
IEEE ENGINEERING IN MEDICINE AND BIOLOGY SOCIETY SECTION

Received January 28, 2021, accepted March 16, 2021, date of publication April 2, 2021, date of current version April 27, 2021.

Digital Object Identifier 10.1109/ACCESS.2021.3070604

R-R Interval Estimation for Wearable
Electrocardiogram Based on Single Complex
Wavelet Filtering and Morphology-Based
Peak Selection
SUEHIRO SHIMAUCHI1, (Senior Member, IEEE), KANA EGUCHI 2, (Member, IEEE), RYOSUKE AOKI 2,
MASAHIRO FUKUI 1, (Member, IEEE), AND NOBORU HARADA 1, (Senior Member, IEEE)
1NTT Media Intelligence Laboratories, Nippon Telegraph and Telephone Corporation, Tokyo 180-8585, Japan
2NTT Service Evolution Laboratories, Nippon Telegraph and Telephone Corporation, Kanagawa 239-0847, Japan

Corresponding author: Kana Eguchi (kana.eguchi.gh@hco.ntt.co.jp)

ABSTRACT Recent innovations in wearable electrocardiogram (ECG) devices have enabled various
personal healthcare applications based on heart rate variability (HRV). However, wearable ECGs rarely
undergo visual inspection by medical experts, hence may contain noise and artifacts. Because apparent
changes in the recorded ECGs caused by noise and artifacts may hamper the extraction of QRS complexes,
an R-R interval (RRI) estimation algorithm tolerant to these measurement faults is required as the initial
step toward HRV analysis using wearable ECGs. This paper proposes a semi-real-time RRI estimation for
wearable ECGs utilizing a two-stage structure. In the preprocessing stage, we use a complex-valued wavelet
that can adaptively fit to morphological variations of the QRS complex while retaining computing resources
for extracting the QRS complex features. In the decision stage, we make use of complex-valued features
and select appropriate QRS complexes in consideration of three features: peak magnitude, peak location,
and peak morphology (phase). Initial evaluations show that the QRS complex detection performance of the
proposed method achieved the F1 score of 0.952 ± 0.040 when targeting pseudo ECG data created from
open data assuming wearable ECGs, and of 0.986 ± 0.018 when targeting actual ECG data recorded by
a shirt-type wearable ECG device during an exercise activity. Furthermore, the proposed method was able
to suppress overlook or misdetection of QRS complexes, so the obtained RRIs are closer to the reference
RRIs. The proposed method therefore contributes to achieving accurate HRV analysis using wearable ECGs
in terms of obtaining accurate RRIs.

INDEX TERMS Electrocardiogram (ECG), heart rate variability (HRV), QRS complex detection, R-R
interval (RRI), wavelet analysis, wearable device.

I. INTRODUCTION
Recent innovations in wearable electrocardiogram (ECG)
devices have enabled the provision of various personal health-
care applications based on heart rate variability (HRV) [1]
calculated from a continuous ECG record, such as sleep
monitoring [2] and long-term monitoring for rehabilita-
tion [3] or driver drowsiness [4].With long-term ECG record-
ing for HRV analysis, the device should be easy-to-use
for non-experts and have a minimal effect on the user’s

The associate editor coordinating the review of this manuscript and
approving it for publication was Emil Jovanov.

daily life. In this sense, a shirt-type wearable ECG device
with embedded measurement electrodes and lead wires has
attracted attention recently [5]–[7]. With this device, users
simply wear a special shirt with embedded measurement
electrodes and lead wires and attach a small dedicated device
for the ECG recording.

Compared to ECGs recorded by in-hospital ECG devices,
however, those recorded by wearable devices are generally
more susceptible to noise and artifacts due to external
factors such as body movements, respiration, and per-
spiration [8], [9]. Because wearable ECGs recorded for
non-clinical healthcare applications are visually inspected by
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well-trained medical experts only rarely, noise and artifacts
may remain and hamper the extraction of important ECG
features by causing apparent changes in the recorded ECGs
even if the positions of the measurement electrodes have not
significantly changed. Furthermore, when using the afore-
mentioned shirt-type wearable ECG device, the recorded
ECGs are also affected by the characteristics inherent in
clothing: for example, a shirt deforms itself along with body
movement, and this may cause deformation of the embedded
measurement electrodes, inducing potential displacements
between the measurement electrodes and the skin surface that
ultimately results in impedance fluctuations [8], which we
can observe as noise or artifacts. In addition, the position of
the measurement electrodes themselves is affected by both
the way of wearing and the person’s physique, even in the
same subject, and the change of the measurement electrode
position can cause morphological changes in the recorded
ECGs in theory.

Assuming a situation in which non-experts are asked to
record ECGs during daily life, ideally, the ECG features
should be extracted while suppressing the effect of noise and
artifacts, as wewould prefer not to have non-expertsmanually
reposition the location of measurement electrodes all the time
in daily life. In other words, robustness against morphology
variations and artifacts is required. Furthermore, the ECG
feature extraction should be accomplished with a limited
dataset and limited computing resources (i.e., a mobile envi-
ronment such as a smartphone) in real-time or semi-real-time
(i.e., with only slight delay), because the currently available
shirt-type ECG devices generally transfer the recorded ECGs
by means of real-time/semi-real-time processing using the
combination of a dedicated wireless transmitter and a com-
mercial smartphone/tablet [10], both of which have limited
storage and computing resources compared to a personal
computer.

The ECG signal waveform is commonlymodeled as shown
in Fig. 1. The R-R interval (RRI), which is defined as the
interval of two adjacent localmaxima ofQRS complexes (i.e.,
R waves), is one of the most important ECG features, espe-
cially from the perspective of HRV analysis. QRS complex
detection has therefore been a major research topic in the
ECG signal processing field for several decades [11]–[13].
The general scheme for QRS complex detection is built
on a two-stage structure [12], [14]: a preprocessing stage
comprising linear filtering and nonlinear filtering for feature
extraction or denoising, and a decision stage comprising peak
detection logic and the decision for selecting applicable QRS
complexes alone.

The typical preprocessing scheme is based on a multi-scale
signal decomposition such as wavelet transform (WT)
or empirical mode decomposition (EMD). The difference
between the two is that WT uses a set of pre-fixed filters
whereas EMD adaptively changes the filters in a data-driven
way [15]. WT has many variations, which can be categorized
by the difference of their transformation structure or the
wavelet functions [16]. Discrete wavelet transform (DWT)

FIGURE 1. ECG waveform and R-R interval (RRI).

is used mainly for data compression purposes [17], [18] and
compactly represents the information in the maximally dec-
imated scale-and-shift domain with the orthogonal wavelet
bases. Continuous wavelet transform (CWT) is also a useful
candidate for denoising or feature-extraction purposes [19],
which can be, in practice, implemented with discretized
approximation. Because CWT can use even non-orthogonal
wavelet bases, the choice of the mother wavelet function
for CWT is more flexible than that for DWT. For ECG
feature extraction, typical wavelets include the Mexican hat
and the Morlet wavelet [20], which are expected to have a
similar waveform morphology to the ECG signal. The EMD
approach, on the other hand, is more appropriate for cases
of extracting a signal whose waveform can vary widely in
time-scale: for example, EMD has outperformed WT on an
experimental task of extracting the respiratory signal from
observed ECG signals [15]. In general, however, all these
multi-scale signal decomposition approaches would require
high computational cost in exchange for traceability of vari-
ations in the target signal features.

Regarding the decision stage, each QRS complex location
is estimated from the feature sequence extracted in the pre-
processing stage. In the feature domain of interest, the QRS
complex parts are assumed to dominate other parts of the
ECG signal. Most of the localization methods are therefore
based on a fixed or variable thresholding in terms of magni-
tude [11], [21]. However, this magnitude thresholding is not
necessarily effective when it comes to selecting applicable
QRS complexes: fixed thresholding may cause overlook or
overdetection depending on the setting value, whereas vari-
able thresholding may sometimes fail to follow the change
and result in overlook due to the changed threshold [22].
Although the recently proposed time-attention method [23]
predicts the probabilities of the regions of QRS complexes by
using a convolutional neural network (CNN), this approach
may not be free from the aforementioned thresholding issue
because its final decision is based on a variable threshold, and
it also requires a large amount of computation.

