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Roadmap of remote
photoplethysmography from heart rate
measurement toward clinical translation

Check for updates
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Kirk H. Shelley8 & Aymen Alian8

Remote photoplethysmography (rPPG) enables non-contact heart rate (HR) and waveform
measurement from facial video, offering advantages over contact methods while contending with
motion, illumination changes, compression, and frame-rate variability. This roadmap integrates a
systematic review, technical synthesis, and a clinic-acquired demonstration to accelerate rPPG
research and translation. We outline the measurement pipeline and synthesize progress across eight
domains: datasets, device factors, data scarcity, skin/ROI detection, model- and data-driven
algorithms, filtering, and evaluation metrics. Strategies for improved robustness include targeted
dataset expansion, augmentation, optimizedROI policies,motion andphotometric normalization, and
hardware configuration. A proof-of-feasibility using data collected in a routine clinical setting
alongside reference monitors demonstrates high signal-level agreement under a multi-metric
framework (correlation/concordance, absolute errors, and Bland–Altman bias/dispersion). We
conclude with recommendations for accuracy, efficiency, and deployment in real-world and clinical
contexts, providing a consolidated resource for researchers and clinicians and a pragmatic path
toward reliable clinical adoption.

In recent years, with increasing public awareness of physical health, phy-
siological signal monitoring technologies have received growing attention.
Such technologies can facilitate the measurement of various physiological
indicators, enabling health status assessment and proactive management.
Among vital physiological indicators, heart rate (HR) holds particular sig-
nificance. It serves as a valuable measure of fatigue levels1, emotional state2,
and body functions3. Consequently, improving the accuracy and efficiency
of HR measurement under different circumstances has become a key
research focus in this field.

The widely accepted gold standard4,5 for HR measurement is the
electrocardiogram (ECG). As shown in Fig. 2, ECG signals are recorded by
placing electrodes on specific body locations and connecting wires to the
recording machine6. Each heartbeat induces myocardial depolarization,
altering skin surface potentials that can be captured by electrodes and

amplified into ECG signals. A typical ECG waveform contains three main
components (P wave, QRS complex, and T wave), each reflecting specific
phases of cardiac electrical activity7,8. Since ECG signals contain abundant
cardiac information, clinicians can evaluate HR, cardiac rhythm, PR
interval, QT interval, and other aspects by analyzing the ECG waveform in
order to determine the physical condition of the patient and potential heart
diseases9–11. However, the need for professional setup of traditional 12-lead
ECG restricts its suitability for long-term monitoring outside clinical set-
tings. Ambulatory ECG techniques such as Holter monitors or adhesive
patch recorders have been developed to enable continuous cardiac rhythm
monitoring, and ECG-enabled smartwatches allow users to obtain record-
ings without professional guidance. Nevertheless, all these approaches still
rely on contact-based devices for signal acquisition, which could impose
burdens on daily activities.
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Contact-based photoplethysmography (cPPG) offers a more con-
venient alternative by detecting blood volume changes through optical
sensors placed on the skin12. A typical setup for cPPG signal acquisition
includes an LED light source and a photosensitive sensor. The light emitted
by the LED is absorbed by blood vessels during the process of penetrating
through the skin and tissue13. Variations in arterial blood flow caused by the
rhythmic heartbeat lead to changes in the absorption intensity over time.
The photosensitive sensor captures these periodic changes in light intensity
and then converts them into an electronic signal, which is the resulting PPG
signal and is also called blood volume pulse (BVP) signal. As presented in
Fig. 2, cPPG techniques are widely used in smartwatches (reflective) and
fingertip oximeters (transmissive)14. ComparedwithECG, cPPGdevices are
easier to operate but provide less clinical information,making them suitable
mainly for consumer health monitoring.

While contact-based methods such as ECG and cPPG have been
widely used for HR monitoring, their reliance on skin contact can cause
discomfort, limit long-term wearability, and restrict applications in certain
scenarios such as telemedicine or large-scale public health screening. This
limitation has motivated the development of fully non-contact alternatives.
Remote photoplethysmography (rPPG) techniques were proposed to meet
this need by estimating HR from videos of exposed skin regions, where
bloodflow induces subtle color variations that can be analyzed to extract the
blood volume pulse (BVP) signal. The earliest exploration of imaging-based
photoplethysmography was conducted by Wu, Blažek, and Schmitt in
200015,whodemonstrated that periodic changes in subcutaneousbloodflow
could produce measurable intensity variations in reflected light. Using a
high-sensitivity video camera, they visualized dermal perfusion in a com-
pletely non-contact manner, laying the groundwork for later developments
in rPPG.Building on this concept,Verkruysse et al.16 extended the approach

to facial videos illuminated by ambient light, marking the emergence of
modern rPPG.

Since then, the field has rapidly evolved, with researchers developing
increasingly sophisticated methods and frameworks to improve accuracy
and robustness in HR estimation17,18. Recent advances have expanded
beyond algorithmic optimization to address fairness19, regional signal
contributions20,21, privacy-preserving signal removal22, clinical translation
through healthcare kiosks23, and improved signal quality assessment24.
Collectively, these developments highlight the rapid maturation of rPPG
from experimental validation to real-world healthcare applications.

Results
Study selection
As illustrated in Fig. 1, we conducted the initial identification across four
academic databases. The initial search yielded the following results: 86 articles
fromEmbase, 148 fromGoogle Scholar, 212 from IEEEXplore, and 73 from
PubMed, totaling 519 articles. After removing 168 duplicates, 351 unique
articles remained.Among them,28were excludedbecause they focusonnon-
visible spectrum (e.g., infrared) or other types of signals (e.g., ballistocardio-
graphy). Furthermore, 19 articles that used ROIs other than the human face
were removed, as well as 9 articles that were not accessible. In addition, we
excluded 5 preprint articles, 14 review papers, 10 theses (Bachelor’s,Master’s,
or Doctoral), and 115 articles due to irrelevance to the main topic. After all
exclusions, the number of articles included in our final review was 151.

rPPG pipeline
A typical rPPG-based HR estimation pipeline comprises several key steps
(Fig. 2). First, a facial video is acquired using a standard camera. Next, the
region of interest (ROI) is automatically identified; the forehead and cheeks

Fig. 1 | PRISMA flow diagram of the study selec-
tion process. After eligibility screening, 151 articles
were included in this work from 519 initial search
results.
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Fig. 2 | General pipeline for the use of rPPG algorithms in HRmeasurement and
algorithm performance validation. RGB (red, green, and blue); ECG (electro-
cardiogram); cPPG (contact-based photoplethysmography); rPPG (remote photo-
plethysmography); HR (heart rate); BPM (beats per minute); ROI (region of
interest); BVP (blood volume pulse). The pipeline contains three main steps: data
collection, signal processing, and performance evaluation. The data collection step
involves recording facial videos and collectingHR-related ground truth data. During
the video acquisition process, webcams and smartphone cameras are commonly
used as recording devices. Wristband oximeters and fingertip oximeters are used for
cPPG signal recording. ECG signals are acquired via electrocardiographs. In the
signal processing step, end-to-end algorithms likeDeepPhys154,MTTS-CAN (Multi-
Task Temporal Shift Convolutional Attention Network)155, RTrPPG (Real-Time
remote Photoplethysmography)159, PhysNet156, and TranPhys167 can be applied to
raw videos to extract BVP signals orHRvalues. Formodel-driven rPPGmethods like

ICA (Independent Component Analysis)137, PCA (Principal Component
Analysis)140, CHROM (Chrominance-based method)144, and OMIT (Orthogonal
Matrix Image Transformation)142, RGB traces are extracted by averaging over
selected ROIs and then used as algorithm inputs. In the performance evaluation step,
estimated BVP signals or HR values are compared with the ground truth, which was
previously collected. HR signals are often evaluated based onMAE (Mean Absolute
Error), RMSE (RootMean Square Error),MAPE (MeanAbsolute Percentage Error),
and Bland--Altman plot. Common BVP-based performance metrics are: PCC
(Pearson Correlation Coefficient), CCC (Concordance Correlation Coefficient),
MCC (Maximum Cross-Correlation), and SNR (Signal-to-Noise Ratio). The real
human face image was sourced from the Real and Fake Face Detection Dataset
(https://www.kaggle.com/datasets/ciplab/real-and-fake-face-detection), which is
under the CC BY-NC-SA 4.0 License (https://creativecommons.org/licenses/by-nc-
sa/4.0). Icons were adapted from the Microsoft 365 non-copyrighted icon library.
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are the most commonly chosen ROIs25,26. Pixel values within these regions
are then converted into red, green, and blue (RGB) traces, fromwhich blood
volume pulse (BVP) signals are derivedusing established algorithms. Before
and/or after BVPextraction, temporal and spectralfiltering can be leveraged
to improve signal quality. HR is then estimated from the BVP using
frequency-domain analysis27, peak detection28, Hilbert transform29, or
machine-learning methods that extract higher-order features30. A win-
dowing operation is often employed to select specific time segments during
this process31–33. Finally, standard performance metrics are used to evaluate
the estimated BVP and HR signals against the ground truth.

Datasets
Throughout the evolution of rPPG techniques, several challenges related to
input videos have emerged as central concerns. First and foremost, effec-
tively mitigating motion artifacts remains a critical issue. Different types of
subject movement, such as talking, head rotation, and nodding, introduce
perturbations in skin pixel illumination, resulting in reduced measurement

accuracy. Second, achieving robust performanceunder varying illumination
conditions presents another major challenge. Ideal lighting conditions,
characterized by the proper placement of cameras34,35, uniformly diffused
facial illumination, and stable, moderate light intensity, are often unat-
tainable in real-world applications. Datasets constructed for the develop-
ment of rPPG techniques should serve as evaluation platforms to assess
algorithm performance across a broad range of measurement scenarios.
Moreover, demographic factors such as gender, age, and skin tone require
careful consideration, as the underlying anatomical and physiological dif-
ferences may potentially affect the measurement accuracy. In sum, during
the formulation of an rPPG dataset, researchers ought to consider these
facets and aim to enhance the representativeness of data distributions to
better reflect real-world conditions. Several research groups have created
and released rPPG datasets tailored to specific objectives. These public
datasets serve as valuable resources for both algorithm development and
performance validation. The 15 public rPPG datasets included in this work
are summarized in Fig. 3.

Fig. 3 | Timeline of current public datasets for rPPG algorithm validation. These
datasets were developed for various research purposes. Each block provides the
following information: number of included participants, camera model, resolution,
frames per second (FPS), acquisition environment, ground truth signal modality,

and motion type. Icons were adapted from the Microsoft Fluent Emoji project
(https://github.com/microsoft/fluentui-emoji), which is under the MIT License
(https://opensource.org/license/mit).
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In 2011, the multimodal database for affect recognition and implicit
tagging (MAHNOB-HCI) was introduced36. It became the first public
dataset widely utilized for assessing the performance of rPPG techniques.
However, as it was primarily designed for multimedia tagging research, the
MAHNOB-HCI dataset was not specifically constructed for rPPG algo-
rithmevaluation. In 2014, Stricker et al.37 proposed thePUREdataset, which
was used for pulse rate measurement on a mobile service robot. The
VicarPPG dataset38 was released in the same year. These two datasets pro-
vide various motion types to facilitate rPPG algorithm validation across a
broad range of scenarios.

To support evaluation under different emotional states and skin tones,
Zhang et al.39 released theMMSE-HR dataset in 2016. In the same year, the
COHFACE dataset40 was introduced to promote reproducible research in
rPPG techniques; it was collectedunder two lighting conditions: studio light
andnatural light. In 2017, theUBFC-rPPGdatasetwas constructed to assess
an unsupervised skin tissue segmentation method41. In 2018, following the
development of the local group invariance (LGI) algorithm42, the LGI-PPGI
datasetwasmade publicly available. Additionally, theVIPL-HR43 andECG-
fitness44 datasets were also released to the public. The VIPL-HR dataset
includes visible light videos of 107 subjects. To our knowledge, it is the
largest public rPPG dataset, comprising 2378 videos across nine measure-
ment conditions. The ECG-fitness database was created to comprise
recordingsof variousphysical activities onfitnessmachines. Itwasoriginally
used to evaluate the performance of a convolutional neural network (CNN)
for HR measurement in gym settings.

