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Abstract. Remote photoplethysmography (rPPG) enables contactless
physiological monitoring by capturing subtle skin-color variations from
facial videos. However, most existing methods predominantly rely on
time-domain modeling, making them vulnerable to motion artifacts and
illumination fluctuations, where weak physiological clues are easily over-
whelmed by noise. To address these challenges, we propose ,
a frequency-guided rPPG framework that explicitly leverages physio-
logical frequency priors for robust signal recovery. Specifically,

first applies a Physiological Bandpass Filtering module to sup-
press out-of-band interference, and then performs Physiological Spec-
trum Modulation together with adaptive spectral selection to empha-
size pulse-related frequency components while suppress residual in-band
noise. A Cross-domain Representation Learning module further fuses
these spectral priors with deep time-domain features to capture infor-
mative spatial-temporal dependencies. Finally, a frequency-aware con-
ditional diffusion process progressively reconstructs high-fidelity rPPG
signals. Extensive experiments on six benchmarks demonstrate that

yields significant improvements over state-of-the-art approaches,
particularly under challenging motion conditions. It highlights the im-
portance of explicitly modeling physiological frequency priors. Our code
is available at the https://github.com/WeiQian98/FreqPhys.

Keywords: Remote photoplethysmography - Physiological frequency
priors - Conditional diffusion
1 Introduction

Physiological signals such as heart rate (HR), heart rate variability (HRV), and
respiration frequency (RF) are fundamental indicators of physical and mental
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Fig. 1: Visualization of the differences between ground-truth and raw rPPG
signals in time and frequency domains. (a) Ground-truth rPPG signal, whose
spectrum exhibits clear physiological priors: (i) Physiological Band Constraint,
where the spectral energy is concentrated within the physiological bandwidth of [0.66,
3.0] Hz corresponding to normal heart rate ranges, and (7) Dominant Peak Prop-
erty, where a prominent spectral peak within this band reflects the periodic cardiac
rhythm, while other in-band components remain comparatively low. The dominant fre-
quency peak (marked by %) corresponds to heart rate and is converted to beats per
minute by multiplying the frequency by 60. (b)(c) Raw rPPG signals extracted from
facial videos under stable and motion conditions, computed by averaging green-channel
pixel intensities over time . In the time domain, physiological signals are heavily
entangled with noise. In the frequency domain, noise manifests as both out-of-band
interference and residual in-band components, predominantly concentrated at lower
frequencies. While the stable scenario preserves a relatively distinct spectral peak,
motion artifacts disperse the in-band energy distribution, making reliable denoising
considerably more challenging.

health. Traditional electrocardiogram (ECG) and photoplethysmography (PPG)
systems require direct skin contact, which may cause discomfort and limit their
applicability. Remote photoplethysmography (rPPG) has therefore emerged
as a promising non-invasive alternative optical technique, enabling applications
in health monitoring , face anti-spoofing , psychological stress as-
sessment @I, and affective computing . Despite its potential, reliably
extracting rPPG signals, subtle skin color changes caused by blood volume fluc-
tuations in facial videos captured by commodity cameras, remains challenging,
particularly under motion and illumination variation.

Early rPPG studies mainly relied on handcrafted signal process-
ing pipelines, which depended heavily on specific assumptions. With the rapid
development of deep learning , numerous data-driven rPPG models
have been proposed . Although these
methods achieve strong performance under stable conditions, their performance
often degrades in complex scenarios due to noise sources such as motion artifacts
and illumination variations . More recently, diffusion models have been
introduced for rPPG estimation , leveraging their powerful capability to
model complex noise distributions and progressively recover clean signals. Never-
theless, these approaches predominantly operate in the time domain, where noise
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appears in irregular and highly entangled forms (Fig. [{b)(c)), making it inher-
ently challenging to disentangle physiological components from interference. Sev-
eral recent studies have attempted to incorporate frequency-domain information
into deep rPPG models. Typical strategies include introducing auxiliary spectral
losses |40L|54L/60], embedding Fourier-based modules to enrich feature represen-
tations [60], or synthesize frequency-modulated augmentations [56]. While these
efforts demonstrate the potential value of spectral clues, they do not explicitly
leverage the intrinsic physiological priors that characterize cardiac-driven rPPG
signals, nor do they fully address the structured spectral distortions introduced
by motion artifacts.

In this work, we revisit the frequency domain and show that rPPG signals,
driven by quasi-periodic cardiac rhythms, exhibit strong and well-defined spec-
tral priors [7,[36], as illustrated in Fig. [[{a): (i) Physiological Band Con-
straint: the spectral energy is largely concentrated within a physiological fre-
quency band, typically [0.66, 3.0] Hz, corresponding to the normal heart-rate
range; and (74) Dominant Peak Property: a prominent spectral peak emerges
within this band, reflecting the periodic cardiac rhythm, while other in-band
components remain comparatively weak. To further illustrate this phenomenon,
Fig. b)(c) presents raw rPPG signals extracted under stable and motion con-
ditions by computing the mean green-channel intensity over time [49]. While
time-domain signals exhibit severe entanglement between physiological patterns
and noise, their frequency-domain representations reveal two distinct types of
interference: (i) out-of-band components dominated by low-frequency
drift, and (ii) residual in-band disturbances that blur the cardiac peak
under motion. These observations naturally raise a central question: How
can we stmultaneously suppress out-of-band and in-band noise while
preserving physiologically meaningful spectral structures?

