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Fig. 1: Overview of the proposed framework for filter-free SpOs estimation from facial videos.
Pulsatile dynamics are modeled as a coupled wave-transport system using harmonic ODE constraints
and transport-based PDE regularization, while continuous-time neural dynamics estimate the final
SpOs2 signal.

Abstract. Blood oxygen saturation (SpO2) is a vital indicator of respi-
ratory and cardiovascular health, increasingly targeted by camera-based,
contactless monitoring systems. Existing video-based approaches typi-
cally rely on predefined frequency filtering to separate pulsatile (AC)
and baseline (DC) components. Such spectral decomposition propagates
band-limited noise and assumes signal stationarity, limiting robustness
under motion, illumination variation, and subject diversity.

We propose FUSE, a filter-free, physics-guided framework that learns
AC and DC representations via structured differential constraints rather
than static spectral filtering. The pulsatile component is regularized as a
band-limited harmonic field through a second-order ordinary differential
equation, while spatial coherence is enforced by modeling it as a trans-
ported density field under an advection-based partial differential con-
straint. This coupled wave-transport formulation enforces physiologically
consistent spatiotemporal dynamics without explicit frequency-domain
operations.

Integrated into a lightweight spatiotemporal backbone with continuous-
time temporal modeling, FUSE achieves improved robustness and consis-
tently lower estimation errors across multiple public benchmarks, estab-
lishing a principled and physics-driven alternative for contactless SpO2
estimation from facial videos. Code is available: link
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1 Introduction

Blood oxygen saturation (SpOs) is a critical vital sign for assessing respira-
tory and circulatory health and enables early detection of hypoxemia in con-
ditions such as chronic obstructive pulmonary disease (COPD), heart failure,
and acute respiratory distress syndrome (ARDS). With over 300 million COPD
cases globally [29] and the telemedicine market projected to exceed $450 billion
by 2026 [19], scalable and non-contact SpOs monitoring has become increasingly
important. Traditional contact-based pulse oximeters [5| can cause discomfort,
increase infection risk [6], and are impractical for large-scale continuous monitor-
ing. Camera-based remote photoplethysmography (rPPG) offers a hygienic and
wearable-free alternative, with growing relevance for telemedicine and remote
healthcare applications [11}[24].

The classical principle of SpOs estimation relies on separating pulsatile (AC)
and baseline (DC) components of reflected light. The AC component captures
blood-volume oscillations driven by cardiac activity, while the DC component
reflects static tissue absorption [28]. Conventional ratio-of-ratios (RoR) formula-
tions |16}[27] require dedicated infrared wavelengths, which limits compatibility
with standard RGB cameras. In camera-based approaches, AC/DC separation
is typically approximated using frequency-domain filtering [22]. However, band-
pass filtering propagates noise within the selected passband, assumes station-
arity, and degrades under motion or illumination changes. Moreover, discrete
recurrent models [14] are often used for temporal modeling, although physiolog-
ical signals evolve in continuous time, leading to instability under varying frame
rates or dynamic perturbations [4].

To address these limitations, we propose FUSE (Filter-free Unified
Spatiotemporal Estimation), a physics-guided framework that models SpOs es-
timation as a coupled wave-transport dynamical system (Fig. . Instead of re-
lying on predefined frequency filtering, FUSE learns pulsatile and baseline rep-
resentations directly through differential constraints. The pulsatile component is
modeled as a band-limited harmonic field governed by a second-order ordinary
differential equation (ODE), encouraging physiologically plausible oscillatory dy-
namics. To capture spatial coherence across the facial surface, the AC representa-
tion is further interpreted as a transported scalar density and regularized via an
advection-based partial differential equation (PDE) under a near-incompressible
assumption. Together, these constraints enforce both local oscillatory structure
(wave behavior) and coherent spatial propagation (transport behavior) in the
learned representation.

To accommodate continuous physiological dynamics, FUSE incorporates con-
tinuous time temporal models, including Liquid Time-Constant (LTC) networks [13],
Continuous-Time RNNs (CTRNN) [12], and Neural Ordinary Differential Equa-
tions (Neural-ODE) [7]. Unlike fixed-step recurrent architectures, continuous-
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time models naturally adapt to varying frame rates across datasets (PURE,
VIPL-HR, BH-rPPG) and improve cross-dataset generalization. Importantly,
the proposed differential formulation is backbone-agnostic, remaining effective
across both convolutional and transformer architectures.

