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Abstract. This paper introduces Tricam-rPPG, a multimodal dataset
designed to support systematic studies of remote photoplethysmography
(rPPG) using multispectral imaging. Remote (noncontact) monitoring
offers the potential for unobtrusive measurement of physiological signals
related to health, cognitive load, and affect. However, most existing rPPG
datasets rely primarily on RGB imaging, limiting the study of spectral
effects, illumination variability, and sensing biases associated with differ-
ences in optical properties of the skin. Tricam-rPPG provides synchro-
nized recordings of 31 human subjects from three co-located cameras: a
standard RGB camera and two near-infrared (NIR) cameras operating
at 850 nm and 940 nm, all captured under controlled illumination con-
ditions. For fourteen participants, simultaneous recordings from Meta
Aria glasses are also included. All cases are supplemented by reference
waveforms of blood volume pulses (BVP) measured using a fingertip
PPG sensor. In addition to presenting the dataset, we establish base-
line benchmarks with widely used rPPG algorithms to evaluate heart-
rate estimation performance across different combinations of spectral
channels. By providing synchronized RGB and NIR video together with
physiological ground truth, Tricam-rPPG enables new research directions
in multispectral physiological sensing, fairness-aware rPPG algorithms,
and robust remote cardiovascular monitoring. The dataset is available
under a data use license and mutual agreement (check https://tricam-
rppg.github.io).

Keywords: Cardiovascular Monitoring · Photoplethysmography · Re-
mote PPG · Multispectral Imaging · Dataset

1 Introduction

Cardiovascular diseases (CVD) remain the dominant global health burden. The
World Health Organization estimates that 19.8 million deaths from CVD oc-
curred in 2022, accounting for roughly 32% of all deaths globally, with over
three-quarters of CVD deaths occurring in low- and middle-income countries
(LMICs) [46]. Early detection may have prevented 80% of those deaths. Along
with physical health, global mental health situation including stress and depres-
sion, is declining post COVID [32]. Early signs of CVD and stress are reflected
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in physiological signals. Most prominently, heart rate (HR) and heart-rate vari-
ability (HRV) are two key measures which act as “system indicators” of car-
diometabolic health and autonomic stress. Yet, continuous monitoring at popu-
lation scale remains structurally difficult; clinic-based measurement is episodic,
wearable adoption is uneven, and many communities lack the infrastructure for
sustained follow-up, especially across rural regions and LMIC contexts [46]. With
increasing medical costs and shrinking medical facilities, new cost-effective car-
diovascular monitoring methods are needed. This paper concerns advancements
of one such method: remote photoplethysmography (rPPG) 1.

Photoplethysmography (PPG) refers to the use of illumination as a means of
measuring volumetric change, and rPPG typically refers to noncontact, camera-
based measurements associated with blood volume pulses (BVP). With every
heartbeat, the cardiovascular system pumps blood throughout the body, pro-
ducing subtle changes in skin color that are invisible to the naked eye. Over
the past two decades, researchers have shown that these minute variations can
be recovered using computational methods and commercially available cam-
eras [7, 11, 19, 27, 33, 37, 45]. With widespread availability of cameras in mobile
phones, laptops, and other consumer devices, there is increasing potential to
democratize remote measurements for cardiovascular health monitoring.

Because rPPG enables contactless measurement of physiological signals using
standard imaging devices, these methods have been explored in domains such
as telemedicine, affective computing, driver monitoring, and human–computer
interaction [8, 27, 33, 36]. In healthcare settings, rPPG has been investigated
for unobtrusive monitoring of cardiovascular activity and respiratory dynamics,
supporting remote patient monitoring, telehealth applications, and hospital pa-
tient monitoring [23,27]. These approaches have also been applied to specialized
clinical scenarios such as neonatal monitoring, and post surgery recovery where
contactless sensing is desirable for fragile patients [35]. Looking beyond estima-
tion of heart rate, camera-based photoplethysmography has been used to study
spatial blood perfusion, oxygen saturation, respiration rate, blood pressure and
hemodynamic changes across the skin [18,30, 34,38]. These diverse applications
highlight the growing interest in camera-based physiological sensing as a scalable
and non-invasive alternative to traditional contact sensors.