To address this challenge, we propose , a diffusion-based rPPG
framework that repurposes implicit physiological frequency priors to guide ro-
bust signal recovery. Specifically, to remove out-of-band interference, we first
apply a Physiological Bandpass Filter that retains only cardiac-relevant spec-
tral components. To further emphasize true cardiac harmonics and mitigate
residual in-band noise, we introduce Physiological Spectrum Modulation together
with Adaptive Spectral Selection, enabling dynamic enhancement and suppres-
sion within the physiological frequency range. Finally, we design a Cross-domain
Representation Learning module that employs cross-attention to fuse spectral
priors with deep time-domain representations, providing the diffusion model with
explicit physiological regularities and informative temporal dependencies. Our
main contributions are summarized as follows:

— We highlight the importance of explicitly leveraging implicit physiological
frequency priors for robust rPPG estimation, revealing the structured spec-
tral characteristics induced by cardiac rhythms.

— We propose , a frequency-aware diffusion framework that inte-
grates physiological frequency denoising with cross-domain representation
learning for robust rPPG signal reconstruction.
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— Unlike prior diffusion-based rPPG methods that operate solely in the time
domain, our method incorporates frequency-domain conditioning to better
capture the quasi-periodic structure of rPPG signals.

— Extensive experiments on six public datasets demonstrate that our method
achieves superior performance in both robustness and generalization, espe-
cially under challenging motion conditions.

2 Related Work

Traditional rPPG Methods. Early rPPG works mainly relied on classical sig-
nal processing techniques, including spatial averaging or color—separation—based
approaches such as GREEN [43|, ICA [27], CHROM [4], and POS [49]. These
methods are computationally efficient and easy to implement; however, they
typically depend on strong assumptions (e.g., stable illumination conditions or
linear color reflection models). As a result, their performance degrades consider-
ably in unconstrained complex scenarios where motion artifacts and illumination
variations are prevalent.

Deep Learning—based rPPG Methods. The success of deep learning has led
to a wide range of data-driven rPPG models. CNN-based architectures, such as
DeepPhys [3], PhysNet [53], CVD [23|, and TS-CAN [18], focus on learning local
spatial-temporal representations from facial videos. To capture longer temporal
dependencies, Transformer-based models, including PhysFormer [55|, Efficient-
Phys [19], and Dual-TL |28], have been proposed. More recently, state-space
and Mamba-style architectures (e.g., PhysMamba [21] and RhythmMamba [60])
have been explored to enlarge the temporal receptive field while maintaining
efficient sequential modeling. In addition, diffusion-based frameworks, such as
DiffPhys [2] and PhysDiff [32|, leverage generative denoising processes to pro-
gressively recover clean physiological signals from noisy temporal input.
Frequency-domain rPPG Methods. Beyond purely time-domain modeling,
several studies have explored incorporating spectral clues into rPPG estima-
tion. Existing approaches generally fall into three categories: (i) introducing
frequency-based loss functions to regularize training, as in PhysFormer—++ [54],
ContrastPhys [40], and RhythmMamba [60]; (i7) designing frequency-aware rep-
resentations, such as Fourier-based blocks or spectral embeddings [60]; and (i:7)
leveraging frequency-guided augmentation or synthesis strategies, for example,
generating negative samples through spectral manipulation |56]. However, these
approaches mainly incorporate spectral information as auxiliary supervision or
representation enhancement, without explicitly addressing the structured spec-
tral distortions introduced by motion and illumination. In practice, these dis-
turbances manifest as both out-of-band interference and residual in-band noise
that overlap with cardiac rhythms, making it difficult for existing methods to
reliably isolate physiological components. A more comprehensive discussion of
related work is provided in Appendix A.

Remark. Our work revisits the role of frequency information in rPPG modeling.
Existing approaches typically use spectral cues either (i) during post-processing
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Fig. 2: The pipeline of proposed . Given a facial video, we first con-

struct MSTmap X as the temporal condition and generate the frequency condition
CF by applying the PBF. During training, we initially generate noise rPPG Y}, by
adding Gaussian noise to Ground Truth rPPG Y for the k-th step. Then, we input
Y, X, k, and C¥ into the Denoising Network. Specifically, the frequency condition
CP is fed into the Physiological Frequency Denoiser module to enhance physiological
spectral clues through three key steps: (i) PBF removes out-of-band noise based on
the physiological frequency bandwidth [0.66,3.0] Hz; (i) PSM emphasizes valid physi-
ological harmonics by modeling interactions between real and imaginary components;
(i17) ASS dynamically suppresses in-band noise using data-driven energy thresholds.
Next, with Cross-domain Representation Learning, our includes frequency-
domain denoised information into space and time dependencies modeling to estimate
the high-fidelity rPPG signal. During inference, the initial rPPG Y g is randomly sam-
pled from Gaussian noise, with frequency condition and denoising network processes
mirroring those used in training.

for HR estimation , or (i1) as auxiliary training components,

such as Fourier blocks , spectral augmentations [56], or frequency-based
losses . In contrast, incorporates implicit physiological fre-
quency priors directly into the online denoising process as an internal structural
constraint. Specifically, we introduce a progressive three-stage frequency-guided
diffusion denoising framework consisting of (i) out-of-band suppression, (7i) car-
diac harmonic enhancement, and (ii7) adaptive in-band selection, which is ap-
plied at every diffusion step during both training and inference.