In 2020, the VicarPPG2 dataset45 was introduced to expand the eva-
luation scope of rPPG technologies to a wider variety of subject motions.
Nevertheless, datasets specifically designed to assess rPPG algorithms under
different light intensities had remained notably absent. To address this gap,
Yang et al.46 created the BH-rPPG dataset in 2021, which includes record-
ings at three distinct illumination levels. Moreover, in 2022, Xi et al.47

proposed the BUAA-MIHRdataset, defining 11 illumination levels through
quantitative illuminance measurements. A more comprehensive dataset
comprising multiple application domains across various skin tones, subject
movement, illumination conditions, and video resolutions, namely the
multi-domain mobile video physiology dataset (MMPD), was proposed by
Tang et al.48 in 2023. It was constructed based on common measurement
scenarios of rPPGdefined in previous studies. Themost recent contribution
is the imaging blood volume pulse (iBVP) dataset that was released by Joshi
et al.49 in 2024. The dataset construction offers novel insights from two
perspectives: first, the ground truth cPPG signals were recorded from the
ear, which are more synchronized with the facial rPPG signals; the other is
the per-sample signal quality labels provided by the dataset to discard noisy
segments of ground truth and video sequences.

Overall, existing public datasets have covered quite a few common
scenarios, such as offices and fitness environments. It is worth noting that
other domains such as remotemedical consultation, in-vehicle monitoring,
and gaming sessions, hold considerable commercial value but remain
underexplored50. As exhibited in Fig. 3, most public datasets are not freely
available to the research community. With the consideration regarding
subject privacy and the risk of data misuse, applicants are typically required
to possess academic qualifications and contact the data distributor. For
datasets with stricter access requirements, applicants may also need to sign
an end-user license agreement (EULA) to formalize the application process.
Currently, only the LGI-PPGI42 and UBFC-Phys51 datasets can be directly
accessed via public online resources.

Device-related factors
In the context of rPPG algorithms, the method of data acquisition typically
involves capturing facial videos using standard RGB cameras.Webcams are
commonly employed due to their practicality and affordability, as opposed
tomore advanced cameras that are often prohibitively expensive. As shown
in Fig. 3, the UBFC-rPPG, LGI-PPGI, COHFACE, BUAA-MIHR, VIPL-
HR, ECG-fitness, VicarPPG-2, and BH-rPPG datasets selected webcams of
the Logitech series, which have also been widely used in other self-

constructed datasets. Moreover, the landscape of video recording tools has
expandedwith the advent ofmobileHRmonitoring, prompting researchers
to utilize the integrated cameras of smartphones for facial video
acquisition52. For example, both the VIPL-HR andMMPDdatasets employ
standard smartphone cameras to record facial video sequences. In com-
parison to webcams, using smartphones for video collection introduces
additional challenges. Mobile phone cameras often incorporate built-in
algorithms and filters aimed at enhancing facial aesthetics. However, such
enhancements may introduce unintended perturbations that affect video
authenticity, making it necessary to disable them during recording. Rear
cameras are preferred over front-facing cameras due to their generally
higher image quality and resolution. Beyond these considerations, stabi-
lizing the recording position using a tripod or a stand helpsmitigatemotion
artifacts caused by camera shaking.

Resolution and FPS. Video resolution and frames per second (FPS) are
two critical factors in determining the video quality, but the research
community has different opinions on whether they significantly influ-
ence the quality of extracted rPPG signals. Some scholars argue that
enhancing image resolution improves the signal-to-noise ratio (SNR),
thereby yielding more accurate HR measurement53–55. Notably, the
majority of the included rPPG datasets, as depicted in Fig. 3, have a
resolution of 640 × 480. The highest resolution observed is 1920 × 1080,
which is commonly achieved via smartphone cameras. However, these
resolutions are still considered low in the context of super-resolution
video reconstruction. In addition to super-resolution techniques, a more
straightforward approach is to use advanced cameras capable of cap-
turing higher resolutions videos. However, the increasing cost related to
hardware and storage pose significant barriers. Alongside resolution, FPS
is another determinant that may affect measurement accuracy. Accord-
ing to the findings of Rouast et al.56, a higher FPS rate results in smoother
video sequences, thereby facilitating the extraction of HR-related signals.
The frame rate should also remain stable to ensure the temporal con-
sistency. This is one reason that rPPG algorithms sometimes exhibit
significant errors in real-time video streaming scenarios57,58. Álvarez
Casado et al.59 quantitatively analyzed the effects of reduced frame rate,
video resolution degradation, and frame rate instability on rPPG signal
quality under limited network bandwidth and computing resources.
They also developed mitigation strategies from both the transmitter and
receiver sides to maintain acceptable measurement accuracy even under
resource-constrained conditions. Nevertheless, Blackford et al.60 argued
that the influence of resolution and FPS undermultiple camera settings is
actually very slight, probably due to the complementary information
provided by the camera array. In their experiments, they reduced the FPS
from 120 to 60 and 30, and the resolution from 658 × 492 to 329 × 246.
The results demonstrated that the HR estimation accuracy remained
stable even after decreasing both resolution and FPS.

Video compression methods. In addition to resolution and FPS, video
compression methods may have a greater impact on HR measurement
accuracy. Mcduff et al.61 conducted a systematic study of video com-
pression methods, revealing a linear relationship between the SNR of
extracted BVP signals and the bit rate. Hyanda et al.62 concluded that
lossless compression methods, such FFV1, HuffYUV, v410, and v210,
tend to yield better HR estimation accuracy compared with x264, x265,
MPEG-4, and VP9, which belong to lossy compression methods. The
VP9 video codec was recommended among lossy compression methods
for its ability to balance HR estimation accuracy and video size. Fur-
thermore, different encoding modes like constant bitrate (CBR) and
constant rate factor (CRF) have also been proven to affect the rPPG signal
quality63. Instead of relying on conventional video compressionmethods,
Wang et al. developed a specialized compression scheme that can effec-
tively preserve the rPPG signal quality while reducing video size to
approximately 1/60 of the original64. A recent study by Nguyen et al.65

conducted a comprehensive evaluation of key factors influencing the
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performance of rPPG algorithms, including video resolution, frame rate,
and compressionmethods. Their results supported the significant impact
of all three factors on the accuracy of remoteHRmeasurement. They also
proposed a range of strategies to mitigate these negative effects and
enhance the robustness of rPPG algorithms.

Camera exposure. The influence of the camera exposure process is
generally considered a minor factor. The impact of exposure time—also
referred to as shutter time—has been demonstrated in several studies66–68.
These studies also reported that regulating the exposure time range can
mitigate the occurrence of saturation within selected ROIs. Additionally,
the rolling shutter effect stemming from the readout process of CMOS
sensors can introduce distortions and phase shifts during video record-
ing. Several experiments have provided evidence showing that this effect
has an impact on rPPG signal quality69.

Ground truth signal acquisition. The collection of synchronized ground
truth signals is a crucial step during dataset construction. The ground
truth signals are typically provided in the form of ECG or cPPG
recordings, which are then used to compute ground truthHR values. The
methods of ECG and cPPG signal acquisition have been schematically
illustrated in Fig. 2. As presented in Fig. 3, theMAHNOB-HCI and ECG-
fitness datasets, used ECG signals as the ground truth. In contrast, the
VicarPPG, PURE, COHFACE, UBFC-rPPG, VIPL-HR, LGI-PPGI, BH-
rPPG, UBFC-Phys, BUAA-MIHR,MMPD, and iBVP datasets employed
cPPG signals. In order to provide more comprehensive ground truth
data, the MMSE-HR and VicarPPG2 datasets collected both ECG and
cPPG signals. To guarantee data fidelity, most physiological signal
acquisition instruments were selected among mature products under the
approval for clinical use from the U.S. Food and Drug
Administration (FDA).

Strategies for addressing data scarcity
Over the years, deep learning (DL) algorithms have shown superior
potential and significant performance compared to model-driven algo-
rithms. Beyond the algorithm structure, the effectiveness of DL-based
algorithms depends largely on the training dataset. A larger dataset often
enables the algorithm to capture a broader array of patterns, leading to
improved accuracy. Various strategies have been proposed to counter-
balance the risk of overfitting and to improve the generalization ability of
rPPGalgorithms. In addition todatadeficiency, thediversityof thedataset is
another determinant. Some public datasets suffer from a lack of diversity in
participant demographics, such as age, gender, and ethnicity70.

To mitigate demographic imbalance and dataset-induced bias, future
rPPGdatasets should adopt standardizeddesignand reportingprotocols.At
a minimum, datasets should (i) report participant age ranges, sex, and skin
tone using standardized scales (e.g., Fitzpatrick skin type); (ii) ensure cov-
erage across multiple demographic strata rather than single-group con-
venience sampling; (iii) document health status and exclusion criteriawhere
applicable; (iv) provide transparent dataset access policies with clearly
defined academic or ethical use conditions; and (v) report demographic
stratification in performance evaluation to expose potential bias. Adoption
of such protocols would facilitate fairness-aware benchmarking and
improve the translational reliability of rPPG algorithms.

Without such standardized protocols, this lack of diversity could
potentially lead to bias when applying DL algorithms to underrepresented
groups. Furthermore, the dearth of application scenarios (e.g., varying
lighting conditions and subject motions) may pose similar challenges.

Expand the dataset size. The most straightforward and effective
solution to overcome the challenge of data scarcity is to collect an
expanded dataset encompassing diverse facets; however, this approach is
encumbered by practical constraints. Firstly, collecting facial videos
raises significant privacy concerns. Ensuring compliance with ethical
guidelines and secure data storage is challenging. Moreover, recruiting a

sufficient number of participants with diverse demographic features is
difficult. The recruitment scope of participants may lead to potential
biases andmust be carefully considered. Building a comprehensive rPPG
dataset is also highly resource-intensive. Costs associated with instru-
ment maintenance, participant recruitment, data management, and
infrastructural support tend to grow with the data volume.

Data augmentation. An alternative and pragmatic approach involves
performing data augmentation based on existing datasets, i.e., generating
new data from available resources. Cubic spline interpolation offers a
simple yet effective solution for data augmentation71. This interpolation
method is used to compress or stretch the extracted RGB traces and
corresponding cPPG signals. Thus, multiple synthetic samples with dif-
ferent HR values can be generated. Similarly, Li et al.72 and Vance et al.73

directly synthesize video frames and cPPGorHR signals throughwindow
stretching and shrinkage. In order to tackle varying illumination con-
ditions, Yang et al.46 proposed generating augmented lighting variation
data during training, followed by image enhancement strategies. More-
over, to improve algorithm adaptability to diverse motion types, motion
transfer techniques have been introduced74. This approach embeds
synthetic PPG signals within spatial masks, upon which first-order
motion models are applied, thereby infusing motion into static facial
videos. In addition to environmental illumination and subject move-
ment, skin tone diversity is another critical factor75–77. To address this, a
joint optimization framework was designed to generate facial videos with
various skin tones78. This bio-realistic skin tone translation mechanism
helps mitigate imbalances in skin color representation. However, recent
studies have highlighted that synthetic data generation may introduce
extraneous artifacts, leading to noticeable distribution shifts between
synthetic and real-world data. Interpolation methods used for HR var-
iation can generate noise with non-physiological features that might be
erroneously captured by DL models71. For motion transfer techniques,
the problem of the synthetic-to-real gap was also identified, where visual
inconsistencies or boundary artifactsmanifest in synthetic data, deviating
from authentic video distributions74. Furthermore, skin-tone translation
mechanisms have the potential to introduce visual biases that compro-
mise the integrity of the underlying physiological signals, thereby
undermining the reliability and realism of the augmented datasets78. To
circumvent this issue, an alternative approach is to use labeled real-world
images for pre-training79. Particularly for Transformer-based archi-
tectures, which are extremely data-hungry, pre-training on a large-scale
image dataset has been shown to help enhance the generalization ability80.

