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Abstract

Remote photoplethysmography (rPPG) enables non-
contact physiological monitoring from video by exploiting
subtle color variations induced by blood volume changes
in the skin. Despite recent progress in model architec-
tures, rPPG performance remains fundamentally limited
by dataset bias, including face-centric data collection,
anatomical inconsistency between imaged regions and
reference signals, and insufficient demographic and mo-
tion diversity. These limitations hinder generalization
beyond controlled facial scenarios.

This paper presents a concise review of recent synthetic
data generation approaches for rPPG and examines how
they address structural shortcomings of existing datasets.
We analyze representative strategies spanning signal-level
synthesis, video-based generation and editing, motion-
oriented augmentation, biophysically grounded rendering,
and fairness-driven data augmentation. Across studies,
synthetic data consistently improves robustness, reduces
domain shift, and mitigates skin-tone bias.

Overall, we argue that synthetic data generation is
becoming an increasingly essential component for de-
veloping scalable, anatomically informed, and clinically
relevant rPPG systems.

Keywords: Remote photoplethysmography, synthetic
data generation, physiological signal estimation, video-
based health monitoring, dataset bias, fairness

1 Introduction

Remote photoplethysmography (rPPG) is a non-contact
technique that estimates physiological signals from sub-
tle temporal variations in skin color captured by RGB
cameras. These variations originate from blood volume
changes in superficial vessels and rely on the same op-
tical principles as contact-based photoplethysmography
(PPG). Unlike contact PPG, however, rPPG enables
unobtrusive and scalable monitoring without physical
sensors, opening new opportunities for everyday health
applications [1].

The optical basis of rPPG is commonly described by
the Dichromatic Reflection Model (DRM), which de-
composes reflected light into specular and diffuse compo-
nents [2]. Specular reflection mainly conveys environmen-
tal illumination, whereas diffuse reflection is modulated
by hemoglobin absorption and carries the pulsatile infor-
mation of interest. In practice, rPPG algorithms recover
physiological signals by analyzing subtle temporal color
variations across video frames and applying signal pro-

cessing or learning-based techniques to suppress noise.

Methodologically, the field has evolved from hand-
crafted signal transformations to deep learning. Early
approaches such as ICA [3], CHROM [4], and POS [5]
are computationally efficient but highly sensitive to mo-
tion, illumination changes, and assumptions about skin
reflectance. More recent deep learning models, including
DeepPhys [6], PhysNet [7], and TS-CAN [8], improve
robustness by learning spatiotemporal representations
directly from video. Transformer-based architectures
such as PhysFormer [9] further enhance temporal mod-
eling, while self-supervised approaches aim to reduce
dependence on labeled physiological signals.

Yet despite these architectural advances, rPPG per-
formance remains strongly constrained by the data on
which models are trained. The pulse signal is intrinsi-
cally weak and easily masked by non-physiological vari-
ations such as motion artifacts, illumination changes,
and video compression. Skin tone introduces an addi-
tional and well-documented source of bias: differences in
melanin concentration alter light absorption and reduce
the signal-to-noise ratio, which translates into systematic
performance disparities across populations [10]. Crucially,
these limitations cannot be resolved through model de-
sign alone—they reflect the limited scale and diversity
of existing public rPPG datasets.

This is precisely where data becomes the bottleneck.
Collecting large, demographically balanced datasets with
synchronized ground-truth physiological signals is costly
and logistically restrictive, which in turn limits model
generalization and reproducibility. Synthetic data gener-
ation has therefore emerged as a promising complement
to real recordings: by enabling controlled variation of
physiological signals, appearance, motion, and environ-
mental conditions, it offers a practical path to mitigate
data scarcity and bias. The present work reviews recent
approaches for generating synthetic rPPG data and ex-
amines how they support the training of more robust
and generalizable rPPG models.

2 Dataset Bias and the Need for Syn-
thetic Data in rPPG

Most publicly available rPPG datasets are strongly
face-centric and rely on fingertip photoplethysmogra-
phy (PPG) signals as ground truth, implicitly assuming
that pulse waveforms are anatomically invariant. Widely
used benchmarks such as PURE [11], UBFC-RPPG [12],
VIPL-HR [13], and VITAL [14] focus almost exclusively
on facial video recordings while supervising learning with
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Figure 1: Difference in waveform shape and phase between
contact-based PPG signals measured at the fingertip and at
the face, highlighting the impact of anatomical location on
pulse morphology. Extracted from [15].

distal reference measurements. Although these datasets
incorporate variations in motion, illumination, and acqui-
sition devices, they introduce a systematic physiological
mismatch between the imaged region and the reference
signal.

