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Abstract

Traditional contact-based physiological monitoring techniques are limited by their comfort 
and convenience, making them unsuitable for continuous and unobtrusive monitoring in 
medical environments and daily healthcare applications. Remote photoplethysmography 
(rPPG) is a non-contact physiological sensing technique that estimates vital physiological 
signals, such as heart rate and respiration rate, from subtle skin color variations captured 
in facial videos. However, the practical application of rPPG remains challenging 
because the physiological signals extracted from facial regions of interest are weak 
and can be easily overwhelmed by non-stationary noise, such as changes in ambient 
illumination and subject head motion, resulting in a low signal-to-noise ratio. Recently, 
Transformer architectures have demonstrated strong capabilities in global dependency 
modeling through self-attention mechanism, enabling effective extraction of long-range 
temporal physiological features while suppressing global interference. These advantages 
provide a new paradigm to overcome the performance bottlenecks of conventional 
rPPG methods. This review provides a comprehensive overview of recent progress on 
Transformer-based rPPG research. Specifically, it covers multiple research directions, 
including pure transformer end-to-end model, CNN-Transformer hybrid model, multi-
stream information fusion frameworks, lightweight models for edge deployment, self-
supervised learning frameworks, and extended applications in physiological monitoring. 
Additionally, this review discusses current limitations and challenges of Transformer-
based rPPG systems and highlights future research opportunities for developing new 
non-contact physiological monitoring technologies.

Keywords: Transformer, Remote photoplethysmography, Physiological measurement

Highlights

● This review systematically summarizes recent advances in Transformer-based methods for remote photoplethysmography (rPPG), 
covering pure Transformer architectures, CNN-Transformer hybrid frameworks, multi-stream fusion strategies, lightweight mod-
els, and self-supervised learning frameworks.

● This review highlights the advantages of the Transformer self-attention mechanism over CNN-based approaches in modeling long-
range, quasi-periodic physiological signals, thereby enhancing measurement robustness in complex real-world scenarios.

● This review further discusses current challenges in rPPG research, including limited data availability, high computational cost, and 
the restricted range of measurable physiological parameters, and outlines future directions such as data-efficient learning, model 
compression for edge deployment, and multi-task learning for comprehensive physiological assessment.
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1 INTRODUCTION

With the rapid advancement of artificial intelligence (AI) and 
computer vision technologies, non-contact physiological moni-
toring using wearable devices has become a research hotspot 
[1, 2]. Remote photoplethysmography (rPPG) utilizes conven-
tional Red-Green-Blue (RGB) cameras to capture facial videos 
and extracts blood volume pulse (BVP) signals from subtle skin 
color variations. rPPG has shown broad application prospects 
in telemedicine, affective computing, human-computer interac-
tion, and intelligent security systems due to its non-invasive 
nature, ease of use, and low cost [3]. However, in real life, rPPG 
signals are very weak and can be overwhelmed by environmen-
tal noise, such as light variations, head motion, sensor noise, 
and facial expressions. Hence, the primary technical challenge 
in rPPG research is the reliable extraction of clean physiologi-
cal signals from complex and noisy backgrounds.

In the deep learning era, convolutional neural networks (CNNs) 
have achieved remarkable success in rPPG tasks. CNN- based 
approaches can automatically learn mappings from raw video 
frames to heart rate, without the need for manual feature extrac-
tion. Nevertheless, conventional CNN architectures exhibit 
limitations in modeling long-range temporal dependencies. 
Specifically, the receptive field of CNNs is limited by the size 
and depth of convolutional kernels, which may hinder the effec-
tive modeling of rhythmic relationships between temporally 
distant signal components in rPPG tasks characterized by long-
range periodicity. In addition, the local connectivity mecha-
nism of CNNs limits the mechanism of global spatiotemporal 
information, resulting in limited robustness against complex 
and nonstationary spatiotemporal noises [4]. 

logical rhythms from multi-ROI temporal signals and reduce 
global noise [6].

1.1 Remote imaging photoplethysmography

Photoplethysmography (PPG) is an economical and noninva-
sive optical technique. The fundamental principle of PPG is 
based on Beer-Lambert law [7, 8]. When light illuminates 
human skin, part of the light is absorbed, while the remaining 
portion is reflected or scattered by blood, bone, or tissue. 
Because hemoglobin exhibits strong wavelength-dependent 
absorption characteristics, and the blood volume in the micro-
vascular bed changes cyclically during the cardiac cycle due to 
vasodilation and vasoconstriction, the intensity of the reflected 
or transmitted light also varies periodically in synchrony in 
time with the heartbeat [9, 10]. Traditional contact-based PPG 
sensors are widely applied in clinical settings; however, their 
reliance on direct skin contact limits their applicability in cer-
tain scenarios. For instance, in burn patient monitoring, neona-
tal monitoring, driver state monitoring, and public health 
screening during epidemics, contact-based measurements may 
cause discomfort, increase the risk of infection, and interfere 
long-term monitoring.

To address these issues, rPPG utilizes conventional commercial 
cameras or dedicated optical imaging devices together with 
ambient light sources to capture video recording of the face or 
other exposed skin area. Physiological signals are then estimat-
ed from subtle temporal color changes in diffusely reflected 
light from the skin surface, as illustrated in Figure 1. 
Dichromatic Reflection Model states that light reelected from 
skin can be decomposed into two components: specular reflec-

Figure 1. The schematic diagram of rPPG principle. Figure illustrates the basic 
principle of rPPG based on dichromatic reflection model, revealing how subtle periodic 
skin color changes caused by blood perfusion are separated from illumination noise to 
extract physiological pulse signals.

