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Abstract

This review focuses exclusively on RGB camera-based remote photoplethysmography
(rPPG) for contactless estimation of peripheral oxygen saturation (SpO2). Unlike heart-
rate estimation, which mainly depends on recovering pulse periodicity, SpO2 estimation
requires oxygenation-sensitive optical contrast, stable channel-wise AC/DC information,
and calibration and validation against a physiological reference. The reviewed literature is
organized around the main stages of an RGB-only SpO2 pipeline. Existing methods are
further discussed as ratio-based or Beer–Lambert-inspired approaches, classical regression
models, deep learning and spatiotemporal methods, and hybrid or physics-informed
designs. This critical review shows that RGB-based systems can estimate oxygenation-
related signals in controlled settings. However, current evidence is limited by device-
dependent camera responses, narrow oxygen saturation ranges, weak validation, limited
demographic reporting, and insufficient hypoxemia testing. The main conclusion of this
review is that RGB-only SpO2 estimation is useful under controlled conditions, but it should
not be treated as an absolute, clinically interpretable SpO2 measurement method without
stronger validation. Future work should focus on wider SpO2 distributions, transparent
calibration procedures, cross-device testing protocols, subgroup reporting, and a clear
distinction between oxygenation trend monitoring and clinically interpretable absolute
SpO2 measurement.

Keywords: RGB camera; remote photoplethysmography; contactless SpO2 estimation;
oxygen saturation; pulse oximetry; calibration; clinical validation

1. Introduction
Pulse oximetry is a standard method for monitoring peripheral oxygen saturation

(SpO2) because it provides a clinically useful physiological estimate from optical measure-
ments [1–4]. In a traditional contact pulse oximeter, selected red and near-infrared light is
transmitted or reflected through tissue, where oxygenated and deoxygenated hemoglobin
show different wavelength-dependent absorption behavior [1,2,5,6]. The pulsatile arterial
component is separated from the non-pulsatile background, and the resulting ratio-of-ratios
is mapped to SpO2 through empirical calibration [1,5,7]. From this workflow, it is clear that
SpO2 measurement is not only a pulse-detection task; it also depends on wavelength selec-
tion, optical stability, signal separation, and calibration against a physiological reference.

Remote photoplethysmography (rPPG) changes the measurement condition because
physiological information is inferred from small skin-color variations in video rather than
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from a contact optical probe [8,9]. This makes RGB camera-based monitoring attractive
for contactless applications, especially where wearable or contact sensors are inconve-
nient [10–13]. Despite this potential, RGB-only rPPG does not measure the same optical
signal as pulse oximetry. A consumer RGB camera records broad, device-dependent visible
color channels rather than controlled red and near-infrared wavelength bands [14–16].
These channels are affected by illumination, camera response, skin optics, motion, and
acquisition-related variation [15–18].

This difference is important insofar as SpO2 estimation is more demanding than
heart-rate estimation. Heart-rate rPPG mainly depends on recovering the timing of the
pulsatile waveform, and several rPPG methods were originally developed for pulse or
heart-rate recovery from video [8,9,19]. If the pulsatile component is sufficiently visible,
the dominant frequency can often provide a useful heart-rate estimate. SpO2 estimation,
however, requires more than pulse timing. It needs oxygenation-dependent optical contrast
between channels, together with stable amplitude and baseline information [5,7]. A video
may contain a strong rPPG pulse but still be unreliable for absolute SpO2 estimation if
the channel-wise AC/DC relationship is unstable [7,14]. This distinction is illustrated in
Figure 1, which shows that heart-rate rPPG mainly depends on pulse periodicity, whereas
SpO2-oriented rPPG requires channel-dependent AC/DC information and calibration.

Figure 1. Conceptual difference between (a) heart-rate remote photoplethysmography (HR-rPPG)
and (b) SpO2-oriented rPPG.

RGB-only SpO2 studies have used several methodological strategies, including ratio-
of-ratios or calibrated RGB approaches [15,16,20], classical feature-based or regression meth-
ods [21–23], and deep learning or spatiotemporal representation-based methods [24–27].
These studies show that RGB-only methods can produce useful oxygenation-related es-
timates under controlled or constrained settings. The dominant limitation is that RGB
camera channels have limited spectral specificity compared with conventional red/NIR
pulse oximetry [7,14,15]. A model may reduce noise or learn an empirical mapping from
RGB-derived features, but it cannot fully replace missing wavelength information if the
camera did not capture it in a stable and physiologically meaningful way. For this reason,
reported error values must be interpreted together with experimental design, acquisition
conditions, validation split, skin-tone diversity, and clinical agreement analysis [28–32].

https://doi.org/10.3390/electronics15153477

https://doi.org/10.3390/electronics15153477


Electronics 2026, 15, 3477 3 of 30

Our review focuses on remote SpO2 estimation using RGB-camera-derived rPPG
signals. Other sensing modalities, such as RGB-NIR, multispectral, hyperspectral, and
controlled spectral-imaging systems, are discussed only when they help explain the lim-
itations of RGB-only approaches [33–37]. We evaluated existing RGB-only methods in
terms of spectral ambiguity, signal processing, calibration dependence, dataset composi-
tion, validation protocol, and clinical claim strength. Unlike broader surveys, it specifically
examines whether RGB cameras can provide reliable absolute SpO2 estimation despite
limited spectral specificity and weak low-saturation validation.

Several recent reviews have addressed topics closely related to camera-based SpO2

estimation, but their scope and evaluation focus differ from the present review. Pirzada
et al. [10] reviewed rPPG methods for both heart-rate and blood-oxygenation measurement,
with emphasis on the processing pipeline from ROI selection and signal extraction to
preprocessing and vital-sign estimation. Saikevičius et al. [11] examined non-contact
vision-based monitoring across multiple vital signs, while Hassanpour and Yang [12]
considered a broader multimodal and multitask framework that includes vision, radar,
thermal imaging, and other sensing modalities. Sakib et al. [13] similarly surveyed rPPG as
a general platform for several physiological parameters, including heart-rate, respiratory
rate, and SpO2. More recently, Wuyart et al. [38] provided a broad survey of video-based
blood-oxygen-saturation assessment. These reviews establish the broader development of
contactless physiological monitoring, but they do not make the measurement validity of
RGB-only SpO2 the central question.

The contribution of the present review is therefore not simply another classification of
rPPG algorithms; it isolates RGB-only SpO2 estimation as a distinct measurement problem
and examines whether broad, device-dependent visible camera channels preserve suffi-
cient oxygenation-sensitive information for calibrated and clinically interpretable SpO2

estimation. The reviewed methods are evaluated jointly according to optical constraints,
calibration dependence, signal representation, validation design, low-saturation coverage,
cross-condition generalization, and the strength of the clinical claim supported by the
available evidence. Table 1 summarizes this distinction from the broader review literature.

Table 1. Position of this review compared with existing surveys.

Review Type Main Focus Limitation for RGB-Only SpO2 Difference of This Review

General rPPG
reviews

Video-based pulse and
vital-sign monitoring

SpO2 is not treated as a separate
measurement problem Focuses on RGB-only SpO2

Contactless vital
sign reviews

Multi-parameter non
contact monitoring

Limited focus on spectral ambiguity
and low-SpO2 validation

Evaluates absolute SpO2
claim strength

Video-based blood
oxygenation reviews

Imaging-based
oxygenation assessment

Often includes RGB-NIR,
multispectral
or hyperspectral systems

Separates RGB-only evidence
from non-RGB comparison

This review RGB-only camera-based
SpO2 estimation Not applicable

Assesses optical limits,
calibration, validation and
clinical claim level

The central conclusion developed in this review is that RGB-only rPPG can support
oxygenation-related estimation under constrained conditions, but clinically interpretable
absolute SpO2 claims require stronger evidence, especially calibration, low-saturation
validation, agreement analysis, and generalization across subjects, devices, and skin-tone
groups. To support this argument, the review proposes a validation-oriented framework
that separates pulse recovery from oxygenation measurement, organizes methods by
sensing constraint, signal representation, estimation principle, calibration requirement, and
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validation strength, and links each method category to the level of claim supported by the
available evidence.

2. Review Methodology
This review is designed as a critical narrative review with structured study extraction.

The focus was RGB-only camera-based SpO2 estimation. The aim was not to perform
a statistical meta-analysis. We examined whether existing RGB-only methods provide
sufficient optical, signal-processing, calibration and validation evidence to support their
claimed SpO2 estimation accuracy. Non-RGB camera-based studies were used only as
comparison cases when they helped us to explain the limitations of RGB-only sensing.

2.1. Literature Search

In this review, RGB-only SpO2 estimation includes methods using raw RGB video,
RGB traces, RGB-derived rPPG, patch-level signals, or RGB-based spatiotemporal rep-
resentations, provided that the final SpO2 estimate does not require an additional NIR,
multispectral, hyperspectral, thermal, or non-camera sensing channel.