Physiological evidence directly contradicts this assump-
tion. As illustrated in Fig. 1, McDuff et al. [15] demon-
strate that PPG signals measured at the fingertip and
at the face differ substantially in both phase and wave-
form morphology due to variations in pulse transit time
and local vascular properties. These differences are
not marginal artifacts but reflect fundamental cardio-
vascular dynamics. Consequently, rPPG models trained
using anatomically consistent forehead PPG supervi-
sion achieve significantly lower estimation errors than
those trained with fingertip signals when applied to facial
videos, with reported mean squared error reductions of
up to 40%.

Beyond the face—finger discrepancy, PPG morphol-
ogy varies significantly across body regions. Fig. 2 re-
ports normalized and averaged PPG waveforms from
multiple anatomical sites, as shown by Hartmann et
al. [16]. Systematic differences are observed in signal am-
plitude, pulse peak timing, and waveform shape across
regions such as the finger, wrist, arm, leg, and forehead
(p < 0.001). These findings confirm that PPG signals
are inherently site-dependent and that models trained
with reference signals from a single anatomical location
are unlikely to generalize across regions.

An important and often overlooked consequence of this
dataset design is the practical infeasibility of developing
learning-based rPPG models for non-facial anatomical
regions. Because the overwhelming majority of public
datasets provide supervision exclusively for facial record-
ings, there is a lack of annotated data and evaluation
benchmarks for regions such as the hands, arms, or torso.
As a result, rPPG outside the face is not merely underex-
plored but structurally constrained by data availability.
In the absence of region-specific supervision, model train-
ing and validation for non-facial rPPG become ill-defined,
limiting progress beyond facial applications.
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Figure 2: Normalized and averaged PPG waveforms from six
anatomical sites under normal breathing conditions, illustrat-
ing site-dependent variability in pulse morphology. Extracted
from [16].

Only a limited number of datasets explicitly address
this anatomical inconsistency. Notably, the MSPM
dataset [17] provides full-body videos synchronized with
multi-site PPG measurements, enabling the analysis of
region-specific pulse morphology and pulse transit time.
However, such datasets remain the exception rather than
the norm.

As a consequence, several dominant failure modes of
rPPG—limited anatomical generalization, sensitivity to
motion artifacts, and demographic bias—cannot be re-
solved through additional real data collection alone. Most
datasets lack region-consistent physiological supervision
and realistic motion diversity, while demographic imbal-
ances further exacerbate performance disparities. In this
context, data augmentation and synthetic data genera-
tion should be viewed as increasingly essential modeling
tools rather than optional enhancements. By enabling
controlled variation of anatomical regions, motion dy-
namics, and skin tone while preserving physiological con-
sistency, synthetic data provides a practical mechanism
to overcome structural limitations inherent to existing
rPPG datasets.

3 Synthetic Data Generation for rPPG

The structural limitations of existing rPPG datasets—
namely anatomical bias, sensitivity to motion, and demo-
graphic imbalance—have motivated a growing body of
work on synthetic data generation. Rather than forming
a single methodological paradigm, existing approaches
differ substantially in the level at which data is syn-
thesized and in the specific failure modes they aim to
address. This section reviews recent and representative
methods that directly support the training and general-
ization of learning-based rPPG models, with a focus on
signal-level control, video-level generation, robustness to
motion, biophysical realism, and demographic fairness.

3.1 Signal-Level PPG Synthesis for Physiologi-
cal Control

Early synthetic data generation approaches focused on
one-dimensional photoplethysmography (PPG) signal
synthesis to model pulse morphology and heart rate
variability under controlled conditions. Tang et al. [18]
proposed a parameterized model in which each cardiac
cycle is represented as the sum of Gaussian functions
corresponding to systolic and diastolic components, en-
abling controllable and physiologically plausible wave-
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Figure 3: Two architectures from Tsou et al. [22]: (a)
Image-to-Video Network and (b) Video-to-Video Network.

form generation. Related Gaussian-based and stochastic
formulations have been explored in prior work [19, 20].

Beyond waveform simulation, signal-level synthesis has
also been leveraged for representation learning. Song et
al. [21] used synthetic PPG signals derived from ECG
or BVP recordings to pretrain convolutional neural net-
works for heart rate estimation, showing improved cross-
dataset generalization after fine-tuning on real rPPG
data. While these approaches provide precise control
over physiological parameters and are useful for pretrain-
ing or benchmarking, they do not address video-level
challenges such as motion, illumination variation, or skin
reflectance. As a result, their impact on end-to-end rPPG
estimation remains limited.

