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Fig. 1: Prior implicit neural models represent scenes for diverse applications.
We propose an implicit neural representation (INR) to decompose face
videos and isolate blood flow information. Our INR decomposes input videos
into visual appearance and blood flow (“A-B decomposition”). The decomposed data
aids in estimating the remote photoplethysmography (rPPG) signal and heart rate.

Abstract. Scene representation networks, or implicit neural represen-
tations (INR) have seen a range of success in numerous image and video
applications. However, being universal function fitters, they fit all vari-
ations in videos without any selectivity. This is particularly a problem
for tasks such as remote plethysmography, the extraction of heart rate
information from face videos. As a result of low native signal to noise ra-
tio, previous signal processing techniques suffer from poor performance,
while previous learning-based methods have improved performance but
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suffer from hallucinations that mitigate generalizability. Directly apply-
ing prior INRs cannot remedy this signal strength deficit, since they fit
to both the signal as well as interfering factors. In this work, we in-
troduce an INR framework that increases this plethysmograph signal
strength. Specifically, we leverage architectures to have selective repre-
sentation capabilities. We are able to decompose the face video into a
blood plethysmograph component, and a face appearance component.
By inferring the plethysmograph signal from this blood component, we
show state-of-the-art performance on out-of-distribution samples without
sacrificing performance for in-distribution samples. We implement our
framework on a custom-built multiresolution hash encoding backbone
to enable practical dataset-scale representations through a 50x speed-up
over traditional INRs. We also present a dataset of optically challenging
out-of-distribution scenes to test generalization to real-world scenarios.
Code and data may be found at https://implicitppg.github.io/.

Keywords: Implicit neural representations · Remote plethysmography

1 Introduction

Neural scene representations have gained significant prominence over recent
years. The ability to use neural networks as function fitters and encode scene in-
formation within their weights has found considerable applications for tasks such
as image representations [20,27,40,44], scene representations [15,39,54,61], radi-
ance fields [18,29,30] and video representations [7,9,25]. Consistent among these
applications is the need to fit all possible scene variations without selectivity.

However, for the task of remote plethysmography, the contactless monitoring
of heart rate information from face videos via subtle skin color variations, select-
ing for the blood flow is required. Therefore, this indiscriminate fitting behavior
of current implicit neural representations (INRs) is a significant drawback: both
the signal and interfering factors will get fitted. Prior work [6, 16, 36, 49] has es-
tablished the low Signal-to-Noise Ratio (SNR) of the measurement (in this case,
the facial image) as the source of remote photoplethysmography (rPPG) perfor-
mance degradation. Previous methods generally fall into two categories: signal
processing-based or deep learning-based. These two classes have established a
trade-off between domain generalizability and in-distribution performance.

Signal processing techniques improve signal strength by using model-based
assumptions (such as band-pass filters or simple coloration models [11, 51]).
These usually lead to relatively larger heart rate estimation errors. Recently,
learning-based methods [8, 57, 58] for plethysmography have achieved state-of-
the-art (SOTA) performance through end-to-end data-driven approaches. How-
ever, these methods suffer from generalization issues, where samples that are
“out-of-distribution” (OOD) may show unspecified and often undesirable behav-
ior due to overfitting.

We propose an INR-based framework to improve the plethysmograph sig-
nal strength in facial videos before estimating the blood volume pulse signal.

https://implicitppg.github.io/
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Fig. 2: Our implicit representation for rPPG achieves Pareto-optimality
across out-of-distribution (OOD) performance and inter-distribution parity
compared to prior algorithmic and learning-based methods. It performs better
on OOD samples while maximizing parity between in-distribution and OOD perfor-
mance. Table 1 shows metrics used for this plot. Higher is better along both axes.

Specifically, we introduce a new Appearance-Blood (or A-B) decomposition for
facial video data. The decomposition is designed to improve the plethysmograph
signal quality across the face. We show that the representation capacity of care-
fully designed INRs, with architectures motivated by light transport principles
of the problem (namely the nature of subtle skin color variations due to the
plethysmograph signal), can enable such a decomposition, allowing isolation of
the relevant blood component. Conventional INRs, however, are slow to train,
thereby making them intractable for dataset-scale analyses. We use multiresolu-
tion hash encodings inspired by [32] to facilitate fast A-B decomposition. To the
best of our knowledge, we propose the first camera-based rPPG method that uses
implicit neural representations as a critical component of the estimation pipeline.
Different from prior methods, we focus on both in and out-of-distribution per-
formance (specifically, optically challenging OOD).