Recently, the Transformer framework, original-
ly developed for natural language processing 
(NLP), has also revolutionized the field of com-
puter vision (CV) due to its powerful self-atten-
tion mechanism. Representative models such as 
the Vision Transformer (ViT) divide images into 
patches and employ self-attention to model rela-
tionships among all patches globally. This 
design enables the construction of models with 
large receptive fields covering the entire image 
and provides strong global context modeling 
capability, making Transformers particularly 
suitable for tasks involving complex spatiotem-
poral dependencies [5]. In rPPG, physiological 
rhythms such as heart rate exhibit global spatio-
temporal characteristics. Signals extracted from 
different facial regions of interest (ROIs) are 
intrinsically correlated, while noise sources may 
also demonstrate spatial correlations. The global 
modeling ability of the Transformers is therefore 
well suited for capturing these correlations, 
facilitating more effective separation of physio-
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tion and diffuse reflection. Specular reflection is mainly deter-
mined by skin surface and illumination direction and is consid-
ered a major source of noise. On the contrary, diffuse reflection 
originates from subsurface tissue interactions and contains 
critical physiological pulse information associated with blood 
perfusion [11]. This model can be formulated as follows:

Ic(t) = αc(t) ● Cc + βc(t) ● Sc(t)

where Ic(t) denotes the pixel intensity of a color channel (R, G, 
or B) at time t; Cc represents the baseline skin color; αc(t) 
describes variations in illumination intensity; Sc(t) denotes 
heartbeat-induced skin color changes; and βc(t) represents the 
modulation coefficient of cardiac pulsation on the observed 
illumination signal. The core objective of rPPG is to accurately 
recover Sc(t) from the weak signal βc(t) ● Sc(t), which is contami-
nated by the dominant noise component αc(t).

Early rPPG signal extraction methods primarily relied on tra-
ditional signal processing techniques, statistical models, and 

physical optics models. These approaches, through sophisti-
cated algorithms, attempted to separate weak physiological 
pulsations from raw pixel signals contaminated by various 
noise sources. Representative methods include blind source 
separation (BSS)-based methods such as independent compo-
nent analysis (ICA), principal component analysis (PCA), spa-
tial component independent component analysis (SCICA), and 
joint blind source separation (JBSS), as well as model-based 
approaches, including CHROM, normalized least mean squares 
(NLMS), and plane-orthogonal-to-skin (POS) methods [12-18]. 
Although these classical approaches can achieve promising 
results under constrained experimental conditions, they mostly 
rely on manually extracted features and strong prior assump-
tions. Consequently, their performance deteriorates substan-
tially in real-world scenarios involving complex illumination 
variations, significant head motion, and other non-stationary 
disturbances.

1.2 Transformer

The transformer architecture was originally proposed for the 
sequence-to-sequence tasks such as machine translation and is 
built upon an encoder-decoder framework with self-attention 
mechanism. Its core computation component is the multi-head 
self-attention (MHSA) mechanism, as shown in Figure 2. The 
attention operation can be formulated as follows:

Attention ( , , ) softmaxQ K V
d

QK
V

T

k

= e o

Where Q (Query), K (Key), and V (Value) are linear projections 
of the input vector X, and dk denotes the dimensionality of the 
key vectors used for scaling to prevent excessively small gradi-
ents during optimization. In the multi-head mechanism, atten-
tion computations are performed in multiple subspaces simul-
taneously, enabling the model to capture information from dif-
ferent representation subspaces and thereby enhancing feature 
representation capability [5].

With the introduction of Transformers into the field of com-
puter vision, representative architectures (e.g., Vision Trans- 
former [ViT]) have demonstrated strong performance in vari-
ous visual tasks. In ViT, an input image is divided into a series 
of overlapping or non-overlapping patches, which are then flat-
tened into vectors and combined with positional embeddings 
before being fed into the Transformer encoder as a sequential 
input. By stacking multiple layers of self-attention and feed-
forward networks, ViT can model global spatial dependencies 
within an image and has achieved competitive performance 
compared with CNNs of similar scale on several computer 
vision benchmarks [19, 20]. The strong global context modeling 
capability of Transformers is particularly advantageous for 
rPPG tasks, which require the extraction of long-range physi-
ological rhythms from video sequences. First, physiological 

Figure 2. The transformer-model architecture. Figure displays the 
core structure of standard Transformer, focusing on multi-head self-
attention mechanism which realizes global feature modeling.
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Table 1. Analysis of rPPG methods based on Transformer
Type Model name Year Method Description
Pure Transformer PhysFormer [24] 2022 Transformer + 

TDT
An end-to-end video Transformer that introduces temporal 
difference (TDT) modules to enhance quasi-periodic rPPG 
temporal features.

RADIANT [25] 2024 Transformer +  
Signal embed-
dings

Employs specially designed signal embeddings and multi-
head attention to model pulse-related multi-correlations in the 
subspace of color variations.

CNN-Transformer 
hybrid

CMRPPGFormer [26] 2024 Transformer + 
3D CNN

Uses a 3D-CNN and modulation Transformer to effectively 
fuse local and global spatiotemporal features for accurate 
reconstruction of rPPG signals.

Remote HR estimation via 
CNNs with Transformers [27]

2023 Transformer + 
LFFM

Enhances Transformers with a local feed-forward module, 
relative and absolute positional encodings, and temporal multi-
scale modules to remedy limited local modeling capacity.

ACTNet [28] 2024 Transformer + 
CNN

Adopts a dual-branch architecture with an attention-based 
CNN and a Transformer, where the former captures subtle 
color changes and the latter models long-range temporal de-
pendencies, and their features are fused via a feature coupling 
unit.

Non-contact heart rate estima-
tion from photoplethysmogra-
phy using EEMD and convolu-
tion-Transformer network [29]

2024 Transformer + 
EEMD + CNN

First applies EEMD to decompose rPPG into heart-rate–infor-
mative IMFs and then feeds them into parallel CNN–Trans-
former branches to separately learn local and global represen-
tations.

Multi-stream methods Dual-path TokenLearner (dual-
TL) [30]

2024 Transformer + 
dual-TL

Based on a dual-path TokenLearner, where a spatial TL 
aggregates correlations across multiple facial ROIs and a 
temporal TL learns quasi-periodic heartbeat patterns.

MaskFusionNet [31] 2024 Transformer + 
MFB

Leverages mask-reconstruction pretraining and a dual-stream 
multi-scale fusion block to jointly model multiple facial 
regions and both long and short temporal segments.

