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Abstract In this paper, a method is shown to estimate the heart rate (HR) from fingertip type devices. Fingertip devices
are commonly cheap and easily wearable. As the skin of fingertip is thin, it is easy to extract heart rate from there. A
promising feature in today’s world of HR monitoring is Photoplethysmography (PPG). However, during physical exercise
HR estimation accuracy is seriously affected by noise and motion artifacts (MA). To estimate HR changes an algorithm is
used named ensemble empirical mode decomposition (EEMD) along with spectrum subtraction (SS). EEMD algorithm
decomposes a PPG signal and an acceleration signal into several intrinsic mode functions (IMFs) respectively. Due to a
common sparsity constraint on spectral coefficients, this method can easily identify the noise related IMFs. After that
correlation coefficient (CC) is determined by the spectrum of the acceleration signal and that PPG signal in the band of [0.4
Hz-5Hz]. If CC>0.5, SS is applied to remove the spectrum of the acceleration signal from the spectrum of the PPG signal.
Finally, HR related peak is estimated. Here in this paper, some modification techniques are applied to have better-estimated
HR peak. There were 12 subjects from where experimental datasets are recorded. The average absolute error, average
absolute error percentage, and root mean square (RMS) error of HR was estimated. In this work, the average percentage error
is lower when the CC is equal to 0.7.

Keywords Heart Rate, Photoplethysmography, Ensemble Empirical Mode Decomposition, Intrinsic Mode Function,
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1. Introduction

Photoplethysmographic Signal (PPG) is captured from
different human body parts to measure various clinical
observations, such as respiration rate and heart rate (HR) [1]
by pulse oximeters. Pulse oximeters are small, inexpensive
and have easy signal capturing capability. Thus it is popular
in wearable devices such as smart watches or wristbands to
measure heart rate in real time. However, PPG signal
captured from wrist has the worst signal quality and is
sensitive to motion artifact (MA) when a subject is under
physical exercise with the amount of MA introduced being
depended on the type of physical exercise and hand
movement. Thus heartrate estimation from this MA
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contaminated PPG signal is challenging. Different methods
have been proposed in the literature to remove MA and
estimate of HR successfully. Recently a novel TROIKA
framework was proposed by Zhang et al. [2] in which signal
decomposition, sparse signal reconstruction and spectral
peak tracking methods are used. Another method named
JOSS is proposed by Zhang et al. [3]. Other techniques to
remove MA and determine HR are adaptive noise
cancelation (ANC) [4], electronic processing methodology
[5], time-frequency analysis [6], wavelet demising [7], and
empirical mode decomposition [8]. When MA is strong, a
natural approach is to estimate HR using power spectrum
estimation. Another familiar technique is Periodogram
algorithm computed via Fast Fourier Transform (FFT).
Periodogram has some disadvantages. First, it is an
unpredictable spectrum estimator and has high variance.

Here, a novel method for determining HR named
Ensemble Empirical Mode Decomposition (EEMD) along
with Spectral Subtraction (SS) is shown here with some
modifications.
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Figure 1. An example showing a case when the spectral peak associated

with the heart rate does not exhibit. (a) A raw PPG signal after band-pass
filtered from 0.4 Hz to 5 Hz. (b) The spectrum calculated by Period gram. (c)
The spectrum calculated by FOCUSS. The circles in (b) and (c) indicate the
frequency location corresponding to the true heart rate (which is calculated
from simultaneously recorded ECG)

2. Methodology

To start the main procedures of our heart rate extraction
method, firstly the raw PPG and acceleration signal is
initially recorded simultaneously. Then the PPG signal is
filtered by 2nd order band-pass filtered (frequency range
0.4-5 Hz). Raw PPG signals are fed into the adaptive filter to
reduce the noise outside the heart rate frequency band. Then
we have to calculate the correlation coefficient (CC) between
the spectra of filtered PPG data and acceleration data. The
value of Correlation coefficient considered as threshold
indicates the next step of our works. If the value of CC is less
than 0.5 then we work with only filtered PPG signal. And if
the CC is greater than 0.5 then we work with both
preprocessing PPG and acceleration signals. These paper
works are based on signal decomposition (EMD). To do
decomposition, AM-FM decomposition of the signal is
needed which is,

