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Abstract

In this paper, we propose Proxi-rPPG—a contactless remote
photoplethysmography (rPPG) sensor mounted on a head-
mounted display (HMD)—to reliably obtain heart rate data in a
virtual reality (VR) environment where users can move freely. We
also develop and evaluate an emotion-recognition model using the
Proxi-rPPG approach. Specifically, we attach a small camera
module to the outside of an HMD to capture the user’s cheek—ear
region at close range, then extract heart rate and heart rate
variability via an rPPG algorithm. While traditional reflective PPG
requires precise skin contact—and wrist-worn sensors can be
highly susceptible to noise from arm movements—conventional
rPPG methods also face limitations imposed by user motion.
Proxi-rPPG addresses these drawbacks and demonstrates its
potential to quantify emotional changes arising from VR content
experiences. In a user study with 20 participants, we compared
waveform data from the Proxi-rPPG sensor to that of a reflective
wrist-PPG device. We found that the Proxi-rPPG approach yielded

alower noise ratio than the wrist sensor in dynamic VR conditions.

It also achieved 65 % accuracy in a four-quadrant emotion
classification task (High/Low Arousal x Positive/Negative
Valence) using a machine-learning model. These findings suggest
that Proxi-rPPG can be effectively applied to various domains,
including emotion monitoring in VR.

CCS Concepts

« Ubiquitous and mobile computing design and evaluation
methods « HCI design and evaluation methods

*Corresponding author

This work is licensed under Creative Commons Attribution International 4.0.
UbiComp Companion ‘25, October 12-16, 2025, Espoo, Finland

© 2025 Copyright is held by the owner/author(s).

ACM ISBN 979-8-4007-1477-1/2025/10.
https://doi.org/10.1145/3714394.3754394

Yongho Lee
Content Research Laboratory
Electronics and Telecommunications
Research Institute
Daejeon, Republic of Korea
jason0720@etri.re.kr

Suh-Yeon Dong
Division of Artificial Intelligence
Engineering
Sookmyung Women's University
Seoul, Republic of Korea
sydong@sookmyung.ac.kr

Seoyeon Lim
Department of Information
Technology Engineering
Sookmyung Women's University
Seoul, Republic of Korea
imseoyeon0218@sookmyung.ac.kr

Youn-Hee Gil

Content Research Laboratory
Electronics and Telecommunications
Research Institute
Daejeon, Republic of Korea
yhgil@etri.re.kr

Keywords

Proxi-rPPG sensor, Remote PPG, Virtual reality, Emotion
recognition

ACM Reference format:

Heesook Shin, Yongho Lee, Seoyeon Lim, Seung Hyun Song, Suh-Yeon
Dong and Youn-Hee Gil. 2025. A Novel HMD-Mounted Contactless Proxi-
rPPG Sensor for Emotion Recognition in Free-Moving VR Environments.
In Proceedings of the 2025 ACM International Symposium on Wearable
Computers (ISWC’25), October 12-16, 2025, Espoo, Finland. ACM, New
York, NY, USA, XX pages. https://doi.org/10.1145/3714394.3754394

1 Introduction

Virtual reality (VR) technology is widely applied in gaming,
education, and rehabilitation, offering high immersion and free
user interaction [1, 2, 3]. Real-time understanding of a user’s
emotional state—such as focus, stress, or engagement—could
enable automatic adjustments in content difficulty or help
improve affective expression and empathy in training scenarios.
Emotion recognition requires comprehensive analysis of
various signals including facial expressions, vocal cues,
physiological data, and motion. Facial-expression-based emotion
recognition remains significant, yet head-mounted displays
(HMDs) occlude the upper face, complicating detection [4].
Techniques to address this challenge in VR environments include
robust deep-learning models designed for partially occluded faces
[5], real-time lower-face analysis in immersive VR [6], and
advanced image-processing approaches to recover occluded facial
features [7]. Meanwhile, other physiological signals
(electroencephalography (EEG), photoplethysmography (PPG),
electromyography (EMG)) have also been proposed [8, 9], and
some work combines multiple modalities to enhance accuracy [10,
11]. Among these signals, heart rate (HR) and heart rate variability
(HRV) from PPG effectively track VR users’ emotional states.
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Some studies integrate PPG sensors directly into HMDs (e.g.,
PhysioHMD [12], EmteqVR [13]) by placing reflective modules in
contact with facial skin, though reports indicate reduced comfort
and a risk of detachment. Wrist-worn PPG sensors are simpler to
use but produce significant motion noise when arms move and
require additional gear [8]. Remote PPG (rPPG) estimates blood
volume pulses from camera images (face, wrist, etc.) without
direct skin contact [14]. While early methods worked well only in
stable lighting and minimal motion, subsequent algorithms like
POS (Plane-Orthogonal to Skin), CHROM (chrominance-based),
and PCA (Principal Component Analysis)-based corrections [15,
16] have broadened rPPG’s applicability. Still, user head rotations
or movements outside the camera’s field of view present
challenges in free-moving VR contexts.

