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Abstract

Continuous heart rate monitoring through wearable de-
vices incorporating photoplethysmogram (PPG) sensors
commonly provides very noisy signals, especially during
daily activities and physical exercise. Since motion ar-
tifacts are one of the main sources of this noise, it is a
common approach to use an accelerometer to detect move-
ments and discard periods when the acceleration exceeds
a certain threshold. To quantitatively assess the perfor-
mance of these methods on different datasets, all record-
ings from the public datasets PPG DaLiA and WESAD
were segmented into 5 second-length intervals, then la-
beled as clean or noisy on the difference in the inter-beat
interval between the available synchronous ECG and PPG
signals, and finally compared with the results of several
acceleration thresholds.

The results show that, while accuracies of 77.3% can be
achieved, those results fail to generalize across datasets.
While it is already known that acceleration threshold-
based methods show poor performance, even methods
as simple as these might seem accurate in a particular
dataset, while being useless in others. This might happen
to other noise detection methods and serves as a remainder
that an external validation with varied datasets necessary
for a rigorous evaluation of any noise detection method.

1. Introduction

Photoplethysmography (PPG) is a technique in which
light is used to measure variations in the size of a tissue,
and can be used to measure heart rate when used to mea-
sure changes in blood volume on the skin. This method is
non-invasive and can be embedded in wearable devices,
making it a promising choice for continuous heart rate
monitoring.

PPG signals are very noisy, especially during daily ac-
tivities and physical exercise. Motion artifacts are one of
the main sources of this noise, and share the same fre-

quency band with the PPG signal. In such cases, motion
artifacts cannot be removed by filtering without discarding
the desired signal as well [1]. One of the many approaches
to deal with this kind of noise is the use of additional sen-
sors, such as an accelerometer, to discard periods where
movement exceeds a certain threshold [1]. However, little
research can be found in the literature about how extrap-
olable the accelerometer threshold-based methods are to
successfully work with different datasets. It had already
been suggested in 2006 that statistical approaches on the
raw PPG data could outperform accelerometer or external
sensor based methods [2]. Some of the works which study
noise detection assert that the accelerometer signal does
not contain enough information to detect all motion arti-
facts, such as [3]. Casson shows that gyroscopes perform
better than accelerometers in half the cases and suggests
both signals should be studied [4].

2. Methods

In order to quantify the performance of any noise detec-
tion method, a way to measure signal quality is necessary.
There are several ways to achieve that, from manually an-
notating datasets to the use of reference signals assumed
to be accurate. With the intention of objectively evaluat-
ing signal quality, the ECG signal has been used as ref-
erence source of heart rate. This approach is deemed to
be more objective than manual annotation. Public datasets
with simultaneous ECG and PPG have been used to eval-
uate the performance of simple accelerometer threshold-
based methods.

2.1. Public datasets with simultaneous PPG
and ECG in daily activities

While there are many public datasets containing PPG
and ECG signals, most contain recordings of ICU patients
and sleeping subjects. It is relatively uncommon to find
datasets with simultaneous ECG and PPG in daily activi-
ties and physical exercise. This work has focused on those



Name Subjects References
MAXREFDES100 7 [5]
PPG-DaLiA 15 [6]
WESAD 15 [7]
WPPG 8 [8][9]
CIME-PPG 10 [10] [11]
IEEE SPC 2015 12 [12]
LTAF 8 [13]

Table 1. Main public datasets with simultaneous ECG and
PPG in daily activities

activities, since they would be encountered by any noise
detection method applied in continuous heart rate monitor-
ing.

Hence, the datasets to evaluate must contain long term
recordings, if possible continuous to be able to control
the process of segmenting the recordings. The candidate
datasets are listed on table 1. Of these, PPG-DaLiA, WE-
SAD, WPPG and LTAF are not segmented and record-
ings have subject identifier. WPPG has short-term record-
ings and was not used. In LTAF, while containing days-
long recordings, the ECG signal is not continuos and the
dataset was not used. This work has been done with the
PPG-DaLiA and WESAD datasets, with a total of 30 sub-
jects. The PPG and accelerometer signal of both have been
recorded with the Empatica E4 wristband.

2.2. Signal quality evaluation

The first phase of the signal quality evaluation is to mea-
sure the reference heart rate, in this case from an ECG sig-
nal. The ECG signal might contain noise as well. To avoid
the effects of the ECG noise, an ECG noise detection algo-
rithm was used to exclude the noisy segments [14]. Then,
the Pan-Tompkins algorithm was used to locate the ECG
R peaks, from which the heart rate was calculated as 60
divided by the time difference between peaks in seconds,
obtaining the heart rate in beats per minute, or bpm.