In this paper, we propose a semi-real-time RRI estima-
tion for wearable ECG based on a simple and robust two-
stage structure. For the preprocessing stage, we use a single
wavelet bandpass filter for the QRS-complex feature extrac-
tion instead of multiple filter banks such as the WT or EMD.
Similar approaches to the computational simplicity can be
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found in previous studies: Pan and Tompkins [11] used a
recursive bandpass filter with integer coefficients, whereas
Gul et al. [24] proposed selecting only a single-scale output
of tree-structured wavelet filterbanks as a feature of inter-
est. Although the filters used in [11], [24] are real-valued,
we herein use a complex-valued wavelet as a filter, as it
can adaptively fit to morphological variations of the QRS
complex while retaining computing resources, especially for
QRS complexes undergoing morphological changes due to
noise and artifacts. When recording ECGs in a daily life envi-
ronment, we often encounter artifacts with a larger magnitude
than those of the QRS complexes, which means that QRS
complex detection based only on the threshold is not always
effective in terms of improving robustness. For the decision
stage, we therefore make use of complex-valued features
and select appropriate QRS complexes in consideration of
three features, namely, peak magnitude, peak location, and
peak morphology (phase). Note that our proposed method
is essentially based on our previous study [25], in which
multi-scale complex-valued wavelets are utilized, but we
focus here on appropriate RRI estimation for HRV analysis
under the actual environment; therefore, we only utilize a
single complex-valued wavelet as a preprocessing filter to
reduce computational cost and achieve semi-real-time pro-
cessing. In addition, we evaluate the performance of the pro-
posedmethod targetingwearable ECGs by using pseudo ECG
data created from open data in which we assume the ECGs
recorded by shirt-type wearable ECG devices and actual ECG
data recorded by a shirt-type wearable ECG device during an
exercise activity.

II. RRI ESTIMATION METHOD
Our proposed method is based on the two-stage structure
scheme described below. The first stage extracts the QRS
complex features from the ECG signal by using a single band-
pass filtering with a complex-valued wavelet. The second
stage detects the peaks of the complex valued features and
selects appropriate peaks among them based on a criterion
that takes into account the location, magnitude, and morphol-
ogy (phase) of the detected peaks.

A. SINGLE COMPLEX-VALUED WAVELET FOR FEATURE
EXTRACTION
In the feature extraction stage, a bandpass filtering is applied
by choosing a specific single-scale output of the CWT [16].
A general form of the CWT can be described as

X (a, b) =
1
√
a

∫
∞

−∞

x (t) ψ∗
(
t − b
a

)
dt (1)

where x (t) is a continuous-time ECG signal, ψ (t) is a
wavelet function, X (a, b) is the wavelet transform at scale
a and shift b of the wavelet, and ∗ indicates the complex
conjugate.

As a mother wavelet, we choose the following complex-
valued function:

ψHWCS (t) =


1
2

(
1+ cos

ω0

2
t
)
ejω0t , if |t| <

2π
ω0

0, otherwise
(2)

This is a Hann-windowed complex sinusoid (HWCS),
which is often used in short-time Fourier transform (STFT)
and was also used in a previous study [26]. In WT appli-
cations, although the Morlet wavelet is often used as a
complex-valued wavelet [27], we consider that the HWCS
wavelet is more suitable for extracting the feature with low
oscillations that can be observed in the QRS complex wave-
form morphology. There are two versions of the Morlet
function:

ψMorlet (t) =
1
4
√
π
e−

t2
2 ejω0t (3)

and

ψC_Morlet (t) =
1
4
√
π
e−

t2
2

(
ejω0t − e−

ω20
2

)
(4)

where the function in (4) is referred to as a complete Mor-
let wavelet. The properties of (2), (3), and (4) are shown
in Fig. 2, where ω0 = 1.9635 is given for all functions for
comparison in a low-oscillation case. Fig. 2(d) shows that
the frequency characteristics of the HWCS and the complete
Morlet satisfy the admissibility condition [16], i.e., their spec-
tral magnitudes at zero frequency are close to zero. Moreover,
the HWCS can be a better analytic wavelet than the complete
Morlet because its spectral leakage at the negative frequencies
is smaller.

The main reason we chose the complex-valued wavelet
here is its flexibility to changes in waveform morphology.
Fig. 3 shows an example of the variations in QRS complex
patterns of chest leads V1 to V6, which are attached at dif-
ferent chest positions during a multi-lead ECG measurement
by in-hospital ECG devices [28]. Although these variations
are originally observed by placing the measurement elec-
trode on the designated position corresponding to the desired
chest read, similar apparent changes in QRS complex can
often be observed in wearable situations: even though the
positions of the measurement electrodes are comparatively
stable, contaminated noise or artifacts cause apparent changes
in the shape of QRS complexes. Furthermore, for wearable
ECG with an electrode embedded inside a shirt, it is difficult
to attach the electrode at the same position every time or
for every person who wears it. The complex wavelet can
flexibly adapt to such waveform variations by changing its
phase parameter. Fig. 4 shows the variations in waveforms
synthesized from the HWCS wavelet with different phases,
φ = 0 to π .
For practical implementation, we choose a specific scale

a = 1 for the HWCS wavelet with ω0/2π = 20 Hz, in accor-
dance with the typical QRS complex frequency range [29].
Then, a discrete version of theHWCSwavelet is implemented
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FIGURE 2. Comparison of complex wavelets.

FIGURE 3. Variations in QRS complex patterns of chest leads from V1 to
V6 (This set of ECG waveforms originally appeared in [28], on which we
drew additional lines indicating R wave and S wave).

FIGURE 4. Variations in waveforms synthesized from HWCS wavelet with
different phases 0 to π .

as a transversal digital filter for the discrete-time ECG signal
x(n):

X (n) = 9Hx (n) (5)

where

x (n) = [x (n− N ) , · · · , x(n+ N )]T (6)

9 =

[
ψ∗HWCS

(
−N
fs

)
, · · · , ψ∗HWCS

(
N
fs

)]H
(7)

T and H indicate the transposition and the conjugate transpo-
sition, respectively, 2N+1 is the vector dimension and corre-
sponds to the truncation range of the wavelet function, and n
is a discrete time index sampled at the sampling frequency
fs. The filter output X (n) is calculated at every n without
decimation.

B. PEAK DETECTION AND SELECTION
The filter output X (n) corresponds to the complex-valued
feature sequence of the QRS complexes. By searching for
np, i.e., the location of the p-th peak of the modulus of
the feature sequence, we can obtain the candidates of the
location of each QRS complex. Some of the peaks are due to
artifacts, and their magnitudes might be larger than those of
the QRS complexes in wearable EGC measurements. There-
fore, magnitude-based thresholding is not applicable in this
case. As the complex-valued feature coefficients provide the
morphology information from their phase properties, the dif-
ference in the morphologies around the peaks can also be
taken into account.

