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Abstract. Blood oxygen saturation (SpO2) measurement is one of the most com-
monly used vital signs in the clinical assessment of patients. Typically, this mea-
surement is performed using pulse oximeters, which, although accurate, present
certain limitations, as they rely on direct skin contact and are sensitive to exter-
nal factors. To overcome these constraints, there has been growing interest in
remote monitoring of vital signs through imaging. In this work, the creation of
a Brazilian dataset for SpO2 estimation is proposed, focusing on the diversity
of skin tones, ages, and medical conditions. The recorded videos will be syn-
chronized with SpO2 values obtained from pulse oximeters. Subsequently, the
recordings will be converted into Spatial-Temporal Maps (STMaps), which com-
pact spatial and temporal information, and a 2D convolutional neural network
will be used to predict SpO2 values from these representations.This dataset and
reference model aim to support research in non-invasive remote monitoring of
vital signs, providing an inclusive framework for future studies and improving
the reliability of SpO2 estimation across different populations.

1. Introduction

Blood oxygen saturation (SpO2) is one of the most important vital signs, and its mea-
surement is often performed in routine medical examinations, especially in cases of pul-
monary diseases or cardiovascular problems. Currently, the most common method for
measuring oxygenation is through pulse oximeters, non-invasive devices that use the pho-
toplethysmography technique [Wuyart et al. 2025]. These devices operate by being posi-
tioned on specific parts of the body, usually the fingertip or the earlobe, where two wave-
lengths of light are emitted and partially absorbed by the pulsatile arterial blood. The
photosensitive sensor records these absorption variations, and SpO2 is calculated from
the ratio between the signals obtained at the two wavelengths [DeMeulenaere 2007].

Although accurate, pulse oximeters present limitations. Since they rely on
direct skin contact, they cannot be used in patients with wounds, burns, or ul-
cers [Wuyart et al. 2025]. In addition, they require constant sanitization to prevent con-
tamination. Their reliability can also be affected by external interferences, such as lighting
variations, dirt on the sensor, motion artifacts, mechanical or electrical interferences, and
extreme temperatures [DeMeulenaere 2007, Machado Lunardi et al. 2018].



In this context, video-based monitoring emerges as an alternative solution. Be-
ing non-invasive, it reduces the risk of contamination and enables continuous measure-
ments without physical contact. The measurement of physiological signals through RGB
cameras is based on the analysis of subtle variations in the light reflected from the skin,
which capture changes in blood volume over time [Wuyart et al. 2025]. The most com-
monly used technique is remote photoplethysmography (rPPG), in which regions of inter-
est, generally the face or hands, are selected in the video, and the intensity variations
in the color channels (red, green, and blue) are processed to extract pulsatile signals
[Wuyart et al. 2025].

Thus, this work proposes the construction of a dataset to support the measurement
of vital signs, specifically SpO2, through remote monitoring with cameras. The data col-
lection procedure consists of recording videos and obtaining real-time oximetry values
with a pulse oximeter; subsequently, the extracted data will be used to train a convolu-
tional neural network model to predict SpO2 values from the recordings. The main goal
of this dataset is to be diverse and to provide a balanced distribution of skin tones and age
groups among individuals. This proposal aims to avoid bias in the development of pre-
diction models, especially when considering the Brazilian population, which presents di-
verse phenotypic characteristics [de Souza et al. 2020]. Currently available datasets have
limitations in this regard, as they generally include individuals with lighter skin tones
[Dasari et al. 2021]. Furthermore, while most of the literature focuses on heart rate, this
work proposes to focus on the estimation of SpO2.

2. Related Work
Currently, there are few databases that relate blood oxygen saturation to videos. The main
one is the Asian dataset VIPL-HR, proposed by [Cheng et al. 2024], which includes sam-
ples of individuals with skin types III and IV on the Fitzpatrick Scale [Fitzpatrick 1988].
Considering the Brazilian context, this sample is limited, as it presents bias against in-
dividuals with darker skin tones (type VI) [Dasari et al. 2021], which compromises the
generalization of remote vital signs monitoring models.

