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Abstract

Reliable detection of the R wave in an Electrocardiogram (ECG) signal is a crucial step for further heart rate
variability (HRV) analysis, biometric recognition techniques, and additional ECG waveform feature extraction. Here,
the ECG signals were acquired using the FieldWiz device and a Wearable connected T-shirt in dynamic conditions.
The influence of different acquisition setups was estimated, concerning the materials used, hardware, and type of
activities.

Several common QRS algorithms were evaluated in a private FieldWiz and Physionet Databases. A novel real-
time and low-complexity R wave detection algorithm was presented. The proposed algorithm was designed, optimized
and evaluated in a private annotated database, Nsub jects = 5. The combined acquisition setup and presented ap-
proach resulted in R-peak detection Sensitivity (Se) of 99.77% and Positive Predictive Value (PPV) of 99.18% in
the FieldWiz Database, comparable to the evaluated state of the art QRS detectors. In the Physionet Databases,
the results revealed to be highly influenced by the QRS waveform, achieving for MIT-BIH (MITDB) a median PPV
of 99.79% and median Se of 99.52%, with an overall reduced PPV of 98.35% and Se of 97.62%. The evaluated
method can be implemented in wearable systems for cardiovascular tracking devices in dynamic use cases with good
quality ECG signals, achieving comparable results to the state of the art methods. Artefact correction algorithms were
evaluated, together with their influence on the HRV metrics.

The detection of R waves from ECG acquired in dynamic contexts showed encouraging results when using a
combination of FieldWiz and a Wearable connected T-shirt. Improvements in the signal processing techniques must
be conducted, alongside artefact correction from the signal acquisition stage. This work lays the foundations for
exploring topics such as sympathovagal modulation from the RR-intervals in dynamic and rigorous environments
using wearable devices, in particular, the FieldWiz.
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1. Introduction

Recently, wearable devices and big data have revolution-
ized the concepts of health care, sports and lifestyle. The
ubiquity of connected devices, together with improve-
ments in data transfer and management, have trans-
formed the interactions between users and healthcare
providers, likewise, the training plans and feedback be-
tween coaches and athletes. Amongst the different
physiological signals, the electrocardiogram (ECG) is the
most extensively studied.

In sports, the most commonly used metric is the heart
rate (HR). While other features, such as heart rate vari-
ability (HRV), are often overlooked. These HRV metrics
derive from the study of the time differences between
consecutive heartbeats, also known as RR-intervals.
They have been receiving increased attention and corre-
lations have been made between HRV and emotion [14],
stress-management [26], or as a discriminator for pa-
tients with psychological disorders [10].

Widely established correlations between training load

and HR(V) have been used for train planning [21] and,
more recently, HR(V) based training has even shown in-
creased performance in road cyclists [11]. Recent stud-
ies have also focused on correlations between HR(V)
metrics and emotional intelligence, used as a metric to
understand how athletes cope with in-game stress [13].
A recent in-depth review [3] has stated that contradic-
tory findings in HRV studies are likely to be related to
methodological inconsistencies or misinterpretations of
the data, rather than a limitation of heart rate measures
as a proxy to inform on the subject physiological status.

The use of HR(V) metrics is relevant in two distinct
groups, individual and collective sports. In individual
sports, an HRV index should be measured at least 3
to 4 times a week. Besides, HR should be measured
weekly, one time during exercise and one time during re-
covery. On the other hand, HR(V) based training is still
limited to team sports. Limitations from HR(V) include:
1) HR measures cannot inform on all aspects of well-
ness, fatigue and performance; 2) Lack of understanding
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between HR and neuromuscular/metabolic/physiological
mechanisms and 3) HR measurements are usually taken
using chest straps, which are more uncomfortable to
players than regular vests. Currently, the gold standard
for HR(V) monitoring in the context of sports is still the
traditional chest straps with the widely used Pan and
Tompkins [11]. These are more uncomfortable when
compared to wearable vests and cannot be used in cer-
tain scenarios (e.g. FIFA regulated games). Other wear-
able devices such as connected T-shirts have also been
proposed, however, these are still not considered reliable
for HR monitoring.

Ultimately, the research goal of this work was to as-
sess the feasibility of implementing a real-time R-peak
detector, robust in noisy environments, capable of cop-
ing with fast changes in HR. As well as, evaluate the reli-
ability of the measurements. Which, in turn, can be used
to further study the relations between HRV, psychophys-
iological states, emotional stress and fatigue.