Advanced techniques for algorithm generalization improvement.
The development of DL technologies has also enabled researchers to
apply more advanced methods to leverage available real-world data. Gao
et al.81 proposed an instance-based deep transfer learning technique that
improves the generalization performance ofHRestimation algorithms by
detecting and emphasizing high-quality cPPG signals during the training
process. Domain adaptation is another essential branch of transfer
learning. Du et al.82 introduced a domain adaptation method based on a
dual-bridging structure, which can generate spatiotemporal maps with
different types of random noise. Through adversarial training, their
method enables the algorithm to adapt to diverse noise patterns, thereby
promoting its robustness. To further address the challenge of domain
shifts during inference, Lee et al.83 developed a continual test-time
adaptation (TTA) method, which updates only the batch normalization
(BN) layers and uses a non-contrastive unsupervised learning loss in the
frequency domain to improve algorithm stability against catastrophic
forgetting.

Skin detection methods
Before extracting RGB signals or other relevant features, skin detection is an
essential step that can significantly affect the results, particularly in non-
learning-based algorithms. The importance of automatic skin detection is
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further highlighted in challenging scenarios involving low-light conditions,
subject movement, or facial occlusions. Several papers have underscored
that segmenting facial skin and excluding non-skin pixels can improve the
rPPG signal quality84,85. An effective skin detection method can identify
high-quality regions that are critical for accurate HR estimation. According
to the reviewed studies, skin detectionmethods can be categorized into two
main types: keypoint-based methods and pixel-based methods. The prin-
ciples and workflows of these methods are shown in Fig. 4.

Keypoint-based methods. Keypoint-based methods generally encom-
pass two main steps: face detection and keypoint extraction. The face
detection step involves locating the subject’s face and generating a
bounding box for each frame. High-precision localization is important to
suppress motion artifacts. The subsequent keypoint extraction step aims
to segment and track facial ROIs with greater precision. In addition to
accuracy, detection speed is also an important factor. Detection speed can
directly influence the real-time performance duringmeasurement, which
is a basic requirement for practical applications. The Viola-Jones face
detector86,87 is widely used in rPPG pipelines due to its recognized real-
time performance. It utilizes Haar-like features and a cascaded classifier
to efficiently detect human faces. Tracking algorithms such as the KLT
tracker88, Kalman filter89,90, andMOSSE tracker91 are typically applied for
continuous localization, and the stability of the tracking algorithm has
been emphasized92. Multiple algorithms and packages are available for
keypoint extraction. Classical feature point extractors (e.g., Shi-Tomasi
corner detector93 and SURF94) were applied in earlier studies. However,
such types of keypoints are not specifically designed for facial features. A
multi-task convolutional neural network (MTCNN)95 was utilized in
several of the included articles for face detection and keypoint
extraction78,96–99. This model can help deal with the problem of occlusion
and motion variations, which often cause failures when using the Viola-
Jones face detector. MTCNN can extract five facial landmarks that aid in
locating different ROIs. Some open-source libraries specifically built for
face detection can extract more facial landmarks and thus have been
intensively used in recent studies. Dlib100, developed in C++, is a Python
API for cross-platform development. The facial landmark extractor of
dlib defines 68 keypoints, providing an improved ROI segmentation
accuracy. Similar APIs, including FaceReader101, SeetaFace102, OMRON
OKAO103, CLNF OpenFace104, and MediaPipe Face Mesh105, were also
employed in some papers. Among these APIs, MediaPipe Face Mesh
offers 468 pre-defined facial landmarks and real-time detection speed,
thus providing a representative face detection framework for rPPG
applications. A comparative study106 has shown that the accuracy,

processing speed, and flexibility of MediaPipe Face Mesh have all sur-
passed those of dlib, Viola-Jones, and MTCNN methods.

Many of the collected articles incorporated an ROI selection step
after detecting ROI candidates to evaluate the signal quality of each
candidate ROI and select one or more high-quality ROIs for extracting
more informative BVP signals. Pixel-wise filtering offers a relatively
straightforward approach. It involves computing the mean and standard
deviation for pixel values within each ROI and subsequently removing
outlier pixels that significantly deviate from themean values38. Kossack et
al.107 proposed a reliability score based on the Pearson correlation coef-
ficient (PCC) and the maximum magnitude in the frequency domain.
They calculated the reliability of each ROI and selected the one with the
highest score for BVP extraction. Wang108 ranked the candidate ROIs
using a quality metric based on singular spectrum analysis (SSA). He
recommended selecting one-half to one-fourth of the candidate patches.
In addition, SNR, which is a commonly used measurement of signal
quality, was also utilized for ROI selection109–112. Nevertheless, the SNR
calculation always includes an FFT process with a minimum complexity
of Oðn lognÞ. Considering the high computing cost, the Bayesian infor-
mation criterion (BIC) was introduced as a replacement113. With a com-
plexity ofO(n), theBICmetricwas shown to be faster andmore resilient to
subject movement, thereby providing superior selection capability. In a
quantitative comparison of commonly used SQIs, the results evaluated on
the PURE and LGI-PPGI datasets showed that SNR can more accurately
detect high-quality cardiac signals (with a suggested threshold of 0.293),
while kurtosis is more effective in distinguishing between acceptable and
unfit signals24. Rather than using a single pre-defined ROI, Boccignone
et al. developed a method that improves ROI selection by clustering sig-
nals frommultiple facial regions based on their spectral characteristics114.
In the work of Zhang et al.115 and Zhao et al.116, the advantage of using
multiple ROIs was also highlighted. At the physical modeling level, a
signal quality metric based on surface normal vectors in 3D facial land-
marks was developed117. This metric was inspired by the theory that the
surface orientation of keypoints can significantly affect the ratio between
specular reflection and diffuse reflection, and that only diffuse reflection
carries physiological information. Their results showed that a small
reflection angle can provide a higher rPPG signal quality. The experiments
of Cantrill et al. also supported this phenomenon118. However, Fan et al.119

collected facial videos of different reflection angles and found that the
highest HR estimation accuracy was at 60 degrees instead of 0 degrees.
This suggests that an optimal range of reflection angles may exist, which
shouldhandle a tradeoff between reducing specular reflection andkeeping
enough diffuse reflection to capture BVP variations.

PCC
SSA
SNR
BIC

Surface Vector

a

b

Video Frame

Keypoint Extraction ROI Candidates

Superpixel Segmentation

ROI Selection Selected ROIs

Selected Pixels

Face Detection

Some pixel-based methods do 
not include a face detection step.

HSV Threshold
YCrCb Threshold

SLIC
DL-based Method

Superpixel Selection

Fig. 4 | Two categories of skin detection methods for rPPG-based HR measure-
ment. a Keypoint-based methods. Given the input frame, the face of the subject is
detected, and the corresponding facial keypoints are extracted. ROI candidates are
divided according to keypoint locations. b Pixel-based methods. The face detection
and keypoint extraction steps are skipped. Instead, the input frame is directly

segmented into several superpixels. In both methods, a subsequent ROI selection
process can be applied to identify high-quality skin regions. The real human face
image was sourced from the Real and Fake Face Detection Dataset (https://www.
kaggle.com/datasets/ciplab/real-and-fake-face-detection), which is under the CC
BY-NC-SA 4.0 License (https://creativecommons.org/licenses/by-nc-sa/4.0).
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Pixel-basedmethods. In contrast to keypoint-based approaches, pixel-
based methods do not rely on facial landmark localization. As shown in
Fig. 4b, the algorithms can directly classify image pixels into skin pixels
and non-skin pixels. Thus, the entire image is divided into several large
regions called superpixels (groups of adjacent pixels in an image that
share similar properties, like color, texture, and intensity). This division
process automatically skips the face-detection step, thus simplifying the
detection process. Among pixel-based methods, thresholding is the
simplest approach to distinguish skin from non-skin pixels. Some studies
have demonstrated the effectiveness of using thresholding in the hue,
saturation, and value (HSV) color space, as well as in the luma, red-
difference chroma, and blue-difference chroma (YCrCb) color
space120,121. In addition to thresholding, clustering methods can also be
applied for superpixel segmentation. Jaiswal et al.122 and Li et al.123 utilized
the simple linear iterative clustering (SLIC) method to segment each
frame into superpixels. In the method of Jaiswal et al., the least mean
squares (LMS) filter was applied in parallel to suppress the influence of
illumination variation. However, SLIC methods may impose large
computational burdens. This problem can be mitigated by implicitly
identifying the superpixel boundaries and only processing a fraction of
the image pixels124. Certain studies85,125–127 adopted Conaire’s method128

for skin detection, whichmaximizes the agreement between independent
data sources in HSV space iteratively. Moreover, DL-based semantic
segmentation methods have demonstrated strong performance for
selecting skin pixels72,129. In contrast to traditional segmentation algo-
rithms, DL-based methods exhibit greater adaptability within uncon-
strained environments and demonstrate enhanced flexibility.

Model-driven algorithms
Model-drivenalgorithms refer to thosedevelopedbasedonprior knowledge
or deterministic signal processing techniques. Through explicit mathema-
tical and physical modeling, these algorithms extract physiological signals
depending on theoretical foundations such as optical properties of skin,
color space variations, and blind source separation. As illustrated in Fig. 2,
after detecting the ROIs, RGB signals—also referred to as RGB traces—are
computed by averaging the selected pixels in each color channel. Subse-
quently, dimensionality reduction techniques are employed to transform
RGB traces into BVP signals, which contain more robust and precise HR-

related information.Mostmodel-driven rPPGmethods aim to enhance the
dimensionality reduction process, serving as fusion strategies that integrate
HR-related signals from RGB channels. An ideal rPPG method should
extract high-quality signals that can capture the cardiac activity at a deeper
level while suppressing noise and artifacts130. In this roadmap,we conducted
a comprehensive survey of model-driven rPPG methods. The key char-
acteristics are summarized inTable 1. Thedetails of the algorithmprinciples
are provided in Supplementary Information (Table S1).

The simplest and most straightforward approach is to select the
channel that exhibits the highest similarity with ground truth cPPG signals.
Prior investigations16,131–134 consistently highlighted the alignment of the G
channel with PPG signals, due to its superior correspondence compared to
the R and B channels. This conclusion is further supported by the anato-
mical fact that hemoglobin shows better absorption of green light than red
light135. Nonetheless, relying solely on the G channel may not be optimal, as
the R and B channels also contain complementary information useful for
BVP signal extraction and should be appropriately utilized84. A simple and
efficient ratio-based algorithm called GRGB rPPGwas proposed by Haugg
et al.136. In this method, rPPG signals are estimated by taking the sum of the
ratios of the green-to-red (GR) channel and the green-to-blue (GB) channel.
This algorithm was demonstrated to be effective and computationally effi-
cient. Additionally, as a classical blind source separation (BSS) technique, an
independent component analysis (ICA) algorithm was applied to extract
BVP signals from raw RGB traces137, where the normalized traces are
decomposed into three independent source signals. As a rule of thumb, it is
recommended that the second component be extracted, which commonly
reveals a dominant HR-related signal. The ICA method can be further
improved by adding two priors: one based on periodicity using auto-
correlation, and the other based on the chrominance (CHROM)-based
constraint of skin pixels138,139. Similarly, principal component analysis
(PCA) has also been applied as a BSS technique140. Unlike ICA, PCA does
not assume statistical independence or any specific underlying structure in
the original features. The experimental accuracy is comparable to ICA, with
the advantage of lower computational complexity. A spatial subspace
rotation (2SR) method was presented by Wang et al.141 without the
requirement of skin-tone or pulse-related priors. It extracts pulse signals by
estimating the spatial subspace of skin pixels and then measuring the
temporal rotation. They also developed the plane-orthogonal-to-skin (POS)

Table 1 | Overview of model-driven rPPG methods for HR measurement

Author (year) Basic Principle

Verkruysse et al.16 Spatial averaging, digital filtering, and spectral analysis

Poh et al.137 ICA

Lewandowska et al.140 PCA

de Haan et al.144 Chrominance-based algorithm to eliminate specular reflection artifacts.

de Haan et al.145 Linear combination of RGB traces, blood volume pulse signature

Feng et al.84 ICA with automatic sorting

Feng et al.240 Optical skin modeling, adaptive green/red channel difference operation

Wang et al.141 Spatial subspace estimation, temporal subspace rotation, eigen-decomposition of skin pixels, pulse extraction via rotation measurement

Wang et al.142 Dichromatic reflection model, projection onto skin-tone-orthogonal plane, alpha-tuning

Macwan et al.138,139 Periodicity constraint based on autocorrelation, chrominance constraint based on skin tone

Demirezen et al.149 Nonlinear mode decomposition

Pilz et al.42 Invariant feature extraction, Lie group of rigid transformations, stochastic modeling

Macwan et al.125 Multi-objective optimization based on ICA, autocorrelation, and negentropy

Zhou et al.148 Signal spectral characteristics analysis, optimal projection vector, constraint plane

Song et al.150 Empirical mode decomposition, multiset canonical correlation analysis

Álvarez Casado et al.152 Reduced QR factorization, Householder reflections

Haugg et al.136 Linear combination of RGB traces

The articles are sorted according to the year of publication. The detailed information on research emphasis and principles is provided in Supplementary Information (Table S1). Abbreviations: RGB (red,
green, and blue); ICA (independent component analysis); PCA (principal component analysis); KLT (Kanade–Lucas–Tomasi).
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method142, which employs a projection plane orthogonal to the skin tone for
pulse signal extraction. Departing from popular interpretations based on
optical and spectral analysis, the local group invariance (LGI) method was
designed to utilize invariant features, rearranging and concentrating the
BVP signals in vector space42. Beyond the RGB space, the exploration of
alternative color spaces reveals the efficacy of the H channel in the HSV
color space and the Q channel in the luma, in-phase, and quadrature (YIQ)
color space143.

