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Abstract. Photoplethysmography (PPG) is a non-invasive technique widely
used to monitor cardiovascular parameters such as heart rate. However, its
reliability can be compromised by factors like motion artifacts. In this study, we
extracted 27 statistical features from PPG signals and trained multiple machine
learning models (XGBoost, CatBoost, Random Forest) to assess signal quality.
Using a publicly available dataset of PPG time series, we evaluated model per-
formance using sensitivity, positive predictive value, and FI-score. Our best
model (CatBoost) achieved 94.7%, 95.9%, and 95.3% for these metrics, respec-
tively. These results are comparable to state-of-the-art approaches but relying
on relatively simple models.

1. Introduction

Photoplethysmography (PPG) is a non-invasive technology that measures changes
in blood volume in the microvascular bed of tissue, and is widely used in pulse
oximetry (SpO2) devices to assess cardiovascular health [Alian and Shelley 2014]
[Reisner et al. 2008]. In addition to pulse oximetry, PPG can potentially be used to
measure other important parameters such as heart rate, respiratory rate, and other
physiological parameters over time [Charlton et al. 2022]. With its non-invasive na-
ture and ability to provide continuous monitoring, PPG has become an important tool
for monitoring cardiovascular health and diagnosing various cardiovascular conditions
[Mejia-Mejia et al. 2022].

Generally speaking, PPG measures changes in the blood volume of vascular
tissues by shining light over a peripheral tissue and measuring the amount of light
that is absorbed and scattered. The attenuated light is detected by an optical sen-
sor, which records the changes in light intensity over time [Mejia-Mejia et al. 2022]
[Nitzan and Ovadia-Blechman 2022]. The PPG signal consists of an Alternating Current
(AC) component, which is the high-intensity component caused by the light absorption



of hemoglobin in pulsatile arterial blood, and a Direct Current (DC) component, which
is the low intensity component caused by changes in other tissues components and non-
pulsatile arterial blood [Mukkamala et al. 2022]. The AC component of the PPG signal
reflects the changes in blood volume due to the oscillations in blood cell aggregation
and blood flow related to changes in arterial blood pressure. Specifically, during systole,
when the heart pumps blood and arterial blood pressure increases, there is an increased
absorbance of light, leading to a higher AC component of the PPG signal. During di-
astole, when the heart is filling with blood and arterial blood pressure decreases, there
is a decreased absorbance of light, leading to a lower AC component of the PPG signal
[Nitzan and Ovadia-Blechman 2022].

The quality of PPG signals obtained from wearable devices is a major concern
[Fine et al. 2021]. PPG signals can be affected by various sources of noise, including
motion artifact, probe-tissue interface disturbance, such as pressure between the PPG
sensor and the skin, baseline interference due to respiration and body movement, low and
high frequency noise, and type of sensor and location of the measurement [Elgendi 2012]
[Li et al. 2018]. In this context, [Moscato et al. 2022] showed that physical activity affec-
ted PPG signal quality in a way that, during rest, 94% of the heartbeats were considered
of good quality compared to only 9% during physical activity and suggested that healthy
subjects have a better signal quality (44% of good quality) compared to oncological pati-
ents (13% of good quality). These factors can negatively impact the PPG signal analysis
and hinder the extraction of meaningful features and biomarkers, or even act as confoun-
ding factors, invalidating their usage or interpretation. In Fig. 1, we show an illustrative
example of a good PPG signal segment, where physiological measurements (e.g., heart
rate) can be easily extracted, and a bad PPG signal where such measurements are not
reliable.

Good
== Bad

Figura 1. Individual PPG heartbeat signal for two different quality levels: Good
and Bad.

Therefore, developing a good signal quality detector for PPG signals is crucial
in order to ensure that the signals obtained from wearable devices are of high quality
and suitable for analysis. However, the lack of labeled and publicly available datasets of
signal quality assessment is a major issue, as it makes it difficult to train and validate the
performance of signal quality detectors.

One of the earliest attempts to approach signal quality in PPG signal was proposed
by [Elgendi 2016]. In his work, he proposed a recommendation for visual quality assess-
ment annotation of individual heartbeats following three quality levels: (1) excellent, for
PPG signals where systolic and diastolic peaks can be clearly detected; (2) acceptable, for
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Figura 2. General structure of the proposed methodology to classify PPG signal
quality.

PPG signals where heart rate can still be estimated even though the diastolic peak is not
salient; and (3) unfit, for noisy PPG signals where systolic and diastolic peaks cannot be
distinguished.