2. Background

The practical real-time detection of the QRS complex
was introduced by Pan and Tompkins [12]. Since
then, several algorithms for QRS complex detection
have been proposed. Generally, these consist of a
pre-processing step for QRS enhancement, followed
by a decision stage. Enhancement may be achieved
through amplitude-based methods, derivative, digital fil-
ters, empirical mode decomposition (EMD) or Wavelet
Transform. Subsequently, detection can make use of
threshold-based methods, neural networks or matched
filters [5]. Some of these methods are either computa-
tionally expensive, hence not suitable for real-time appli-
cations, or computationally demanding to use in embed-
ded systems. Thus, some of the most common real-time
QRS complex detectors also used in this study were Pan
and Tompkins [19], Christov [4], Gamboa [8] Elgendi [6],
Engelse and Zeelenberg [18] and Kalidas [12]. In the
context of wearable devices, these include baseline wan-
der, sudden drift and loss of contact due to movement of
the electrodes [1]. A recent review [5] pointed out that
derivative filters for QRS complex enhancement, com-
bined with adaptive threshold, are still the most simple,
computationally efficient yet reliable approach. These
are consistent with findings in [16], where derivative-
based detectors had similar high F1 scores amongst
ECG with reasonable to good signal quality. Neverthe-
less, if one wants to study HRV, the R-peak detectors
should be carefully selected, as recommended in [20].
In this study, from different approaches examined, only
the approach by Engelse and Zeelenberg modified and
Stationary Wavelet Transform (SWT) based for noise re-
moval by Kalidas achieved accurate R-peak detection.
These either exploited local search for the R-peak or
used wavelet decomposition for noise removal, preserv-
ing the QRS complex waveform.

Limitations of the Engelse and Zeelenberg are the

lack of robustness to noise, varying heart rate and R-
peak amplitude changes. Also, this method is not suit-
able for ECG signals with inverted polarity. Contrarily,
the noise removal based on stationary wavelet trans-
forms implemented in real-time yields promising results
for quasi-real time applications with the noise removal
and thresholds being applied in 3 second ECG buffers.
This method requires a learning stage, the initial 10 sec-
onds, where the signal is assumed to be clean or the
performance will be affected. In commercially available
software, the R-peak is usually extracted using adap-
tations of the Pan-Tompkins with local search for max-
imum, once the QRS complex is detected. Neverthe-
less, a modification of Pan-Tompkins with local R-peak
search has a complex implementation and may not be
suitable in cases where resources and memory alloca-
tion are limited.

3. Methodology
3.1. Acquisition System
The quality of the acquired ECG signals was evaluated
through a preliminary study using different acquisition
setups. Different configurations used were a combina-
tion of 1) Wiz connected T-shirt, Version 1 with Field-
Wiz; 2) Wiz connected T-shirt with Version 2 and Field-
Wiz and 3) Admos Live with gel electrodes. Both de-
vices, connected T-shirts and electrode placement are
illustrated in Figure 1.

The electrode pads from the T-shirt Version 1, shown
in Figure 1a) were placed in the chest, under the pec-
toral muscles. While the electrode pads, when using the
T-shirt Version 2, shown in Figure 1b) rested in a lateral
position. Improvements from the later version of the T-
shirt in comparison to Version 1 are the different conduc-
tive fabric, the positioning of the electrode pads, and the
elastic fit. The improved lead placement shown in Figure
1e) is known to be significant to reduce motion noise and
movement artifacts, in particular, under extreme condi-
tions, where artifacts from muscle contractions and mo-
tion are a source of noise contamination [7].

3.1.1 Signal Quality Index (SQIs)

In this work, the signal quality was evaluated using a
Signal Quality Index (SQI) approach based on simple
heuristic fusion described in [25]. The selection of this
method relied on the good performance in selected Phy-
sionet Databases (Physionet/Cinc Challenge 2017 and
Physionet/Cinc Challenge 2011) and comparable Accu-
racy (Acc) and Specificity (Sp) to previous methods [25].
The index made use of common signal quality metrics
described in the literature. It adopted four synthesized
signal quality indexes, these were qSQI, pSQI, kSQI and
basSQI, described as the following.

qSQI, signal quality index based on the ability to de-
tect the QRS complexes using two different methods.
qSQI = 2N

N1+N2
, where 2N is the number of R-peaks de-

tected in the number of R-peaks in the interval and N1
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a) b) c) d) e)

Figure 1: Acquisition Setup. (a) Wiz connected T-shirt, Version 1; (b) Wiz connected T-shirt, Version 2; (c) FieldWiz device; (d) Admos Live and
(e) ECG electrode pads placement for the different Versions 1 and 2 of the connected T-shirt.