Extensive experiments on PURE, BH-rPPG, and VIPL-HR demonstrate that
FUSE achieves state-of-the-art performance in both intra-dataset and cross-
dataset settings, with improved robustness to motion and illumination varia-
tions. These results establish filter-free wave-transport modeling as a principled
approach for camera-based physiological sensing.

Our contributions are summarized as follows:

— We introduce a filter-free differential formulation for AC/DC learn-
ing, replacing frequency-domain decomposition with harmonic ODE con-
straints and transport-based PDE regularization.

— We propose a wave transport framework that jointly models oscillatory
temporal dynamics and spatial propagation of pulsatile signals, improving
robustness to motion and illumination variations.

— We integrate the formulation with continuous-time neural dynamics
(LTC, CTRNN, Neural-ODE), enabling stable temporal modeling and im-
proved cross-dataset generalization.

FUSE unifies physiological modeling, differential constraints, and continuous-
time learning into a framework for reliable non-contact SpOs estimation in next-
generation telemedicine systems.

2 Related Work

Remote SpO; estimation from facial videos has progressed from signal-processing-
based ratio formulations to deep spatiotemporal learning frameworks. Despite
recent advances, robust AC/DC separation, temporal stability, and cross-dataset
generalization remain open challenges.

Contactless and Learning-Based SpOy Estimation: Early contactless ap-
proaches adapted the classical ratio-of-ratios principle to RGB cameras through
signal normalization and temporal filtering [16|. These camera-based adapta-
tions estimate the AC/DC components by using the temporal mean as the DC
component and either temporal standard deviation or band-pass filtering to iso-
late the AC component [22,23].CNN-based systems enable smartphone-based
SpOs estimation [18], while 3D CNNs with contrastive objectives improve fea-
ture representation [21]. Recent deep learning methods directly learn nonlinear
spatiotemporal mappings from video to SpOs. Sun et al. [26] proposed CCSpOa,
leveraging convolutional modeling for camera-based estimation. Hu et al. [15] in-
troduced a contactless framework with enhanced feature learning for improved
robustness. ROSE-Net [10] and SHINE [1] further improved representation learn-
ing through refined spatiotemporal encoders. ITSCAN [33| and Cheng et al. [g]
focused on improving temporal aggregation and generalization across varying
acquisition conditions. While effective, most of these methods rely on implicit



4 S. Ahmad et al.

frequency filtering or discrete temporal modeling @, which assumes fixed
sampling rates and may degrade under motion or illumination variation.
Physics-Aware and Structured Modeling: To improve physiological con-
sistency, recent works incorporate structured priors into learning. Akamatsu et
al. [4] modeled blood volume dynamics to enhance waveform fidelity. PHASE
introduced phase-aware modeling to better preserve pulsatile structure during
estimation. ACuRE [2| combined dual-branch AC/DC separation with Liquid
Time-Constant (LTC) temporal modeling and a continuity-inspired PDE reg-
ularizer to enforce waveform consistency. Although ACuRE demonstrated im-
proved robustness, its AC/DC supervision relied on filtered pseudo-labels and
waveform-level constraints.

Continuous-Time Neural Dynamics: Continuous-time neural models pro-
vide a principled framework for modeling physiological dynamics. Liquid Time-
Constant (LTC) networks introduce neuron-wise ODEs with adaptive time
constants, enabling stable modeling of fine-grained temporal behavior. Continuous-
Time Recurrent Neural Networks (CTRNN) provide universal approxima-
tion guarantees for dynamical systems, while Neural Ordinary Differential Equa-
tions (Neural-ODE) [7] formulate hidden state evolution as solutions to learned
differential equations. These approaches naturally handle irregular sampling and
varying frame rates, making them well-suited for rPPG-based physiological es-
timation.

O

y % 0
3D-Conv Batch-Norm AC(’,, u, ’U) [éDE _ at AC + u;z‘AC B !|.---
w=20f, £ € [foin funs] AG € RO

l Concatenate

Physics Guided Losses l HEE
NN\ ok Continuous Temporal
|Advection PDE| Divergence PDE| Anti-Collapse > N Lol
8ip+V.Vp=0 v. Energy U 0 = Fy(a(t), u(t), 1)

@ il gy -
P Laiy = Opu+ Byv Lenerm = Variyre) - : B
U

DC Tensor u(t) €RT

—

Face Video

SpO; Predicted

DC Branch,
‘Harmonic ODE

LIS 82DC +w'DC =0

3D-Conv Batch Norm DC' LB = 82DC + w* D

w=2rf, fe0, fiu
DC € ROTxHxW

Fig. 2: Overview of the proposed FUSE framework for camera-based SpOs estima-
tion. The method learns pulsatile (AC) and baseline (DC) representations from facial
videos without explicit frequency filtering. Temporal oscillatory dynamics are enforced
through harmonic ODE constraints, while spatial coherence of pulsatile signals is mod-
eled via a transport-based PDE. The resulting representations are fused and processed
by a continuous-time neural dynamical system to produce frame-wise SpO2 predictions.

