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Abstract—Remote photoplethysmography (rPPG) is a non-
contact method that uses facial video to predict changes in
blood volume, enabling physiological metrics. Traditional rPPG
models often struggle with poor generalization capacity in
unseen domains. Current solutions to this problem are to
improve its generalization in the target domain through domain
generalization (DG) or domain adaptation (DA) techniques.
However, traditional DA methods usually require access to both
source-domain data and target-domain data, which cannot be
implemented in scenarios with limited access to source data due
to privacy issues. In this article, we propose the first source-
free DA benchmark for rPPG (SFDA-rPPG) measurement, which
overcomes these limitations by enabling effective DA without
access to source-domain data. Our framework incorporates a
three-branch spatiotemporal consistency network (TSTC-Net) to
enhance feature consistency across domains. Furthermore, we
propose a new rPPG distribution alignment loss based on the
frequency-domain Wasserstein distance (FWD), which leverages
optimal transport to align power spectrum distributions across
domains effectively and further enforces the alignment of the
three branches. Extensive cross-domain experiments and ablation
studies demonstrate the effectiveness of our proposed method in
source-free DA (SFDA) settings. Our findings highlight the signif-
icant contribution of the proposed FWD loss for distributional
alignment, providing a valuable reference for future research
and applications. The codes are available at https://github.com/
XieYiping66/SFDA-rPPG
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I. INTRODUCTION

HROUGH the change of blood volume in the optical

information of facial video, remote photoplethysmog-
raphy (rPPG) technology can estimate physiological metrics
such as heart rate [1], [2], [3], blood pressure [4], and so
on. Early methods estimate the rPPG signal by subtle color
changes [5], [6], [7], [8], [9], [10], [11] in the face region,
which are extracted from frames by using face detection
methods such as the MTCNN [12]. However, these methods
need to manually set the region of interest and some filtering
operations and are easily influenced by factors that have an
impact on skin color, such as illumination changes, and lack
robustness.

With the advancement of deep learning, computer vision
techniques have demonstrated remarkable versatility in health-
care applications. In dental imaging, for instance, methods
for 3-D tooth instance segmentation [13] and video-based
orthodontic treatment monitoring [14], [15] address simi-
lar challenges in medical data processing. Similarly, deep
learning-based rPPG methods have shown the potential to mit-
igate the impact of nonphysiological factors [16], [17], [18],
[19], [20], [21]. Notably, approaches leveraging 2D-CNNs
[21] and 3D-CNNs [20] have been employed to optimize
training and capture richer rPPG representations. Besides,
Sun et al. proposed an unsupervised contrastive learning
framework using the spatiotemporal similarity of rPPG to train
the model to learn richer rPPG knowledge without access
to labels. However, they may fail when dealing with unseen
domains or encountering different domains with domain gaps,
which are common in real application scenarios, such as
domain gaps caused by different datasets collection methods.
How to achieve better cross-domain performance is one of the
current hot topics in rPPG research.

Currently, the domain adaptation (DA) [22] and the domain
generalization (DG) [24], [25] technologies are helpful to
improve the domain gap problem caused by the change
of nonphysiological factors. However, due to the unclear
example-specific differences, this solution may not work well
directly for rPPG measurement [26]. While many DA methods
rely on clustering to create pseudo-labels, this approach is
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Fig. 1. Overview of cross-domain rPPG measurement methods.
(a) Multisource DG [22] utilizes labeled data from multiple source domains.
(b) Unsupervised DA [23] leverages labeled data from both the source and
target domains. (c) SFDA utilizes a pretrained model from the source domain
and unlabeled data from the target domain.
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Fig. 2. Comparison of time-domain and frequency-domain stability under 90°
phase shift. Time-domain signals showing significant visual differences (left).
Frequency-domain PSD showing preserved spectral characteristics (right).

less effective for rPPG signals since heart rate data cannot be
easily clustered into distinct categories. In the recent research
of rPPG, Chung et al. [27] improved rPPG estimation in the
unseen domain by using the feature learning framework of
domain replacement and domain expansion. Du et al. [23]
aligned the middle domain with a dual-bridge network and
synthesized the target noise in the source domain to reduce
the domain difference. However, these methods all need to
use source-domain data, leading to privacy problems. That
is, both source-domain and target-domain data are used for
training. But is there a way to adapt a model on a target domain
based solely on previous knowledge, that is, a model trained on
the source domain, without accessing the source-domain data
during adaptation? This approach can effectively protect the
privacy of source-domain data, since only the model learned
in the source domain needs to be used during adaptation.
Therefore, we introduce the source-free DA (SFDA) paradigm
in this article.

As shown in Fig. 1, we illustrate the essential differences
between different cross-domain methods. DG-based rPPG
methods [22] seek to enhance model generalizability by lever-
aging information from multiple source domains, as depicted
in Fig. 1(a). The DG method uses multiple source-domain data
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for learning at the same time to improve the generalization of
the model. However, it does not use the data of the target
domain, but only learns the general knowledge in different
fields. Traditional unsupervised DA-based rPPG aims to min-
imize the discrepancy between source and target domains by
examining relationships between their respective datasets, as
illustrated in Fig. 1(b). Ordinary DA methods use both source-
domain data and target-domain data and cannot protect the
privacy of either domain’s data. These methods inherently
utilize source-domain data during training, raising privacy
concerns for facial data in rPPG applications. Conversely,
our approach employs source-free domain adaptation (SFDA)
based methods, as depicted in Fig. 1(c), which relies solely on
a pretrained model from source-domain data and incorporates
the target domain’s unlabeled data for DA. At the same time,
our method adapts the knowledge learned by the model trained
on the source-domain data to another unlabeled domain, which
is the same as the idea of people gradually learning in the real
world, such as using mathematical knowledge to solve physics.