Relevant studies were searched in PubMed, IEEE Xplore, ScienceDirect and Google
Scholar. Searches were last updated on 11 June 2026. The search terms included combina-
tions of “remote photoplethysmography SpO2,” “rPPG oxygen saturation,” “RGB camera
SpO2,” “contactless SpO2,” “non-contact pulse oximetry,” and “imaging photoplethysmog-
raphy oxygen saturation”. Backward and forward citation checking was also performed
for key papers that were repeatedly cited in contactless SpO2 research.

Candidate studies were assessed according to the sensing modality, target variable,
availability of reference SpO2, and presence of experimental validation. A study was
classified as core RGB-only evidence when SpO2 was explicitly estimated from RGB video,
RGB skin traces, RGB-derived rPPG, or an RGB-based spatiotemporal representation
without requiring NIR or additional spectral channels for the SpO2 estimate. Studies using
RGB-NIR, multispectral, hyperspectral, or other additional sensing modalities were not
counted as core RGB-only evidence, although relevant studies were retained as comparison
evidence when they clarified spectral, calibration, or validation limitations. Studies that
only focused on heart-rate, respiratory rate, blood pressure, general rPPG extraction,
or other physiological variables without SpO2 estimation were excluded from the core
evidence set.

The core RGB-only evidence set comprised 13 experimental studies directly addressing
RGB video-based SpO2 estimation. A further 11 non-RGB studies using NIR, RGB-NIR,
dual-wavelength, multispectral, hyperspectral, reflectance-based, or related spectral ap-
proaches were retained for comparison and methodological context. The core RGB-only
evidence base consisted of studies [14–16,20–28,39]. Existing reviews, general rPPG studies,
pulse oximetry fundamentals, bias studies, and regulatory documents were treated as the
supporting literature and were not included in these counts.

The selection was not restricted to a single algorithm family. Ratio-of-ratios methods,
Beer–Lambert-inspired approaches, classical regression, machine learning, deep learning,
and hybrid methods were considered when they explicitly estimated SpO2 or oxygen-
saturation-related information from RGB video, RGB skin traces, RGB-derived rPPG signals,
or RGB-based spatiotemporal representations. In the representative-study comparison
tables, studies using RGB-NIR, multispectral, hyperspectral, thermal, contact PPG or
wearable sensors were not treated as core RGB-only evidence. These studies were used
only as comparison studies to clarify the sensing limitations of RGB-only SpO2 estimation.
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2.2. Inclusion and Exclusion Criteria

The inclusion and exclusion criteria for the core RGB-only evidence base are summa-
rized in Table 2.

Table 2. Inclusion and exclusion criteria used for literature selection.

Category Inclusion Criteria Exclusion Criteria

Target variable SpO2, hypoxemia, or oxygenation-related
estimation HR, RR, BP, or general rPPG only

Sensing modality RGB video, RGB traces, RGB-rPPG, or RGB
spatiotemporal maps

Contact PPG, wearable, radar, thermal, or
non-camera sensing

RGB-only scope Main input limited to RGB channels RGB-NIR, multispectral, hyperspectral, or
spectral imaging as core evidence

Methodological relevance
Ratio-based, Beer-Lambert-inspired,
regression, ML, DL, transformer, or hybrid
SpO2 methods

Vision/rPPG methods without SpO2
estimation

Reference measurement Reference SpO2 from pulse oximetry or
physiological measurement

No reference or labeled SpO2 available for
evaluating the estimation method

Experimental evidence
Experimental validation, dataset testing,
benchmarking, or clinical measurement
analysis

Conceptual, review, or methodological
papers without experimental SpO2
evaluation

Validation information Reported subjects, setup, SpO2 range,
dataset, or metrics Validation design cannot be interpreted

Comparison evidence Non-RGB studies used only for explaining
RGB limitations

Non-RGB studies treated as RGB-only
evidence

2.3. Data Extraction

For each included RGB-only study, the following information was extracted: sensing
setup, camera type when reported, anatomical region or region of interest, RGB signal
representation, preprocessing method, AC/DC or feature extraction strategy, estimation
model, calibration strategy, reference SpO2 source, subject number, SpO2 range, validation
split, evaluation metrics, and stated limitations. When a study did not report a required
item, it was marked as “not reported”.

The extracted information was used to determine which method and what level of
claim the validation could support. In this review, we emphasize subject-independent
testing, low-saturation coverage, cross-device or cross-dataset validation and skin-tone
variation. Information was extracted at the study level rather than pooled statistically
because the acquisition and validation protocols were not comparable across studies.

2.4. Structured Evidence Appraisal

To reduce reliance on purely narrative judgment, the core RGB-only studies were
assessed using a structured evidence-appraisal framework. A single numerical quality
score was not used because the included studies differed substantially in sensing design,
estimation principle, calibration strategy, and validation objective. Instead, each study was
evaluated across predefined domains that directly affect the interpretation of RGB-only
SpO2 performance: participant and dataset characteristics, SpO2 range and hypoxemia
coverage, reference SpO2 measurement, subject/session independence of the validation
split, calibration independence, cross-device or cross-dataset evaluation, demographic and
skin-tone reporting, and the use of clinically interpretable error or agreement metrics.
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For each domain, the available evidence was classified as adequate, partial, un-
clear/not reported, or not demonstrated. These categories were used to support the
validation strength interpretation presented later in this review rather than to generate a
pooled numerical quality score. The appraisal approach was informed by general principles
of prediction-model risk-of-bias assessment, particularly the importance of participant
selection, predictor measurement, outcome measurement, and analysis design [32]. Be-
cause the core evidence also includes optical and ratio-based methods that are not con-
ventional prediction models, the appraisal framework was adapted to the measurement-
specific limitations of RGB-only SpO2 estimation rather than applying a prediction-model
tool unchanged.

The operational criteria used for this appraisal are provided in Supplementary Table S1.
Each domain was classified as adequate, partial, unclear/not reported, or not demonstrated
according to predefined criteria. These domain ratings were not summed into a numerical
quality score. Instead, the validation claim level was treated as an evidence ceiling: stronger
claims required progressively stronger evidence for participant independence, calibration
independence, low-SpO2 coverage, cross-domain generalization, demographic reporting,
and clinical agreement. Consequently, strong performance in one domain, such as a low
MAE, was not considered sufficient to compensate for the absence of an essential validation
requirement. Supplementary Table S1 summarizes the resulting appraisal of the 13 core
RGB-only studies.

2.5. Review Framework

The studies that we included were analyzed using four linked questions. First, what
optical information can the RGB-only sensing setup realistically capture? Second, how does
the signal-processing pipeline preserve or distort channel-wise amplitude and baseline
information? Third, what calibration strategy is used to map RGB-derived features to
SpO2? Finally, what level of clinical claim is supported by the validation design?

Based on these questions, the selected studies were organized by sensing limita-
tions, validation quality, and estimation methodology. Evidence strength was interpreted
across five levels: feasibility-level evidence, constrained laboratory estimation, subject-
independent estimation, cross-condition generalization, and clinically relevant hypoxemia
validation. This structure was adopted because average error values alone do not show
whether a method is robust across subjects, devices, lighting conditions, skin tones, or
low-SpO2 ranges.

2.6. Synthesis Approach

The findings were synthesized qualitatively. A statistical meta-analysis was not per-
formed because the studies differed in camera hardware, lighting condition, ROI selection,
preprocessing, reference SpO2 source, saturation range, validation split, and evaluation
metrics. These differences make direct quantitative pooling unreliable. Instead, the review
focuses on recurring technical limitations and validation gaps, including spectral ambiguity,
camera-pipeline dependence, calibration sensitivity, narrow saturation range bias, subject
or session leakage, weak low-SpO2 testing, and limited clinical agreement analysis. The
available RGB-only SpO2 studies differ substantially in sensing setup, calibration strategy,
validation protocol and reported metrics; accordingly, the synthesis should be interpreted
as a structured critical review rather than as a quantitative systematic meta-analysis. Be-
cause this study was not designed as a formal systematic review, the 13-study core evidence
set should not be interpreted as an exhaustive inventory of every publication mentioning
RGB-derived oxygen saturation.
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3. Optical and Physiological Basis of SpO2 Estimation
A useful way to understand RGB-only SpO2 estimation is to separate pulse detection

from oxygenation measurement. Heart-rate estimation mainly asks whether the periodic
pulse rhythm can be recovered from the video signal. SpO2 estimation asks a different
question: whether the system can measure an oxygenation-dependent optical contrast.
Although heart-rate rPPG is mainly a temporal problem, SpO2 estimation is both temporal
and spectral [1,7].

Conventional pulse oximetry estimates arterial oxygen saturation from the differ-
ent optical absorption properties of oxygenated hemoglobin (HbO2) and deoxygenated
hemoglobin (Hb). Red and near-infrared wavelengths are commonly used because the
relative absorption of HbO2 and Hb changes across these spectral regions [40]. The device
separates the pulsatile arterial component from the non-pulsatile background, calculates
normalized pulsatile changes at two wavelengths, and maps the resulting ratio to SpO2

using empirical calibration [41]. The wavelength pair and calibration curve are therefore
central parts of the measurement, not minor implementation details.