3 Proposed Method

We propose a filter-free, physics-informed framework for supervised SpOs es-
timation from facial RGB videos. In contrast to ACuRE [2]|, which relied on
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frequency-domain filtering to generate AC/DC pseudo-ground-truth signals, the
proposed approach eliminates static spectral decomposition and instead enforces
physiologically grounded differential constraints within an end-to-end continuous-
time modeling framework. Given an input RGB facial video V € REX3XTxHxW
where W x H are frame dimensions and 7 is the frame count, our goal is to esti-
mate the frame-wise blood oxygen saturation waveform y € RZ*T The proposed
architecture integrates three tightly coupled components:

— Physics-guided spatio-temporal AC/DC representation learning via differen-
tial equation regularization (harmonic ODE + transport PDE)

— Generalized continuous-time temporal dynamics modeling

— Direct end-to-end SpOs waveform supervision

We first revisit the physiological foundation underlying SpO- estimation.

3.1 Preliminary: Ratio-of-Ratios

SpOs estimation is classically derived from the ratio-of-ratios (RoR) principle,
which exploits the differential optical absorption of oxygenated (HbOj3) and
deoxygenated (Hb) hemoglobin at distinct wavelengths [22]. Under a small-
variation Beer-Lambert approximation, the reflected intensity at wavelength A
is I (t) = Ip.x exp( — eAc(t)d), where €, is the extinction coefficient, ¢(t) is time-
varying hemoglobin concentration, and d is the optical path length.

Over short temporal windows, the signal decomposes as I\(t) = DC) +

AC\(t), with DCy = E[Ix(t)] and AC\(t) = I5(t) — DC. The ratio-of-ratios is

then defined as RoR = %, and SpO; is approximately affine, SpO4 ~
2 2

A.RoR + B.

In RGB camera settings, true infrared bands are unavailable and RGB chan-
nels serve as proxy spectra. Conventional non-contact methods estimate AC/DC
components via frequency filtering [22|, implicitly assuming temporal stationar-
ity and spectral separability between pulse and noise. Instead of relying on fil-
tered pseudo-labels, we learn AC/DC representations directly by imposing differ-
ential constraints that encode their intrinsic oscillatory and transport dynamics.
A detailed derivation of the RoR formulation under linearized Beer-Lambert
assumptions is provided in the Supplementary Sec: 7 .

3.2 Overview of the Proposed Architecture

The proposed framework models physiological dynamics at three hierarchical

levels: (i) temporal oscillation of pulsatile signals, (ii) spatial transport of pul-

satile density across the facial surface, and (iii) global latent evolution of the

physiological waveform. An overview of the architecture is illustrated in Fig. [2|
Given an input facial video

Ve RBXSXTXHXW
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the model first extracts two complementary spatio-temporal feature fields, rep-
resenting pulsatile (AC) and baseline (DC) components. Unlike conventional
approaches that rely on frequency filtering, these components are learned di-
rectly through differential constraints.

Temporal Oscillation Modeling (ODE Level): At the lowest level, we en-
force physiologically plausible temporal oscillations on the AC and DC represen-
tations through harmonic differential constraints. Two parallel spatio-temporal
blocks process the input video and produce feature tensors

XAC XDC c RBXCXTXHXW
b

Both branches operate with unit spatial and temporal stride, thus preserving
the full spatio-temporal resolution of the input.

Instead of supervising these tensors with bandpass/lowpass filtered pseudo-
targets, their temporal dynamics are regularized using harmonic ordinary differ-
ential equations. Specifically, AC features are constrained to follow band-limited
oscillatory dynamics, while DC features are encouraged to remain slowly vary-
ing. This formulation removes reliance on frequency-domain decomposition and
encourages physiologically consistent temporal structure (Section .

