
Supplemental Materials
Tricam-rPPG: A Multimodal Multispectral
Dataset for Remote Photoplethysmography

Abhijit Sarkar , Surendrabikram Thapa , Ishtiaque Ahmed Khan ,
Yogesh Deshpande , and A. Lynn Abbott

Virginia Tech, Blacksburg, Virginia, USA

A.1 Introduction

This document provides additional material to complement the main paper,
Tricam-rPPG: A Multimodal Multispectral Dataset for Remote Photoplethys-
mography. The goal of the supplemental material is to provide deeper insights
into the dataset design, theoretical motivation, and analysis procedures that
support the contributions presented in the main manuscript.

Remote photoplethysmography (rPPG) enables contactless recovery of phys-
iological signals from subtle changes in skin appearance captured by cameras.
While recent advances in computer vision and deep learning have significantly
improved rPPG performance, many existing datasets rely primarily on RGB
imaging and provide limited support for studying spectral variability, sensing
bias, and robustness across demographic groups. The Tricam-rPPG dataset ad-
dresses these limitations by providing synchronized recordings from three co-
located cameras: a high-resolution RGB camera and two near-infrared (NIR)
cameras operating at 850 nm and 940 nm, together with physiological ground
truth collected using a fingertip PPG sensor.

The supplemental material expands on several aspects of the dataset and
experimental framework that could not be described in detail in the main paper
due to space constraints. In particular, this document includes:

– additional theoretical motivation for using NIR sensing to mitigate pigmen-
tation dependent attenuation effects in rPPG signals,

– additional discussion of the limitations of existing rPPG datasets and how
the proposed dataset addresses these gaps,

– extended descriptions of the acquisition setup, instrumentation, and experi-
mental protocol used during data collection,

– further information about data preprocessing, metadata generation, and
dataset structure

– supplementary benchmarking results and analysis using standard rPPG al-
gorithms.

– Additional results from LSTM model showing the effect of NIR data on
darker skin tone.
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Together, these materials provide a more comprehensive description of the
Tricam-rPPG dataset and are intended to facilitate reproducibility, enable deeper
analysis of multispectral rPPG signals, and support future research on robust
and fairness-aware physiological sensing.

This paper mainly focus on the Dataset aspect. Hence, we do not provide a
detailed literature review for all methods developed over the last two decades.
Reader may refer to previous works [7, 19,32].

A.2 NIR effectiveness for skin with high melanin
concentration

A.2.1 Motivation

Most previous work on imaging-based rPPG has relied extensively on sens-
ing in the visible band. However, studies have shown that performance suffers
as melanin concentration increases. As an alternative to RGB cameras, near-
infrared (NIR) sensing shows promise because melanin absorption decreases sub-
stantially as wavelengths increase into the NIR region Inclusion of NIR-based
sensing potentially reduces pigmentation-induced variability in reflectance and
improves SNR parity across skin tones [12]. However, NIR alone does not guar-
antee fairness because exposure/ISP effects can reintroduce group-dependent
distortions, motivating datasets and evaluations that disentangle algorithmic ef-
fects from acquisition physics [24]. In this section we aim to show how NIR
characteristics for skin tones has potential to reduce bias.

Assuming skin to be Lambertian [13,34], for a narrowband channel centered
at wavelength λ (e.g., 850 nm or 940 nm), we write a simplified measurement
model

Iλ(t) = g(E(λ)S(λ)R(λ, t)) + nλ(t), (A.1)

where E(λ) is the illumination spectral power, S(λ) is the camera spectral sen-
sitivity, R(λ, t) is diffuse skin reflectance, g(·) captures camera/ISP nonlinearity
(e.g., exposure control, gain, tone mapping/gamma), and nλ(t) denotes noise.
This formulation explicitly separates optical/tissue factors from system factors,
aligning with rPPG practice where exposure and ISP choices strongly influence
recoverable physiology [24].

In scattering biological tissue, diffuse reflectance depends on the tissue’s ab-
sorption coefficient µa(λ, t) and reduced scattering coefficient µ′

s(λ) [11,12]. We
express this dependency as

R(λ, t) = f(µa(λ, t), µ
′
s(λ)) , (A.2)

where f(·) is a smooth function determined by the diffusion approximation
or related radiative transfer models. The absorption coefficient µa(λ, t) rep-
resents the rate at which light energy is absorbed per unit path length. Un-
der Beer–Lambert modeling for mixed absorbers, the absorption coefficient can
be expressed as a linear combination of chromophore concentrations and their
wavelength-dependent extinction spectra [10,12]:
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µa(λ, t) =
∑
i

ci(t) εi(λ). (A.3)

Following standard tissue optics and modeling, the absorption coefficient is
written as a sum of chromophore contributions [10,12]:

µa(λ, t) = cmel εmel(λ) + cHbO2(t) εHbO2(λ) + cHb(t) εHb(λ) + µa,bg(λ), (A.4)

where cmel captures melanin concentration proxy of the skin tone, while cHbO2
(t)

and cHb(t) captures the concentration from oxygenated and deoxygenated hemo-
globin and varies with the cardiac cycle. The terms ε·(λ) are corresponding
extinction/absorption spectra, and µa,bg(λ) accounts for other approximately
time-invariant absorbers.

The extinction coefficient of melanin, εmel(λ), is a wavelength-dependent in-
trinsic optical property measured experimentally. Extensive spectroscopy studies
report that melanin absorption decreases monotonically with increasing wave-
length from the visible into the near-infrared range [2,12]. Empirically, melanin
absorption in the NIR (e.g., 800–1000 nm) is substantially lower than in the
green-visible range (500–600 nm). Consequently, the sensitivity of tissue absorp-
tion to melanin concentration diminishes as wavelength increases into the NIR.
These observations show that most rPPG methods might be biased by sensor
design and not only by limitations of data diversity limitations.

A.2.2 From chromophore absorption to reflectance variability

Equation (A.4) describes how tissue absorption arises from a combination of
chromophore concentrations and their wavelength-dependent extinction spec-
tra. Among these components, melanin concentration cmel primarily captures
variations in skin pigmentation, while hemoglobin terms vary temporally with
the cardiac cycle.

In camera-based rPPG, the observed signal is derived from temporal changes
in reflected light intensity from the skin surface. Since diffuse skin reflectance
depends on the underlying optical absorption and scattering properties of tissue
[11,12], variations in µa(λ, t) propagate to variations in the measured reflectance
signal R(λ, t) used by rPPG algorithms.

Importantly, Eq. (A.4) shows that melanin affects the absorption coeffi-
cient through the product cmelεmel(λ). Because cmel varies across individuals
while the extinction spectrum εmel(λ) is fixed by physics, the magnitude of
pigmentation-driven variability in optical measurements is directly modulated
by the wavelength-dependent absorption spectrum of melanin.