The measured optical signal at a wavelength λ can be written in simplified form as

Sλ(t) = DCλ + ACλ(t) (1)

where Sλ(t) is the measured optical signal at time t, DCλ(t) is the slowly varying or
baseline component, and ACλ(t) is the pulsatile component associated mainly with arterial
blood volume changes. The DCλ term includes contributions from tissue, non-pulsatile
blood, illumination, optical path, and device response. Pulse oximetry uses the normalized
pulsatile component rather than the raw signal amplitude:

R =

ACλ1
DCλ1
ACλ2
DCλ2

(2)

For conventional pulse oximetry, the two wavelengths are usually represented by red
and near-infrared channels:

R =

ACred
DCred
ACIR
DCIR

(3)

SpO2 is then estimated using an empirical calibration function:

SpO2 = f (R) (4)

For explanation, this relationship is sometimes written in a simplified linear form:

SpO2 = A − BR (5)

where A and B are calibration coefficients. This linear form should not be interpreted as a
universal physiological law. The calibration relationship depends on wavelength selection,
sensor design, optical geometry, tissue scattering, device response, and the population used
for calibration [5,7,18].

Equations (1)–(5) are simplified representations intended to explain the pulse oximetry
principle and should not be interpreted as a direct application of the Beer–Lambert law to
RGB camera measurements. Biological tissue is heterogeneous and strongly scattering, so
the effective optical path length depends on wavelength, tissue composition, measurement
geometry, and scattering properties [5,18]. The measured reflectance is also affected by
melanin, surface reflection, and other tissue constituents. In addition, an RGB camera does
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not measure light at a single wavelength. Each color channel integrates a broad range of
wavelengths according to the illumination spectrum and the camera spectral sensitivity,
and the RGB sensitivity functions can overlap substantially and vary between devices [42].
Therefore, Beer–Lambert-inspired RGB methods should be regarded as approximate or
empirically calibrated models rather than direct spectrophotometric measurements of
hemoglobin absorption.

This point is especially important for RGB-only contactless SpO2 estimation. In a
conventional pulse oximeter, the red and near-infrared channels are controlled optical
measurements. In an RGB camera, the red, green, and blue channels are broad camera
responses shaped by illumination, sensor spectral sensitivity, lens properties, camera
processing, and skin optics [14–16]. A ratio can still be calculated from RGB traces, but its
physiological meaning is less stable than a conventional red/NIR ratio, as the effective RGB
channel responses depend on illumination, sensor spectral sensitivity, camera processing,
and skin optics.

Methodological Necessity of System Calibration

Calibration is necessary given the influence of tissue scattering, optical path length,
illumination spectrum, sensor response, skin pigmentation and subject-specific physio-
logical differences on the measured optical ratio. For RGB-only cameras, this problem is
compounded by the fact that the camera channels are not controlled red and near-infrared
wavelength bands; they are broad visible channels whose effective response can change
with lighting, camera settings and skin properties [15,16,18].

Therefore, calibration is the step that links RGB-derived features or ratios to reference
SpO2 values. Without this step, an RGB-derived ratio should be interpreted only as an
oxygenation-related optical feature; it cannot be treated as an absolute SpO2 measurement.
Even after calibration, the claim should remain limited to the conditions that have been
tested in the study. A calibration obtained under one camera, lighting condition, subject
group or SpO2 range may not remain valid under different acquisition conditions unless
this generalization is directly evaluated.

4. rPPG Signal Formation and Processing Pipeline
An SpO2 estimation pipeline differs from a heart-rate rPPG pipeline in that it must

preserve channel-dependent amplitude and baseline relationships. Many preprocessing
operations that improve heart-rate estimation may alter the amplitude and baseline re-
lationships that are needed for AC/DC ratio analysis. Consequently, a heart-rate rPPG
method that performs well for pulse detection does not automatically provide reliable
SpO2 estimation.

4.1. ROI Detection and Tracking

ROI selection determines which skin region is used to extract the RGB traces. ROI is
mostly selected from facial skin. In some studies, hand regions or smaller patch-based areas
are also used [16,21,24,25]. For heart-rate estimation, ROI is often judged mainly by whether
it contains a clear pulsatile rhythm [43]. For SpO2 estimation, this is not sufficient. The
selected region also affects the relative AC and DC components of each RGB channel [14].

This makes ROI stability important. Small changes in ROI location can change the
mixture of skin tissue, blood perfusion, facial hair and local pigmentation. A moving or
inconsistent ROI may still preserve the pulse frequency, but it can distort the channel-wise
amplitude and baseline relationship. This information is crucial for estimating oxygen
saturation. RGB-only SpO2 studies should report the anatomical ROI, tracking method,
skin segmentation strategy and any quality-control step used to reject unstable windows.
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4.2. RGB Trace Extraction

After ROI selection, most RGB-based rPPG pipelines convert the selected skin pixels
into RGB signals. This is usually done by averaging pixel values within the ROI for each
video frame. Some recent methods use patch-level traces or spatiotemporal maps [24,26].
Spatial averaging can improve the visibility of the pulse signal by reducing random pixel-
level noise. It also mixes regions with different physiological, optical and motion character-
istics [44,45]. This mixing is sometimes acceptable for heart-rate estimation as long as the
periodic pulse component is still clear.

For SpO2 estimation, oxygen saturation depends on the relative amplitude and base-
line of the RGB channels, making this a particularly sensitive issue. If the extracted signals
combine skin areas with different optical properties, it can distort the AC and DC compo-
nents which are important for oxygen saturation measurement.

Using patch-based or spatiotemporal representations can preserve more local details.
However, they may also increase the chance that a model learns irrelevant patterns, such
as subject appearance, lighting configuration, or dataset-specific visual cues, instead of
oxygenation-related information [17,25,26,32]. RGB trace extraction should be reported
with enough detail. This includes the ROI averaging method, patch strategy, color normal-
ization, and the rejection of unstable or low-quality regions.

4.3. Temporal Preprocessing

This step in the rPPG pipeline includes detrending, normalization, bandpass filtering,
resampling, and windowing. These steps are useful for extracting pulsatile signals from raw
RGB signals. They reduce unwanted components such as motion artifacts, camera noise,
sudden lighting changes and baseline drift [43,46–49]. For SpO2, strong normalization may
reduce lighting variation while also removing baseline information needed for AC/DC
estimation. Similarly, filter bandwidth and window length can change the estimated pulse
amplitude even when the physiological saturation is unchanged. This sensitivity is visible
in both ratio-of-ratios methods and calibrated RGB-camera approaches. Therefore, these
steps in temporal preprocessing must be examined carefully.

4.4. Color-Space Projection Methods

Color-space projection and source-separation methods, including CHROM, POS, PCA,
ICA, and PBV-related approaches, have been used to improve pulse waveform extraction
under motion and illumination changes [9,19,49]. These methods are valuable for heart-rate
estimation and may improve rPPG signal quality before SpO2 estimation [47]. Their direct
use for absolute SpO2 estimation requires caution. SpO2 estimation not only depends on
pulse visibility, but also on wavelength- or channel-dependent amplitude and baseline
relationships [7,14].

Projection methods often suppress intensity variations or combine RGB channels
to isolate pulsatility. This can improve rhythm detection, but it may also remove or
reshape the channel-specific AC/DC information used for SpO2 estimation [14–16]. So,
when color-space projection methods are used before SpO2 estimation, the study should
explain how oxygenation-sensitive information is preserved. If the original RGB channel
relationships are altered, the method should justify whether the SpO2 information is
recalibrated, recovered through learning, or estimated from an alternative representation.
Otherwise, improved pulse extraction should not be interpreted as evidence of reliable
absolute SpO2 estimation.
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4.5. AC/DC Estimation

AC/DC estimation is one of the most sensitive stages in an RGB-only SpO2 pipeline.
In ratio-based methods, the AC component represents the pulsatile part of the signal, while
the DC component represents the local baseline intensity. The SpO2-related feature is
usually derived from the normalized pulsatile change in each channel rather than from the
raw RGB amplitude alone [7].

Different studies may estimate AC in different ways, such as peak-to-peak amplitude,
spectral amplitude, RMS energy, envelope-based amplitude, or learned temporal features.
The DC component is commonly estimated from the local mean or slowly varying baseline
of the same channel. These choices are not interchangeable, because changing the AC
definition, window length, filtering method or baseline estimation can change the final
ratio even when the underlying physiological SpO2 is unchanged [16,26].

This issue is more serious in RGB-only video than in controlled pulse oximetry. Motion,
illumination changes, automatic exposure, white balance, compression, and weak perfusion
can all affect the estimated AC and DC values [14,15]. A window may contain a clear pulse
rhythm but still produce an unstable channel ratio. This is why RGB-only SpO2 studies
should clearly report how AC and DC are defined, which channels are used, how windows
are selected, and whether signal-quality checks are applied before estimating SpO2. Without
this information, the reported SpO2 value cannot be reliably interpreted or reproduced.

