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Abstract

Blood pressure (BP) and the electrocardiographic (ECG) signal, or electrical signal of the heart, are physical measurements
that provide insight into the behavior of the cardiac system. This paper presents a novel methodology, where for the first time
the relationship between BP and ECG signal is shown. Initially, to perform this study, a signal sampling of ECG signals was
performed on 20 patients: eighteen healthy, between 17 and 26 years old, and two with normal BP between 50 and 78 years
old. Powerlab equipment was used to record the ECG signal, with electrodes used to capture the heart signal through the lead.
Once the signal samples were obtained, the R and T waves in particular were studied with the aim of reading the systolic and
diastolic blood pressure separately.

In order to obtain the BP with the ECG signals, we used a wavelet transform to identify the R waves and T waves, and then
to perform segmentation on the signal and extract the systole and diastole portions from the original signal. Following this
procedure, neural networks were applied in order to have a system with systolic and diastolic pressure values based on the
ECG signals. This application led to a total success rate of 97.305% for systole and 95.65% for diastole.

In conclusion, this article can be said to demonstrate the existence of a relationship between BP and ECG signals.
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Resumen

La presion arterial (PA) y la sefial electrocardiografica (SECG) o la sefial eléctrica del corazdn, son mediciones fisicas que
permiten conocer el comportamiento del sistema cardiaco. Este trabajo, presenta una metodologia novedosa, donde por
primera vez se muestra la relacion entre PA y SECG. Inicialmente, para poder realizar este estudio, se realiz6 la toma de
muestra de sefiales SECG, a 20 pacientes, 18 sanos entre los 17 y 26 afios y 2 pacientes con PA anormal entre 50 y 78 afio,
para el registro de la SECG se utiliz6 el equipo powerlab, donde se usaron electrodos para capturar la sefial del corazon a
través de la derivacion DI, una vez obtenidas las muestras de las sefiales, se estudid en espacial las ondas R y las ondas T,
con el fin de tener caracterizada la presion arterial sistélica y diast6lica separadamente.

Para poder obtener la PA a través de las sefiales SECG, usamos transformada wavelet para identificar las ondas R y las ondas
T, para luego realizar una segmentacion a la sefial y extraer las porciones de sistole y diastole de la sefial original.
Seguidamente a este procedimiento se aplico a redes neuronales con el fin de tener un sistema que diera valores de presion
sistolica y diastélica basados en las SECG. Una vez aplicada a las redes neuronales, se logro un porcentaje total de acierto
de 97,305 para sistole y de 95,65 para diastole. Finalmente, se puede decir que este articulo muestra que existe una relacion
entre PAy SECG
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1. Introduction

Blood pressure is one of the physiological variables which,
at present, most concerns experts in the field of health, and
all the more so due to the lack of an alternative to the usual
method — the sphygmomanometer. Determining blood
pressure (BP) with other means, such as heart signals, would
mean digitizing said parameter and guaranteeing precision
in the sample, at the moment that health personnel require
the blood pressure measurement, without having contact
with the patient.

It is important to mention that the BP indicates the force with
which blood is driven through the heart. This is divided into
two sections — systole and diastole. Systole, or contraction,
is the phase in which the blood contained in the atrium or
ventricle is ejected, and diastole, or relaxation, is the phase
in which the atrium or ventricle fill with blood.

On the other hand, the ECG signal represents the electrical
activity of heart cells. This impulse causes the rhythmic
contraction of the heart, where the electrical performance of
the heart is represented by beats. Theoretically we can infer
a relationship, since in the ECG we can identify the systole,
starting from the peak of the R wave to peak of the T wave,
and the diastole, starting from the peak of the T wave to the
peak of the R wave. These two vectors can be identified in
the ECG signal because each begins in a different zone.

This subject has been studied by various researchers, and
multiple studies have developed tools for studying these
physiological signals [1] [2] [3] [4] [5] Our study’s
contribution is the revelation of a clear relationship between
BP and ECG signal [6] [7] [8] [9]. The difference between
our work and other studies is that we relate the two via
signals processing.

Among the most important studies is "Using the heart
harmonics in the oscillometry to extract the blood pressure.”
This study managed to find the first relationship, since it
investigated the possibility of extracting the systolic and
diastolic pressure of the heart with the heart’s fundamental
frequencies and harmonics. They present an algorithm for
obtaining the systolic and diastolic pressure of blood
pressure in cardiac systems, whose harmonics work with the
same accuracy as commercial devices [10].

In recent years, information and medicine have come
together, giving birth to telemedicine and causing major
changes and important contributions in the area of health, all
of which enable us to offer patients better conditions and
lifestyles [11].

