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Abstract

Photoplethysmography (PPG) is a noninvasive technique that can be used to

conveniently measure heart rate (HR) and thus obtain relevant health-related

information. However, developing an automated PPG system is difficult,

because its waveforms are susceptible to motion artifacts and between-patient

variation, making its interpretation difficult. We use deep neural network

(DNN) filters to mimic the cognitive ability of a human expert who can distin-

guish the features of PPG altered by noise from various sources. Systolic (S),

onset (O), and first derivative peaks (W) are recognized by three different

DNN filters. In addition, the boundaries of uninformative regions caused by

artifacts are identified by two different filters. The algorithm reliably derives

the HR and presents recognition scores for the S, O, and W peaks and artifacts

with only a 0.7-s delay. In the evaluation using data from 11 patients obtained

from PhysioNet, the algorithm yields 8643 (86.12%) reliable HR measurements

from a total of 10 036 heartbeats, including some with uninformative data

resulting from arrhythmias and artifacts.
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1 | INTRODUCTION

The use of photoplethysmography (PPG) to measure heart
rate (HR) is more common than invasive blood pressure
measurement and electrocardiography (ECG), because of its
easy and noninvasive sensor setup [1,2]. However, reliably
analyzing the results of PPG is difficult because of the vari-
ety and complexity of waveforms depending on age, individ-
ual disease states, and motion artifacts [3,4]. Although
various signal processing techniques have been used to ana-
lyze PPG, most automated systems or algorithms are unable
to determine whether the raw data are informative or unin-
formative because of some reasons, such as out-of-range

noise and gain attenuation in auto-gain control units [5–8].
Therefore, conventional analysis of PPG is usually per-
formed manually by a human expert operator who can dis-
tinguish heartbeat pulses in the informative region from
reflected pulses in the uninformative regions. Recently, deep
neural network (DNN) technology has been used to develop
automated analytical algorithms, because it can mimic the
perception of waveform features by human experts [9–18].

Several DNN models have been developed to analyze
PPG for various purposes, such as the estimation of blood
pressure, cardiovascular disease, pain, age, and biometric
identification [11–16]. However, the results of most previ-
ous trials could not determine whether DNN accurately
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recognizes features related to a given patient. One way to
confirm whether the DNN recognizes relevant PPG
features related to heartbeat is by comparison with other
heartbeat signals simultaneously acquired using a proven
method [19]. For example, Biswas and others developed a
system capable of performing biometric identification and
HR estimation by applying convolutional neural network
(CNN) and long short-term memory (LSTM) techniques
[9]. The system required 1000 input data measured over
5 min and 44.1 million training data measured from 20 -
subjects for machine learning (ML). When the system was
evaluated with training data, it showed a difference of 1.47
bpm compared with the HR obtained by ECG. However,
differences in the PPG of patients not included in the train-
ing data might have been larger. In addition, Reiss and
others proposed a CNN model that uses a 7 � 1025 � 4
input data [10]. The CNN model was trained with 271
million data to find the correct HR in PPG scans con-
taining motion artifacts. In testing with the data not used
for the ML, the HR estimation error reached 16.51 bpm.

CNN and LSTM use large amounts of input data and
neurons, which are time-consuming to process, for mea-
surement and calculations and require high-performance
computers [19]. Larger amounts of training data are
required for large numbers of input data and neurons.
However, previous studies showed that obtaining sufficient
amounts of training data is difficult. Although DNNs can
reproduce the function of animal neurons and synapses,
the brain does not require as much training data as does a
DNN [20]. For instance, a stimulus once entered into a neu-
ral network (NN) in the brain is repeatedly reentered into
the same NN for a brief time, whereas in a conventional
DNN, one dataset is entered once to obtain the final result
[21]. DNN can be used as a nonrecursive digital filter that
repeatedly inputs and super-poses a part of continuously
measured PPG data; it moves and overlaps the location of
input data in succession [22]. These NN filters augment
some measured data into a number of training data and
allow easy training to filter out confusing features resulting
from motion artifacts and pulse reflection waves [5,23–25].

In this study, to estimate the accuracy of the PPG
waveform features of heart contraction that were detected
by proposed DNN filters, the HR and time obtained from
these features were analyzed by comparing with those
obtained via the ECG QRS complex at each beat [26].