3 Methodology

Remote physiological measurement from facial videos can be regarded as a video
sequence to signal sequence problem. Let V € RT*3XHXW denote a raw facial
video clip containing 7" frames with 3 color channels and spatial resolution H x
W. Following established rPPG preprocessing protocols , we extract
N facial regions of interest (ROI) through landmark alignment and pixel-level
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average pooling of C' color channels, constructing a multi-scale temporal map
(MSTmap) X € RT*NXC a5 the model input. The objective is to recover the
clean periodic rPPG signal Y € R” from X, formulated as learning a denoising
function fy : X — Y, where 0 denotes trainable parameters. The overview of
our method is illustrated in Fig. [2] where the details are described as follows.

3.1 Physiological Frequency Denoiser

Physiological Bandpass Filter (PBF). Inspired by the fact that true cardiac
activities mainly fall within a fixed frequency bandwidth, typically [0.66,3.0]
Hz [49], we devise a Physiological Bandpass Filter that directly isolates cardiac
frequency components in the spectral space. Specifically, we first project the
frequency condition CP € RT*N*C into a D-dimensional latent space Z €
RT*N*D hy 4 linear layer, then transform it to frequency domain via the Discrete
Fourier Transform F,

ZF/ _ ]:(Z) e C(LT/2]+1)xNxD. (1)

Then, the noisy frequency components outside the physiological bandwidth range
can be discarded using an ideal bandpass filter:

ZF =727 o f(\), fori=0,...,|T/2], (2)

where ® denotes the Hadamard product. \; denotes the physical frequency
corresponding to the i-th frequency bins and A\, = ifs/T Hz, with fs; denot-
ing the sampling rate. f();) is an indicator function, which outputs 1 when
(0.66 < \; < 3.0) and 0 otherwise.

Physiological Spectrum Modulation

(PSM). While the Physiological Band-

pass Filter is effective in removing noise N

—re F=ie
outside the physiological frequency band, | Zzf" wr ¥ B é PN
another challenge still exists where noise 3 B
Foim F 303 7F
components may overlap or closely re- ’—)W -
semble physiological signals within this ) >G>0
. . ZF—nm _)WF—ﬂ'e i
band. Such overlapping frequencies may B
——> Imaginary part )

severely distort the signal, making it dif- U
ficult to accurately extract physiological
features. We apply a learnable Physio-
logical Spectrum Modulation in the fre-
quency domain to emphasize true physiological harmonics while suppressing
non-physiological components. The detailed implementation process of PSM is
shown in Fig. 3] Specifically, given the physiological frequency representation
ZF = zFore 5. ZF=im ¢ CUT/2IH)XNXD e denote its real and imaginary
parts as Z¥ "¢ and ZF "™, separately. To achieve more exhaustive spectrum
modulation, we encode the real and imaginary parts separately to generate the
modulation signals:

Fig. 3: The details of physiological
spectrum modulation module.

M —_ Mrc +J . Mlm — O'(ZFWF +BF)7M c (C(LT/QJ—‘,-l)><]\/><D7 (3)
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where ¢ is the ReLU activation function, W' = (WF=rej WH=im) ¢ CP*D jg
the trainable complex number weight matrix with {W¥f—=re Wr=imy ¢ RPxD
and BF = (BF=re 4 j. BF=im) € CP is the trainable complex number biases
with {BF=re BF=im} ¢ RP. According to the rule of multiplication of complex
numbers (details can be seen in Appendix B.1), we further unfold into real
and imaginary parts as follows:

M’e = o_(zF—)TewF—)re _ ZF—»imwF—)im + BF—)re)’

Mim _ O_(ZF—>reWF—>im + ZF—n'mWF—)re 4 BF—)im) (4>
Afterwards, the generated complex signal is used to modulate counterparts of
the original frequency-domain feature, which can be written as,

7ZF = M e zF e c(T/21+1)xD (5)

By Theorem[T] this spectral multiplication operation in Equation[5]is mathemat-
ically equivalent to a global circular convolution in time, endowing each sequence
with a content-adaptive receptive field that is ideal for capturing periodic car-
diac rhythms. By means of Equation [5] the physiological frequency components
can be effectively enhanced via direct spectral modulation. The detailed proof
of theorem [1]is illustrated in Appendix C.1.

Theorem 1. (Frequency-domain Convolution Theorem) The multiplication of
two signals in the frequency domain is equivalent to the frequency transformation
of a circular convolution of these two signals in the temporal domain, which can
be summarized as:

FM(v) © Z(v)] = F(M(v)) © F(Z(v)), (6)

where ® and ® represent circular convolutional operation and element multipli-
cation operation, respectively, M(v) and Z(v) represent two signals for the time
variable v, and F(-) denotes the Discrete Fourier Transform.