3.2 Video-Level rPPG Embedding and Editing

To bridge the gap between synthetic physiological signals
and video-based learning, several works have proposed
generating or modifying facial videos to embed controlled
rPPG signals. Tsou et al. [22] introduced a multi-task
learning framework that jointly performs rPPG estima-
tion and video-based data augmentation. Their approach
relies on two complementary generative pipelines, illus-
trated in Fig. 3. The Image-to-Video network synthesizes
a facial video from a single static image and a target
rPPG waveform, enabling large-scale data generation
without requiring video input. In contrast, the Video-
to-Video network first removes the existing physiological
signal from a real video before embedding a new target
rPPG signal, allowing controlled physiological manipula-
tion while preserving appearance and motion.

By coupling rPPG estimation with both generation
paradigms, this framework enables end-to-end learning
that enforces physiological consistency in the synthesized
videos. Experimental results on COHFACE, PURE,
and UBFC-RPPG demonstrate measurable reductions in
estimation error across all three datasets when training
with synthetic data. Nevertheless, the realism of the
generated videos remains constrained by limited skin
texture detail and the absence of fine-grained micro-
expressions.

3.3 Motion Transfer and Robustness-Oriented
Augmentation

While the previous approaches focus on embedding phys-
iological signals into existing or synthesized videos, a
complementary line of work targets the dominant source
of error that affects rPPG in unconstrained environments:
motion. Neural motion transfer has therefore emerged as
an effective augmentation strategy to improve robustness.
Paruchuri et al. [23] applied Face-Vid2Vid to transfer
both rigid head motion and non-rigid facial expressions
between videos while preserving the underlying physiolog-
ical signal. Extensive cross-dataset evaluations showed
error reductions of up to 78.9% in mean absolute error,
highlighting the effectiveness of motion-centric augmen-
tation for improving generalization.

Benezeth et al. [24] extended this paradigm to challeng-
ing scenarios such as near-infrared imaging and fitness
activities. By animating static facial images using real
motion trajectories and embedding synthetic rPPG sig-
nals, their approach significantly improved performance
under low-light and high-motion conditions. While mo-
tion transfer effectively addresses robustness to move-
ment, it does not explicitly model blood volume dynamics
or waveform morphology, and therefore primarily ben-
efits heart rate estimation rather than more detailed
physiological inference.

3.4 Biophysical and Physically-Based Rendering
Approaches

Biophysical modeling provides a principled direction for
synthetic rPPG generation by explicitly simulating light—
skin interaction and blood flow dynamics. McDuff et
al. [25] introduced a physically based avatar rendering
pipeline, illustrated in Fig. 4, that synthesizes facial
videos with dynamic blood flow signals grounded in the
Dichromatic Reflection Model.

As shown in Fig. 4, the pipeline modulates subsur-
face scattering properties using an input pulse signal
while jointly controlling facial appearance, illumination,
background, and motion. Training rPPG models with a
combination of real and synthetic avatar data improved
cross-dataset generalization and substantially reduced
estimation error for darker skin tones. Subsequent work
scaled this paradigm through fully synthetic datasets
such as SCAMPS [26]. Wang et al. [27] further pro-
posed a scalable framework combining 3D morphable
face models and UV-space blood volume modulation
to generate realistic rPPG videos from arbitrary input
images, demonstrating consistent accuracy gains across
demographic groups. Despite their advantages, biophys-
ical approaches remain computationally expensive and
subject to a simulation-to-real gap.

3.5 Fairness-Oriented and Sim-to-Real Augmen-
tation

Demographic bias, particularly related to skin tone, re-
mains a critical challenge in rPPG research. Ba et al. [28]
proposed a bio-realistic skin tone translation framework
that explicitly preserves pulsatile blood volume variations
through joint optimization, as illustrated in Fig. 5.

The framework alternates between a generation phase,
where skin tone is modified while preserving physiological
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Figure 4: Overview of the physically based avatar rendering pipeline proposed by McDuff et al. [25]. Subsurface scattering
parameters are modulated by an input pulse signal while facial albedo, skin tone, lighting, background, and head motion are

controlled through principled BSDF-based rendering.
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Figure 5: Joint optimization framework proposed by Ba
et al. [28]. The generator translates facial videos to darker
skin tones while the rPPG estimator is alternately frozen and
optimized, ensuring that appearance changes do not suppress
physiological signals.

cues, and an estimation phase, where the rPPG model
is optimized on both original and tone-translated videos.
This strategy significantly improves rPPG estimation
accuracy across Fitzpatrick skin tone groups without
requiring additional data collection. Building on this idea,
Comas et al. [29] introduced PhysFlow, which leverages
conditional normalizing flows to disentangle skin tone
from facial video content in a continuous color space,
further improving robustness on darker skin tones.