A.2.3 Quantifying pigmentation sensitivity

To analyze how strongly reflectance measurements depend on skin pigmenta-
tion, we formulate the sensitivity of the reflectance signal to changes in melanin
concentration. Specifically, we consider the log-sensitivity of reflectance to cmel,
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which measures the relative change in reflectance induced by changes in melanin
concentration. This quantity provides a convenient scale-invariant measure of
pigmentation influence on optical measurements.

Using the chain rule, this sensitivity can be decomposed into two terms:
(i) the sensitivity of reflectance to absorption and (ii) the sensitivity of absorption
to melanin concentration.

Bounded melanin sensitivity. We quantify pigmentation sensitivity via the log-
sensitivity of reflectance to melanin concentration:

∂ logR(λ, t)

∂cmel
=

∂ logR(λ, t)

∂µa(λ, t)
· ∂µa(λ, t)

∂cmel
. (A.5)

From Eq. (A.4), ∂µa(λ,t)
∂cmel

= εmel(λ), hence

∂ logR(λ, t)

∂cmel
=

∂ logR(λ, t)

∂µa(λ, t)
· εmel(λ). (A.6)

Reflectance in biological tissue varies smoothly with the optical absorption co-
efficient within the physiological range encountered in practice [11, 12]. Conse-
quently, the sensitivity of log-reflectance to absorption remains bounded. We
therefore assume, ∣∣∣∣∂ logR(λ, t)

∂µa(λ, t)

∣∣∣∣ ≤ K(λ), (A.7)

where K(λ) is a wavelength-dependent constant that captures the maximum
reflectance sensitivity to absorption within the operating regime. We obtain the
bound ∣∣∣∣∂ logR(λ, t)

∂cmel

∣∣∣∣ ≤ K(λ) εmel(λ). (A.8)

This last equation states that the maximum melanin-driven variability in log-
reflectance at wavelength λ is proportional to the melanin absorption spec-
trum εmel(λ). Since εmel(λ) decreases substantially into the near-infrared wave-
lengths [12], NIR imaging reduces an upper bound on pigmentation-induced vari-
ability in reflectance—and, by extension, reduces one physics-driven mechanism
that contributes to cross-skin-tone SNR disparities in camera-based physiological
measurement.

Implication and exceptions: NIR offers improvement, but system bias can re-
main. While Eq. (A.8) supports the utility of NIR for reducing sensitivity to
pigmentation, Eq. (A.1) suggests that NIR-based sensing alone is not sufficient to
eliminate bias: E(λ), S(λ), and especially the nonlinearity g(·) (auto-exposure,
gain, tone mapping, compression) can introduce group-dependent distortions and
SNR shifts that are not resolved by data balancing alone [24]. Our hypothesis is
that sensing from two separate bands can be used to mitigate these problems.
For this reason, we have chosen to create a dataset with 2 different NIR bands as
well as the traditional visible (RGB) bands. The availability of video from these
bands will enable controlled studies of residual acquisition-driven bias sources.
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A.3 Limitations of Existing Datasets

Table 1 of the main paper lists several publicly available datasets that include
NIR videos, reinforcing our message concerning growing awareness of the effi-
cacy of sensing in the near-infrared band for rPPG purposes. Our Tricam-rPPG
dataset, which is introduced in this paper, provides several advantages compared
to those previous datasets. The main difference is that our dataset provides 2
NIR videos at different wavelengths (850 nm and 940 nm), whereas all other
systems in the table provide at most 1 NIR video. We have used separate cam-
eras that are identical in spatial resolution and frame rate (60 fps). Further, our
resolution of 2046×2464 pixels is the highest of all datasets in the table. Our
Tricam-rPPG dataset is also the first to provide video from Aria glasses along
with RGB and NIR videos of a person’s face.

For comparison, the earliest dataset in Table 1 providing NIR video is VIPL-
HR [22]. This dataset contains video from a single NIR camera, at 1920×1080
and 30 fps. TokyoTech [18] also provides NIR data from a single band at a high
frame rate but lower resolution of 640×480, using a prototype camera that also
produces RGB video concurrently. The IMVIA-NIR dataest [3] is a collection of
synthetic videos, representing a single NIR band and not including RGB.

The first publically available dataset containing both RGB and NIR video of
faces for rPPG purposes was MR-NIRP [23], providing video from a single NIR
band centered at 940 nm. Spatial resolution was significantly lower than ours
at 640×640, and the frame rate is 30 fps. Another dataset that provides RGB
video and NIR video from a single band (730 to 1100 nm) is DDPM [27], which
uses a high frame rate of 90 fps but lower resolution of 1920×1080.

A.4 Tri-Cam Dataset Collection

A.4.1 Instrumentation and Design

Table A.1 provides a summary of recording devices that were used to create
our Tricam-rPPG dataset. As described in the main paper, this dataset was
obtained using three cameras mounted side by side to collect RGB video as well
as two monochrome NIR videos. All three cameras are products of Allied Vision
Technologies GmbH. The RGB camera model was Alvium 1800 U-508c, and
the NIR cameras were Alvium 1800 U-511m with appropriate optical filters. All
three cameras produced videos at a resolution of 2064×2464 with a frame rate of
60 fps. Illumination sources were provided in the visible spectrum as well as for
the NIR cameras. In addition, participants wore ARIA glasses, which provided
periocular (eye-region) NIR video at 30 Hz, enabling simultaneous analysis of
eye dynamics alongside face/hand recordings. Physiological ground truth was
obtained using a BIOPAC MP46 fingertip system with a sampling rate of 125
Hz.
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Table A.1: Details of recording devices used in the data collection for Tricam-rPPG.

Device Configuration Captured Signal

RGB camera 2064×2464, 60 fps RGB video (face + hand)

NIR 850 camera 2064×2464, 60 fps NIR video (face + hand)

NIR 940 camera 2064×2464, 60 fps NIR video (face + hand)

BIOPAC MP46 125 Hz sampling rate Fingertip PPG

Meta Aria glasses Custom NIR video (eyes), IMU,

A.4.2 Additional Task Description

Participants were guided through 2 sessions, consisting of 6 tasks and 2 tasks,
respectively. The tasks are now described in more detail than was provided in
the main paper. For all cases in which a video was shown to the participant,
audio was also provided.

– Session 1, Task 1 (S1_T1 - 5 minutes): The participant was asked to
sit still and not talk, while facing the computer screen and cameras. The
participant was asked to observe the computer screen, which was dark except
for a simple fixation addition (+) symbol in the center. One purpose of this
task is to provide a baseline for comparing physiological responses.