Dual-Path Periodic Transformer 
(DPPT) [32]

2025 Transformer + 
TPT + CPT

Constructs parallel temporal-periodic and channel-periodic 
Transformer paths to jointly exploit periodicity in the tempo-
ral and channel domains.

PhysFormer++ [33] 2023 Transformer + 
SlowFast

Extends PhysFormer by introducing a SlowFast dual-pathway 
and periodic/cross-attention modules to better capture tempo-
ral context and periodic cues.

Lightweight models ViT‑rPPG [34] 2023 Transformer Uses a ViT backbone to first segment facial skin regions and 
build spatiotemporal feature maps, then applies a Transformer 
to extract rPPG-related physiological features.

EfficientPhys [35] 2023 Transformer + 
Normalization

Takes raw video frames as input and removes face detection 
and other preprocessing steps, simplifying the pipeline while 
preserving estimation accuracy.

Spiking-PhysFormer [36] 2025 Transformer + 
SNNs

Introduces SNNs into Transformer blocks via a parallel 
spiking Transformer and simplified spiking self-attention to 
substantially reduce computational and energy cost.

FacePhys [37] 2025 Transformer + 
TSD

Builds a memory-efficient rPPG model grounded in tempo-
ral–spatial state-space duality to jointly satisfy model scal-
ability, cross-dataset generalization, and real-time operation.

Self-supervised learn-
ing frameworks

TranPhys [38] 2023 Transformer A contrastive-learning-based self-supervised framework that, 
without labels, uses data augmentation and a spatiotemporal 
Transformer to predict facial pulse signals.

Self-supervised RGB-NIR fusion 
video vision transformer frame-
work for rPPG estimation [39]

2022 Transformer + 
RGB-NIR

Employs an RGB–NIR fusion ViViT architecture with 
contrastive self-supervised learning to robustly estimate heart 
rate under challenging illumination and scene conditions.

PhySU‑Net [40] 2025 Transformer 
+ Traditional 
methods

Generates physiologically relevant pseudo-labels from tradi-
tional rPPG algorithms and image masking to self-supervise 
the pretraining of a long-context Transformer.
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signals such as heart rate exhibit quasi-periodic temporal char-
acteristics over relatively long durations. Transformer’s self-
attention can directly model interactions between arbitrary 
temporal frames within a sequence, enabling effective capture 
of global periodic patterns across entire video clips. This capa-
bility is essential for recovering stable cardiac rhythm from 
noise [21]. Unlike CNNs, which typically require deep archi-
tectures to enlarge the receptive field for long-range dependen-
cy modeling, Transformers can establish global temporal rela-
tionships more directly and efficiently. Second, noise in rPPG 
signals, especially illumination-induced interference, often 
exhibits global spatial and temporal characteristics that affect 
large regions or even the entire video frame. In calculating 
attention, Transformer can integrate information across the full 
spatiotemporal domain, thereby improving the identification 
and suppression of noise patterns. In contrast, the local recep-
tive fields of CNNs may limit their ability to handle complex 
non-local disturbances. Transformers are generally less sensi-
tive to variations in noise distribution and environmental con-
ditions, resulting in improved generalization performance. As 
a result, Transformer-based architectures have emerged as a 
powerful tool for addressing key challenges in rPPG research, 
particularly in global feature modeling, long-range dependency 
learning, and flexible multimodal representation learning [22, 
23].

1.3 Data preprocessing

Data preprocessing is a critical component of rPPG pipelines, 
directly influencing the quality of physiological signal extrac-
tion and the performance of subsequent deep learning models. 
A typical preprocessing workflow begins with face detection 
and alignment to ensure that the ROI is consistently located 
across video frames. Facial regions such as the forehead and 
cheeks are commonly selected as ROIs due to their relatively 
rich blood perfusion and reduced susceptibility to motion arti-
facts. In addition, advanced segmentation techniques can be 

employed to further refine ROI section by excluding occluded 
regions or non-skin areas. After ROI selection, color normal-
ization and illumination correction are often performed to miti-
gate the impact of lighting variations. Subsequently, spatiotem-
poral representations are constructed, such as stacking pixel 
values over time to generate spatial-temporal maps or by 
extracting temporal signals from each ROIs. These representa-
tions are then used as inputs for Transformer-based models, 
enabling effective modeling of long-range temporal dependen-
cies and global contextual information. In recent studies, data 
augmentation techniques—such as random cropping, bright-
ness jittering, and temporal perturbation—have also been 
incorporated to enhance model robustness and generalization. 
Overall, a well-designed preprocessing pipeline is essential for 
enhancing the signal-to-noise ratio and ensuring reliable physi-
ological signal measurement under real-world conditions.

2 RESEARCH PROGRESS

With the widespread application of Transformers architectures 
in CV, increasing attention has been directed toward their 
strong of spatiotemporal modeling capabilities for rPPG-based 
physiological signal measurement. According to differences in 
network architecture and design philosophy, existing Trans- 
former-based rPPG approaches can be categorized into several 
major groups, including pure transformer end-to-end models, 
CNN-Transformer hybrid architectures, multi-stream informa-
tion fusion models, lightweight models for edge deployment, 
self-supervised learning frameworks, and extended applica-
tions in physiological measurement. This chapter provides a 
comprehensive overview of these categories of methods. 
Combined with the representative studies summarized in Table 
1, the discussion mainly focuses on network design principles, 
performance characteristics, and application scenarios. As 
illustrated in Figure 3, the general workflow of Transformer-
based rPPG methods typically consists of several key stages.

Extended applications BPNet [41] 2024 Transformer Builds a unified signal, feature, and user-information branch 
network that fuses rPPG signals, their derivatives, and 
demographic features for calibration-free non-contact blood 
pressure estimation.

PulseNet [42] 2024 Transformer + 
STDA

Targets non-contact pulse-condition diagnosis by extract-
ing spatiotemporal features with a Transformer, performing 
hierarchical multi-scale fusion and multi-task learning, and 
aggregating local spatiotemporal differences via an STDA 
module.

