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Abstract. Heart Rate (HR), Heart Rate Variability (HRV), and cardiac time intervals are
clinically relevant parameters, which can be assessed from the analysis of electrocardiogram
(ECG). Some aspects of cardiac activity can be investigated also by means of different non-
invasive and non-intrusive measurement methods, such as phonocardiograph (PCG),
photoplethysmograph (PPG), and vibrocardiograph (VCG). However, the standard processing
algorithms (i.e., Pan & Tompkins) do not allow to fully characterize waveforms different from
ECG. In the past, some of the authors have already demonstrated the efficiency of a novel
processing procedure for the precise HR measurement from the above-mentioned signals. In
the present work, data processing procedure has been improved and deeply extended to assess
HRYV parameters and time intervals from all the signals acquired on an extended experimental
campaign, involving 26 subjects, on whom ECG, PPG, PCG, and VCG signals were
simultaneously measured. Results prove that this approach can overcome the drawbacks of
standard algorithms and can be widely applied to signals of different nature to derive HR,
HRYV, and time intervals. As regards HR measurement, PPG proved to be the most accurate
measurement method (£1.2 bpm), followed by VCG (£1.6 bpm) and PCG (+2.5 bpm). For
HRYV analysis in the time domain, the use of the proposed methodology allows to obtain
clinically relevant parameters statistically comparable to the ECG ones. Finally, the
measurement of QT interval by applying personal calibration lines allows to obtain results
comparable to the gold standard technique, i.e., ECG (maximum percentage deviation reduced
from 10.9% up to <4.3% in VCQ).

1. Introduction

Heart Rate (HR) is a fundamental parameter to monitor a subject’s health status [1], which can be
affected by several conditions (e.g., anxiety, stress, or illness [2,3]). The automatic detection of cardiac
peaks is fundamental not only for patient monitoring, but also in the healthcare context (i.e.,
monitoring out of hospitalization conditions [4,5]). According to Kranjec et al. [6], the HR
measurement can be performed with “contact”, “fixed-in-environment”, and “non-contact” sensors
[7]. The gold standard for HR measurement is electrocardiography (ECG). However, over the years
other contact methods to monitor cardiac rhythm have been developed, such as Phonocardiography
(PCG) and Photoplethysmography (PPG), also in wearable form [8—10]. Vibrocardiography (VCQ)
[11,12] is a non-contact method, which detects the vibrations of the skin surface resulting from
vascular blood motion consequent to the electrical signal (ECG). In a standard ECG, both waves and
time intervals are well known and of acknowledged physiological relevance (e.g., QT interval, which
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represents the electrical depolarization and repolarization of ventricles [13]). More than this, several
clinically relevant parameters can be obtained from Heart Rate Variability (HRV) analysis [14]. HRV
can be seen as the natural variability of HR in response to internal or external stimuli, e.g., emotional
states, stress, and relaxation. In a healthy cardiac system, the HR responds quickly to all these factors,
so that the subjects’ psychophysical adaptability is optimized. For the extraction of these parameters
(i.e., HR, HRV, and time intervals), a dedicated algorithm is required. As regards ECG signal, the
most widely used processing technique is based on Pan & Tompkins algorithm [15]. However, this
methodology suffers from two main drawbacks: first, it allows the identification of the mere R-peak
and not of the other characteristic points in the ECG waveform (i.e., P, Q, S, and T waves); moreover,
it works only for ECG signal. For these reasons, a more robust and flexible algorithm is needed to
overcome these limitations. Several algorithms are provided in literature for the identification of
singular features in ECG signal. For example, techniques for the automatic detection and classification
of QRS complexes are presented in [16,17], whereas Hossain et al. [18] detect also P wave. The
algorithm proposed in [19] has been proved to be accurate for the identification of all the waves
typical of ECG waveform, independently from the isoelectric segment. This aspect represents an
advantage with respect to other algorithms, requiring a specific base-line correction [20]. Moreover, in
their previous work [21], the authors have demonstrated the applicability of an improved version of
this approach also to other physiological signals acquired by means of non-invasive measurement
methods (i.e., PCG, PPG, and VCG).