and N2 are the number of QRS complexes detected us-
ing the first or the second method, respectively.

pSQI, based on the evaluation of the power spectrum
distribution of QRS wave. The index is given by pSQI =∫ f=15Hz

f=5Hz P( f )d f∫ f=40Hz
f=5Hz P( f )d f

, the quotient of the signal energy of the

QRS band [5,15] Hz, with the rest of the signal [5,40]
Hz.

kSQI, based on the kurtosis of the signal, which mea-
sures the relative peakedness of a distribution with re-
spect to a Gaussian distribution. From the central limit
theorem, independent random processes tend to have
a normal distribution. For clean signals, the asymmetri-
cal distribution results in increased kurtosis values. Con-
trarily, in the presence of baseline wander or powerline
interference, the kurtosis is decreased.

basSQI, from the relative power of the baseline drift

basSQI =
1−

∫ f=1Hz
f=0Hz P( f )d f∫ f=40Hz

f=0Hz P( f )d f
. A low basSQI means that

the power within [0,1Hz] is high with respect to the power
in the [0,40Hz] band.

Based on a simple fusion of the four heuristic met-
rics, each segment was evaluated and classified as ei-
ther ’Optimal, Suspicious or Unqualified ’. Later, from
the classification of each computed SQI, the 10 sec-
onds ECG segments were characterized as either Ex-
cellent (E), Barely Acceptable (B) and Unacceptable (U),
as a result from SQI (qSQI, pSQI,kSQI and basSQI) de-
scribed in [25].

4. Results & discussion
4.1. Comparison: Wiz T-Shirt Version 1 and Version 2

The comparison between the two different T-Shirt ver-
sions was done using two selected recordings and
making use of SQIs. T-shirt Version 1, Recording:
20200205-TR-FWv1.txt and T-shirt Version 2, Record-
ing: 20200301-TR-FWv2.txt. The raw ECG signal was

divided into 10-second epochs as input for the SQI eval-
uation.

The signal acquired using Version 1 of the T-Shirt
showed poorer results when benchmarked against Ver-
sion 2 using the described SQI. The initial transients and
noisy regions of the signal were classified as Unaccept-
able (U ), additionally, the overall signal quality oscillated
between Barely Acceptable (B) and Unacceptable (U ),
resulted in B = 48.1% and U = 51.9%.

In turn, the signal acquired using Version 2 of the T-
shirt showed increased signal quality when evaluated
with the same combination SQIs. In this test, the met-
rics registered values of B = 65.9% and U = 34.1%.

The ratio B/U was increased from Version 1 = 0.93 to
Version 2 = 1.93, thus, from the combination of the stud-
ied indexes (qSQI, pSQI,kSQI and basSQI), the results
suggested that Version 2 has comparatively better ECG
signal quality when compared to Version 1.

4.2. Comparison: Water, No Water and Electrode Gel

The combination of FieldWiz and Wiz connected T-
shirt Version 2 were evaluated using different electrode-
skin interfaces. The results from not moisturizing the
electrode pads, applying water or using electrode gel
are shown in Figure 2 for the recordings: 20200420-
JT-FWv2.txt, 20200421-JT-FWv2.txt and 20200422-JT-
FWv2.txt, respectively. The use of water and electrode
gel showed comparatively better results to the no use
of water. Additionally, using electrode gel showed con-
sistent saturation, likely due to the lack of skin/electrode
adhesion.

4.3. State of the Art QRS detectors

Some of the commonly used QRS complex detectors
evaluated in this study were the original Pan and Tomp-
kins [19], Christov [4], Gamboa [8], Engelse and Zeelen-
berg modified [18], Elgendi [6] and Kalidas [12].
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Figure 2: ECG quality assessment. Signal acquired using the FieldWiz and the Wiz connected T-shirt Version 2, under different settings. a)
Without application of water to the electrode pads, Recording: 20200420-JT-FWv2.txt; b) Moisturizing the pads with water, Recording 20200421-
JT-FWv2.txt and c) Applying electrode gel, Recording: 20200422-JT-FWv2.txt.

From initial observation, Gamboa and Elgendi re-
vealed to be less robust to different signal conditions
and resulted in an increased number of missed/false
beat detections. Visually, the detectors that showed the
best sensitivity under physical activity were the Pan and
Tompkins, Christov, Engelse, and Zeelenberg (Engzee),
and Kalidas. From these, the Pan and Tompkins intro-
duced changes in the temporal precision of the R-peak,
despite its robustness as a QRS detector. On the other
hand, the annotations by Kalidas showed a consistent
delay from the R-peak of 2/3 samples. The approach by
Engzee modified [18] also showed good temporal preci-
sion of the R-peak detection.