On a self-collected dataset of optically challenging OOD scenes, our method
surpasses existing algorithmic and learning-based methods (Figure 2) with re-
liable plethysmograph and heart rate estimates. Notably, we achieve this OOD
performance gain without compromising on in-distribution performance on rPPG
datasets (Figure 1). As an additional outcome, we can obtain high-fidelity esti-
mates of the plethysmograph signal strength (referred to as neural signal strength
mask) across the face that generalize with high fidelity to OOD scenes and set-
tings such as face paint, masks, glasses, and even reflection from windows. In
summary, our contributions are as follows:

1. We formulate Appearance-Blood (A-B) decomposition as a means of en-
hancing plethysmograph signal strength. We show that carefully designed
implicit neural representations can serve as efficient A-B decomposers and
propose a fast method to achieve this.
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2. This decomposition is the foundation for our proposed rPPG estimation
method. On our optically challenging OOD dataset, our method shows sig-
nificant improvements in performance over prior algorithmic and learning-
based methods (Figure 2) without losing out on in-distribution performance.

3. An optically challenging test dataset, consisting of 104 videos (� 1 hour of
recorded data) across various optically challenging and OOD configurations,
is collected and will be released upon acceptance of this work.

1.1 Scope

This work establishes the effectiveness of fast INRs to learn desired components
of video data selectively - in this case, plethysmograph information. Other appli-
cations, such as video-based blood oxygenation and blood pressure estimation,
require accurate plethysmography as a necessary first step. However, these appli-
cations are open research problems and is outside this work’s scope. Furthermore,
motion-robust rPPG is an open challenge and requires extensive research on its
own. While this is not our primary goal, and our proposed method is not de-
signed to combat motion artifacts, we test performance on motion videos and
find our method competitive (supplement). Finally, we acknowledge that OOD
is multi-faceted. This work primarily focused on optically challenging scenes and
achieved SOTA results while secondarily validating performance on real-world
obfuscations such as talking (and associated motions).

2 Related Work

Implicit Neural Representations. Implicit neural representations (INRs) are an
increasingly prevalent method to represent scenes. Examples settings include im-
age representations [20,27,40,44], video representations [7,9,25], and 3-D scene
representations [15,39,54,61]. Specifically, this work is interested in the class of
video-based representations. These include methods that use convolutional net-
works [7], phase-based motion-adjustable representation [25], space-time super-
resolution [9] and flow fields for space-time viewpoint synthesis [13,19]. We take
inspiration from these prior methods but have different goals. We aim to use
the video representation capacity of implicit networks to isolate imperceptible
physiological phenomena, such as plethysmograph signals.

Fast Implicit Neural Representations. A critical drawback of INRs is the time
taken to train the networks for dataset scale experimentation and inference.
Recent work, however, has taken a step toward alleviating this concern. [28]
have proposed using a latent feature-based modulation network to generalize
implicit representation models to model a broader range of images for faster
convergence. Further, specialized toolboxes have been released to accelerate the
training time of NeRFs [18,32]. In this work, we are interested in employing [32]’s
parametric multiresolution spatial-hash encodings as inputs to a shallow MLP.
Using this foundation, we extend the framework to video INRs, specifically for
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generalizable, robust camera-based plethysmography. This technique can achieve
orders of magnitude improvements in training time for INRs.

Remote Plethysmography.Heart rate estimation using rPPG has been actively
studied. Early methods were based on algorithmic principles of color varia-
tions [11, 51] or motion based on Newtonian reaction to blood �ow [4]. Such
methods are not limited to use with RGB cameras. Near Infrared (NIR) Imag-
ing with active illumination has been employed to combat the e�ects of unreli-
able illumination in the visible (VIS) spectrum [24]. Augmented reality [14] is
another avenue for this research. Deep learning approaches have also been uti-
lized to attain SOTA results. [8] used an attention-based Convolutional Neural
Network (CNN) while [57] introduced spatio-temporal CNNs. Other work has
extended these architectures [35], including using transformers [58], incorporated
meta-learning [17], improved PPG waveform characteristics [45], and augmented
rPPG datasets with synthetic examples [3, 53]. Another class of methods fo-
cuses on improving equity between groups, such as participants of di�erent skin
tones [16,36]. These include algorithmic methods [6] or multimodal fusion meth-
ods [49]. Methods for assessing and improving equity are not restricted to rPPG
and extend to a range of computer vision problems [5,16,42,52,56,59].