Spatial Transport Modeling (PDE Level): At the intermediate level, we
model spatial propagation of pulsatile signals across the facial surface. The AC
feature field is interpreted as a transported scalar density p(t,z,y) with an as-
sociated latent velocity field v (¢, z,y).

Under this interpretation, pulsatile propagation is governed by a transport
equation derived from mass conservation principles:

% +v-Vp=x0 (1)

This advection constraint enforces spatial coherence of pulsatile flow, while a di-
vergence regularization term stabilizes the learned velocity field by encouraging
near-incompressible transport. The full PDE formulation and loss functions are
described in Section 3.4

Feature Extraction and Representation Fusion: After differential regular-
ization, the AC and DC feature tensors are processed by two parallel PhysNet
backbones [31], a 3D convolutional architecture designed for physiological sig-
nal extraction. Each backbone maps the spatio-temporal tensors into compact
temporal embeddings

fac (t), fpe (t) S RP

which capture pulsatile and baseline dynamics respectively. These embeddings
are concatenated to form the fused representation

u(t) = [fAc(t),fpc(t)] e R?P (2)

Global Continuous-Time Dynamics: At the highest level, the fused features
drive a latent continuous-time dynamical system that models the evolution of
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the physiological waveform. Let z(t) € R? denote the latent physiological state.
Its temporal evolution is governed by

= Fy(z(t), u(t),t) (3)

where Fy(+) is a learnable neural vector field. The predicted SpOs signal is ob-
tained through

9(t) = Woz(t) + b, (4)

Equation provides a unified continuous-time formulation that encom-
passes several temporal modeling paradigms, including Neural ODEs [7], continuous-
time recurrent neural networks (CTRNN) |12], and Liquid Time-Constant net-
works (LTC) [13]. Unlike discrete recurrence, this formulation naturally handles
variable frame rates and irregular temporal sampling.

Together, harmonic ODE constraints, transport-based PDE regularization,
and continuous-time latent dynamics form a hierarchical physics-guided frame-
work for robust SpO; estimation. Detailed mathematical derivations are pro-
vided in the Supplementary Sec:10.

3.3 Differential-Equation-Based AC/DC Formulation

Prior work (e.g., ACuRE |2|) supervises AC/DC decomposition using band-
pass/lowpass filtered pseudo-targets, which inevitably preserve in-band noise. In
contrast, we learn AC and DC representations without filtered targets by im-
posing time-domain dynamical constraints directly on the learned feature fields.

Let XAC,XDC € REXCOXTXHXW denote the AC and DC feature tensors
produced by the two branches (Section [3.2]). For each batch index b, channel ¢,

and spatial coordinate (z,y), we view the temporal traces fcfg)c(t) = i‘i%(t, x,y)

and JE(DC)C(t) = :i’(Dc)C(t,x,y) as continuous-time signals sampled at frame times
te{l,...,T}.

Band-Limited Harmonic Constraint for AC: A sinusoid satisfies the har-
monic oscillator equation % +w?s = 0. Motivated by the quasi-periodic nature
of pulsatile dynamics, we constrain AC features to behave as band-limited oscilla-
tors. Let {wy }5_, be a set of angular frequencies sampled from a physiologically
plausible heart-rate band wy € [Wmin, Wmax] (With wg = 27 f). We define the AC
harmonic loss as

K
1 ~lC ~lC
L858 = 2 Evesay |90 oy +ufe Lo y)| )
k=1

where ¢(+) is a robust penalty (e.g., Charbonnier or ¢;).
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Low-Frequency Constraint for DC: The DC component corresponds to
slowly varying baseline absorption. We enforce this by applying the same har-
monic prior but sampling frequencies from a low-frequency interval wy, € [0, wiow],
yielding

ch
1 ~lC AlC
LOGE = Ko Z]Eb,c,t,m,y |:¢(at2x(D)C(t7x7y) + wl%x(D)C(tu CUW))} (6)
¢ k=1

Why ODE Supervision Instead of Filtering? If the observed temporal sig-
nal is V(t) = S(¢) + N(t), frequency filtering yields Vac(t) = Sac(t) + Nac(t),
thereby preserving noise inside the passband. In contrast, Egs. (5)-(6) regularize
the intrinsic dynamics of the learned representation: AC features are encouraged
to follow band-limited oscillatory dynamics, while DC features remain smooth
and low-frequency. This provides a filter-free alternative to frequency-domain de-
composition. A detailed theoretical connection between harmonic residual mini-
mization and soft bandpass behavior is provided in the Supplementary Sec:8.