Our SFDA benchmark for the rPPG (SFDA-rPPG) frame-

work integrates a three-branch spatiotemporal consistency
network (TSTC-Net) to improve feature consistency across
different domains. In addition, we propose a globally dis-
tributed alignment loss that is more appropriate for the rPPG
task. Previous work [28] used Wasserstein distance (WD) loss
in the time domain to analyze PPG peaks. However, time-
domain rPPG signals often contain noise that can be better
identified and separated in the frequency domain. Therefore,
theoretically, frequency-domain Wasserstein distance (FWD)
focuses more on the power spectral density (PSD) distribution
across different frequency bands, and these distributions are
more stable compared to rPPG signals in the time domain. As
demonstrated in Fig. 2, phase-shifted signals maintain con-
sistent spectral characteristics in the frequency domain while
showing significant variations in the time domain, confirming
the superior stability of frequency-domain representations for
rPPG analysis. Thus, we design the FWD loss for effective
rPPG supervision across different domains. To verify its effec-
tiveness, we also compare the performance of time-domain
WD and frequency-domain WD in Section IV-G4.

Our main contributions are summarized as follows.

1) We propose a novel SFDA-rPPG framework, incorporat-
ing a TSTC-Net to enhance rPPG measurement across
domains. To the best of our knowledge, this is the first
application of an SFDA approach in the rPPG field,
ensuring both robust performance and improved privacy
and security.

2) We propose a globally aligned FWD loss for rPPG
distribution learning, which captures more stable PSD
distributions across frequency bands.

3) We conduct comprehensive cross-dataset experiments to
demonstrate the exceptional performance of SFDA-rPPG
along with the efficacy of FWD loss.

II. RELATED WORK
A. RPPG Measurement

As the rPPG signal change is very subtle, it is difficult
to directly extract from videos. Some traditional methods
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Fig. 4. Architecture overview of the SFDA-rPPG model. The framework
consists of three parallel encoder branches (sig = 0, 1, 2) processing target
data, temporal-augmented data, and spatial-augmented data, respectively,
followed by a shared decoder for rPPG signal reconstruction. The encoder
and the decoder are disentangled from PhysNet [20].

based on face and mathematical model analysis have been
proposed. For example, Balakrishnan et al. [6] used ambient
light to recover rPPG from the facial skin area for the first
time. Then, PCA [6], ICA [7], and other methods are used
to decompose the original time signal to obtain the rPPG
signal, and the adaptive matrix [8] is used to reduce noise and
capture consistent clues related to rPPG. Furthermore, color
subspace transformation methods such as CHROM [9] based
on chromaticity and POS [10] based on orthogonal projection
plane of skin color are used to generate HR waveform. Later,
Park et al. [11] proposed using a skin boundary filter and mask
filter to improve the rPPG performance.

However, the illumination conditions and motions are
complicated, making manual traditional methods difficult to
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Fig. 5. Distribution alignment comparison diagram of (a) KL divergence
and (b) WD. P and Q denote two distinct distributions, representing the
distribution of two rPPG’s power spectral densities after undergoing Softmax
transformation. (a) Vertical probability dependence of KL divergence, where
p(x) and g(x) represent the densities in the distributions P and Q. (b) Global
advantages of the lateral optimal transmission of WD, where d represents the
distance to be moved in the adaptation process.

implement. Therefore, many deep learning methods have been
proposed, including supervised and unsupervised methods. For
supervised methods, Spetlik et al. [21] measured rPPG signals
through 2D-CNN for the first time and conducted end-to-
end training through alternating optimization. And Yu et al.
proposed an end-to-end spatiotemporal network (PhysNet
[20]), which considers the temporal context in facial video,
and the first Transformer framework (TranRPPG [19]), which
enhances automatic rPPG feature representation on the 3-D
mask face task. For unsupervised methods, the temporal and
spatial characteristics of rPPG are usually used for learning.
For example, the contrastive learning framework [29] proposed
by Sun and Li explored the spatial and temporal similarities
of rPPG. A 3DCNN model is used to generate multiple rPPG
signals from each video at different spatiotemporal locations,
and the rPPG signals from the same video are pulled together,
while the rPPG signals from different videos are pushed apart.
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Fig. 7. Generalization evaluation of FWD loss on other backbones.

These methods can achieve acceptable performance on a single
dataset.

Nowadays, researchers are increasingly focusing on cross-
dataset evaluations across different datasets. They refer to
data from different datasets as different domains because
different rPPG data have different lighting conditions and other
realistic influencing factors. In the recent research of rPPG,
Chung et al. [27] improved rPPG estimation in the unseen
domain by using the feature learning framework of domain
replacement and domain expansion. Du et al. [23] aligned the
middle domain with a dual-bridge network and synthesized
the target noise in the source domain to reduce the domain
difference. Despite improved performance in cross-domain
situations, the performance is still far from satisfactory.