In this work, the algorithm performance has been assessed not only in terms of HR measurement,
but also concerning HRV parameters and cardiac time intervals. In particular, as regards HRV
analysis, the authors have focused on the evaluation of the time domain parameters [14], by means of
statistical Student’s t-tests and their graphical representations through 95% Confidence Intervals (CI).
Then, the agreement between QT time intervals computed from test signals (i.e., PPG, PCG, and
VCG) and reference signal (i.e., ECG) has been evaluated.

Different types of main features can be identified for the considered signals:

e PCG signal: first sound (S1), corresponding to the atrioventricular valves closure
(beginning of systole), and second sound (S2), related to the closure of aortic and
pulmonary valves (end of systole) [22].

e PPG signal: main peak (P1), representing the blood volume variation due to pressure pulse.

e VCG signal: V1-peak — but also other points are identifiable [21], as well for PPG.

The remainder of the paper is organized as follows: Section 2 describes the measurement setup and
the acquisition/processing techniques. The results for HR, HRV, and time intervals related analyses
are reported in Section 3. Finally, the authors provide their conclusions in Section 4.

2. Materials and methods

The experimental tests were conducted at Universita Politecnica delle Marche in compliance with the
principles outlined in the WMA declaration of Helsinki [23]. Four different measurement methods
were employed, namely Electrocardiography, Photoplethysmography, Phonocardiography, and
Vibrocardiography. All the signals were simultaneously acquired in rest conditions.

2.1. Measurement setup
A schematic view of the measurement setup is reported in Figure 1. The subject was laying supine, as
still as possible to minimize motion artifacts. The following sensors were positioned:

e 3-lead ECG (MLA2540, ADInstruments, New Zealand).

e PCG sensor (MLT201, ADInstruments, New Zealand).

e Laser Doppler vibrometer for VCG acquisition (PDV 100, Polytec GmbH, Germany).

e PPG sensor (Pulse Amped Sensor, World Famous Electronics llc., USA).

The measurement devices were connected to a 16-bit A/D acquisition board (A/D board n.1,

PowerLab 4/25, ADInstruments, New Zealand) and to a second A/D acquisition board (A/D board n.2,
NI 6008, National instruments, Texas, USA).
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Figure 1. Schematic view of the measurement setup.

The ECG electrodes were applied on the left and right wrists and on the hip bone (neutral
electrode) of the subject. The PCG microphone head was placed on the thorax in correspondence of
the heart apex and fixed with a sticking plaster to minimize movements. The VCG measurement beam
was directed in correspondence of the carotid sinus and the optical was placed on a tripod at a distance
of approximately 1 m from the subject, perpendicularly to the skin (which was treated with a hydrating
lotion, 45% zinc oxide, to maximize reflectivity and enhance signal-to-noise ratio). Finally, the PCG
transducer was positioned on the left thumb. The ECG and PCG sensors were connected to the A/D
board 1, while the PPG sensor was connected to the A/D board 2. The VCG sensor was connected to
both the boards for synchronization purposes. All the measurement signals were sampled at 1 kHz and
no further digital filters were applied on the raw signals except for the anti-aliasing filter integrated in
both the acquisition boards.

2.2. Test protocol
The test population consisted in 26 healthy subjects (10 males and 16 females, aged 23+2 years — the
demographic details are reported in Table 1), who were recruited on a voluntary basis. They were
made sign an informed consent module after the study objective and methods were clearly explained
to them. Two different types of tests were made on each subject:

e 1.4 repeated 60-s recordings.

e 1. 1 single 6-min recording (for HRV analysis).

Table 1. Participants’ demographic characteristics (data are reported as meantstandard deviation).
Age [years] Weight [kg] Height [m] BMI [kg/m?]
2342 64+13 1.71£0.08 21.86+3.09

After a settling time of approximately 60 s, necessary to let the subject relax, the acquisition was
started.

2.3. Data processing
The acquired raw signals were pre-processed to remove the DC component and noise. A 3™ order
Butterworth digital band-pass filter was applied, selecting the following cut-off frequencies:

* ECG signal: 0.8-20 Hz.

* PPG signal: 0.8-5 Hz.

*  VCG signal: 4-6 Hz.

* PCG signal: 15-25 Hz. Being the frequency content higher with respect to the other signals,
these cut-off frequencies were chosen to highlight the characteristics morphologically
comparable to the ECG ones, i.e., S1 (related to R-peak in ECG) and S2 (delayed with respect
to S1) sounds. The other sounds (i.e., S3 and S4 — with lower amplitude) cannot be detected
essentially due to the acquisition hardware. Hence, PCG signal was enveloped to extract the
features of interest [22].
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An example of the filtered ECG signal is reported in Figure 2. Then, all the signals were
normalized.
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raw data
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Figure 2. Effect of the band-pass filter (black) on the ECG raw (grey) signal, before normalization.