Uni‑rPPGNet [43] 2024 Transformer + 
3D CNN

Combines shallow 3D CNNs and an hourglass-shaped Trans-
former, with 3D ShuffleAttention to enhance inter-channel 
communication for accurate HRV-oriented rPPG extraction.

SHINE [44] 2026 Transformer The first Transformer-inspired system for non-contact SpO2 
estimation that uses supervised contrastive learning to fuse 
multiple RGB RoR combinations and improve fairness and 
robustness across diverse skin tones.
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2.1 End-to-end models based on pure transformer

Primary studies in this field mainly focused on directly apply-
ing standard ViT architectures or their variants to rPPG tasks 
by constructing end-to-end deep learning frameworks for map-
ping video sequences to physiological signals [45]. The core of 
these methods is to employ Transformers as the primary back-
bone network and exploit their strong global dependency mod-
eling capability to directly learn spatiotemporal features from 
serialized videos. The models subsequently regress either phys-
iological parameters, such as heart rate or complete rPPG wave-
form. It generally starts by converting the video data into spa-
tiotemporal maps or patch-based representations, which are 
then fed into Transformer encoders where multiple layers of 
self-attention are utilized to capture long-range spatiotemporal 
dependencies.

A key advantage of Transformer architectures in rPPG is their 
exceptional ability to model long-range temporal dependen-
cies, which is particularly crucial for physiological signal 
extraction. Unlike CNNs, whose receptive fields are limited 
by kernel size and network depth, Transformers employ self-
attention mechanisms to directly capture relationships between 
arbitrary frames within a video sequence, regardless of their 
temporal distance. This global attention mechanism enables 
the model to effectively distinguish subtle, periodic physio-
logical signals (e.g., cardiac pulsations) from non-periodic or 
globally distributed noise sources, including sudden illumina-
tion changes, head motion, and facial expression changes. In 
rPPG applications, the target physiological signal is often weak 
and temporally distributed, while noise may exhibit both local 
and global spatiotemporal characteristics. By modeling pair-
wise interactions across the entire sequence, Transformers 
can better isolate the quasi-periodic physiological rhythms 
while suppressing non-stationary disturbances. Consequently, 
Transformer-based approaches not only improve the accuracy 

more specific signals during training and reducing the risk of 
overfitting. Unlike many vision Transformer models that rely 
on large-scale pretraining datasets, PhysFormer can be trained 
directly from scratch using relatively small rPPG data while 
still achieving strong cross-dataset generalization perfor-
mance. Consequently, it has become an important baseline 
framework for subsequent Transformer-based rPPG research. 

RADIANT views the problem as noise reduction and feature 
representation enhancement [25]. The framework introduces a 
new signal embedding strategy in which the face is divided into 
multiple ROIs and temporal signals are extracted independent-
ly from each region. Then, these one-dimensional signals are 
mapped to a high-dimensional embedding space using multi-
layer perceptrons (MLPs), thereby improving feature represen-
tation capability while simultaneously reducing local noise. 
The resulting signal embedding are then fed into a Transformer 
encoder, where the global attention mechanism integrates 
information across different ROIs. The multi-head attention 
mechanism further facilitates feature learning in different rep-
resentation subspaces, enabling more effective suppression of 
region-specific noise. In addition, RADIANT improves model 
generalization capability through the incorporation of synthet-
ic data generation and data augmentation strategies.

End-to-end rPPG models based on pure Transformer architec-
tures fully exploit the global modeling capability of self-atten-
tion mechanisms and have demonstrated substantial potential 
for capturing long-range periodic physiological patterns. 
Nevertheless, these approaches also have common problems. 
First, the computational complexity of standard self-attention 
increases quadratically with sequence length, leading to sub-
stantial computational cost for long video sequences. Second, 
model performance is closely related to data quality, and the 
risk of overfitting exists when training data are limited [8].

Figure 3. Transformer-based architecture. Figure depicts the overall workflow of 
Transformer-based rPPG algorithm, including video preprocessing, Transformer fea-
ture encoding and final physiological BVP signal regression. Collectively, the three 
figures systematically interpret the physical principle of rPPG, core Transformer archi-
tecture and the complete technical pipeline of Transformer-driven non-contact physi-
ological measurement.

of physiological parameter estimation but also 
enhance the robustness and generalization of 
rPPG models in real-world unconstrained en- 
vironments.

PhysFormer is one of the earliest studies to 
introduce a pure Transformer architecture into 
the rPPG field [24]. A key innovation of 
PhysFormer is the proposed Temporal differ-
ence transformer, which performs global atten-
tion by modeling feature differences between 
adjacent frames. This design enhances sensitiv-
ity to the quasi-periodicity of the rPPG signal 
while suppressing non-periodic motion-related 
noise. In addition, PhysFormer incorporates 
Label Distribution Learning and frequency-
domain dynamic constraints, which function 
similarly to curriculum learning by providing 
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2.2 CNN-transformer hybrid architectures

To simultaneously exploit the advantages of both CNNs in 
extracting local features and Transformers in learning long-
range dependencies, several CNN-Transformer hybrid struc-
tures have been proposed [28]. These approaches integrate 
CNNs’ local perception capabilities with Transformers’ global 
modeling power, aiming to achieve optimal performance while 
maintaining computational efficiency. This hybrid design phi-
losophy has become a main research direction in rPPG. 
Depending on the way CNN and Transformer components are 
combined, hybrid models can be categorized into two types: 
sequential and parallel architectures.

2.2.1 Sequential hybrid architectures

Sequential hybrid architectures usually adopt a CNN-encoder 
and Transformer-decoder model. In this setup, the CNN mod-
ule serves as a feature extraction backbone, efficiently captur-
ing low-level spatiotemporal patterns in the video, such as 
edges, textures, and subtle color changes. Then, the extracted 
feature maps are tokenized and fed into a Transformer encoder, 
which uses self-attention to model long-range dependencies 
and aggregate global contextual information for downstream 
rPPG signal or heart rate prediction.