In order to judge whether the detected peak location np
is that of a QRS complex peak or not, the following semi-
real-time peak selection criteria is defined:

C
(
np
)
= Dint

(
np
)
+ Dmod

(
np
)
+ Dphs

(
np
)

(8)

where

Dint
(
np
)
∝
∣∣[np − n̂QRS(m−1)]− RRIm−1

∣∣2 (9)

Dmod
(
np
)
∝
∣∣log ∣∣X (np)∣∣− logMm−1

∣∣2 (10)

Dphs
(
np
)
∝

∣∣∣∣∣log
(
X
(
np
)∣∣X (np)∣∣e−jφm−1

)∣∣∣∣∣
2

(11)

Dint
(
np
)
corresponds to a distance measure of the peak inter-

vals between the peak at np and the last estimated location
of the QRS complex, n̂QRS(m−1), compared to the short-
time-averaged RRI estimate, RRIm−1.Dmod

(
np
)
corresponds

to a distance measure of the log modulus of X (np) compared
to the short-time-averaged log modulus of the estimated QRS
complex peaks, logMm−1. Dphs

(
np
)
corresponds to a dis-

tance measure of the phase of X (np) compared to the short-
time-averaged phase of the estimated QRS complex peaks,
φm−1. Them-th estimated location of the QRS complex peak,
n̂QRS(m), can be given by

n̂QRS(m) = argmin
np∈S(m)

C
(
np
)

(12)

where S(m) is the m-th subset of the feature-sequence peaks
detected after n̂QRS (m− 1). For the semi-real-time process-
ing, the range of S(m) should be limited to a few seconds right

VOLUME 9, 2021 60805



S. Shimauchi et al.: RRI Estimation for Wearable ECG Based on Single Complex Wavelet Filtering and Morphology

after n̂QRS (m− 1). When n̂QRS (m) is selected, the short-
time-averaged parameters are updated as follows.

RRIm = αRRIm−1+(1−α)
[
n̂QRS(m) − n̂QRS(m−1)

]
(13)

logMm = βlogMm−1 + (1−β) log
∣∣X (n̂QRS(m))∣∣ (14)

φm = γφm−1 + (1− γ ) 6 X
(
n̂QRS(m)

)
(15)

where α, β, γ are time-averaging constants whose values are
chosen between 0 and 1.

III. EVALUATION
To evaluate the expected performance in QRS complex detec-
tion when targeting ECGs recorded in the daily life environ-
ment, we conducted two evaluations targeting different ECG
data: experiment 1, targeting pseudo ECG data created using
open data [30], in which we assumed the ECGs recorded by
shirt-type wearable ECG devices, and experiment 2, targeting
actual ECG data recorded by a shirt-type wearable ECG
device during an exercise activity.

Because we assume that the expected performance in QRS
complex detection can be validated in terms of the appropri-
ateness of detected QRS complexes and the tolerance of QRS
complex detection performance to measurement faults (e.g.,
during/after measurement faults), we compared the perfor-
mance of the proposed method against conventional methods
from the following two perspectives: performance of the QRS
complex detection itself, and performance of the RRI calcula-
tion as the initial step of HRV analysis. To evaluate the former
perspective, we calculated the F1 score [31], [32], which can
consider both misdetection and overlook, in addition to the
precision and recall utilized in the previous study [33]. All
measurements were calculated on the basis of the detected
QRS complexes against the reference QRS complexes. The
method for calculating the F1 score in each experiment is
described in the corresponding subsections. For the latter
perspective, we used the tachogram of RRIs and compared
the RRIs calculated from the detectedQRS complexes against
those obtained from the reference RRIs.

To evaluate the performance difference in the QRS com-
plex detection and the RRI calculation derived from the peak
detection logic in the ‘‘decision stage’’ utilized in the QRS
complex detection algorithm, we compared the following
three methods in each experiment: (a) the proposed combi-
nation, which consists of the proposed wavelet and proposed
peak detection, (b) a method that consists of the proposed
wavelet and the conventional peak detection logic, and (c) a
benchmark method. Because methods (a) and (b) utilize the
same wavelet while using different peak detection logic,
we expect that the comparative evaluation between these
two will clarify the performance difference derived from
the decision stage. As the conventional peak detection in
method (b), we used the ‘‘findpeaks’’ function in MATLAB
(The MathWorks, Inc., Natick, MA, USA) and set the ‘‘Min-
PeakDistance’’ value to 250 ms. As the benchmark method,
we used the Pan-Tompkins algorithm (PTA) [11], which is
also utilized for a gold-standard HRV analysis software [34].

All experiments were conducted after preparing target
ECG data in the storage medium of a personal computer
(CPU, Intel R© CoreTM i7-7700 3.60GHz; RAM, 32.0 GB;
OS, Windows 10) that was analyzed off-line afterwards.

A. EXPERIMENT 1: EVALUATION OF QRS COMPLEX
DETECTION PERFORMANCE ON PSEUDO ECG DATA
CREATED BY OPEN DATA ASSUMING DAILY LIFE
ACTIVITIES
In actual ECGs recorded by shirt-type wearable ECG devices
during daily life activities, noise and artifacts may randomly
occur at any time due tomeasurement faults [9]. Furthermore,
identical noise or artifacts will not be repeatedly observed
even when the same user performs the same movements
because these measurement faults are also affected by the
electrode conditions (e.g., wet/dry, placement position, con-
tact area, flexion of electrode itself, or friction between elec-
trode and skin surface), which can hardly be exactly the same
every time.

We therefore first evaluated the performance of the pro-
posed method targeting pseudo ECGs that contain noise or
artifacts similar to those observed in the ECGs recorded by
shirt-type wearable ECG devices in a daily life environment.
As the evaluation reference, we used the annotations of QRS
complexes that came with the corresponding ECGs in the
open dataset.

1) TARGET PSEUDO ECG DATA
The main factors affecting the accuracy of QRS complex
detection can be divided into ECGmeasurement position and
severity of noise or artifacts. However, when using shirt-type
wearable devices for ECG recording, the shape of a QRS
complex might be apparently different due to contaminated
noise or artifacts, even if the positions of the measurement
electrodes have not significantly changed.

Hence, in this experiment, we target an artificially gener-
ated pseudo ECG by mixing noise and artifacts into the ECG
while fixing the chest lead, as in our previous study [9]. Our
previous work indicated that measurement faults occurring
when using shirt-type ECG devices may be similar to the
combination of three irregularities defined in the MIT-BIH
Noise Stress Test Database (NSTDB) [35], [36].We therefore
regarded the MIT-BIH Arrhythmia Database (MITDB) [37],
[38] as the ECG and NSTDB [35], [36] as irregular waves
(noise or artifacts) and mixed them as

targetECG = ECGMITDB + k × irregularWaveNSTDB (16)

where k means a real number.
Assuming a certain measurement fault that causes noise or

artifacts to suddenly occur in daily life due to body move-
ments or physical impact on the measurement electrodes,
we replaced a part of the ECG with pseudo ECGs obtained
by (16). As an initial evaluation, the total data length of this
experiment was set to the first 60 s, and the replaced part was
set to 30 to 40 s of the target data. Because the sampling rate of
MITDB and NSTDB is the same (360 Hz), we synchronized
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ECGMITDB and irreggularWaveNSTDB with the same sample
number, and set k in (16) to 3, whose generated pseudo
ECG was similar to that recorded by wearable ECG devices
utilizing dry electrodes based on the previous study [9].

As ECGMITDB, we utilized V5 derived ECGs of ID no. 100,
whose chest lead makes it easy to detect QRS complexes
in the normal measurement state. In the experiment target
(i.e., the first 60 s), we confirmed that there were very few
measurement faults and we were able to clearly observe QRS
complexes.

As irreggularWaveNSTDB, we used the data provided as
‘‘noise 1’’ of baseline wander (BW), electrode motion artifact
(EM), and muscle artifact (MA) in NSTDB [36]. Because
NSTDB provides three types of noise or artifacts, combining
them all yields eight conditions: (i) RAW (i.e., without any
noise or artifacts), (ii) BW, (iii) EM, (iv) MA, (v) BW+EM,
(vi) BW+MA, (vii) EM+MA, and (viii) BW+EM+MA.
When mixing two or more irregular waves, we set the
added value of irregular waves as irreggularWaveNSTDB.
Fig. 5 shows all the target pseudo ECGs that were created
in accordance with the aforementioned procedures.

Because the complex wavelet utilized in the proposed
method assumes the ECG data sampled at 200 Hz, all the
target ECG data were down sampled after the additive syn-
thesis using (16). To detect QRS complexes with the origi-
nal performance of each QRS complex detection algorithm,
no pre-processing was used.

2) REFERENCE QRS COMPLEXES
Because measurement faults themselves only cause appar-
ent changes, without changing the heart activity itself, QRS
complexes observed during measurement faults (i.e., during
30 to 40 s) were constant. We therefore used ‘‘annotations’’
of MITDB ID no. 100 in the first 60 s as the reference of QRS
complexes in all the patterns from (i) to (viii).