Recently, [Torres-Soto and Ashley 2020] created a public PPG quality dataset
and proposed the DeepBeat algorithm that used segments of 25 seconds of PPG sig-
nals as input to predict signal quality, along with Atrial Fibrillation (AF) rhythm clas-
sification. [Mohagheghian et al. 2022] used multiple databases to assess the quality
of PPG signals by extracting statistical and morphological features from the signals.
[Moscato et al. 2022], using a private dataset, employed a combination of features ex-
tracted features both from the accelerometers and PPG waveform to estimate signal qua-
lity. [Dias et al. 2022] used the MIMIC-II [Goldberger et al. 2000] dataset and employed
a template-based method to assess the quality of PPG signals. They detected the beats in
each window of the signal, estimated a template average beat, and computed Pearson’s
correlation coefficient between each beat and the template average beat. Windows whose
mean correlation was lower than a given threshold were considered to have poor signal
quality. The field of automatic assessment of PPG signals for cardiovascular biomarkers
monitoring is still in its early stages, and there is much room for improvement and further
research.

In this study, we propose a signal quality assessment method for PPG signals by
extracting 27 statistical features from 25 s segments of these signals. These features are
fed to a machine learning model (XGBoost, CatBoost, or Random Forest) which classify
the segment as either good or bad quality. The proposed method aims to reduce the effect
of noisy beats on PPG signals, improving further analysis and applications.

2. Materials and Methods

In this section, we describe the publicly available dataset used to classify the PPG signal
quality (A). Thereafter, our proposed methodology for signal quality classification is des-
cribed, based on feature extraction of PPG signals (B, C) and the use of three algorithms
for the classification step (D). The general structure of the proposed method to classify
PPG signal quality is shown in Fig. 2.



2.1. Data source

We wused a publicly available dataset provided by Stanford University
[Torres-Soto and Ashley 2020] named DeepBeat. This dataset is composed of th-
ree different types of signals. In the first part of the dataset, they collected data using a
wrist PPG wearable device (Simband), sampled at 128 Hz, from subjects with confirmed
Atrial Fibrillation diagnosis, performing elective cardioversion or stress tests. For
the second part of the dataset, they generated synthetic physiological signals of sinus
rhythms and atrial fibrillation rhythms, adding noise components to this synthetic dataset,
simulating high-quality signals with low noise or low-quality signals with high noise.
The third and last part of the dataset is composed of PPG data from the 2015 IEEE Signal
Processing Cup, to include signals from healthy subjects. The DeepBeat dataset provides
signals partitioned into segments of 25 s and split into training, validation, and test
partitions, avoiding data leakage, i.e., samples from the same subject don’t appear in the
training, validation, and test sets. To provide the labels for each 25 s segments, the authors
of this dataset used the Elgendi’s quality assessment [Elgendi 2016] recommendation
and labeled 1,000 randomly selected segments. A separate model was trained with these
1,000 labeled segments, predicting quality labels for all the remaining segments of the
dataset. In summary, the DeepBeat dataset provides 25 s segments labeled by a model
proposed by the dataset authors into three classes, i.e., Excellent, Acceptable and Unfit.
Table 1 show the number of 25 s segments for each class, distributed on each partition,
available on DeepBeat dataset.

Tabela 1. Summary of the DeepBeat dataset.

Class Training Validation Test Total
Excellent 550,702 124,995 3,246 | 678,943
Acceptable 281,024 64,647 2,032 | 347,703
Unfit 1,972,208 329,140 12,339 | 2,313,687
Total 2,803,934 518,782 17,617 | 3,340,333

With this approach, this dataset doesn’t score individual heartbeats, as proposed
in Elgendi’s quality assessment [Elgendi 2016], and the authors didn’t make it clear what
criteria they used to determine if a given segment was defined as excellent, acceptable, or
unfit. Besides, the authors didn’t specify which dataset a particular segment corresponds
to, i.e., the one collected from AF subjects, the synthetic, or the healthy subjects dataset.
Furthermore, most of the data was labeled by a quality assessment model, which means
that the labels are not entirely reliable, and the metrics of this model’s performance were
not presented in [Torres-Soto and Ashley 2020]. Regardless of these constrains, this is
the only publicly available dataset on this matter, to the best of our knowledge.

2.2. Preprocessing

In our work, we decided to merge the labels excellent and acceptable signals (see Table
1) into one unique label, resulting in a binary class, i.e., Good (excellent and acceptable)
and Bad signals (Unfit). All the PPG signal 25 s segments were filtered using a 4th-order
Chebysheyv type II bandpass filter of 0.5 — 10 Hz.