5. RGB-Only rPPG Is Not Equivalent to Pulse Oximetry
The central limitation of RGB-only SpO2 estimation is not that the camera signal is

always unusable; it is the lack of controlled spectral specificity. This creates failure modes
that can look like ordinary noise, but the deeper problem is structural: the RGB signal
is not a direct measurement of selected hemoglobin-sensitive wavelengths. The main
uncertainty pathway is summarized in Figure 2, where illumination, skin optics, camera
response, camera processing, RGB trace formation, and AC/DC extraction all contribute to
uncertainty before the final SpO2 prediction.

Figure 2. Sources of uncertainty in RGB-only SpO2 estimation. Optical input, camera-dependent
measurement, and signal-processing effects can distort the RGB traces and AC/DC ratio used for
SpO2 prediction.
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5.1. Spectral Ambiguity

Unlike a narrowband optical measurement, an RGB camera channel represents a
wavelength-integrated response determined jointly by the illumination spectrum, tissue
reflectance, and sensor spectral sensitivity [42]. Because the RGB sensitivity functions are
broad and partially overlapping, the red, green, and blue outputs should be interpreted as
mixed spectral measurements rather than as measurements at three discrete wavelengths.
A simplified expression for the measured camera channel k is

Ck(t) =
∫

E(λ)Rskin(λ, t)Qk(λ)dλ (6)

Here, Ck(t) is the measured camera channel, E(λ) is the illumination spectrum,
Rskin(λ, t) is the time-varying skin reflectance, and Qk(λ) is the camera spectral sensi-
tivity. This equation shows why RGB values are not direct wavelength measurements.
Even if the red channel contains oxygenation-related information, it also contains the ef-
fects of the illumination spectrum, sensor response, skin pigmentation, surface reflection,
and camera processing [15,16]. Because the measured RGB signal is jointly determined
by lighting conditions, skin reflectance, and sensor-dependent wavelength response, the
effect of oxygenation cannot be isolated from RGB values alone without assumptions,
calibration, or controlled acquisition [7,14]. This is a central reason why RGB-only SpO2

estimation is less identifiable than red/NIR pulse oximetry. Modified camera designs, such
as notch RGB-camera systems, have been explored to improve spectral separation for con-
tactless SpO2 estimation, including clinical testing in neonatal intensive care settings [50].
So, these approaches should be interpreted as comparison evidence rather than ordinary
RGB-only evidence.

Conventional pulse oximetry typically uses two deliberately selected wavelength
bands with red illumination near 660 nm and near-infrared illumination near 940 nm [1,41].
In contrast, the R, G, and B channels of a conventional color camera are broad, overlapping
spectral sensitivity functions rather than measurements at single wavelengths. For example,
the RGB camera characterized by van Gastel and Verkruysse [14] showed substantial chan-
nel sensitivity across much of the visible range from approximately 400 to 700 nm, while
their added triple-band optical filter selected bands centered at 457, 530, and 628 nm. Thus,
even the camera red channel does not reproduce the conventional red/NIR pulse oximetry
pair, and an ordinary RGB camera provides no independently controlled near-infrared
channel near 940 nm. Importantly, these spectral sensitivity functions vary among camera
models, so the spectral response of one camera should not be treated as representative of
all consumer RGB devices [42]. These spectral differences are illustrated in Figure 3.

The main spectral and measurement differences between conventional pulse oximetry
and RGB-camera sensing are summarized in Table 3.

Table 3. Quantitative spectral comparison between conventional pulse oximetry and representative
RGB-camera sensing.

Property Conventional Pulse Oximetry RGB-Camera Sensing

Primary spectral
information Red ≈ 660 nm + NIR ≈ 940 nm Broad R, G, B visible responses

Spectral region Red + near-infrared Mainly visible RGB

Representative camera
response Not applicable Broad overlapping sensitivity across approximately

400–700 nm in the example reported in [14]
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Table 3. Cont.

Property Conventional Pulse Oximetry RGB-Camera Sensing

Example added optical
filtering Not applicable Triple-band filter centered at 457, 530, 628 nm in the

modified system of Gastel and Verkruysse [14]

NIR information near
940 nm Explicitly measured Not independently available in ordinary

RGB output

Device dependence Optical wavelengths deliberately
selected by device design

RGB spectral sensitivity varies between
camera sensors

Main implication for SpO2
Two controlled channels support
calibrated RoR measurement

RGB ratios depend strongly on camera response,
illumination, and calibration

The RGB spectral ranges shown here are representative rather than universal because spectral sensitivity varies
among camera sensors and acquisition systems [42].

Figure 3. Representative comparison of spectral characteristics between conventional pulse oximetry
and RGB-camera sensing. Pulse oximetry uses two narrow bands (red ≈ 660 nm, NIR ≈ 940 nm),
whereas RGB channels are broad, overlapping visible-range sensitivities with no independent
NIR channel near 940 nm. Curves are schematic and representative; actual camera sensitivity
is device-dependent.

5.2. Camera Pipeline Distortion

Consumer cameras are designed to produce visually pleasing images, not to pre-
serve biomedical optical ratios. Auto-exposure, auto-white balance, gamma correction,
demosaicing, compression, denoising, and color correction can all change the relative am-
plitudes and baselines of RGB traces [42,51]. These operations may be harmless for visual
appearance, but they can distort the AC/DC relationships that SpO2 algorithms try to
use [15,16]. Because camera models differ in sensor response and processing pipelines, the
same physiological signal may therefore be represented differently across devices. At the
sensor level, bit depth, read noise, gain, exposure time, saturation, and frame rate stability
can further determine how faithfully the small pulsatile RGB variations are captured before
any signal-processing or SpO2 estimation step.

Video encoding and compression introduce an additional source of domain shift.
Chroma subsampling, quantization, bitrate reduction, temporal prediction, and compression-
related smoothing may modify the subtle color variations that carry rPPG information. A
model trained on raw or minimally processed video may therefore not retain the same

https://doi.org/10.3390/electronics15153477

https://doi.org/10.3390/electronics15153477


Electronics 2026, 15, 3477 13 of 30

performance when applied to compressed webcam, smartphone, telemedicine, or stored
video streams. This issue is recognized experimentally in the literature: some RGB-only
SpO2 studies deliberately disabled automatic camera processing or video encoding during
acquisition. Wu et al. disabled auto-exposure, autofocus, and auto-white balance [21],
while Chan et al. acquired video without auto-tuning or encoding [28].

These acquisition differences should be treated as a domain-generalization problem
rather than only as implementation details. Evaluation using multiple camera models
does not necessarily demonstrate device-independent performance if the same devices
are represented during model development or calibration. Stronger evidence requires
testing on unseen cameras, codecs, or processing pipelines without recalibration. RGB-
only SpO2 studies should therefore report whether videos were acquired as raw, linear, or
compressed RGB data and should document exposure control, white balance, gain, frame
rate, resolution, codec, and compression settings whenever available.

5.3. Skin Optics and Fairness

Skin optics are not a secondary nuisance variable in visible-light SpO2 estimation.
Melanin absorption, scattering, perfusion, surface reflection, temperature, and local vas-
cular response can change the measured color signal [52,53]. These effects are especially
important for RGB systems, as visible wavelengths are more strongly influenced by pig-
mentation than near-infrared wavelengths [54,55]. A method that performs well in one
demographic group may fail in another, even when the algorithm and camera are un-
changed, particularly when skin-tone distribution and subgroup performance are not
reported [29,56].

5.4. Narrow Saturation Range Bias

Narrow SpO2 distributions can make performance appear stronger than it is. If most
samples lie between 96% and 100%, a model can achieve a low average error while learning
little about clinically important desaturation. The correct test is not whether the model
predicts healthy resting subjects well. The correct test is whether it remains reliable when
SpO2 falls into ranges where clinical decisions matter [57,58]. RGB-only SpO2 studies
should report saturation distribution, low-oxygen saturation sample counts, and range-
stratified errors rather than relying only on pooled MAE or RMSE.

6. Taxonomy of RGB-Only Contactless SpO2 Estimation Methods
A useful taxonomy for RGB-only SpO2 estimation should not be based only on algo-

rithm type. For SpO2 estimation, one of the first constraints is the sensing input, since the
camera determines what oxygenation-related information can be captured before any signal-
processing or learning model is applied [14–16]. In this review, RGB-only methods are
therefore organized using five linked dimensions: sensing constraint, signal representation,
estimation principle, calibration strategy, and validation claim level. Within the estimation-
principle dimension, studies are classified according to the dominant mechanism used to
convert RGB-derived information into an SpO2 estimate. Physical or ratio-based meth-
ods use explicit optical or pulsatile relationships such as ratio-of-ratios, regression-based
methods learn statistical mappings from engineered RGB or rPPG features, deep learning
methods learn the representation and/or SpO2 mapping directly from video, spatiotem-
poral, or waveform inputs, and physics-informed or hybrid methods combine learned
components with physiological, optical, or measurement-model constraints. When a study
contains elements from more than one category, classification is based on the dominant
mechanism responsible for the final SpO2 estimate.
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Non-RGB systems such as RGB-NIR, multispectral, and hyperspectral imaging are
not treated as core RGB-only categories; they are used only as comparison cases to clarify
the spectral limitations of RGB-only sensing [59–62]. Figure 4 summarizes this taxonomy.
The main point is that RGB-only methods may differ in model complexity, but all operate
under the same basic sensing limitation: broad, overlapping, and device-dependent visible
camera channels [15]. The taxonomy therefore separates methods that adapt pulse oximetry
logic to RGB traces, methods that learn empirical mappings from handcrafted RGB/rPPG
features, methods that learn directly from video or spatiotemporal representations, and
hybrid or physics-informed methods that attempt to include optical constraints. Each
method group should be interpreted together with its calibration requirement and the level
of validation evidence supporting its claim.