To address these limitations, we introduce Proxi-rPPG—a
contactless rPPG sensor attached to the exterior of an HMD.
Specifically, a small camera module on its side or front captures
the user’s cheek, ear, and temple areas at close range to extract
PPG signals without skin contact. Proxi-rPPG offers greater
comfort than reflective PPG, reduces noise from large head
movements, and overcomes the limitations of conventional rPPG,
which requires a fixed camera and limits user mobility. It can also
be extended to glasses, AR devices, and other wearable platforms.

Accordingly, this paper presents (1) the design and prototype
of Proxi-rPPG sensor for VR, (2) a comparative performance study
against a wrist-mounted reflective PPG sensor, and (3) an emotion
recognition model using HR data, with potential applications in
affective and social interaction training.

2 Proxi-rPPG Sensor Implementation

2.1 HW Specification

A simple prototype of the Proxi-rPPG sensor was constructed
using a small RGB camera (Raspberry Pi Camera Module v2 NoIR,
1920x1080 @24fps) and a wireless-enabled microprocessor
(Raspberry Pi 4 Model B). It was magnetically attached to the side
light-shielding section of a Meta Quest Pro HMD, as illustrated in
Figure 1.
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Figure 1: Prototype Proxi-rPPG sensor magnetically
mounted on a Meta Quest Pro HMD
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A custom camera mount and an adjustable wedge were
designed to match each user’s facial structure, ensuring that the
camera module could capture the cheek—ear region at a diagonal
angle from about 3-5 cm away. Additionally, to account for the
mixture of physiological changes induced by both emotional
responses (e.g., fear, excitement) and physical activity (movement)
during VR content, we incorporated a contactless temperature
sensor. Specifically, a thermopile sensor that absorbs mid-IR
radiation emitted from the skin was chosen, and its data were
transmitted over the same wireless channel as the image signals.
Although this study does not present detailed analysis of the
temperature data, we plan to utilize it in future research aimed at
mitigating motion-related artifacts in PPG signals.

2.2 Extraction of Heart Rate Using Proxi-rPPG

Based on prior studies, we identified regions that effectively
reflect blood-flow variations—namely the cheek, ear (helix and
lobe), and temple. In particular, we drew on the facial surface
orientation method proposed in [17] and the region-based heart
rate measurement approach in [18], ultimately setting the region
of interest (ROI) to the cheek—-ear area. With the HMD on, we used
a camera preview to ensure that the ear and cheek remained
centered on the display. Through a pilot test (N = 5), we set the
camera’s field of view (FoV) to approximately 45 + 5° so that the
ear and cheek would remain within the frame. We targeted areas
not occluded by the HMD as the ROL Pixel coordinates of x: 0 —
450 and y: 300 — 700 were determined to be the most robust to
movement and lighting variations.

The collected video (30fps) was processed by a standard rPPG
pipeline, applying a green-channel analysis and a Plane-
Orthogonal to Skin (POS) algorithm [15, 16] to correct for lighting
and skin reflectivity. Afterward, we applied a 0.7-4Hz bandpass
filter and peak detection to calculate HR and HRV. We anticipate
that further adopting a deep learning-based HR estimation
method in place of—or in combination with—this pipeline could
enhance robustness to lighting changes and motion while
improving overall accuracy and efficiency [19, 20, 27]. Under static
user conditions, the Proxi-rPPG prototype demonstrated high
reliability, exhibiting a mean error of 0.052 bpm (Reference HR:
87.667 bpm, Proxi-rPPG HR: 87.791 bpm, N=5) when compared
with a reference device (Polar Verity Sense).

3 Experimental Procedure

3.1 Experimental Setup

To validate the performance of the Proxi-rPPG sensor and explore
its potential for emotion recognition, we conducted an experiment
in which participants experienced immersive VR content. We
compared the Proxi-rPPG sensor’s performance with that of a
wrist-worn PPG device (in smartwatch form). Twenty adults (10
males, 10 females; mean age 23.2+2.33 years)—who reported no
severe VR sickness and no visual or auditory impairments—were
recruited through an open call, provided they had used a VR
device at least once prior to the study. For emotion elicitation, we
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consulted existing research on VR content known to induce
emotional responses, then performed a pilot test (N=5) to finalize
four representative VR titles spanning four different genres.

