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Abstract

Photoplethysmogram (PPG) signals are often too noisy
to accurately measure heart rate. Methods for PPG qual-
ity assessment based on machine learning (ML) concepts
have gained considerable attention, but they have been
commonly developed on datasets recorded under specific
conditions and not tested on others. Hence, the aim of the
present work is to compare their performance and gener-
alization ability on datasets representative of different con-
ditions.

Three common classifiers, such as decision tree (DT),
support vector machine (SVM), and K-Nearest Neighbor
(KNN), were trained on a publicly available dataset and
tested on two external datasets, also freely available. The
obtained results reported a different generalization ability
for each classifier. Whereas DT was unable to generalize
for any external dataset, SVM and KNN were only able for
an external dataset presenting PPG signals acquired with
the same recording system and then with a morphology
similar to those in the training one. Hence, the selection of
datasets for training and validation seems a key aspect to
be taken into account to know where a machine learning
method can be reliably used for PPG quality assessment.

1. Introduction

A significant challenge using Photoplethysmography
(PPG) for continuous heart rate monitoring is its unreli-
able accuracy, particularly in uncontrolled real-world set-
tings [1]. The inaccuracy in heart rate extraction from
PPG signals can be due to individual variations, physio-
logical processes or external factors. Examples of individ-
ual differences are body mass, age, sex, and skin melanin
levels, which affect the absorption of light. Physiologi-
cal processes, like breathing, and environmental factors,
like measurement site (e.g., wrist, fingertip, ear, forehead),
local temperature, ambient light, and movement artifacts,
also impact accuracy [2]. As a result, signal quality must

be carefully assessed before relying on the measured heart
rate data.

There has been extensive research on the development
of quality assessment methods for PPG signals. Many of
the methods proposed to date use machine learning tech-
niques which use time-frequency features extracted from
the PPG signal. The work by Guo et al.[3] approach PPG
artifact detection as a 1D segmentation problem, training
on the PPG DaLiA [4] dataset and validating on the WE-
SAD [5] and TROIKA [6] datasets. Those three datasets
are focused on daily-life activities and physical exercise.
The work by Lutin [7] is done on the TROIKA dataset. The
work by Pereira [8] compares several methods on record-
ing from ICU patients.

Despite extensive research on developing algorithms for
assessing the quality of PPG signals, there is a lack of con-
sistency in evaluation methodology, leading to varied re-
sults across different datasets, validation approaches, and
performance metrics. This inconsistency hinders compar-
ison and understanding of how different datasets reflect
real-world inaccuracies, such as measurement location,
sensor wavelength, physical activity or individual varia-
tions. To properly use current approaches and develop bet-
ter ones, a thorough analysis of these differences is essen-
tial to identify the limitations of existing methods for PPG
quality assessment.

The goal of this work is to compare the performance and
generalization ability of common machine learning meth-
ods for PPG quality assessment on datasets representative
of different challenges a real-world application of PPG for
continuous heart rate monitoring would face.

2. Materials and methods

2.1. Datasets

For the training and evaluation of machine learning
models, PPG segments must be labeled as clean or noisy.
This process can be done through manual annotation or
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by comparison with a golden standard. The golden stan-
dard for heart rate estimation is the electrocardiogram, or
ECG. An example of reference-based labeling is the work
by Lutin [7]. Other works use manual labeling [8] [3].

This work employed reference-based labeling. PPG
peaks and ECG R peaks were detected with standard meth-
ods such as Pan-Tompkins, the difference between heart
rate was calculated and signals were divided into 5-second
segments, which were labeled as noisy when the difference
surpassed a threshold of 3 beats-per-minute, or clean oth-
erwise.

To ensure the reference ECG heart rate is reliable, each
ECG segment has been classified as such with the method
described by Huerta et al. [9], to avoid a misclassification
of the PPG as noisy when the ECG is noisy and the PPG is
not, as the heart rates will still differ.

In order to use this quality labeling of the PPG sig-
nals, only datasets containing simultaneous PPG and ECG
recordings were used. Moreover, to facilitate reproduction
of the obtained results, only freely available datasets were
considered. The following datasets were used:
• PPG DaLiA contains 15 recordings of 15 different sub-
jects, aged 21 to 55 years with an average of 30.6 years and
a variance of 5.95 years. Recordings are around 150 min-
utes long on activities common on daily-life. The PPG has
been recorded with a Empatica E4, with two green LEDs,
two red LEDs, and two photodiodes with a sampling fre-
quency of 64 Hz. The ECG has been measured with a
RespiBAN and sampled at 700 Hz [4].
• WESAD is composed of recordings of 15 subjects aged
24 to 25 years. Recordings are around 100 minutes long
and include daily-life activities, but are recorded on a con-
trolled environment. It uses the Empatica E4 and the
RespiBAN as well [5].
• BIDMC contains 53 recordings of 53 subjects and is a
subset of the MIMIC II dataset [10] [11], composed of
recordings of fingertip-PPG on ICU patients [12] [11]. The
PPG and ECG are both sampled at 125 Hz.

All PPG signals have been resampled to 256 Hz and
band-pass filtered between 0.7 and 10.0 Hz with an order
3 Butterworth filter. The ECG signals were not resampled
to a common frequency because Both the ECG quality as-
sessment method [9] and the Pan-Tompkins peak detection
method used are sampling-rate independent.

2.2. Methods

The conventional machine learning approach to classi-
fication involves the feature extraction and feature selec-
tion steps before actual classification. A range of time-
domain features have been employed, including statistical
measures such as mean, variance, standard deviation, and
root mean square of all samples in a segment, as well as
those same features of the first and second derivatives of

the signal. Additionally, frequency-domain features have
been used, including spectral power by band for 64 bands
of 2 Hz, and the mean, variance, standard deviation, and
root mean square of all bands spectral power. This feature
extraction works in the same or similar manner as previous
works [8] [7] [3].