The signals were divided in 5 second segments, which
were classified as noisy if the maximum error exceeds a
given threshold, and clean otherwise. Two thresholds have
been used: 3 bpm and 8 bpm.

2.3. Noise detection

For noise detection, two acceleration metrics are com-
pared: the acceleration vector module of the raw signal of
each axis, and the acceleration vector module of the band-
pass filtered signals of each axis on the PPG frequency
range. The band-pass filtering was performed with an or-
der 3 Butterworth filter with cutoff frequencies of 0.5Hz
and 12.0 Hz. Then, the signal was evaluated for each ac-

celeration threshold in the range between 0 g and 1.5 g in
75 steps of 0.02 g.

The signals were divided in the same 5 second segments
as the quality evaluation phase, which were classified as
noisy if the average acceleration exceeds the threshold, and
clean otherwise. Then, the accelerometer threshold labels
are compared with the quality evaluation labels, obtaining
metrics like accuracy, false negative ratio or false positive
ratio. It is considered a true positive, or TP, when both
the accelerometer label and the reference quality label state
that the signal is clean, and a false positive, or FP, when
the accelerometer label is clean buy the reference label is
noisy. False negatives, or FN, represent the opposite case,
when the accelerometer labels state that the signal is noisy
while it is not. Accuracy is the amount of correct labels
divided by tha total amount of labels, and can be expressed
as (TP + TN)/(TP + TN + FP + FN).

3. Results

As the maximum error threshold grows the proportion
of valid signal increases, but this process is not linear. In
figure 1 that difference in the valid ratio shape is visible.

Figure 1. Ratio of valid segments by maximum error
threshold

In all cases, the false negative ratio, which is the propor-
tion of clean segments labeled as noisy, decreases as the
acceleration threshold grows. The opposite happens with
the false positive ratio, which increases with the threshold.
This is expected, as the larger the threshold the more seg-
ments are labeled as clean. The accuracy peak is near the
point where the false negative ratio and the false positive
ratio are equal. The main differences between datasets are



the location of this point and the maximum accuracy. This
differences are visible in figures 2, 3, 4 and 5, with the
highest accuracy in figure 2, with an accuracy of 77.3%
at 0.02 g with a reference error threshold of 3 bpm in the
PPG DaLiA dataset. With that same configuration, WE-
SAD only reaches a 71.4%, and at 0.28 g.

Figure 2. Accuracy, false positives and false negatives for
the filtered acceleration threshold method in PPG DaLiA
by acceleration threshold. The error threshold in signal
quality evaluation is 3 bpm.

Figure 3. Accuracy, false positives and false negatives for
the filtered acceleration threshold method in PPG DaLiA
by acceleration threshold. The error threshold in signal
quality evaluation is 8 bpm.

4. Conclusion

This study is limited by the nature of the datasets em-
ployed, particularly by the fact that the same PPG sensor
was used in both datasets. This makes these datasets more
similar, something that favours generalization. The possi-
ble sources of the differences between the datasets are the
differences in the study population, the use of a different
ECG sensor and the variation of the activities and environ-
ment.

Even with two datasets recorded with the same wrist-
band device, the results show that there are significant dif-

Figure 4. Accuracy, false positives and false negatives
for the filtered acceleration threshold method in WESAD
by acceleration threshold. The error threshold in signal
quality evaluation is 3 bpm.

Figure 5. Accuracy, false positives and false negatives
for the filtered acceleration threshold method in WESAD
by acceleration threshold. The error threshold in signal
quality evaluation is 8 bpm.

ferences in signal quality. The accelerometer threshold-
based noise detection approach proved to perform at its
peak at a different threshold for each dataset, showing that
the generalization ability of threshold-based methods is al-
most non existent for this type of PPG signal. These meth-
ods should be expected to generalize worse with very dif-
ferent datasets, such as datasets recorded with transmissive
PPG, common in pulse-oximeters, instead of the reflective
PPG found on wristbands.

That these accelerometer threshold-based methods have
a poor performance and do not generalize is nothing new,
but looking only at one of the datasets, it would seem as
a method with over 75% accuracy, while that same thresh-
old is useless in a distinct but similar dataset, and would
almost certainly be so in the real world. This effect, in this
case observed with these extremely simple methods, might
happen on more sophisticated methods as well. In order to
assess the performance of a PPG noise detection method,
an external validation with varied datasets is necessary to



avoid a possible misleading appearance of higher perfor-
mance.

In summary, these results show that these simple meth-
ods can be moderately effective on a single dataset, if
used with the appropriate parameters, but fail to general-
ize even on similar datasets. The performance of accel-
eration threshold-based methods is too limited for critical
uses such as real-world medical applications.
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