Mitigating artifacts resulting frommotion and illumination variability
is crucial for the development of more robust rPPG algorithms. De Haan
et al.144 proposed a robustCHROM-based rPPGmethod to addressmotion-
induced distortions frequently encountered in BSS techniques. The algo-
rithm demonstrated consistent performance under varying measurement
conditions. To continuously improve motion robustness, the PBV
method145 was introduced after one year, showing superior performance
over CHROM across diverse datasets. This method assumes that pulse
signals can be reconstructed by a linear combination of normalized RGB
traces. It utilizes the relative pulsatile properties of the color channels to
extract HR-related signals and remove distortions. Feng et al.84 devised an
automatic selectionprocedurebasedon the ICAmethod to suppressmotion
artifacts. Rather than picking the second component by default, the inde-
pendent component with the highest correlation to the reference sine
functionwas recommended.Various studies proposed strategies to estimate
subject movement and cancel out motion-induced artifacts. These motion
compensation techniques include using facial optical flows146 or tracking
non-skin pixels that move in sync with skin pixels147. Some researchers
focused on refining existing algorithms by introducing a priori knowledge.
For instance, the projection vector based on the spectral characteristics
(PSC) algorithm148, inspired by the POS algorithm, constrained the pro-
jection vector using channel signal variance, demonstrating improved
robustness under strong disturbance cases. Macwan et al.125 improved the
ICA method by introducing multi-objective optimization with auto-
correlation. The proposed method, MAICA, has shown outstanding per-
formance in the presence of motion artifacts. ICA-based algorithms have
also been improved by incorporating nonlinear components. In the non-
linear mode decomposition (NMD) technique, motion artifacts are sup-
pressed by leveraging its inherent noise-robust characteristics149. Focusing
on uneven lighting interference, Song et al.150 developed the ensemble
empirical mode decomposition withmultiset canonical correlation analysis
(EEMD-MCCA) method. The EEMD is employed to decompose the G
channel, and the MCCA is used to determine the underlying candidate
pulses. A retinex-basedmethodwas employed to enhance the image quality
of frames captured in dark illuminance environments. The experimental
results have quantitatively confirmed that this image enhancement tech-
nique can improve the performance of common rPPG algorithms. More-
over, the study highlighted the potential reliability of the GREEN and ICA
methods over POS under inadequate illumination conditions.

Besides noise caused by motion and illumination, video com-
pression artifacts have been identified as another influential factor in
rPPG algorithms. The video compression artifacts commonly appear in
three forms: amplitude degradation, structured high-frequency noise,
and trace interruptions151. To address these challenges, a framework
based on SSAwas devised by the researchers. This framework comprises
three essential steps: single-channel band-pass filtering, SSA decom-
position and reconstructed component (RC) selection, and spectral
masking refinement. Furthermore, the orthogonal matrix image
transformation (OMIT) method, which is specially tailored for heavily
compressed videos, was demonstrated to be more robust than the
GREEN and POS methods152. The OMIT algorithm extracts an ortho-
gonal matrix with uncorrelated components. To improve computa-
tional efficiency, it employs thin QR factorization in place of full QR
factorization. Additionally, Eulerian video magnification153 can be
applied to attenuate video compression artifacts and enhance imper-
ceptible signals.

Data-driven algorithms
For data-driven algorithms, considerable amounts of data are generally
required for the optimization of learnable parameters. Instead of relying on
explicit signalmodeling,ML andDL techniques are commonly leveraged to
automatically obtain the mapping relationship between the input raw data
and the output physiological signals. With the rapid advancement of arti-
ficial intelligence (AI) and associated hardware capacity, increasing atten-
tion has been paid toward data-driven rPPG methods. Compared to
conventional approaches, data-driven methods demonstrate superior cap-
abilities for extracting higher-order features and offer promising general-
ization ability across diverse application scenarios. These algorithms can be
categorized into twomajor types based on their integration stage within the
processing pipeline. Figure 2 illustrates that end-to-end algorithms can
directly estimate HR from input video sequences that are preprocessed
under simple operations such as resizing, cropping, frame difference,
warping, and color space transformation. Some algorithmsfirst estimate the
BVPsignals and thenderiveHRvaluesusing frequency spectrumanalysis or
peak detectionmethods. In this roadmap, such algorithms are also classified
as end-to-end approaches. The second type is referred to as hybridmethods,
which apply ML or DL techniques at one or multiple stages within the
workflow. For a comprehensive overview, the basic principles of data-driven
algorithms are summarized in Table 2. The detailed descriptions are ela-
borated in Supplementary Information (Table S2).

End-to-end structure. DeepPhys is the first end-to-end deep CNN-
based algorithm developed for HR measurement from facial videos
without relying on explicit signal processing stages154. This framework
employs the VGG architecture and adopts the temporal difference
between consecutive frames as input. By jointly training motion and
appearance branches, DeepPhys achieved enhanced performance across
different illumination conditions and subjectmotion types. However, the
utilization of VGG-based architectures in real-time applications is hin-
dered by their large number of parameters. To improve on-device per-
formance, the multi-task temporal shift convolutional attention network
(MTTS-CAN) architecture was proposed, which can be deployed on
mobile platforms with a real-time inference speed155. In a similar vein,
Comas et al.99 presented a more lightweight architecture inspired by a
Taylor series expansion and also introduced the temporal adaptive
location shift (TALOS) loss to learn latent shift probabilities of the
ground truth during training. Their method achieved comparable
accuracy to DeepPhys, while the model size is 200 times smaller. Beyond
the aforementioned 2D-CNN structure, 3D-CNN frameworks inher-
ently capture temporal characteristics of input videos and are thus more
powerful for extracting spatiotemporal features156–158. Nonetheless, 3D-
CNNs are more computationally intensive due to their increased
dimension, resulting in greater computational and memory demands, as
well as the need for more training data. In response to this problem, an
ultralight 3D-CNN architecture named real-time rPPG (RTrPPG) was
proposed, which has a substantially faster inference speed comparedwith
other state-of-the-art 3D-CNN methods159. Speth et al.160 developed a
weakly supervisedmethod to train 3D-CNNsusingHR labels without the
need for synchronized rPPG signals as the ground truth.

Beyond considerations of model size and inference speed, denoising
ability is a critical aspect of rPPG algorithms. Liu et al.161 applied an
adversarial correlation analysis learning strategy based on the background
region for noise removal. Yue et al.53 aimed to improve HR estimation
accuracy for low-resolution facial videos using a two-stage network. Their
strategy involves first enhancing input video resolution using an rPPG
information recovery network (rPPGRNet), followed by HR estimation via
a temporally aware HR measurement network (THRNet). Illumination
noise can also be suppressed via temporal normalization on RGB channels
anddirect current (DC) removal162. To address the issueofphasedelaywhen
using ground truth cPPG signals collected using fingertip or wristband
oximeters, recently proposed methods163,164 often incorporate the spectrum
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distribution similarity supervision mechanism to mitigate the negative
impact of phase shift during training.

In addition to CNN architectures, researchers have explored other DL
structures to capture contextual features in both spatial and temporal
domains. Long short-termmemory (LSTM)modules can be integrated into
CNN-based methods, and a mask branch can be applied for noise
suppression98. With the emergence and rapid advancement of the Trans-
former architecture in vision tasks since 2020165, Transformer-based rPPG
algorithmsweredevelopedaspowerful solutions forHRmeasurement166–169.
However, as a common problem for Transformer-based architectures, the
inference speed often falls short of real-time requirements. Recent studies
introduced computationally efficient algorithm architectures or modules
such as Mamba, Kolmogorov-Arnold network (KAN)170, graph neural

network (GNN)171, and spiking neural network (SNN)172 to address this
issue while maintaining superior noise suppression capability during
measurement.

Hybrid structure. In hybrid methods, structures with learnable para-
meters are embedded into one or more specific stages of the rPPG
workflow. In 2014, Hsu et al.173 first introduced the concept of esti-
mating HR usingML algorithms. They used a support vector regression
(SVR) algorithm to leverage mid-level features and designed fusion
strategies to exploit both feature and temporal redundancies.
Chowdhury et al.174 integrated ML techniques into the post-processing
step for rPPG signal refinement. They employed the LGI algorithm for
raw signal extraction and a segmentation technique to obtain the final

Table 2 | Overview of data-driven rPPG methods for HR measurement

Author (year) Structure Basic principle

Hsu et al.173 Hybrid Support vector regression, multiple feature fusion, and temporal segment fusion

Chen et al.154 End-to-end VGG-style CNN, motion representation based on the skin reflection model, and attention mechanism

Yu et al.156 End-to-end 3D-CNN with encoder-decoder structure

Hu et al.98 End-to-end Convolutional LSTM network, attention mechanism for temporal correlation

Wu et al.177 Hybrid Adaptive neural network model selection

Wu et al.176 Hybrid Multi-channel convolution autoencoder

Liu et al.155 End-to-end Temporal shift module, attention mechanism, dual-branch network, multi-task learning

Song et al.241 Hybrid GAN for pulse wave form generation, adversarial loss, time-frequency domain loss

Hu et al.242 Hybrid Attention module and temporal fusion module

Comas et al.99 End-to-end Temporal derivative module, temporal adaptive location shift loss, spatial and temporal modeling

Botina-Monsalve et al.159 End-to-end 3D-CNN, YUV color space, temporal-frequency loss

Lokendra et al.175 Hybrid Delaunay triangulation, temporal convolution network, action units for facial expression analysis

Jaiswal et al.180 Hybrid Fuse multi-scale retinex with RGB signals, CNN with the spatiotemporal map as the input

Sun et al.182 Hybrid ViT framework, spatiotemporal feature map, and attention mechanism to reduce computational complexity

Jaiswal et al.179 Hybrid CNN, adaptive color space transformation

Yu et al.183 Hybrid Multi-scale spatiotemporal map, virtual PPG as the ground truth, Lightweight U-Net architecture

Lee et al.201 End-to-end A mix of VGG-style and ResNet-style networks, a one-branch convolutional attention network, temporal shift module

Lee et al.158 End-to-end Long short-term convolutional network, temporal attention refinement module, 3D-CNN hourglass structure, hybrid loss

Hansen et al.157 End-to-end Combination of multiple facial ROIs, 3D-CNN

Das et al.243 Hybrid 2D-CNN architecture, scalogram-based feature map using wavelet transformation

Yang et al.244 End-to-end Bayesian neural network, uncertainty-guided self-training, regularization based on periodic priors

Shao et al.167 End-to-end ViT, temporal pooling attention, self-supervised masked autoencoder

Liu et al.161 End-to-end Adversarial canonical correlation analysis learning, spatiotemporal rPPG aggregation, self-supervised noise extraction from
background