– Session 1, Task 2 (S1_T2 - 5 minutes): The participant was asked to sit
still and observe the computer screen, which presented a sequence of simple
arithmetic problems and mental calculations. The participant was asked to
solve the problems mentally, however, they are allowed to speak.

– Session 1, Task 3 (S1_T3 - 5-7 minutes): The participant was asked to
sit still and watch a video on the computer screen. The video was chosen to
have content that is relatively calm. It was about traveling and photography
in New Zealand.

– Session 1, Task 4 (S1_T4 - 5-7 minutes): The participant was asked to
sit still and watch a second video on the computer screen. The video was
chosen to have content that altered their affective arousal and valence. It
was a video about a family member passing away and was intended to elicit
feelings of sadness and empathy.

– Session 1, Task 5 (S1_T5 - 5 minutes): The participant was asked to turn
to the side and from the camera. They were allowed to change their posture.
The participant was asked to sit still in that position. This part allowed to
capture the side view face of the participants.

– Session 1, Task 6 (S1_T6 - 5 minutes): The participant was asked to sit
still and not to talk, while facing the computer screen and cameras. The
participant was asked to raise their hand beside their face. This shows the
palm of the participant. This effort was introduced to facilitate research in
studying pulse transit time between body parts.
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(a) S1_T1 (b) S1_T2 (c) S1_T3 (d) S1_T4 (e) S1_T5 (f) S1_T6 (g) S2_T1 (h) S2_T2

(i) S1_T1 (j) S1_T2 (k) S1_T3 (l) S1_T4 (m) S1_T5 (n) S1_T6 (o) S2_T1 (p) S2_T2

(q) S1_T1 (r) S1_T2 (s) S1_T3 (t) S1_T4 (u) S1_T5 (v) S1_T6 (w) S2_T1 (x) S2_T2

Fig.A.1: Example synchronized RGB, NIR 850nm, and NIR 940nm frames across
eight participants in the Tricam-rPPG dataset. Each row corresponds to a modality;
each column corresponds to a participant/session/task.

All of the tasks described above (Session 1) were performed using cool lighting
conditions (8000 K). The two tasks described below (Session 2) were performed
under warm lighting conditions (2700 K).

– Session 2, Task 1 (S2_T1 - 5 minutes): The participant was asked to sit
still, face the computer screen, and read silently from the computer screen.
The screen showed chapter five from Moby Dick [21]. The participant read
out loud. However, the audio was not recorded. This allows us to see how
the rppg can be affected by a person speaking and can also help to study
the effects of the face moving due to speaking.

– Session 2, Task 2 (S2_T2 - 5-7 minutes): The participant was asked to sit
still and watch a third video on the computer screen. It was a video about
South Korean culture and the South Korean city of Seoul. It is a video
elucidating excitement stimuli in the participant.

Figure A.1 Shows some additional example from the dataset across different
participants and different sessions. The first column provides an example for one
participant during Session 1, Task 1, under cool lighting conditions. The fifth
column gives an example from Session 1, Task 5, with the profile view. The sixth
column gives an example from Session 1, Task 6, with the raised hand. The final
two columns show examples for two different participants during the two Session
2 tasks, under warm lighting.

A.5 Data Processing and Metadata

The dataset is preprocessed using standard face detection, facial keypoint esti-
mation, and skin segmentation pipelines. Along with the raw sensor streams, we
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Fig.A.2: Relative changes in HR for each task with respect to the baseline task,
S1_T1, which refers to Session 1, Task 1.

provide several derived attributes to facilitate rapid experimentation. These an-
notations are generated using widely used algorithms. Specifically, we provide:
(1) Camera Data: synchronized recordings from three cameras stored using
lossless compression (uncompressed raw streams are available upon request); (2)
Aria Data: IMU signals, periocular NIR video; (3) PPG Data: raw fingertip
PPG signals from a BIOPAC sensor synchronized with the video streams; (4)
PPG Landmarks: peak locations for each pulse cycle along with a continuous
signal-quality indicator; (5) Facial Keypoints: 468 facial landmarks for every
frame in both RGB and NIR videos [17]; (6) Skin Maps: binary masks indicat-
ing skin pixels for each frame [33]; (7) Patch Intensity Signals: using facial
landmarks, the face region is subdivided into 760 patches. For each patch, the
mean pixel intensity is computed over time and stored as a compact temporal
representation of spatial photoplethysmographic activity.

A.5.1 HR from PPG Data

The raw photoplethysmography (PPG) signal was processed to estimate beat-to-
beat heart rate using a peak-based detection pipeline. The processing consisted
of detrending, band-pass filtering, peak detection, and artifact correction.

All PPG signals were sampled at 125 Hz. The raw waveform was first de-
trended using linear detrending to remove slow baseline variations caused by
sensor drift, illumination fluctuations, or gradual physiological trends unrelated
to the cardiac pulse. Removing these low-frequency components helps stabilize
peak detection while preserving the pulsatile characteristics of the signal.

After detrending, the signal was band-pass filtered to isolate frequency com-
ponents corresponding to physiological pulse activity. A fourth-order Butter-
worth band-pass filter was applied with passband frequencies of 0.5–8.0 Hz. Fil-
tering was implemented using a forward–backward filtering procedure (filtfilt)
to eliminate phase distortion and preserve the temporal alignment of the signal.

Cardiac cycles were then identified by detecting systolic peaks in the filtered
PPG waveform. Peaks were detected using a prominence-based local maxima
detection algorithm. To avoid multiple detections within a single cardiac cycle,
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Fig.A.3: HR variations between different participants across all tasks. The plots in-
dicate different levels of variance across participants.

a minimum separation constraint between successive peaks was enforced. This
minimum distance was determined based on a maximum physiologically plausi-
ble heart rate of 220 beats per minute, ensuring that adjacent peaks correspond
to distinct cardiac cycles. In addition, a peak prominence threshold proportional
to the standard deviation of the filtered signal was used to suppress detections
caused by noise or minor fluctuations in the waveform. Once peaks were iden-
tified, inter-beat intervals (IBIs) were computed as the time difference between
consecutive peaks.

Because peak detection can occasionally produce spurious values due to mo-
tion artifacts or transient noise, an artifact correction step was applied to the
resulting heart rate time series. Heart rate values outside the physiologically
plausible range of 40–220 BPM were treated as invalid measurements. In addi-
tion, a Hampel filter was applied to the heart rate sequence to detect and correct
outliers.

A.5.2 HR Characteristics

The instantaneous HR data in the dataset ranges between 40 BPM and 136
BPM. The average HR within sessions vary between 56 BPM and 96 BPM with
std. ±9.6 BPM. Fig. A.2, A.3, and A.4 illustrate the variability of physiological
responses across tasks, individual participant’s HR variation, and the temporal
dynamics of the heart rate signals.