CMRPGFormer is a typical sequential hybrid architecture [26]. 
Its initial stage is a 3D-CNN module that extracts local spatio-
temporal features from video data, capturing the dynamics of 
motion and appearance within small temporal windows. These 
local features are subsequently processed BY a ViViT module, 
where multi-head self-attention models complex global depen-
dencies across both temporal and spatial dimensions, enabling 
effective learning of complex spatiotemporal patterns. By pro-
gressively integrating local to global information, the model 
outperforms standalone CNN or Transformer architectures 
while remaining computationally efficient. Guo et al. proposed 
another sequential hybrid structure with refinements in the 
Transformer module [27]. Specifically, a local feed-forward 
network is appended after the MHSA to compensate for the 
Transformer’s shortcoming in capturing neighboring feature 
interactions. Moreover, the use of both relative and absolute 
positional encodings allows the model to better preserve tem-
poral sequence information, which is very important for accu-
rately modeling the quasi-periodic nature of rPPG signals. This 
design has demonstrated robustness across multiple public 
datasets.

2.2.2 Parallel hybrid architectures

Parallel hybrid architectures are commonly designed as two or 
more network branches, with each branch designed to handle 
different types or scales of information. Features from these 
branches are subsequently integrated through a dedicated 
fusion module to generate the final representation.

ACTNet is a dual-branch hybrid network for respiratory rate 
(RR) estimation [28]. One branch is an attention-based CNN, 
which captures subtle color variations between frames and 
highlights local spatiotemporal features. The other branch is a 
Transformer network, which models long-range temporal 
dependencies across the entire video sequence, thereby encod-
ing global information. Features from both branches are fused 
using a feature coupling unit, enabling the network to leverage 
both local detail and global context simultaneously.

Liu et al. proposed a hybrid approach combining traditional 
signal processing with deep learning [29]. This method uses 
ensemble empirical mode decomposition (EEMD) to decom-
pose the raw rPPG signal into a series of intrinsic mode func-
tions (IMFs). IMFs containing effective heart rate information 
are selected and subsequently processed by a parallel CNN-
Transformer network. In this step, the CNN branch extracts 
local features from those selected IMFs, while the Transformer 
branch captures global patterns across the sequence. This com-
bination leverages the signal denoising and separation advan-
tages of EEMD while incorporating deep networks for feature 
learning, resulting in an efficient and lightweight framework 
for detecting heart rates.

2.3 Multi-stream information fusion methods

In complex real-world scenarios, rPPG signals are often con-
taminated by various interferences, such as illumination varia-
tions, head motion, occlusions, and video compression arti-
facts. Single-stream models often struggle to distinguish spa-
tiotemporal regions containing reliable physiological informa-
tion from those dominated by noise [6, 46]. Consequently, 
recent works have increasingly explored Transformer-based 
architecture from the perspective of multi-stream and dual-
stream information fusion [30-33]. By constructing parallel 
branches across different dimensions—such as spatial, tempo-
ral, channel, or scale domains—and subsequently perform-
ing interaction and fusion among these branches, these 
approaches aim to enhance the robustness and stability of rPPG 
measurements.

Dual-path TokenLearner represents a typical spatial-temporal 
dual-path modeling framework [30]. The core idea is to employ 
learnable tokens for adaptive aggregation of informative con-
textual features through separate spatial and temporal paths. 
Specifically, the Spatial TokenLearner (S-TL) identifies combi-
nations of facial ROIs that contain stronger pulse signal while 
automatically suppressing regions affected by facial expres-
sion, occlusions, or localized illumination artifacts. In paral-
lel, the Temporal TokenLearner (T-TL) mainly emphasizes the 
quasi-periodic structure of heartbeat by selecting and preserv-
ing the most informative temporal segments associated with 
physiological periodicity, thereby reducing non-periodic inter-
ference caused by head movement. Finally, spatial and tempo-
ral tokens are jointly modeled in the prediction head to achieve 
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Recent studies have increasingly focused on the development 
of lightweight and computationally efficient architectures [34, 
36, 37]. These approaches seek to balance performance and 
resource overhead through simplified backbone networks, opti-
mized spatiotemporal modeling methods, and energy-efficient 
neural computing approaches.

ViT-rPPG represents one of the earliest attempts to directly 
apply the standard ViT architecture to rPPG task [34]. The 
framework first segments facial skin regions and constructs 
compact spatiotemporal feature maps through temporal stack-
ing. These maps are then divided into patches and fed into a 
ViT backbone for end-to-end regression from pseudo-image 
representations to rPPG signal. By adapting the patch size and 
network scale to the rPPG features, ViT-rPPG showed the fea-
sibility of directly learning spatiotemporal representations 
using Transformers on mixed datasets. At the same time, the 
framework greatly reduced computational cost compared with 
the original ViT, providing an important structural reference 
for subsequent light-weight Vision Transformers in rPPG 
applications. 

EfficientPhys approaches lightweight optimization from the 
perspective of preprocessing simplification and unified end-to-
end learning [35]. Conventional deep learning-based rPPG 
pipelines usually need a bunch of preprocessing steps, includ-
ing face detection, face alignment, ROI extraction, normaliza-
tion, and color space transformation, all of which introduce 
additional computational overhead. EfficientPhys, in contrast, 
directly processes raw facial video frames and employs an effi-
cient convolutional network or lightweight Transformer back-
bone to automatically learn rich physiological representations, 
thus eliminating the need for aforementioned preprocessing 
steps. Experimental demonstrated that compared to the origi-
nal model, the framework greatly improves inference speed 
and hardware efficiency on mobile and edge devices even at a 
cost of moderate reduction in overall accuracy (<33%).

Spiking-PhysFormer further advances lightweight rPPG mod-
eling by integrating event-driven spiking neural networks 
(SNNs) with Transformer architectures [36]. Because SNNs 
perform computations only when neuron spikes occur, they 
exhibit extremely low power consumption on neuromorphic 
hardware. Spiking-PhysFormer introduces parallel spike-driv-
en Transformer blocks and a lightweight spiking self-attention 
mechanism, achieving a 10.1% reduction in power consump-
tion while maintaining performance comparable to that of 
PhysFormer. The power consumed by the transformer block 
itself has been decreased by a factor of 12.2, demonstrating 
great potential for mobile and edge computing applications. 