3 A -B Decomposition and Optimality

We begin with describing the mathematical underpinnings of rPPG and propose
the notion of appearance-blood (A � B ) decomposition and its bene�ts.

Fundamentally, the rPPG signal is subtle, making its estimation di�cult.
While contemporary methods [8,57,58] circumvent this through deep networks,
they fare poorly on OOD samples. This necessitates a generalizable method
capable of extracting the rPPG signal without relying on domain-speci�c features
that tend to over�t. This motivates our functional decomposition.

Given spatial coordinates x 2 [� 0:5; 0:5]2, and temporal coordinate t 2
[� 0:5; 0:5], the face videos are interpreted as RGB color �eldsC(x; t). This
color �eld consists of specular re�ections that act as interference and di�use
components arising from subsurface scattering containing plethysmograph infor-
mation. We wish to decompose the color signal into a signal amplitude compo-
nent, pm (x ; t), and a temporal plethysmograph signalpi (t), our desired signal.
However, the relation betweenpm (�; �) and pi (�) is non-linear in nature.

Under reasonable assumptions, we show color signals can be decomposed as:

C(x; t) = A(x; t) + B(x; t) + vn (x ; t) ; (1)

where A(x; t) represents the facial appearance (orA -function) - including spec-
ular highlights - which is interference. B(x; t), the blood component (or B-
function), contains the spatiotemporally varying color changes arising out of
blood �ow (plethysmography) that incorporates pm (�; �) and pi (�). vn (�; �) repre-
sents the measurement noise in the process. We will refer to this decomposition
as the A � B decomposition. Then, the following Theorem holds.
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Theorem 1: The A�B decomposition results in aB-function with a Signal to In-
terference & Noise Ratio SINR B (x ; t), such that SINR B (x ; t) � SINR C(x ; t):
That is, the A � B decomposition leads to an SINR gain.
Note that Theorem 1 is an existence proof. It describes the existence of SINR
bene�ts as a result of ideal decomposition, motivating its necessity in our real
applications. Additionally, while SINR is computed across time, we also wish
to model temporal variations due to lighting, pose changes, etc. This is what
t-dependence for SINR denotes.
Corollary 1: Given an A�B decomposed video �eldC(x; t), the Maximal Ratio
Combining (MRC)-optimal estimate for the plethysmographpi (t) is given by,

bp�
i (t) =

Z

x 2 

SINR B (x ; t)B(x; t)dx; (2)

where 
 = [ � 0:5; 0:5]2, the domain of x as previously de�ned.

This is the notion of near-optimal plethysmography we aim to achieve. De-
tailed derivations for this section can be found in the supplement.

3.1 Optimal Plethysmography and Uncertainty

Equation 2 can also be interpreted in the context of uncertainty minimiza-
tion [38]. In a discrete setting with N pixel locations f xgN

i =1 , each pixel is viewed
as a sensor and the signal strength,SINR B (x ; t) is a proxy for the uncertainty or
unreliability. Then the problem of estimating bp�

i (t) can be interpreted as Bayesian
inference. With assumptions on prior and posterior distributions, it can be shown

that the posterior bp�
i (t) is Gaussian with mean

P N
i =1 SINR B (x i ;t ) �B (x i ;t )

P N
i =1 SINR B (x i ;t )

(best pos-

terior estimate, a discretized and normalized version of Equation 2) and variance
1=(

P N
i =1 SINR B (x i ; t)) . Since Equation 2 represents maximal ratio combining,

P N
i =1 SINR B (x i ; t) / SINR cp�

i ( t ) ( [43], Equation 31, 32), then, uncertainty (or

the variance in the posterior) is inversely proportional to SINR of bp�
i (t). Optimal

plethysmography therefore becomes akin maximization of SINR, or minimization
of uncertainty of bp�

i (t). Please refer to the supplement for derivations.

4 A -B Decomposition Using INRs

This section explores conditions forA -B decomposition function approximators.
We �rst establish necessary conditions that A -B decomposers must meet and
then explore how INRs can be designed to perform such decomposition.