In spite of widespread interest, current systems are not yet capable of provid-
ing a scalable, equitable, and commercial solution that can monitor vital signs
continuously and unobtrusively. In practice, rPPG systems often struggle under
different real-world conditions [27,45]: (i) non-uniform illumination, (ii) subject
motion, (iii) camera auto-exposure/auto-gain and ISP nonlinearities, (iv) com-
pression artifacts and sensor noise in consumer cameras, (v) skin-tone-dependent
optical attenuation that reduces effective signal-to-noise ratio (SNR) in visible
bands, (vi) partial occlusions from hair, facial accessories, or hand movements,
(vii) geometric variations such as head pose and distance changes that alter pix-
elwise sampling of skin regions, and (viii) background interference and ambient
lighting fluctuations that introduce temporally correlated noise.

1 In some literature, rPPG is called imaging photoplethysmography (iPPG).
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Different datasets have been proposed over the years to address these prob-
lems. However, we revisit rPPG-related developments from the past two decades
to evaluate the feasibility of deployment at global scale, and therefore across
a diverse population. Our assessment indicates that many recent methods and
data collection systems lack key components necessary to ensure reliable per-
formance across different skin tones and ambient illumination variations. One
clear gap that emerges is extensive research in multi-spectral rPPG develop-
ment, especially the use of near-infrared (NIR) wavelengths in conjunction with
RGB channels. To address this limitation and to support further progress in the
field, this paper introduces the Tricam-rPPG dataset, which we have developed
with emphasis on advancing research in the field related to rPPG. The main
contributions of this work are as follows:

– The Tricam-rPPG dataset is among the first to provide multispectral video
recordings for rPPG research, combining standard RGB video with two NIR
streams at 850 nm and 940 nm. Videos are provided for 31 subjects, and
recordings from Meta Aria glasses are included for a subset of those partic-
ipants (14 participants). Reference physiological signals are provided by a
fingertip PPG sensor.

– We provide rich metadata and preprocessing annotations (including facial
landmarks and skin-region information), together with baseline benchmark
results to support reproducible evaluation of rPPG algorithms.

– We demonstrate the benefit of multispectral sensing for rPPG through base-
line experiments showing that incorporating NIR channels improves SNR
and reduces MAE, particularly as skin tone gets darker, highlighting the
potential of longer wavelengths to mitigate sensing limitations of pipelines
using visible wavelengths only.

2 Motivation for a Multispectral Dataset

2.1 Systematic Bias against Darker Skin Tones

We evaluated different pretrained rPPG models on a subset of Tricam-rPPG
data with the widely used rPPG-Toolbox [22]. Fig. 1 shows that algorithms
such as DeepPhys [7], TSCAN [15], and EfficientPhys [21] exhibit low MAE for
lighter skin tones. However, they degrade monotonically as the skin tones become
darker. These findings are consistent with those presented by Bondarenko et
al. [5]. We further trained TSCAN on the MMPD [42] dataset, which contains
data from darker skin tones. However, while even if the dataset contained no data
from light skin, it performed best for light skin tones, and the performance for
darker skin tones continued to degrade (See Table 1, and Table A.7 - A.9 in Supp
material for more details). When performance gaps persist even after balancing
training data across skin tones, this indicates that bias is not purely data bias
(e.g., representation imbalance) but also system bias arising from the sensing
and image-formation pipeline: illumination spectra, camera spectral sensitivity,
exposure/gain control, tone mapping, compression, and noise floors/ceilings.
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Fig. 1: Systematic bias and representative bias in rPPG methods. (a) Performance
by DeepPhys [7] across different skin tones in Tricam-rPPG, when the model was
trained separately on 3 datasets that have participants with lighter skin tones. (b)
Three different deep-learning algorithms show similar degradation characteristics for
darker skin tones when trained with UBFC-rPPG and tested on Tricam-rPPG. (c)
Performance of TSCAN [15] degrades even when the model is trained using subsets of
MMPD [42], a dataset that includes participants with darker skin tones.