Adaptive Spectrum Selection (ASS). Although the physiological spectrum
modulation block enhances the cardiac frequency band, residual noise compo-
nents whose frequencies lie close to the physiological range may still persist. To
further isolate the true pulse periodicity, we introduce an Adaptive Spectrum
Selection (ASS) module that performs learnable frequency-domain filtering via
a data-driven threshold. Given the modulated spectrum zr , we first compute
its per-frequency energy:

Blil = \/@F~reli)? + @F~mfi)? = 27|, i=0.1. (T2 (@)

We then introduce a learnable threshold 7 to adaptively distinguish dominant
cardiac frequencies from residual noise. A binary selection mask is defined as:

mli] = I(E[i] > 7), (8)
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where I(-) denotes the indicator function. The filtered spectrum is computed as:

77 i) = ZF[i) © mli]. (9)

Importantly, the hard selection mask is trained using the Straight-Through Es-
timator (STE) strategy described previously, allowing the adaptive threshold
to be jointly optimized with the entire network. Finally, the selected spectrum
is transformed back to the time domain via inverse DFT:

z¥ = F1(2"), (10)

yielding a pulse signal dominated by cardiac frequency components.

3.2 Cross-domain Representation Learning

Time domain modeling focuses on local dependencies and transient behaviors,
while frequency domain analysis provides insights into the global correlations and
periodicity of the data. Therefore, combining these two domains is a promising
approach to recover high-fidelity rPPG signals. To effectively integrate interme-
diate representations Z in the time domain with frequency-domain priors ZF, we
propose a cross-domain representation learning module. Specifically, we perform
L alternating cross-attention layers that can progressively learn the various input
domains for representation learning. In each layer [, the initial physiological fre-
quency representation is first obtained by applying PBF, followed by PSM and
ASS modules. Next, the physiological frequency representation ZF and interme-
diate representations Z are integrated by cross-attention across the spatial and
temporal axis, respectively. Formally, this process can be formulated as follows:

ZP (O = ASS(PSM(PBF(ZW))),
z0" = cA(zP D, 20y 420, (11)
Z(+) = cA(ZzP D, z0"y + 2O

where CA(a,b) refers to Cross-Attention, with a denotes query and key, and b
denotes value.
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3.3 Frequency-aware Diffusion Model

Recently, denoising diffusion probabilistic models (DDPMs) [9] have emerged as
powerful generative frameworks that progressively refine noisy inputs through
learned reverse Markov chains, capturing complex data distributions. Inspired
by this, some diffusion-based rPPG methods [2}/32] for rPPG estimation have
been proposed and achieved SOTA performance. They treat the rPPG estima-
tion task as calculating the conditional rPPG signal probability distribution
q(Y|C), where ¢(Yy) is the clean rPPG distribution, and the condition C for
probability distribution calculation is generally the input X in the time domain.
However, these diffusion models mainly focus on time-domain conditioning and
overlook the unique spectral prior. To alleviate this limitation, we introduce a
novel frequency-aware diffusion model that explicitly incorporates physiologi-
cal frequency priors to guide the generation of high-fidelity rPPG signals, as
shown in Fig. @] Specifically, our frequency-aware diffusion model fuses with
physiological frequency condition CF to learn the conditional rPPG distribu-
tion ¢(Yo|Y, X, CF), through two Markov chain processes of diffusion step K,
i.e., the forward process and the reverse process.

Forward Process. The forward process ¢ incrementally adds Gaussian noise
to the ground truth rPPG signal Yy € R” via a fixed Markov chain Yy,... Yg
as follows:

K
q(Y1.xYo) = H q(Yi|Yro1)
e

1
q(Yi|Yr1) = N(Yi; V1 = BeYi—1, Bi]),
where [y is a noise schedule, satisfying B < fr_1. As K becomes large, Y ~

N(0,1). Following DDPM [9], we sample Y from Y at any time step k in a
closed form:

(12)

q(Yi[Yo) = N (Y vVar Yo, (1 — ap)l), (13)

where ap, = 1 — B and ay, = H]::O as. Utilizing the parameterization trick [11],
we express Y as:

Yi=+vVarYo+ V1 — age, (14)

where € ~ N(0,I). The detailed derivations are provided in Appendix D.1.
Reverse Process. The reverse process aims to estimate the posterior ¢(Y,—1|Y%).
Different from PhysDiff [32], in our frequency-aware diffusion model, this distri-
bution is approximated by a neural network fy conditioned on both the time-
domain condition X and the physiological frequency condition CF:

p@(Yk71|Yk7Xa CP) = N(kal; M@(Yk7X7 CP7 k)7 29) (15>

Next, we show that incorporating the physiological frequency prior CP can ef-
fectively reduce the uncertainty in the reverse diffusion process, leading to more
accurate rPPG signal reconstruction. It can be formalized in Proposition
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Proposition 1. The conditional entropy is satisfied:
H(Y—1]Y5, X, CP) < H(Y)—1[Y%, X), (16)

indicating that the inclusion of additional physiological frequency condition CP
in the reverse process reduces uncertainty. The detailed proof is provided in Ap-
pendixz C.2.