The first parameter extracted from each of the four signals was HR [21], expressed in beat-per-
minutes (bpm), representing the mean cardiac frequency over the 60 s observation period, as reported
in Equation (1):

HR = —— « 60 [bpm] (1)

HP [s]

where HP is the Heart Period, computed as the time interval between two consecutive periodic
features in each signal (i.e., R-peak for ECG, S1-sound for PCG, P1-peak for PPG, and V1-peak for
VCQ).

For the uncertainty estimation, the HR values measured from PCG, PPG, and VCG were compared
to the ones simultaneously measured from the ECG (gold standard), in terms of linear regression,
Pearson’s correlation coefficient, and R? value.

As a second parameter, the time duration of each cardiac event (measured in ms) was calculated for
HRV analysis in time domain. Hence, the tachogram (i.e., the sequence of all the time intervals
between two consecutive main features) was computed for each of the four sensors [24] and different
HRV statistics parameters were calculated [21,25,26] (Figure 3):

*  RRmax: maximum cardiac period [ms].

* RRavg: mean cardiac period [ms].

*  RRmin: minimum cardiac period [ms].

* STD: standard deviation of the time intervals between the main peaks [ms].

*  NNS50: number of consecutive time intervals with a difference greater than 50 ms.

*  pNNS5O0: percentage of the NN50 on the total amount of the time intervals [%].

*  RMSSD: root mean square of the time intervals between the main peaks [ms].

Also, the Poincaré plot [30] was used to analyse the HRV in the time domain. It reports each time
interval versus the previous one. The indices calculable from Poincaré plot (Figure 4) are the
following ones [27,28]:

* SDI: standard deviation of the samples along the minor axis of the plot [ms].

» SD2: standard deviation of the samples along the major axis of the plot [ms].
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* SDI2: ratio of SD1 against SD2.
* SDRR: standard deviation of Heart Period (HP) [ms].
+  S:area of the ellipse fitting the points [ms”].
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Figure 3. Example of tachogram, obtained from the proposed method applied to the ECG signal.
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Figure 4. Example of Poincaré plot, obtained from the proposed method applied to the ECG signal.

All the parameters listed above were compared between test signals (PCG, VCG, and PPG) and
reference signal (i.e., ECG). The results were discussed in terms of 95% Confidence Interval (CI).

Moreover, other relevant cardiac features were measured in the different types of signals, in order
to evaluate their correlation to the QT interval; in particular, the authors considered four time intervals
in PCG signal, three in VCG, and one in PCG, as it will be described in detail in the next section.
Finally, the Bland-Altman plot-based analysis [29] was performed.

3. Results
The data analyses covered the following aspects:
* Computation of HR, from the different types of signals (i.e., ECG, PCG, PPG, and VCG) and
evaluation of measurement accuracy with respect to reference data (i.e., ECG).
*  Measurement of HRV time domain parameters and comparison with reference data.
* Identification of characteristic points and measurement of the QT related time intervals from
PPG and VCG signals and comparison with reference data.
Results and considerations regarding these items are reported below.
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3.1. Heart rate assessment
The performance of the adopted approach was demonstrated to be comparable to traditional algorithm
(i.e., Pan & Tompkins) [20]. The mean values of HR, computed for the PPG, PCG, and VCG signals
for each subject, together with their percentage deviation with respect to the gold standard (i.e., ECG
derived HR), are reported in Table 2. The HR measurement is accurate for all the considered sensors,
since the percentage deviation is always <0.30%. The maximum deviation is 4.29 bpm (i.e., 4.74%)
obtained for PCG (subject 3). Considering the mean performance values, the minimum percentage
deviation is achieved for VCG (-0.11%); similarly, for PCG the mean percentage deviation is 0.14%
(hence, similar in absolute terms).

Then, the uncertainty was estimated comparing the tachograms heartbeat per heartbeat. In
particular, the percentage deviation was computed as the ratio of the HR difference between test (i.e.,
PPG, PCG, and VCG) and reference (i.e., ECG) signals.