Liu et al.184 Hybrid Self-supervised learning, masked autoencoder, noise-insensitive spatiotemporal map augmentation

Chowdhury et al.174 Hybrid Encoder-decoder architecture, combination of U-Net and LinkNet

Gao et al.81 Hybrid Convolutional and deconvolutional-based signal quality assessment, instance-based deep transfer learning

Qian et al.185 Hybrid Transformer-based architecture, dual-path framework, spatial and temporal TokenLearner

Speth et al.160 End-to-end Weakly supervised learning, 3D-CNN, using heart rate as labels

Zhu et al.231 End-to-end Identity-specific facial contours, temporal compressor unit, cross-task feature combiner, multi-task learning

Xiao et al.163 End-to-end Fusing original and differential frames, 3D-CNN with encoder-decoder architecture, self-similarity loss

Xiong et al.171 End-to-end Spatiotemporal graph denoise block, attention masks

Shao et al.168 End-to-end Video swin Transformer, encoder-decoder structure, temporal difference supervision

Ma et al.178 Hybrid Multi-scale spatiotemporal map, channel-temporal attention module, ShuffleNetV2

Zhang et al.170 End-to-end Mamba, Kolmogorov–Arnold network, hybrid Eulerian video magnification

Zhai et al.164 End-to-end Feature space interpolation, high and low frequency feature fusion, adversarial learning

Salah et al.169 End-to-end 3D-CNN, video ViT, Siamese architecture, multi-head self-attention mechanism

Liu et al.172 End-to-end Spiking neural network, Transformer, inter-frame difference

The articles are sorted according to the year of publication. The detailed information on research emphasis and principles is provided in Supplementary Information (Table S2). Abbreviations: CNN
(convolutional neural network); LSTM (long short-term memory); GAN (generative adversarial network); ViT (vision Transformer); PPG (photoplethysmography); ROI (region of interest).
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rPPG estimation. To mitigate the influence of facial expressions, which
are recognized as the predominant source of temporal signal noise, the
AND-rPPG approach was developed175. This method integrates action
units (AUs) for facial expression analysis and temporal convolution
networks (TCNs) for denoising distinct facial regions. For in-vehicle
monitoring scenarios with luminance variations, Wu et al.176 proposed
twoML-based approaches: the convolution autoencoder (CAE) and the
multi-channel convolution autoencoder (Multi-CAE). These methods
first transformed input videos into spectrograms via the short-time
Fourier transform (STFT) and then processed spectrograms using the
CAEmodules for noise mitigation. In another paper, they developed an
adaptive neural network model selection (ANNMS) method by perso-
nalizing for different drivers using an automatic model selection
mechanism177.

Beyond the RGB space, transforming RGB traces into other color
spaces has shown tangible benefits178. An adaptive color space trans-
formation (CoST) layer featuring learnable parameters for color
channel transformation offers a viable alternative179. The pre-trained
CoST layer transforms RGB traces into an optimal color space and thus
providesmore informative signals under various lighting conditions. To
eliminate the effect of illumination variations, Jaiswal et al. incorporated
multi-scale retinex (MSR) as a complementary color space alongside
RGB traces180. Subsequent to this preprocessing step, the proposed
rPPG-FuseNet takes the fused spatiotemporal feature map as input and
estimates the HR values. The retinex theory can also be combined with
DL architectures to estimate the illumination and reflectance
components181. In fact, it is a common approach for many data-driven
algorithms of hybrid structure to first transform facial video sequences
into different kinds of spatiotemporal feature maps as the input of
subsequent networks182–185.

Filtering techniques
The choice of filters plays a crucial role in enhancing the quality of extracted
BVP signals in rPPG-based HR measurement and thus requires careful
consideration. They can be applied either as pre-filtering to the RGB traces
or as post-filtering to the estimated rPPG signals. Filters used in rPPG
algorithmsare typicallydesignedbasedonprior knowledgeofHRfrequency
ranges and are employed to suppress noise causedby subjectmovement and
complex lighting conditions.

In our roadmap, band-pass Butterworth filters of different orders were
found to be the most commonly used. The Butterworth filter186 is a type of
linear filter recognized for its smooth frequency response and efficient
processing speed. It is designed to offer amaximally flat frequency response
within the passband. This frequency characteristic helps minimize ampli-
tude and phase fluctuations. According to a recent comparative analysis of
different common unsophisticated filters, Butterworth filters may be par-
ticularly suitable for rPPGmethods compared to cPPGapproaches187. Apart
fromButterworth, elliptic, andChebyshevfilters, with their sharp transition
properties, yield superior SNR scores. In contrast, window-based filters,
such as moving averages, median filters, and Hamming windows, tend to
perform less effectively, especially when processing low-quality raw signals.
Their experiments also highlighted the impact of filter order. In complex
scenarios requiring dynamic adjustment of filter parameters, the infinite
impulse response (IIR) filter was recommended for robust rPPG-based HR
estimation188. Raw RGB traces or estimated rPPG signals without post-
filtering often exhibit baseline drifts and low-frequency fluctuations. Tar-
vainen et al.189 designed the detrending filter to eliminate long-term varia-
tions that are unrelated to cardiac activities, such as the sensor time drift and
illumination changes. This approach is valued for its ability to efficiently
suppress distortion effects.

Several studies have proposed more advanced filtering methods. A
color-distortion filter (CDF) was designed based on the reflection spectra
differences between pulsatile and non-pulsatile components121. In challen-
ging fitness scenarios, the CDF outperformed the band-pass filter (BPF),
confirming its superior performance. The CDF can also be integrated with
an amplitude-selective filter (ASF) to jointly process RGB traces190. TheASF
can serve to select RGB signals containing HR information, while the CDF
removes color distortion. Beyond temporal domain filtering, filter banks
might be more effective for processing frequency components97. Different
frequency components can be adaptively adjusted by constructing a set of
exponential smoothing filters with various frequency bins. Moreover,
wavelet transform techniques have also exhibited application values to
suppress motion artifacts and other types of noise191. In data-driven
approaches, it is recommended that filters be embedded within the algo-
rithm architecture, serving as learnable modules. For instance, multilayer
perceptron (MLP)96, 1D-CNN192, and LSTM structures127 can all serve as
filters with learnable parameters.

Evaluation metrics
Assessing the performance of rPPG methods is essential for evaluating
measurement reliability and facilitating quantitative comparisons. A variety
of evaluation metrics have been adopted to assess the HR estimation
accuracy of rPPGmethods. These metrics can generally be categorized into
twogroups.One groupdirectly compares the estimatedHRwith the ground
truthHR. The other groupmeasures the dissimilarity between rPPG signals
and ground truth cPPG signals. The commonly employed evaluation
metrics are summarized in Table 3.

The mean absolute error (MAE), also known as the difference in beats
perminute (ΔBPM), and the rootmean square error (RMSE) are among the
metrics most frequently used in HR values. These metrics quantify overall
prediction errors, with lower values indicating higher measurement accu-
racy. Toprovidemore statistical insight, standarddeviations (STDs) of these
metrics are often reported alongside them to establish confidence intervals
for BPM estimates. In comparison, the mean absolute percentage error
(MAPE) metric provides a normalized and dimensionless metric to reflect
algorithm performance across different HR ranges and subjects. In some

Table 3 | Summary of commonly used evaluation metrics for
rPPG-based HR measurement

Metric Signal
type

Formula

Mean absolute
error (MAE)

HR MAE ¼ 1
m

Pm
i¼1jbhi � hij

Root mean
square
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m

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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� �2
r
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�
�
�
�

�
�
�
�
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plot
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correlation
coefficient
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i¼1
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Cosine similarity HR/
PPG DIST x; yð Þ ¼ cos θð Þ ¼
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i¼1
x2i
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Signal-to-noise
ratio (SNR)
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SNR ¼ 1
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i¼110log10

P
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ui vð Þ�F xif g vð Þð Þ2
P

V
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Maximumcross-
correlation
(MCC)
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MCC ¼ max F�1 BPass F xf g�F yf gf gf gPm
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� �
�
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� �

� 	

In the formulas,m represents the total number of samples, and i represents the i-th timewindow. F{}
and F−1{} represent FFT and inverse FFT operations, respectively. u vð Þ is a binary mask in the
frequency domain that selects the power contained within the pre-defined BPM range around the

referenceHRand its first harmonic.bhandh represent estimatedHRvalues and referenceHRvalues.
Similarly, x and y represent estimated and reference signals (e.g., PPGor HR time series, depending
on the evaluation settings). BPass{⋅} represents a band-pass filter operation.
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studies, researchers set a threshold for MAPE to indicate the practical
applicability of the proposed algorithms. Additionally, the Bland–Altman
analysis is commonly used as a visualization tool to assess themeasurement
agreement between the proposed algorithm and standard instruments.

Besides these error-based metrics, correlation-based metrics have also
been leveraged for evaluating HR estimation performance. In the pyVHR
framework193,194, Pearson correlation coefficient (PCC) and concordance
correlation coefficient (CCC) are recommended to measure the agreement
between estimated and referenceHR values. Templatematching correlation
(TMC) has been proposed tomeasure correlation in a fragmentarymanner.
Dividing the complete signal into multiple equal-length segments allows
detection of regularity in a time window, thus mitigating the impact of
abnormal values at specific time points. These metrics provide com-
plementary perspectives by assessing the trajectory agreement and are par-
ticularly useful for reflecting measurement error in HR dynamics under
large-scale variation. It is worth noting that PCC, CCC, and cosine similarity
are sometimes leveraged to capture the discrepancies between estimated
rPPG and ground truth cPPG signals, in order to provide a PPG signal-level
performance reflection. Maximum cross-correlation (MCC) has also been
introduced as both a loss function and evaluation metric for rPPG-
supervised learning195. Integrating MCC as a term of the loss function can

enhance its robustness against random temporal offsets in the ground truth.
FFT-based techniques are often used to compute MCC more efficiently. In
addition to formulated metrics, DL-based approaches have also been
explored to quantify rPPG signal quality. Song et al.196 proposed and com-
pared both Bayesian neural networks (BNNs) and deep ensemble methods
to evaluate the uncertainty of rPPGsignals inHRestimation. Thesemethods
can be useful for providing confidence estimates in reference-free real-world
applications. To complement these metric-based evaluations, we include a
brief illustration in the following section on clinical translation.

Statistical data synthesis
In Fig. 5, we present the overall and year-wise usage frequency analysis
regarding model-driven algorithms, data-driven algorithms, datasets, and
evaluationmetrics based on the results of the literature search. A clear rising
tendency in research activity related to rPPG-based HR measurement over
the years is evident, reflecting the increasing attention from the research
community. Amongmodel-driven algorithms, CHROM,POS, and ICA are
the most frequently adopted, while PhysNet and DeepPhys are the main-
stream representatives of data-driven approaches. Despite being proposed
for a certain period of time, they still account for a significant proportion,
even in studies of recent years. Notably, data-driven algorithms with usage
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Fig. 5 | Statistics of usage frequency. The statistics are conducted based on all
included articles during the literature search. Usage count less than 10 are cate-
gorized as “Others''. a Model-driven rPPG algorithms: CHROM144, POS142, ICA137,
GREEN16, PCA140, PBV145, 2SR141, LGI42, and others. bData-driven rPPG algorithms:

PhysNet156, DeepPhys154, MTTS-CAN155, and others. c Datasets for algorithm per-
formance evaluation: UBFC-rPPG41, PURE37, COHFACE40, VIPL-HR43, MMSE-
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frequencies below 10 account for 40.8%, demonstrating the algorithm
diversity and rapid evolution of this category. There are 23.5% papers using
the relatively simple UBFC-rPPG dataset and 21.1% using private datasets.
This highlights the need for developing more challenging and open-source
datasets in future research. In terms of evaluation metrics, MAE, RMSE, as
well as PCC and SNR, are the most frequently used HR-based and PPG-

based metrics, respectively. These should serve as references for future
algorithm development and assessment.