(t)=(t)cosO(t) oy
Where (t) defines local energy and (t) defines the local
frequency. The Empirical Mode Decomposition (EMD) is an
iterative process which decomposes real signals (t) into
simpler signals (modes). Each “mono-component” signal y(i)
should be representable in the form,

Y(0)= r(t)sind(t) @)

A. Data preprocessing

A filter is a device that removes some noisy components
or unwanted features from a PPG signal. Filtering is a way of
signal processing. Acceleration signal can be reduced by
filtering algorithm using a low band-pass filter.

B. Spectrum Computation (Periodogram)

To calculate the Heart Rate from wrist type PPG we need
to estimate the spectrum of both acceleration and PPG
signals. To estimate the spectrum we need Spectrum
Computation (periodogram) process just after the process of

filtering the raw PPG signal. One method for estimating
spectral densities is based on using a function called the
periodogram. To estimate the periodogram of two signals we
need to use the Fast Fourier Transform (FFT).

C. Correlation Coefficient

The correlation coefficient determines the degree to which
two variables movements are associated. So that correlation
coefficient is a number that quantifies a type of correlation
and dependence, meaning statistic relationships between two
or more values in a fundamental statistic. In this work, the
correlation coefficient between the spectrum of acceleration
and PPG signals are calculated.

Correlation coefficient measured the degree of association,
which is denoted by r. The -correlation coefficient
measurement scale varies from + 1 through 0 to - 1. When
one variable increases as the other increases the correlation is
positive; when one decreases as the other increases it is
negative. In our Heart Rate (HR) monitoring process using
wrist type PPG, before Heart Rate monitoring we have to fix
the value of spectral CC and then we can estimate the HR in
that possible range. The procedures to detection of HR are
given below:

1. CC between the spectrum of acceleration and PPG
signals are calculated here to measure HR.

2. The threshold attributed upon CC.

3. The estimated value of the threshold is here 0.5 and
this value is used for heart rate monitoring.
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Here the value of CC= 0.435 and the signal is fully
corrupted by motion artifact. That’s because for heart rate
estimation maximum amplitude value must be required equal
or less than 110. Here the value of the maximum peak
(current BPM) is 156. So the signal is corrupted. There are
two ways to estimate HR depends on the value of CC.

1.IfCC>05
2.1fCC<05

When CC is greater than the threshold

1. When CC is greater than 0.5 the PPG and acceleration

signal both are used to estimate the HR.

Acceleration signals exist there.

3. PPG signal is considered corrupted due to noise and
motion artifact.

N
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4. PPG1l, PPG2, Acceleration signals are used to
determine the Heart Rate.

D. Empirical mode decomposition (EMD)

Empirical mode decomposition (EMD) is a self-adaptive
signal-processing technique, which has been applied in
non-stationary signal-processing successfully and which can
divide any signal into several components. EMD generally
did the decomposition of signal which is known as intrinsic
mode function (IMF). Features of EMD are given below:

1. In EMD mathematically, there is an infinite number of
ways to decompose a function into a complete set of
components.

2. To ones that give us more physical insight are more
significant.

3. Generally, the fewer the number of representing
components, the higher the information content:
Sparse representation.