Table 1: Results across different skin tone ranges for DEEPPHYS [7] (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 [41]
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 [?]
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

2.2 Photometric Characteristics of NIR for rPPG

This paper mainly concerns the effect of multi-spectral imaging, especially use of
NIR. NIR sensing shows promise because melanin absorption decreases substan-
tially with increasing wavelength into the NIR, potentially reducing pigmentation-
induced variability in reflectance and improving SNR parity across skin tones [14].
However, NIR alone does not guarantee fairness because exposure/ISP effects
can reintroduce group-dependent distortions, motivating datasets and evalua-
tions that disentangle algorithmic effects from acquisition physics [31].

Empirically, melanin absorption in the NIR (e.g., 850–940 nm) is substan-
tially lower than in the green-visible range (500–600 nm) [2, 14]. Consequently,
the sensitivity of tissue absorption to melanin concentration diminishes as wave-
length increases into the NIR. These shows that most rPPG methods might be
biased by sensor design and not only by limitations of data diversity limitations.
(See supplemental material for more details.)
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2.3 Scope and Challenges in Using NIR for rPPG

NIR sensing has been explored in remote measurement settings [44], includ-
ing in driving environments and other low-light scenarios [25, 29]. Prior studies
have demonstrated that physiological signals are observable in the NIR spec-
trum and that NIR-based measurements can exhibit stronger rPPG responses
under certain conditions compared to visible-light imaging. However, the opti-
cal characteristics of NIR introduce additional challenges. NIR light penetrates
deeper into biological tissue, which can lead to increased scattering and diffusion
of the reflected signal. While deeper penetration may capture information from
richer vascular structures, it may also introduce spatial mixing that can degrade
signal quality [1]. As a result, an important question remains insufficiently ex-
plored: how these diffusion effects influence different stages of rPPG analysis. In
particular, it is unclear whether deeper tissue diffusion primarily affects pulse
peak detection algorithms or whether it also alters waveform morphology used
by shape-based estimation methods.

From a deployment perspective, NIR sensing opens additional opportunities
for rPPG in real-world environments. In low-illumination scenarios, RGB-based
approaches often suffer from severe signal degradation due to insufficient vis-
ible light. In contrast, NIR imaging can operate with dedicated infrared illu-
mination, enabling physiological signal recovery even under dim or nighttime
conditions. This capability has already motivated the adoption of NIR cameras
in applications such as driver monitoring systems, wearable devices and other
human-sensing platforms operating in uncontrolled environments [10,29].

Furthermore, modern indoor lighting systems are designed to emit energy
primarily in the visible spectrum [16] for efficiency. As a result, visible-light
rPPG measurements can be strongly influenced by changes in ambient illumina-
tion, including flicker and intensity variations. NIR imaging, particularly when
combined with controlled illumination source, can reduce this dependency on
environmental lighting and provide a stable sensing modality. These properties
make NIR an attractive complementary sensing channel for robust remote phys-
iological measurement.

Despite these advantages, datasets that simultaneously capture synchronized
RGB and NIR signals under controlled experimental conditions remain extremely
limited. To the best of our knowledge, there is currently no publicly available
dataset designed to systematically study rPPG performance across both RGB
and NIR modalities within a structured experimental protocol.

3 Background: Existing Datasets

The past 15 years have shown considerable interest by the research community
in producing video datasets of human faces. This section describes publicly avail-
able datasets that have been used to support research involving rPPG. All of
these provide video recordings of human faces, typically using RGB cameras in
indoor environments. To provide ground-truth references, most of these datasets
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include recordings of BVP signals, PPG, ECG, and HR. Tables 2 and 3 provide
a summary of datasets in chronological order.