According to the differences in principle, rPPG algorithms can gen-
erally be categorized into two types: model-driven and data-driven. Data-
driven algorithms can be further divided into end-to-end and hybrid
structures. In Fig. 6, we summarize the algorithm performances across

Fig. 6 | Performance statistics of rPPG algorithms across different datasets. The
evaluation metric is mean absolute error (MAE). Each rPPG algorithm is labeled
using the corresponding author's last name, and the order is consistent with Tables
1 and 2. The algorithms are categorized into three types: model-driven, hybrid, and
end-to-end. For data-driven approaches (i.e., hybrid and end-to-end), the employed
validation strategies are annotated using different symbols, defined in the order of
evaluation strictness: external validation, where training and test data are sampled
from different datasets; internal subject-wise validation, where the original dataset is
split into training and test sets such that data from the same subject do not appear in
both training and test sets; and internal record-wise validation, where training and

test sets may contain data sequences from the same subjects or even the overlapping
recording sessions. Boxplots on the right display the MAE distributions of the three
algorithm categories. Notably, internal record-wise validation is susceptible to
performance overestimation due to subject overlap between training and test sets. To
ensure a rigorous performance assessment, evaluation results obtained from internal
record-wise validation were strictly excluded from the right-side boxplots. At the
bottom, the dataset usage frequency across all evaluated algorithms is illustratedwith
barplots. Icons were adapted from the Microsoft Fluent Emoji project (https://
github.com/microsoft/fluentui-emoji), under the MIT License (https://opensource.
org/license/mit).
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different datasets and display the group-wise performance comparison. It
can be observed that although algorithms of end-to-end structure are in the
majority of data-driven algorithms, the development of hybrid structure has
persisted. The boxplot results show that there are no significant perfor-
mance differences among the three types of algorithm structures. Con-
sidering that the gold standard for consumer-grade devices in MAE is 5
BPM197, these three types of algorithm structures are all able to achieve
acceptable measurement accuracy. Additionally, the UBFC-rPPG, PURE,
and COHFACE datasets are the most commonly used public datasets for
rPPG-basedHR estimation algorithm development. This statistical result is
generally consistent with the overall dataset usage statistics derived from the
complete results of our literature search, as shown in Fig. 5. For data-driven
algorithms, 43.8% of the relevant studies utilized themost rigorous external
validation, and 31.5% adopted subject-wise internal validation. Of note,
24.7% of studies used internal record-wise validation. This approach is
highly susceptible to data leakage, as subject-specific features from the same
individual may appear in both training and test sets. Consequently, these
studies may report inflated MAE performances. To ensure a rigorous
comparison of actual algorithm capabilities, these potentially biased results
were strictly excluded from the aggregated statistics in the right-side box-
plots of Fig. 6.

Translation in clinical settings
According to our literature search, only three articles (3/151, 1.99%) speci-
fically addressed clinically related topics. Among them, two focused on
paediatric care and one on long-term, non-contact monitoring during liquid
bolus administration.Hatib et al.198 conducteda two-phase validation study in
childrenandneonates.Their research suggested that themeasurement results
obtained on children under 10 years old (including newborns) did not reach
clinically acceptable accuracy; by contrast, older paediatric cohorts exhibited
higher measurement reliability, with the subgroup of 12–16 years old
achieving a Spearman correlation of 0.82 with reference measures of HR
recordings. The study conducted by Wegerif et al.199 presented a similar
phenomenonof age-dependentperformance characteristics inpaediatric care
settings. They collected facial videos from 346 children across diverse health
conditions andapplied thePOSalgorithm142 for rPPGsignal extraction.Their
method achievedRMSEsof 15.4BPMfor subjects below5 years old, 7.5 BPM
for those aged 5–11 years, and 5.4 BPM in adolescents older than 11 years.

To bridge the performance gap in younger cohorts, these studies
proposed concrete data collection and algorithmic strategies. These inclu-
ded the implementation of interactive gamification (e.g., animations to
encourage the compliance of children), specialized overhead recording
hardware setups for supine neonates, and explicit privacy/safety protocols
(e.g., offline data processing and addressing concerns regarding infrared
radiation). At the algorithmic level, optimizations included recommending
the mid-face as a superior ROI over the forehead, expanding the HR search
space up to 200 BPM, and redesigning screening filters to mitigate sys-
tematic bias arising from the mismatch between the adult and paediatric
distributions.

Beyond paediatrics, Momeni et al.200 reported the first feasibility
exploration of rPPG-based cardiac activity monitoring during long-term
fluid bolus administration. Their developed pipeline incorporated
MTCNN95 for face and keypoint detection, with the forehead and cheeks
selected as ROIs for RGB signal extraction, and applied both CHROM138,139

and POS algorithms for rPPG signal conversion. The HR measurement
results showed their rPPG-based methods achieved MAEs of 4.27 BPM
(CHROM) and 4.28 BPM (POS), which are close to clinical standards.
Importantly, the measurement setup enabled synchronous monitoring of
hemodynamic parameters, including stroke volume (SV) and systemic
vascular resistance (SVR). The authors also underscored that the vaso-
constriction induced by cold fluid administration (15 ∘C) can potentially
result in increased measurement error compared with warm fluid admin-
istration (37 ∘C).

To illustrate the capability of video-based rPPG in capturing HR
dynamics under clinically relevant stress conditions, we compared cPPG

and rPPG signals acquired during a lower body negative pressure (LBNP)
protocol (Fig. 7). This protocol is used to simulate central hypovolemia and
assess cardiovascular tolerance in human subjects.

In Fig. 7a, the rPPG closely tracks the reference cPPG, showing strong
agreement across a broad HR range. The correlation-based metrics were
exceptionally high (PCC = 99.85%, CCC = 99.85%, and cosine similarity =
99.99%), while amplitude-based metrics also confirmed high accuracy
(MAE = 0.60 BPM, RMSE = 1.16 BPM, MAPE = 0.76%). The
Bland–Altman analysis indicated minimal bias and narrow limits of
agreement, confirming that rPPG reliably captures rapidHR changes under
varying physiological conditions.

In Fig. 7b, the comparison demonstrates good agreement over a nar-
rower HR range. The correlation remained high (PCC = 92.05%, CCC=
91.97%, cosine = 99.98%), with low absolute errors (MAE = 0.54 BPM,
RMSE = 1.02 BPM, MAPE = 0.92%). The Bland–Altman plot again
revealedminimal bias and tight dispersion, confirming that evenunder low-
amplitude or motion-stable conditions, rPPG yields consistent HR
estimates.

Together, these results illustrate the ability of theCHROM-based rPPG
method to reproduce cPPG-based HR recordings across both dynamic and
stable scenarios within this experimental setting. The combination of cor-
relation, concordance, and absolute error metrics underscores the impor-
tance of a multi-metric evaluation framework: while correlation quantifies
waveform similarity, absolute metrics (MAE, RMSE) capture physiological
accuracy.When interpreted jointly, theyprovide a comprehensive depiction
of agreement that is useful for methodological evaluation.

However, these strong agreement metrics were obtained under delib-
erately controlled experimental conditions-including fixed camera–subject
geometry, disabled automatic camera settings, standardized cross-polarized
illumination, supine positioning with minimal motion, and a predefined
staged LBNP protocol in a homogeneous cohort of healthy volunteers-and
should therefore be interpreted as upper-bound estimates under idealized
conditions rather than representative of expected performance in uncon-
strained clinical or real-world environments.

This proof-of-feasibility demonstration is intended solely to illustrate
the practical acquisition and signal-level agreement of facial rPPG record-
ings in a controlled clinical research environment. Given the limited sample
size, these results should not be interpreted as evidence of clinical efficacy,
diagnostic accuracy, or readiness for clinical deployment. Large-scale,
prospective clinical studies acrossdiversepatientpopulations are required to
establish clinical validity and regulatory suitability.

Discussion
Despite rapid technical advances, direct clinical evidence for rPPG remains
limited. Among the 151 reviewed studies, only a small subset explicitly
involves clinical populations or clinically grounded endpoints. Conse-
quently, the current bodyof evidenceprimarily supports technical feasibility
rather thanvalidated clinical utility.This roadmap therefore, emphasizes the
identification of translational gaps and the methodological prerequisites
required to progress from laboratory validation toward rigorous clinical
evaluation.

In this paper, we conducted a literature review that focuses on rPPG
techniques that use a single RGB camera to record facial videos for HR
measurement. To gain a comprehensive understanding of this field, we
examined research advances in eight components of the rPPG pipeline and
conducted extensive searches onmainstreamacademic databases.Although
rPPG technology has developed over just a decade, it has evolved from low
initial accuracy to performance comparable to cPPG technology in simple
scenarios, demonstrating its significant development potential and appli-
cation prospects. Compared to ECG and cPPG, rPPG enables non-contact
measurement, substantially reducing both measurement costs and opera-
tional complexity. However, the non-contact feature of rPPG technology
also makes it susceptible to various noise sources, including complex
lighting conditions, subject movement, and video compression artifacts. As
mentioned in this article, the main challenges encountered in the
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development of rPPG algorithms can be summarized in terms of four
aspects: algorithm effectiveness, application environment, hardware
restrictions, and insufficient data. Over the past decade, researchers have
overcome many issues related to these challenges through a variety of
approaches. Nonetheless, moving towards real-world applications will
require continuous efforts from the research, industrial, and clinical
communities.

In practical scenarios that involve deploying algorithms on hardware
terminals, certain requirements for computation speed arise. This is parti-
cularly true in some use cases that have strict safety requirements, like
automatic driving and intelligent surveillance. These applications often
demand processing speeds at the millisecond level. However, a certain
degree of latency is regarded as acceptable in the field of HRmeasurement;
thus, the inference speed is less tightly constrained. Nonetheless, the real-
time performance of rPPG algorithms still attracted significant attention
from the research community. Somemodel-driven rPPGmethods focus on
reducing the operation time while maintaining measurement accuracy.
According to the experimental results of Lewandowska et al.140, it took
223ms and 94ms for the ICAalgorithm to process the full-faceROI and the
forehead ROI, respectively. Their proposed PCA algorithm achieved
improved computing times of 1.4 ms and 1.2 ms. TheOMIT algorithm also

achieved a computation speedof 17ms per frame152. In terms of algorithmic
complexity, the GRGB algorithm136 with a time complexity of O(1) out-
performs the POS algorithm, which has a complexity ofO(n2). These results
indicate that model-driven rPPG algorithms have evolved in both mea-
surement accuracy and computation speed, reaching millisecond-level
performance.

Data-driven methods, especially those based on DL approaches, often
require substantial computational resources due to their large number of
parameters. Therefore, improving inference speed through lightweight
architectures has become an important research direction.Whilemost end-
to-end architectures use 3D-CNNs to process facial videos, Comas et al.99

employed a 2D-CNN as the spatial encoder. Their algorithm achieved an
HR measurement accuracy comparable to that of PhysNet156 while con-
taining only 0.7%of its parameters. Lee et al.201 compared the inference time
and HR measurement accuracy of several data-driven methods. Their
results show that DeepPhys154, MTTS-CAN155, PhysNet156, EfficientPhys202,
aswell as their proposed algorithm,were all able tomaintain anMAEwithin
2.1 BPMwhile having an average computation speed of less than 70ms per
frame. These results indicate that state-of-the-art DL-based rPPG algo-
rithms can meet the general requirement when adequate computational
resources are available.