4.3.1 Proposed Approach

From the preliminary results, the principal sources of
noise under dynamic conditions when using a combina-
tion of the FieldWiz and the connected T-shirt were base-
line wander, enhanced T-waves, occasional loss of con-
tact between the skin/electrodes and saturation. Subse-
quently, two consecutive derivative steps were used to
remove low-frequency noise and T-wave, while enhanc-
ing the QRS complex. Recent approaches for QRS com-
plex and R-peak detection using these schemes have
shown promising results [9] and [22].

The proposed approach builds upon these two meth-
ods, combining an adaptation of the temporal precision
of the double derivative pre-processing method for R-
peak detection, with the simple and numerically efficient
Finite State Machine (FSM) approach. The full block dia-
gram of the pre-processing and detection pipeline of the
algorithm are shown in Figure 3a).

It is divided in a pre-processing stage and a detection
stage:

Pre-Processing Stage (3 steps):
1) A derivative step, of N samples, was implemented

to reduce low-frequency noise (e.g. baseline wander),
suppress pronounced T-waves and enhance the QRS
complex. The resulting signal, y1[n], was characterized
by high values associated with the QRS complex and an
inflexion point at the R-peak. A second derivative was

used to isolate the R-peak position, which resulted either
a local maximum or minimum, depending on the signals’
polarity.

2) Squaring, non-linear enhancement, isolated the R-
peak and eliminated the effect of variable polarities.

3) Integration window, moving integration of N sam-
ples. Reduced source of noise and optimized for detec-
tion of events with similar duration as the QRS complex.

The pre-processing stage is described by Equations
(1) to (4).

The derivative and integration window steps, Equation
(1) and (4), considered N =5, value optimized for a sam-
pling frequency of 250 Hz, which corresponded to a 20
ms interval, i.e. a time-window comparable to half of the
R-peak slope [9]. Additionally, the order of these two op-
erations revealed to influence the temporal precision of
the R-peaks.

y1[n] = x[n]− x[n−N] (1)

y2[n] = y1[n]− y1[n−1] (2)

y3[n] = (y2[n])2 (3)

y[n] =
1

N

N

∑
k=0

y3[n− k] (4)

Detection Stage (3 states), illustrated in Figure 3b)
(adapted from [9]):

State 1) Search for the absolute maximum in a time
window of RRmin = 200 ms in the processed ECG signal,
y[n]. The maximum value, which corresponded to the
R-peak position, RpeakPos, was saved.

State 2) Idle state, replicating the refractory period
of the heart. Prevented false detection of additional R-
peaks in the following RRmin = 200 ms after one detec-
tion. Afterwards, the adaptive threshold was computed
from the average of the last 20 R-peaks amplitudes,
adaptively coping with changes in R-peaks amplitude,
e.g. resulting from different exercise conditions [23].

State 3) Detection threshold value decayed exponen-
tially, following Equation 5, where Ts is the inverse of
the sampling frequency and PTh is a free parameter.
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a) b)
Figure 3: Schematics of the proposed R-peak detector. a) Block Diagram of the algorithm and b) Representation of the Finite State Machine.
Adapted from [9].

The state ended when the processed signal, y[n], ex-
ceeded the threshold signal, th[n]. Then, the state and
the counter are renewed, and a new search for the R-
peak is triggered.

th[n] = th[n−1]× e−PTh∗Ts (5)

The R-peak amplitude showed to vary throughout a
recorded session, especially during dynamic activities.
This occurred not only as a result of changes in conduc-
tivity from perspiration, ambient, or skin temperature but
also motivated by physiologic changes from varying ex-
ercise intensities. In [2], the first correlations were made
between R-amplitude at rest and peak exercise, show-
ing a significant decrease of the mean amplitude of the
R-peak of normal individuals, at peak exercise. Thus, the
proposed changes include an adaptive detection thresh-
old th, resulting from the average of the last 20 R-peak
amplitudes, instead of the average of all previous de-
tected R-peaks amplitudes.

Furthermore, the free Pth parameter, previously opti-
mized using ECG databases in resting conditions, was
adapted for our use case. These modifications are illus-
trated in Figure 3.

4.4. FieldWiz Private Database
The QRS detection algorithms were evaluated in a pri-
vate FieldWiz ECG database. The raw ECG signals
were collected using a combination of FieldWiz and both
connected Wiz T-shirt Version 2 and chest strap.