FacePhys addresses the trade-off among model scale, cross-
database generalization, and real-time performance from a 
system-level perspective [37]. The framework proposes a mem-
ory-friendly rPPG approach according to dual temporal-spatial 

synergistic fusion of global spatiotemporal information. 
Compared with methods that rely on fixed ROIs or manually 
selected temporal windows, Dual-Path TokenLearner demon-
strates improved cross-dataset generalization and robustness 
across diverse scenarios owing to its adaptive dual-stream 
information aggregation strategy. MaskFusionNet performed 
multi-stream fusion based on a multi-region, multi-scale 
approach [31]. During the pre-training phase, a mask recon-
struction task based on tube masking is introduced, forcing the 
model to recover rPPG time series from randomly masked 
facial regions. This strategy encourages the model to learn 
more distributed and robust physiological representations. In 
fine tune, a Multi-Scale Fusion Block (MFB) is used to inte-
grate features extracted from dual-stream networks across dif-
ferent temporal and spatial scales. This design allows the 
model to capture subtle but important short-term physiological 
variations while simultaneously leveraging long-term contex-
tual information to suppress occasional noise. Consequently, 
the framework demonstrates enhanced robustness against 
occlusions and local motion artifacts.

Dual-Path Periodic Transformer (DPPT) extends multi-stream 
information fusion from temporal domain to channel domain 
[32]. DPPT employs two parallel Transformer branches: the 
Temporal Periodic Transformer (TPT) that models rhythmic 
temporal dependencies, and the Channel Periodic Transformer 
(CPT) that captures periodic variations across different color 
channels such as RGB. By explicitly decoupling and jointly 
modeling temporal and channel domain periodicity, followed 
by feature fusion at later stages, DPPT can better adapt to chan-
nel response variations caused by differences in skin tone and 
illumination conditions, greatly improving heart rate estima-
tion accuracy and enhancing cross-database robustness on pub-
lic datasets such as PURE and UBFC-rPPG. PhysFormer++ 
further extends the original PhysFormer architecture by adopt-
ing a dual-path SlowFast-style video Transformer framework 
[33]. The model consists of a slow pathway and a fast pathway 
that respectively capture low-frequency long-term trends and 
high-frequency short-term change. Temporal difference atten-
tion and cross-attention mechanisms are employed to facilitate 
information exchange between the two paths. The slow path-
way focuses on stable periodic physiological rhythms, whereas 
the fast pathway is designed to better model rapid motion and 
respiratory-related interference. Fusing information from both 
paths generates more robust rPPG representations for complex 
dynamic scenarios.

2.4 Lightweight models for edge deployment

Regarding practical applications on resource-constrained plat-
forms like mobile devices, wearable devices and in-vehicle ter-
minals, Transformer-based rPPG methods must address the 
challenge of reducing model parameters, computational com-
plexity, memory consumption, and power usage, while main-
taining satisfactory physiological measurement accuracy [35]. 
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state-space modeling. Specifically, FacePhys introduces a 
transferable heart-state representation and recursively updates 
physiological states along the temporal dimension in a manner 
similar to state-space models, instead of performing global 
self-attention across all video frames. This can greatly reduce 
memory usage and inference latency. FacePhys reduces both 
cross-dataset estimation error while maintaining a memory 
footprint of approximately 3.6 MB and a single-frame infer-
ence latency of about 10 ms, thereby enabling robust real-time 
heart rate estimation in resource-constrained environments 
involving compressed transmission and edge-side computation.

While lightweight Transformer-based rPPG models offer sig-
nificant advantages in computational efficiency, memory foot-
print, and deployment flexibility on mobile or edge devices, 
these benefits often come at the cost of reduced accuracy. 
Compared to full-scale Transformer models, lightweight vari-
ants typically exhibit moderately higher heart rate estimation 
errors and lower signal-to-noise ratio (SNR) performance on 
benchmark datasets. Despite these trade-offs, many lightweight 
models still achieve acceptable performance for practical appli-
cations, especially when combined with robust preprocessing 
and data augmentation strategies. Therefore, balancing between 
efficiency and estimation accuracy remains a key consideration 
in the design of rPPG models for real-world deployment.

2.5 Self-supervised learning frameworks

Traditional supervised learning paradigm for rPPG tasks is 
highly dependent on large-scale, high-quality, and diverse 
labeled datasets. However, the synchronized acquisition of 
facial video recordings and high-precision physiological sig-
nals in real-world scenarios is both expensive and subject to 
substantial privacy and ethical constraints. Consequently, most 
existing rPPG datasets remain limited in scale and diversity, 
which restricts the effective training and cross-scenario gener-
alization of high-capacity Transformer models. Nevertheless, 
self-supervised learning (SSL), which leverages pre-training 
tasks that do not require manual annotations, has demonstrated 
significant success in speech and computer vision applica-
tions. Accordingly, SSL has been gradually introduced into 
Transformer-based rPPG research to alleviate the issue of data 
scarcity [8].

TranPhys is a representative framework that combines contras-
tive learning with a pure Transformer architecture [38]. Its core 
idea is to construct positive pairs from the same source and 
negative pairs from different sources through a series of spatio-
temporal data augmentation strategies, including brightness jit-
tering, random cropping, and temporal perturbations. The net-
work structure consists of a stem module for extracting 
coarse-grained local features and a spatiotemporal Transformer 
responsible for aggregating global contextual information and 
explicitly modeling long-term physiological rhythms. TranPhys 
performs pre-training entirely without true heart rate labels 

and achieves performance superior to several supervised base-
line methods after fine-tuning with only a small amount of 
labeled data. These results indicate that contrastive self-super-
vised representations are of great significance for improving 
the generalization capability of rPPG models in real-world 
scenarios. 