2 | METHODS

2.1 | HR measurement algorithm

Figure 1 presents a block diagram of the HR measure-
ment algorithm that includes five DNN filters along with

the signals processed at each step. First, the raw PPG
waveform is inspected in terms of local high and low
waveform peaks (HPs and LPs, respectively) within 0.2-s
data lengths [27]. A time interval of 0.2 s was used,
because showing a sudden change of more than 5 Hz in
PPG is difficult because of blood vessel compliance. As a
reference, in some cases, a filter that removes signals at
frequencies higher than 5 Hz was used to filter out possi-
ble noise in the PPG result. Such peaks are generated not
only by heart pulsation but also by reflection waves origi-
nating from peripheral arteries. Next, we calculated the
first PPG derivative and recorded the locations of local
high peaks. Reflection waves are irregular and differ
according to the patient’s posture and health status; ear-
lier automatic algorithms confused reflections with heart-
beats. Human experts can distinguish waveform changes
caused by heart pulsations from reflections. Therefore,
DNN techniques are required to determine whether these
peaks are resulting from pulsations or reflections. As
shown in Step 1 of Figure 1, we evaluated raw PPG data,
the first derivatives, and the features. In Step 2, the input
required by the DNN filter is reconstructed from the sig-
nal processed in Step 1. First, a dataset consisting of
20 values and their derivatives serves as DNN filter
inputs, along with the HPs, LPs, and derivative peaks in
the same zone. Fewer data from around the target zone
are included, because they may occur from regions dis-
tant from that zone. When the first PPG input dataset is
termed P[n], the zone where the DNN filters indicate fea-
ture locations lies from n = 27 to n = 46, and all data
from P[n + 27] to P[n + 46] are included in the DNN fil-
ter inputs. However, when n ranges from 0 to 26 and
47 to 73, only 12 data are input into the DNN filters. Only
P[n], P[n + 7], P[n + 13], P[n + 18], P[n + 22], P[n
+ 25], P[n + 27], P[n + 28], P[n + 46], P[n + 48], P[n
+ 51], P[n + 55], P[n + 60], P[n + 66], and P[n + 73]
are selected. Other input PPG-derived data are then
selected, as shown in Figure 2 (124 data from X[0], …, X
[123]; 32 raw data; 32 derivative data; and 20 locations of
all of the local HPs, LPs, and derivative peaks within the
target zones). Two DNN filters determine the error start
(ES) and error end (EE) regions; three DNN filters
identify the HP (systolic [S]), LP (onset [O]), and first
derivative (W) peaks caused by heartbeats. Twenty out-
puts of the DNN filter (Y[0], …, Y[19]) are used to reveal
the locations of S, O, W, ES, or EE points within target
zones from R[n + 27] to R[n + 46]. The 21st output
describes whether the features of the S, O, W, ES, or EE
points exist within the target zones.

After input of a dataset, the next input zone moves by
one data unit to overlap with the previous input and the
first target zone. This forces the DNN filter to reevaluate
its decisions 20-fold for most PPG regions, except for the
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beginning and end. Figure 2 shows the size of the moving
window used to analyze consecutive PPG data. The win-
dow time length for 74 data was 1.184 s; the data were
processed and transferred to the DNN filters every
0.016 s. The filters determine the S, O, W, ES, and EE
locations within the 0.32-s target zone. When the window
moves, the output regions of the DNN filter overlap up to
20-fold. The overlapping number shows that the filters
repeatedly selected the same target features. The higher
the overlapping number, the more reliable is the deci-
sion. Although the DNN filters have fewer neurons than
other DNN models, the number of decision overlaps is an
additional index indicating the reliability and accuracy of
the model.

2.2 | Training data

To train the DNN filters, data (including various artifacts)
from one healthy subject and four critically ill patients
were used; the other data employed to evaluate the filters
were from another 11 critically ill patients (Table 1). The
mean age of the patients was 67.1 � 12.0 years, and the
mean HR was 90.1 bpm � 9.8 bpm. The data were
obtained from the BIDMC PPG and Respiration Dataset

of PhysioNet (physionet.org) [28,29]. All data were
recorded for 8 min at 125 Hz; ECG II, V, and AVR data
were also available. To deliver the data to the DNN fil-
ters, the sampling rate of 125 Hz was reduced to 62.5 Hz;
the filters were trained with data of this frequency to
enhance deep learning (DL) efficiency and reduce the
amount of training data.