B. Source-Free DA

In terms of SFDA, research has made significant progress
in recent years. The goal of SFDA is to adapt a model
trained on the source domain by using only the target-
domain data without accessing the source-domain data. This
has important implications in terms of privacy protection and
data transmission costs. The original SFDA methods mostly
focused on adjusting model parameters through pseudo-label
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generation of target-domain data. For example, Liang et al.
[30] proposed a passive domain transfer method that uses
pseudo-labels for DA to improve adaptability by maximizing
the entropy of target-domain data. Another direction is to
perform passive domain transfer through generative adversarial
networks (GANs). Kundu et al. [31] proposed a GAN-based
SFDA method to improve the domain adaptability of the
model through adversarial generation and training. In the video
field, Li et al. [32] proposed a source-free video DA method
that utilizes space—time-history consistency learning. This
method effectively utilizes the spatiotemporal consistency of
the target-domain video data and significantly improves adap-
tive performance on video data. Furthermore, recent research
has also explored implementing SFDA through feature align-
ment. For example, Xia et al. [33] proposed a source-free
domain transfer method for feature alignment by maximizing
the consistency of source and target-domain features, which
demonstrated excellent performance on multiple benchmark
datasets. They all achieve effective adaptation to the target
domain without the need for source-domain data through
different technical means. This provides new solutions for
scenarios that face data privacy or data acquisition difficulties
in practical applications, which inspires us to explore the
source-free domain adaptive rPPG measurement.

III. METHODOLOGY

Inspired by the work [32], we introduce the spatiotemporal
consistency network for SFDA-rPPG. As illustrated in Fig. 3,
this network leverages the learned model weights H,, from the
source-domain and the unlabeled target data Dy to facilitate
DA. Central to our method is the master encoder E trained
within the model, alongside the temporal and spatial branch
encoders E;, and E, and the decoder D. Overall, our approach
unfolds in two main stages.

1) During the source-domain pretraining phase, the labeled
source-domain data guides the model training to acquire
the model weights H,,, where H, = D,, o E,, with D,,
and E,, representing the pretrained encoder and decoder
weights of the model.

2) Subsequently, in the target DA phase, we adopt a
TSTC-Net. Initially, the pretrained model’s encoders and
decoders serve as starting parameters, which are then
fine-tuned on the target data to train the target encoders
E, E,, E;, and decoder D. We also provide the detailed
algorithm of the adaptation stage in Algorithm 1.

A. Notations

Similar to generic DA/generalization tasks, we employ
Ds = {(X?,Y?)}"s, to define the source-domain dataset, where
ng signifies the number of labeled source-domain data. Here,
X5 e RIS represents a video sample, and the label
Y = [y1,y2....yu], where y; € R embodies the rPPG
signal. For the target domain, we let Dy = Xl.Tl'Zl signify the

unlabeled dataset, where ny represents the number of samples
T hx3
and X € RPWX,
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Algorithm 1 SFDA-rPPG Adapting Process

Input: unlabeled target data {X] Y7, pretrained model weights
H, =D, o E,, and total epoch number e
1 Initialize encoders E, E;, E, with pretraining weights E,,,
and initialize decoder D with D,,;
2 fori=1toedo
3 Get target mini-batch X! .
# Spatial augmentation.
Get the spatial augmentation version X! with Eq.(1).
5 Calculate spatial prediction signals f; = D(E(x])) and
its PSD F.
# Temporal augmentation.
6 Generate random number r
Fig. 8).
7 Calculate the temporal prediction signals f; by fre-
quency resampler with Eq.(2).
8 Transform f; into frequency domain to get its PSD F;.
# Obtain original data.
9 Calculate the original data prediction signals f =
D(E(xT) and its PSD F.
10 Calculate FWD consistency 10ss Lyqapiing according to

€ [0.66,0.80] (refer to

Eq.(7).
11 Update E,E,E;,D with Lgapiing-
12 end for

B. Three-Branch Spatiotemporal Consistency Network

To encourage the model to acquire stable predictive capa-
bilities from the spatial and temporal transformations, in
target DA, we partition the data into three distinct streams:
1) unlabeled target data; 2) spatial augmentation data; and 3)
temporal augmentation data. We posit that an effective model
should exhibit robustness across identical samples, yielding
consistent outcomes for both the original sample and its
temporally and spatially augmented variants.

As illustrated in Fig. 4, our architecture employs three paral-
lel encoder branches with identical structures but independent
parameters. The target data branch (sig = 0) uses encoder
E to learn comprehensive representations, while the spatial
and temporal augmentation branches (sig = 1, sig = 2) use
encoders E and E, to, respectively, acquire spatial and tempo-
ral specific representations. To prevent the model from learning
ambiguous feature representations, we consistently align the
outputs of the temporal and spatial branches with those of the
unaltered target data branch. Subsequently, a shared decoder
is utilized to learn task-specific feature decoding, accepting
input from any of the three encoder branches through a unified
interface controlled by the sig parameter. During training, all
three branches contribute to robust feature learning, while
during inference, only the target data branch is utilized for
computational efficiency.

1) Spatial Augmentation: Following [39], we randomly
apply one of six distinct spatial transformations to the video
sample frames. Specifically, we establish the augmentation
method set AUg, including six spatial transformations: image
rotations (0°, 90°, 180°, and 270°), and horizontal and vertical
flips. We randomly choose an augmentation from the set and
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implement it on the current video sample frame sequence
denoted as XIT = {x1, X2, X3, ...}, representing the ith sequence
of video frames in the target dataset

sz = {AUs,j (x1), AUS,]' (x2), AUS,]' (x3),.. } (1)

where AUy ; is the jth spatial augmentation randomly selected
in AU; and j belongs to the interval [1, 6]. Then, we
get the predicted blood volume pulse (BVP) signal through
fi = D(Ey(XT)) and its PSD F.