3.4 PDE Constraint: Transported Pulsatile Density

While the harmonic ODE constraint regularizes temporal oscillations, pulsatile
signals also exhibit spatial propagation across the facial surface due to blood
flow and optical diffusion. To capture this behavior, we model the AC feature
field as a transported scalar density governed by a transport partial differential
equation.
Let the AC tensor be

XAC c RBX3><T><H><W

We interpret its channels as

plt.z,y) = X{o(t x.y) (7)
v(t,a,) = (ult,,), vit 2, y)) = (X3 XGL) ®)

where p represents the transported pulsatile density and v denotes a latent ve-
locity field that models spatial propagation of pulsatile signals.

Mass Conservation: Starting from conservation of transported density, the
continuity equation is

%‘FV-(pV):O 9)

In facial skin tissue, pulsatile propagation is dominated by transport rather than
compression. We therefore assume near-incompressible flow

V-va0 (10)

which reduces the continuity equation to the advection equation
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Advection Residual: To enforce this constraint, we compute the advection
residual

+v-Vp=0 (11)

0 0 0
Raan(t,3,) = 57 +u5l + va—z (12)

The transport regularization loss is defined as

£adv = Et,z,y [¢(Radv)] (13)

where ¢(-) denotes a robust penalty function.

Divergence Regularization: To stabilize the learned velocity field, we softly
enforce the incompressibility condition using

Ldiv = Et,ac,y [¢(V . V)] (14>

Anti-Collapse Constraint: Equation admits trivial constant solutions
(p = const). To avoid degenerate solutions, we enforce a minimum temporal
energy in the density field:

1
Eenergy - Ez,y [W} (15)

This constraint prevents density collapse and encourages non-trivial pulsatile
dynamics.

Together, the proposed PDE regularization enforces spatio-temporal coher-
ence of pulsatile transport. Combined with the harmonic ODE supervision, it
enables learning physiologically meaningful AC representations without relying
on frequency-domain filtering. A detailed derivation of the transport formula-
tion and its connection to physiological signal propagation is provided in the
Supplementary Sec:9.

3.5 SpOs Supervision Loss
Given the ground-truth waveform y € RE*T and the predicted signal y, we

supervise the model using a regression objective that combines amplitude fidelity
and waveform similarity:

ﬁSpOz = MSE(y,y) — Acorr Corr(y,y) (16)

where Corr(-, ) denotes differentiable Pearson correlation and A,y controls the
trade-off between signal magnitude accuracy and temporal waveform alignment.
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3.6 Overall Training Objective

The final objective combines waveform supervision with the proposed differential
regularization terms:

£total = ESPOQ +a (Eé%E + EggE) +)\adv Eadv +)\di'u £div +)\ene'rgy£ene'rgy (17>

Here o, Aqdvs Adivs and Aepergy control the strength of harmonic temporal reg-
ularization, spatial transport consistency, velocity incompressibility, and anti-
collapse constraints respectively.
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Fig. 3: Visualization of intermediate AC-branch feature maps and corresponding SpOa2
predictions on the PURE dataset . Feature maps from successive PhysNet layers
(32x32 to 2x2) illustrate multi-scale pulsatile representation learning. The right plots
show predicted (blue) and ground-truth (orange) SpOs signals over time, demonstrat-
ing strong temporal alignment.

4 Training Details

Datasets: We evaluate FUSE on three publicly available SpOy benchmarks:
PURE , BH-rPPG , and VIPL-HR . These datasets differ in frame
rate, illumination, subject diversity, and acquisition devices, providing a com-
prehensive evaluation of cross-condition robustness. Detailed dataset statistics
are provided in Supplementary Sec:11.

Preprocessing: Facial landmarks are extracted using OpenFace . The de-
tected 68 landmarks are used to align and crop facial regions to reduce motion-
induced variability. Aligned face patches are resized to 32 x 32 and segmented
into clips of length T' = 120 frames. This preprocessing ensures spatial consis-
tency while preserving pulsatile dynamics.