MAHNOB-HCI [39] was the first relevant dataset to gain popularity in
rPPG research, although its primary purpose was to support studies of emo-
tion. Along with RGB recordings of the face, physiological reference data was
recorded (ECG, GSR, respiration, and skin temperature) using sensors mounted
on the body, including a cap containing EEG electrodes. The DEAP dataset [17]
was also concerned with emotion analysis. DEAP similarly provides EEG sig-
nals along with videos of faces. While wearing a cap with EEG electrodes, each
participant was recorded while watching music videos on a monitor. It is inter-
esting to note that the music videos served as secondary illumination sources
that subtly affected the appearance of the participants’ faces. Further interest
in analyzing emotions and facial expressions led to the development of the large
multimodal dataset BP4D+ [50]. In addition to an RGB camera and a thermal
camera (spectral range 7.5-14.0 µm), data was recorded using a stereo-based
depth sensor. MMSE-HR [43] also contains videos showing elicited emotion.

PURE [41] was the first publicly available dataset to be created specifically
for the purpose of investigating camera-based rPPG. Whereas the participants
for MAHNOB-HCI and DEAP remained stationary, the participants in PURE
exhibit head motion and facial movements induced by talking. COHFACE [13]
is another early dataset that was created for investigating rPPG. It consists of
recordings of 40 participants, with RGB video obtained using a commodity web-
cam (Logitech C525) under two lighting conditions. VIPL-HR [28] is a relatively
large dataset for rPPG that was the first intended to support deep-learning tech-
niques. Recordings are provided from several RGB video cameras, an RGB-D
sensor, and a fingertip device.

TokyoTech [26] is a dataset that emphasized the utility of a prototype cam-
era that simultaneously captured the standard RGB color bands along with an
NIR band. A high frame rate (300 fps) was used to capture recordings of 9
participants. This work was among the first to emphasize the use of video data
for estimating inter-beat intervals (IBI) and HRV. Nowara et al. introduced the
MR-NIRP dataset [29], which was the first publicly available dataset containing
both RGB and NIR video of faces for rPPG purposes. The videos were obtained
of passengers in automobiles, for both parked and motion situations. Another
dataset that provided both RGB and NIR video is DDPM [40], which was devel-
oped to aid in the study of deception based on facial appearance. This dataset
provides recordings of 70 subjects in several modalities, including RGB and NIR
video, both at the high frame rate of 90 fps. DDPM also provides long-wave IR
video at lower resolution and and slower frame rate. Benezeth et al. describe
the creation of a synthetic video NIR dataset of 10 participants called IMVIA-
NIR [3].

UBFC-rPPG [4] and, later, UBFC-Phys [36] provide RGB videos of 43 and
140 participants, respectively. The former emphasized cognitive load, as the par-
ticipants concentrated on a time-sensitive mathematical game, whereas the latter
was intended to analyze the effect of social stress and anxiety. The MMPD [42]
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Table 2: Comparison of existing rPPG datasets and the proposed Tricam-rPPG
dataset in terms of acquisition properties and task diversity. (“IMU” refers to iner-
tial measure unit, as provided on Aria glasses. “N.A.”: Not Available.)

Dataset Resolution FPS NIR Multi-
Spectral

Ambient
Light Tasks IMU

MAHNOB-HCI [39] 780×580 60 – – 1 2 –
DEAP [17] 720×576 50 – – 1 40 –
PURE [41] 640×480 30 – – 1 2 –
BP4D+ [50] 1040×1392 25 – ✓ 1 10 –
MMSE-HR [43] 1040×1392 25 – ✓ 1 Multiple –
COHFACE [13] 640×480 20 – – 2 2 –
VIPL-HR [28] 1920×1080 30 ✓ – 3 4 –
TokyoTech [26] 640×480 300 ✓ ✓ 1 Multiple –
UBFC-rPPG [4] 640×480 30 – – 2 2 –
MR-NIRP [29] 640×640 30 ✓ ✓ Multiple 2 –
UBFC-Phys [36] 1024×1024 35 – – 1 3 –
DDPM [40] 1920×1080 90 ✓ ✓ 1 Multiple –
MMPD [42] 320×240 30 – – 3 or 4 Multiple –
IMVIA-NIR [3] 1280×1024 20 ✓ – 1 1 –
egoPPG-DB [6] 320×240 30 ✓ – Multiple Multiple ✓
Tricam-rPPG

(Ours) 2046×2464 60 ✓ ✓ 2 8 ✓

dataset contains videos obtained from mobile phones. There is a growing level
of interest monitoring regions of the face near the eyes using eyeglasses. The
egoPPG-DB dataset [6] provides video from Aria glasses. These NIR videos pro-
vide close-up views of the eyes, and are intended for tracking of gaze direction.