2) Temporal Augmentation: The method of directly mask-
ing off some frame sequences for time augmentation is not
effective [40] in the field of rPPG. Instead, we employ
the frequency resampler introduced in [41] to generate our
temporal augmented samples. In a similar way, we randomly
select the resampling factor » within the range of [0.66, 0.80].
The difference is that we do not need to generate negative
sample pairs, so we utilize the resampling mechanisms twice
in succession directly. Initially, the sample is resampled by the
r resampling factor to generate a sample with a higher heart
rate. Then, to generate the prediction signal of the temporal
augmented samples with the required scale, the signal value
obtained after model estimation directly uses the inverse of
r as a new factor to resample the result back to the original
scale. This process adheres to the following formula:

i =FR1 (D (E, (FR, (X})))) @

where FR, is a frequency resampler with r as the resampling
factor and FR,-1 is a frequency resampler with the factor of
the inverse of r. This specific method will directly obtain the
rPPG signal f; of the temporal augmentation branch, and then
its PSD F; can be obtained.

C. FWD Loss

In [42], Kullback-Leibler (KL) divergence [43] is used
as the label distribution loss to align the output signal with
the Gaussian distribution of heart rate label. Nonetheless, as
depicted in Fig. 5(a), KL divergence primarily emphasizes
point-to-point probability deviation, overlooking the structural
information encompassing the entire distribution. Conversely,
the WD [44] offers a more comprehensive measure, addressing
not only the deviation between individual probabilities, but
also capturing differences across the overall distributions, as
depicted in Fig. 5(b). Thus, this method can more accurately
delineate the actual disparity among the frequency general
density distributions associated with rPPG signals.

The WD, also known as the Earth mover’s distance [45],
provides a principled approach to measure the distributional
discrepancy between probability measures. Rooted in optimal
transport theory, it offers a geometrically meaningful metric
for comparing probability distributions by measuring the min-
imum cost required to transform one distribution into another.
Unlike other divergence measures, such as KL divergence, the
WD respects the underlying metric structure of the space and
provides a true distance metric. For two continuous probability
distributions P and Q, WD can be defined as

WD(P,Q) = inf
vell(P,Q)

/ = vl dy (x,) 3)
XxY
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where TI(P, Q) represents the set of all possible transmission
plans to convert P to Q, y is one of the specific transmission
plans, |x — y| represents the cost of moving from point x to
point y in space, and the inf represents the minimum value
taken out of all possible transmission plans.

For rPPG signals, time-domain WD [28] calculation can be
performed directly to leverage the timing of systolic peaks
from contact PPG as labels for model training. However,
rPPG signals in the time domain contain too much noise
interference, while frequency domain analysis can more easily
remove some noise interference by filtering and eliminate the
interference of phase information. Specifically, we compare
the results of time-domain WD and frequency-domain WD in
Fig. 6. So, we can get the PSD of rPPG signals to calculate
a more robust alignment loss, and we refer to it as the FWD
loss. We can express the PSDs of two rPPG signals as P and
Q. For these point set distributions composed of real numbers,
the transmission plan can also be expressed as

FWD (P, Q) = min ) T - d (pi.q;) )

i.j

where T is a transportation plan matrix, where T ; represents
the probability quality of transportation from point p; to g;.
d(pi,q;) is the distance between p; and ¢g;. In the case of a
1-D signal, we simplify the distance to absolute distance. II
is the set of all possible transportation plans that satisfy the
marginal distribution constraints from P to Q.

Specifically, we use the cumulative distribution function
cdf [49] to find the effort needed for this 1-D most suitable
transportation plan. Although there may be numerous optimal
plans, there exists only one optimal result. A fundamental
property of 1-D optimal transport is that the optimal transport
plan has a monotonic structure: probability mass is transported
from lower to higher quantiles in order. This means that for
discrete distributions, we can directly compute the transport
cost by comparing the cumulative distributions at correspond-
ing frequency bins, since the optimal plan transports mass
between points with the same cumulative probability. This
property allows us to avoid solving the complex optimization
problem in 4 and instead use the equivalent cdf-based com-
putation. Therefore, the transmission FWD can be expressed
as

FWD (P, Q) = Z ledf; (P) — cdf; (Q)] ®)

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 74, 2025

where cdf; represents the ith value after distribution accu-
mulation. The comparative results between FWD and other
losses are presented in Table I and Fig. 6. Additionally, we
demonstrate its applicability across different frameworks in
Fig. 7.

D. Overall Training and Prediction Procedure

In the pretraining stage, we adopt a supervised learning
method. After the source-domain data passes through PhysNet
[20], the predicted rPPG signal fiource as well as its PSD Foyrce
can be obtained. Finally, we use FWD loss to align it with the
PSD Fipe of the label

Lsource =FWD (SOftmaX (Fsource) > Softmax (F]abel)) . (6)

We use Lgource to get the pretraining model weight H,, in
the source domain, and initialize the encoders E, E,, E;, and
decoder D.