4.1 Functional Decomposition

Consider two functions, Â (x ; t; � A ) and B̂(x; t; � B ), parameterized by � A and
� B , that aim to represent A (x; t) and B(x; t) respectively. To perform an A-B
decomposition, we wish to �nd functions that satisfying:
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Fig. 3: Sinusoidal Representation Networks (SRNs) can represent both A
and B-functions, while phase-based methods only represent the A -function.
(a) SRNs, such as [44], can capture PPG color variations almost perfectly, while
(b) phase-based motion representations, such as [25] are unable to capture it.

dA (Â (x ; t; � �
A ); A (x; t)) � � A ;

dB (B̂(x ; t; � �
B ); B(x; t)) � � B ;

dB (Â (x ; t; � �
A ); B(x; t)) � � B :

(3)

where � �
A and � �

B are optimal parameters, anddA (�; A (x; t)) and dB (�; B(x; t))
are some component-dependent metric distances. This quanti�es the requirement
that Â (x ; t; � A ) is able to represent theA-function but not the B-function.

We choose distance measures,dA (F ; A (x; t)) = jjF � A (x; t)jj2; 8 F ; such
that the appearance metric distance rewards pixel-wise closeness. Similarly,

dB (F ; B(x; t)) = jH (F ) � H (B(x; t)) j; 8 F ; (4)

where H (�) is a heart rate estimator function. By �nding functions that satisfy
the constraints in Equation 3, we can achieveA-B decomposition by sequentially
learning Â (x; t; � A ) and B̂(x; t; � B ). A detailed mathematical analysis of this
formulation is deferred to the supplement.

4.2 Identifying Implicit A -B Decomposers

Prior work on video magni�cation through Laplacian [55] and phase-based [50]
pyramids is instructive. While the Laplacian pyramid-based approach [55] can
magnify blood �ow due to color changes, the phase-based method [50] cannot
magnify blood �ow. With this intuition, we use the metrics de�ned in the pre-
vious section to identify approximations for A & B. We �rst look at phase-
modulated INRs for motion modeling [25]. The key inductive bias here is pa-
rameterizing time as phase modulation in positional encodings [30,46].
Empirical Claim 1 (based on observations): Phase-based implicit models (mod-
els with phase-encoded input embeddings) cannot represent plethysmograph sig-
nals accurately, in terms of the metric in Equation 4. (Figure 3(b))
While this can be viewed as a limitation of phase-based INRs, we use it to our
advantage: phase-based models can beA-function estimators (Equation 3).

We next look at sinusoid representation networks (SRNs), such as [20,40,44].
Empirical Claim 2: SRNs are goodA, B-function approximators. (Figure 3(a))
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Fig. 4: To enable fast A -B decomposition, we use implicit neural representa-
tions as decomposing function �tters. Training is done sequentially: �rst, the cas-
caded appearance model learns theA -function. Then, the appearance model is frozen,
and the residual model learns the B-function, thereby completing the decomposition.
The use of multiresolution hash encodings makes dataset-scale decomposition viable.

However, being able to represent bothA and B makes SRNs incapable ofA -B
decomposition. This pair exactly satisfy the constraints in Equation 3. Hence,
Empirical Claim 3: A phase-based model can serve aŝA (x; t; � �

A ), while an
SRN can serve asB̂(x; t; � �

B ), when trained sequentially.
Justi�cations for all claims may be found in the supplement. However, naive
use of prior work [25,44] forA -B decomposition poses a training time problem.
Using variants of [25] and [44] asA and B-function estimators, respectively, we
noted a training time of 20 minutes for a 2-second long video with a resolution
of 128� 128. Such compute times are infeasible for dataset-scale experiments.

5 Hash Encodings for A -B Decomposition

In this section, we propose high-speed INR-basedA-B decomposition. Specif-
ically, to address the slower speeds of traditional INRs, we pivot to a faster
framework and show design INRs forA -B decomposition within this framework.

Inspired by recent work in instant neural graphics primitives [32], we propose
using a multiresolution hash input encoding (MRHE)-based framework forA -
B decomposition. A critical aspect is using the spatial hash function for video
�elds. Spatial hash functions [34, 47] are typically 2-D and 3-D extensions to
the prevalent hash tables. We use this principle to model the spatio-temporal
coordinates(x; y; t ) as a 3-D space. We posit that the 3-D spatial hash function
can e�ectively model this space without violating any temporal constraints.