Park et al. further extended self-supervised learning into a 
multimodal setting by proposing Fusion ViViT, the first 
Transformer-based RGB-NIR fusion self-supervised frame-
work for rPPG [39]. The method leverages the complementary 
characteristics of RGB and near-infrared (NIR) modalities to 
construct an end-to-end Fusion ViViT network capable of 
jointly extracting long-range spatiotemporal representations 
from multimodal video sequences. By introducing contrastive 
learning objectives across both modalities and augmented 
views, the framework encourages the learning of modality-
invariant physiological representations that remain robust 
under severe illumination variations, head motions, and envi-
ronmental disturbances. Simultaneously, the Transformer’s 
self-attention mechanism automatically weights the contribu-
tions of RGB and NIR information during feature fusion, 
enabling dynamic multimodal integration. Experimental results 
showed that the framework achieved short-term heart rate 
estimation performance comparable to mainstream methods 
using 30-second averaging windows, while maintaining robust 
transferability in challenging scenarios such as driving 
environments. 

PhySU-Net represents another important direction that com-
bines pseudo-labeling and reconstruction-based self-super-
vised strategies in long-context Transformer rPPG networks 
[40]. On the one hand, traditional rPPG algorithms are 
employed to generate noisy pseudo-labels from unlabeled vid-
eos, which serve as weak supervisory signals. On the other 
hand, the framework introduces a masked feature reconstruc-
tion task that forces the model to focus on dynamic spatiotem-
poral pattern related to physiological rhythm during the 
recovery of masked regions. By performing these two types 
of self-supervised pre-training strategies on large-scale unla-
beled datasets, PhySU-Net learns feature representations with 
enhanced long-term contextual awareness and noise robust-
ness. After supervised fine-tuning on public datasets such as 
OBF, VIPL-HR, and MMSE-HR, the framework outperformed 
many existing methods, with the benefits of self-supervised 
pre-training being particularly significant.

2.6 Extended applications in physiological measurement

Early rPPG studies primarily focused on the reliable estimation 
of average heart rate (HR). However, with the continuous 
advancement of model representation capability and the 
increasing demand for multi-task physiological analysis, recent 
research has gradually expanded toward more comprehensive 
physiological measurement applications, including blood pres-
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sure (BP), heart rate variability (HRV), blood oxygen satura-
tion (SpO2), and even pulse diagnosis in Traditional Chinese 
Medicine (TCM). Such kind of tasks require more detailed 
characterization of rPPG waveforms across temporal, spectral, 
and channel domains, thereby placing higher demands on long-
range dependency modeling and multi-source information fus-
ing capabilities provided by Transformer architectures.

BPNet is a typical Transformer-based architecture for non-
contact blood pressure estimation (NC-BPE) [41]. The network 
consists of three parts: a Signal Branch, a Feature Branch, and 
a Predictor branch. The Signal Branch processes the rPPG 
waveform together with with its temporal derivatives, thereby 
preserving subtle changes in the original physiological signal. 
The Feature Branch extracts high-level statistical and morpho-
logical features from various representation spaces, including 
temporal and frequency-domain representations. On this basis, 
the Predictor Branch integrates user-specific information to 
joint jointly estimate systolic and diastolic blood pressure val-
ues. Through multi-source information fusion at the architec-
ture level, BPNet achieves calibration-free BP estimation 
across different individuals and a wide range of blood pressure 
conditions. In addition, the framework demonstrates favorable 
computational efficiency and model complexity characteristics, 
indicating substantial potential for clinical applications. 

PulseNet extends Transformer to the higher-level semantic task 
of pulse diagnosis in TCM [42]. To the multi-scale spatiotempo-
ral feature fusion strategy and employs specialized attention 
module to discriminate fine-grained pulse characteristics from 
facial video sequences. This approach provides a novel techni-
cal pathway for non-contact intelligent TCM diagnosis and fur-
ther demonstrates the transferability of rPPG features to more 
complex health evaluation tasks. 

Uni-rPPGNet further expands Transformer-based physiologi-
cal measurement toward HRV estimation, which imposes more 
stringent requirements on temporal modeling [43]. The net-
work uses a hybrid 3D-CNN and Transformer structure. 
Shallow 3D-CNN layers are used to extract local spatiotempo-
ral features, while a channel interaction module enhances 
information exchange among different color channels. In deep-
er layers, an hourglass-shaped Transformer architecture cap-
tures global spatiotemporal dependencies across different 
scales, enabling more precise reconstruction of rPPG wave-
form in both temporal and frequency domains. Experimental 
results demonstrated that Uni-rPPGNet achieves a balance 
between estimation accuracy and inference efficiency for vari-
ous time- and frequency-domain HRV indices on the UBFC-
rPPG and PURE datasets, providing a feasible approach for 
remote autonomic nervous system (ANS) evaluation using 
rPPG.

SHINE is a Transformer-based framework specifically designed 
for SpO2 estimation from rPPG signals [44]. Its core idea is to 

integrate Transformer’s global modeling capability with rich 
representations based on multi-channel ratios-of-ratios (RoRs) 
to capture subtle optical changes associated with blood oxygen 
changes. SHINE constructs multiple RGB-channel RoR com-
binations within the feature space, and each combination is 
modeled through dedicated parallel branches to learn corre-
sponding temporal patterns. Furthermore, a quality-weighted 
fusion strategy is employed to suppress noisy predictions 
while assigning greater importance to higher-quality channel 
combinations. Furthermore, a quality-weighted fusion strategy 
is employed to suppress noisy predictions while assigning 
greater importance to higher-quality channel combinations. 
The framework also incorporates supervised contrastive learn-
ing to improve the learning of discriminative SpO2-sensitive 
representations under various individual characteristics and 
skin tones. Further supported by a large-scale multi-skin-tone 
rPPG-SpO2 dataset, SHINE outperformed existing systems on 
both public and self-collected datasets, particularly improving 
estimation accuracy for darker skin tones, which represents an 
important issue related to fairness and model generalizability.