Figure A.2 summarizes these effects at the task level by showing the dis-
tribution of heart rate deviations relative to the baseline condition (S1_T1).
The boxplots reveal that different tasks produce distinct patterns of heart rate
modulation across participants. Some tasks, such as S1_T6 and S2_T1, tend
to produce positive deviations from baseline for multiple participants, whereas
other tasks (e.g., S1_T4 and S1_T5) show more mixed responses including de-
creases in heart rate. The spread of the boxplots further indicates substantial
variability between tasks and individuals. Fig. A.3 Shows HR distribution from
eight participants. The participants shows different range of variability when
they performed the tasks.
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Fig.A.4: Examples of heart rate signals derived from PPG recordings. The S1_T4
results show HR dynamics around 300s mark to reflect effect of emotional stimuli.

Figure A.4 presents representative heart rate time series derived from the
PPG recordings for three different participants. The signals exhibit clear beat-
to-beat variability and gradual temporal changes throughout the session, reflect-
ing natural physiological fluctuations rather than artificially smoothed trends.
While baseline segments remain relatively stable, noticeable changes in heart
rate appear during specific task periods. In particular, around the 300 s mark
corresponding to the emotional stimulus task (S1_T4), several participants show
pronounced increases or shifts in heart rate, indicating a measurable physiolog-
ical response to the stimulus. At the same time, the magnitude and temporal
pattern of these responses vary across participants, highlighting inter-individual
differences in cardiovascular dynamics.

Additionally, Scatter plots are provided ( Fig A.5) to illustrate results for
one light-skinned subject from our database, after training on a) PURE and b)
UBFC-rPPG. Taken together, these visualizations demonstrate that the dataset
captures both rich temporal dynamics and diverse physiological responses across
participants and experimental conditions. This diversity is important for evalu-
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ating algorithms designed to recover heart rate and related cardiovascular signals
from video under realistic and heterogeneous conditions.

A.5.3 Face Data Processing

In addition to the video recordings, BVP signals, and data collected from the
ARIA device, we also provide processed facial representations to facilitate down-
stream analysis. These include facial keypoints, skin segmentation masks, and
geometry-aware facial patches derived from the facial mesh. Example visualiza-
tions of these representations, derived from RGB frames, are shown in Fig. A.6,
and those from NIR (850 nm) frames are shown in Fig. A.7.

Facial Keypoints Facial landmarks were extracted using the MediaPipe Face
Mesh system [1, 17]. The model estimates a dense set of 468 facial landmarks
for each detected face, providing detailed geometric information about facial
structures, including the forehead, cheeks, nose, lips, jawline, and eye regions.
These landmarks are represented as normalized coordinates relative to the image
frame and can be easily converted to pixel coordinates.

Facial Patch Representation To enable geometry-aware analysis of facial re-
gions, the dataset also includes triangular facial patches derived from the facial
mesh created using the MediaPipe Face Mesh system. Using the detected facial
landmarks, we construct a triangular mesh where each triangle is defined by
a triplet of landmark indices corresponding to vertices in the facial landmark
graph. This patch-based representation enables region-wise analysis of facial sig-
nals, allowing researchers to investigate which facial regions contribute most to
downstream tasks. For example, different patches may contain varying levels of
useful information depending on factors such as illumination, motion, or physi-
ological signal strength.

Patch Intensity Vector For each patch, we compute the average pixel inten-
sity of the pixels contained within the triangle. Let p denote a triangular facial
patch defined by the vertices (v1, v2, v3) obtained from the facial landmark mesh.
For frame t, we define Ωp(t) as the set of pixels that lie within the triangle cor-
responding to patch p. For a given color channel c ∈ {R,G,B, 850, 940}, the
average intensity of patch p at frame t is computed as

I(c)p (t) =
1

|Ωp(t)|
∑

(x,y)∈Ωp(t)

I(c)(x, y, t) (A.9)

where I(c)(x, y, t) denotes the pixel intensity at spatial location (x, y) for
channel c at frame t, and |Ωp(t)| represents the number of pixels inside the
triangular patch.

By computing I
(c)
p (t) for every frame in the video sequence, each facial patch

produces a temporal signal
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s(c)p =
[
I(c)p (1), I(c)p (2), . . . , I(c)p (T )

]
(A.10)

where T is the total number of frames. These patch-wise temporal signals pro-
vide localized intensity trajectories that can be used to study spatial variations in
physiological signals across the face. In the context of remote photoplethysmog-
raphy, such representations allow analysis of which facial regions yield stronger
pulsatile signals and how these signals vary under different lighting conditions,
skin tones, and motion patterns. The results for Section 6.2 in the main paper
and the additional results in Section A.8.

Skin Segmentation To isolate physiologically meaningful facial regions, we
also provide skin segmentation masks generated using a color-invariant skin seg-
mentation algorithm [33]. The method formulates skin detection as a semantic
segmentation task using a U-Net architecture. Unlike traditional skin detection
methods that rely heavily on color cues, this approach incorporates extensive
color-space augmentation during training to encourage the network to learn tex-
ture and contextual features associated with skin regions.

A.6 Dataset Use Guide

To assist researchers in understanding how different sensing modalities can sup-
port specific lines of investigation, Table A.3 summarizes several key challenges
in remote photoplethysmography (rPPG) and the corresponding dataset com-
ponents that enable their study. These challenges arise from a combination of
physiological variability, optical interactions with skin tissue, environmental con-
ditions, and camera processing pipelines.

One fundamental problem in camera-based physiological sensing is spectral
bias caused by skin tone. Melanin absorption reduces the effective signal-to-noise
ratio of visible-light rPPG, particularly for darker skin tones. The inclusion
of synchronized RGB and dual-wavelength NIR imaging, together with demo-
graphic metadata and reference PPG, enables researchers to investigate fairness
across skin tones and explore spectral fusion strategies that may mitigate such
bias.

Another major challenge is illumination variability. Changes in lighting tem-
perature and intensity can alter skin reflectance and interact with camera ex-
posure and color processing. The dataset includes recordings under distinct il-
lumination conditions as well as a ColorChecker calibration target, allowing re-
searchers to study illumination-invariant rPPG pipelines, photometric normal-
ization techniques, and color calibration strategies.

Motion artifacts represent another critical limitation of rPPG systems. Head
movements and subtle facial dynamics can obscure the weak pulsatile signal
captured by cameras. By providing facial landmarks, inertial measurements from
Meta Aria glasses, the dataset supports the development of motion-aware signal
extraction methods and the study of motion robustness in physiological sensing.
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To the best of our knowledge, this is the first dataset that includes egoIMU data
along with external camera data.

Table A.2: Participant distribu-
tion across skin tone and gender for
Tricam-rPPG.