The five recordings were collected from four different
subjects under different conditions, using the FieldWiz
device combined with the Wiz T-shirt Version 2 (FWv2)
and a chest strap (Belt). Recordings: 20200405-TR-
FWv2.txt, 30 min running; 20200413-JM-FWv2.txt, 60
min running; 20200421-JT-FWv2.txt, 60 min trail run-
ning; 20200505-TR-Belt.txt, 30 min high intensity inter-
val training (HIIT); 20200508-SS-Belt.txt, 40 min run.

The acquisitions took place in different days, accord-
ing to the following: 1) The electrode pads in the T-shirt
and chest strap were moisturized before the activity to
increase the conductivity of the fabric; 2) The T-shirt and
chest strap were well secured, the electrode pads were
located under the pectoral muscles (when using chest
strap) and lateral part of the torso, when using the Wiz T-

shirt. The different activities accounted for heart rate val-
ues ranging between 60 bpm, during the resting stage,
and up to 190 bpm during the maximal HR.

The raw ECG signals were recorded, saved and later
exported as .txt files. Next, the ECG signals were auto-
matically annotated using the detection method by Kali-
das [12] for automatic R-peak detection, and the raw
ECG signals were stored together with the R-peak an-
notations as an HDF5 file. The HDF5 file format was
selected to interface with the web-based annotation tool
SignalBit [17]. Later, the annotations were visually in-
spected by a cardiopneumologist technician and manu-
ally corrected by either removing false-positive R-peaks
or adding false-negative R-peaks. It was noted that the
implemented detection approach by Kalidas resulted in
detected R-peaks with small sample imprecision (vary-
ing up to 2 samples around the inflexion point, corre-
sponding to an 8 ms time-shift at 250 Hz sampling fre-
quency). These imprecisions were accounted for, by
choosing an acceptance window of 5 samples, corre-
sponding to 20 ms, in Section 4.4.2.

4.4.1 Parameter Optimization

The method introduced is comprised of a derivative step
of N samples and a detection threshold with exponential
decay proportional to Pth.

A sensitivity analysis was performed to choose these
parameters. The means (µ) and means’ standard devia-
tions (δ) of Sensitivity (Se) and Positive Predictive Value
(PPV), across the different recordings, were computed.
The mean values from the parameter optimization for dif-
ferent values of Pth and N are shown in Figure 4.

The Se and PPV were calculated as per Equations
(6) and (7), considering the true positive detected beats
(TP), the false negative detected beats (FN) and the
false positive detected beats (FP).

Se =
T P

T P+FN
(6)

PPV =
T P

T P+FP
(7)

One limitation of the approach by Gutierrez [9] is build-
ing upon the optimization of Pth using ECG databases
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a) b) c)
Figure 4: Parameter optimization (Pth and N), Sensitivity (Se, blue) and Positive Predictivity (PPV, red) planes. a) Se and PPV with varying Pth;
b) Transverse plane and c) Se and PPV with varying N. The selected values of Pth = 5 and N = 5 are represented by the black dashed line.

with resting HR. Thus, while lower Pth is suitable for lower
heart rate, higher Se is needed for higher HR values.

From Figure 4a), it is noticeable Se and PPV are in-
fluenced by the decay of the threshold, proportional to
Pth. Lower values of Pth, associated with a slower decay-
ing detection threshold, resulted in decreased Se values
(as low as 80% for Pth = 1) while achieving the highest
PPV values. The Se increased with Pth, until it inter-
sected with PPV at around Pth = 4 and the PPV value
decreased. Overall, the Pth curves showed a similar per-
formance for each value of N in the range of 4< N < 12.

In Figure 4c), the influence of the first derivative step
is shown. Lower values of N (e.g. N = 2, corresponding
to an interval of 8 ms), are not convenient to enhance
the QRS complex, thus showing the highest number of
False Positives for different values of Pth. Also, Se in-
creases with N, until a maximum of around N = 7. The
parabolic dependency on Se on N is not uniform, and so,
an N = 5 was chosen (20 ms, approximately a quarter
of the QRS complex duration), compromising sensitivity
for increased temporal precision of the R-peak location.

Lastly, Figure 4c) demonstrates the relation between
Se and PPV for a region of parameters. The subset of
parameters in the range of 3 < Pth < 5 and 4 < N < 8,
achieved Se and PPV values higher than 98%. Finally,
the Pth = 5 and N = 5 were chosen from the trade-off
between Se, PPV, and temporal precision of the detected
R-peaks.