Table 2. HR [bpm] computation from different sensors and percentage deviation (¢ (%)) with

respect to gold standard (ECG).

Subject HR (ECG) HR (PPG) Dev.(%) HR(PCG) Dev.(%) HR (VCG) Dev. (%)

1 53.95 54.18 0.41 53.03 -1.71 53.60 -0.53
2 63.34 63.25 -0.14 63.32 -0.03 63.31 -0.05
3 90.56 90.53 -0.03 86.27 -4.74 90.53 -0.03
4 70.85 70.85 -0.01 70.66 -0.28 70.73 -0.18
5 62.50 62.50 -0.01 62.48 -0.04 63.06 0.87
6 68.40 68.67 0.39 69.28 1.28 67.93 -0.68
7 61.71 62.27 0.89 60.97 -1.21 61.74 0.05
8 64.98 64.76 -0.36 64.26 -1.11 64.27 -1.11
9 70.74 70.81 0.10 70 -1.05 70.29 0.34
10 80.64 80.68 0.05 80.65 0.01 80.30 -0.36
11 70.23 70.24 0.02 70.19 -0.05 70.05 -0.26
12 66.10 66.09 -0.01 66.14 0.07 66.28 0.27
13 59.98 59.91 -0.12 59.96 -0.03 59.90 -0.13
14 90.13 90.16 0.03 90.64 0.57 89.84 -0.32
15 56.75 56.80 0.08 57.1 0.61 56.75 0.03
16 77.59 77.61 0.03 77.12 -0.61 77.31 -0.36
17 72.87 73.94 1.50 72.91 0.05 72.67 -0.27
18 88.92 88.96 0.05 91.43 2.83 89.18 0.30
19 73.06 73.02 -0.06 72.97 -0.12 73.39 0.46
20 57.88 57.86 -0.04 57.9 0.04 57.68 -0.34
21 67.03 67.20 0.26 66.36 -1.00 67.08 0.07
22 85.34 85.40 0.07 85.39 0.06 84.68 -0.75
23 75.68 75.67 -0.02 75.67 -0.02 75.80 0.16
24 77.07 77.06 -0.02 77.02 -0.07 77.68 0.83
25 72.22 72.64 0.59 71.67 -0.76 71.62 0.18
26 66.65 66.66 0.03 66.37 -0.42 67.53 1.34
Mean 0.14 -0.30 -0.11

The correlation between test and reference signals, as well as the statistics of the measurement
differences (i.e., residuals), are reported in Table 3. Sensitivity and bias were obtained as the angular
coefficient (i.e., slope) and the y-axis intercept of the interpolating curve (i.e., calibration line). The
strength of the correlation was assessed through R* and Pearson’s correlation coefficient. Finally, after
the calibration procedure (an example is reported in Figure 5), the authors evaluated the measurement
uncertainty [30] (in bpm) through the analysis of measurement differences (e.g., the normalized



AIVELA-2023 IOP Publishing
Journal of Physics: Conference Series 2698 (2024) 012026  doi:10.1088/1742-6596/2698/1/012026

residuals distribution for PPG sensor is reported in Figure 6, proving that the measured data are
Gaussian). Also, the expanded uncertainty (coverage factor k=2) was computed. It is possible to
observe that PPG is the most accurate measurement method, quickly followed by VCG. It is important
to note that PPG is a contact measurement method, suffering from movement artefacts, whereas VCG
is operated without any contact with the subject (measurement distance of approximately 1 m),
representing an advantage in certain operating conditions.

100+
90
£
g,
= 80r
o
(=™
[a Y
g 701
2
L=
£ 60
50r
- Measurements
— Calibration curve

4%0 50 60 70 80 90 100
HR from ECG [bpm] (Reference)

Figure 5. Measurements (black points) and calibration curve (red line) between HR computed from
PPG and ECG signals, respectively.
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Figure 6. PPG signal: distribution of the residuals for HR.

Table 3. Correlation and residuals relative to PCG, PPG and VCG sensors (Sens., sensitivity of the
calibration curve or angular coefficient; mean dev., mean deviation; 2*c, expanded uncertainty).