As shown in Figure 3, the LP, HP, and derivative
peaks during heart pulsation were defined as S, O, and W
peaks; S represents the maximum value in a PPG scan
due to heart contraction, O is the minimum value in the
scan just before contraction, and W is the maximum
value of a PPG derivative waveform during contraction
[24]. ES and EE points were defined as the start and end
points of error regions, respectively, identified by experts
as abnormal and thus uninformative. As shown in
Figure 3, an HP and LP were defined when the PPG
value was maximal and minimal within 11 sequential
data blocks (from 5 before the point to 5 after the point).
The derivative peak occurred where the first PPG
derivative was maximal within the 11 sequential data
blocks around that point. Human experts examined all
raw PPG waveforms and their first derivatives and stored
the locations of S, O, W, ES, and EE in the target data of
the training data (Figure 3). In other words, the S, O, W,
ES, and EE values were included as the destination
output in the training data in deep learning for the
DNN filters.

In the process of creating training data, a human
expert examined the PPG waveform and identified the
waveform region where the heartbeat could be normally
observed and the region where the heartbeat waveform
was illegible because of noise. Before the start of the
uninformative area, the applicable LP was stored in the
training dataset as an ES point, and the LP that occurred
after the end of the uninformative area was considered
the EE point. In the informative waveform section, the
expert determined the O and S points based on the ECG
QRS complexes measured simultaneously, added these
points as training data, and ignored HP and LP because
of the reflected wave. In the derivative waveform, several
peaks occurred during a single heart contraction; only
the peaks related to the heartbeat were stored as W
points. The DNNs used in this study search for S, O, and,
W points only in PPG outputs without ECG data; there-
fore, if the PPG waveform was abnormally distorted for
unknown reasons, the expert did not determine the HP
and LP in the distorted region as S, O, and W points, even
when results were close from the QRS complex.
However, if the PPG waveform was distorted owing to
comprehensible reasons, such as arrhythmia when
analyzing the electrocardiogram, HP and LP were used to
indicate S, O, and W points.

F I GURE 1 HR measurement algorithm incorporating DNN

filters
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2.3 | The DNN filters

The five DNN filters featured 124 inputs, two hidden
layers (composed of 248 neurons), and an output layer
(composed of 21 neurons), as shown in Figure 4. The
active function of the hidden layers was the rectified
linear unit. The active function of the output layers
was a softmax function; one output was 1 and the rest
were 0. For example, for the S DNN filter, 20 of the
outputs indicated whether each of 20 data (YS[0], YS
[1], …, YS[19]) in the target zone (RS[n + 27], RS[n
+ 28], …, RS[n + 46]; RS: Recognition Score) exhibited
the required characteristics. That is, when the S filter
found a target in the nth PPG data block, RS
[n] increased by 1; otherwise, RS[n] did not increase.
If the filters found no target, the 21st values of the
output layer (YS[20], YO[20], YW[20], YES[20], and
YEE[20]) became 1 and all other values became 0. The
DNN filter memory size was 843 kb; thus, the total
memory was 4.11 Mb, a size that can be handled by a
micro-controller.

F I GURE 2 Data processing through HR measurement algorithm

TAB L E 1 Training and test data used for DL and evaluation

Dataset

Age

(years)

/gender

Total

beats HR (Hz)

Error

length (s)

1 Training

data

28/M 528 65.2 � 12.2 102.30 (21.31%)

2 88/M 121 91.4 � 3.9 14.61 (6.10%)

3 65/M 120 91.1 � 2.7 6.59 (2.75%)

4 46/F - - 8.58 (3.58%)

5 78/M 122 93.2 � 9.0 26.64 (11.12%)

6 Test data 73/F 783 98.2 � 1.9 21.54 (34.37%)

7 64/F 652 81.9 � 1.6 3.71 (1.55%)

8 64/F 719 90.2 � 1.1 0.00 (0.00%)

9 64/F 796 99.9 � 3.0 3.47 (1.45%)

10 64/F 612 77 � 4.4 1.01 (0.42%)

11 74/M 658 83.8 � 19.1 33.38 (15.48%)

12 50/M 740 93 � 3.3 15.90 (6.64%)

13 75/M 740 93 � 2.9 18.30 (10.05%)

14 71/F 532 66.7 � 0.8 8.22 (7.26%)

15 70/F 758 95.2 � 2.5 36.26 (24.80%)

16 51/M 856 107.3 � 1.9 20.99 (8.76%)
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2.4 | Recognition scoring