4. The adaptive method will represent the characteristics
of the signal better.

5. EMD is an adaptive method that can generate many
sets of IMF components the original data.

E. Intrinsic Mode Function (IMF)

In 1998, Intrinsic Mode Function (IMF) was introduced
by Huang et al. as the result of the Empirical Mode
Decomposition (EMD). EMD has been extensively used to
analyze various non-linear signals by decomposing data into
a series of IMFs and a trend function through sifting
processes.
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Figure 3. Signal Decomposition of PPG signal

In this portion of the block when CC is greater than 0.5,
we considered the PPG signals as corrupted. There has the
existence of MA and noise. The acceleration signal has
existed here. So both PPG and acceleration signals are used
in this condition to calculate the heart rate. The Complete
Ensemble Empirical Mode Decomposition (CEEMD) is
used to decompose the signals into a number of components
named (Intrinsic Mode Functions) IMFs. PPG signal is
divided into several IMFs. 0.1 times the standard deviation
of the signal is used to generate noise for EEMD and
performed 20 realizations. That contains the IMFs. To
implement this condition the IMFs of the acceleration data
also has to be calculated here.

F. Reconstruction of PPG and acceleration signal

After the decomposition process through CEEMD now
the PPG and Acceleration both signals have to be
reconstructed. So for the reconstruction following
procedures have to be followed:

First three and last three IMFs of PPG signals are removed
as noise and motion artifact and after removing the PPG
signal has been reconstructed. Though acceleration signals
are also used so the IMFs of the acceleration data is also
calculated and has to remove the three and last three IMFs
from here also. The components of acceleration data that are
correlated to the PPG signal has to be determined. The each
and every remaining IMFs of Acceleration Signals are
individually correlated to reconstruct PPG signal. Mid values
have to find out and reconstruct the acceleration signals are
reconstructed. So both signals have become reconstructed
signals and both reconstructed PPG and acceleration signals
are obtained.

G. Spectrum Estimation

The main goal of this stage was to obtain the spectrum for
HR estimation. When the spectral CC was smaller than 0.5, it
indicated that the PPG signal contained fewer MA
components or the MA was not dominant in the PPG signal.
Thus, SS was not performed. After the signal decomposition
stage, we obtained a number of IMFs of the PPG signal and
reconstructed a new PPG signal by removing the first three
IMFs and that was used to obtain the spectrum for HR
estimation. The PPG signal contained lots of MA, which can
be well approximated by the acceleration signal. Thus, SS
was performed. However, instead of directly subtracting the
spectrum of the acceleration signal from that of the PPG
signal, we selected the spectral components of the
acceleration signal which were mostly correlated with the
spectrum of the PPG signal.

H. HR Estimation

When CC<0.5, then only PPG signals are used to estimate
the heart rate. But on the other hand if CC>0.5, then PPG and
acceleration signals both have equal importance for heart
rate estimation. If there occurs any type of technical error or
some far enough fluctuations between the several detected
values then the over fluctuated values are eliminated
automatically and the average nearby values are selected
instantaneously for heart rate estimation. In CC>0.5 after the
process of periodogram reconstructed PPG and acceleration
signals are needed to converted into signal scaling to
measure the accurate peak. After scaling due to Spectral
Subtraction, finally exact Heart Rate can be measured.

3. Modifications in Proposed Method

A. Removal of IMFs

In this analysis when CC is smaller or greater than the
threshold, firstly the spectrum of the original signal is
determined. Then the number of IMFs was found. After that,
all the IMFs was compared with the original spectrum. Thus
the spectrums of twelve datasets were analyzed. The paper
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proposed that when CC was smaller than the threshold, the
first two IMFs and the last two IMFs of the PPG signal were
related to random noise. Also if CC is greater than the
threshold the first two and the last two IMFs were removed.
On the other hand, according to our analysis whatever
the case is the first three IMFs and the last three IMFs can
be removed. As the first three IMFs and the last three
IMFs do not provide any acceptable HR, these IMFs
Power Frequency in Hz can be removed during signal
decomposition stages. Suppose, a signal was decomposed
into nine data IMFs, the first three IMFs were MA related
components. And the last three IMFs were related to low
oscillations and the trend. So, the outcome of this analysis is
that we may work with fewer IMFs compared to the previous
method.