Training. Traditional DDPM-based training involves learning to predict the
added Gaussian noise at each diffusion step, which can be inefficient [9]. Instead,
our denoising network fp is designed to directly reconstruct the clean rPPG
signal Y from the noisy input Yy, conditioned on X, C¥, and the timestep k:

Yo = fo(Yr, X, CP k). (17)
In practice, for Equation the mean g and covariance oi in reverse process
are parameterized as pg(Yy,X,CP, k) and ¥, (details are presented in Ap-
pendix D.2). Furthermore, inspired by the Fourier-based loss term, which is
beneficial for the accurate reconstruction of the signals [5]|, we propose to guide
the diffusion training by applying it to the frequency domain with the Fourier
transform. Formally, our training objective integrates both time and frequency-
domain constraints:

Lo(Yo,Yo) =1— Pearson(Yo,Yo) +MSE(F(Yo),F(Yo)),

time-domain loss frequency-domain loss

(18)

where Pearson represents Pearson correlation coefficient, M SE denotes Mean
Square Error, and F denotes the Discrete Fourier Transform. For inference, we
start from Y ~ N(0,I), K, X, and CF. Then, we follow DDIM [32}[35] and
perform the reverse process to obtain the final rPPG signal.

4 Experiments

4.1 Experimental Setup

Datasets and Metrics. We evaluate our method using both intra-dataset and
cross-dataset protocols on six widely used rPPG benchmark datasets, including
UBFC-rPPG [1], PURE [37], MMPD [41]|, BUAA [50], VIPL-HR |22|, and MR-
NIRP-Car |26]. The detailed description of datasets and evaluation metrics is
provided in Appendix F.1 and Appendix F.2, respectively.
Implementation Details. Following prior works [201[24}32], facial videos are
first transformed into MSTmap with a temporal length of T'= 300 and a spatial
dimension of N = 63. The proposed denoising network consists of L = 4 layers
with a feature dimension of D = 128. The diffusion step is set to K = 1000,
following PhysDiff [32|. During training, the model is optimized using Adam
for 50 epochs with an initial learning rate of 1 x 1073, and all experiments are
conducted on four NVIDIA RTX 4090 GPUs (24GB).
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Table 1: Intra-dataset HR estimation results. Models are trained and tested
on the UBFC-rPPG, PURE, BUAA, MMPD, VIPL-HR, and MR-NIRP-Car datasets.
Bold: best results.

UBFC-rPPG PURE BUAA MMPD VIPL-HR MR-NIRP-Car

Bt o] Venue  \IAE|RMSE| r1 MAE|RMSE| rt MAE|RMSE| r 1 [MAE|RMSE| r1 MAE|RMSE| r 1 [MAE|RMSE| r 1

Methods
Opt Express’08| 7.50 14.41 0.62| 7.23 17.05 0.69] 6.89 10.39 0.60|21.68 27.69 -0.01| - - - | 11.88 14.46 0.17
Opt Express’10| 5.17 11.76 0.65| 3.76  12.60 0.85| - - - |18.60 24.30 0.01| - - - |10.87 13.62 0.02
TBE'13 237 491 0.89] 2.07 250 0.99| - - - |13.66 18.76 0.08|11.40 16.90 0.28| 7.16 9.09 0.35

Deep Learnin
DeepPhys

FC 6.27 10.82 0.65| 0.83 1.54 099 - - - | 22.27 2892 -0.03| 11.0 13.8 0.72|11.98 14.18 0.05
BMVC’'19 2,95 3.67 097|210 260 0.99|10.89 11.70 -0.04/ 4.80 11.80 0.60|10.80 14.80 0.20|11.18 13.53 0.17
CVD [23] ECCV™20 219 312 099 1.29 201 0.98 - - 502 797 079 - - -
1 NeurIPS20 | 1.70 272 0.99| 248 9.01 0.92
Iccv21 1.85 428 0.93| 2.30 290 0.99
CVPR21 044  0.67 099|082 131 0.99
C : 050 0.71 0.99] 1.10 1.75 0.99| 8

- - 971 17.22 0.44 - - - [13.62 1546 0.19
- - - - - 9.01 14.02 0.58] - -
- - - - 493 7.68 0.81 - -
6 10.17 -0.06| 11.99 18.41 0.18| 497 7.79 0.78]10.17 12.57 -0.20
E 0.64 1.00 0.99]| 1.00 1.40 0.99 - - - - - 1321 361 0.04

WACV 1.14 1.81 0.99| 475  9.39 0.99|16.09 16.80 0.14|13.47 21.32 0.21 - - -
cevas 0.48  0.64 1.00| 0.64 1.16  0.99 - - - - 497 779 0.78
TPAMI'23 0.58 0.94 099] 1.23 2.01 0.99
TCSS24 0.17 041 0.99]| 0.37  0.68 0.99
ACM MM’24 | 0.25  0.50 1.00| 0.37  0.61 1.00
TPAMI'24 021  0.80 0.99] 048 0.98 0.99 - - - - - -
AAAT25 0.50 0.75 0.99] 0.23 0.34 0.99]11.99 14.22 0.16] 3.16 7.27 0.84| 430 7.49 0.81| 8.07 10.03 0.24