4 Tricam-rPPG Dataset Collection

4.1 Instrumentation and Design

We designed a controlled multimodal acquisition platform to collect synchro-
nized RGB, NIR, and physiological reference signals. The experimental setup (see
supp material) consists of three co-located cameras mounted on rigid supports
to ensure consistent viewpoint and minimal relative motion across modalities.
An RGB camera (2046×2464 resolution at 60 fps) captures high-resolution color
videos of the face and hand. Two monochrome NIR cameras operating at 850 nm
and 940 nm (2046×2464 resolution at 60 fps) simultaneously record facial and
hand videos under active NIR illumination. All cameras had fixed gain and in-
trinsic settings to reduce any unwanted variabilities. Physiological ground truth
is obtained using a BIOPAC MP46 system sampling finger photoplethysmogra-
phy (PPG) at 125 Hz. 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. To ensure photometric consistency
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Table 3: Demographic and recording diversity across rPPG datasets. For body parts:
FF → Full Face, PF → Profile Face, P → Palm, PO → Periocular.

Dataset SkinTone
Diversity

Age
Range

Body
Parts

Gaze
Point

No. of
Participants

Total
Time(min.)

MAHNOB-HCI [39] Medium 19-40 FF ✓ 27 264
DEAP [17] Low 19-37 FF – 22 880
PURE [41] Low N.A. FF – 10 60
BP4D+ [50] High 18-66 FF – 140 N.A.
MMSE-HR [43] High N.A. FF – 40 4500
COHFACE [13] Low N.A. FF – 40 160
VIPL-HR [28] Low 22-41 FF – 107 11501

TokyoTech [26] Low 20s–60s FF – 9 27
UBFC-rPPG [4] Low N.A. FF – 43 70
MR-NIRP [29] High 20–60 FF – 18 115
UBFC-Phys [36] Low 19–38 FF – 140 170
DDPM [40] Low N.A. FF – 70 776
MMPD [42] High N.A. FF – 33 660
IMVIA-NIR [3] Low N.A. FF – 10 140
egoPPG-DB [6] Medium 19-32 PO ✓ 25 780
Tricam-rPPG

(Ours) High 21–66 FF, PF,
P, PO ✓ 31 (14) 1130

1This duration is for RGB videos only. For NIR, the total time is 380 min.

and enable post-hoc color calibration across sessions, a standardized color cali-
bration palette is included within the RGB camera’s field of view during acquisi-
tion. All streams were temporally aligned to support frame-accurate multimodal
analysis. All data streams were synchronized post-hoc using UTC time stamps.
This configuration enables high-fidelity multimodal analysis under controlled yet
realistic recording conditions.

4.2 Experimental Protocol

The dataset is organized into two structured recording sessions conducted un-
der two illumination conditions: a cool setting (8000 K) and a warm setting
(2700 K). Across both sessions, participants perform eight tasks designed to elicit
diverse physiological responses spanning resting, cognitive, emotional, and pose-
dependent conditions. Session S1 includes a resting baseline with visual fixation,
cognitive load induction through mental arithmetic, low-arousal video viewing,
sadness-inducing affective stimulation, and a side-view posture to enable profile-
based facial analysis. S1 also includes a resting condition with a raised hand to
capture pulse signals from multiple anatomical regions, enabling investigation
of spatial pulse propagation and potential pulse transit time estimation. Session
S2 complements these tasks with a reading activity, excitement-inducing affec-
tive stimulation. Together, these sessions capture physiological responses across
baseline, affective, cognitive, and non-frontal configurations.
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(a)

(b)

(c)

(d)
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Fig. 2: (a) Overview of recording studio. (b) Volunteer wearing Meta Aria glasses.
(c) Periocular video from Aria glasses. (d) Accelerometer and gyro data. (e) Example
PPG signal from fingertip sensor.