In the adaptive stage, we adopt a three-branch structure. The
middle branch directly uses the original data to get the rPPG
signal f = D(E(XiT )) through the model, and then gets its PSD
F. We use FWD loss to adapt our model

Ladapting = FWD (Softmax (F) , Softmax (F))
+ FWD (Softmax (F) , Softmax (F})) . @)

During inference, we do not use all three branches simul-
taneously. We only use the middle branch, as it is the core
branch containing the original dataset, which includes the
knowledge obtained through consistency learning with the two
augmented branches. So, we get the predicted rPPG signal
through f; = D(Ey(XT)).

IV. EXPERIMENT

The proposed Semi-rPPG method has been evaluated on
four public datasets of PURE [50], UBFC-rPPG [51], and
COHFACE [52]. We test the intradomain and cross-domain
performance between UBFC-rPPG and PURE. In addition, we
test the performance of UBFC-rPPG and PURE to COHFACE
because COHFACE is a more realistic and complex scenario
than UBFC-rPPG and PURE. Besides, we evaluate the appli-
cability and effectiveness of our FWD and TSTC-Net on three
different backbones.

A. Datasets and Metrics

1) Datasets: The proposed SFDA-rPPG method has been
evaluated on three public datasets of PURE [50], UBFC-rPPG
[51], COHFACE [52], and MMPD [53].

PURE [50] dataset consists of ten subjects, and each subject
was recorded with a 1-min video under six scenarios. The
videos were captured at a frame rate of 30 Hz with a cropped
resolution of 640 x 480 pixels.

UBFC-rPPG [51] dataset has 42 videos from 42 sub-
jects. The video was captured at 30fps with a resolution of
640 x 480 in uncompressed RGB format.

COHFACE [52] has 160 1-min videos of 40 subjects. The
heart rate and breathing rate of the recorded subjects are

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on December 08,2025 at 03:57:31 UTC from IEEE Xplore. Restrictions apply.



XIE et al.: SFDA-rPPG: SOURCE-FREE DOMAIN ADAPTIVE REMOTE PHYSIOLOGICAL MEASUREMENT

TABLE 1

COMPARISON OF LOSS ABLATION ON PHYSNET [20]. WE USE
NEGATIVE PEARSON LOSS [54] BY DEFAULT, COMBINED WITH
THE LOSS MARKED UNDER THE METHOD. THE RESULTS
SHOWN IN LIGHT GRAY BACKGROUND REPRESENT THE
CROSS-DOMAIN TESTING BETWEEN UBFC AND PURE,
WHERE OTHERS ARE INTRADOMAIN TESTING.

BEST RESULTS ARE MARKED IN BOLD

Method Test data
— !Train data UBFC PURE
Frequency KL FWD‘ ‘

IMAERMSE R MAERMSE R
v/ X X UBFC |0.83 1.53 0.99 1.50 3.87 0.96
PURE [3.33 12.33 0.46 0.56 1.76 0.99
X v X UBFC |0.75 1.47 0.99 422 12.86 0.54
PURE (092 1.78 0.99 0.61 2.03 0.98
F's X v UBFC |0.58 1.22 0.99 1.06 2.93 0.97
PURE [0.83 1.73 0.99 0.22 1.05 0.99

synchronized with the videos. The videos have been recorded
at a resolution of 640 x 480 pixels and a frame rate of 20 Hz.

MMPD [53] dataset consists of 660 1-min videos with a
resolution of 320 x 240 and a frame rate of 30 Hz from
33 subjects with diverse skin types and activities under four
lighting conditions. MMPD provides a compressed version
dataset named miniMMPD. We use the mini-MMPD version
in our experiments.

2) Metrics: Following the methodology outlined in [20]
and [29] in the field, this study employs mean absolute
error (MAE), root-mean-square error (RMSE), and Pearson
correlation coefficient (R) as evaluation metrics. Notably, for
MAE and RMSE, lower values indicate reduced error margins,
whereas for R, values approaching 1.0 signify diminished
error. Among them, both MAE and RMSE are measured in
terms of beats per minute (bpm). And for convenience, these
units will not be repeated in the subsequent tables or analyses.

B. Experimental Setup

In this investigation, the MTCNN algorithm [12] is
employed for detecting facial regions and subsequent cropping
within video frames. During the pretraining process, face clips
represented as 3 x 300 x 128 x 128 (channels x time X
height x width) matrices are utilized to pretrain the model
and acquire initial weights. Following this, the pretrained
architecture is disassembled to initialize encoders and decoders
specific to the target domain. For the primary training phase,
inputs comprised 3 x 210 x 128 x 128 (channels x time X
height x width) face clip matrices. Training is conducted
utilizing the AdamW optimizer [46] across both pretraining
and training stages, across 30 epochs on four NVIDIA TITAN
X GPUs, utilizing a learning rate of e-5. In the evaluation
phase, following the protocol described in [29], each video
is segmented into 30-s intervals with heart rate measurements
obtained for each segment.

C. Cross-Dataset Testing Between UBFC and PURE

As shown in Table II, we conduct cross-domain experiments
using the UBFC and PURE datasets to assess the cross-domain
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performance of our method. Specifically, before conducting
evaluations on both datasets, we separately pretrain our model
on one of them with a label and then adapt it to another dataset
without a label. Additionally, we train the SHOT [30] and
CoWA [38] models of SFDA for cross-domain performance
assessment. We also show the cross-domain performance
after training on the source domain on traditional supervised
approaches [38]. From the results, our method is the best
in cross-domain. Under the training of the unlabeled target
domain, the MAE of the PURE dataset can reach 0.33, which
is very close to the MAE of supervised PURE learning under
PhysNet. The results demonstrate that our approach outper-
forms most of the methods, displaying superior cross-domain
performance than the traditional SFDA clustering method.