4.4.2 FieldWiz Database

The detected peaks were compared against the bench-
marked annotations. Acceptance windows of 25 and 5
samples were used, corresponding to 100 ms and 20 ms
acceptance windows, respectively. The window of 100
ms was selected to evaluate the different detectors abil-
ity to find QRS complexes in the ECG signals recorded.
After, a window of 20 ms was chosen to evaluate the
temporal precision of the detection. While accounting for

imprecisions in the annotation method. The results are
shown in Figure 5 for the respective 100 ms in Figure 5
a) and 20 ms in Figure 5 b). The resulting means (µ)
and standard deviations (δ) are summarized in Table 1.
The signals with inverted R-wave, as a result of the lead
placement, were reverted to account for the limitations of
the method by Engzee [18].

From Figure 5a), when using a wider detection win-
dow of 100 ms, the methods by PanTompkins, Kali-
das and the proposed method achieved Se values >
99% (green), Engzee equal to 96.16% (yellow) while El-
gendi and Gamboa showed the worst performance with
72.88% and 63.98% (red), respectively. The PPV was
> 99% in PanTompkins, Engzee, Kalidas and proposed
(green), Christov with 93.95% (yellow) and underper-
forming are Elgendi and Gamboa at 81.82% and 56.23%
(red).

Overall, the results showed that the signal quality us-
ing the combination of the FieldWiz and Wiz shirt or
chest strap, under the dynamic conditions studied is suit-
able for QRS detection using any of the previous meth-
ods PanTompkins, Kalidas, or the proposed approach
with Se and PPV values > 99%. Also, from Figure 5b),
decreasing the time detection of the acceptance window
for 20 ms yielded good results for Kalidas and the pro-
posed approach > 99% Se and PPV (green), satisfac-
tory results for Enzee (yellow), while notably decreased
performance for PanTompkins, Christov and Gamboa
(red) for both Se and PPV. The performance of the En-
gzee method did not suffer significative differences.

Ultimately, the method by Kalidas, the proposed ap-
proach, or a combination of PanTompkins with an addi-
tional local search for the inflexion point for the R-peak,
would yield good results.

4.5. Physionet Databases

The proposed detector was evaluated against common
Physionet databases. The annotations were retrieved
using the Physionet WFDB wrapper for MAT LAB. Since
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Table 1: R-peak detections Sensitivity (Se) and Positive Predictive Value (PPV) and respective means (µ) and standard devi-
ations (δ) for the different QRS detectors (Pan and Tompkins, Christov, Gamboa, Elgendi, Engzee, Kalidas and the proposed
approach). TABLE 1a using a detection window of 100 ms to the annotated R-peaks and TABLE 1b a detection window of 20
ms.

(a) Detection window of 25 samples (100 ms).

Method Se (µ) Se (δ) PPV (µ) PPV (δ)

PanTompkins 99.34 0.43 99.04 1.50

Chistov 99.07 0.61 93.95 5.20

Gamboa 63.98 9.21 56.23 12.02

Elgendi 72.88 19.16 81.82 13.21

Engzee 96.16 5.72 99.25 1.29

Kalidas 99.90 0.11 99.27 1.37

Rodrigues 99.77 0.23 99.18 1.52

(b) Detection window of 5 samples (20 ms).

Method Se (µ) Se (δ) PPV (µ) PPV (δ)

PanTompkins 32.23 9.43 32.04 9.19

Chistov 84.96 10.93 80.53 11.44

Gamboa 56.53 10.87 49.83 13.12

Elgendi 70.29 20.50 78.71 15.10

Engzee 95.71 5.543 98.80 1.75

Kalidas 99.85 0.12 99.23 1.37

Rodrigues 99.64 0.28 99.06 1.60

a) b)
Figure 5: Evaluation of the different QRS detectors: PanTompkins, Christov, Gamboa, Elgendi, Engzee, Kalidas and proposed approach
(Rodrigues). Sensitivity (Se) and Positive Predictivity Value (PPV) using FieldWiz private dataset. Using a detection window of a) 100 ms and b)
20 ms.

the detection ground truth does not implicitly return the
same sample as the correspondent annotation, a detec-
tion margin of 100 ms was added to the acceptance win-
dow and all non-beat annotations were excluded.

The parameter N = 5 for the derivative and moving in-
tegration was selected based on the sampling frequency,
corresponding to a 20 ms differentiating step, as detailed
in [9] and a sensitivity analysis was done for Pth. The
results are showed for Pth = 3, resulting from the com-
promise between Se and PPV. The results are shown
in Table 2. It was noticeable that the QRS complexes
from different individuals had various degrees of vari-
ability, especially between patients and healthy subjects.
In the case of arrhythmias, the resultant different QRS
waveforms increased detection difficulty. Besides, irreg-
ular heart rate was an additional source of error.