Sensor Sens. Bias [bpm] Pearson R? Mean dev. [bpm] 2*c [bpm]
PCG 0.998 0.382 0.992 98.4 <0.01 2.5
PPG 1.002 -0.128 0.998 99.7 <0.01 1.2
VCG 1.003 -0.158 0.997 99.4 <0.01 1.6

3.2. Heart rate variability
HRYV analysis has been conducted in the time domain for PPG and VCG signals.

The mean values and the 95% CI [31] for each parameter derived from the tachogram (i.e., RRmax,
RRavg, RRmin, STD, NN50, pNN50) are reported in Figure 7 and Figure 8 for PPG and VCG signals,
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respectively. Similarly, the parameters derived from Poincaré plot are reported in Figure 9 and Figure
10 for PPG and VCG signals, respectively. The use of the interpolating lines (reported in Table 3)
allows us to remove the bias and to obtain more accurate results (no statistical differences reported for
the calibrated data), both for PPG and VCG sensors. This suggests that other useful parameters can be
provided by physiological waveforms different from ECG to describe the overall health status of a
subject.
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Figure 7. Confidence intervals for HRV parameters (tachogram) extracted from PPG signals.
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Figure 8. Confidence intervals for HRV parameters (tachogram) extracted from VCG signals.
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Figure 9. Confidence intervals for HRV parameters (Poincaré plot) extracted from PPG signals.
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Figure 10. Confidence intervals for HRV parameters (Poincaré plot) extracted from VCG signals.

3.3. Identification of signals characteristic points and measurement of QT related time intervals

The analysis of the ECG waveform by the proposed algorithm [26] allowed us to precisely identify all
the typical ECG features (i.e., P, Q, R, S, T points, duration of QRS complex, and offset of T-wave —
see Figure 11). Therefore, is possible to identify the time intervals of ECG trace and to verify the
possibility to measure the same time intervals also from the other sensors.

With regard to PCG signal, the physiological significance of S1 and S2 sounds is well
acknowledged [22]; in fact, they are related to the closure of mitral and tricuspid valves at the start of
systole (S1) and to the closure of the aortic and pulmonic valves at the end of systole (52). With the
proposed signal processing method [21], it was possible to clearly identify both the two sounds in the
measured signal (Figure 12).

; ‘
pl /] / / A /
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Figure 11. ECG signal with characteristic waveform points.
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Figure 12. PCG signal (normalized) with the identification of the S1 and S2 sounds.

VCG and PPG are mechanical-related signals and the significance of their morphology has not been
ascertained yet, even if their stationarity are confirmed [32—34]. Consequently, the authors computed
several intervals by identifying all the peaks characterizing PPG and VCG waveforms and evaluate the
possible correlation with the ECG derived QT interval. Figures 13 and 14 show the located points for
PPG (i.e., P1, P2, P3, P4, and P5) and VCG (i.e., V1, V2, V3, V4, and V5) signals, respectively, and
the considered time intervals. Hence, the measurement differences between these intervals and the QT
interval from ECG were evaluated; in particular, the authors considered the following time intervals
(see Table 4):

* S2S1 for PCG.

» P3P1, P4P1, P3P0, and P4P2 for PPG.

e V2VI1 and V2V3 for VCG.

The differences with respect to QT were computed to obtain the bias as their mean value. Hence,
the standard deviation of residuals was computed to estimate the measurement uncertainty. The
percentage uncertainty was obtained dividing the standard deviation of the residuals by the reference
value and multiplying the results by 100.
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Figure 13. normalized PPG signal with identified peaks and related time intervals (P3P1).
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Figure 14. Normalized VCG signal with identified peaks and related time intervals (V2V1).

As it can be observed in Table 4, the uncertainties of S2S1, P3P1, and V2V1 intervals with respect
to the reference QT cannot be disregarded. This aspect deserves to be further investigated to evaluate
the possibility of determining such an important cardiac parameter from minimally intrusive
measurement methods (PPG and PCQ), as well as from a fully non-contact method, i.e., VCG.

Table 4. Average offset and final uncertainty related to PCG, PPG, and VCG sensors in QT-related
features (QT value from ECG = 466+77 ms, reported as mean+1.96*standard deviation).