In the first 60 s, 75 points are annotated. On the basis
of the guidelines of PhysioBank annotation [39], we did
not use the very first annotation ‘‘+’’ observed at 0.050 s
because it was not related to actual QRS complexes. However,
we used the annotation ‘‘A’’ observed at 5.678 s as a reference
because premature atrial contraction represented as ‘‘A’’ does
not cause changes in the shape of a QRS complex based on
its clinical definition [28]. Overall, 74 points from 0.214 to
59.508 s were used as the references of QRS complexes.

For the appropriate validation of F1 score (described in
detail below), wemoved each annotation on the local maxima
of the corresponding R wave, as we confirmed that each
annotation was not necessarily affixed to the R wave but
rather around the S wave.

3) PERFORMANCE EVALUATION MEASURES FOR QRS
COMPLEX DETECTION
In this experiment, we first calculated precision and recall
and then calculated F1 score in accordance with the following

FIGURE 5. Target pseudo ECGs in experiment 1. Black shaded area in
each ECG indicates the period when the target pseudo ECG undergoes
measurement faults created using (16).

definitional equations [31], [32] (see Appendix A for details).

Precision =
TP

TP+ FP
(17)

Recall =
TP

TP+ FN
(18)

F1 score =
2× Recall × Precision
Recall + Precision

(19)

In these definitional equations, both precision and recall
are theoretically influenced by the amount of true positives
(TPs), so TPs must be counted on the basis of whether the
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detected points are exactly related to the corresponding ref-
erence QRS complexes. To obtain TPs that are as accurate
as possible in this sense, we additionally considered two per-
spectives: the discrimination of misdetected QRS complexes
that are not related to QRS complexes, at least in terms of
their observation time, and the time difference between the
actual observation time of the reference QRS complex and
the estimated observation time of the possible QRS complex
obtained by theQRS complex detection algorithm. Regarding
the first perspective, simply counting up the detected points
against the number of reference QRS complexes might result
in overvaluation of the QRS complex detection performance
because each QRS complex detection algorithm possibly
detects points irrelevant to the true QRS complexes, espe-
cially when processing ECGs with artifacts whose frequency
characteristics are quite similar to those of the true QRS com-
plexes. As for the second perspective, counting up based only
on the actual observation time of the reference QRS com-
plexes without considering the time difference between the
reference QRS complex and the estimated point might lead
to undervaluation, as the timing of possible QRS complex
detection depends on each QRS complex detection algorithm
and not necessarily on the exact observation time of the local
maxima of the R wave.

To obtain all the target measures as accurately as pos-
sible while suppressing overvaluation or undervaluation,
we only counted a detected point as TP when it was observed
within 0.10 s from the actual observation time of the corre-
sponding reference QRS complex. Here, 0.10 s is the normal
duration of one QRS complex among healthy subjects based
on its clinical definition [28]. Because we moved each anno-
tation to the local maxima of the corresponding R wave (as
described above), only the detected point observed before and
after 0.10 s from the local maxima of the R wave became the
counting-up target for TP.

4) PERFORMANCE EVALUATION OF RRI CALCULATION
To evaluate the performance of each QRS complex detection
algorithm from the perspective of the effect on the subsequent
RRI calculation as the initial step of HRV analysis, we also
evaluated the calculated RRI by its tachogram. To determine
the tolerance of the QRS complex detection performance to
measurement faults, we conducted a comparative evaluation
of the tachogram obtained by each QRS complex detection
algorithm while focusing on three phases in this experiment:
namely, the first 30 s without measurement faults, 30–40 s
during measurement faults, and after 40 s back to recording
ECG without measurement faults.

5) RESULTS
Fig. 6 shows the cross-sectional results of F1 score, precision,
and recall obtained by each method, and Table. 1 shows the
individual results in each condition obtained by each method.
The overall performance in QRS complex detection based on
the averaged F1 score was the best in method (a), followed by
method (b) and then (c). T-tests using Bonferroni correction

showed that there were significant differences in the F1 score
between methods (a) and (b) (p = 0.044). Regardless of the
method, all performed better in conditions (i) RAW and (ii)
BW, and worse in (vii) EM+MA and (viii) BW+EM+MA.
This indicates that all three methods were tolerant of the
‘‘noise’’ represented as BW, where QRS complexes were
easily observable even by sight, but vulnerable to ‘‘artifacts,’’
especially when QRS complexes were comparatively harder
to observe.

Fig. 7 shows the results of the RRIs calculated from the
QRS complexes obtained by each method. Although the
average F1 score for each method was over 0.85, the detec-
tion performance of QRS complexes was apparently quite
different. Both methods (a) and (b), which utilized a sin-
gle complex wavelet, returned to the original performance
right after the end of measurement faults regardless of the
conditions, whereas method (c) could not do that in condi-
tions (vii) EM+MA or (viii) BW+EM+MA. Specifically,
method (c) in these conditions could not detect QRS com-
plexes for approximately 5 seconds after the end of mea-
surement faults. Comparing methods (a) and (b) from 30 to
40 s (i.e., during measurement faults), method (a) was able to
obtain a comparatively closer value to the reference RRIs.

The above results demonstrate that the proposed method
(a) performed the best among the three target methods in
terms of both QRS complex detection performance and RRI
calculation based on the detected QRS complexes.

B. EXPERIMENT 2: EVALUATION OF QRS COMPLEX
DETECTION PERFORMANCE ON ACTUAL ECG DATA
RECORDED BY SHIRT-TYPE WEARABLE ECG DEVICE
ASSUMING DAILY LIFE ACTIVITIES
In this experiment, we assumed a situationwe often encounter
when recording ECGs by shirt-type wearable ECG devices
in a daily life environment. Specifically, we evaluated the
performance of the proposed method targeting actual ECGs
recorded during exercise by a shirt-type wearable ECG
device.

Because shirt-type wearable ECG devices possibly lead to
measurement faults in which we cannot confirm any QRS
complexes by sight, we conducted a comparative evaluation
using two independent wearable ECG devices at the same
time: a shirt-type device for the performance evaluation of
each QRS complex detection algorithm and a patch-type
device with medical approval for the reference. The subject
first wore the patch-type device for the reference and then
the shirt-type device for the performance evaluation. After
testing both devices, we confirmed that each device was able
to record ECGs without interfering with the ECG recording
by the other device.

To enable a fair comparative evaluation using these two
independent devices, we conducted a pre-evaluation of each
one: a pre-evaluation of the reference QRS complexes
obtained by the patch-type wearable ECG device with med-
ical approval, and a pre-evaluation of analysis target ECGs
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FIGURE 6. Cross-sectional results of F1 score, precision, and recall obtained by each method in experiment 1. T-tests using Bonferroni correction
showed there were significant differences in the F1 score between methods (a) and (b) (p = 0.044), in precision between methods (a) and (b) (p =

0.017) as well as between methods (a) and (c) (p = 0.031).

TABLE 1. Comparison of QRS complex detection performance in experiment 1.

for the QRS complex detection algorithm recorded by the
shirt-type wearable ECG device.

1) TARGET EXERCISE
Assuming the ECGs recorded by shirt-type wearable ECG
devices during daily life activities, this experiment targeted
the ECGs recorded while the subject performed ‘‘radio exer-
cise no. 1 [40]’’ (see Appendix B for more detail). This
exercise was originally designed to help people improve their
physical fitness, so it involves exercises for all parts of the
body, including jumping and twisting/stretching/bending of
the trunk. Because exercises involving trunk movements may
cause slippage or movement of the measurement electrode
embedded inside the shirt, which results in recording ECGs
contaminated with noise and artifacts, we expected we could
validate the potential performance of each QRS complex
detection algorithm during daily life activities by targeting
the ECGs recorded during this exercise.