Figure 4. Taxonomy of RGB-only contactless SpO2 estimation methods. The taxonomy begins
with the sensing constraint because all RGB-only methods operate with broad, overlapping, and
device-dependent visible camera channels. Methods are then interpreted according to signal repre-
sentation, estimation principle, calibration strategy, and validation claim level. Non-RGB modalities
are included only as comparison cases and are not treated as core RGB-only evidence.

The following subsections describe the main estimation principles within this tax-
onomy. These categories are not mutually exclusive because some studies combine RGB
ratio features, regression models, deep learning, and calibration strategies. Therefore,
each method category should be interpreted together with its sensing condition and
validation strength.

6.1. Physics-Based RGB Ratio Methods

Physics-based RGB methods usually begin from the pulse oximetry ratio-of-ratios
principle [5,7]. They estimate pulsatile and baseline components from two or more RGB
channels and then map these features to SpO2 through calibration [20]. Early camera-
based work showed that visible-light video can contain oxygenation-related information
under ambient-light conditions, but also emphasized the need for careful calibration and
controlled interpretation [63]. The main advantage of these methods is interpretability. If
the result fails, the pipeline can be inspected at the level of ROI selection, filtering, AC/DC
estimation, channel ratio formation, and calibration.
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The limitation is that an RGB ratio is not equivalent to a red/near-infrared pulse oxime-
try ratio. RGB channels are broad camera responses, not controlled wavelength bands.
Therefore, a ratio computed from RGB traces may carry oxygenation-related information
under controlled conditions, but its physiological meaning depends strongly on illumina-
tion, camera response, skin absorption and scattering characteristics, preprocessing, and
calibration. These methods should therefore be interpreted as calibrated RGB estimation
methods, not as direct replacements for conventional pulse oximetry.

6.2. Classical Feature-Based Regression Methods

Classical regression methods use handcrafted RGB- or rPPG-derived features as input
to estimate SpO2. These features may include channel ratios, normalized pulse amplitudes,
AC/DC-related features, spectral descriptors, temporal statistics, or combinations of color
and pulse-quality features. Regression models are then used to learn the relationship
between these extracted features and reference SpO2 values [21,22].

The strength of these methods is that the feature pipeline is usually easier to inspect
than a deep neural network. If the prediction fails, the error can often be traced back to un-
stable ROI selection, weak pulse amplitude, poor AC/DC estimation, illumination change,
or an unsuitable calibration set. This makes classical regression useful for understanding
which parts of the RGB signal may contain oxygenation-related information.

These methods remain limited by the information available in the RGB signal. A re-
gression model can map existing RGB features to SpO2, but it cannot create missing spectral
specificity. If the RGB channels do not contain stable oxygenation-dependent contrast, the
model may learn dataset-specific relationships instead of a general physiological mapping.
This risk becomes stronger when the dataset has a narrow SpO2 range, repeated subjects,
fixed lighting, or a weak validation split [7,32].

For this reason, classical machine learning methods should not be judged only by MAE
or RMSE. Their validity depends on whether the features remain stable across subjects, skin
tones, cameras, and lighting conditions, and whether the calibration is tested outside the
setting where it was learned. A low error under controlled conditions may support constrained
RGB-based estimation, but it does not by itself establish a reliable absolute SpO2 measurement.

6.3. Deep Learning- and Transformer-Based Methods

Deep learning methods can learn nonlinear mappings from videos, spatiotemporal
maps, or extracted rPPG traces to SpO2. CNN-based models may exploit spatially dis-
tributed facial information, while recurrent and transformer-based models may capture
longer temporal dependencies. These are reasonable modeling choices when signal quality
varies over time and location [25,26,64]. Deep learning architectures developed for gen-
eral rPPG, including attention-based [65], spatiotemporal [51], temporal-shift [66], and
contrastive-learning [67] models, provide useful methodological background for video-
based physiological estimation. However, they should not be treated as direct evidence for
RGB-only SpO2 estimation unless SpO2 is explicitly estimated and validated.

The interpretation of deep learning performance depends on the validation design.
A network can reduce noise, exploit temporal structure, and learn interactions that hand-
crafted methods miss. It cannot recover a missing narrowband NIR measurement that the
camera never captured. Apparent success may therefore reflect physiological oxygenation
information, but it may also reflect subject identity, camera response, lighting, skin-tone,
perfusion state, or dataset-specific label distributions [29,56].

Explainability tools such as feature-map visualization [24], Grad-CAM [68], SHAP [69],
or Integrated Gradients [70] may help identify whether model predictions depend on
physiologically plausible facial regions or signal features. Cheng et al. [24] provided a
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specific example using hidden-layer feature-map visualization in an EfficientNet-B3 model
trained on RGB spatiotemporal maps. After aligning an interpolated feature-map with the
input facial frames, they reported greater weighting around the forehead, nose, and cheeks,
while the torso and regions without a face received less weight. This spatial pattern is
consistent with facial regions commonly used for rPPG extraction. The analysis was limited
to interpretable lower-level feature-maps and does not establish that the model learned an
oxygenation-specific physiological mechanism. Therefore, explainability methods should
complement, rather than replace, subject-independent, cross-device, and physiologically
constrained validation.

For deep learning methods, subject-independent validation is essential, given that
facial appearance, skin-tone, camera response and lighting conditions can act as identity-
related shortcuts that reduce test error without proving oxygenation-sensitive measurement.
The main validation risks for deep learning-based RGB-only SpO2 estimation are summa-
rized in Table 4.

Table 4. Deep learning risk factors in rPPG-based SpO2 estimation.

Risk Why It Matters Recommended Test
Subject leakage Facial identity can inflate accuracy Use subject-independent validation
Session leakage Repeated lighting or camera settings can leak into testing Use session-independent validation
Normal-range bias Low MAE can occur without desaturation detection Report errors by SpO2 range

Camera bias The model may learn sensor response instead
of physiology

Use cross-camera or cross-dataset
testing

Skin-tone bias Visible-light signals affected by pigmentation
and scattering

Report subgroup performance

Label delay Oximeter averaging can misalign labels Analyze time-delay sensitivity

6.4. Hybrid or Physics-Informed RGB Methods

Hybrid and physics-informed methods can be viewed as an emerging direction in
RGB-only SpO2 estimation. The motivation is technically reasonable: purely data-driven
models may learn dataset-specific color patterns, while ratio-based RGB methods can be
sensitive to illumination, camera response, and skin optics [14,24,25]. A hybrid approach
can, in principle, combine optical constraints with learned components, ensuring the model
does not treat SpO2 prediction as an unconstrained regression problem.

For RGB-based systems, however, the term “physics-informed” should be used with
caution. A model should not be considered physics-informed merely because it refers to the
Beer–Lambert law or uses physiological terminology. The physical component should be
connected to measurable or physiologically meaningful quantities in the RGB measurement
process, such as hemoglobin absorption and tissue optics [5], pulsatile AC/DC relation-
ships [7], or camera spectral sensitivity and calibration [14,50]. If these relationships are not
explicitly incorporated into the model or evaluated experimentally, the physical interpretation
may remain post hoc rather than functioning as an actual model constraint.

A related example within remote physiological measurement is PhysMLE, which
incorporates prior physiological relationships into a multitask learning framework that in-
cludes blood oxygen saturation and evaluates generalization using a multi-source domain-
generalization protocol [71]. Although this framework is not a direct physical model
of RGB-based SpO2 formation, it illustrates how physiological prior knowledge can be
incorporated into learning while explicitly considering generalization across acquisition
domains. For RGB-only SpO2 estimation, a more strongly physics-informed formulation
would additionally connect such learning constraints to the optical measurement process,
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including hemoglobin absorption, camera spectral response, AC/DC behavior, tissue optics,
and calibration.

The main challenge is that RGB channels do not provide controlled red and near-
infrared measurements. Therefore, even a physics-informed RGB model remains limited
by the spectral information captured by the camera [14,15]. Such methods may improve
robustness by guiding feature learning, reducing implausible predictions, or enforcing
calibration-aware behavior, but they still require careful validation across subjects, lighting
conditions, cameras, skin tones, and low-SpO2 ranges [17,29,56].