Implementation Details: FUSE is implemented in PyTorch and trained for
60 epochs using AdamW with learning rate 10~* and batch size 20. We
employ 5-fold subject-disjoint cross-validation (3 folds training, 1 validation, 1
testing). Results are reported as mean + standard deviation. Continuous-time
temporal modeling (LTC, CTRNN, Neural-ODE) is trained jointly with har-
monic AC/DC ODE constraints and transport-based PDE regularization.
Model Complexity: Under a fixed PhysNet backbone, forward computation
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is dominated by the backbone (~50 GFLOPs/clip), while temporal modules
(LTC/CTRNN/Neural-ODE) add minimal parameters and negligible FLOPs.
The proposed PDE regularization is parameter-free and applied only during
training, introducing no inference-time overhead. Training cost increases due to
derivative computation on spatio-temporal feature maps. A detailed breakdown
of parameters, FLOPs, latency, and cross-paper comparisons is provided in Sup-
plementary Sec:5.

Evaluation Metrics: We report mean absolute error (MAE), root mean squared
error (RMSE), and Pearson correlation coefficient (r). All metrics are computed
over 120-frame windows at their respective dataset frame rates (30 fps, 25 fps,
15 fps). Formal definitions are provided in Supplementary Sec:S3. Lower
MAE/RMSE and higher r indicate better performance.Detailed are provided in
Supplementary Sec:12.

5 Results and Ablation

5.1 Intra-Dataset Evaluation and Qualitative Analysis

Table [I] reports SpOs estimation performance on the PURE, BH-rPPG, and
VIPL-HR benchmarks. We compare FUSE with recent camera-based SpOs es-
timation methods, including PHASE 3|, ACuRE |2|, and other state-of-the-art
approaches [1},[8,/10,15},26}[33]. FUSE consistently outperforms prior methods
across all datasets. On PURE, the MAE is reduced from 0.28 (ACuRE) to 0.15.
On BH-rPPG, the CTRNN variant achieves the best performance (MAE 0.24,
r = 0.94). On VIPL-HR, FUSE maintains strong robustness under more chal-
lenging conditions, reducing MAE from 0.72 to 0.56. These results demonstrate
that the proposed differential formulation, combining harmonic ODE modeling
with transport-based PDE constraints, improves both estimation accuracy and
cross-dataset robustness over frequency-filter-based decomposition strategies. To
further analyze the learned representations, Fig. [3] visualizes intermediate AC-
branch feature maps and corresponding SpOs predictions. Feature maps from
successive PhysNet layers progressively highlight pulsatile structures, while the
predicted signals closely follow the ground-truth waveform, supporting the ef-
fectiveness of the proposed formulation.

5.2 Robustness Under Motion and Illumination Variations

We evaluate robustness under controlled perturbations using condition-wise anal-
ysis on PURE and illumination-specific analysis on BH-rPPG.

Table 2] reports MAE under different scenarios on PURE. FUSE maintains
low estimation error across all conditions. The LTC variant achieves the best per-
formance under steady conditions (MAE 0.12), while Neural-ODE shows strong
robustness under head movement (0.11). Overall, the limited performance degra-
dation under motion and lighting changes indicates stable temporal dynamics
and coherent spatial modeling.
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Table 1: Intra-dataset SpOaz estimation results on PURE, BH-rPPG, and VIPL-HR.
MAE and RMSE are reported in percentage units, and r denotes Pearson correlation.
1 indicates higher is better and | indicates lower is better.

Method PURE BH-rPPG VIPL-HR

MAE |  RMSE | 1 MAE |  RMSE | 1 MAE |  RMSE | I
Sun et al. [26] 0.54 0.68 - - - - - - -
Hu et al. (15| 0.63 0.80 - - - - 1.00 143 -
ROSE-Net |10 1.95 2.46 - - - - - - -
SHINE |1 1.13 1.46 - - - - - - -
ITSCAN 33| 1.10 1.19
Cheng et al. |8] 0.97 1.20
PHASE |3] 0.53 £ 0.10 0.72 4+ 0.12 0.89 £ 0.03| 0.97 £ 0.04 0.91 £ 0.35 0.82 + 0.14 - - -
Akamatsu et al. |4 0.61 £ 0.16 0.75 4+ 0.13 0.88 £ 0.04| 1.90 £ 0.56 1.49 £ 0.21 0.42 + 0.22 - - -
ACuRE |2] 0.28 £ 0.17 0.50 &+ 0.16 0.95 £ 0.03| 0.39 £ 0.18 0.61 £ 0.13 0.92 &+ 0.04 | 0.72 & 0.20 0.84 £ 0.12 0.87 £ 0.04
FUSE (Neural-ODE) 0.17 £ 0.07 0.40 + 0.08 0.89 & 0.09| 0.30 & 0.12 0.54 £ 0.10 0.93 + 0.02 | 0.60 + 0.27 0.76 & 0.16 0.90 =+ 0.05
FUSE (CTRNN) 0.15 + 0.05 0.38 + 0.07 0.90 + 0.08/0.24 + 0.05 0.49 £ 0.05 0.94 + 0.01|0.56 + 0.17 0.74 + 0.12 0.91 + 0.03
FUSE (LTC) 0.15 £ 0.07 0.38 + 0.08 0.92 £ 0.05| 0.28 £ 0.07 0.53 + 0.07 0.93 £ 0.03 | 0.57 £ 0.11 0.75 & 0.08 0.91 + 0.03