This exercise consists of 13 short workouts (shown
in Table. 2) that are easily performed by ordinary people from
children to the elderly. Each workout is set to music with
short commands on the next workout, and the entire set takes

approximately 3 min from start to finish [41]. In accordance
with the approximate duration of each workout in the video
(see Table. 2), we targeted the ECG recorded for 200 s from
the start of the designatedmusic. The first 150 s of the video in
increments of 15 s correspond to the first to tenth workouts,
the next 10 s correspond to the 11th workout, the next 15 s
correspond to the 12th workout, and the final 25 s correspond
to the 13th workout.

Before the experiment, all participants watched the video
and practiced the movements. In case a participant forgot any
of themovements, we also played the exact same video during
the experiment.

2) REFERENCE QRS COMPLEXES AND CORRESPONDING
ECG DATA RECORDING
The reference QRS complexes in this experiment were sep-
arately recorded by a Holter ECG monitoring device with
medical approval. An overview of the device is shown
in Fig. 8.

The ECG data were recorded by the combination of a
wearable ECG device with built-in analog-to-digital (A/D)
converter (Cardy 303 pico+, SUZUKEN CO., LTD., Aichi,
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FIGURE 7. RRIs calculated from QRS complexes obtained by each method. Black shaded area indicates the period when the target pseudo ECG
undergoes measurement faults created using (16). Note that the value range of the longitudinal axis in method (c) was different from that in methods
(a) and (b), because method (c) could not detect any QRS complexes for a while in several conditions.

TABLE 2. 13 Workouts comprising radio exercise no. 1 and its duration.

Japan) and its dedicated disposable water-resistant patch-type
electrode (Kenz Cardyrode-P [waterproof], SUZUKEN CO.,

LTD., Aichi, Japan). The size of the wearable ECG device
was 28 mm [width] × 42 mm [height] × 9 mm [depth]
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FIGURE 8. Overview of the wearable Holter ECG monitoring device for obtaining reference QRS complexes. (a) Complete set of the wearable device
(Cardy 303 pico+ and Kenz Cardyrode-P [waterproof], SUZUKEN CO., LTD., Aichi, Japan). (b) Installation example.

TABLE 3. ECG leads of the wearable Holter ecg monitoring device and its channel information according to ‘‘instructions for use’’ of Cardy 303 pico+.

and its weight was 13 g. The dedicated disposable water-
resistant patch-type electrode consisted of three integrally
formed patches and lead wires. The size of the one patch
with two electrodes was 102 mm [width] × 57 mm [height],
whereas the two patches with one electrode were 57 mm
square. Each independent patch (i.e., electrode unit) was
connected with a lead wire. The weight of this integrated
patch was 8 g, so that the total weight of a complete set of
this device worn by users was 21 g. Thanks to the specially
designed electrodes, we could record three-channel ECGs
simultaneously (i.e., NASA, CM5, and an auxiliary lead,
as shown in Table. 3 and Fig. 9) at a sampling rate of 125 Hz.
This combinative ECG recording enables the suppression
of measurement faults compared to other devices that only
record single-channel ECGs.

After each participant finished the experiment, the recorded
ECGs were transferred from the wearable ECG device (i.e.,
Cardy 303 pico+) to a personal computer by using its dedi-
catedwired transfer unit (Cardy Transfer Unit 03, SUZUKEN
CO., LTD., Aichi, Japan) and then analyzed using dedicated
software (Kenz Cardy Analyzer Lite, SUZUKEN CO., LTD.,
Aichi, Japan). Both the wired transfer unit and the software
are registered as medical instruments associated with the
aforementioned ECG device.

The dedicated software is only capable of outputting
the list of recorded RRIs without raw ECG data. Because
RRIs are calculated right after the detection of a QRS

FIGURE 9. ECG leads of the wearable Holter ECG monitoring device. This
figure is cited from ‘‘Instructions for use’’ of Cardy 303 pico+.

complex in theory, we regarded the observation time of
each RRI as the reference of the QRS complex observation
time.

3) ANALYSIS TARGET ECG DATA FOR QRS COMPLEX
DETECTION ALGORITHM AND ITS RECORDING
The analysis target ECG data in this experiment were
recorded using a commercial shirt-type wearable ECG
device. Fig. 10 shows the device overview. It consists of
a specially designed shirt with the embedded measurement
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FIGURE 10. Overview of the shirt-type wearable ECG device for recording analysis target ECG. (a) Shirt with embedded electrodes and lead wire (Toray
Industries, Inc., Tokyo, Japan). (b) Device attachment point on the front side of the shirt and the dedicated attachable hardware for ECG recording
(hitoe R© transmitter 01, NTT DOCOMO, INC., Tokyo, Japan). (c) Installation example. The black arrows in (b) indicate the snap buttons for attachment.

FIGURE 11. ECG leads of the shirt-type wearable ECG device. (a) Electrode position on the shirt. (b) Bipolar chest lead CC5. For easy
understanding of the electrode position, (a) shows the white colored version of the same size shirt in Fig. 10. In (b), circles with a lattice
pattern indicate the position of measurement electrodes in bipolar chest lead CC5. Note that the image in (b) was created by the authors
based on [43].

electrode and lead wire (Toray Industries, Inc., Tokyo, Japan)
and an attachable wearable ECG device (hitoe R© transmit-
ter 01, NTT DOCOMO, INC., Tokyo, Japan). The embedded
measurement electrodes were made of the functional mate-
rial hitoe R© (Toray Industries, Inc., Tokyo, Japan), which
is electroconductive textile fabric made of nano-fiber yarn
(fiber diameter 700 nm; polyester) coated with a PEDOT-PSS
polymer thermobonding composition [6], [42] sized 130 mm
× 26 mm. The measurement electrodes made of hitoe R©were
installed in the inside of the shirt with slight compression,
which enabled the measurement electrodes to be snugly
placed on the skin surface. The parts other than the afore-
mentioned measurement electrode (e.g., lead wire and the
back side of the device attachment point) were coated with
a non-conductive material (Fig. 10(a)), so that the attachable
wearable ECG device only records the signal from measure-
ment electrodes via snap buttons for attachment.

Regarding the size of the shirt, five sizes (SS, S, M, L, and
LL) were available depending on the physique of the subject,
and its weight was 112.0 ± 11.64 g (min: 94 g in SS size,
max: 130 g in LL size). The combination of the specially
designed shirt with embedded measurement electrodes and
an attachable wearable ECG device was capable of recording
a single-channel ECG whose measurement lead is similar to
a bipolar chest lead CC5 [43] (Fig. 11).

Before each experiment, we checked the size of the shirt
to make sure the subject could wear it without having the
electrode move away from the skin or bend.

The ECG data were recorded through a wearable ECG
device (hitoe R© transmitter 01, NTT DOCOMO, INC.,
Tokyo, Japan) comprising a built-in A/D converter and a
wireless transmitter. The size of the wearable ECG device
was 37 mm [width] × 70 mm [height] × 12 mm (thickest)
[depth] and its weight was 23 g. The ECG data recorded at a
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sampling rate of 200 Hz were processed through this built-in
A/D converter and wirelessly transmitted to a smartphone
(XperiaTM X performance [SO-04H], Sony Mobile Commu-
nications Inc., Tokyo, Japan) via a dedicated application in
real-time.

After finishing all the experiments, all ECG data were
transferred to a personal computer, and the designated
QRS complex detection algorithm was applied for off-line
processing.

4) PERFORMANCE EVALUATION MEASURES FOR QRS
COMPLEX DETECTION
All the evaluation measures (i.e., precision, recall, and
F1 score) were calculated in accordance with (17)–(19)
described in III.A.3. To obtain TPs that are as accurate
as possible, it is important to consider the synchronizing
method of the two different devices as well as the suppression
method of their difference in the sampling rate (i.e., 125 Hz
in the reference and 200 Hz in the target ECG data) in
addition to the aforementioned two perspectives described
in III.A.3.