Gideon et al.
Dual-GAN |20]
PhysFormer [55
Contrast-Phys
EfficientPhys

CE

18.36  20.01 -0.04

436 6.92 0.69| - -
4.07  6.79 0.84| - -

Contrast-Phys+T 0]
RhythmMamba

PhysDiff 32| AAAT25 0.33  0.57 1.00| 0.29 0.54 1.00| - - | 717 963 0.71| 392 6.65 0.85| 7.58 858 -0.14
PhysLLM |51 ICLR’26 021  0.57 0.99] 0.17 035 0.99]| 6.48 848 0.63| 4.36 10.76 0.65| 4.24 681 - - - -
PHASE-Net N CVPR26 0.15 0.53 0.99|0.14 035 0.99| 589 7.89 048] 478 822 0.71 - - - - -
(Ours) - 0.17 0.41 1.00 0.17 0.25 1.00‘ 1.13 1.31 0.99‘ 420 6.78 0.86 3.79 6.34 0.86‘ 5.75 6.08 0.54

Table 2: HRV and RF estimation results. Models are trained and tested on the
UBFC-rPPG dataset. LF, HF, and RF represent low frequency, high frequency, and
respiration frequency, respectively. “n.u.” denotes normalized units.

LF (n.u.) HF (n.u) LF/HF RF (Hz)

ittt N SDL  RMSE[ rt SD, RMSEL rt SD)  RMSE, rt SDl  RMSE, rt

! Methods

Opt Express’08 0.186 0.186 0.280 0.186 0.186 0.280 0.361 0.365 0.492 0.087 0.086 0.111
Opt Express’10 0.243 0.240 0.159 0.243 0.240 0.159 0.655 0.645 0.226 0.086 0.089 0.102
TBE'16 0.171 0.169 0.479 | 0.171 0.169 0.479 | 0.405 0.399 0.518 | 0.109 0.107 0.087

ECCV20 0.053 0.056 0.740 0.053 0.065 0.740 0.169 0.168 0.812 0.017 0.018 0.252

CVPR21 0.034 0.035 0.891 0.034 0.034 0.891 0.131 0.136 0.881 0.010 0.010 0.395

cceve2l 0.091 0.139 0.694 0.091 0.139 0.694 0.525 0.691 0.684 0.061 0.098 0.103

ECCV’22 0.050 0.098 0.798 0.050 0.098 0.798 0.205 0.395 0.782 0.055 0.083 0.347

Contrast-Ph; TPAMI'24 0.025 0.025 0.947 0.025 0.025 0.947 0.064 0.066 0.963 0.029 0.029 0.803
PhysDiff AAAT25 0.029 0.022 0.978 0.016 0.022 0.978 0.079 0.066 0.979 0.006 0.007 0.811
(Ours) - 0.016 0.014 0.988 ‘ 0.013 0.014 0.988 ‘ 0.079 0.066 0.989  0.006 0.005 0.845

4.2 Intra-dataset Evaluation.

All dataset splits strictly follow the widely used benchmark protocols
, and all evaluations are conducted in a subject-independent manner to
avoid identity leakage. Specifically, for UBFC-rPPG, subjects 38 to 49 are used
as the test set, while the remaining subjects are used for training. For PURE
and BUAA, the datasets are sequentially divided by subject identity into train-
ing and testing sets with ratios of 6:4 and 7:3, respectively. For VIPL-HR, we
adopt a subject-exclusive 5-fold cross-validation protocol. For MMPD and MR-
NIRP-Car, the datasets are sequentially divided by subject identity into training,
validation, and testing sets with a ratio of 7:1:2.

Tab. [I] reports the quantitative comparison with state-of-the-art methods.
Notably, the evaluated datasets exhibit progressively increasing levels of diffi-
culty. UBFC-rPPG and PURE are relatively controlled environments, whereas
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Table 3: Cross-dataset HR estimation results. Models are trained on
PURE/UBFC-rPPG, and tested on UBFC-rPPG/PURE/MMPD.

I — PURE — UBFC-rPPG | UBFC-rPPG — PURE PURE — MMPD UBFC-rPPG — MMPD
MAE| RMSE| rt | MAE| RMSE, rt | MAE, RMSE| r{ | MAE| RMSE| rt
Traditional rPPG Methods
GREEN [43] Opt Express'08 | 1973 2100 037 | 10.09 2385 034 | 2168  27.69  -001 | 21.68  27.69  -0.01
1CA [T Opt Express’l0 | 16.00 2565 044 | 4.77 1607 072 | 1806 2430 001 | 1806  24.30 0.01
CHRON 4] TBE'13 4.06 8.83 089 | 577 1493 081 | 1366 1876  0.08 | 13.66  18.76 0.08
Deep Learning-based rPPG | ]
DeepPhys [3] 121 2.90 099 | 554 1851 0.66 | 1692 2461 005 | 17.50  25.00 0.05
PhysNet [53 1.63 3.79 098 | 9.36 2063 062 | 1322 1961 023 | 1024  16.54 0.29
TS-CAN [T§| NeurIPS'20 1.30 2.87 0.99 | 369 1380 0.82 | 1394 2161 020 | 1401  21.04 0.24
PhysFormer [55] CVPR'22 144 3.77 098 | 1292 2436 047 | 1457 2071 015 | 1210 1779 0.17
EfficientPhys |10 WACV23 2.13 3.00 0.99 | 547 1704 071 | 1403 2162 017 | 1378  22.25 0.09
RhythmMamba [60] AAAT25 0.95 1.83 0.99 | 198 6.51 096 | 1044 1670 036 | 10.63  17.14 0.34
(Ours) = 0.43 079  1.00 | 0.95 3.15  0.99 | 1011  14.34 048 | 891  12.86  0.57