Skin Tone Male Female
Light 5 2
Medium 6 4
Dark 12 2

Beyond environmental factors, Tricam-
rPPG also enables investigation of several
physiological signal recovery problems. The
availability of synchronized reference PPG
signals allows researchers to evaluate instan-
taneous heart rate estimation, inter-beat in-
terval recovery, and heart rate variability
(HRV) metrics derived from video-based sig-
nals. Furthermore, the combination of spa-
tial facial patches, multi-spectral imaging,
and high-fidelity reference waveforms facili-
tates research on pulse waveform reconstruction and morphology recovery, which
remain open challenges in camera-based cardiovascular sensing.

The dataset is first to provide RGB video data with two NIR wavelengths.
This will help in studying the effect of NIR in rPPG. Especially with diverse
data from participants with darker skin tone (See Table A.2.

Finally, the dataset provides structured tasks and synchronized ground-truth
physiological measurements that support systematic benchmarking of rPPG
algorithms. These tasks introduce controlled variations in physiological state
and recording conditions, enabling consistent evaluation of algorithm robustness
across motion, illumination, and spectral sensing conditions.

A.7 Results and Benchmark Using Tricam-rPPG Dataset

A.7.1 Evaluation Metrics

This section describes the heart rate (HR) metrics used in our analysis to evalu-
ate the performance of our models. Additionally, the signal-to-noise ratio (SNR)
is used to evaluate the quality of the recovered HR signal. We followed the met-
rics reported in the rPPG-Toolbox [16].

Mean Absolute Error (MAE) of HR Predictions The mean absolute
error (MAE) measures the average absolute difference between the predicted
heart rate (ĤRi) and the ground truth heart rate (HRi) for N videos:

MAE =
1

N

N∑
i=1

∣∣∣ĤRi −HRi

∣∣∣ (A.11)

Mean Absolute Percentage Error (MAPE) For predicted heart rate ĤRi,
ground truth heart rate HRi, and for N videos:

MAPE =
1

N

N∑
i=1

∣∣∣∣∣HRi − ĤRi

HRi

∣∣∣∣∣ (A.12)
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Table A.3: Research challenges in camera-based physiological sensing that can be
systematically studied using the modalities and metadata provided in Tricam-rPPG.

rPPG Research Chal-
lenge

Relevant Modalities and Metadata

Skin tone bias and spectral
attenuation

RGB + NIR (850/940 nm), demographic
metadata, reference PPG

Ambient illumination vari-
ability

RGB streams, dual illumination ses-
sions (cool/warm), ColorChecker calibra-
tion chart

Motion artifacts Facial landmarks, skin masks, Meta Aria
IMU, periocular NIR video

Camera noise and ISP ef-
fects

Lossless video streams, ColorChecker ref-
erence, patch intensity signals

Spatial modeling of physio-
logical signals

468 facial landmarks, 760 facial patches,
skin segmentation masks

Instantaneous heart rate es-
timation

Reference PPG peaks, synchronized video
streams

Heart rate variability (HRV)
estimation

High-fidelity PPG waveform, multi-task
recordings inducing physiological variabil-
ity

Pulse waveform and mor-
phology recovery

Reference PPG waveform, RGB + NIR sig-
nals, spatial patch intensities

Viewpoint and geometry ro-
bustness

Multi-view face recordings, side-view
videos, palm recordings

Cross-spectral physiological
sensing

RGB + dual NIR wavelengths

Algorithm benchmarking Structured tasks, synchronized PPG
ground truth

Pearson Correlation (ρ) For predicted heart rate ĤRi, ground truth heart
rate HRi, N videos, and H̄R the average ground truth heart rate (similarly ĤR
for predictions):

ρ =

∑N
i=1

(
HRi −HR

) (
ĤRi − ĤR

)
√(∑N

i=1(HRi −HR)2
)(∑N

i=1(ĤRi − ĤR)2
) (A.13)

Signal-to-Noise Ratio (SNR) : Signal-to-Noise Ratio (SNR) for a predicted
signal is calculated as the ratio between the area under the curve of the power
spectrum around the first and second harmonic of the ground truth heart rate
frequency and the area under the curve of the rest of the power spectrum. This
is mathematically represented as follows:
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SNR = 10log10

( ∑150
45 (Ut(f)S(f))

2∑150
45 ((1− Ut(f))S(f))2

)
(A.14)

Where S is the power spectrum of the estimated rPPG signal. Ut(f) is equal
to 1 around the first and second harmonics of the ground truth rPPG signal,
while being 0 elsewhere in the power spectrum. In the context of the rPPG-
Toolbox, only the power spectrum between 0.6 Hz and 3.3 Hz, or 36 beats/min
and 198 beats/min, is considered. We report the mean of the SNR values calcu-
lated per video or test sample, such that:

MSNR =
1

N

N∑
n=1

SNR (A.15)

In this paper MAE is reported in BPM and SNR is reported in dB.

A.7.2 Results Using rPPG Toolbox

This section collectively provides a comprehensive assessment of model perfor-
mance using the rPPG Toolbox [16]. For post-processing and evaluation, we
follow a set of commonly used procedures in the toolbox to convert the pre-
dicted waveform into heart-rate estimates. First, the predicted PPG signal is
band-pass filtered using a 2nd-order Butterworth filter with cut-off frequencies
of 0.75–2.5 Hz to suppress low-frequency drift and high-frequency noise outside
the physiological heart-rate range. After filtering, heart rate is computed from
the processed signal using either frequency-domain or time-domain analysis. In
this paper, frequency-domain approach, a Fast Fourier Transform (FFT) is ap-
plied to estimate the dominant spectral peak within the physiological band. This
generates one heart rate values for each whole video. The predicted and ground
truth heart rate values for all the videos are then used in the equations A.11 to
A.13 to calculate the metrics. SNR reflects the shape of the recovered waveform,
highlighting the model’s ability to suppress noise in HR estimation.

Table A.4 shows results from traditional or physics based models when tested
on Tricam-rPPG data. We have tested ICA, POS, CHROM, GREEN, LGI, PBV,
and OMIT. The table also shows their performance for different skin tones. Table
A.5 summarizes results for supervised methods when testing on Tricam-rPPG
data. We tested five algorithms: TS-CAN, Physnet, Physformer, DeepPhys, and
EfficientPhys. Each algorithm is trained with three different datasets: UBFC-
rPPG [4], PURE [28], and SCAMPS [20]. Additionally, we trained these models
using Tricam-rPPG data and reported cross dataset results in Table A.6.

A.7.3 Skin Tone Based Benchmarking

We have provided detailed skin tone based results for all methods reported in
Table A.5. Table A.7, Table A.8, Table A.9, Table A.10, and Table A.11 shows
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Table A.4: Results of running inference on Tricam-rPPG dataset using traditional
methods in the rPPG Toolbox [16] (mean ± std).

