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Abstract

In recent years, wearable photoplethysmographic
(PPG) biosensors have emerged as promising tools to
monitor heart rate (HR) during physical exercise. How-
ever, PPG waveforms are easily corrupted by motion arti-
facts, rendering HR estimation difficult. In this study, HR
was estimated using wrist-type PPG signals. A normal-
ized least-mean-squares (NLMS) algorithm was first used
to attenuate motion artifacts and reconstruct multiple PPG
waveforms from different combinations of corrupted PPG
waveforms and accelerometer (ACC) data. An adaptive
band-pass filter was then used to track the common in-
stantaneous frequency component (i.e. HR) of the recon-
structed PPG waveforms. Our proposed HR estimation
method, which is almost real time, resulted in an average
absolute error of 1.71± 0.49 beats-per-minute and a Pear-
son correlation coefficient of 0.994 between the true and
the estimated HR values. Importantly, as all ACC-PPG
combinations were used for motion artifacts cancellation,
no assumption about individual ACC axis contribution was
required.

1. Introduction

In recent years, wearable photoplethysmographic (PPG)
biosensors have emerged as very promising tools to mon-
itor heart rate (HR) outside of the hospital environment,
such as during physical exercise to evaluate the physical
condition of athletes and prevent injuries. PPG is an op-
tical technique used to detect blood volume changes in
biological tissues. PPG waveforms comprise a pulsatile
“AC” component and a slowly varying “DC” baseline. The
AC component reflects the cardiac synchronous changes in
the blood volume occurring at each heart beat, while the
DC component reflects the influence of respiration, sym-
pathetic nervous system activity and thermoregulation [1].
Fourier-based methods are commonly used to extract HR
from the AC component of PPG waveforms. However, due
to the non-stationary nature of PPG signals, these tech-
niques may not be optimal. Additionally, an important

issue is the presence of motion artifacts (MA) which cor-
rupt PPG signals and can make them unusable. Therefore,
hardware and software improvements are still required to
fully exploit the potential of wearable PPG sensors. Dif-
ferent approaches have been investigated so far to identify
and remove MA from PPG signals. Some of these meth-
ods involve various types of frequency-domain data pro-
cessing, including smoothed pseudo Wigner-Ville distribu-
tion [2], frequency-domain independent component analy-
sis [3] and Fourier series applied on a cycle-by-cycle ba-
sis [4]. Another possible course of action to reduce MA
in PPG waveforms is adaptive filtering. Different vari-
ants of least mean squares (LMS) filters were tested us-
ing either accelerometer signals as noise reference [5] or
a synthetic noise [6]. Recently, Zhang et al. [7] devel-
oped a complete framework for precise HR estimation in
case of strong MA, consisting of three main steps: signal
decomposition for denoising, sparse signal reconstruction
and spectral peak tracking. In a similar study, the differ-
ence between the power spectra of PPG and acceleration
was used to estimate HR on running subjects [8]. Nev-
ertheless, most of the solutions that have been proposed
until now present limitations. These limitations are mostly
related to computational complexity or strong dependen-
cies to thresholds/parameters which have to be precisely
tuned for each subject. The purpose of this study was to
develop a robust approach for HR estimation using wrist-
type PPG signals corrupted by strong MA. MA reduction
and frequency tracking were achieved by two consecutive
adaptive filters.

2. Methods

2.1. Data

The IEEE Signal Processing Cup 2015 database [7] is
composed of 12 recordings, of duration of five minutes
each, from male subjects aged from 18 to 35. For each
subject, the following waveforms were recorded simulta-
neously: three-axis acceleration (ACC), one channel ECG
and two-channel PPG. Each waveform was sampled at 125
Hz. The two pulse oxymeters (using green LEDs) as well
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as the accelerometer sensor were embedded into a wrist-
band. The ECG signal was recorded from the subject’s
chest. The subjects were asked to run on a treadmill at
different speeds according to the following protocol: 0.5
min at 1-2 km/h, 1 min at 6-8 km/h, 1 min at 12-15 km/h,
1 min at 6-8 km/h, 1 min at 12-15 km/h and 0.5 min
at 1-2 km/h. In addition to the raw signals, a ground-
truth HR (BPMref ) derived from ECG was also provided.
BPMref was defined as the average HR value in every 8-
seconds time window (6-seconds overlap).

2.2. Adaptive MA reduction

In the present study, we hypothesized that the PPG and
ACC waveforms were correlated and decided to use an
adaptive filter for MA reduction. The normalized least-
mean-squares (NLMS) algorithm is widely used in adap-
tive filtering due to its computational simplicity [9]. In this
well known algorithm, an input signal x(k) is provided as
well as a desired signal d(k). The filter output y(k) mini-
mizes the least mean squares error and the error signal e(k)
is used to update the filter coefficients.