5.1 Cascaded Appearance Model Â (x ; t ; � A )

As discussed in Section 4.2, phase-based INRs [25], are e�cientA -function rep-
resenters. However, a direct translation of this concept to MRHEs is intractable,
i.e., replacing the sinusoidal positional encodings with the faster MRHE makes
phase incorporation infeasible. For sinusoidal encodings, phase modulations are
akin to o�sets. Thus, we propose to incorporate the time-to-phase conversion
through learned spatiotemporal o�set. The appearance model has two stages:
the �rst maps spatio-temporal coordinates to positional o�sets in the MRHE.
The second is queried using the o�set positions to generate video frames.
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Fig. 5: Using the estimated B-function with the original video, we learn high-
�delity neural signal strength masks. The network takes the original RGB frames
and the B-function estimate as inputs and returns a spatial strength mask. Training
is supervised through an auxiliary 1-D CNN whose training target is the prediction of
an accurate plethysmograph. The 1-D CNN is discarded post-training, and the learned
mask model is used at inference time on theB-function to estimate rPPG.

Rather than considering a single o�set vector in R2 for the entire frame
(as [25] do for phase estimation), we estimate the o�set,� x 2 R2, for each point
in the spatio-temporal grid. That is, � x = f A 1 (x ; t). The estimated o�sets
are added to the original spatial coordinates, which are then used to query a
second modelf A 2 (x + � x). Translating Empirical Claim 1 from phase-based
to o�set-based models, we summarize our o�set-adjustable cascaded appearance
model asÂ (x; t; � A ) = f A 2 (x + f A 1 (x ; t)) . The architecture and loss functions
are elaborated on in the supplement. Figure 4 details this pipeline.

5.2 Residual Plethysmograph Model B̂(x ; t ; � B )

We use a shallow sinusoidal model with MRHE,f B (�; �), as our B-function esti-
mator. In line with Empirical Claim 3 , we train the residual plethysmograph
network sequentially after the cascaded appearance model. While training, we
freeze the cascaded appearance model and train the residual plethysmography
network on the di�erence between the original video input and the output of the
estimated appearance �eld. That is, B̂(x ; t; � B ) = f B (x ; t).

The resulting residual plethysmograph model is shown to compensate for
the cascaded appearance model's inability to retain the plethysmograph signal.
When queried, the model yields a spatio-temporal estimate of the plethysmo-
graph signal. The supplement contains relevant implementation details.

6 rPPG Estimation

The previous section enables us to learn an estimator forB(x; t), which is one
part of the SINR optimality (and hence uncertainty minimization) from Equa-
tion 2. In this section, we proceed towards rPPG estimation from theB-function
using high-�delity neural signal masks.

Figure 5 highlights our proposed pipeline. Built on a 3-D CNN backbone, we
indirectly supervise the spatial-attention-based network architecture with PPG
waveforms. The model accepts the RGB input �eld concatenated withB̂(x ; t) (a
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combined 6-channel input) to estimate a mask. Here,I (x ; t) =
h
C(x; t) ; B̂(x ; t)

i
,

where I (x ; t) is the input to our SINR mask estimator. Limited by compute
requirements, we relax the temporal component and only consider the �rst 64
frames (of the 300 frames) to compute a single mask for 10 seconds. End-to-end
the network can be summarized asSI bNR B (x) = f SINR (I (x ; t) ; � SINR ) :

It must be noted that while we only estimate a single mask for a 10-second
video, our experiments show that our method is competitive even in the presence
of natural motions like talking and head swaying (supplement). The SINR mask

SI bNR B (x) is directly used computey1(t) =
P

x SI bNR B (x ) � I (x ;t )
P

x SI bNR B (x )
; where y1(t) is

a time-series obtained from the 6-channel weighted spatial average of the input.
The 6-channel time-series signal is then passed through a 1-D CNN to yield

a re�ned temporal estimate of the plethysmograph signal,p̂ (t). Note that this
network is not used to generate the �nal estimates but to supervise the neural
signal strength mask model indirectly. The whole pipeline is supervised end-to-
end with the ground truth plethysmograph signals. Implementation details and
further mathematical formulation are provided in the supplement. As a result
of the architecture being based on the optimality constraint in Equation 2, the
inferred masks are expected to be near SINR-optimal. This also means near
optimality in terms of uncertainty minimization.