3 DATASETS AND EVALUATION METRICS

Public benchmark datasets and unified evaluation standards 
provide the foundation for performance comparison, general-
ization evaluation, and practical deployment of rPPG algo-
rithms. Differ from conventional computer vision tasks, rPPG 
datasets differ not only in video quality and scene diversity, but 
also in the accuracy of physiological signal acquisition, sensor 
types, and synchronization strategies for annotation. These 
factors directly influence the comparability of model training 
and evaluation results. In this section, a systematic review of 
existing mainstream rPPG datasets and evaluation metrics is 
presented.

3.1 Datasets

Existing rPPG datasets can be generally divided into two cate-
gories: datasets collected under controlled laboratory condi-
tions and datasets acquired in near-naturalistic settings. The 
former is typically recorded under stable illumination condi-
tions with limited subject motion, making them suitable for 
evaluating the upper-bound performance of algorithms. In con-
trast, the latter better reflects real-life applications in terms of 
illumination variation, head movement, posture diversity, and 
recording equipment, thereby providing a more suitable bench-
mark for evaluating model robustness and cross-domain gener-
alization capability. 

Moreover, different rPPG datasets vary considerably in partici-
pant numbers, skin-tone distribution, and acquisition devices. 
These variations can significantly affect model training, evalu-
ation consistency, and cross-dataset transferability. Table 2 
summarizes several representative datasets commonly used in 
rPPG field.
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3.2 Evaluation metrics

To quantitatively evaluate the performance of rPPG algorithms 
in estimating heart rate and other physiological parameters, a 
variety of error-based and correlation-based metrics are com-
monly used for comprehensive assessment. The commonly 
used evaluation metrics include the following.
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4 CONCLUSION

This paper provides a systematic review of the recent research 
developments in Transformer-based approaches for rPPG, cov-
ering several aspects: pure Transformer end-to-end models, 
CNN-Transformer hybrid models, multi-stream information 
fusion, lightweight models for edge deployment, self-super-
vised and multi-modal learning, and extended multi-task 
applications. We compared the network design philosophies, 
strengths, and limitations of representative methods. The pow-
erful global dependency modeling capability and self-attention 
mechanism of the Transformer enable effective capture of 
long-term quasi-periodic physiological rhythms, suppression 
of global illumination and motion noise, and superior multi-
source heterogeneous information fusion compared with CNN-
based methods. These developments have enhanced the accu-
racy and robustness of non-contact physiological parameter 
estimation in complex, naturalistic scenarios. Additionally, we 
summarized commonly used rPPG datasets and evaluation 
metrics, highlighting that evaluation protocols and data sets 

Table 2. Summary of public datasets
Dataset Subjects Videos Label Description
UBFC-rPPG 
[47]

42 640×480; 30 fps PPG, HR Recorded under stress-inducing conditions with pronounced head motion 
and illumination changes, and widely used as a benchmark for evaluating 
algorithm robustness.

PURE [48] 160 640×480; 30 fps PPG, 
SpO2

Consists of ten independent sequences of approximately ten minutes each, 
with synchronized acquisition of multiple physiological signals, providing a 
relatively large data volume and diverse scenarios.

COHFACE [49] 40 640×480; 20 fps PPG Recorded in social-interaction scenarios, containing rich facial expressions 
and natural interactions, and is particularly sensitive to motion artifacts.

VIPL-HR [50] 100 960×720, 1920×1080, 
640×480; 60 fps, 30 fps

PPG, HR, 
SpO2

Recorded with heterogeneous devices in highly challenging environments, 
characterized by unstable illumination, large head movements, and variable 
frame rates.

MAHNOB-HCI 
[51]

34 1040×1392; 24 fps ECG Contains videos from multiple emotion-elicitation experiments with synchro-
nously recorded ECG and other physiological signals.

OBF [52] 100 920×1080; 60 fps PPG, 
ECG, RR

Recorded in a strictly controlled laboratory environment with minimal illumi-
nation and motion disturbances, yielding high-quality data with low noise.

MMPD [53] 33 1280×720; 30 fps PPG, HR Comprises facial videos collected under varying illumination and motion 
conditions.



https://doi.org/10.61189/773422coislv	 227

Progress in Medical Devices 2026; 4 (3): 216-229. 	 Peng et al.

characteristics significantly influence experimental conclu-
sions and providing reference baselines for future research.

Despite these achievements, Transformer-based rPPG still 
faces some challenges. First, existing datasets are mostly col-
lected in controlled environments or limited population groups, 
resulting in significant distribution bias. It not only restricts 
the comprehensive exploitation of large-scale Transformer 
representational power but also limits systematic fairness and 
reliability assessment. Second, although some studies have 
explored model lightweighting and spiking neural networks, 
Transformer models generally involve large parameter counts 
and high computational demands. Deploying high-precision 
rPPG models on resource-constrained mobile devices, wear-
able terminals, or edge platforms while achieving stable real-
time (or close-to-real-time) remains challenging. Third, most 
studies focus primarily on average heart rate estimation, but 
simultaneous, high-accuracy measurement of other physio-
logical parameters, such as HRV, breathing frequency, SpO2, 
and BP, is still at a nascent stage. Due to the complex inter- 
dependencies among these signals, we do not yet have a uni-
fied, physically interpretable paradigm for joint multi-task 
modeling.

Future directions may involve self-supervised, pseudo-label-
ing, and semi-supervised learning to exploit large-scale unla-
beled video resources, thereby enhancing model generaliza-
tion and data efficiency while minimizing annotation costs. 
Architectural hybrid designs such as sparse attention, low-rank 
decomposition, and hybrid state-space model combined with 
convolutional attention, could further improve computational 
efficiency and scalability. Hardware-oriented solutions, includ-
ing Spiking Neural Networks and Neuromorphic Chips, can 
be integrated to reduce latency and energy consumption while 
maintaining high accuracy for long-term and continuous moni-
toring. Finally, the establishment of unified evaluation proto-
cols, reporting standards, and open benchmarks that aligned 
with clinical standards is also essential to facilitate the trans-
lation of Transformer-based rPPG technology from the labora-
tory to the clinic and industrial application.
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