A recent review on ten of the most computationally ef-
ficient QRS detectors [16] showed that the accuracy of
derivative-based QRS detection methods did not decline
significantly for arrhythmia databases when considering
the mean of the entire dataset. However, our results
suggest that each record should be analyzed individu-
ally for clinical applications since the Se and PPV might
decline drastically with distinct waveforms. The PPV and

Figure 6: Evaluation of the R-peak detector using MIT-BIH Arrhyth-
mia Database (mitdb). PPV and Se boxplot of the 48 records with
respective median (red line), 25th and 75th percentile (black lines) and
outliers ( red ’+’ symbol).

Se boxplots for the MIT-BIH (mitdb) are shown in Figure
6. Resulting in PPV (median = 99.79%, outliers < 95%
id: 108, 203, 207, 228, 232) and Se (median = 99.52%,
outliers < 95% id: 106, 203, 208, 221, 223).
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Table 2: Summary of the results obtained (TP, FP, FN, PPV (%) and Se (%)) using the proposed algorithm in the considered databases. For
benchmarking we used Pth = 3 & N = 5 as parameters of the algorithm.

Database Sampling Rate (Hz) TP FP FN PPV (%) Se (%)

Challenge 2014 120-1000 71529 332 884 98.88 99.52

ST-T Database (ltstdb) 250 782483 13712 8082 98.15 98.79

MIT-BIH (mitdb) 360 106590 1758 2904 98.35 97.62

MIT-BIH (nstdb) 360 23957 2907 1633 96.23 98.72

4.6. Heart Rate Variability

Even though heart rate (HR) and heart rate variability
(HRV) metrics are believed to reflect some physiologi-
cal and psychological responses, they cannot inform on
all aspects of fatigue and performance as they are influ-
enced by several internal and external confounding fac-
tors [3].

The presence of artefacts such as ectopic missed, or
extra beats, is highly impactful when estimating the heart
rate variability metrics. Recently, the increased quality
of the recorded ECG signals due to hardware improve-
ments, combined with better R-peak detection has miti-
gated the presence of errors and artefacts when evalu-
ating HRV. Nonetheless, correcting RR-intervals series
is still of great importance in ambulatory environments,
extreme conditions and when using wearable technol-
ogy. In common practice, for an accurate HRV analy-
sis, the raw ECG are recorded and the annotated events
are edited using private or publicly available software for
artefact detection and correction.

In this study, three different correction approaches
were considered: 1) No artefact correction; 2) Beat re-
moval if the RR-intervals deviated more than 20% from
the RR-intervals 15 points moving median. These were
then corrected by interpolating the RR time series us-
ing cubic spline interpolation and 3) A novel artefact
correction algorithm for HRV, based on a set of deci-
sion rules for beat classification [15], implemented in
Kubios software [24]. The decision rule pipeline, clas-
sified the beats as either normal, ectopic, missed/extra,
or long/short and corrected accordingly. The effects of
ectopic beats were diminished by replacing erroneous
RR-intervals by interpolated values. Missed and extra
beats were amended by either adding or removing RR-
intervals. Long or short beats were revised by adding
new interpolated values in the RR series.

The R-peak proposed detection method was used to
extract the R-peaks from the ECG signal. The result-
ing RR-intervals, as well as other common time and fre-
quency domain metrics, were computed. The RMSSD
and normalized HF and LF were computed over 10 and
120 seconds epochs, respectively. Different values for
both time and frequency domain metrics were observed
when using distinct correction methods. When used in
high Heart Rate situations, results suggested that the

correction method from Kubios correction resulted in
misclassified events. Ectopic beats, classified as missed
beats, were consequently classified as missed beats
and interpolated instead of additional beats being added.
Hence, resulting in artefacts in the time-domain and less
visible in the normalized HF and LF.

Overall, choosing either one of the approaches is pre-
ferred to the no use of any artefact removal, as the dif-
ferences introduced in both time and frequency domain
were negligible. Nevertheless, these methods should be
carefully used, for instance, for beat classification e.g.
classification of ectopic beats during exercise.

4.7. Implementation

Following the offline validation, the R-peak detection al-
gorithm from Section 4.3.1 was implemented in C and
embedded in the FieldWiz device. The device is a 32-
bit microcontroller based on ARM architecture with a
Cortex-M4 processor.

The R-peak detection was implemented in real-time
and the detected peaks were stored in the flash memory.
In order to extract the HRV metrics, the pre-processing
pipeline implemented in the MATLAB server followed the
results discussed in Section 4.6.