Table [3] evaluates robustness under varying illumination levels on BH-rPPG.
Across low-, medium-, and high-lux regimes, FUSE exhibits stable performance.
The CTRNN variant achieves the lowest MAE across all lighting levels, including
challenging low-light conditions (8 lux).

These results indicate that the proposed wave-transport formulation, com-
bining harmonic ODE constraints with transport-based PDE regularization, im-
proves robustness to motion artifacts and illumination variability in camera-
based physiological sensing.

Table 2: Condition-wise MAE (]) of FUSE variants on the PURE dataset under
steady, motion, and illumination perturbations (mean + std).

Method Steady  Talking/Laughing Body Movement Dark Light Head Movement
FUSE (LTC) 0.12 + 0.06 0.16 + 0.03 0.20 + 0.09 0.19 £0.10 0.14 £+ 0.09
FUSE (CTRNN) 0.15 + 0.02 0.18 + 0.02 0.23 +£0.07 0.18 £ 0.08 0.17 + 0.09
FUSE (Neural-ODE)| 0.15 £ 0.07 0.16 £ 0.06 0.25 +0.11 0.17 £ 0.05 0.11 + 0.05

Table 3: MAE ({) of FUSE variants on the BH-rPPG dataset under controlled illu-
mination levels (mean £ std).

Method Low (8 Tux) Medium (42.4 Tux) High (104 Tux)
FUSE (LTC) 0.31 £ 0.15 0.27 £+ 0.06 0.26 = 0.09
FUSE (CTRNN) 0.26 + 0.09 0.26 + 0.06 0.21 £+ 0.05
FUSE (Neural-ODE)| 0.38 + 0.32 0.27 4+ 0.08 0.24 4+ 0.05

5.3 Explanation of ODE Variants

Table [4] analyzes different AC/DC temporal regularization designs. The pro-
posed band-averaged harmonic constraint is Lpang(z) = % Zszl qb(% + w,%x)

where wy = 27 f;, spans a physiological cardiac band (f; € [0.7,3.0] Hz). This
models AC components as distributed harmonic oscillators, allowing heart-rate
variability.
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Fized-Frequency (wp): The variant %275 + wlx uses a single central frequency
wo = 27 fo with fo = 1.2 Hz (wo = 7.54 rad/s). Removing frequency diversity
significantly degrades performance (PURE: 0.25 MAE; BH-rPPG: 0.65 MAE),
indicating that a single oscillator cannot capture physiological variability.
Generic Smoothness: Replacing the harmonic prior with ||0?X||; enforces
temporal smoothness without oscillatory structure. This improves over the fixed-
frequency model (PURE: 0.21 MAE), but remains inferior to band-limited super-
vision, demonstrating that periodic structure not merely smoothness is essential.
Band and Channel Enforcement: Applying £{\C | only to density p reduces
error (0.17 MAE on PURE), while enforcing it jointly on (p,u,v) achieves the
best results (0.15 / 0.28 / 0.57 MAE on PURE/BH-rPPG/VIPL-HR). This
confirms that: (i) frequency-band modeling is critical, (ii) oscillator priors out-
perform generic second-order regularization, and (iii) multi-channel enforcement
improves dynamical consistency.

Table 4: Ablation of AC/DC ODE design on PURE, BH-rPPG, and VIPL-HR. All
variants use the same backbone and temporal model (LTC). Metrics: MAE ({), RMSE
(1), and  (1).