Fig. 7 | Agreement between camera-based rPPG and reference contact PPG for
heart rate (HR). Left column: An anonymized video frame with MediaPipe facial
landmarks (orange dots) and the forehead region of interest (ROI) used for rPPG
extraction (gray polygon). The white dots indicate the landmarks defining the ROI
boundary.Middle column: Synchronized HR time series from contact PPG (cPPG,
blue) and rPPG (red). Right column (top): Scatter plot of HRrPPG versus HRcPPG with
the identity line and annotated Pearson correlation coefficient (PCC). Right column
(bottom): Bland--Altman plot of (cPPG − rPPG) HR with mean bias (dashed line)

and 95% limits of agreement (dotted lines). Far right: Bar summary of Cosine
similarity, concordance correlation coefficient (CCC), PCC, mean absolute per-
centage error (MAPE, %), root-mean-square error (RMSE, BPM), and mean
absolute error (MAE, BPM). rPPG signals were extracted using the chrominance
(CHROM) method144,239 with cPPG as the reference. a, Example showing strong
agreement across a wide HR range (PCC ≈ 99.85%, MAE ≈ 0.60 BPM, RMSE ≈ 1.16
BPM, MAPE ≈ 0.76%). b Example showing good agreement across a narrower HR
range (PCC ≈ 92.05%, MAE ≈ 0.54 BPM, RMSE ≈ 1.02 BPM, MAPE ≈ 0.92%).
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From the perspective of algorithm structure, end-to-end models
directly take facial videos as input and output estimated rPPG signals orHR
values, simplifying the pipeline and eliminatingmultiple intermediate steps.
Such a design streamlines the process and reduces the complexity without
the need to decompose themain task intomultiple substeps. However, end-
to-endalgorithms typically involve a larger numberof parameters, requiring
substantial data and computational resources during both training and real-
world deployment. Additionally, as “black boxes”, the interpretability of
end-to-end algorithms is relatively poor, thus making it difficult to adapt
performance under specific challenging conditions. To address this, future
research should consider integrating attention-map visualization203 or
physically-constrained techniques, ensuring model decisions are consistent
with known physiological and optical principles. In contrast, a hybrid
structure involves separate processing steps that can serve as structured
regularization with prior knowledge, leading to improved interpretability
and robustness. The research ofZhan et al.204 has demonstrated this point by
incorporating priors of knowledge-based algorithms such as CHROM and
POS into CNN architectures to enhance their robustness against motion
artifacts. Moreover, the smaller size allows hybrid algorithms to achieve a
faster training speed. Nevertheless, this may limit their model capabilities
compared to end-to-end models given sufficient training data, especially as
morewell-establisheddatasets have becomeavailable in recent years.On the
other hand, most end-to-end models involve a large number of parameters
and require parallel computing resources like graphics processing units
(GPUs). In resource-constrained environments, deployingmodel-driven or
hybrid algorithmsmight serve as amore realistic solution. Figure 7 provides
a synthesis view of how HR agreement between camera-derived rPPG and
reference contact PPG should be evaluated and reported. The four com-
plementary analytical panels—time-series overlay, scatter plot,
Bland–Altman comparison, and the multi-metric summary—together
reveal dimensions offidelity that no single statistic can capture. Correlation-
based indices (PCC, CCC, cosine similarity) quantify linear and concordant
association between HR estimates, but remain sensitive to polarity, scaling,
and temporal misalignment. In contrast, magnitude-based metrics (MAE,
RMSE) directly quantify absolute differences in BPM and are invariant to
sign. The Bland–Altman analysis complements both by characterizing bias
and dispersion across the HR operating range, thereby exposing systematic
under- or over-estimation that may otherwise be hidden.

In Fig. 7a, rPPG achieves near-perfect correspondence with contact
PPG (PCC= 99.85%, CCC = 99.85%, MAE = 0.60 BPM, RMSE = 1.16
BPM, MAPE = 0.76%), demonstrating that under well-controlled illumi-
nation and motion-stable conditions, video-based HR estimation can clo-
sely reproduce reference values across a wide dynamic range. In Fig. 7b, a
narrower HR range still yields high concordance (PCC = 92.05%, CCC=
91.97%, MAE = 0.54 BPM, RMSE = 1.02 BPM, MAPE= 0.92%), con-
firming that the approach remains robust even when HR variability is
minimal. These examples together highlight that high correlation does not
always coincide withminimal error, and conversely, low absolute errors can
persist even when correlation is reduced by constrained HR variability.
Hence, both association- and error-based metrics are indispensable for a
complete interpretation.

Beyond numerical agreement, the figure underscores how acquisition
and preprocessing decisions fundamentally shape rPPG fidelity. Region-of-
interest (ROI) selection—whether focusing on the forehead, cheeks, or fused
multi-ROI signals—along with illumination stability, compression, frame
rate, andmotion artifacts, all influence the extracted waveform prior to HR
computation. A rigorous pipeline should therefore combine photometric
normalization, motion compensation, and multi-ROI fusion with outlier
rejection, followed by signal-quality gating using spectral or harmonic
consistency criteria. Explicit documentation of every stage—color-space
transform (e.g., CHROM, POS), temporal filtering, detrending, synchro-
nizationwith reference signals, and sign-alignment policy—remains critical
to ensure reproducibility and comparability across studies. Specifically,
regarding the phase delay between the measured and reference signals, we
recommend a two-fold protocol: (i) for dataset developers, providing

synchronized timestamps for each video frame and reference signal sample
to prevent hardware-level time offsets; and (ii) for algorithm developers,
explicitly reporting the alignment strategies or compensation methods for
the pulse transit time (PTT) shift (e.g., cross-correlation based alignment195

or spectrum distribution similarity supervisionmechanisms163,164) to ensure
fair comparisons across different studies. For actionable reproducibility,
Supplementary Information (Table S3) provides a reproducibility checklist
covering acquisition details, preprocessing steps, synchronization and
alignment with reference signals, validation design, and code/model avail-
ability, togetherwithminimumand recommendedhardware conditions for
deployment.

Overall, Fig. 7 serves as a template for standardized reporting of
PPG–rPPG agreement in HR estimation. Beyond presenting summary
statistics, a comprehensive evaluation should include: (i) waveformoverlays
to visualize temporal alignment, (ii) synchronous scatter plots to assess
monotonicity andpolarity, (iii) Bland–Altman analysis for bias and limits of
agreement, and (iv) a balanced metric set spanning correlation, con-
cordance, and absolute errors. Reporting both percentage-based (e.g.,
MAPE) and unit-based errors (e.g., MAE, RMSE) alongside Bland–Altman
results enables a more transparent and physiologically interpretable
assessment. Such multi-metric frameworks are essential for bridging tech-
nical validation and clinical translation of rPPG-basedmonitoring systems.

Non-contact rPPG can improve comfort and compliance—particu-
larly for paediatric and elderly patients and for prolonged observation—by
reducing adhesive sensors and cabling. While the present illustration is
limited to two subjects and HR trends, it motivates prospective studies
comparing rPPG-derivedHR trajectories against referencemonitors across
diverse skin tones, lighting, and motion, and testing whether rPPG trends
can flag decompensation earlier or with fewer artifacts in real-world
workflows. These considerations are especially salient in neonatal and
paediatric care, whereminimizing sensor burden is a priority. In addition to
adult monitoring, rPPG has shown promising potential in neonatal and
paediatric environments. Hatib et al.198 conducted a two-phased clinical
study evaluating rPPG deployment in paediatric wards, demonstrating its
ability to reduce sensor burden in neonates. Similarly, Wegerif et al.199

compared rPPG-based pulse rate estimation methods in infants and con-
firmed its feasibility in clinical paediatric settings, including intensive care
units. These findings suggest that rPPG can complement existing practices
in neonatal ICUs by enabling continuous, non-contact monitoring without
disturbing fragile patients.

Furthermore, with the increasing trend towards telemedicine, rPPG
offers a viable solution for remote HR monitoring of patients, enabling
timely interventions and reducing the need for frequent hospital visits205,206.
The insights provided by our clinical partners were instrumental in high-
lighting these applications and ensuring that our roadmap addresses the
practical needs of healthcare providers. A comprehensive review207 high-
lighted the challenges andprospects of applying computer vision and rPPG-
based monitoring in clinical environments, while a recent clinical study208

demonstrated the feasibility of such techniques for diagnosing respiratory
infections in paediatric emergency room settings. Together, these works
reinforce the applicability of rPPG in acute care scenarios where conven-
tional monitoring is often impractical or resource-limited.

While rPPG holds promise for integration into telemedicine and
remote monitoring workflows, translation into regulated clinical use
requires adherence to established medical device pathways. Depending on
intendeduse, rPPGsystemsmay fall underwellnessmonitoringor regulated
medical device categories, each associated with distinct evidence require-
ments. Beyond algorithmic validation onpublic datasets, clinical translation
necessitates staged evaluation, including (i) technical verification under
controlled conditions, (ii) pilot feasibility studies in representative clinical
environments, and (iii) large-scale prospective clinical trials demonstrating
safety, accuracy, and clinical benefit relative to reference standards.
Engagement with regulatory frameworks (e.g., FDA, CE marking) and
alignment with data governance, privacy, and interoperability standards are
essential prerequisites for approval and adoption in clinical practice.

https://doi.org/10.1038/s41746-026-02715-1 Article

npj Digital Medicine |           (2026) 9:555 16

www.nature.com/npjdigitalmed


Beyondphysical health, rPPGhas been increasingly applied in affective
computing and mental health assessments. Several studies have demon-
strated that rPPG-derived metrics, such as heart rate variability and signal
amplitude patterns, can help detect emotional states, including stress,
anxiety, and depression209,210. These applications open the door for rPPG to
support mental health monitoring in home-based and outpatient settings.
One of the key factors driving the growth of rPPG applications in public
health is its integration into smartphones, security cameras, and other visual
inspection devices211. Several studies have suggested that such noninvasive
remote monitoring significantly reduces hospitalizations in chronic heart
failure patients and may benefit other chronic disease populations212,213. A
recent field validation concluded thatwireless healthmonitoring devices are
convenient, user friendly, and effective for mass screening in community
settings214. Tomaximize the global impact of remotemonitoring andmobile
health technologies, it is vital to address remaining technical challenges,
foster standards for data interoperability, and promote equitable access in
low resource environments215,216.

Although the technical and clinical potential of rPPG is increasingly
demonstrated in research, its adoption in regulated clinical practice remains
limited. For rPPG-based systems to be approved for medical use, theymust
undergo rigorous validation and meet regulatory requirements. In the
United States, such systems would typically require FDA clearance as Class
II medical devices, demonstrating substantial equivalence to predicate
technologies through clinical trials and safety evaluations. Similarly, Con-
formité Européenne (CE) marking under the European Medical Device
Regulation requires conformity with safety and performance standards.
Clinical validation studies comparing rPPGoutputwith gold-standardECG
or cPPG readings across diverse populations and use conditions are
essential.

Moreover, adherence to data interoperability frameworks and privacy
regulations (e.g., HIPAA, GDPR) is critical for deployment in clinical and
telehealth environments. Beyond regulatory compliance, large-scale
deployment of facial video–based physiological monitoring requires expli-
cit governance and risk-mitigation strategies. Privacy-preserving design
principles-including data minimization, purpose limitation, and pre-
ferential use of on-device processing-should be adopted to reduce reliance
on centralized storage of identifiable facial video. Where feasible, raw video
frames should be treated as transient input, with only de-identified phy-
siological signals or derived features retained. Clear consent frameworks,
role-based access control, encryption, retention limits, and audit mechan-
isms are essential to mitigate misuse and support trustworthy deployment.
Importantly, governance strategies should remain context-dependent,
reflecting whether an rPPG system is intended for wellness monitoring,
research, or regulated clinical decision support.

In the feasibility example presented in this work, facial video data were
collected under IRB approval with explicit participant consent, stored on
restricted local systems, and processed separately from raw video storage,
illustrating practical safeguards for handling identifiable visual data in
controlled research settings.

Emphasizing clinical safety requires not only minimizing false alarms
but also implementing robust “fail-safe” mechanisms that trigger contact-
based verification when rPPG signals are deemed unreliable for clinical
decision-making. Beyond improving signal quality, future work must
prioritize the development of standardized validation frameworks that
enforce rigorous evaluation strategies (e.g., external validation or subject-
wise partitioning) to mitigate data leakage and prevent overoptimistic
performance reporting. Such rigor is essential to support regulatory
approval and seamless integration into clinical and electronic health sys-
tems. Importantly, given theheterogeneity indatasets, acquisitionprotocols,
and validation strategies, cross-study MAE comparisons should be inter-
preted as descriptive summaries rather than directly comparable indicators
of algorithm performance. HR measurement devices based on cPPG algo-
rithms have been widely adopted in consumer electronics, including smart
wristbands and portable pulse oximeters. In contrast, techniques based on
rPPG remain largely confined to laboratory environments, and their

accuracy often lags behind cPPG systems, particularly under complex real-
world conditions involving motion, illumination variability, and hetero-
geneous user populations. Future research should therefore prioritize
bridging the performance gap between rPPG and established contact-based
technologies while leveraging the unique advantages of rPPG, including its
non-contact nature, low cost, and potential for passive monitoring using
widely available imaging devices.