D. Results From PURE/UBFC to COHFACE

We utilize the UBFC and PURE datasets and attempt to
adapt them to the more complex COHFACE dataset, which
comprises facial videos captured under wild lighting con-
ditions. We compare the performance of other source-free
domain adaptation methods [30], [38] of cross-domaining and
the results of direct cross-domaining in supervised ways. As
shown in Table III, our findings reveal that although the
performance of transferring from both datasets to COHFACE
is suboptimal, it yields reduced errors compared to prior
methods and achieves some enhancements. However, due
to the complex collection environment of COHFACE, it is
difficult to learn better knowledge from datasets like UBFC
and PURE, which are collected in experimental environments.

E. One-Shot Evaluations From PURE/UBFC to MMPD

We further evaluate our method’s adaptability to challenging
real-world conditions by examining cross-domain performance
from controlled environments to more complex scenarios.
Specifically, we utilize the UBFC and PURE datasets and
attempt to adapt them to the more complex MMPD dataset,
which comprises facial videos captured under wild lighting
conditions. To rigorously test our approach, we designed a
one-shot adaptation scenario where we randomly selected just
one subject from the first 80% of the MMPD dataset for
training, then evaluated performance on the remaining 20%
of subjects. As shown in Table IV, our findings reveal that
when adapting from UBFC to MMPD, our method achieves
the best results with an MAE of 12.31 bpm, outperforming all
baseline methods. For the PURE to MMPD adaptation, our
approach remains competitive despite the challenging domain
shift. These results demonstrate our method’s capacity for gen-
eralization even with minimal target-domain data, though the
varying performance between adaptation scenarios highlights
how different source domains may transfer differently to more
diverse target conditions.

FE. One-Shot Evaluations Between UBFC and PURE

To ascertain the robust generalization capabilities under sce-
narios with limited proprietary data, we evaluate our method
for one-shot training. Specifically, we employed all the data
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TABLE I

CROSS-DATASET TESTING BETWEEN UBFC AND PURE. THE RESULTS SHOWN IN LIGHT GRAY BACKGROUND REPRESENT THE CROSS-DOMAIN
TESTING BETWEEN UBFC AND PURE, WHERE OTHERS ARE INTRADOMAIN TESTING. BEST RESULTS ARE MARKED IN BOLD

| Test data
Types Method Source data Target data | UBFC PURE
| MAE RMSE R MAE RMSE R
g CHROM [5] PURE S ST 05 s 000
E POS [10] ggll;g %Zzlvlt gﬁé% 8:31 080 411 098
ot S o 1 s ame
= TS-CAN+ [34] PORS O S R0 s 09
4
5 Dual-GAN [35] PURE 074 Toa 099 082 131 099
7 o e e —
Com s oy 1 WS su s um om0
= SHOT (30} PURE UBFC | 038 122 099 085 260 098
£ CoWA [38] PURE UBFC | 083 D53 099 030 173 0%
P smumcomy W M [ 2o onoamo b
TABLE III TABLE V

CROSS-DATASET TESTING FROM UBFC oR PURE T0O COHFACE.
BEST RESULTS ARE MARKED IN BOLD

UBFC — COHFACE PURE — COHFACE

Types Method MAE RMSE R MAE RMSE R
EfficientPhys [46] 27.22 29.27 0.01 27.34 29.57
Supervised  PhysFormer [42] 21.27 26.84 0.03 17.74 20.52 -
PhysNet [20]  12.62 19.94 023 1396 2036 0.002
SHOT [30] 1678 20.19 008 1891 21.96 0.01
SFDA CoWA [38] 2391 27.63 - 1503 1843  0.08
SFDA-rPPG (Ours) 12.38 1528 004 12.69 1580 0.15
TABLE IV

ONE-SHOT EVALUATIONS FROM UBFC OR PURE TO MMPD. BEST
RESULTS ARE MARKED IN BOLD

UBFC - MMPD PURE — MMPD

Method

MAE RMSE R MAE RMSE R
TS-CAN [47] 14.01 21.04 0.24 1394 2194 0.20
PhysNet [20] 1632 24.73 0.08 18.41 26.63 -0.05
DeepPhys [48] 17.50 25.00 0.05 16.92 24.61 0.05
EfficientPhys [46] 13.78 20.43 0.12 14.03 21.62 0.17
SFDA-rPPG (Ours) 12.38 1528 0.04 14.73 22.05 0.13

from the source domain for pretraining and utilized only a
single unlabeled video from the target domain for adaptation.
Subsequently, we conduct testing using UBFC and PURE
datasets. As shown in Table V, we compare the results of
SFDA’s methods for one-shot training in the target domain
and the outcomes of the direct cross-domain method using
PhysNet, which is supervised training in the source domain.