Each recording segment lasts at least five minutes to enable reliable estima-
tion of HRV. Prior work highlights that shorter durations may fail to capture
slower physiological oscillations associated with autonomic regulation [12]. Ta-
ble 4 summarizes the full protocol. Fig. 2 and Fig. 3 show representative samples
from the dataset.

Table 4: Overview of sessions and tasks in the Tricam-rPPG dataset. Session 1 (S1)
indicates tasks that were conducted using “cool” lighting conditions. Session 2 (S2)
indicates tasks that were conducted using “warm” illumination settings.

SessionTask Description

S1 T1 Resting baseline; static stare at central cross (+) without moving.
S1 T2 Mental arithmetic; cognitive load induction.
S1 T3 Video viewing (calm state) to capture low-arousal responses.
S1 T4 Video viewing to elicit altered emotional valence and arousal (sadness).
S1 T5 Static side-view posture to capture profile.
S1 T6 Resting baseline; participant held a raised hand at the side of the face.
S2 T1 Reading task; participant read portion of Chapter 5 of Moby Dick.
S2 T2 Video viewing to elicit emotional valence and arousal (excitement).

4.3 IRB Approval and Participant Recruitment

We submitted the protocol to our Institutional Review Board (IRB) and received
approval before collection of the data. Advertisements were published for par-
ticipant recruitment. The participants were first screened by a phone call. The
participants were compensated for their time. The participants also signed an
agreement to allow release of this dataset to other researchers. The dataset con-
tains a total of 31 participants. Participants were asked to self-report their skin
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 3: Example frames from Tricam-rPPG dataset. (a) RGB. (b) NIR 850 nm. (c) NIR
940 nm. (d) Profile view. (e-f) Warm and cool illumination settings, respectively.
(g) Showing palm (session S1, task T6). (h) Reading task (session S2, task T1).

tones according to a I - VI scale that was inspired by an NHS Fitz- patrick Skin-
Type Chart. The dataset includes three skin-tone groups: Light (equivalent to
Fitzpatrick scale I-II), Medium (equivalent to Fitzpatrick scale III-IV), and Dark
(equivalent to Fitzpatrick scale V-VI). The Light group contains 7 participants,
with 5 males and 2 females. The Medium group includes 10 participants, with
6 males and 4 females. The Dark group includes 14 participants, with 12 males
and 2 females. Overall, the Table 5 shows that the dataset contains participants
from a range of skin tones, although the gender distribution is male-dominant,
particularly in the Dark skin-tone group. Notably, the dataset contains stronger
representation in the dark skin tone group, supporting evaluation.

Table 5: Participant distribution across skin tone and gender for Tricam-rPPG.

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

5 Tricam-rPPG Dataset Characteristics

An rPPG dataset will benefit from the following properties (1) synchronized
RGB–NIR recordings, (2) high-fidelity physiological ground truth, (3) viewpoint
and body-region diversity, (4) demographic diversity, (5) head motion reference,

https://www.uhd.nhs.uk/uploads/about/docs/our_publications/patient_information_leaflets/dermatology/The-Fitzpatrick-Skin-Type-Chart.pdf
https://www.uhd.nhs.uk/uploads/about/docs/our_publications/patient_information_leaflets/dermatology/The-Fitzpatrick-Skin-Type-Chart.pdf
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(6) photometric reference, and (7) HRV variations. Tricam-rPPG is designed to
address these needs.
RGB+NIR (850/940 nm): In addition to high-resolution RGB, we provide
two co-registered NIR streams to enable cross-spectral analyses and to inves-
tigate whether longer wavelengths reduce melanin-related attenuation and im-
prove SNR parity across skin tones.
Viewpoint and body region: Beyond frontal face videos, the dataset includes
lateral facial views and right-hand (palm) recordings, supporting pose-robust
rPPG, cross-region pulse recovery, and geometry-aware physiological modeling.
Demographic coverage: Participants span light/medium/dark self-reported
skin tones, enabling stratified evaluation and fairness analysis across spectra
and tasks. (Skin-tone designations are self-reported by the participants.)
Controlled photometric variation: Recordings are collected under two illu-
mination settings (cool and warm). Additionally, video stimuli introduce struc-
tured, time-varying illumination; the source videos are shared to allow careful
analysis of illumination changes.
Physiological variability across tasks: Multiple sessions include baseline,
cognitive stimulation (e.g., mental math), and affective video viewing to induce
variability in HR/HRV and support task-level benchmarking.
Reference physiology: We provide synchronized fingertip PPG ground truth
(BIOPAC) for physically grounded evaluation of HR and waveform fidelity.
Color calibration: Each recording includes a ColorChecker chart to support
photometric calibration, illumination estimation, and analysis of ISP/spectral
bias that can confound rPPG.
Aria subset (motion-aware sensing): A subset of participants wear Meta
Aria glasses providing periocular NIR video and synchronized IMU, enabling
quantitative studies of motion-induced degradation and motion compensation.