2.3. Adaptive frequency tracking

HR estimation was achieved using a time-varying band-
pass filter, constantly updated to track the instantaneous
frequency. This algorithm, described in [10, 11], was de-
rived from the discrete oscillator based adaptive notch fil-
ter (OSC-ANF) proposed in [12]. The transfer function of
the time-varying single pole band-pass filter is expressed
as follow:

G(z;n) =
1− β

1− βejw(n)z−1
(1)

with w(n), the normalized instantaneous frequency esti-
mate and β (0� β < 1), a factor related to the bandwidth
of the filter. The adaptive mechanism used to update the
central frequency of the band-pass filter in (1) at each time
step requires the minimization of a cost function, which is
derived from the complex oscillator equation:

c(n) = ejw0c(n− 1) (2)

By considering an input signal that is a complex sinusoid
corrupted by a complex interference, from (2), the output
signal y(n) can be written as:

y(n) = θ(n)y(n− 1) + e(n) (3)

with e(n), the error term and θ(n) = ejw(n). A mini-
mization of the mean square error leads to the following
expression for θ(n):

θ(n) =
E[y(n)y(n− 1)]

E[|y(n− 1)|2]
(4)

Which can be approximated in practice by:

θ̂(n) =
Q(n)

P (n)
=
δQ(n− 1) + (1− δ)y(n)y(n− 1)

δP (n− 1) + (1− δ)|y(n− 1)|2
(5)

where the convergence rate can be adjusted with a for-
getting factor δ. And finally, the instantaneous frequency
w(n) is defined as:

w(n) = arg

(
θ̂(n)

|θ̂(n)|

)
(6)

This single frequency tracker can be extended to the
multivariate case [13] in order to track the common fre-
quency component present in L input signals. In a first
step, all inputs are individually filtered by the same band-
pass filter and the instantaneous frequency of each sinusoid
is estimated using the method previously described. The
instantaneous frequency estimates are then weighted to ob-
tain a global estimate. The computation of the weights Al

is based on the minimization of the variance of the linear
combination of the individual instantaneous frequency es-
timates. The global instantaneous frequency estimate is
finally defined as:

w(n) =
L∑

l=1

Al(n)wl(n) (7)

Since our algorithm, referred to as OSC-ANFc-W, oper-
ates in the complex domain and the signals of interest were
real-valued, the Hilbert transform was used to obtain the
analytic representation whose real part is the original sig-
nal. More specifically, the Hilbert transform was computed
using a sliding centered window of 31 samples.

2.4. HR estimation framework

The ACC and PPG waveforms were first re-sampled at
35 Hz. Then, adaptive MA reduction was performed us-
ing the NLMS algorithm. Since the contribution of each
ACC-axis to the deterioration of the PPG waveforms was
not known, adaptive noise reduction was performed for the
six ACC-PPG channel pairs. For this purpose, the cor-
rupted PPG signals were defined as reference input signals
d(n) and ACC signals were defined as input signals x(n)
of the NLMS algorithm. The clean reconstructed PPG sig-
nals with minimized MA were approximated by the error
outputs e(n) of the NLMS filter. In order to make real-
time implementation possible, the filter was chosen to be
causal. The filter length was 70 samples and an adaptation
coefficient of 0.1 was used. Finally, all reconstructed PPG
signals, as well as the original PPG signals, were fed to
the OSC-ANFc-W algorithm in order to estimate HR. We
chose β = 0.98 and δ = 0.98.
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2.5. Performance measurement

In order to assess the performance of our HR estimation
scheme, two classical error measures were used. The first
one is the average absolute error:

error1 =
1

N

N∑
i=1

|BPMest(i)−BPMref (i)| (8)

with N, the total number of time windows (see section 2.1).
The second one is the average absolute error percentage:

error2 =
1

N

N∑
i=1

|BPMest(i)−BPMref (i)|
BPMref (i)

(9)

In addition, the Pearson correlation coefficient between the
true and estimated HR values across all subjects was com-
puted.

3. Results

Figure 1 illustrates an example of MA reduction us-
ing the NLMS algorithm. In this example, the origi-
nal PPG waveform (dashed line) exhibits supplementary
pulses while the reconstructed PPG waveform (red) is well
synchronized with the ECG waveform displayed below.

Figure 1. Example of adaptive MA reduction using NLMS
for one PPG-ACC channel pair.