To carry out our study, the ECG signal was acquired by
means of physical acquisition circuits or specialized
equipment such as Powerlab, Once this signal is obtained,
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processing is applied to it by the wavelet transform.
Segmentation is performed on the signal, extracting the
systolic and diastolic components from the ECG signal. A
database is created, and then this information is entered into
a system of artificial neural networks (ANNSs) that
parameterize the signal. In the end, we have a visualization
of the blood pressure of our patient.

The idea of this study arises because BP is currently found
to be among the major sources of demand for health services
in the adult population, requiring the patient to have their
pressure constantly monitored and thereby causing great
patient congestion in health centers while they wait for their
pressure to be taken.

This study may also in the future allow for the constant

monitoring of BP so that the patient can keep track of their
BP every so often.

2. Methodology

The methodology consists of 5 stages. A diagram of this
methodology is shown in Figure 1 below:

Acquisition of [
the signals
N
Signal Processing

Wavelet Segmentation
transform
HOPIE VSRS 3 | m .

Figure 1. Diagram of the methodology developed in the
project.

Each stage is explained below.

2.1. Acquisition of the ECG signal

At this stage the acquisition of the electrocardiographic
signal is performed via Powerlab, a data acquisition system
consisting of both hardware and software. It is commonly
used in human physiology to record and analyze signals.

2.2. Database

In this project, the database will consist of age, sex,
manually-taken blood pressure, and ECG signals, the latter
being the basis for this entire study.

The study involved six healthy men, all students, and six
women, of which two were

two were elderly with impaired blood pressure and four were
students with no blood pressure problems. The age of the
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students ranged from 17 to 26 years old while the age of the
two elderly subjects ranged from 50 to 78 years old. The
sampling was performed both sitting up and lying down.
This was done in order to analyze whether the ECG signal
varies according to the way in which the sample is taken —
after the analysis it was determined that in fact the position
has no effect on the variation of the ECG signal.

2.3. Processing

The processing and segmentation of ECG signals, to extract
the portions of the signal which indicate systole and diastole,
are performed with wavelet transforms.

The mathematical representation of the discrete wavelet
transform is defined in Equation 1, [12] [13].

() =%k X;Cj, ke(t) +
Yk Xj ), kp(t) (1)

The aim of the processing in this case was to identify the
peaks of the R waves and T waves. A wavelet transform was
used to perform this identification, since it analyzes the
signal in time and can characterize its frequency.

In this case, the detail components and discrete wavelet
transform were selected. To select the wavelet families,
different wavelets underwent testing until the appropriate
one was determined. In our case, we chose the ‘syml’
wavelet, to detect the maximum amplitude of the R wave,
and a ‘sym7’ wavelet, to detect the maximum amplitude of
the T wave.

Once the peaks of the R and T waves are identified, the
segments containing the information thereof are extracted.
In an ECG signal, the systole is identified from half of the
maximum amplitude of the R wave (red) until the maximum
amplitude of the T wave (green), and the diastole from half
of the maximum amplitude of the T wave until half of the
maximum amplitude of the following R wave. This can be
seen in Figure 2.
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Figure 2. Original ECG signal, displaying systole period
and diastole period

2.4. Neural Networks

The objective of the application of neural networks is to
characterize the portions of systole and diastole extracted
from the ECG signal. Figure 3 shows a probabilistic neural
network. It consists of multiple inputs, the hidden layer that
is responsible for performing the process internally, and the
output layers that display the result [14] [15] [16]
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Figure 3. Multilayer Artificial Neural Network with n
input neurons, m neurons in the hidden layer, and one
output neuron

The input neurons are scaled by multiplier weight, and these
inputs are weighted and then summed, as described in
Equation 2.

X= Z{il(wixi) @

Where X is the signal input, W is the multiplier weight, i is
the channel input, and N is the total number of entries.

Neural networks were used to perform training and
classification for this study. Two neural networks (ANNS)
were used, one for systole and the other for diastole.

In the training of the two ANNS, we used the systole portions
of the ECG signal and the actual systolic pressure
measurements of each patient for the systole network, and
the diastole portions of the ECG signal and the actual
diastolic pressure measurements of each patient for the
diastole network.

Once the ANN was trained, we proceeded to validate the
system. The validation was performed with portions of
systole and diastole that were not used in training and
portions of systolic and diastolic signals of patients that were
not used in the training. The obtained results were intriguing
because they showed that a relationship does indeed exist
between BP and ECG signal — even though it has not yet
been determined where or what the relationship is.
Nonetheless, it does effectively exist.
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3. Results

The results corroborate the remarks made in previous
sections. A number of tests were performed for the
acquisition of a good ECG signal. The signals showed
variations due to computer interference and patient
movement.

Once the signals were acquired, wavelets were selected.
Figure 4 shows the location of the R wave, identified by red
asterisks, and the T wave, identified by purple asterisks.
Notice how the indicators of the R wave and T wave are
positioned correctly. We designed an algorithm for the
location correction of R waves and T waves.