Test Set: Tricam-rPPG

Method Skin Tone MAE ↓ MAPE ↓ ρ ↑ SNR ↑

ICA [26]
Light 17.65 ± 2.92 26.23 ± 4.93 -0.34 ± 0.16 -6.08 ± 0.32
Medium 14.90 ± 1.87 20.04 ± 2.75 0.15 ± 0.15 -6.54 ± 0.57
Dark 15.81 ± 2.82 22.24 ± 4.09 0.16 ± 0.25 -6.67 ± 0.33

POS [31]
Light 18.43 ± 2.83 27.33 ± 4.82 -0.44 ± 0.15 -5.82 ± 0.39
Medium 13.00 ± 1.66 17.70 ± 2.54 0.17 ± 0.15 -6.42 ± 0.40
Dark 20.22 ± 3.48 29.09 ± 5.31 -0.40 ± 0.23 -7.32 ± 0.46

CHROM [8]
Light 11.99 ± 1.60 17.08 ± 2.73 0.15 ± 0.17 -5.96 ± 0.43
Medium 13.34 ± 1.42 17.49 ± 2.00 0.19 ± 0.15 -7.17 ± 0.55
Dark 9.67 ± 1.98 13.84 ± 3.09 0.28 ± 0.24 -6.96 ± 0.66

GREEN [30]
Light 8.41 ± 1.59 11.28 ± 2.41 0.36 ± 0.16 -4.32 ± 0.35
Medium 11.47 ± 1.59 14.35 ± 2.02 0.31 ± 0.14 -5.51 ± 0.41
Dark 13.36 ± 2.19 18.14 ± 3.16 0.25 ± 0.24 -6.53 ± 0.24

LGI [25]
Light 12.66 ± 2.25 18.12 ± 3.62 0.09 ± 0.17 -6.12 ± 0.33
Medium 15.15 ± 1.91 19.61 ± 2.47 0.14 ± 0.15 -7.29 ± 0.49
Dark 10.13 ± 2.09 14.24 ± 3.10 0.34 ± 0.24 -7.17 ± 0.50

PBV [9]
Light 9.52 ± 1.48 12.78 ± 2.06 0.45 ± 0.15 -5.52 ± 0.37
Medium 13.41 ± 1.76 17.37 ± 2.47 0.16 ± 0.15 -6.37 ± 0.32
Dark 8.86 ± 1.73 12.04 ± 2.36 0.57 ± 0.21 -6.63 ± 0.34

OMIT [5]
Light 12.66 ± 2.25 18.12 ± 3.62 0.09 ± 0.17 -6.12 ± 0.33
Medium 15.15 ± 1.91 19.61 ± 2.47 0.14 ± 0.15 -7.29 ± 0.49
Dark 10.13 ± 2.09 14.24 ± 3.10 0.34 ± 0.24 -7.17 ± 0.50

performance when testing for participants with different skin tone in the TriCam-
rPPG dataset. The performance of DeepPhys has been best out of all algorithms.
Fig. A.8 provides a visual demonstration of the results highlighting skin tone
bias.

UBFC-rPPG, and PURE has representation bias in the data as they mainly
contain participants from Caucasian group with light skin tone. SCAMP has
better diversity, but is synthetic. Hence, they may not reflect the Lambertian
characteristics well. So, in order to see if there is more than dataset bias, we
tested with MMPD dataset that represents mainly medium and dark skin par-
ticipants. The results are shown in Table A.12. Algorithm like DeepPhys perform
significantly worse on the dataset when compared to Table A.5. Figure 1 in the
main paper shows some visual illustration of results from this section and Tables.
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Table A.5: Results of running inference on Tricam-rPPG dataset using supervised
methods in the rPPG Toolbox [16] (mean ± std). This is also reported in the Main
Paper, Table 5.

Test Set: Tricam-rPPG

Method Train Set MAE ↓ MAPE ↓ ρ ↑ SNR ↑

TS-CAN [14]

UBFC-rPPG 6.16 ± 1.00 7.63 ± 1.15 0.62 ± 0.07 -2.33 ± 0.38
PURE 16.74 ± 2.89 21.09 ± 3.67 0.33 ± 0.09 -3.62 ± 0.31
SCAMPS 37.31 ± 4.37 49.07 ± 5.96 0.09 ± 0.10 -4.90 ± 0.22

PHYSNET [35]

UBFC-rPPG 19.09 ± 2.02 26.75 ± 3.01 -0.14 ± 0.09 -5.70 ± 0.17
PURE 17.30 ± 1.76 23.76 ± 2.57 0.10 ± 0.09 -5.23 ± 0.16
SCAMPS 16.38 ± 1.40 22.45 ± 2.05 0.10 ± 0.09 -6.82 ± 0.08

PHYSFORMER [36]

UBFC-rPPG 31.23 ± 2.77 43.88 ± 4.21 -0.29 ± 0.09 -5.46 ± 0.18
PURE 12.81 ± 1.14 17.30 ± 1.69 0.23 ± 0.09 -5.01 ± 0.20
SCAMPS 24.71 ± 2.01 34.03 ± 3.01 -0.04 ± 0.10 -6.54 ± 0.10

DEEPPHYS [29]

UBFC-rPPG 3.85 ± 0.56 4.85 ± 0.71 0.77 ± 0.06 -1.28 ± 0.39
PURE 5.21 ± 0.67 6.61 ± 0.85 0.67 ± 0.07 -1.89 ± 0.40
SCAMPS 6.90 ± 0.77 8.82 ± 1.03 0.51 ± 0.09 -2.95 ± 0.32

EFF.PHYS-C [15]

UBFC-rPPG 6.30 ± 1.24 8.20 ± 1.70 0.40 ± 0.09 -2.47 ± 0.34
PURE 22.48 ± 3.46 29.26 ± 4.60 0.15 ± 0.09 -3.92 ± 0.27
SCAMPS 69.13 ± 4.24 92.14 ± 6.18 -0.00 ± 0.10 -5.80 ± 0.15

A.8 Effectiveness of Using NIR Data

This section shows additional results to support Section 6.2 in the main paper.
Tables A.13, A.14, and A.15 shows results from the custom algorithm that uses
different combinations of NIR and RGB data. The results shows prominently
that use of NIR significantly increases the performance of the subjects who has
darker skin.
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Table A.6: Results of running inference on other datasets using supervised models
trained on Tricam-rPPG (mean ± std).