HRs were calculated using the ns gap differences and
the locations of consecutive maxima of RS[n], RO[n],
and RW[n]. However, because there were motion arti-
facts, an additional process was used to determine the
final HRs using DNN-filtered data on RS[n], RO[n], RW
[n], RES[n], and REE[n]. For example, for RS[n] > 10,
the DNN filters recognized an S point. However, RS[n]
< 10 may occur, given that most decisions are made
near the maximum RS[n], max (RS[n]). Even if max
(RS[n]) < 10 and a clear RO[n] lies within 0.1 s ahead
of it, it must be recognized as an S. The O, W, ES, and
EE values must be considered when determining the
HR. A comprehensive score was obtained when the W
data were added. We evaluated the recognition rates of
the S, O, W, ES, and EE DNN filters as follows.
(1) shows that the rate can attain 100 points when
the S, O, and W all score 20 points and ES and EE both
score 0 points.

Recognition Score¼max RS n½ �ð Þ_0:2 sþmax RO n½ �ð Þ_0:2 s
þmax RW n½ �ð Þ_0:2 s
þ 40� sum RES n½ �þREE n½ �ð Þ_0:2 sf g:

ð1Þ

where RS[n] is the rate of repeat S detection by the
DNN filter; RO[n] is the rate of repeat O detection by
the DNN filter; RW[n] is the rate of repeat W detection
by the DNN filter; RES[n] is the rate of repeat ES
detection by the DNN filter; REE[n] is the rate of
repeat EE detection by the DNN filter; max(R[n])_0.2 s
is the maximum value of R[n] within 0.2 s of the time
of the RW[n] maximum; and sum(R[n])_0.2 s is the
sum of all R[n] values within 0.2 s of the time of the
RW[n] maximum.

2.5 | Evaluation

The PhysioNet data from 11 patients, which were not
used for learning, were employed to evaluate the accu-
racy of HR recognition and the scores awarded [28,29].
The HRs obtained using the proposed method were
compared with those obtained from simultaneously
performed ECG using Pearson’s correlation coefficients
and Bland–Altman plots.

3 | RESULTS

3.1 | Output of the real-time HR
measurement algorithm

As shown in Figure 5, the proposed algorithm used the
latest PPG measurement data as input data and obtained
the S, O, and W points 0.7 s after the onset of the PPG
pulse. The algorithm obtained the HR at a given beat
with a 0.7-s delay using the intervals between previous
and current locations of S, O, and W points.

As shown in Figure 6, the recognition accuracies
of the S, O, W, ES, and EE DNN filters increased as DL
progressed. Learning proceeded for 1000 epochs using
77 200 training data. The accuracies were then 99.94%,
99.29%, 99.96%, 99.45%, and 98.81%, respectively. At
100 epochs, the accuracies were 98.81%, 97.03%, 98.59%,
92.49%, and 92.17%, respectively. Thus, from 100 to 1000
epochs, accuracy increased by up to 6.96%.

Table 2 lists the numbers of S, O, and W points found
by the DNN filters after scanning data from 11 patients,
which had not been used for learning. For patients #1 to
#5, whose data were included in learning, the heartbeat
judgment agreement obtained via the ECG QRS complex
and the PPG S, O, and W was 96%; for the test data, this
figure was 97.5%.

F I GURE 3 Definitions of PPG parameters F I GURE 4 Architecture of DNN filter
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Numerous ECG waves featured illegible QRS waves.
For example, for patient #4, the QRS and T waves were
not clearly distinguished by the conventional R-wave
detection method; thus, the HRs measured via R-wave-
detection were inaccurate. Some R-waves did not induce
any PPG changes when arrhythmias, such as premature
ventricular contraction (PVC), occurred. During PVC,
the heart shows abnormally early contraction, the
ventricular stroke volume is low, and no heartbeat is
evident on PPG [8].

3.2 | Comparison of HRs obtained using
the proposed algorithm and ECG

Figure 7A–C shows correlation and Bland–Altman plots
of the relationships between HR derived using the PPG
time intervals detected by the DNN filters and HR
detected via the ECG for every heartbeat. The HRs were
measured using the S, O, and W data; the average filter
RS were 19.07, 18.29, and 19.29, respectively. As their
maximal numbers were 20, the RS seemed to be suffi-
ciently high for HR measurement. However, HRs
obtained via ECG differed from those obtained via the
DNN filters by 2.93 bpm � 17.23 bpm, 3.20 bpm � 18.38
bpm, and 2.22 bpm � 15.30 bpm, respectively; and the
Pearson’s correlation coefficients were low at 0.36, 0.33,
and 0.41, respectively, because of large errors in some
HRs detected by the filters. The recognition rate scores
(1) for such HRs were low.