Tables 1 and 2 present the two error measures for each
subject and for the different methods. Using the whole HR
estimation framework (NLMS + OSC-ANFc-W), an over-
all average absolute error of 1.71 ± 0.49 beats-per-minute
and an average error percentage of 1.41% were achieved.
In order to highlight the importance of the adaptive MA
reduction step, the two error measures were also computed
when HR was estimated only from the two original PPG
waveforms, using the OSC-ANFc-W algorithm. In this
case, the overall average absolute error was 6.41 ± 6.13
beats-per-minute and the average error percentage was 5%.
The performance of our method was compared with the re-
sults reported by Zhang et al. [7], who achieved an overall
average absolute error of 2.34± 0.83 beats-per-minute and

an average error percentage of 1.79%. An additional mea-
sure is presented in Table 1 (Best channel), to assess the
effect of using all the possible PPG-ACC channel combi-
nations. For each subject, HR was estimated on the dif-
ferent reconstructed and original PPG channels separately
and the one resulting in the lowest average absolute error
is displayed. The numbers into brackets correspond to the
following channel combinations: 1: ACC(1) & PPG(1), 2:
ACC(2) & PPG(1), 3: ACC(3) & PPG(1), 4: ACC(1) &
PPG(2) , 5: ACC(2) & PPG(2), 6: ACC(3) & PPG(2), 7:
PPG(1) only, 8: PPG(2) only.

Subject Zhang NLMS + OSC-ANFc-W Best
et al. [7] OSC-ANFc-W channel

1 2.29 1.95 17.37 3.78 (3)
2 2.19 1.89 18.54 2.21 (4)
3 2.00 1.64 6.16 1.37 (6)
4 2.15 2.10 2.49 2.01 (3)
5 2.01 1.25 1.42 1.34 (7)
6 2.76 1.62 2.22 1.79 (2)
7 1.67 1.23 1.34 0.90 (7)
8 1.93 1.72 2.06 1.53 (3)
9 1.86 1.27 1.58 1.16 (6)
10 4.70 2.98 5.15 3.80 (4)
11 1.72 1.49 8.14 1.27 (2,3)
12 2.84 1.37 10.42 1.41 (6)

Av. ± std 2.34 ± 0.83 1.71 ± 0.49 6.41 ± 6.13 1.88 ± 0.96

Table 1. Average absolute error (error-1).

Subject Zhang NLMS + OSC-ANFc-W
et al. [7] OSC-ANFc-W

1 1.90% 1.78% 13.87%
2 1.87% 1.82% 15.35%
3 1.66% 1.44% 5.12%
4 1.82% 1.88% 2.30%
5 1.49% 0.96% 1.14%
6 2.25% 1.46% 1.93%
7 1.26% 0.96% 1.06%
8 1.62% 1.51% 1.76%
9 1.59% 1.11% 1.30%

10 2.93% 1.92% 3.23%
11 1.15% 1.04% 5.58%
12 1.99% 1.05% 7.42%

Average 1.79% 1.41% 5.00%

Table 2. Average absolute error percentage (error-2)

Figure 2 shows the HR estimation for the first subject.
The ground-truth HR, in black, as well as the HR estimates
are displayed. The Pearson correlation coefficient between
the true and estimated HR values across all subjects was
0.994 using our method (NLMS + OSC-ANFc-W).

4. Discussion and conclusion

This study proposes a novel approach for estimating HR
using PPG signals corrupted by strong MA. Our results
have shown a strong agreement between the estimated and
the ground-truth HR values, which was confirmed by the
high Pearson correlation coefficient and the small overall
average absolute error. A comparison with the results re-
ported by Zhang et al. [7] on the same database indicates
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Figure 2. Estimated and reference HR values for the first
subject

that our HR estimation framework led to lower error-1 val-
ues for all subjects and lower error-2 values for 11 subjects
out of 12. Furthermore, our method resulted in an over-
all error-1 reduction of 27%. It should be noticed that we
obtained larger error values when adaptive MA reduction
was not performed, confirming the relevance of this step.
In addition, our results have emphasized the importance of
combining ACC and PPG channels. It must be noted that
for six subjects out of 12 the error was lower when only
one input signal was fed to the OSC-ANFc-W. However,
as indicated by the numbers in brackets, the most accu-
rate HR values were not always obtained from the same
input signal. For this reason, it is advantageous to avoid
any channel selection process and combine the available
information as much as possible. Moreover, if we con-
sider the error-1 averaged across all subjects, the best per-
formance was achieved when all the combinations were
used together. Importantly, the HR estimation framework
presented in this study could be used for almost real-time
applications. The average estimation delay of about 1.5
seconds is caused by the adaptation time of the filter and
the computation of the Hilbert transform.

HR estimation from MA corrupted PPG signal during
physical exercise is particularly challenging because the
arm portion is strongly affected by MA when the sub-
jects are running. Here, we propose a novel two-stage ap-
proach based on an adaptive filtering scheme. Our method
achieves a very low estimation error. Importantly, it does
not require any a priori knowledge about the contribution
of each signal. Therefore, it could be easily implemented
in wearable PPG devices. Extraneous ACC signals were
used for adaptive MA reduction. Yet this should not be
considered as a weakness of the method, because ACC
sensors are embedded in most of the modern wearable de-
vices. Finally, it would be interesting to further extend this
study to subjects performing different kind of physical ac-
tivities.
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