Fig. 4 represents a signal with lots of MA-related
components.

Power
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Figure 4. PPG Signal corrupted by MA For se=1, i=1, IMF=3

B. Using Tracking method

By using the 2nd phase tracking the signals are providing a
better result. Here the tracking method is used to modify the
corrupted signal. By using the tracking system several MA
are removed from the PPG signal. The ECG signal is very
neat as there is less effect of MA. From the ECG signal, it is
quite easy to estimate the HR. But in the case of the PPG
signal, the signals are affected by MA related components.
So that it is necessary to track the main signal accurately. For
doing so, some signals provided very good results and some
gave an average result. So the outcome of this modification
is that we improve several signals in accordance with the
main signal.
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Figure 5(a). Without tracking method

In the above figure, the blue line represents the ECG
signal and the red line represents the estimated PPG signal.
The ECG signal is free of MA. On the other hand, the PPG
signal has several MA related components. The PPG signal
could not track the ECG signal properly.
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Figure 5(b). With tracking method

Fig. 5(b) represents that when we use the tracking method
the PPG signal tracks the ECG signal in quite a proper way.
So the tracking method makes a difference in the whole
theorem.

C. Changing CC and threshold

In the TROIKA framework, they proposed the value of
CC is 0.5. Several data and signals are analyzed by varying
the value of CC the threshold by us. After varying CC and
the value of the threshold, the PPG signals provided more
clear information. Also, the MA-related components were
less than before. So we can say that by varying CC and
threshold the PPG signal could be better than before for few
cases. For some cases, the value of CC is modified.

D. Removal of EEMD

In the paper, to track HR an algorithm is used which is
EEMD. EEMD is an attractive method to remove MA from
ECG signals as well as PPG signals. EEMD decomposes a
time series into multiples IMFs. However, EEMD has huge
computation load. Due to this computation load, EEMD
takes times to compute. To solve this time issue, we take an
attempt to decompose signals without EEMD. Decomposing
signals without EEMD gives better results for some cases.
Such as in fig. 6(b) gives better results compared to the signal
in fig. 6(a) which is decomposed with EEMD.
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Figure 6(a). Signal with EEMD
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Figure 6(b). Signal without EEMD

So the outcome of the modification is that we try to reduce
the computation time by decamping the signals without
EEMD.

4. Results and Calculation

In this chapter, several figures were described, where the
modified estimated heart rate are also determined. Here the
appropriate values of HR estimation were detected by
periodogram and other calculations. The figures in this
chapter are described in two ways. These ways are:

1. With tracking
2. Without tracking

To obtain the performance of the proposed method, we
calculate the average absolute error defined as,

1
ﬁzi\;l |HR est(i) — HRtrue(i)l (4)

Besides, the average absolute error percentage is also
determined, which is defined as,

A error =

AP _ l N |HRest(i)_HRtrue(i)|
error — =1~  gp._ .
HRtrue(i)

N

()

13

And we also determine average Root mean square error is
defined as,

(6)

Here, HRy.ei) denotes the ground-truth of HR and HRe)
denotes the estimated HR. And the total number of time
windows is denoted by N. All errors are calculated in Beats
per Minute (BPM). In addition, the Bland—Altman plot was
also used to examine the agreement between ground-truth
and estimates, which shows the difference between each
estimate and the associated ground-truth against their
average. Limit of Agreement (LOA) in this analysis was
calculated, which is defined as [u—1.960, p+1.960a], where pt
is the average difference and a is the standard deviation.
Pearson correlation between ground truth and estimation was
also calculated.

In this heart rate estimation method 12 datasets are used to
calculate the heart rate.

1. The table is shown before gives a comparison of several
errors.

2. The operating time with EEMD and without EMD
condition was also calculated. Here without EEMD faster
than with EEMD. The operating time in both conditions is
given below.

1) SE=2
With EEMD= 473.640817 seconds.
Without EEMD= 7.125215 seconds.
I) SE=5
With EEMD= 545.728124 seconds.
Without EEMD= 10.544322 seconds.