100 200 300 300
Samples

Figure 4. ECG signal processed with wavelet transform,
with the corrected positions of the R wave and T wave

The mathematical formulas used to design the algorithm for
the location correction of R waves and T waves are shown
in Table 1.

Table 1. Mathematical formula of the algorithm designed
for the location correction of R waves and T waves

If the location of the asterisk is If the location of the asterisk is
on the right side

on the left side

4 4
p=z Z (X(K) < X(n P=Z Z (X() < X(n
k=0 ni1=1 k=0 ni=1
+n1)) —n1))

» If meets > If meets

k=n1* k=n1

X (0) =X(n+1) X (0) =X(n-1)
»  If not meets » If not meets

n=n n=n

Once the R waves and T waves are correctly identified, the
segmentation and extraction of the systolic and diastolic
segments follow. Figures 5 and 6 show all the systolic and
diastolic segments from the ECG signal of a patient. In this
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case, each signal has 50 systolic segments and 50 diastolic
segments.

x 104

Samples

Figure 5. Systolic segments from the ECG signal of a
patient

x 104
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Figure 6. Diastolic segments from the ECG signal of a
patient

The results of the ANN coaching and classification were
essential for corroborating the existence of a relationship
between BP and ECG signal.

To determine the efficiency of the system, the error rate is
determined using Equation 3

ANN Value -Measured value
ANN Value

% Error =( )*100% ©)
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Table 2. % Error for systole

Measured Value ANN Value % Error
11 146 ,23
112 146 0,23
94 146 0,35
93 146 0,36
138 146 0,540
136 146 0,068
146 101 -0,44
149 146 -0,020
118 146 0,19
104 101 -0,029
108 101 -0,06
104 101 -0,02
104 101 -0,02
105 101 -0,03
104 101 -0,02
92 101 0,08
107 146 0,26
105 146 0,28
100 101 0,003
102 101 0,003
107 101 -0,05
116 146 0,20
102 146 0,30
103 146 0,29
Total error rate for systole 2,695

Table 3. % Error for Diastole

Measured Value ANN RNA % Error

79 100 0,21
74 100 0,26
64 100 0,36
67 100 0,33
86 100 0,14
88 100 0,12
100 74 -0,35
102 100 -0,02
78 100 0,22
68 74 0,08
65 74 0,12
64 74 0,13
58 74 0,21
61 74 0,17
59 74 0,20
52 74 0,29
66 100 0,34
60 100 0,4
62 74 0,16
74 74 0
67 74 0,09
83 100 0,17
67 100 0,33
61 100 0,39
Total error rate for Diastole 4,35

With the error rate obtained, it was determined that this
methodology opens up a new way of measuring BP. That
said, there is no denying that there are minor errors. This
thus represents a starting point for improving upon these
results. The averages of error obtained were 2.695% for
systole and 4.35% for diastole, taking into account that there
are no bibliographical references on the subject at this time
with which to make comparisons.

Within these error rates, cases of false positives were found
(see Table 1 and Table 2) — in other words, patients who are
healthy and are shown to be ill — as well as cases of false
negatives — patients who are ill and shown to be healthy.
These system errors should be ameliorated in the future.

4. Conclusions

This system of recording, measuring, and visualizing is a
useful alternative for taking blood pressure. In the future it
will allow for the constant monitoring of blood pressure, on
the part of the patient as well as medical centers. So if, for
example, Intensive Care Units (ICUs) had a system of ECG
signal acquisition, they could automatically measure blood
pressure and achieve the simultaneous multi-monitoring of
all patients in real time.

At the moment, we intend to display this data on mobile
systems, since it would be very exciting to monitor this
variable on such devices. It is important to mention that at
present we are at work on a broad database for measuring
the BP of newborns, infants, adolescents, adults, and seniors,
ensuring that the system is error-free or at least has the
lowest possible rate of errors.

For the acquisition of a good signal in PowerLab, it is
important to ensure that patients make a minimum amount
of movement while the signal is being obtained and to avoid
all interference to obtain a clean, noise-free signal. Once the
ECG signal is obtained, the R waves and T waves are
identified. It is important at this point to make an appropriate
mother wavelet selection. This is done through tests to
ensure the exact position of the waves, and thus to extract
the systolic and diastolic segments from the ECG signal
without any problems. Once the system generates the BP
values, they are compared with the values from our database
— in this way, we validate the BP values generated by the
neural network.

With the use of neural networks, the existence of a
relationship between ECG signals and blood pressure is
demonstrated. More in-depth study is required to determine
the exact point of the ECG signal in which the patient’s
blood pressure can be determined.

With an interface developed for mobile viewing, a practical
tool of easy use and — being designed for the Android
operating system — of easy access, can be offered.
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