Train Set: Tricam-rPPG

Method Test Set MAE ↓ MAPE ↓ ρ ↑ SNR ↑

TS-CAN [14]

UBFC-rPPG 25.78 ± 3.59 23.70 ± 3.04 0.11 ± 0.16 -8.29 ± 0.61
PURE 14.93 ± 2.70 18.13 ± 2.47 0.12 ± 0.13 -4.93 ± 0.55
UBFC-Phys 12.69 ± 1.17 15.46 ± 1.46 0.22 ± 0.10 -5.48 ± 0.23

PHYSNET [35]

UBFC-rPPG 31.43 ± 3.50 28.77 ± 2.94 -0.09 ± 0.16 -10.23 ± 0.82
PURE 15.66 ± 2.71 19.89 ± 2.82 -0.00 ± 0.13 -5.43 ± 0.73
UBFC-Phys 12.20 ± 1.06 14.18 ± 1.11 0.22 ± 0.10 -5.86 ± 0.24

PHYSFORMER
[36]

UBFC-rPPG 38.53 ± 3.13 36.44 ± 2.56 -0.25 ± 0.15 -10.94 ± 0.49
PURE 19.25 ± 2.40 26.25 ± 2.66 -0.00 ± 0.13 -6.79 ± 0.49
UBFC-Phys 17.32 ± 1.15 19.93 ± 1.16 0.06 ± 0.10 -7.24 ± 0.20

DEEPPHYS [6]

UBFC-rPPG 34.30 ± 3.12 32.15 ± 2.56 -0.05 ± 0.16 -8.75 ± 0.52
PURE 17.01 ± 2.77 21.46 ± 2.64 0.12 ± 0.13 -5.90 ± 0.55
UBFC-Phys 14.09 ± 1.25 17.05 ± 1.54 0.02 ± 0.10 -6.22 ± 0.22

EFF.PHYS-C [15]

UBFC-rPPG 28.71 ± 3.75 26.02 ± 3.19 -0.18 ± 0.16 -7.95 ± 0.57
PURE 13.54 ± 2.57 16.04 ± 2.22 0.32 ± 0.13 -4.73 ± 0.56
UBFC-Phys 11.13 ± 1.15 13.36 ± 1.30 0.31 ± 0.10 -4.95 ± 0.27
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Fig.A.5: Test: Tricam-rPPG. Train: a) PURE b) UBFC-rPPG
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RGB Frame Face Keypoints Face Mesh Skin Segmentation

Fig.A.6: Example visualizations of facial representations derived from RGB frames
in the dataset.

RGB Frame Face Keypoints Face Mesh Skin Segmentation

Fig.A.7: Example visualizations of facial representations derived from NIR (850nm)
frames in the dataset.
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Table A.7: Results across different skin tone ranges for DEEPPHYS [6] (mean ± std).

Test Set: Tricam-rPPG

Train Set Skin Tone MAE ↓ MAPE ↓ ρ ↑ SNR ↑

UBFC-RPPG
[4]

Light 1.72 ± 0.51 2.21 ± 0.63 0.94 ± 0.06 0.62 ± 0.63
Medium 4.42 ± 0.90 5.12 ± 0.99 0.78 ± 0.09 -1.39 ± 0.57
Dark 6.60 ± 1.58 9.43 ± 2.40 0.45 ± 0.22 -4.78 ± 0.20

PURE [28]
Light 1.50 ± 0.47 1.98 ± 0.63 0.95 ± 0.05 0.15 ± 0.65
Medium 4.92 ± 0.89 5.82 ± 1.03 0.76 ± 0.10 -1.95 ± 0.55
Dark 13.43 ± 1.65 17.99 ± 2.15 -0.01 ± 0.25 -5.79 ± 0.26

SCAMPS [20]
Light 3.26 ± 0.83 4.12 ± 1.07 0.82 ± 0.10 -1.61 ± 0.51
Medium 6.45 ± 0.95 7.67 ± 1.11 0.67 ± 0.11 -2.90 ± 0.49
Dark 15.38 ± 2.06 21.27 ± 3.06 -0.42 ± 0.23 -5.73 ± 0.16

Table A.8: EfficientPhys performance across skin tones on the Tricam-rPPG test set.

Test Set: Tricam-rPPG

Train Set Skin Tone MAE ↓ MAPE ↓ ρ ↑ SNR ↑

UBFC-rPPG
[4]

Light 2.39 ± 0.77 3.07 ± 0.91 0.87 ± 0.08 -0.81 ± 0.53
Medium 4.51 ± 0.82 5.27 ± 0.90 0.77 ± 0.09 -2.58 ± 0.49
Dark 18.51 ± 5.55 25.79 ± 7.79 -0.18 ± 0.25 -5.71 ± 0.14

PURE [28]
Light 24.57 ± 6.55 32.68 ± 8.81 0.20 ± 0.17 -2.83 ± 0.42
Medium 13.48 ± 3.28 15.69 ± 3.76 0.42 ± 0.13 -3.99 ± 0.42
Dark 41.51 ± 9.83 57.53 ± 13.61 -0.10 ± 0.25 -6.08 ± 0.20

SCAMPS [20]
Light 74.24 ± 6.99 102.50 ± 10.68 -0.23 ± 0.17 -5.79 ± 0.23
Medium 55.39 ± 6.26 70.14 ± 8.50 0.21 ± 0.14 -5.48 ± 0.23
Dark 100.16 ± 2.35 137.34 ± 6.48 -0.23 ± 0.24 -6.76 ± 0.34

Table A.9: PhysFormer performance across skin tones on the Tricam-rPPG test set.

Test Set: Tricam-rPPG

Train Set Skin Tone MAE ↓ MAPE ↓ ρ ↑ SNR ↑

UBFC-rPPG
[4]

Light 29.62 ± 4.54 42.55 ± 6.93 -0.38 ± 0.16 -4.70 ± 0.37
Medium 34.18 ± 4.32 47.13 ± 6.53 -0.37 ± 0.14 -5.67 ± 0.23
Dark 26.64 ± 5.39 37.89 ± 8.42 -0.20 ± 0.24 -6.43 ± 0.29

PURE [28]
Light 12.48 ± 1.98 17.00 ± 2.90 0.37 ± 0.16 -4.17 ± 0.35
Medium 11.89 ± 1.29 15.78 ± 1.94 0.19 ± 0.14 -5.25 ± 0.29
Dark 15.96 ± 3.75 21.98 ± 5.47 0.14 ± 0.25 -6.09 ± 0.30

SCAMPS [20]
Light 25.67 ± 3.86 36.01 ± 5.89 0.03 ± 0.17 -6.43 ± 0.18
Medium 24.01 ± 2.38 31.71 ± 3.34 0.06 ± 0.15 -6.61 ± 0.13
Dark 24.68 ± 5.48 36.28 ± 8.49 -0.64 ± 0.19 -6.59 ± 0.29
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Table A.10: PhysNet performance across skin tones on the Tricam-rPPG test set.