2.3. Feature extraction

To extract features from each of the PPG segments, we performed the following steps, as
illustrated in Figure 3:

1. Step 1: Extracted Heart Rate (HR) and 5 statistical features (mean, median, stan-
dard deviation, skewness, and kurtosis) from the full 25 s segments;

2. Step 2: Performed beat segmentation using the Multi-Scale Peak and Trough De-

tection (MSPTD) [Bishop and Ercole 2018] algorithm for each segment, resulting

in N beats per segment;

Step 3: Defined a Template Beat as the average beat of the segment;

4. Step 4: Extracted 5 statistical features (mean, median, standard deviation, skew-
ness, and kurtosis) from the Template Beat;

5. Step 5: Computed the area within & 1 std of the Template Beat according to the
remaining beats;

6. Step 6: Computed the Dynamic Time Warping (DTW) distance for each indivi-
dual beat with the Template Beat (DTW = [DTW,, DTW,, ..., DTWy]) and
extracted 5 statistical features from the resulting DTW vector;

7. Step 7: Computed the Euclidean distance for each individual beat with the Tem-
plate Beat (E = [Fy, Fs, ..., Ey]) and extracted 5 statistical features from the
resulting E vector;

8. Step 8: Computed Pearson’s correlation for each individual beat with the Template
Beat (p = [p1, p2, - - -, pn]) and extracted 5 statistical features from the resulting p
vector.

e

These steps result in a set of n = 27 features that were used to perform the quality
assessment of the PPG signals. Table 2 displays a summary of the features extracted.

2.4. Classification (D)

We used three traditional and well-known machine learning algorithms for the quality as-
sessment of the PPG signals, being them: XGBoost [Chen and Guestrin 2016]; CatBoost
[Prokhorenkova et al. 2017]; and Random Forest [Breiman 2001]. XGBoost (eXtreme
Gradient Boosting) [Chen and Guestrin 2016] is a gradient boosting algorithm used for
classification and regression tasks, capable to handle complex patterns in data, and de-
liver high model performance, providing efficient computation for large datasets. Li-
kewise, CatBoost (Categorical Boosting) [Prokhorenkova et al. 2017] is another gradi-
ent boosting algorithm designed to handle categorical features. Finally, Random Forest
[Breiman 2001] is an ensemble learning algorithm based on the concept of decision trees,
but instead of using a single decision tree, Random Forest combines multiple decision
trees to make predictions in a more robust and accurate manner, providing a balance
between performance and interpretability. For these three methods, we employed their
default hyperparameter values.

The DeepBeat dataset [Torres-Soto and Ashley 2020] already provide the data
split in three sets: training, validation and testing, as described on Table 1. Our results
were generated using the testing set. To evaluate the employed models, we assessed three
different metrics, including Sensitivity (Se), Positive Predicted Value (PPV), and F1-score
(F1). Sensitivity measures the proportion of actual positive samples that are correctly pre-
dicted, positive predictive value measures the proportion of predicted positive samples
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that are correct, and F1-score is a single performance metric that balances sensitivity and
positive predictive value.

2.5. Experimental setup

The experiments were performed in Python (3.8.10) with the support of the libraries
scikit-learn (1.1.3), XGBoost (1.6.1), numpy (1.19.5), scipy (1.8.1), and catboost (1.1.1).

3. Results

Table 3 provides the performance results of the three proposed models for PPG quality
assessment and the comparison with the results found in the current state-of-the-art works.
We achieved Sensitivity (Se), Positive Predictive Value (PPV), and F1-score of 94.4%,
95.6%, and 95.0%, respectively, using the XGBoost method. Additionally, using Random
Forest, we obtained 93.7%, 91.3%, and 92.5% for Se, PPV, and F1-score, respectively.
Our best results were obtained using CatBoost, achieving Se of 94.7%, PPV of 95.9%,
and F1-score of 95.3%.

Figures 4a, 4b and 4c displays the confusion matrix for the three proposed algo-
rithms on the test set.



Tabela 2. Summary of the features extracted.

Index Feature name

0 Mean of the full 25 s segments

1 Median of the full 25 s segments

2 Standard deviation of the full 25 s segments
3 Skewness of the full 25 s segments

4 Kurtosis of the full 25 s segments

5 Heart Rate

6 Mean of the template

7 Median of the template

8 Standard deviation of the template

9 Skewness of the template

10 Kurtosis of the template

11 Area within £ 1 std of the template
12 Mean DTW distance

13 Median DTW distance

14 Standard deviation DTW distance

15 Skewness DTW distance

16 Kurtosis DTW distance

17 Mean Euclidean distance

18 Median Euclidean distance

19 Standard deviation Euclidean distance
20 Skewness Euclidean distance

21 Kurtosis Euclidean distance

22 Mean Pearson’s correlation

23 Median Pearson’s correlation

24 Standard deviation Pearson’s correlation
25 Skewness Pearson’s correlation

26 Kurtosis Pearson’s correlation

Tabela 3. Comparison of the performance results of our three proposed algo-
rithms for PPG quality assessment and the related state-of-the-art works.