Figure 7D–F shows correlation and Bland–Altman
plots comparing the HRs obtained from the DNN filters
and ECG when the RSs of the five DNN filters were
100 (1). Among 10 036 measured HRs, 2456 (24.47%)
scored 100, and Pearson correlation coefficients were
0.914 (S), 0.871 (O), and 0.922 (W). The differences
between HRs obtained by the filters and via R-
wave detection were �0.02 bpm � 2.80 bpm (S),
0.55 bpm � 3.58 bpm (O), and 0.06 bpm � 2.60 bpm
(W). Figure 7G–I presents the correlations between HRs
obtained by the filters and ECG when the RSs of the five
filters ranged from 80 to 100. The number of HRs with
scores greater than 80 was 8643 (86.12%). Pearson corre-
lation coefficients were 0.912 (S), 0.850 (O), and 0.919
(W). The differences between the HRs obtained from the
DNN filters and those detected via R-wave analysis were
0.19 bpm � 4.07 bpm (S), 0.43 bpm � 5.62 bpm (O), and
0.12 bpm � 3.89 bpm (W).

The number of HRs with RSs from 1 to 79 totaled
1356 (13.51%); the EE and ES scores were high, indicat-
ing the PPG artifacts and illegibility. Some HRs had DNN
RSs of 0 and were detected only via the ECG, attributable
to arrhythmias, such as PVC, associated with no change
in systolic blood pressure.

4 | DISCUSSIONS

The DNN filters inspected raw PPG waveforms and their
first derivatives, and they had been trained to find the

F I GURE 5 Output at each step of real-time HR estimation

algorithm implementing five DNN filters: (A) PPG data and first

derivatives measured before DNN filter input, (B) recognition of

features (S, O, W, ES, and EE) obtained by DNN filters, and

(C) real-time HR decision by the algorithm

F I GURE 6 Recognition accuracies of DNN filters in terms of

detecting (A) S, (B) O, (C) W, (D) ES, and (E) EE points during DL

using training data
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PPG S, O, and W points [22]. The early PPG analysis
algorithms, which automatically measured HR, measured
the maximum peak point in either raw or first derivative
PPG waveforms during a certain time period and calcu-
lated HR based on the average interval between peak
points [5,7,8,23]. However, such automated systems often
produced measurement errors because of changes in the
PPG baseline or by mistakenly identifying the reflected
wave of blood pressure as the heartbeat [23]. Therefore,
to amplify the peak value due to a heartbeat for making
it larger than the peak value caused by a reflected wave
and facilitate its easy identification, a method based on
the second derivative in PPG has been used [6]. However,
in several cases, errors in second derivative values caused
by motion artifacts or sensor connection failures were
amplified above the heartbeat signals. Jeyhani and others
reported that the peak point and HR obtained from sec-
ond derivative values were inaccurate compared with
those obtained from raw PPG data [26]. This study
showed that there is a limit to finding the desired feature
point or obtaining the parameters with mathematical
algorithms, but it did not suggest a more accurate method
to replace the existing method.

There have been several attempts to analyze PPG
using DNN instead of signal processing algorithms, most
of which found new information that was missed with
the existing PPG analysis methods rather than overcom-
ing their deficiencies [11–16]. For example, most attempts
made to estimate blood pressure from PPG outputs use
PPG for biometric identification or determine the degree
of pain, stress, and vascular diseases. In addition, some
trials have been conducted to effectively extract measure-
ments based on PPG features using DNNs.

However, there have been few attempts to develop a
DNN capable of excluding noise or uninformative regions
that can be mistaken for heartbeats in existing PPG
analysis or to compare existing PPG analysis results for
providing more reliable parameters, such as HR. The
previously reported DNNs developed to measure HR
were not sufficiently accurate to replace conventional
HR measurement methods [9,10,19].

Therefore, comparing the newly proposed DNN fil-
ters, which find features related to the heartbeat, with
ECG, currently the most accurate means of determining
heartbeat, is more appropriate than comparing the filter
performance with that of other DNN techniques. In this
study, the algorithm for analyzing ECG outputs to detect
R-waves and finding the heartbeat time and HR to
compare with the results of the proposed DNN filters was
verified by examining data from all patients.