As in prior learning approaches, the neural regressor over�ts the waveform,
making it sub-optimal for OOD. Hence, we only retain f SINR (�). The neural
signal masks are combined withB̂ to estimate the rPPG signal. We follow [48]
and utilize only the green channel. Advanced algorithms [11,51] exist that utilize
other channels, but they rely on the A-function [11,51]. We perform detrending
and Butterworth �ltering for heart rate estimation as in [51].

7 Results

7.1 Experimental Setup

Datasets All methods are trained on two prior datasets [49, 53]. We also test
our method on a self-collected Institutional Review Board (IRB) approved opti-
cally challenging OOD dataset. While we mainly focus on our dataset for OOD
analysis, we also present results of cross-dataset inference. In our OOD dataset,
we share full participant videos (without identifying information such as names),
but only after recording contact details of dataset users. The dataset is released
after potential users �ll out a request form. Further details are in the supplement.

Evaluation Metrics We adopt the heart rate (HR) performance metrics from [49].
These include Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), Root Mean Squared Error (RMSE), Pearson correlation coe�cient (r)
and the Threshold test (T-Test) [2,31,33]. Since our goal is OOD generalization,
we propose �r-consistency� as the similarity metric between the Pearson coe�-
cients of the in-distribution (ID) and OOD samples, calculated as a harmonic
mean. A detailed discussion of this metric is present in the supplement.
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Table 1: Performance on our OOD dataset considerably favors our method
over prior work. We measure inter-distribution parity via the r-consistency metric.
In-distribution values for r are given in Table 2. For algorithmic methods (non-learning),
r-consistency on the datasets from [53] and [49] are shown in parenthesis. The best and
second-best-performing numbers are highlighted in green and yellow, respectively.

OOD Performance Metrics Inter-Distribution Parity Metric

Method T-Test (APE %) # MAE # MAPE # RMSE # r " r-consistency "

Green [48] 31.54 7.80 9.84% 14.56 0.47 (0.54, 0.52)
POS [51] 31.92 8.02 11.06% 14.87 0.47 (0.60, 0.62)
CHROM [11] 36.73 9.32 12.62% 15.85 0.40 (0.53, 0.55)
ICA [41] 31.15 8.17 10.50% 15.32 0.41 (0.5, 0.51)

Tr
ai

n
on

[5
3]

DeepPhys [8] 78.27 18.64 23.19% 23.23 0.07 0.03
TS-CAN [21] 77.12 18.46 23.24% 23.31 0.00 0
E�cientPhys [22] 32.12 12.23 16.78% 23.40 0.31 0.46
PhysNet [57] 33.65 8.64 11.09% 16.14 0.35 0.51
PhysFormer [58] 48.46 10.41 13.26% 15.54 0.24 0.38

Ours 18.08 5.10 6.81% 12.02 0.62 0.73

Tr
ai

n
on

[4
9]

DeepPhys [8] 77.88 17.94 22.44% 22.49 0.07 0.02
TS-CAN [21] 75.58 17.65 22.02% 22.02 0.01 0
E�cientPhys [22] 44.23 13.85 18.28% 22.84 0.19 0.28
PhysNet [57] 48.46 11.24 14.27% 17.47 0.32 0.48
PhysFormer [58] 39.81 9.58 12.59% 15.14 0.32 0.48

Ours 16.15 4.61 6.07% 11.65 0.65 0.78

Evaluation Con�guration We gauge performance of all methods via HR es-
timations from the power-spectral density. These estimations are carried over
300-sample windows (10 seconds), with a stride of 128 samples. Following [49],
we validate4 the learning-based methods by performing six-fold cross-validation
while averaging across the entire dataset for algorithmic methods. Similarly, we
construct three folds for [53] to evaluate the learning methods. Please refer to
the supplement for details, including visualization of signal strength masks.

Figures 6 and 7 show the results of our algorithm against the baseline meth-
ods. For ease of interpretability, we correct for random phase lag between the
face (site of signal measurement) and �nger (site of ground truth measurement).