Algorithm Dataset Se(%) PPV(%) F1(%)
Our method: CatBoost DeepBeat (test set)  94.7 95.4 95.0
Our method: XGBoost DeepBeat (test set) 94.6 95.2 94.9

Our method: Random Forest ~ DeepBeat (test set)  94.6 95.0 94.8
[Torres-Soto and Ashley 2020] DeepBeat (test set)  97.6 97.4 97.5
[Mohagheghian et al. 2022] Multiple datasets 86.2 98.4 91.9

Finally, we show the feature importance measures on Figure 5, providing insights
into which features are most important in predicting the outcome for the three proposed
models.
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Figura 4. Confusion Matrix of the three proposed algorithms on the test set: (a)
XGBoost; (b) Random Forest and (c) CatBoost.

4. Discussion

In this study, we propose a promising alternative method to evaluate the quality of pho-
toplethysmography (PPG) signals by comparing it with other methodologies proposed in
the literature. It is worth noting that only a few studies have proposed methodologies for
assessing PPG signal quality, mostly using different datasets. Therefore, comparing our
results with those of other studies is challenging.

We obtained our best results using the CatBoost algorithm, achieving Sen-
sitivity (Se), Positive Predictive Value (PPV), and Fl-score of 94.7%, 95.9%, and
95.3%, respectively. Compared to other feature-based approach, i.e., Mohagheghian
et al. [Mohagheghian et al. 2022], we obtained a superior Fl-score. On the other
hand, compared to the deep learning approach proposed by Torres-Soto and Ashley
[Torres-Soto and Ashley 2020], we achieved competitive results using a simpler appro-
ach.

Moreover, features 5 and 22, Heart Rate and Mean Pearson’s correlation respecti-
vely, are indicated as the most important for our CatBoost algorithm. XGBoost algorithm
considers the Mean Pearson’s correlation feature as the most relevant. Random Forest
algorithm also considers this feature as the most relevant. It seems that Mean Pearson’s
correlation feature carry important information on the quality of the PPG signal. Even
though this feature is significant for all algorithms, Random Forest and CatBoost algo-
rithms still consider other features on their predictions.
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Figura 5. Feature importance measures for the three proposed algorithms.

Our results, which used a less complex model than the state-of-the-art, demons-
trate that Machine Learning models are advantageous for creating a pipeline for assessing
PPG signal quality, reducing noise and improving the reliability of subsequent analyses
and applications on PPG devices used for remote, non-invasive, and continuous monito-
ring.

Since PPG signals can be affected by various noise sources due to motion distur-
bances and acquisition condition, which can reduce their morphological quality, it conse-
quently can impact the accuracy of the information retrieved [Moscato et al. 2022].

PPG quality assessment can also help to identify faulty wearable devices and pre-
vent false measurements. This is important in clinical settings, where accurate and re-
liable measurements are critical for making informed decisions about patient care. This
is especially important for the monitoring of cardiovascular biomarkers, as inaccurate or
unreliable measurements can have severe implications for the diagnosis, treatment, and
management of cardiovascular diseases.

The automatic signal quality evaluation technique proposed here aims to increase
the reliability of the PPG parameters and expand its practical applicability. Future works
on PPG quality assessment for cardiovascular biomarkers monitoring using wearable de-
vices should consider validate the proposed methods on a larger and more diverse dataset,
including patients with different medical conditions, ages, and ethnicities, to ensure their
effectiveness and reliability. To do so, it is necessary the development of well-annotated
datasets that include a wide range of signal qualities, including low and high-quality sig-
nals, and different types of noise sources, such as motion artifacts, ambient light, and



physiological noise.

5. Conclusion

The proposed signal quality assessment of PPG signals can help improve the accuracy and
reliability of physiological parameters, such as respiratory rate and heart rate, in wearable
devices by reducing the impact of unfavorable factors such as motion disturbances. This
is important in the context of continuous monitoring and to ensure the wide applicability
of PPG signals in various applications.

In conclusion, our proposed method of PPG signal quality assessment using statis-
tical features shows promising results. However, the limitations of the available database
used in this study need to be addressed for a fairer evaluation. Further improvement and
validation of the method is necessary with a larger and more diverse dataset, which would
lead to a more robust and practical PPG signal quality assessment for various applications.
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