The comparison showed a high degree of accuracy for
the DNN filters when they were used to determine heart-
beats and HRs. However, when arrhythmias, such as
PVC, occur, there is an irregular time delay between the
R-wave in ECG and O, S, and W points compared with
when normal heartbeats occur. As the irregular prolonga-
tion of a time delay from R-wave to heart contraction and
the occurrence of blood pressure pulses in PVC have
been reported, further studies are required to compare
the errors in DNN results in PVC according to heart
movement and blood pressure pulse times [30].

The PPG data used in this study often included
irregular noise, which led to the complete disappear-
ance of information regarding the heartbeat by going
outside the measurement range of PPG. Even when the
noise is within the measurement range, if the noise is
larger than the heartbeat signal, the PPG measurements
from the patient have to be adjusted to decrease the
amplification factor using the auto-gain control device
built into the PPG measurement device. For DNN anal-
ysis, the effects of noise may vary based on their char-
acteristics relative to the signal-to-noise ratio, which
represents the energy of noise, types of noise included
in the training data during the DL process of the DNN.
Further studies are required to evaluate the effects of
noise.

TAB L E 2 Numbers of heartbeats measured using ECG QRS

detection method and numbers of PPG systolic (S), onset (S), and

W points detected by DNN filters

Patient
number

Number of
beats detected
using ECG

Number of beats
detected by the
DNN filters

S
point

O
point

W
point

1 Training
data

728 709 705 711

2 725 721 721 723

3 - - - -

4 737 687 688 697

5 Test data 783 749 757 757

6 652 652 649 652

7 719 719 719 719

8 796 793 793 793

9 612 607 608 608

10 658 627 614 639

11 740 740 737 739

12 740 732 731 737

13 532 530 524 529

14 758 675 678 709

15 856 853 848 854

Total 10 036 9794 9772 9867
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In this study, two NNs, ES and EE, were used to
detect uninformative regions caused by noise or sensor
connection failure during the PPG measurement. How-
ever, clearly distinguishing the uninformative regions
based only on the results of the DNNs was difficult,
because the shape of the noise is different for each
patient, and some types of noise were not included in the
training data for the NNs. For instance, the large ES and
EE for patient #15 resulted from unfamiliar noise not
being included in the training data that had a remarkable
influence on the determination of ES and EE. To reduce
the effects of noise, including the same types of noise in
the training data is essential; however, determining
whether all possible learning data have been obtained is
difficult. In this study, instead of increasing the number
of neurons or the amount of training data, the results
obtained from other NN filters used for other purposes
were considered for determining the uninformative area.

That is, to determine whether the currently searched
PPG region is informative or uninformative, the RS
values determined not only with the ES and EE points
but also with the S, O, and W points, which must be
shown in a PPG waveform caused by the heartbeat, were
used. The RS value used in this study effectively excluded
the uninformative area from the HR calculations, and
even if data with RS < 80 were discarded, the abandoned
measurement areas were less than 20% of the total area
and thus had insignificant effect on PPG analysis for each
patient. Such reliable methods for analyzing results pro-
duced by multiple DNN filters along with the application
of additional algorithms that can use the results of other
DNNs to obtain additional parameters enable more effi-
cient use of DNNs.

The DNN filters proposed in this study can be applied
in real-time systems, because the input signal’s measure-
ment time is within 1.2 s. One NN filter used in this study

F I GURE 7 Correlation plots and bland–Altman plots comparing HRs obtained using DNN filters and ECG. Comparison between HRs

obtained based on ECG output and (A) S point, (B) O point, and (C) W point regardless of recognition score (RS). Comparison between HRs

obtained based on ECG output and (D) S point, (E) O point, and (F) W point when RS = 100. Comparison between HRs obtained based on

ECG output and (G) S point, (H) O point, and (I) W point when RS ≥ 80

888 KIM ET AL.



could perform 33 728 multiplication operations and
272 addition operations within the same time period.
Five NN filters applied the input data processing and
final decision algorithms at a speed of 62.5 times per
second; therefore, the operation speed should exceed
10.7 million operations per second. This is equivalent to
one-eighth of the data amount that one i7 8750H CPU
core can compute in one second; thus, the proposed algo-
rithm can be applied to real-time data analysis [31].

In addition, because producing multiple learning data
with a single measurement is possible, the effectiveness
of ML can be improved even with the application of only
a small amount of data at the learning stage. The DNN
outputs were accumulated to provide more accurate
results and can be used to determine the reliability of
other DNN outputs [32]. Although several NNs were
used, the processing time and requirements did not sig-
nificantly increase because of the increase in the number
of NNs used, because the same training data were used
and ML was possible simultaneously.
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