At present, hybrid and physics-informed RGB-only SpO2 estimation should be dis-
cussed as a developing research direction rather than as established clinical evidence. Its
value depends on whether the study shows that the physical assumptions are operational
in the model and whether the validation demonstrates improved generalization, not only
improved average error in one dataset.

7. Calibration Strategies and Claim Strength
Calibration determines how far an RGB-only SpO2 method can be interpreted beyond

the acquisition condition in which it was developed. Subject-specific calibration may be
useful for tracking oxygenation-related changes in one person, but it does not establish
population-level SpO2 estimation. Device-specific or illumination-specific calibration can
improve stability, but it also means that the method depends on a controlled camera
and lighting environment. Population-level calibration is more scalable, but it requires
a sufficiently diverse calibration set across subjects, skin tones, cameras, illumination
conditions, and SpO2 ranges [16,23].

For RGB-only systems, calibration should be treated as a central part of the method
rather than a minor implementation detail. Calibration can learn an empirical mapping
between RGB-derived features and reference SpO2, but it cannot recover spectral informa-
tion that was not captured by the camera [7,15]. Therefore, a method that performs well
under fixed lighting, a known camera, or per-subject calibration should be described as
constrained RGB-based SpO2 estimation, not general clinical deployment.

Claim strength should match validation strength. A subject-specific model only sup-
ports individual-level or trend-monitoring claims. A model tested with subject-independent
validation may support population-level feasibility in similar conditions. Cross-device or
cross-dataset validation provides stronger evidence of generalization. Clinical relevance
requires low-saturation or hypoxemia-focused testing, agreement analysis, and subgroup
evaluation [14,28,32]. Without this evidence, low average error should not be interpreted
as proof of clinically reliable SpO2 measurement. A calibration model trained under one
camera, illumination condition, subject group, or SpO2 distribution should not be assumed
to transfer to another condition unless this transfer is directly tested. For RGB-only systems,
calibration transfer is a measurement problem, not only a model-generalization problem.

8. Dataset and Ground-Truth Limitations
The most common weakness in contactless SpO2 papers is not the absence of an

advanced model, but weak validation. Datasets dominated by healthy resting subjects can
make prediction appear accurate while providing little evidence about hypoxemia. For
SpO2, the distribution of the target variable is not a secondary detail; it determines what
kind of clinical claim the study can support.

8.1. SpO2 Distribution

Every RGB-only contactless SpO2 study should report the minimum, maximum,
mean, standard deviation, histogram, and number of samples below clinically relevant
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thresholds such as 95%, 92%, and 90%. Without this information, a low MAE cannot
be interpreted properly [31,32]. A model evaluated mostly between 96% and 100% may
appear accurate solely because of the narrowness of the test problem. It may still fail when
oxygen saturation falls into a range where clinical decisions are made [23,28]. When the
test set is dominated by normal SpO2 values, a model can obtain a low MAE by predicting
values near the population mean, even if it has little ability to detect clinically meaningful
desaturation [21].

Many public rPPG datasets were originally designed for pulse or general physiological
monitoring rather than hypoxemia-focused SpO2 validation. Datasets such as VIPL-HR [72],
PURE [73], and UBFC [44] are useful for studying video-based physiological sensing, but
they do not by themselves solve the need for low-SpO2 coverage, synchronized reference
oximetry and subgroup validation.

8.2. Ground-Truth Pulse Oximeter Limitations

The reference pulse oximeter is not an instantaneous or error-free label source. Device
model, sampling rate, averaging window, sensor location, motion artifact, and reporting
delay all affect the label [1,5]. These issues become more important during desaturation
and recovery, when SpO2 changes over time. If the video window and oximeter label are
not temporally aligned, a model may be penalized or rewarded for the wrong physiologi-
cal state. For desaturation and recovery experiments, the temporal delay and averaging
window of the reference pulse oximeter should be reported or analyzed, because a mis-
match between the video window and the oximeter label can bias the apparent prediction
error [14,28].

8.3. Split Protocol

Frame-level or random window-level splits are weak for video-based physiological
sensing, as they can leak subject, session, camera, and lighting information across training
and test sets. Subject-independent validation should be considered the minimum acceptable
split for population-level claims. Session-independent validation is stronger. Cross-camera
or cross-dataset validation provides more meaningful evidence that the model is not simply
learning acquisition-specific bias [24,32].

For window-based analysis, overlapping or temporally adjacent windows from the
same recording should not be divided across training and test sets, since this can introduce
leakage through shared subject identity, illumination, camera settings, motion pattern, and
physiological state [32]. Hyperparameter tuning, model selection, normalization statistics,
and calibration fitting should also be performed without using test subjects or test sessions.
Otherwise, the reported performance may still be optimistic even when the final split
appears subject-independent.

8.4. Skin-Tone and Demographic Generalization

Visible-light rPPG is sensitive to skin optics, so demographic information should not
be treated as optional. Fitzpatrick skin type or another skin-tone descriptor, age, sex, clinical
condition, and perfusion state should be reported when available. If subgroup analysis is
not possible, the limitation should be stated explicitly. A method that has not been tested
across skin tones should not be described as broadly deployable [29].

For RGB-only SpO2 estimation, skin-tone reporting is not only a fairness consideration,
but also a measurement-validity requirement. Visible-light signals are affected by melanin
absorption, scattering, local perfusion, and surface reflection, but a model validated mainly
on a narrow skin-tone distribution may show low average error while failing under different
pigmentation or perfusion conditions [56]. Therefore, RGB-only SpO2 studies should report
skin-tone distribution, demographic composition, and subgroup performance whenever
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possible. If subgroup analysis is not possible, the absence of such an evaluation should be
explicitly stated as a limitation [20].

Weak peripheral or facial perfusion can reduce pulsatile amplitude, making AC/DC
estimation unstable even when the video appears visually usable [36]. This problem is
especially relevant during cold exposure, vasoconstriction, illness, motion, or low-signal-
quality conditions. Therefore, studies should report whether low-perfusion cases were
included, excluded, or treated through signal-quality control. When subgroup data are
available, the reporting items in Table 5 should be presented separately for relevant skin-
tone or demographic groups rather than only as pooled overall performance. Figure 5
then places this requirement within the broader validation hierarchy, where subgroup
evaluation is part of the evidence needed before RGB-only SpO2 methods can support
broad or clinically interpretable claims.

Table 5. Dataset and validation information required for interpreting contactless SpO2 studies.

Validation Item Why It Matters Reviewer Expectation

SpO2 range Determines whether the model was tested
where clinical decisions occur.

Report min, max, mean, distribution, and
low-SpO2 counts.

Hypoxemia inclusion Normal-range accuracy does not prove
desaturation detection.

Report performance below 95%, 92%, and 90%
when available.

Split protocol Random frame/window splits can leak
subject and session information.

Use subject-independent splits at minimum.

Cross-device testing RGB camera response is device-dependent. Test on different camera or dataset when possible.

Skin-tone analysis Visible-light PPG is affected by
pigmentation.

Report subgroup performance or acknowledge
missing analysis.

Ground-truth Pulse oximeter type, delay, and averaging
affect labels.

Report device, sampling rate, averaging
window, and delay correction.

Motion and lighting Real deployment rarely has perfect
conditions.

Evaluate static and challenging conditions
separately.

Figure 5. Validation hierarchy for contactless SpO2 estimation. The five levels represent progressively
stronger evidence, ranging from proof-of-concept signal association to clinical agreement across a
clinically relevant hypoxemic range. Higher levels require broader validation across participants,
sessions, devices, environments, and clinical conditions. Detailed reporting requirements for each
level are summarized in Table 5.
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Table 5 summarizes the reporting information needed to interpret individual RGB-
only SpO2 studies. Figure 5 then organizes these requirements into a validation hierarchy,
linking study design to the strength of the claim being made.

9. Evaluation Metrics and Clinical Validation
Evaluation metrics should match the intended claim. MAE and RMSE are useful

summaries, but they are not sufficient for clinical interpretation. A method can have a low
average error and still show systematic bias, wide limits of agreement, poor low-saturation
performance, or unreliable hypoxemia detection. Correlation is also insufficient because
a high correlation can coexist with clinically unacceptable absolute error [30,31]. The
commonly reported error and agreement metrics can be written as

MAE =

(
1
N

)
Σi | yi − ŷi| (7)

RMSE =
√[

(1/N) Σi (yi − ŷi)
2
]

(8)

Bias = (1/N) Σi (ŷi − yi) (9)

LoA = Bias ± 1.96 SDerror (10)

Arms =
√[

(1/N) Σi (ŷi − yi)
2
]

(11)

where yi is the reference oxygen-saturation value, ŷi is the estimated SpO2 value, N is the
number of samples, and SDerror is the standard deviation of the estimation error. Under
the displayed definition, Arms is numerically equivalent to RMSE calculated from the same
paired measurements. The notation Arms is retained because it is conventionally used
in pulse-oximeter performance evaluation against reference arterial oxygen saturation.
Metrics should also be reported separately for normal and low-saturation ranges whenever
the dataset allows. Table 6 summarizes the main evaluation metrics used in contactless
SpO2 studies and highlights what each metric can and cannot show.