In this regard, this work distinguishes itself by creating a diverse dataset and a
methodology capable of encompassing a wide spectrum of skin tones. This would re-
duce biases in AI training and expand the possibilities for research on remote vital sign
measurement, making it a relevant tool for studies in the fields of health and technology.

3. Methodology
This section describes the complete research plan, divided into two main parts: the con-
struction of the database and the use of this database through a deep learning approach.

3.1. Data Collection

Data collection will take place at the University Hospital of Santa Maria (HUSM), the
largest public hospital complex in the countryside of Rio Grande do Sul, with extensive
activity in emergency and urgent care for several municipalities in the central region. The
high patient flow will allow for a substantial amount of data collection and will contribute
to the main objective of the study: creating a balanced dataset that encompasses different
ages, skin tones, and medical conditions.



For video acquisition, two cameras will be used: one from a smartphone and one
webcam. SpO2 will be collected simultaneously through a pulse oximeter; this measure-
ment is relevant because it will serve as a comparative factor when the data are used for
signal prediction. Data collection will follow standardized conditions regarding distance,
lighting, and movement. During recording, the patient, rested and at ease, will remain in
a fixed position approximately one meter from the camera, and two videos of at least 60
seconds each will be recorded, one for each of the proposed cameras, allowing for natural
head movements. The videos will be recorded under moderate ambient lighting. Along
with the videos and SpO2 values, patient information such as age and sex will also be
collected. All recordings will require the patient’s consent, formalized through the In-
formed Consent Form (ICF), ensuring authorization for the use of their image in research
and guaranteeing its protection [Brasil 2018, Soares et al. 2025].

3.2. Approach for SpO2 Measurement
After data collection, the videos will undergo preprocessing for the creation of Spatial-
Temporal Maps (STMaps). As illustrated in Figure 1, each video will be divided into 255
frames, and the patient’s face will be detected, aligned, and centered within a 128×128
pixel area1. The frames will be segmented into temporal patches, and the signals extracted
from each segment will be concatenated, forming a single representation that condenses
spatial and temporal information suitable for input into deep learning models. This ap-
proach allows spatial and temporal information to be condensed into a single image, fa-
cilitating model learning.

Figure 1. Process of generating a spatial-temporal map in RGB color spaces.
Each video is divided into 255 frames, the patient’s face is detected, aligned, and
centered, and the STMaps are generated. Adapted from [Cheng et al. 2024].

As a reference model, the EfficientNet-B3 architecture is proposed, a convolu-
tional neural network designed to optimize the trade-off between accuracy and computa-
tional complexity [Tan and Le 2019]. The choice of this model is justified by its consistent
performance in computer vision tasks, combined with efficiency in terms of parameter
count and computational cost.

In this study, SpO2 estimation is formulated as a regression problem. Two-
dimensional convolutional neural networks (2D CNNs) are applied to predict SpO2 values
from STMaps. The network’s final layer will be replaced with a linear regression layer,
allowing the prediction of continuous saturation values.

Performance will be evaluated using mean absolute error (MAE) and root mean
square error (RMSE). Additionally, the results will be compared to the international toler-
ance standard of 4% , established for clinical pulse oximeters, ensuring adequate accuracy
for remote SpO2 monitoring [DeMeulenaere 2007].

1https://github.com/EmiBruning/Spo2-Estimation-from-Facial-Videos



4. Conclusion
In this work, the creation of a public and diverse dataset in the Brazilian context was
proposed, with an emphasis on including different skin tones, ages, and medical condi-
tions. Additionally, a plan was outlined to validate a deep learning approach for SpO2

estimation from videos, using the EfficientNet-B3 architecture and STMaps to represent
temporal and spatial signals.

As next steps, it is expected to complete data collection, train the proposed model,
and conduct performance analyses, comparing different factors, skin tones, and recording
conditions that may impact the final results. Furthermore, this work is expected to con-
tribute to research in remote vital signs monitoring, providing reliable and inclusive tools
for the non-invasive measurement of SpO2.
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