To unify the time counting systems of the two independent
devices, we used the time elapsed since the observation time
of the first QRS complex. Because of the difference in the
sampling rate of each device, we could not use their out-
put time as is (i.e., 24-hour clock with the calendar date).
Furthermore, the wearable ECG device for recording the
reference utilized stand-alone operation and was only able
to output the list of RRIs without raw ECG data, so we
could not synchronize two independent devices at the level
of analog signal. Because the first 9 s of the target exercise
was ‘‘pause,’’ without any physical movements where we
were able to clearly confirm QRS complexes in both devices
regardless of the subject, we synchronized the two devices by
the observation time of the first QRS complex while setting
that time as the starting point of the elapsed time (i.e., 0 s).

Regarding the sampling rate, we assumed that its effect on
the observation time of a QRS complex was comparatively
smaller (i.e., 0.003 s) than the time difference between the
actual observation time of the reference QRS complex and
the estimated observation time of the possible QRS complex
obtained by the QRS complex detection algorithm. We there-
fore aimed to resolve this difference along with the two
perspectives mentioned earlier.

To obtain all the target measures as accurately as possi-
ble while considering the remaining perspectives, we only
counted a detected point as TP when it was observed
within 0.10 s from the actual observation time of the corre-
sponding reference QRS complex, the same as in experiment
1. We regarded the update timing of each reference RRI as
the actual observation time of a QRS complex. Because the
dedicated software (Kenz Cardy Analyzer Lite, SUZUKEN
CO., LTD., Aichi, Japan) can detect QRS complexes within
the time it takes to observe them, we presumed that the time
difference between the actual QRS complex and the observa-

tion time of RRI would be sufficiently small for evaluating
TPs.

5) PERFORMANCE EVALUATION OF RRI CALCULATION
We also evaluated the calculated RRI by its tachogram in this
experiment. To determine the tolerance of the QRS complex
detection performance to measurement faults, we conducted
a comparative evaluation of the tachogram obtained by each
QRS complex detection algorithm and comparing it with the
recorded ECG, as the QRS detection performance depends on
the quality of the recorded ECG itself.

6) PRE-EVALUATION OF REFERENCE QRS COMPLEXES
Fig. 12 shows the RRIs obtained from each subject by using
a Holter ECG device.

As seen in Fig. 12(i), there were no misdetections or over-
look of RRIs in the case of subject 1. Regarding subjects 2
(Fig. 12(ii)) and 3 (Fig. 12(iii)), on the other hand, some RRI
calculation failures were confirmed: according to its annota-
tion, the device failed to obtain RRIs observed at 170.28 s
and 170.56 s for subject 2, and at 85.856 s and 86.144 s for
subject 3. We therefore excluded these four RRIs and used
the rest of them as the reference QRS complexes. In total,
the following points were set as the reference QRS complexes
in each subject: 274 points for subject 1, 332 points for subject
2, and 321 points for subject 3.

7) PRE-EVALUATION OF ANALYSIS TARGET ECGS FOR QRS
COMPLEX DETECTION ALGORITHM
Fig. 13 shows the analysis target ECGs for the QRS complex
detection algorithm recorded by using the aforementioned
shirt-type wearable ECG device during the target exercise.

As seen in Fig. 13(iii), the ECG obtained from subject
3 was comparatively clear regardless of the movements.
Regarding subjects 1 (Fig. 13(i)) and 2 (Fig. 13(ii)), on the
other hand, several parts of the recorded ECG were contam-
inated with noise or artifacts. As a whole, the ECG obtained
from subject 1 was in poor condition compared to the one
obtained from subject 2. Focusing on each workout in the tar-
get exercise, the ECGs recorded during workouts 3 to 10 were
relatively worse than those of the other workouts. Because
workouts 3 to 10 involved twisting/stretching/bending of the
trunk, which may cause slippage or movement of the mea-
surement electrode embedded inside the shirt, we could vali-
date the performance of the QRS complex detection targeting
the ECGs recorded with possible measurement faults.

Taken together, we expect that the evaluation using these
three ECGs as the analysis target for the QRS complex detec-
tion algorithm will help clarify the possible performance of
each algorithm targeting the ECGs recorded during daily life
activities, as we initially intended.

8) RESULTS
Fig. 14 shows the cross-sectional results of F1 score, preci-
sion, and recall obtained by each method, and Table. 4 shows
the individual results in each condition obtained by each
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FIGURE 12. RRIs obtained from each subject by using a series of the wearable Holter ECG monitoring device. The
red crosses at 170.28 s and 170.56 s in (ii) Subject 2, and at 85.856 s and 86.144 s in (iii) Subject 3, indicate
erroneous RRIs according to the annotation (i.e., the RRIs excluded from the reference RRIs in experiment 2).

method. The overall performance in QRS complex detection
based on the average F1 score was the best in method (a),
followed by method (b) and then (c), which is the same order
observed in experiment 1. T-tests using Bonferroni correction
showed that there were no significant difference between
any combinations. Regardless of the method, each performed
better for subject 3, whose ECGwas stable compared to those
obtained from subjects 1 and 2. These results indicate that,
while all three methods could perform well when targeting
comparatively clear ECGs, their tolerances for actual mea-
surement faults (noise or artifacts) were different.

Fig. 15 shows the results of the RRIs calculated from the
QRS complexes obtained by each method. As we confirmed
in the aforementioned F1 score, all methods performed well
for subject 3, whose ECG was stable compared to those
obtained from subjects 1 and 2. Regarding the other subjects,
each method performed differently. Method (a) was able

to obtain RRIs that were apparently close to the reference
RRIs regardless of the subject, whereas methods (b) and (c)
failed to obtain applicable RRIs, especially when processing
ECGs with measurement faults (i.e., the ECGs obtained from
subjects 1 and 2). This tendency was worse in method (c):
when processing subject 1, it could not match to the original
performance and obtained 7285 ms as one RRI at worst.

Considering these results, the combination of preprocess-
ing by complex wavelet and the proposed peak detection,
which was performed as method (a) in this experiment,
was effective to acquire tolerance to measurement faults
(e.g., during/after measurement faults).

IV. DISCUSSION
Assuming that the QRS complex detection algorithm will be
used for ECGs recorded by a wearable ECG device in the
daily life environment as the initial step of HRV analysis,
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FIGURE 13. Analysis target ECGs for QRS complex detection algorithm recorded by using the shirt-type wearable ECG device
during target exercise.

FIGURE 14. Cross-sectional results of F1 score, precision, and recall obtained by each method in experiment 2. T-tests using Bonferroni correction
showed there were no significant differences between any combinations.
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TABLE 4. Comparison of QRS complex detection performance in experiment 2.

FIGURE 15. Results of RRIs calculated from the QRS complexes obtained by each method. Figures in brackets indicate the amount of the estimated
RRIs obtained by each method. Note that the value range of the longitudinal axis in (i) subject 1 utilized a logarithm whereas the others utilized a real
number, as method (c) for subject 1 could not detect any QRS complexes for a while and therefore calculated prolonged RRIs due to the overlooked
QRS complexes.
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FIGURE 16. Examples of QRS complexes detected by the proposed method that the benchmark method (Pan-Tompkins algorithm [11],
method (c)) could not detect. Black arrows indicate the positions of QRS complexes. All these QRS complexes were confirmed to correspond
to the reference RRIs obtained by a Holter wearable ECG device, in which their annotation indicated ‘‘normal’’ beat, so all morphological
changes in these QRS complexes were considered apparent changes due to measurement faults (e.g., noise or artifact).

the following two perspectives should be satisfied: (α) tolera-
ble performance in detecting QRS complexes while suppress-
ing overlook and misdetection that can be accomplished with
only a small dataset (or no dataset at best) and (β) operability
on limited computing resources in real-time or semi-real-time
(i.e., with slight delay). Because the currently available wear-
able ECG devices transfer the recorded ECG as batch pro-
cessing after finishing its recording (e.g., Holter ECG devices
such as the Cardy 303 pico+ used in this experiment) or as
real-time/semi-real-time processing using the combination of
a dedicated wireless transmitter (e.g., the hitoe R© transmitter
01 used in this experiment) and a commercial smartphone,
QRS complex detection should be performed either in the
built-in microcomputer in the transmitter or in the mobile
environment represented as a smartphone, neither of which
can utilize a sufficient dataset for processing QRS complex
detection.