Table 6. Metrics for contactless SpO2 evaluation.

Metric What It Shows What It Hides

MAE Average absolute error. Bias, low-SpO2 failure, and distribution imbalance.

RMSE Penalty for large errors. Whether errors occur in clinically important ranges.

Pearson r Linear association or trend
agreement. Absolute bias and calibration error.

Bland–Altman analysis Bias and limits of agreement. Requires sufficient range and sample diversity.

Arms-like error Pulse oximetry-style overall error. Needs clinical context and saturation range reporting.

Sensitivity below threshold Ability to detect hypoxemia. Requires enough low-SpO2 samples.

Calibration error Reliability of predicted values. Rarely reported in current rPPG-SpO2 work.

Regulatory pulse oximetry standards and clinical agreement metrics are used in this
review as interpretive benchmarks, not as evidence that RGB-only camera-based systems
currently satisfy the requirements of clinical pulse oximeters [57,58]. Pearson correlation
should not be interpreted as agreement. A method can show high correlation with the
reference while still having systematic bias or wide limits of agreement, which would make
the absolute SpO2 estimates clinically unreliable.

https://doi.org/10.3390/electronics15153477

https://doi.org/10.3390/electronics15153477


Electronics 2026, 15, 3477 21 of 30

10. Critical Comparison of Representative Studies
Representative studies are compared across three linked dimensions: reported quanti-

tative performance, technical design, and validation strength. Numerical accuracy should
be interpreted together with the sensing and processing choices of each study and with
the evidence supporting the claimed level of generalization. Table 7a–c summarizes
the representative quantitative and technical characteristics, while Table 8 compares the
validation strength and claim level. The full set of 13 core RGB-only studies is identi-
fied in Section 2.1, and the complete study-level quantitative comparison is provided in
Supplementary Table S2.

Table 7. (a) Examples illustrating the effect of validation design and SpO2 range on reported
performance. (b) Experimental setup and reference measurement. (c) Signal processing and
estimation method.

(a)

Study SpO2 Range Validation MAE/RMSE (%) Main Point

Kim et al. [20] 85–100% Same-dataset
fit/evaluation 0.537/0.692 Very low error, but no independent

validation

Wu et al. [21] Broad low range LOSO +
cross-dataset 4.22–4.45/4.91–5.23 Stronger generalization test; error increases

at low SpO2

Cheng et al. [24] ~86–99% Subject-wise CV 1.274/1.710 MAE rises to 3.077% below 95%

Chan et al. [28] ~81–99% LOSO 1.65/1.93 best
condition

RMSE varies from 1.93% to 15.66% across
lighting

(b)

Study Modality Input ROI/Region Calibration/Validation
Strategy Ground-Truth

Wu et al. [21] RGB camera Image-
derived color traces Cheek LOSO, cross-dataset

validation
Fingertip pulse
oximeter

van Gastel et al. [14]
RGB camera with
added low-cost
components

RGB video Forehead
Hypoxia-lab
calibration, robust
regression

Finger/ear/nasal
pulse oximeters,
hypoxia

Nishidate et al. [39] rPPG-based SpO2 RGB video Forehead

Color checker
calibration, white
balance correction,
empirical calibration

Finger pulse
oximeter,
respiration
transducer, tissue
oxygen monitor

Cheng et al. [24] rPPG-based SpO2 Facial RGB video Forehead, nose,
cheeks

5-fold subject
cross-validation

VIPL-HR
reference SpO2

Peng et al. [25] Video-based rPPG RGB video Face and hand skin
ROIs

leave-one-participant-
out evaluation

CMS50E pulse
oximeter

Akamatsu et al. [26] Video-based rPPG RGB facial video facial ROI grid
below eyes

five-fold subject-wise
cross-validation

OxyTrue A pulse
oximeter

(c)

Study Preprocessing Model/Principle

Wu et al. [21] CHROM/POS extraction, motion
reconstruction, adaptive filtering Beer–Lambert + RoR, KNN regression

van Gastel et al. [14]
MOSSE tracking, downsampling, DC
normalization, Butterworth bandpass
filtering

APBV, RoR (Red/Blue), pulse-spectrum
skewness weighting

Nishidate et al. [39] RGB-to-XYZ conversion, chromophore
estimation, FIR bandpass filtering

Monte Carlo skin model, diffuse reflectance
spectroscopy, StO2/SpO2 estimation from
HbO/HbR
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Table 7. Cont.

Cheng et al. [24] STMap generation, RGB/YUV/YCrCb
conversion, resizing, normalization

Deep learning regression,
ResNet-50/DenseNet-121/EfficientNet-B3

Peng et al. [25]
YOLO detection, ROI scaling, FIR
filtering, chromatic augmentation,
handcrafted RGB statistics

Beer–Lambert + RoR, 3DCNN,
CNN-BiLSTM, MFAM attention

Akamatsu et al. [26] Face alignment, STMap generation,
DC/AC filtering, normalization

RoR principle, ResNet18 CNN, DC/AC
fusion

Table 8. Validation strength and claim level of representative studies.

Study Subjects SpO2 Range Low-SpO2
Samples Split Protocol Cross-Device? Metrics Claim Level

Wu et al. [21]
60 healthy

subjects; SSL: 14,
NCTUBO: 46

~65–100%

SSL mean:
87.98%;

NCTUBO: 1.21%
below 90%

LOSO and
cross-dataset

validation
Yes MAE, STD of

error, RMSE Level 4

van Gastel et al.
[14]

Dataset I: 19
subjects; Dataset

II: 10 subjects
70–100%

Six hypoxia
levels (94%, 90%,
85%, 80%, 75%,

70%)

Dataset I for
calibration;

Dataset II for
realistic validation

No

Bias, absolute
error,

pulse-spectrum
skewness

Level 4

Nishidate et al.
[39]

13 healthy
volunteers 87–100%

Hypoxia
induced to ~87%

using 11%
oxygen

inhalation

No standard
train/test split;

empirical model
from Monte Carlo

simulations

No

RMSE, Pearson
correlation,

Bland–Altman
analysis

Level 2

Cheng et al. [24] VIPL-HR: 107
subjects ~88–100%

Normal (≥95%)
vs. abnormal

(<95%) groups

Five-fold subject
cross-validation Yes MAE, RMSE Level 3

Peng et al. [25]

MVPD: 13
volunteers;

FaceForensics++:
1000 videos;

UBFC: 42 videos

93–100%
Breath-holding

tests within
93–100%

Contrastive
pretraining +
supervised

fine-tuning +
leave-one-out

testing

No
MAE, RMSE,

Pearson
correlation

Level 3

Akamatsu et al.
[26] 50 subjects 85–100%

Breath-holding
cycles (30 s hold

+ 30 s rest)

Five-fold
subject-wise

cross-validation
No

MAE, RMSE,
Pearson

correlation
coefficient

Level 3

10.1. Quantitative Cross-Study Comparison

Reported MAE and RMSE values across RGB-only SpO2 studies should not be inter-
preted as directly comparable performance measures because the underlying evaluation
conditions differ substantially. The included studies vary in SpO2 range, calibration strat-
egy, subject independence, camera hardware, acquisition conditions, and validation design.
For example, Kim et al. [20] reported a MAE of 0.537% over an 85–100% range, but the
empirical calibration and evaluation appear to have been performed on the same dataset.
In contrast, Wu et al. [21] reported higher errors under subject-independent and cross-
dataset evaluation, with MAE increasing from 3.39% at 95–100% SpO2 to 5.57% at 80–85%.
Similarly, Cheng et al. [24] reported an overall MAE of 1.274%, but the error increased to
3.077% for samples below 95% SpO2. These examples show that a low reported overall
error can reflect restricted target range or less stringent validation rather than stronger
measurement validity.

For this reason, a conventional forest plot or pooled meta-analytic effect size was not
calculated. The reported errors do not represent a common estimate under comparable
experimental conditions, and statistical pooling could therefore imply a level of compa-
rability that is not supported by the study designs. Instead, we performed a structured
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quantitative synthesis that jointly considers reported error, SpO2 coverage, calibration
independence, validation design, low-SpO2 performance, and external or device-level
testing. This approach also highlights that acquisition conditions can strongly influence
apparent performance; for example, Chan et al. [28] reported RMSE values ranging from
1.93% to 15.66% across lighting conditions using the same general measurement framework.
Table 7a summarizes representative examples showing how reported performance changes
with SpO2 range, validation design, and acquisition conditions.

The complete study-level quantitative comparison is provided in Supplementary Table S2.

10.2. Technical Design and Signal Processing

To provide technical context for the reported performance, Table 7b,c summarizes the
acquisition, reference measurement, preprocessing, and estimation choices of representative
RGB-only studies.