Test Set: Tricam-rPPG

Train Set Skin Tone MAE ↓ MAPE ↓ ρ ↑ SNR ↑

UBFC-rPPG
[4]

Light 19.14 ± 3.50 27.75 ± 5.39 -0.21 ± 0.17 -5.01 ± 0.31
Medium 19.44 ± 2.90 26.31 ± 4.21 -0.12 ± 0.15 -5.89 ± 0.23
Dark 18.06 ± 4.77 25.95 ± 7.04 -0.16 ± 0.25 -6.62 ± 0.33

PURE [28]
Light 20.35 ± 3.59 29.14 ± 5.39 -0.10 ± 0.17 -4.65 ± 0.21
Medium 17.80 ± 2.36 23.30 ± 3.36 0.16 ± 0.15 -5.34 ± 0.27
Dark 10.67 ± 2.04 15.14 ± 2.92 0.34 ± 0.23 -6.10 ± 0.30

SCAMPS [20]
Light 16.56 ± 2.73 23.50 ± 4.00 0.05 ± 0.17 -6.62 ± 0.11
Medium 14.87 ± 1.60 19.71 ± 2.41 0.19 ± 0.14 -6.88 ± 0.12
Dark 20.09 ± 3.77 27.65 ± 5.29 0.05 ± 0.25 -7.11 ± 0.24

Table A.11: TS-CAN performance across skin tones on the Tricam-rPPG test set.

Test Set: Tricam-rPPG

Train Set Skin Tone MAE ↓ MAPE ↓ ρ ↑ SNR ↑

UBFC-rPPG [4]
Light 2.61 ± 0.89 3.34 ± 1.06 0.85 ± 0.09 -0.43 ± 0.61
Medium 6.21 ± 1.73 7.09 ± 1.83 0.65 ± 0.11 -2.50 ± 0.55
Dark 13.14 ± 1.91 17.70 ± 2.60 0.20 ± 0.24 -5.68 ± 0.20

PURE [28]
Light 16.03 ± 5.62 20.36 ± 7.14 0.40 ± 0.16 -2.09 ± 0.51
Medium 14.08 ± 3.59 16.34 ± 4.08 0.50 ± 0.13 -3.91 ± 0.45
Dark 25.27 ± 6.85 35.23 ± 9.84 -0.23 ± 0.24 -5.95 ± 0.24

SCAMPS [20]
Light 40.87 ± 8.51 56.51 ± 12.12 -0.04 ± 0.17 -4.23 ± 0.36
Medium 33.20 ± 5.59 40.91 ± 7.07 0.27 ± 0.14 -4.84 ± 0.34
Dark 41.16 ± 9.86 55.98 ± 13.41 -0.02 ± 0.25 -6.43 ± 0.22

Table A.12: Cross-dataset evaluation on the Tricam-rPPG using models trained on
different subsets of the MMPD dataset. Performance is reported as mean ± standard
deviation. Training is done on three subset of MMPD dataset with different combina-
tion of skin tones (34 → medium, 56 → Dark)

Method Train Set MAE ↓ MAPE ↓ ρ ↑ SNR ↑

TS-CAN [14]
MMPD-34 11.12 ± 2.18 14.35 ± 2.74 0.43 ± 0.18 -4.35 ± 0.37
MMPD-56 7.66 ± 1.92 10.12 ± 2.11 0.48 ± 0.18 -4.87 ± 0.23
MMPD-All 10.66 ± 2.04 13.82 ± 2.56 0.40 ± 0.17 -4.13 ± 0.32

DeepPhys [6]
MMPD-34 8.73 ± 1.71 11.22 ± 2.36 0.46 ± 0.17 -4.99 ± 0.26
MMPD-56 7.94 ± 1.65 10.81 ± 2.14 0.49 ± 0.18 -5.08 ± 0.21
MMPD-All 9.67 ± 1.88 12.93 ± 2.49 0.41 ± 0.18 -5.71 ± 0.29

EfficientPhys
[15]

MMPD-34 10.59 ± 2.11 13.56 ± 2.80 0.38 ± 0.19 -6.33 ± 0.07
MMPD-56 11.18 ± 2.24 14.08 ± 2.91 0.36 ± 0.19 -6.43 ± 0.12
MMPD-All 8.13 ± 1.64 10.92 ± 2.05 0.47 ± 0.19 -6.33 ± 0.05
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Fig.A.8: Qualitative comparison across skin tones and datasets while training using
DEEPPHYS. It is a visualization of Table A.7

Table A.13: Performance of LSTM models for Light skin tone subjects.

Metrics RGB RG850 RG940 RIR GIR BIR RGBIR

ρ ↑ 0.82 0.86 0.81 0.78 0.77 0.79 0.89
MAE (instant) ↓ 7.37 5.85 6.56 7.47 8.53 7.41 6.07
RMSE (instant) ↓ 11.96 9.28 10.42 13.36 14.95 11.45 10.20
MAE (full clips) ↓ 4.49 3.70 3.77 5.14 5.79 4.82 3.48
RMSE (full clips) ↓ 6.91 6.97 6.09 9.14 9.51 7.59 5.79
SNR (dB) ↑ 4.85 7.27 5.44 5.58 4.36 3.91 7.30

Table A.14: Performance of LSTM models for Medium-Light skin tone subjects.

Metrics RGB RG850 RG940 RIR GIR BIR RGBIR

ρ ↑ 0.82 0.88 0.84 0.83 0.84 0.82 0.92
MAE (instant) ↓ 12.60 8.30 11.15 12.30 9.56 11.88 7.02
RMSE (instant) ↓ 29.83 14.69 25.20 30.13 16.07 18.10 10.84
MAE (full clips) ↓ 8.52 4.66 7.00 7.05 5.84 8.05 4.17
RMSE (full clips) ↓ 17.99 8.47 15.76 13.18 9.98 12.21 6.49
SNR (dB) ↑ 2.95 5.20 5.88 4.46 2.75 -0.53 5.77
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Table A.15: Performance of LSTM models for Medium-Dark skin tone subjects.

Metrics RGB RG850 RG940 RIR GIR BIR RGBIR

ρ ↑ 0.71 0.77 0.74 0.73 0.72 0.73 0.87
MAE (instant) ↓ 12.50 9.42 10.97 11.69 12.67 11.89 8.96
RMSE (instant) ↓ 17.12 12.87 16.69 17.88 21.73 17.24 12.29
MAE (full clips) ↓ 7.26 5.04 6.21 7.19 7.82 7.18 5.60
RMSE (full clips) ↓ 9.46 6.29 7.80 8.38 10.01 8.50 7.60
SNR (dB) ↑ -4.68 -1.59 -0.76 -2.83 -1.20 -2.72 0.06
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