The implemented artefact removal method had to re-
move any unwanted missed/extra or ectopic beats while
maintaining the original RR-intervals, which excluded the
common operations such as moving median/average, in-
terpolation, or digital filtering. The RR-intervals were re-
moved from the time series based on the decision crite-
rion from the distance to the running median. If this dis-
tance was larger than 30% threshold from running me-
dian of the last 15 RR-intervals, R̃R15, the RR-interval is
replaced by R̃R15.

Following the R-peak detection and artefact correc-
tion, the RR-intervals and HRV Time and Frequency do-
main metrics were calculated in the MATLAB using cus-
tom scripts, using 120 seconds of RR-intervals intervals,
as recommended in [3].

5. Conclusions

The FieldWiz device and different versions of the Wiz
connect T-shirt were evaluated in different settings, from
rest to dynamic conditions.

Signal Quality Evaluation
Using well-established SQIs, comparisons between
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the Signal Quality of the Version 1 and Version 2 of the
T-shirt were performed. The signal-to-noise ratio (SNR),
measured as B/U , increased significantly from Version
1 to 2 (Version 1 = 0.93 and Version 2 = 1.93). Version
2 showed comparatively better ECG signal quality, prob-
ably resultant of the improved material, lead placement
and elastic fit.

A comparison between different acquisition setups
was evaluated using the previously mentioned SQI. Ap-
plying water to the electrode pads, without water and us-
ing electrode gel. The use of electrode gel often resulted
in saturation, one possible reason was attributed to the
loss of adherence between the skin and electrode pads.
Overall, in regions without saturation, the SNR did not
differ when using water in comparison to the use of elec-
trode gel. Finally, the use of water or electrode gel is
preferred over the use of no water.

The results from the dynamic tests suggested that
challenging scenarios associated with motion artefacts
e.g. rugby can compromise the reliability of the results
when using wearable T-shirts. In these cases, the use of
a chest strap or a PPG watch is preferred.

QRS detectors
Six commonly used QRS detectors were evaluated

and a novel proposed approach was introduced. The
latter, consisted of a pre-processing stage based on the
double derivative and a detection stage based on an
FSM. The method has a low computational load and
memory allocation and it is fairly simple to implement,
allowing its implementation in an embedded system.

Advantages of the proposed approach include:
1) Robust to different R-wave polarities, contrary to

the approach by Engelse and Zeelenberg modified;
2) Pre-processing based on the double derivative in-

crease R-peak precision when compared to the original
FSM approach [9];

3) Increased sensitivity, due to the adaptive exponen-
tially decaying threshold for highly dynamic and fast-
changing heart rate and R-peak amplitudes settings,
when compared with PanTompkins, Christov, Engzee
and Gamboa; and 4) Real-time deployment, when com-
pared to the quasi-real-time approach by Kalidas [12]
using stationary wavelet transform in ECG buffers of 3
seconds. The main limitations and additional points to
be investigated are:

1) Parameter Pth was optimized in a dataset
(Nsub jects =5) with heart rate varying from 60 bpm to 190
bpm, building upon the future use cases of the device;
lower heart rates (e.g. 40 bpm), may lead to increased
False Positives (FP) and higher rates (e.g. 200 bpm),
may result in False Negatives (FN). Further evaluation
using a larger database should be done. The values of
Se and PPV resulted in values > 98% for a range of 4 <
N < 8 and 3 < Pth < 5;

2) Individual ECG waveforms are assumed to be time-
invariant; the R-peak is shown to be located in the
same position of the ECG waveform for every heart-

beat. Nonetheless, in pathological conditions with time-
varying QRS morphologies, the introduced artefacts will
affect heart rate variability related metrics (HRV);

There is a lack of more extensive validation of the dif-
ferent QRS detection methods under highly dynamical
activities, resulting from the shortage of ECG databases
in these conditions. This work aims at exploring the use
case limitations of the current approaches, as well as
providing an alternative validated approach that can be
used for R-peak detection.

Heart Rate Variability
Given that most of the vagally-mediated heart rate

variability (HRV) power is focused in [0,1] Hz band, usu-
ally, any of the evaluated detectors can be used to de-
termine the distance between the RR-intervals, i.e. suc-
cessive QRS complexes.

Different artefact correction approaches were evalu-
ated. The correction of beats by removing outliers with
respect to the simple statistics (running median) was im-
plemented. The algorithm classification by Kubios was
studied as a novel method to classify beats in misclas-
sified false positive ectopic beats under high heart rate
conditions. Further tests should be done in larger range
of subjects to validate the classification effectiveness in
dynamic conditions.
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