Feature Mean Bias [ms] Uncertainty [%]
S281 -89.8 +10.9
P3P1 -127.4 +16.8
P4P1 34.7 +22.7
P3P0 46.2 +24.5
P4P2 -144.5 +42.4
V2vi -250.1 +10.9
V2Vv3 -74.8 +14.3
V2V4 -165.0 +11.9

Differently from the HR computation, several issues occurring during acquisition and processing of
the signals affect the overall quality of this type of analysis. In fact, the inter-subject variability plays a
fundamental role: physical constitution (e.g., fat tissue concentration), peripheral blood circulation,
presence of nail polish, laser spot positioning, filtering methods, and other test procedure related
matters modify the acquired pattern of PCG, PPG, and VCG signals. Each subject’s signals present a
different calibration curve, so that it is not possible to obtain a relationship valid for the whole
population. The uncertainty can be reduced by computing a personal calibration curve, rather than one
for all subjects. Sensitivity (m) and bias (b) parameters of the calibration lines for subjects 1, 2, and 3
are reported in Table 5 together with percentage expanded uncertainty (k=2) related to the QT
assessment from VCG using personal calibration lines applied to V2V 1 intervals data.

Table 5. Calibration curves between V2V 1 and QT on three subjects.

Subject m b [ms] Uncertainty [%]

1 048 -272 +2.6
2 1.13  -524 +2.2
3 0.15  -99 +4.3
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In this way, the uncertainty is significantly reduced (< +4.3%). In figure 15, the Bland-Altman plot
related to subject 1 is reported.

10
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Figure 15. Bland-Altman plot: measure of QT interval by V2V 1 interval (subject 1).

4. Conclusions

The algorithm proposed in [19] is able to accurately identify the main reference points in ECG
waveform, with performances comparable to traditional algorithm (i.e., P&T [15]). In [21], the use of
the algorithm was extended to other measurement methods (i.e., PPG, PCG, and VCG). In the present
work, the analysis of the data gathered in an extended measurement campaign (test population of 26
subjects) demonstrated the algorithm robustness not only for HR measurement, but also for HRV
analysis and waveform time intervals.

Regarding the measurement of HR, results show measurement differences of +£2.5 bpm, £1.2 bpm,
and £1.6 bpm for PCG, PPG, and VCG sensors with respect to ECG (i.e., gold standard). Concerning
HRYV, the analysis was focused on the possibility to use PPG (contact sensor) and VCG (contactless
technique) signals to operate. The authors have applied the Student’s t-test and reported its graphical
representation through 95% CI to underline possible statistically differences between HRV parameters
computed from PPG/VCG (i.e., test signals) with respect to the gold standard (i.e., ECQG). The bias,
whenever present, can be removed through appropriate calibration coefficients. The 95% CI computed
for all the considered measurement methods after the calibration and adjustment procedures do not
present statistical differences with respect to the standard technique, hence the results can be
considered accurate. This suggests that the adopted processing procedure can be applied also to such
measurement methods to assess physiological information of clinical relevance other than HR.

Finally, the authors investigated the agreement between QT (computed from ECG) and other time
intervals from the other considered sensors. At first, each waveform was characterized according to its
morphology. As regards PCG, S1 and S2 (with acknowledged clinical significance) were considered;
for both PPG and VCG, five points were identified. Among different measured time intervals, those
which provided a better agreement with QT were S2S1 interval for PCG (uncertainty <+10.9%), P3P1
interval for PPG (uncertainty < £16.8%), and V2V1 interval for VCG (uncertainty < £10.9%). These
results were obtained on the whole population, using a single calibration line, but many issues (e.g.,
physical constitution, peripheral blood circulation, presence of nail polish, laser spot positioning, and
filtering method) undoubtedly affect them. In fact, if a personal calibration line is used, uncertainty
can be reduced (< £4.3%). This would make it possible to obtain a valid measure of a time interval in
agreement with the reference QT also by means of a non-contact method (i.e., VCG).

In conclusion, the proposed measurement procedure, adequately fine-tuned for the subject under
test, can be applied to signals of different nature to extract a lot of useful information, also indirectly
(e.g., the respiration rate).
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Future works could be focused on the identification of a standardized acquisition procedure, to
minimize the effects of possible artifacts. In particular, for VCG signal the integration of a thermal
camera in the test setup could be used to accurately identify the optimum laser spot location above a
blood vessel.

Moreover, the adopted data processing approach could be successfully integrated in real-time
systems, such as ECG analyzers [35]. Furthermore, the capability of this algorithm to accurately
extract relevant features could support existent techniques in the field of biometrics and person
identification by means of ECG signals analysis [36,37].
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