Drawing on the insights from this roadmap, including the literature
review, methodological analyses, and emerging clinical demonstrations, we
outline a prioritized translational pathway for advancing rPPG-based heart
rate (HR) monitoring toward clinical and regulatory validation. In the near
term, the most critical priority is the construction of large, standardized
public datasets with synchronized reference electrocardiogram (ECG) sig-
nals, demographic diversity, and controlled acquisition conditions. Such
datasets are essential to enable robust subject-wise validation, reduce bias
associated with skin tone, age, and environmental variability, and facilitate
fair benchmarking across algorithms. In particular, datasets capturing
dynamic physiological conditions, such as rapid HR fluctuations during
exercise,will be necessary to support emerging real-world applications217. In
high-impact domains, including telemedicine, in-vehicle monitoring, and
virtual reality, publicly available datasets will also accelerate the transition
from laboratory research to scalable deployment by enabling consistent
evaluation protocols and reproducibility. Furthermore, large-scale datasets
are indispensable for training data-intensive deep learning models, for
which existing validation frameworks remain incomplete and require fur-
ther development218.

In the intermediate stage, improving algorithm robustness and gen-
eralizability remains a central challenge. This includes the development of
standardized preprocessing pipelines, motion-resilient signal extraction
methods, and rigorous cross-dataset validation strategies. In addition to real
data collection, systematic data augmentation frameworkswill play a critical
role in enhancing model performance. Future work should move beyond
simple interpolation-based approaches and instead incorporate standar-
dized validation criteria that ensure both physiological fidelity and visual
realism. For example, synthetic waveform generation should preserve pulse
morphology and temporal dynamics, while image-based augmentation
should maintain realistic skin texture characteristics. A dual-validation
strategy combining physiological consistency metrics and visual fidelity
measures may help bridge the synthetic-to-real gap and ensure that aug-
mented datasets improve generalization without introducing
artifacts78,219,220.

Further improvements are also required in the stages preceding rPPG
signal estimation and following initial HR extraction. In particular, the
selection and tracking of regions of interest (ROIs) remain critical deter-
minants of measurement accuracy, as performance varies across facial
regions under different illumination conditions and motion levels221,222.
While prior work has introduced signal quality index (SQI) benchmarks24,
additional validation under diverse real-world scenarios is necessary to
support adaptive and real-time ROI selection. Emerging vision foundation
models, such as Sapiens223, offer promising opportunities to enhance
robustness through improved face detection, keypoint localization, and
surface modeling. In parallel, incorporating uncertainty quantification and
structured failure-mode analysis may enable systems to identify unreliable
measurements and provide low-confidence warnings under adverse con-
ditions such as excessive motion or poor illumination196. The integration of
auxiliary signals, such as inertial measurements, may further support
motion artifact compensation, which remains underexplored in current
rPPG pipelines224–226.

Clarifying the role of rPPG within the broader ecosystem of cardiac
monitoring technologies is another essential step toward clinical translation.
While 12-lead ECG remains the gold standard for diagnosis, and wearable
contact PPG enables continuous monitoring, rPPG offers a distinct
advantage as a non-contact modality. Its potential lies in large-scale
screening, telehealth integration, and passive monitoring in everyday
environments. Identifying the appropriate “ecological niche” for rPPG,
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where its unique advantages outweigh its current limitations, will be critical
for guiding both research priorities and clinical adoption.

In the longer term, the deployment of rPPG algorithms onmobile and
edge platforms represents a key opportunity for real-world impact.
Achieving this will require lightweight models, efficient inference, and
robustness to heterogeneous user conditions. Model compression and
pruning techniques may help reduce computational complexity while
maintaining performance227–229. Integration with multimodal sensing fra-
meworks, such as combined RGB and mmWave systems, may further
improve reliability in challenging environments and address limitations
related tomotion, privacy, and signal variability230. Importantly, prospective
real-world studies will be required to evaluate system performance in
practical deployment scenarios, including telemedicine platforms, mobile
devices, and ambient monitoring systems, while reporting clinically
meaningful metrics aligned with emerging regulatory standards for AI-
enabled medical technologies.

Beyond healthcare settings, incorporating rPPG into real-world
application platforms may unlock additional use cases. For example, inte-
gration into virtual reality environments can enable adaptive biofeedback
systems that respond dynamically to users’ physiological states, enhancing
immersion and user experience. Similarly, multi-task learning frameworks
that jointly perform identity recognition and physiological estimation have
demonstrated potential for improving signal robustness and reliability231.

Future research should explore unsupervised and self-supervised
learning paradigms to reduce reliance on labeled datasets, which remain
scarce and difficult to acquire. Recent studies have demonstrated that deep
neural networks can estimate HR with minimal or no annotations, sug-
gesting a promising direction for improving generalization across diverse
environments and populations195,232,233. Leveraging large-scale unlabeled
video data may therefore play a key role in advancing rPPG toward robust,
scalable, and clinically applicable solutions.

There is no doubt that we are entering a new era characterized bymore
advanced information technologies. Driven by the synchronous progress in
both software and hardware, the real-world application of more flexible in-
situ healthmonitoringhas become increasingly feasible.With the support of
rPPG techniques, extracting cardiac rhythm from a person only requires
using a standardRGBcamera, which iswidely available today. The scientific
principles behind the measurement process have exhibited significant
research value. While several trial-stage platforms have emerged, the rPPG
technology remains confined to laboratory settings, with a considerable gap
to large-scale productization. Within the remote HR estimation pipeline,
each substep can exert substantial influence on the final measurement
accuracy. It is therefore necessary to systematically review and summarize
different components within the rPPG pipeline. Except for algorithmic
improvements, deeper considerations are required regarding noise miti-
gation from the signal source, efficient utilization of available datasets, and
deployment at the edge-computing side. This article has methodological
limitations, including database and language restrictions and manual
inclusion decisions that may introduce selection bias. Additionally, further
exploration of clinical applications requires closer cooperation among
industry, academia, and clinical practitioners. Any aspect that can achieve a
greater breakthrough would accelerate the adoption of more cost-effective
HR measurement tools, eliminating the need for purchasing dedicated
devices.

Methods
Eligibility criteria
In this study, we summarize the key challenges encountered during the
development of rPPG technology for HR measurement into four aspects.
These challenges served as the main references for including and excluding
literature search results based on their research focus. The descriptions are
shown as follows:

• Algorithm effectiveness. The effectiveness of an rPPG algorithm
depends on its ability to accurately extract subtle variations in skin

color associated with the cardiac cycle.However, many algorithms rely
on strongassumptions thatmight not be suitable in some scenarios and
thus lead to poor adaptability.More advanced algorithms demonstrate
better resilience to motion artifacts and noise, resulting in improved
measurement accuracy.

• Application environment. While the ideal goal is to apply rPPG algo-
rithms under dynamic and unconstrained conditions, in practice,
factors such as uneven illumination, insufficient lighting, and subject
movement often result in degraded performance234. These challenges
make it difficult for rPPG algorithms tomaintain high accuracy across
application scenarios.

• Hardware restriction. During the deployment phase of rPPG algo-
rithms, hardware limitations can significantly impact algorithm per-
formance. Camera capability, computation speed, and memory
capacity are essential factors that need to be considered.

• Insufficient data. The development and evaluation of rPPG algorithms
dependheavily onhigh-quality datasets. In particular, data scarcity and
imbalance are prevalent and noteworthy concerns. Demographic bias
related to age, gender, skin tone, and health status can substantially
affect algorithm validation235,236. This problem is specifically severe for
data-driven algorithms, where the data distribution of the training set
directly affects the algorithm's generalization and performance.

In addition to these requirements related to research emphasis,
included studies were restricted to experimental and observational articles
written in English and published between 2011 and 2025. Studies were
excluded if they focusedon thenon-visible spectrum, used signal types other
than PPG, or did not use facial videos as the input. Publications that were
inaccessible, preprints, reviews, or theses not published in peer-reviewed
academic journals were also excluded from this work.

Information sources and search strategy
Following the PRISMA guideline237,238, we conducted a comprehensive lit-
erature search across four major academic databases—Embase, Google
Scholar, IEEE Xplore, and PubMed—restricted to studies published in
Englishbetween2011and2025.The searchwas completedonMay22, 2025.
The complete search strings are provided below:

• Embase: (“rPPG”:ti OR “remote PPG”:ti OR “remote photo-
plethysmography”:ti) AND (“heart” OR “pulse” OR “heartbeat” OR
“cardiac” OR “HRV”)

• Google Scholar: allintitle:(rPPG OR “remote PPG” OR “remote pho-
toplethysmography”)+ (heart OR pulse OR heartbeat OR HRV OR
cardiac)

• IEEE Xplore: (“Document Title”: rPPG OR “Document Title”: remote
PPG OR “Document Title”: remote photoplethysmography) AND
(“Full Text Only”: heart OR pulse OR heartbeat OR cardiac ORHRV)

• PubMed: (rPPG[Title] OR remote PPG[Title] OR remote photo-
plethysmography[Title]) AND (heart OR pulse OR heartbeat OR
cardiac OR HRV)

Synthetic analysis
In this article, we conducted synthetic analyses based on the studies in the
field of rPPG-based HRmeasurement, which can be summarized as below:

• Statistics of usage frequency of different model-driven rPPG
algorithms, data-driven rPPG algorithms, datasets, and performance
evaluation metrics.

• Performance comparison for model-driven and data-driven algo-
rithms (further divided into end-to-end and hybrid structures) across
different datasets.

The synthetic analyses were based on the set of studies identified
through our literature search. For a specific analysis, articles that lacked
relevant characteristics were excluded. When reporting rPPG algorithm
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performance forHRmeasurement, we usedMAEas the primary evaluation
metric,which is themost frequently reported across studies.No conversions
from alternative evaluation metrics were performed.

Clinical demonstration in simulated hypovolemia: data and
processing
We analyzed video and reference signals from the Yale lower-body negative
pressure dataset (IRBNo. 2000020057; 24 healthy adults). The reference for
rPPG evaluation was the cPPG signal, from which ground-truth HR was
obtained using the physiologicalmonitor. rPPG signals were extracted from
the forehead regions of interest using facial landmark-based tracking. The
signals were detrended and processed with a wavelet-based method to
derive HR. In the Results, we present data from two representative subjects
to illustrate the clinical application of rPPG, alongside the simultaneously
recorded ground-truth HR for comparison. Camera specifications and
signal-processing parameters are detailed in Supplementary Information
(Table S4).

Ethics approval and informed consent
This analysis was approved by the Yale University Institutional Review
Board (IRB No. 2000020057) and conducted in accordance with the
Declaration of Helsinki. Written informed consent to participate was
obtained from all participants. Written consent for publication of identifi-
able facial images was obtained from the two participants depicted in Fig. 7.

Data availability
Nonewdatasets were generated in this study. The recordings analyzedwere
obtained from a previously approved protocol incorporating rPPG mea-
surements during lower body negative pressure (LBNP)-induced hypovo-
lemia (IRB No. 2000020057, Yale University)239. De-identified derived data
underlying Fig. 7, including rPPG-derived heart rate time series and asso-
ciated analysis outputs, are available from the corresponding authors upon
reasonable request, subject to Yale University Institutional Review Board
(IRB) approval and a signed data use agreement. All other data supporting
the findings of this study are included within the article.

Code availability
Custom analysis scripts were developed to extract facial regions of interest,
compute rPPG signals using the chrominance-based (CHROM)method144,
and estimate heart rate from video recordings. The implementation was
performed in Python (version 3.10) using standard scientific libraries
including NumPy (v1.24), SciPy (v1.10), and OpenCV (v4.8). Signal pro-
cessing steps included temporal detrending, band-pass filtering (0.7–4Hz),
and frequency- and peak-based heart rate estimation. The code used to
generate the results in Fig. 7, togetherwithminimal example inputs required
for reproducibility, is available fromA.A. and S.B. upon reasonable request.
Access may be subject to institutional data-sharing agreements due to the
use of IRB-governed data.
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