Collectively, Tricam-rPPG supports benchmarking beyond intensity-based
frontal analysis toward multi-view, cross-spectral, motion-aware, and waveform-
consistent physiological reconstruction.

5.1 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
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 [24]; (6) Skin Maps: binary masks indicat-
ing skin pixels for each frame [47]; (7) Patch Intensity Signals: using facial
landmarks, the face region is subdivided into 760 patches. For each patch, the
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mean pixel intensity is computed over time and stored as a compact temporal
representation of spatial photoplethysmographic activity.

6 Results and Baseline

6.1 Benchmark with Standard Methods

To facilitate reproducible evaluation and enable meaningful comparison across
future methods, we establish a comprehensive benchmark using several widely
adopted rPPG algorithms implemented in the rPPG Toolbox [22]. Specifically,
we evaluate representative classical and learning-based approaches under a uni-
fied pipeline and report performance using the standard metrics commonly
adopted in the rPPG literature, including mean absolute error (MAE) in BPM,
mean absolute percentage error (MAPE) in BPM, correlation coefficient (ρ), and
signal-to-noise ratio (SNR) in dB. These metrics allow us to characterize both
HR estimation accuracy and signal quality in a consistent manner across meth-
ods. All experiments follow the default preprocessing and evaluation protocols
provided by the toolbox to ensure reproducible by the community.

Beyond reporting aggregated performance, we provide a detailed analysis to
highlight the strengths and limitations of current rPPG methods under differ-
ent conditions. First, we report overall benchmark performance across the full
dataset to establish reference baselines. Second, recognizing the growing concern
regarding fairness and sensing bias in camera-based physiological measurement,
we further report results stratified by self- reported skin tone groups. Third,
to evaluate cross-dataset generalization, we conduct experiments where models
are trained on the proposed Tricam-rPPG dataset and tested on several widely
used public datasets, as well as the reverse setting where models trained on
external datasets are evaluated on Tricam-rPPG. Finally, we present task-level
granular analyses to provide deeper insight into how existing methods perform
under different experimental conditions. Together, these evaluations establish a
transparent and extensible benchmark that enables future work to systemati-
cally compare algorithms and better understand the challenges of robust remote
physiological sensing. Due to space constraint only Table 6 is shown in the main
document. Other benchmarks are reported in the supplementary document.

6.2 NIR Effectiveness

In order to test the effectiveness of the NIR on darker skin tone, we tested model
inspired by Li et al [19]. It uses temporal data from face patches and train a
Demucs model [9]. We adopted the structure to train different combination of
five available channels from the dataset: red (R), green (G), blue (B), NIR (850
nm), and NIR (940 nm). We trained a total of five three channel combinations
R+IR, G+IR, B+IR, RG+850, and RG+940 (Fig. 4b). We specifically prioritize
G channel as research shows higher response of BVP in G. IR denotes that both
850 and 940 channels were included. Additionally, we train a model that can
take all five channels RGBIR (Fig. 4a).
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Table 6: HR benchmark performance on Tricam-rPPG dataset using supervised meth-
ods in the rPPG Toolbox [22] (mean ± standard deviation).