ONE-SHOT EVALUATIONS BETWEEN UBFC AND PURE. THE
RESULTS SHOWN IN LIGHT GRAY BACKGROUND REPRESENT
THE CROSS-DOMAIN TESTING BETWEEN UBFC AND PURE,
WHERE OTHERS ARE INTRADOMAIN TESTING.
BEST RESULTS ARE MARKED IN BOLD

Train Test data
Method data UBFC PURE
Source  Target MAE RMSE R MAE RMSE R
UBFC 0.75 1.47 0.99 3.81 - 0.87
PhysNet 201 pyrg 702 - 060 09 522 093
UBFC PURE 3.83 11.06 057 033 1.15 0.99
SHOT 301 pyRg  UBFC = 108 187 098 056 200 098
UBFC PURE 0.75 1.47 0.99 1.33 3.06 0.97
CoWA [38] PURE UBFC 0.92 1.78 0.98 0.50 1.73 0.99
SFDA- UBFC PURE 0.67 1.41 0.99 0.28 1.11 0.99
rPPG
(Ours) PURE UBFC 0.58 1.22 0.99 0.44 1.70 0.99

The analysis demonstrates that our method can achieve com-
mendable cross-domain performance, even when employing
only one video from the target domain for training, thus
indicating its superior learning and generalization capability.

G. Ablation Study

1) Impact of Branchings: To show the effectiveness of our
overall framework, we compare the results produced by our
methodology with the detachments of the branch architec-
ture, and also with the direct cross-domain assessment of
our pretrained models. As shown in Table VI, our approach
outperforms other approaches in both 1-shot and ALL set-
tings, establishing its adaptability and effectiveness across
diverse conditions. Our findings also indicate that the transition
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TABLE VI

ABLATION RESULTS OF DIFFERENT BRANCHING SETTINGS. THE
RESULTS SHOWN IN LIGHT GRAY BACKGROUND REPRESENT
THE CROSS-DOMAIN TESTING BETWEEN UBFC AND PURE,

WHERE OTHERS ARE INTRADOMAIN TESTING.
BEST RESULTS ARE MARKED IN BOLD

Train Test data

Method Setting data UBFC PURE
Source Target MAE RMSE R MAE RMSE R
UBFC - 058 122 099 106 293 097
PhysNet  0-shot pipp  © 083 173 099 022 1.10 099
Lchog UBFC PURE 383 1106 057 033 115 099
Only Temboral PURE UBFC 1.08 1.87 098 056 200 098
y temp 1y UBFC PURE 583 1538 0.7 028 LIl 099
PURE UBFC 0.67 141 099 0.78 240 098
|hot UBFC PURE 150 311 096 050 197 0.98
only Soatial PURE UBFC 0.83 200 099 239 9.69 0.70
¥y op A UBFC PURE 583 1538 0.7 033 LI5S 0.99
PURE UBFC 058 122 099 083 260 098
Lchog UBFC PURE 067 141 099 028 L1l 099
SFDA-rPPG PURE UBFC 058 122 099 044 170 0.99
(Ours) AL UBFC PURE 1092 2230 029 033 115 0.99
PURE UBFC 042 1.08 099 056 176 0.99

from UBFC to PURE is relatively easy; consequently, the
1-shot learning outcomes surpass the ALL learning outcomes
in this scenario. This also explains why the ALL learning
outcomes from the sole temporal branch marginally exceed
the performance of our approach. Nevertheless, in aggregate,
our complete framework is better than the single-branch
framework.

2) Impact of Loss Functions: As shown in Table I, we
conduct a comparative assessment of various loss functions
within PhysNet [20], employing the UBFC and PURE datasets
for supervised training. To prove the effectiveness of our
FWD loss, we compare the losses commonly used in the
rPPG method, including Frequency loss [18] and KL loss
in [42]. Experiments show that our FWD loss achieves the
best performance not only within each dataset but also across
datasets. This indicates that our FWD loss method is fully
effective, and it is expected to be widely used in the rPPG
field in the future.

3) Impact of Backbones: To verify the generalization of
our framework, in addition to PhyNet [20] as the backbone,
we also consider two other backbones, namely PhysFormer
[42] and EfficientPhys [46]. Specifically, we train the back-
bones to obtain pretrained models, and split the backbones of
PhysFormer and EfficientPhys into encoder and decoder parts.
Then, we perform SFDA based on our proposed three-branch
framework. As shown in Table VII, the method incorpo-
rating SFDA has significantly improved the cross-domain
performance of the original method. This demonstrates that
our spatiotemporal consistency framework possesses strong
generalization capabilities and can be effectively applied to
various backbone architectures.

4) Impact of Resampling Factor r: To analyze the sensitiv-
ity of resampling factor r, we conduct additional experiments
examining different resampling factor ranges from UBFC-
rPPG to the PURE dataset. As shown in Fig. 8, we evaluated
three different ranges: [0.57, 0.66], [0.66, 0.8], and [0.8, 1.0],
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TABLE VII

ABLATION OF DIFFERENT BACKBONES. “BASELINE” REFERS TO THE
VERSION WITH THE BARE BACKBONE, WHILE “SFDA” REFERS TO
THE VERSION WHERE THE BACKBONE IS INTEGRATED WITH OUR
PROPOSED SFDA-RPPG FRAMEWORK

UBFC — PURE

Method Baseline SFDA
MAE RMSE R MAE RMSE R
PhysNet [20] 3.81 - 0.87 033 115 0.99
PhysFormer [42] 544 14.17 043 133 3.65 0.95
EfficientPhys [46] 4.16 15.82 0.60 238 9.98 0.81
TABLE VIII