To satisfy condition (α) in the design stage of the algo-
rithm, we developed a two-stage QRS complex detection
algorithm comprising single complex wavelet filtering in
the preprocessing stage and morphology-based peak selec-
tion in the decision stage. To line up candidates of the
QRS complexes while suppressing overlook regardless of the
change in the shape of QRS complexes without preparing
any learning dataset in advance, we utilized single complex
wavelet filtering in the preprocessing stage that can follow
the change in shape of QRS complexes simply by changing
phases (Fig. 4). Through experiments 1 and 2 targeting ECGs
assuming daily life activities, we confirmed that the proposed
single complex wavelet (methods (a) and (b)) was able to
obtain the QRS complexes corresponding to the reference
ones with more accuracy than the algorithm utilizing dif-
ferent preprocessing (method (c)). Fig. 16 shows examples

of the QRS complexes detected by the proposed method
(method (a)) from the actual ECG data in experiment 2,
which the benchmark method (method (c)) could not detect.
Although the subject wore a shirt-type wearable ECG device
without any observable riding up, the shapes of the QRS
complexes in the ECGs recorded during the target exercise
were inconsistent due to measurement faults (noise or arti-
facts). Even in this situation, the proposed single complex
wavelet was able to successfully line up the candidates of
QRS complexes regardless of shape changes. To suppress
misdetection of QRS complexes for obtaining more accu-
rate RRIs, the proposed method utilized morphology-based
peak selection in the decision stage. By making use of the
phase properties in the single complex wavelet, the proposed
method was better able to identify applicable QRS complexes
while suppressingmisdetection compared to the conventional
methods. Method (b), whose decision stage was only uti-
lized magnitude-based thresholding (i.e., ‘‘findpeaks’’ func-
tion in MATLAB) frequently detected unrelated points that
were not QRS complexes, and method (c), whose decision
stage utilized PTA built-in thresholding, sometimes failed
to detect QRS complexes for a while after measurement
faults occurred. Taken together, we conclude that the utiliz-
ing single complex wavelet was truly able to suppress the
overlook of QRS complexes, but this alone does not nec-
essarily contribute to suppressing the misdetection of QRS
complexes; indeed, it results in increased misdetection. We
therefore feel that the proposed method utilizing single com-
plex wavelet used in conjunction with morphology-based
peak selection would balance the appropriateness of the
detected QRS complexes and enable tolerance to measure-
ment faults (e.g., during/after measurement faults). The
F1 scores and the calculated RRIs support this indication as
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FIGURE 17. Actual run state of the dedicated mobile application utilizing the proposed method on a commercial smartphone.

well: method (a) obtained the F1 score of 0.952 ± 0.040 in
experiment 1 and 0.986 ± 0.018 in experiment 2, and its
calculated RRIs were also similar to the reference in both
experiments.

Regarding this QRS complex detection performance eval-
uation, we understood that there was the possibility of under-
valuation in experiment 2, where we did not have any defined
annotations as in experiment 1: in theory, we cannot validate
the QRS complexes detected from wearable ECG if we can-
not obtain the reference QRS complexes. Focusing on subject
3, in fact, we confirmed 323 points from the wearable ECG
without any drastic measurement faults in the recorded ECG,
but we had only 321 reference QRS complexes. However,
the number of excluded references per subject was just two
points at the most thanks to the three-channel ECG recording
by the wearable Holter ECG device, so that we conclude that
the impact stemming from no references on these evaluation
results was virtually negligible.

Although we conducted all the experiments in this paper
in a commercial personal computer environment as off-line
processing, we also independently investigated the potential
real-time performance (i.e., in terms of condition (β)) by
developing an actual mobile application. Fig. 17 shows the
actual run state of the dedicated mobile application utilizing

method (a) on a commercial smartphone (XperiaTM X perfor-
mance [SO-04H], SonyMobile Communications Inc., Tokyo,
Japan; CPU, Snapdragon 820 (MSM8996) 2.2 GHz/1.6 GHz;
RAM, 3.0 GB; OS, Android 6.0.1). Triangles on the recorded
ECG depict the points detected by the proposed method.
We also independently confirmed that this dedicated mobile
application was able to operate for 24 hours without slow-
down or forced termination through a long-term stability
test. Because the single wavelet designed for QRS com-
plexes does not require much queueing time for its pro-
cessing, the actual processing delay of the proposed method
predominantly depends on the setting value of the queuing
time for the peak selection in the decision stage, which may
also affect the performance of the QRS complex detection
itself. As a practical example, the experimental results in this
paper indicate that the proposed method has the potential to
obtain a tolerable performance within 2.4 seconds. This semi-
real-time processing of QRS complex detection while record-
ing ECG with a tolerable performance in terms of applicable
RRI calculation might indirectly contribute to reducing the
need for re-experiments due to the delayed confirmation of
the RRI calculation performance.

It is true that improving the QRS complex detection perfor-
mance itself would be an indispensable approach to improve

60818 VOLUME 9, 2021



S. Shimauchi et al.: RRI Estimation for Wearable ECG Based on Single Complex Wavelet Filtering and Morphology

the accuracy of HRV features, as the RRIs used for HRV
feature calculation are originally calculated from two adja-
cent QRS complexes in theory. With the objective of more
accurate HRV analysis using wearable ECG devices in a daily
life environment, however, we should also consider the subse-
quent processes of QRS complex detection, namely, the com-
bination of artefact identification, RRI editing, and RRI rejec-
tion, which we can rephrase as ‘‘RRI outlier processing,’’
and HRV feature calculation itself. Although the proposed
method was able to suppress overlook in QRS detection, it is
actually very difficult to completely suppress the misdetec-
tion of artifacts whose frequency characteristics as well as
morphology are quite similar to those of the QRS complex.
Because artifacts have no relation to heart activity itself,
excluding miscalculated RRIs on the basis of the reliability of
the calculated RRIs as a part of RRI outlier processing would
be an essential countermeasure for more accurate HRV anal-
ysis [44], [45]. Aside from this, interpolating missing RRIs
caused by overlooking of a QRS complex itself, or excluding
possible miscalculated RRIs, also plays an important role in
maintaining the accuracy of HRV features [9], [46]. A pilot
study considering the combination of several HRV analysis
processes (i.e., QRS complex detection, possible misdetected
RRIs exclusion, and missing RRIs interpolation) indicated
that the combination of better processes would improve the
accuracy of HRV features more than simply utilizing one bet-
ter process [22]. We should point out here that the traditional
HRV analysis flow [1] assumes only one-way processing,
meaning that each process has to deal with the issues inherent
in each step. In this sense, QRS complex detection that can
suppress overlook and misdetection could become the basis
of more accurate HRV analysis by raising the standard of
RRIs in terms of amount and accuracy.

Themajor limitations of this study are the lack of a compre-
hensive comparative evaluation with QRS complex detection
algorithms other than PTA, the generalizability in terms of
the wearable ECG device, and the generalizability in terms
of RRI estimation for purposes other than HRV analysis.
Although a lot of QRS complex detection algorithms have
been developed to date, in this study we conducted a com-
parative evaluation only with PTA as an initial validation of
the proposed method. Future study aiming for a more com-
prehensive comparative evaluation with other QRS complex
detection algorithms should be done to reveal further char-
acteristics including the pros and cons within each algorithm
especially when targeting wearable ECGs with measurement
faults. Regarding the second limitation, all the above insights
are based on the results of experiments using pseudo ECG
or using one specific shirt-type wearable ECG device. There
are many variations among the currently available wearable
devices, especially in terms of the type (e.g., patch, shirt,
or wrist-band), measurement electrode (e.g., arrangement or
material), or even its dedicated hardware (e.g., A/D converter
or built-in filter), and all these factors in addition to the
environmental condition together with the subject condition
under that environment could have an effect on the recorded