BUAA introduces extreme illumination variations. MMPD combines illumina-
tion changes with head motion and skin-tone diversity. The VIPL-HR dataset
further increases the diversity of camera equipment and is currently the most
complex dataset collected in laboratory settings. Among them, MR-NIRP-Car
represents the most challenging real-world scenario, as it is collected in a natu-
ral driving environment with substantial motion, illumination fluctuation, and
environmental interference. Despite these challenges, our method consistently
achieves superior performance, with particularly large improvements on the more
challenging complex datasets. Specifically, in terms of the most reliable metric,
RMSE, our approach reduces the error from 7.89 (PHASE-Net [58]) to 1.31 on
BUAA, from 7.27 (RhythmMamba [60]) to 6.78 on MMPD, from 6.65 (Phys-
Diff [32]) to 6.34 on VIPL-HR, and from 8.58 (PhysDiff [32]) to 8.03 on MR-
NIRP-Car. These results demonstrate that incorporating physiological frequency
priors enables our model to effectively suppress noise induced by illumination
changes, motion artifacts, and cross-subject appearance variations.

In addition to HR estimation, we follow [20}23/[32/39./40] and further evaluate
our method on two other critical physiological indicators, i.e., HRV and RF,
both of which require high-quality rPPG signals for reliable peak detection and
temporal analysis. As shown in Tab. 2] our method significantly outperforms
existing methods across most metrics. These results indicate that our model
not only improves HR estimation accuracy but also reconstructs high-fidelity
rPPG signals in the time domain and frequency domain, enabling more reliable
downstream physiological analysis.

4.3 Cross-dataset Evaluation.

In addition to intra-dataset evaluation, we further conduct cross-dataset exper-
iments to simulate deployment in unseen environments and rigorously assess
domain invariance. As shown in Tab. [3] we evaluate four cross-dataset transfer
settings. These datasets exhibit significant domain gaps due to differences in illu-
mination conditions, motion patterns, camera devices, and subject appearance,
making cross-dataset generalization particularly challenging. Consequently, most
existing methods experience notable performance degradation when transferring
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Table 4: Impact of physiological fre- Table 5: Generality of physiological frequency
quency denoiser components. denoiser (PFD) module.

PBF PSM ASS VIPL-HR MR-NIRP-Car ‘ VIPL-HR MR-NIRP-Car

[MAE| RMSE/ p1 [MAE} RMSE} p1 Method MAE] RMSE] p 1 |MAE} RMSE} p 1

' - - 4.03 6.77 0.82| 6.59 846 0.29 RhythmMamba [60] 430  7.49 0.81‘ 8.07 10.03 0.24
- v - 3.98 655 084|624 7.62 0.32 RhythmMamba [60|+PFD (Ours)| 4.15 7.13 0.82 7.88 9.21 0.29
- - v | 410 695 082|681 8.03 0.26 PhysDiff {32 3.92  6.65 0.85‘ 7.40 839 031
' v - 391 642 085|623 7.11 0.38 PhysDiff [32|+PFD (Ours) 3.84 6.44 0.86 7.04 8.13 0.34
v - v | 411 671 084 6.67 793 0.31 w/o PFD (Ours) 422 717 0.83‘ 593  6.55 0.46
v v v 3.79 6.34 0.86| 5.75 6.08 0.54 3.79 6.34 0.86 5.75 6.08 0.54

from a relatively simple source domain (e.g., PURE or UBFC-rPPG) to more
complex target domains such as MMPD. In contrast, benefiting from physiologi-
cal spectrum modeling, our method effectively captures domain-invariant physi-
ological priors and consistently achieves the best performance across all transfer
settings, demonstrating stronger robustness and generalization capability under
substantial cross-dataset domain shifts.

More extended cross-dataset testing results are provided in Appendix G.

4.4 Ablation Studies.

How effective are the components of the physiological frequency de-
noiser? To investigate the contribution of each component in the proposed phys-
iological frequency denoiser, we conduct detailed ablation studies on the three
modules: Physiological Bandpass Filter (PBF), Physiological Spectrum Modula-
tion (PSM), and Adaptive Spectrum Selection (ASS). As shown in Tab. 4] each
module improves the performance, and their combination yields the best results,
indicating that these components work synergistically to suppress spectral noise
and enhance physiologically meaningful frequency representations. Furthermore,
as reported in Tab. |5, when the physiological frequency denoiser module is re-
moved and only the time-domain MSTmap is used as the conditional input, the
performance drops noticeably, further demonstrating the importance of incorpo-
rating physiological frequency priors for robust rPPG estimation.

