66 16.67 
105 2 2 12 85.71 28.57 
118 0 0 12 100 0 
121 0 0 10 100 0 
205 0 0 16 100 0 
209 0 0 15 100 0 
212 0 0 15 100 0 
219 0 0 14 100 0 
223 0 0 13 100 0 

 
True Positive (TP) is number of peaks that are truly 
present as specified by annotation files given by 
MIT-BIH database. False Negative (FN) depicts 
number of peaks that are not detected by algorithm in 
comparison with annotation files and False Negative 
(FP) depicts number of peaks that are detected 
falsely, that is, they are not present in the files given 
by the database [1]. The below formulae, given by (8) 
and (9), are used to calculate the sensitivity and 
detection of error rate (DER) and the overall average 
of all the 10 samples is obtained as 97.73% and 
4.52% respectively 

Sensitivity (%) =   %  (8) 
 

DER (%) =  
   

   %              (9) 
. 
To check reliability of algorithm, ECG signals 
ofcardiac patients were obtained from standard MIT-
BIH database and processed in the algorithm. The 
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entire algorithm was simulated in MATLAB and later 
implemented in Raspberry Pi. 
 
CONCLUSION 
 
The paper proposes an effective way to process ECG 
signal in Raspberry Pi processor using a suitable 
algorithm while maintaining simplicity and accuracy. 
Well defined thresholding is proposed to detect R 
peak locations in the algorithm. Future work can be 
concentrated on improvingSensitivityand reducing 
Detection Error Rate of algorithm and also design 
application specific processor to improve efficiency, 
portability, and cost of production. 
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