7.2 Out of Distribution Plethysmography

We use our self-collected optically challenging dataset to benchmark OOD per-
formance. While we primarily employ this dataset, we acknowledge that this is
not the only notion of OOD. Hence, we also perform cross-dataset inference as
part of the evaluation protocol to measure generalization capacity.

Optically Challenging OOD Evaluation Table 1 presents a quantitative
analysis of OOD performance. Learning-based methods are trained on the datasets
from [53] and [49], and the best fold is chosen for OOD inference.

Given their capacity to memorize distinguishable patterns, learning meth-
ods [57,58] handle input noise better than algorithmic methods for in-distribution

4 Baselines are con�gured, where possible, using the toolbox from [23].
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Table 2: In-distribution and Cross-dataset OOD performance across two
datasets - [49] and [53] shows comparable or superior performance compared
to prior methods. Across in-distribution and cross-dataset validation, our method
is the most consistent compared to SOTA methods. The best-performing and second-
best-performing numbers are shown in green and yellow, respectively. There are 4
quadrants: 1st - top left, 2nd - top right, 3rd - bottom right and 4th - bottom left.

Test on [53] Test on [49]

Method T-Test (APE %) # MAE # MAPE # RMSE # r " T-Test (APE %) # MAE # MAPE # RMSE # r "

Tr
ai

n
on

[5
3]

Green [48] 12.19 3.71 4.75% 10.27 0.64

Not Applicable
POS [51] 6.19 2.03 2.84% 6.75 0.84
CHROM [11] 9.66 2.74 3.81% 7.92 0.78
ICA [41] 9.74 2.94 3.83% 9.15 0.71

DeepPhys [8] 72.70 16.33 21.32% 20.43 0.02 76.26 18.21 22.79% 22.34 0.02
TS-CAN [21] 74.50 16.69 21.87% 20.69 0.01 77.17 18.28 23.17% 22.38 0.03
E�cientPhys [22] 2.26 1.02 1.59% 5.51 0.88 4.47 1.67 2.27% 5.90 0.89
PhysNet [57] 2.76 0.94 1.37% 4.69 0.92 3.58 1.19 1.59% 3.75 0.96
PhysFormer [58] 4.33 1.28 1.72% 5.03 0.90 25.08 6.50 8.58% 12.28 0.54

Ours 3.22 1.21 1.78% 5.61 0.88 4.39 1.66 2.17% 4.69 0.94

Tr
ai

n
on

[4
9]

Green [48]

Not Applicable

19.58 6.27 7.53% 14.27 0.57
POS [51] 6.00 2.13 2.78% 6.54 0.89
CHROM [11] 8.07 2.38 3.07% 6.72 0.89
ICA [41] 17.15 5.13 6.00% 12.21 0.66

DeepPhys [8] 73.85 16.60 21.66% 20.55 0.00 77.43 18.46 23.26% 22.46 0.01
TS-CAN [21] 75.30 17.03 22.35% 20.96 0.03 77.36 18.61 23.49% 22.76 0.00
E�cientPhys [22] 11.45 4.44 6.43% 13.46 0.53 21.58 6.50 8.53% 14.08 0.53
PhysNet [57] 66.44 14.04 19.72% 17.81 0.06 4.72 1.48 1.87% 4.480.93
PhysFormer [58] 22.74 5.27 7.34% 9.93 0.62 2.96 1.06 1.37% 3.35 0.96

Ours 3.16 1.16 1.69% 5.33 0.89 3.34 1.22 1.61% 4.01 0.96

inference. However, this also leads to poorer generalizability on our OOD dataset,
as emphasized by both the Pearson coe�cient (r) and the �r-consistency� met-
rics. In contrast, algorithmic methods rely on deterministic heuristics. While this
promotes good generalizability, it makes them extremely sensitive to factors such
as lighting, occlusion, etc., leading to generally poorer performance.

Our proposed method maximizes signal strength while avoiding over�tting
to the training distribution. We are, therefore, Pareto-optimal in both OOD per-
formance and inter-distribution parity (Figure 2) regarding the T-Test value and
�r-consistency� score. Our method is both the best and second-best performing
method, outperforming Green (the best baseline) with 48.8% and 40.9% reduc-
tion in T-Test and MAE values. Clinically, this implies an almost 2x reduction
in the number of participants on whom the method fails following the AAMI
standard. Further granular analysis can be found in the supplement.