Test Set: Tricam-rPPG

Method Train Set MAE ↓ MAPE ↓ ρ ↑ SNR ↑

TS-CAN [20]

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 [48]

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
[49]

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 [7]

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 [21]

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

Data from eight subjects were tested for verification. The inclusion of NIR
channels leads to clear improvements in both signal quality and HR estimation
accuracy, with the gains becoming more pronounced as skin tone increases. As
shown in Fig. 5, the effect of NIR channels on lighter skin tones (equivalent
to Fitzpatrick scale II) is relatively modest, while the improvements become
substantially larger for light–medium (equivalent to Fitzpatrick scale III) and
medium–dark ((equivalent to Fitzpatrick scale IV) skin tones. For example, the
RG850 configuration increases SNR by 50% for light skin, but the improvement
grows to 80% and 70% for light–medium and medium–dark skin tones, respec-
tively. A similar pattern is observed for RG940, where the SNR gain is limited to
10% for light skin but increases dramatically to 100% and 85% for light–medium
and medium–dark skin tones. The multispectral RGBIR configuration further re-
inforces this trend, increasing SNR by 50%, 95%, and 100% for the three groups,
respectively. These results indicate that the primary benefit of introducing NIR
sensing emerges for higher skin pigmentation levels, while the performance for
lighter skin tones remains largely stable.

A comparable pattern appears in the HR estimation error shown in Fig.5b.
While the inclusion of NIR channels produces moderate reductions in MAE for
lighter skin tones, the reduction becomes substantially larger for light–medium
and medium–dark skin tones. For instance, the RG850 configuration reduces
MAE by 20% for light skin, while the reduction reaches 35% and 25% for
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Fig. 4: Encoder-decorder model to test different combinations of R, G, B, IR(850nm),
and IR(940nm) channels for rPPG information retrieval. Two models were developed:
(a) takes all five channels as input simultaneously; and (b) takes any three channels.

light–medium and medium–dark tones while keeping an MAE value of 4.66
BPM and 5.04 BPM respectively. The RGBIR configuration yields the largest
improvement, reducing MAE by 15% for light skin but by 45% and 30% for
light–medium and medium–dark skin tones, respectively while the absolute value
remains moderately low at 4.17 BPM and 5.60 BPM respectively. Importantly,
these improvements are achieved without degrading performance for lighter skin
tones, indicating that the addition of NIR channels primarily addresses limita-
tions that arise under higher melanin concentrations.
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Fig. 5: Change in SNR↑ and MAE↓ when NIR data is introduced, relative to RGB-
only data. Percentage changes are shown for participants who self-reported their skin
tones as light, light-medium, and medium-dark. (a) SNR↑. (b) MAE↓.
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7 Conclusion

This paper has introduced Tricam-rPPG, a multimodal dataset designed to sup-
port systematic studies of remote photoplethysmography under controlled yet
realistic sensing conditions. The dataset provides synchronized recordings from
RGB and two NIR cameras (850 nm and 940 nm) together with reference phys-
iological signals, enabling analysis of both HR estimation and BVP waveform
recovery tasks. In addition to presenting the dataset, we established a repro-
ducible benchmark using widely adopted rPPG algorithms implemented in the
rPPG Toolbox [22] and evaluated them using standard metrics across multiple
experimental settings. Tricam-rPPG provides a valuable resource for the research
community. This dataset will enable reproducible evaluation of existing methods
while opening new directions for research in multimodal physiological sensing.
In particular, the dataset supports future work on robust rPPG algorithms,
fairness-aware physiological sensing, multimodal fusion across visible and NIR
channels, and improved recovery of physiological waveforms beyond HR esti-
mation. By making the dataset and evaluation protocols publicly available, we
hope to encourage further progress toward reliable and equitable remote car-
diovascular monitoring technologies. The team will host the data on their own
internal server, and will distribute it to interested researchers. The data will be
distributed after the interested party signs a data user license in order to honor
IRB agreements.

8 Data Access

The dataset will be made available to researchers for non-commercial research
purposes. Interested researchers must submit a data access request and execute a
Data Use License Agreement before obtaining access to the dataset. Additional
institutional or project-specific agreements may be required on a case-by-case
basis. Further details regarding the access procedure are provided on the project
website: https://tricam-rppg.github.io.
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