. PURE BH-rPPG VIPL-HR
ODE Variant
MAE | RMSE | r 1 |[MAE | RMSE | r 1 [MAE | RMSE | r 1
£o8 +Lhe 025 058 081 065 093 0.78) 0.91  0.99 0.77
102X aclli + 102Xpcli| 0.21 050 0.86| 0.48  0.72 0.84| 0.78  0.90 0.83
L£AC (p) + L£ES, 0.17 041 090| 0.33 058 0.90| 0.63 0.79 0.88
L£AC (p,u,v) +£PC, | 0.15  0.38 0.92| 0.28 0.53 0.93| 0.57 0.75 0.91

5.4 Effect of PDE Transport Regularization

Table [f] evaluates the contribution of the proposed transport-based PDE con-
straints while keeping the backbone and temporal model (LTC) fixed.

Without PDE regularization, performance degrades noticeably (e.g., PURE:
0.20 MAE; BH-rPPG: 0.35 MAE). Introducing the advection residual £,4, im-
proves spatio-temporal coherence, reducing error across datasets. Adding diver-
gence regularization Lg;, further stabilizes the solution and improves correlation.
Finally, incorporating the anti-collapse energy term Leyergy yields the best per-
formance (0.15 / 0.28 / 0.57 MAE on PURE/BH-rPPG/VIPL-HR).

The progressive improvement confirms that spatial transport modeling pro-
vides complementary gains beyond harmonic ODE supervision, and that pre-
venting trivial density collapse is essential for stable pulsatile propagation.

5.5 Additional Experiments

Cross-Dataset Generalization: We evaluate transfer without target-domain
fine-tuning across PURE (30 f{ps), VIPL-HR (25 fps), and BH-rPPG (15 fps). As
shown in Supplementary Sec:1, FUSE consistently surpasses ACuRE in all
directions, with the largest gains under severe frame-rate mismatch (BH-rPPG),
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Table 5: Ablation of the PDE transport components on PURE, BH-rPPG, and VIPL-
HR. We progressively enable Loqv, Ldiv, and Lenergy. All results use the same backbone
and temporal model (LTC); only PDE terms are varied. Metrics: MAE ({), RMSE (],
and 7 (1).

PDE Components PURE BH-rPPG VIPL-HR
MAE JRMSE | r T [MAE JRMSE | r T [MAE ] RMSE | r 7

None (No PDE) 0.20 044 089] 035 063 0.88| 071 _ 0.85 0.87
Lado 0.18 _ 0.41 0.90] 0.32 059 0.90]| 0.66  0.81 0.88

Lado + Laiv 0.16 039 001] 030 056 001| 0.61 0.78 089

Lodo + Laio  Lenergy| 0.15  0.38 0.92| 0.28 0.53 0.93] 0.57 0.75 0.91

confirming improved invariance to temporal sampling and appearance shifts.

Temporal Modeling Comparison: Under identical backbone and regulariza-
tion settings, we compare discrete recurrence (RNN/LSTM/GRU), TCN, and
continuous-time variants. As reported in Supplementary Sec:2, discrete mod-
els exhibit instability under frame-rate variation, whereas continuous-time ar-
chitectures (Neural-ODE, CTRNN, LTC) achieve consistently lower error and
higher correlation, validating continuous-time dynamics for physiological mod-
eling.

Backbone Architecture Ablation: Using a fixed LTC temporal module, we
evaluate multiple spatial backbones. As detailed in Supplementary Sec:3, 3D
backbones yield the lowest absolute errors, while PhysNet attains competitive
accuracy with only 2.53M parameters (vs. 66.5M for ResNet3D-18 and 39.5M
for ViT3D), demonstrating strong parameter efficiency and backbone-agnostic
compatibility of the proposed regularization.

Parameter Sensitivity: We analyze the effect of the harmonic weight o with
fixed PDE coefficients. As shown in Supplementary Sec:4, both under- and
over-weighting degrade performance, while o = 0.1 provides the best balance
between harmonic structure and transport regularization across datasets.

6 Conclusion and Future Work

We presented FUSE, a filter-free framework for camera-based SpO, estima-
tion that replaces frequency-domain signal decomposition with differential con-
straints. The proposed formulation models pulsatile dynamics through harmonic
ODE regularization while enforcing spatial-temporal coherence via transport-
based PDE constraints. Combined with continuous-time dynamical modeling,
this approach enables robust AC/DC representation learning without relying on
noisy frequency filtering. Extensive experiments demonstrate improved stability
and cross-dataset generalization under varying frame rates and visual conditions.

Future work will explore adaptive physiological priors for personalized model-
ing, extend the framework to multi-signal physiological estimation (e.g., HR and
respiration), and investigate broader physics-informed formulations for remote
health monitoring from video.
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