Cross-Dataset OOD and In-Distribution Evaluation Another notion of
OOD is a cross-dataset generalization. Domain shifts between datasets result
from di�erences in hardware and acquisition conditions. Learning-based methods
tend to over�t the training data. Our experiments use datasets from [53] and [49]
for their size and diversity. Table 2 indicates that while deep learning methods
perform well in-distribution ( 1st and 3rd quadrant), they cannot maintain the
same level of performance for cross-dataset inference (2nd and 4th quadrant).
Algorithmic methods have no notion of cross-dataset evaluation. When trained
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(a) Vid. (b) [48] (c) [58] (d) Ours (e) GT

Fig. 6: Across challenging OOD optical settings, the proposed method can
capture details of the plethysmograph waveform compared to prior meth-
ods. Results shown use models trained on the dataset proposed in [49], where appli-
cable. Additional results are presented in the supplement.

on [49] and tested on [53] (4th quadrant), we outperform all prior work. In the
reverse scenario (2nd quadrant), we are the second-best, marginally behind [57].

Despite OOD being our central focus, our model o�ers results comparable
to SOTA algorithms even for in-distribution evaluation. Our method is within
0.3 bpm MAE compared to all top baselines (a di�erence that is not clinically
signi�cant). Additionally, our method shows a sub 0.5 bpm standard deviation of
MAE across various folds used for evaluation in all con�gurations. Overall, our
method is the most consistent across all quadrants while yielding errors within
2 bpm MAE, which most likely would be clinically accurate.

7.3 Qualitative Comparison

In Figure 6, we assess the qualitative waveforms generated on our optically chal-
lenging OOD dataset. We compare our method against the best-performing al-
gorithmic and deep learning methods from Table 1, i.e., Green [48] and Phys-
Former [58] respectively. For the representative samples, our method is superior
in performance and can retain the shape of the plethysmography signal. The
second scene, with the mask and glasses, especially highlights these gains. We
also show superior rPPG estimation for extreme scenes (window re�ections).

In Figure 7, we assess qualitative waveforms from in-distribution inference
samples from [49]. We compare our method with PhysFormer [58] and POS [51]
as the best-performing in-distribution deep learning and algorithmic methods.
Our method retains both the frequency information and salient features of the
waveform across diverse skin tones in the dataset.
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0.1 bpm error 0.2 bpm error 0.0 bpm error

59.2 bpm error 1.1 bpm error 0.3 bpm error

(a) Vid. (b) [51] (c) [58] (d) Ours (e) GT

Fig. 7: In distribution inference on a diverse dataset. Our method better cap-
tures rPPG waveform details across skin tones for in-distribution evaluation on [49]
dataset. While our method and [58] both perform reasonably well across skin tones, [58]
does so with poorer OOD performance (Figure 6). More results in the supplement.

8 Discussion

We propose an INR for camera-based rPPG. We introduce the concept of A-B
decomposition and propose an INR architecture to achieve this at scale. The
proposed model is evaluated on a dataset of optically challenging OOD partic-
ipants in addition to existing datasets. Our model performs best on the OOD
dataset while comparable to SOTA for in-distribution validation.

8.1 Limitations

Being the first method using INRs for rPPG, limitations exist. First, while we
reduce runtime over traditional INRs (as discussed in the supplement), and some
rPPG methods report comparable runtimes [26], this is an avenue for future
improvement. Second, while the proposed method is competitive for challenging
scenes like talking and motion (supplement), these problems remain open.

8.2 Societal Impacts and Ethical Considerations

We focus on rPPG in optically challenging scenes (Section 1.1) due to factors like
lighting, facial occlusions (masks, glasses, medical equipment), etc. Robustness
to such settings enables applicability in settings like hospital rooms, classrooms,
driving, etc. Additionally, prior work [1, 37] has shown promise in using rPPG
for tasks like biometrics and forensics, and OOD-robustness will bring these
applications one step closer to real-world deployment. Finally, these methods
can also potentially be applied to other modalities and vital signs [10,12,60].

Technological solutions enabling healthcare for all, like this work, are relevant
for social good. However, technology with clinical impact should only be deployed
once the method is provably robust. Our method takes a step in that direction,
but a pipeline of similar papers is needed to enable real-world rPPG deployment.
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