COMPARISON OF PARAMETERS AND COMPUTATIONAL EFFICIENCY.
THE BEST RESULTS ARE MARKED IN BOLD, AND THE
SECOND-BEST RESULTS ARE UNDERLINED

Method Param.(M) MACs(G)
PhysNet [20] 0.77 56.1
TS-CAN [47] 7.5 96
DeepPhys [48] 4.16 96
Contrast-phys+ [37] 0.86 109.5
SFDA-rPPG(Ours)

(training stage) 253 3286
SFDA-rPPG(Ours) 0.86 109.5

(testing stage)

which increased heart rate frequency by [1.5, 1.75], [1.25, 1.5],
and [1.0, 1.25], respectively. The results clearly demonstrate
that the middle range [0.66, 0.8] yields the best performance
with the lowest MAE (0.33 bpm) and RMSE (1.15 bpm)
values, confirming that our selected range is indeed optimal
for the rPPG estimation task.

H. Discussion and Visualization

1) Further Discussion on FWD: Here, we use PhysNet
as the basic framework and compare intra- and cross-
dataset results among the proposed FWD loss and other
three recent WD-related time/frequency-domain losses, that
is, time-domain WD [28], mutual information loss [55], and
frequency-domain MCC [41]. The results in the time and
frequency domains are shown in Fig. 6. The experimental
results show that the models trained with FWD loss perform
obviously better than those with time-domain WD. For exam-
ple, in the case of cross-datasets from UBFC to PURE, models
with FWD loss can reach the result of MAE 1.06, while only
5.83 bpm from the models with time-domain WD. We can
also find that our FWD performs more stably compared with
mutual information loss and frequency-domain MCC in most
intra- and cross-domain testing.

2) Parameters and  Computational  Efficiency: In
Table VIII, we compare the number of parameters and
multiply—accumulate operations (MACs) with other models.
TSTC-Net demonstrates balanced efficiency with 2.53M
parameters. While training requires 328.6G MACs due to its
three-branch architecture, the inference phase uses only the
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Fig. 9. Saliency maps of representative samples on the PURE dataset for the
method with or without FWD loss. Brighter areas (yellowish-green) indicate
regions where the model focuses more attention on extracting physiological
signals.

main branch, reducing computational cost to 109.5G MACs
with input size of 128 x 128 x 128 (T x H x W). This design
supports effective deployment on resource-limited devices.

3) Frequency-Domain Stability: To validate the stability
advantage of frequency-domain analysis, we conducted a qual-
itative experiment applying 90° phase shifts to rPPG signals,
as shown in Fig. 2. While the time-domain signals exhibit sig-
nificant visual differences (left panel), the frequency-domain
PSD distributions remain nearly identical with preserved peak
locations around 1.8 Hz (right panel), demonstrating the inher-
ent robustness of frequency-domain representations to phase
variations commonly encountered in real-world scenarios.

4) Saliency Maps: We follow [29] to generate a compara-
tive saliency map of our method and PhysNet [20], both with
and without FWD loss. Specifically, we employ a gradient-
based method to calculate the negative Pearson correlation
gradient of input video results using fixed model weights,
and then get the corresponding saliency map. To evaluate its
cross-domain performance from UBFC to PURE, we train
PhysNet weights with and without FWD loss on UBFC.
Additionally, our SFDA-rPPG is pretrained on UBFC and then
adapts to PURE. We select videos of two subjects from the
PURE dataset to conduct a significant graph comparison. As
illustrated in Fig. 9, experimental results demonstrate saliency
map of our method activates the majority of skin regions
in rPPG data, particularly concentrating on the cheek and
forehead with rich rPPG signal. The results of PhysNet with
FWD loss are more concentrated than normal PhysNet, again
demonstrating the effectiveness of our FWD loss.

5) Visualization of Predicted and PSD: In the visualization
tests of predicted BVP and PSD, we evaluate cross-dataset
testing from PURE to UBFC, comparing our approach with
PhysNet [20]. The ground truth and predicted BVP and
PSD are compared for a test sample of subject 42 from the
UBFC dataset. The frames from 100 to 550 are adopted for
evaluation. The BVP value is normalized from O to 1. By
converting the BVP into PSD, the frequency distribution is
depicted alongside the BVP figure. As can be seen from
Fig. 10, our approach aligns better with the ground truth in
both BVP and PSD compared to PhysNet. This indicates that
the model not only learns well on the heart rate prediction but
also learns the trend of the BVP signal.
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Fig. 10. Comparison of the predicted and ground-truth BVP and PSD
visualization results for PhysNet and SFDA-rPPG in cross-dataset prediction
from PURE to UBFC. (a) BVP and PSD visualization on cross-dataset test
with PhysNet. (b) BVP and PSD visualization on cross-dataset test with
SFDA-rPPG.

V. CONCLUSION

In this article, we introduced SFDA-rPPG, a novel frame-
work for SFDA in rPPG measurement. Our framework
addresses domain shift challenges by incorporating a TSTC-
Net, which effectively reduces the domain gap by learning
consistent features across domains. Additionally, we pro-
posed a FWD loss to align the spectrum distributions
of rPPG signals, significantly enhancing adaptation perfor-
mance. SFDA-rPPG presents a breakthrough for cross-domain
and privacy-preserving applications in rPPG technology. In
future work, we plan to explore pretraining on multi-
ple source domains to further improve SFDA in rPPG
measurement.
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