10.3. Validation Strength and Claim Level

For interpreting validation strength, this review uses five claim levels. Level 1 indi-
cates feasibility evidence under limited or controlled conditions. Level 2 indicates con-
strained laboratory estimation with limited generalization evidence. Level 3 indicates
subject-independent validation under similar acquisition conditions. Level 4 indicates
cross-condition, cross-device, or cross-dataset generalization evidence. Level 5 indicates
clinically relevant validation with low-SpO2 or hypoxemia coverage, agreement analysis,
and evidence supporting absolute SpO2 interpretation. These levels are assigned according
to the reported validation evidence, not according to algorithm complexity.

The comparison should be interpreted conservatively. The assigned claim level is
not a judgment of algorithmic complexity alone, but reflects the strength of the validation
evidence supporting clinical interpretation. When a study satisfied some but not all criteria
for a higher level, the lower conservative level was assigned. A technically advanced model
evaluated on a narrow, subject-overlapping, or weakly validated dataset should not be
treated as high-level clinical evidence. Conversely, a simpler calibrated method tested
across a wider SpO2 range, with stronger reference measurement and subject-independent
validation, may provide stronger measurement evidence.

11. Clinical Absolute SpO2 vs. Relative Oxygenation Trend Monitoring
Many studies have discussed two different applications as equivalent. The evidence

required for these applications is not the same [11,12]. Clinical absolute SpO2 estimation
means the system predicts an actual medical SpO2 value as a pulse oximeter. In this case,
an error near the hypoxemic range is seen as clinically important, as it may change whether
a subject is considered normal or at risk. Such claims require low bias, narrow limits of
agreement, and reliable performance during hypoxemia [31,57]. Robustness across subjects,
devices, lighting conditions, and skin-tone groups is also necessary.

Relative oxygenation trend monitoring is a more limited but more realistic target
for RGB-only rPPG. The system may detect whether an oxygenation-related signal is
decreasing, recovering, or becoming unstable relative to a subject-specific baseline; it does
not estimate the exact SpO2 value. This application also requires validation across sessions
and acquisition conditions, but it does not require the same level of absolute agreement as
clinical pulse oximetry [14–16].

RGB-camera-based methods should not be described as fully reliable clinical pulse
oximeters, unless a study provides strong calibration, subject-independent validation,
low-saturation testing, and clinical agreement analysis. This distinction protects the field
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from overclaiming while still giving RGB-only research a defensible role in screening,
monitoring, or research settings under controlled conditions.

12. Recommended Reporting Checklist for RGB-Only SpO2 Studies
A minimum reporting checklist can improve reproducibility and reduce overinterpre-

tation of RGB-only contactless SpO2 results. The checklist in Table 9 is not a regulatory
standard; it is a practical reporting guide for studies that aim to make physiologically
meaningful claims using RGB-derived oxygen saturation estimates.

Table 9. Minimum reporting checklist for RGB-only contactless SpO2 studies.

Reporting Item Minimum Information That Should Be Reported Why It Matters

Camera system Type, frame rate, resolution, exposure, color format RGB values depend on
camera settings

Illumination Light source, ambient/controlled setting,
lighting changes

Light spectrum strongly affects
RGB signals

ROI selection Body region, skin segmentation, tracking,
rejected frames ROI changes affect AC/DC ratios

RGB trace extraction Averaging method, patch method, channel handling Defines the input signal

Preprocessing Filtering, normalization, resampling, window length Can change pulse amplitude
and baseline

AC/DC features AC/DC definition, channels, amplitude
method, features

Different definitions change
SpO2 estimates

Calibration method Calibration type, dataset, equation/model Determines claim strength

Reference SpO2 Reference device, sampling, averaging, synchronization Poor alignment can bias error

Validation
Subject- and session-independent testing; unseen-device
or external-dataset evaluation without test-domain
recalibration

Weak splits inflate accuracy

Metrics

Bias, limits of agreement, pulse oximetry-style error,
saturation-stratified errors, and hypoxemia detection
performance; MAE/RMSE as supplementary
summaries.

Average error alone is insufficient

Reproducibility Code/data, parameters, model details, statistics. Enables independent checking

Claim level Feasibility, controlled, generalizable, or clinical claim Claims must match evidence

For a future RGB-only system to support a clinical reliability claim, reporting complete-
ness alone is not sufficient. To provide a more objective benchmark for future RGB-only
SpO2 systems, Table 10 summarizes the quantitative and explicit validation targets an-
chored to established pulse oximetry guidance and standards. The numerical values
are derived from the final FDA pulse-oximeter guidance, while the subject-, session-,
calibration-, and cross-device requirements adapt these validation principles to RGB-based
machine learning systems.
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Table 10. Standard-anchored quantitative readiness targets for future RGB-only SpO2 systems.

Requirement Quantitative Target Basis/Standard

Clinical dataset size ≥10 subjects and ≥200 paired
RGB-SpO2/arterial SaO2 observations FDA final guidance [74]

Low-SpO2 coverage
Cover 70–100% SaO2; report results for 70–80%,
80–90%, and 90–100% and report the number
and percentage of samples <90% and <85%

FDA final guidance [74]

Subject- and
session-independent testing Required: Yes RGB/ML validation requirement

Calibration independence Required: Yes Clinical-validation principle

Cross-device/domain holdout Required: Yes RGB-specific external-validation
requirement

Agreement analysis Report mean bias, Bland–Altman analysis,
and upper and lower 95% limits of agreement FDA final guidance [74]; CLSI [75]

Overall accuracy Reflectance benchmark: Arms ≤ 3.5% over
70–100% SaO2

FDA final guidance [74]

Skin-pigmentation
representation

≥2 darkly pigmented subjects or 15% of the
sample, whichever is larger FDA final guidance [74]

13. Future Directions
Future research on RGB-based SpO2 estimation needs to move from small proof-of-

concept results toward scientifically reliable and clinically trustworthy evaluation. Meaning-
ful progress in this field can be achieved through subject-independent, session-independent
and cross-device testing. In addition, datasets that include a wide range of SpO2, hypox-
emia samples, skin-tone variation and synchronized reference oximetry are essential for
advancement of this field [52,53,55,56,76–79].

Physics-based or uncertainty-aware models may only help if the physical assumptions
are linked to measurable RGB features [71,80]. RGB-NIR or multispectral systems may pro-
vide stronger wavelength specificity, but they should be treated as beyond-RGB directions
rather than direct evidence for RGB-only performance [33–35]. The most urgent technical
directions are not only larger neural networks, but standardized acquisition protocols, raw
or linear RGB access, cross-camera calibration transfer, low-SpO2 data collection, subgroup
evaluation, and uncertainty estimation that indicates when RGB-only predictions should
not be trusted.

14. Conclusions
In this paper, we present a critical review of RGB-only SpO2 estimation. Even though

contactless SpO2 estimation has a promising future, it is also easy to overstate its capabilities.
A consumer-level RGB camera does not provide the controlled spectral information that a
clinical pulse oximeter does; this is the central limitation of RGB-only SpO2 estimation. In
our study, we observed physics-based methods that make the optical assumptions easier
to inspect, while machine learning and deep learning methods can improve empirical
prediction under specific conditions. Existing evidence does not establish a device-invariant
and acquisition-independent mapping from broad RGB measurements to absolute SpO2.
Learned models may exploit oxygenation-sensitive information present in RGB video,
but their calibration and transferability remain dependent on the camera, illumination,
participant population, and validation design. This is why researchers should interpret
RGB-based oxygen saturation as a constrained empirical measurement problem. Under
controlled conditions, an rPPG signal extracted from an RGB-only camera may be useful for
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constrained estimation and for monitoring oxygenation trend. However, clinically reliable
SpO2 estimation requires stronger validation, including subject-independent testing, cross-
condition evaluation, agreement analysis, and low-SpO2 assessment. Future progress
should depend less on model complexity alone and more on transparent calibration, robust
validation, and claim levels that match the available evidence. Therefore, current RGB-
only SpO2 methods should be described as constrained empirical estimators unless they
are validated across low-SpO2 ranges, subjects, devices, lighting conditions, and relevant
demographic subgroups.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/electronics15153477/s1. Table S1, Structured evidence appraisal
of the 13 core RGB-only SpO2 studies; Table S2, Quantitative performance comparison of the 13 core
RGB-only SpO2 studies.
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APBV Adaptive pulse blood volume method
CHROM Chrominance-based rPPG method
POS Plane-orthogonal-to-skin method
CNN Convolutional neural network
FIR Finite impulse response
Hb Deoxygenated hemoglobin
HbO Oxygenated hemoglobin
HbR Reduced hemoglobin
HR-rPPG Heart-rate remote photoplethysmography
ICA Independent component analysis
PCA Principal component analysis
KNN k-nearest neighbors
LOSO Leave-one-subject-out
MAE Mean absolute error
RMSE Root Mean Squared Error
NIR Near-Infrared
RoR Ratio-of-Ratios
PBV Blood volume pulse
STD Standard deviation
StO2 Tissue oxygen saturation
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