How general is the physiological frequency denoiser? In addition to an-
alyzing the contribution of individual components, we further investigate the
generality of the proposed Physiological Frequency Denoiser (PFD). It is de-
signed as a modular plug-in that can be seamlessly integrated into existing
rPPG architectures. As shown in Tab. ] we evaluate the complete PFD module
(PBF+PSM-+ASS) when incorporated into two state-of-the-art models, Rhyth-
mMamba [60] and PhysDiff [32]. Specifically, PFD is inserted before each Multi-
temporal Constraint Mamba block in RhythmMamba and before each Spa-
tial-Temporal Hybrid Attention block in PhysDiff, while keeping all other set-
tings unchanged. Across all evaluation metrics on the VIPL-HR dataset, both
backbones achieve consistent and notable performance gains after integrating
PFD. These results demonstrate the strong generality of PFD, indicating that it
can be seamlessly integrated into diverse backbone architectures while providing
cleaner and more physiologically meaningful spectral clues for rPPG estimation.
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Fig. 5: Time and frequency domain visualizations of rPPG signal predictions on the
VIPL dataset under head motion scenario. In the frequency-domain plots, the purple
dashed box indicates the physiological signal bandwidth ranging from 0.66 to 3.0 Hz,
corresponding to typical human cardiac frequencies. x and e denote the spectral peaks
of the ground-truth and predicted heart rates, respectively.

4.5 Computational Cost.

To evaluate the deployment ef- Table 6: Computational cost. Best results are
ficiency of our method, we con- marked in bold and the second best in underline.
duct a unified 10-second in-

Method Parameters Flops Throughput Inference Memory

. (M)l (G)L  (Kps)t time (ms)] (M){

ference benchmark on a sin-

DeepPhys 1.98 111.67 28.89 34.61 10638

gle NVIDIA RTX 4090 GPU  PhysNet [53] 0.77 6574  68.73 14.55 3750
. TS-CAN [I8] 1.98  111.67  26.23 3813 11834

(24GB)_ The detailed computa-  PhysFormer [55] 7.38 4744 50.79 19.69 6480
: O . EfficientPhys 191  56.06  41.36 24.18 7814
tional statistics are reported in  RhythmMamba 2,00 1241  27.16 36.82 2450

P
. PhysDiff 2.64 2246  60.23 16.60 1246
Tab. [6] Notably, compared with ours) | 086 775 8544 1170 874

the lightweight RhythmMamba,

our method consistently achieves lower computational overhead across all key
metrics. Specifically, our reduces the parameters from 2.00M to 0.86M
(57.0% reduction) and decreases FLOPs from 12.41G to 7.75G (37.6% reduc-
tion). In addition, our method significantly improves runtime efficiency, increas-
ing throughput from 27.16 Kps to 85.44 Kps (3.1x faster) and reducing inference
latency from 36.82 ms to 11.70 ms. Meanwhile, the peak GPU memory usage is
reduced from 2450 MB to 874 MB (64.3% reduction).

4.6 Qualitative Analysis

Visualization of rPPG Prediction. We present a prediction showcase on
the VIPL dataset under the head motion scenario, as shown in Fig. [5} PhysD-
iff [32], RhythmMamba are selected as the representative SOTA methods.
We observe that the rPPG signal predicted by PhysDiff and RhythmMamba
exhibits numerous burrs, which reflect the limitations of modeling in the time
domain, namely, the difficulty in capturing dominant physiological frequency
components and being vulnerable to noise. Our addresses this lim-
itation effectively, which not only keeps pace with the label sequence but also



FreqPhys: Repurposing Implicit Physiological Frequency Prior for rPPG 15

accurately exhibits a smoother appearance with fewer irregularities. In addition,
we also observe that the frequency spectra of PhysDiff and RhythmMamba ex-
hibit relatively dispersed energy distributions. In contrast, our method effectively
concentrates spectral energy on several key frequency components corresponding
to physiological signals, resulting in an obvious sparsity in the frequency domain.
This focused energy distribution highlights our method’s ability to isolate and
enhance vital physiological components while suppressing irrelevant noise.

Qualitative Results for Ro-
bustness. To evaluate the ro-

bustness of our model across di-
verse scenarios and camera device
conditions, we provide detailed re-
sults from the VIPL-HR dataset,
encompassing 9 distinct scenarios
and 3 types of camera devices. As
illustrated in Fig. [6] our proposed
method consistently outperforms

RhythmMamba
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(b) Different camera devices

other methods across these varied
conditions, which indicates its ro-
bustness in remote physiological
signal measurement.

Fig. 6: HR estimation results on VIPL-HR un-
der different scenarios and camera devices.

5 Conclusion

In this paper, we introduced , a diffusion-based framework that lever-
ages implicit physiological frequency priors for robust remote photoplethysmog-
raphy. Unlike existing approaches that rely primarily on time-domain modeling
or incorporate spectral clues only at the loss or representation level, our method
integrates physiological spectral priors directly into the iterative diffusion denois-
ing process. This design enables more effective suppression of motion-induced
artifacts while preserving meaningful cardiac rhythms. Extensive experiments
on six public datasets demonstrate that our method achieves state-of-the-art
performance in HR, HRV, and RF estimation, while also exhibiting strong cross-
dataset generalization.
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