1) SE=7

With EEMD=402.213877 seconds.
Without EEMD= 8.623956 seconds.

HR —HR

N est(i) "% true(i)\2

Serrar = [y (il e eruetd
true(i)

Table 1. With EEMD, CC=0.7. Modified and with Tracking. The average absolute error, (Aerror), average error percentage, (APerror) and average root
mean square error, (RMSerror) on all 12 datasets using the proposed method

Error | SE=1 | SE=2 | SE=3 | SE=4 | SE=5 | SE=6 | SE=7 | SE=8 | SE=9 | SE=10 SE=11 SE=12

Abs. | 15.77 | 17.85 | 19.06 | 4.17 1.94 4.01 238 | 1052 | 1.92 43.27 11.36 12.20

Avg. | 1435 | 6.69 9.16 1.67 0.30 1.07 0.46 9.03 0.47 40.13 8.12 11.02

RMS | 25.10 | 27.86 | 32.03 | 12.62 | 2.38 | 10.97 | 3.20 | 2233 | 2.35 57.01 24.89 17.33
Table 2. With EEMD, CC=0.7, Unmodified and with Tracking. Average absolute error (Aerror), average error percentage (APerror) and average root

mean square error, (RMSerror) on all 12 datasets using the proposed method
Error | SE=1 | SE=2 | SE=3 | SE=4 | SE=5 | SE=6 | SE=7 | SE=8 | SE=9 | SE=10 | SE=11 | SE=12
Abs. | 1438 | 2328 | 17.02 | 282 | 215 | 248 | 227 | 1193 | 191 44.00 8.35 10.47
Avg. | 406 | 1815 | 1519 | 039 | 0.60 | 0.80 | 0.08 | 10.44 | 0.25 41.77 4.12 8.92
RMS | 25.05 | 32.94 | 30.96 | 450 | 3.28 | 346 | 290 | 2434 | 2.33 57.54 19.52 15.59

Table 3. Without EEMD, CC=0.7, with Tracking. Average absolute error (Aerror), average error percentage (APerror) and average root mean square

(RMSerror) on all 12 datasets using the proposed method

Error | SE=1 | SE=2 | SE=3 | SE=4 | SE=5 | SE=6 | SE=7 | SE=8 | SE=9 | SE=10 | SE=11 SE=12
Abs. | 1456 | 24.78 | 16.89 | 2.84 5.19 2.46 2.33 | 11.96 | 1.89 54.95 8.27 10.01
Avg. 3.47 | 21.68 | 15.71 | 0.56 3.73 0.88 0.08 | 1043 | 0.35 54.01 4.27 8.49

RMS | 25.58 | 33.38 | 30.96 | 4.50 | 15.71 | 3.46 296 | 2435 | 2.28 64.94 19.43 15.22
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Table 4. Average absolute error with modification and variation of CC at 0.1 ~0.9

CC | SE=1 | SE=2 | SE=3 | SE=4 | SE=5 | SE=6 | SE=7 SE=8 | SE=9 | SE=10 | SE=11 | SE=12
0.1 | 13.66 | 16.91 | 1434 | 6.88 1.97 7.99 2.62 5.81 12.07 26.29 3.17 12.25
0.2 | 2456 | 2091 | 12.83 | 7.38 2.01 5.55 2.55 5.29 6.76 28.07 3.170 10.29
0.3 | 1654 | 23.12 | 1293 | 6.23 2.12 441 2.43 9.93 1.89 42.58 9.15 10.20
0.4 | 1852 | 25.06 | 16.46 | 3.88 1.95 4.93 2.48 12.46 8.04 37.70 8.17 13.08
0.5 | 18.81 | 19.87 | 14.93 | 5.90 2.12 3.97 2.30 11.28 4.60 31.22 9.45 10.52
0.7 | 7.73 | 2264 | 1874 | 2.84 2.35 2.48 2.33 14.88 1.89 58.81 7.44 12.24
0.8 | 15.69 | 21.71 | 16.49 | 2.73 2.15 4.22 2.25 9.93 1.90 42.58 9.04 10.20
0.9 | 17.38 | 22.01 | 24.02 | 5.24 1.99 4.19 2.15 11.47 1.89 43.40 9.15 12.51