The experiments have been repeated with all combina-
tions of groups of features with the goal of finding the fea-
tures that achieved the maximum sensitivity and specificity
in the training dataset for the best classifier. The groups of
features were the time-domain features of the signal, those
of the first derivative, those of the second derivative, the
spectral power band with 4, 8, 16, 32, 64 and 128 bands
with the corresponding mean and deviation of power den-
sity for all bands. The experiments were conducted with
the features normalized by the largest feature value, with
the largest feature value becoming 1 and all values being
contained in the 0 to 1 range. Non-normalized features
performed better and all results shown here use features
without normalization. Since the results on the external
evaluations showed no difference between optimizing fea-
ture selection for each classifier and using common fea-
tures for all classifiers, the same features were used for all
classifiers.

The best results used the time-domain standard devia-
tion and standard deviation of spectral power by band, with
64 bands and a sample frequency of 256 Hz, each spectral
power density divided by the maximum power density of
all bands.

The machine learning classification methods used are
Decision Tree (DT) [13] [14], Support Vector Machine
(SVM) [15] [16] [14] and K-Nearest Neighbors (KNN)
[14].

2.2.1. Experimental setup

Training is performed on the WESAD dataset, and ex-
ternal evaluation is performed on the PPG DaLiA and
BIDMC datasets. The PPG DaLiA dataset is similar to
WESAD in both device, an Empatica E4 as PPG, and
setting, wrist PPG and daily life activities. The BIDMC
dataset, on the other hand, is a subset of the MIMIC II
dataset, recorded on ICU patients with a fingertip PPG.

In the evaluation metrics, a positive is defined as a clean
segment and a negative a noisy segment, a true positive is
a clean segment correctly classified as clean. Accuracy is
the rate of true positives and true negatives over the total
segments. Sensitivity is the rate of true positives over total
positives and specificity the rate of true negatives over total
negatives.
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Figure 1. Clean waveforms of each dataset

Figure 2. Noisy waveforms of each dataset

3. Results

After discarding segments with noisy ECG, training was
performed on 17,201 segments of 5 seconds from the WE-
SAD dataset, accounting for 23 hours and 54 minutes.
The first external validation was made on 23,564 segments
from the PPG DaLiA dataset, accounting for 32 hours and
44 minutes. The second external validation was made on
4,268 segments from BIDMC, accounting for six hours.
WESAD had a clean/total segment ratio of 42.2%, PPG
DaLiA a 29.2% and BIDMC a 74.1%.

Table 1 displays classification results obtained by the
three machine learning classifiers in the training and test-
ing phases. As can be seen, different methods exhibit a
similar behavior.

The DT-based model reached 100% accuracy (Acc) on
training, with a 30% drop in sensitivity (Se) and specificity
(Sp) in DaLiA and an unbalanced Se-Sp on BIDMC of 31-
84%. The SVM-based model reached an Acc of 82% on
training, with a 3% performance drop on Se-Sp in DaLiA

Dataset Acc Sens Spec
DT WESAD (train) 1.0000 1.0000 1.0000
DT DaLiA 0.7070 0.7115 0.7056
DT BIDMC 0.7081 0.3126 0.8466
SVM WESAD (train) 0.8233 0.8104 0.8362
SVM DaLiA 0.7852 0.7888 0.7765
SVM BIDMC 0.7830 0.2096 0.9839
KNN WESAD (train) 0.8498 0.8581 0.8415
KNN DaLiA 0.7739 0.7878 0.7400
KNN BIDMC 0.7781 0.2629 0.9586

Table 1. Results by method and dataset.

and 78-21% Se-Sp in BIDMC. Finally, the KNN-based
model yielded an Acc of 85% on training and DaLiA, with
an Se-Sp unbalance on BIDMC of 27-96%. Overall, all
methods show a performance degradation on the second
external validation, which is a dataset of a very different
nature of the training dataset. The method with a greater
generalization was the SVM, but is was still unreliable on
the second external validation.

4. Discussion

Whereas the DT-based model showed significant over-
fitting on the training dataset, the SVM-based and KNN-
based models reported a successful performance on the
dataset with a PPG morphology similar to that in the train-
ing dataset. Those same methods do not generalize to an-
other dataset containing PPG signals with a different mor-
phology, where they are unreliable. This result suggests
that previous algorithms proposed for PPG quality assess-
ment cannot be reliably used in every context. As well,
the development of new algorithms for the same purpose
should pay attention to the settings their training and vali-
dation datasets are representative of, because it could limit
the scenarios where they could be used reliably.

Finally, some limitations of this work deserve to be com-
mented. Firstly, only two different validation datasets were
analyzed. They are only representative of two opposite set-
tings and environments, and additional datasets obtained in
different scenarios should be analyzed in the future. Sec-
ondly, only machine learning methods have been tested,
leaving out the each day more common deep learning
methods. A wider comparison of methods for PPG quality
assessment should be considered in a further study. Lastly,
since no information about synchronization between PPG
and ECG signals is provided in the analyzed datasets, this
step was manually conducted by aligning the heart rates
of both signals. This approach could slightly impact on
quality labelling of the PPG signals.
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5. Conclusion

The generalization ability of common machine learning
classifier for PPG quality assessment has shown notable
differences under a unique experimental setup. Whereas
DT was unable to generalize for any external dataset, SVM
and KNN were only able for an external dataset present-
ing PPG signals acquired with the same recording system
and with a morphology similar to those in the training one.
Hence, the selection of datasets for training and validation
must be taken into account to know where a machine learn-
ing method can be reliably used for PPG quality assess-
ment.
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