To mitigate the simulation-to-real gap inherent in fully
synthetic data, Ou et al. [30] proposed realism-oriented
augmentation strategies that inject compression artifacts,
motion noise, and signal perturbations into synthetic
videos. When applied to models trained on synthetic
data, these augmentations yielded substantial error re-
ductions across multiple real-world datasets, underscor-
ing the importance of domain-aware augmentation for
effective sim-to-real transfer.

4 Discussion and Perspectives

Despite recent progress in synthetic data generation
for remote photoplethysmography (rPPG), current ap-
proaches remain constrained by structural limitations
that restrict their scalability and applicability. A central
issue is the strong anatomical bias toward facial signals.
Nearly all existing datasets and augmentation pipelines
focus exclusively on the face due to its favorable opti-
cal properties and ease of acquisition. While this has

enabled significant advances in heart rate estimation, it
inherently limits the extension of rPPG methods to other
anatomical regions.

This limitation is particularly critical for applications
requiring localized physiological assessment, such as pe-
ripheral perfusion monitoring or vascular health evalua-
tion. PPG signals vary substantially across body regions
due to differences in skin structure, perfusion depth,
and motion characteristics. However, the absence of
region-specific datasets and the lack of synthetic genera-
tion frameworks that explicitly model these variations
constitute a structural barrier. Without anatomically
consistent supervision or simulation tools, developing
robust rPPG models beyond the face remains ill-defined.

A second major constraint concerns the scalability
of physically based simulation approaches. Rendering
pipelines that explicitly model light—skin interaction and
blood flow dynamics [25] provide high-fidelity synthetic
data but incur substantial computational cost, making
large-scale dataset generation impractical. This trade-
off between realism and scalability limits the use of
purely physics-driven methods for training modern data-
intensive rPPG models.

In parallel, although modern generative models have
demonstrated strong potential in computer vision, their
adoption for rPPG data generation remains limited in
scope. Most existing efforts focus on facial augmentation
or simplified waveform synthesis, without fully exploit-
ing recent advances in video generation. In particular,
diffusion-based and temporally coherent video generative
models remain largely unexplored for rPPG, despite their
potential to provide improved realism, temporal stability,
and controllable synthesis of subtle physiological signals.

Looking forward, a key research direction lies in the
development of region-aware synthetic data generation
frameworks. Future approaches should condition gen-
eration not only on pulse characteristics but also on
anatomical and perfusion-related parameters. Hybrid
pipelines that combine lightweight generative video mod-
els with approximate biophysical constraints may offer a
practical balance between realism and efficiency. Over-
all, advancing synthetic data generation for rPPG will
require a shift from face-centric augmentation toward
scalable, anatomically informed, and context-aware gen-
eration strategies.



5 Conclusion (6]

This paper reviewed recent advances in synthetic data
generation for remote photoplethysmography (rPPG),
with a focus on their role in addressing the limitations
of existing datasets. Although rPPG has shown strong
potential for non-contact physiological monitoring, its
progress remains constrained by limited data diversity |7
in terms of anatomical regions, motion conditions, and
demographic representation. Our analysis highlights that
most available datasets and generation strategies remain
heavily face-centric, despite well-established evidence
that rPPG signal characteristics vary across body regions. [8]
We reviewed representative synthetic data approaches—
spanning signal-level modeling, video-level generation,
motion transfer, biophysical rendering, and realism-
oriented augmentation—that have been proposed to mit-
igate specific failure modes such as motion sensitivity, 1]
domain shift, and skin-tone bias. Experimental results
across multiple studies consistently demonstrate that
incorporating synthetic data can significantly improve
robustness and generalization of rPPG models. How-
ever, important challenges persist, including scalability
constraints, computational cost, and limited support for
anatomically diverse or region-aware data generation. [10]
Overall, advancing rPPG toward broader and more
clinically relevant applications will require a shift from
face-centric, task-specific augmentation toward scalable,
anatomically informed, and physiologically constrained [11]
synthetic data pipelines. Such a transition will be key
to enabling robust rPPG systems that generalize beyond
controlled settings and support the diverse use cases
envisioned for camera-based physiological sensing.
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