ECGs. Aside from this, as we mentioned earlier, identical
noise or artifacts will not be repeatedly observed even when
the same user tries to perform the same movements, because
these measurement faults are also affected by the electrode
condition (e.g., wet/dry, placement position, contact area,
flexion of electrode itself, or friction between electrode and
skin surface), which could hardly be exactly the same as
they were before. In other words, an experimental result
under one combinative condition would be an example of
that condition only. To develop practical healthcare services
based on HRV features obtained by using wearable ECG
devices, it is essential to accumulate real data and correspond-
ing know-how on the conditions (e.g., device, environment,
subject, and electrode condition) together with validation
results. As for the generalizability on RRI estimation for
purposes other than HRV analysis represented as arrhythmia
evaluation, we should further modify the proposed method in
terms of both the preprocessing stage and the decision stage.
Our current preprocessing uses a single complex wavelet
focusing on the morphological change of QRS complexes
due to noise or artifacts, in which the duration of QRS
complexes is constant, so it would not be capable of fol-
lowing morbid morphological changes in QRS complexes
represented as a premature ventricular contraction or bundle
branch block. Regarding the decision stage, on the other hand,
our current peak selection assumes normal sinus rhythm and
equally evaluates three properties, namely, peak magnitude,
peak location, and peak morphology (phase). This means
that the current peak selection would not be capable of fol-
lowing morbid changes in QRS complex periodicity repre-
sented as atrial fibrillation or consecutive premature atrial
contraction. To extend our proposed method for the detection
of QRS complexes for these clinical purposes, we should
additionally consider how to follow the morbid morpholog-
ical and periodicity changes while balancing the processing
cost.

V. CONCLUSION
In this paper, we proposed a semi-real-time RRI estimation
for wearable ECG utilizing a two-stage structure. For its pre-
processing stage, the feature of the QRS complex is extracted
by using a complex-valued wavelet that can adaptively fit to
morphological variations of the QRS complex to improve the
traceability while retaining computing resources, especially
for QRS complexes undergoing morphological changes due
to noise and artifacts. For its decision stage, we made use of
complex-valued features and select appropriate QRS com-
plexes in consideration of three features: peak magnitude,
peak location, and peak morphology (phase). Initial evalu-
ations showed that the QRS complex detection performance
of the proposed method achieved the F1 score of 0.952 ±
0.040 when targeting pseudo ECG data created from open
data assuming wearable ECGs, and of 0.986 ± 0.018 when
targeting actual ECG data recorded by a shirt-type wear-
able ECG device during an exercise activity. Furthermore,
the proposed method was able to obtain more appropriate
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RRIs close to the reference RRIs by suppressing overlook
or misdetection of QRS complexes. These results indicate
that the proposed method has great potential for utilization
in highly accurate non-clinical healthcare services based on
HRV features using wearable ECGs in terms of obtaining
accurate RRIs.

The major limitations of this study are the lack of a
comprehensive comparative evaluation with QRS complex
detection algorithms other than PTA, the generalizability in
terms of wearable ECG devices, and the generalizability
in terms of RRI estimation for purposes other than HRV
analysis. To reveal further characteristics including the pros
and cons within each algorithm, especially when targeting
wearable ECGs with measurement faults, future study aim-
ing for a more comprehensive comparative evaluation with
other QRS complex detection algorithms is needed. Regard-
ing the second limitation, all the insights were based on
the results of experiments using pseudo ECGs or using one
specific shirt-type wearable ECG device, so future study
targeting other combinations of wearable ECGs should be
done. To extend our proposed method for the detection of
QRS complexes for clinical purposes such as arrhythmia
evaluation, future work should additionally consider how to
follow the morbid morphological and periodicity changes
while balancing the processing cost.

APPENDIX
A. CALCULATION OF PRECISION, RECALL, AND F1 SCORE
BASED ON CONFUSION MATRIX
This appendix introduces a brief summary of the confusion
matrix and the calculation method of precision, recall, and
F1 score based on it.

The confusion matrix (Table. 5) shows the combination of
the prediction results and the defined label with which we can
understand how accurately the target method performs [32].
Here, each class stands for the following condition.
• True Positive (TP): the class for an item classified as
positive whose label is positive. In this paper, it refers
to the number of correctly detected QRS complexes that
match the corresponding reference QRS complexes.

• False Positive (FP): the class for an item classified as
positive whose label is negative. In this paper, it refers
to the number of misdetected QRS complexes that do
not correspond to the reference QRS complexes.

• False Negative (FN): the class for an item classified as
negative whose label is positive. In this paper, it refers
to the number of overlooked QRS complexes.

• True Negative (TN): the class for an item classified
as negative whose label is negative. In this paper, this
class does not exist because the algorithm only targets

‘‘positive’’ (i.e., QRS complex) detection and there are
no ‘‘negative’’ labels in the reference either (i.e., all
reference QRS complexes are defined as ‘‘positive’’).

On the basis of these four data classes (or rather, three
data classes comprising TP, FP, and FN), we can calculate
the following measures for the performance evaluation.

• Precision (a.k.a. Positive Prediction Value): the mea-
sure that quantifies how well the evaluation target (e.g.,
model, algorithm) avoids false positives. This mea-
sure quantifies how well the evaluation target algorithm
detects QRS complexes while suppressing misdetection.

Precision =
TP

TP+ FP

• Recall (a.k.a. Positive Rate, Sensitivity): the measure
that quantifies how well the evaluation target (e.g.,
model, algorithm) avoids false negatives. This mea-
sure quantifies how well the evaluation target algorithm
detects QRS complexes while suppressing overlook.

Recall =
TP

TP+ FN

• F1 Score: the harmonic mean of the precision and recall
measures into a single score [31], [32].

F1 score =
2× Recall × Precision
Recall + Precision

=
2TP

2TP+ FN + FP

B. RADIO EXERCISE NO. 1
This appendix introduces ‘‘radio exercise no. 1,’’ which we
set as the target exercise in experiment 2. This exercise was
originally designed for helping people improve their physical
fitness and its current version is well known in Japan, with a
history spanningmore than 70 years since 1951 [47]. Because
the morning assembly for this exercise is a common summer
event for Japanese children, most Japanese are familiar with
it and are rarely seeing it for the first time.

This exercise consists of 13 short workouts that are easily
performed by ordinary people from children to the elderly,
and involves exercises for the whole body including jump-
ing and twisting/stretching/bending of the trunk. Note that
the second workout and the 12th workout are exactly the
same. All workouts are set to designated music with short
commands on the next workout, and take approximately
3 min from start to finish [41].

Each designated workout in the official illustration [40] is
shown in detail below. Note that all illustrations are cited from

TABLE 5. Confusion matrix.
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the official illustration [40], but the written descriptions have
been translated by the authors.
1. Stretching the body (Fig. 18)
2. Swinging the arms and bending/stretching the legs

(Fig. 19)
3. Rotating the arms (Fig. 20)
4. Spreading the chest (Fig. 21)
5. Side bending of the body (Fig. 22)
6. Bending of the body back and forth (Fig. 23)

7. Body twisting (Fig. 24)
8. Stretching the arms up and down (Fig. 25)
9. Bending the body diagonally downwards and

spreading the chest (Fig. 26)
10. Rotating the body (Fig. 27)
11. Jumping with both legs (Fig. 28)
12. Swinging the arms and bending/stretching the legs (same

as the second workout)
13. Deep breaths (Fig. 29)

FIGURE 18. Stretching the body.

FIGURE 19. Swinging the arms and bending/stretching the legs.
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FIGURE 20. Rotating the arms.

FIGURE 21. Spreading the chest.

FIGURE 22. Side bending of the body.
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FIGURE 23. Bending of the body back and forth.

FIGURE 24. Body twisting.

FIGURE 25. Stretching the arms up and down.

VOLUME 9, 2021 60823



S. Shimauchi et al.: RRI Estimation for Wearable ECG Based on Single Complex Wavelet Filtering and Morphology

FIGURE 26. Bending the body diagonally downwards and spreading the chest.

FIGURE 27. Rotating the body.

FIGURE 28. Jumping with both legs.
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FIGURE 29. Deep breaths.
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