Table 5. Average absolute percentage error with modification and variation of CC at 0.1 ~0.9

CC | SE=1 | SE=2 | SE=3 | SE=4 | SE=5 | SE=6 | SE=7 SE=8 | SE=9 | SE=10 | SE=11 | SE=12
0.1 | 1162 | 0.46 | 10.46 | 4.86 0.47 5.07 0.51 0.38 10.64 | 2221 0.26 10.87
0.2 | 11.70 | 3.35 7.87 5.50 0.54 2.50 0.49 8.72 5.29 23.71 0.39 8.59
03 | 7.72 3.28 9.31 3.84 | 040 | 098 0.50 8.39 0.35 39.08 2.96 8.75
04 | 7.14 241 | 1318 | 1.30 0.38 1.42 0.27 7.78 6.50 26.22 4.48 11.74
05| 890 | 10.75 | 10.36 | 3.36 0.53 0.39 0.38 8.83 3.29 26.80 6.34 9.01
0.7 | 070 | 21.21 | 17.65 | 0.55 0.86 0.88 0.08 13.61 0.35 58.37 4.27 10.93
08 | 7.44 0.06 9.24 0.31 0.61 1.23 0.03 8.39 0.35 39.08 3.28 8.75
0.9 | 7.87 5.93 1.48 2.75 0.43 1.18 0.20 6.69 0.35 40.39 2.96 11.53

Table 6. Average Root Mean Square error with modification and variation of CC at 0.1 ~0.9

CC | SE=1 | SE=2 | SE=3 | SE=4 | SE=5 | SE=6 | SE=7 SE=8 | SE=9 | SE=10 | SE=11 | SE=12
0.1 | 25.61 | 26.02 | 27.33 | 19.41 | 2.43 | 19.33 | 3.8 13.92 | 27.77 | 41.88 5.55 20.75
0.2 | 37.61 | 30.01 | 25.22 | 20.31 | 253 | 1459 | 3.42 2490 | 19.81 | 44.22 5.54 16.97
0.3 ] 29.30 | 32.79 | 26.02 | 16.65 | 2.94 | 11.99 | 3.07 21.45 2.29 56.56 20.04 15.33
0.4 ] 31.01 | 3591 | 30.22 | 10.72 | 246 | 1266 | 3.21 2539 | 22.01 | 46.72 19.18 22.35
05| 327 30.1 | 28.09 | 16.30 | 2.88 | 10.65 | 2.94 2395 | 13.86 | 46.86 22.08 17.33
0.7 0.7 21.21 | 1765 | 0.55 0.86 0.88 0.08 13.61 0.35 58.37 4.27 10.93
0.8 | 26.01 | 30.57 | 29.77 | 4.24 3.28 | 1094 | 2.88 21.45 2.30 19.98 19.98 15.33
0.9 | 2757 | 29.29 | 35.07 | 11.48 | 2.92 9.41 2.78 23.07 2.29 56.69 20.04 17.47
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Figure 7(a). Bar plot diagram of average absolute error with modification Figure 7(c). Bar plot diagram of average rms error with modification

5. Conclusions

; In this paper, a wrist-PPG based HR estimation method
is discussed. This method combined the EEMD with SS
* technique. EEMD is used to remove unrelated IMFs for PPG
: signal and the acceleration signal. By modifying the
L NN NN NEEN NEEN W mmm wmmss | technique, MA is removed and thus enhancing spectral peak
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Figure 7(b). Bar plot diagram of average absolute percentage error with
modification
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