Table 1: The four types of immersive, interactive VR content

Emotion Representative Content and Representative
Classification Description Image
) (Action/Sports): “‘CARVE = g
ng.h .Arousal+ Snowboarding” [23], A VR title Y‘?’A.\m'i:— -
Positive Valence .
where you descend a mountain
(HAPV)
slope on a snowboard
High Arousal + (Horror/Thrill):  “Affected The
Negative Valence ~ Manor” [24], A VR title involving
(HANV) exploration of a haunted mansion

(Meditation/Relaxation): ~ “Fujii”
[25], A VR title focusing on
Positive Valence watering plants, gently
(LAPV) interacting with living creatures,
and restoring an ecosystem
(Somber/Monotone): “Blair
Low Arousal + Witch: Oculus Quest Edition”
Negative Valence  [26], A VR title where you play a
(LANV) police officer searching for a
missing child

Low Arousal +

A 9-point Self-Assessment Manikin (SAM) scale was used to
collect participants’ subjective emotional responses. SAM enables
intuitive assessment of Valence (1 = extremely negative, 9 =
extremely positive) and Arousal (1 = very calm, 9 = highly excited).
Each participant viewed a SAM figure and marked a numeric
rating immediately after completing each VR content segment.
This study specifically collected Valence—representing the
continuum from positivity to negativity—and Arousal, measuring
the level of emotional activation from High to Low.

3.2 Experimental Protocol

The experiment employed a Latin Square design so that
participants experienced the four VR contents (HAPV, HANV,
LAPV, LANV) in different orders. In the Preparation phase (20
minutes), participants received an overview of the study’s
objectives, procedures, and potential risks, as well as instructions
on how to complete the SAM questionnaire. They then donned the
HMD with the Proxi-rPPG sensor prototype attached, while a
Polar Verity Sense devices were worn on both wrists and ankles.
Four Polar units logged tri-axial accelerometer (ACC) and
gyroscope (GYRO) data to quantify upper- and lower-limb motion,
and the right-wrist unit simultaneously recorded reflective
contact PPG, providing the reference heart rate (reference PPG)
signal. Participants also used the official Meta tutorial content [21]
to familiarize themselves with VR controller operations.

Each Trial phase (20 minutes) comprised Fixation, VR content,
and Recovery sessions for each of the four contents. At the start
of each trial, participants performed a Fixation session, aligning
their position with the VR content’s starting viewpoint. They then
experienced one of the four VR contents for about 10 minutes (VR
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content session). Afterward, a 10-minute Recovery session was
provided to allow participants to rest and evaluate the emotional
impact of the prior VR exposure, during which they completed the
SAM questionnaire to provide subjective emotional ratings.

Preparation Trial #1 Trial #2 Trial #3 Trial #4
(20min) (20min) (20min) (20min) {20min)

Position Fixation
(5s)

Figure 2: Overview of the Experimental Protocol

Self-Assessment and
Recovery (10min)

VR Content Exposure
{(10min)

For data collection, the Raspberry Pi on the HMD side tagged
each video frame with a normalized timestamp at one-second
intervals via Wi-Fi, while the Polar device assigned timestamps to
its Bluetooth Low Energy (BLE) packets, enabling alignment to a
common time axis. After the experiment ended, the PPG signals
captured by the camera, along with calculated HR data, motion
data (ACC, GYRO), temperature data (thermopile sensor data),
and SAM (1-9) labels were merged based on matching timestamps.

4 Experimental Results and Analysis

4.1 Evaluation of the Proxi-rPPG

After each VR content segment, participants entered a recovery
period and performed a single right-arm swing to provoke motion
artifacts. Analysis of both the entire one-minute signal and a
magnified 10-s window showed that the reflective wrist-worn
PPG waveform oscillated in step with peaks from the ACC,
whereas the contactless Proxi-rPPG trace remained comparatively
stable over the same 10-s (240-frame) sequence. Quantitatively,
the coefficient of variation (CV = o/p x 100 %) of the wrist PPG was
~30 %, while that of the Proxi-rPPG was only ~10%, confirming a
three-fold reduction in motion-induced noise. A temporal offset
between the ACC and reference PPG peaks—despite their
common hardware origin—likely stems from sampling-rate
mismatches or transient contact and muscle artifacts during
movement [22].
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Figure 3: Comparison of Reference PPG and Proxi-rPPG
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4.2 Emotion Recognition Model

Next, we examined whether an emotion recognition model could
be constructed using data from the Proxi-rPPG sensor. We
extracted both time-domain and frequency-domain features from
the collected waveform signals, including RMSSD (Root Mean
Square of the Successive Differences), SDNN (Standard Deviation
of NN intervals), LF (Low Frequency Band), HF (High Frequency
Band), LF/HF, mean, and standard deviation. These were
employed as input features in machine-learning classification
models—Decision Tree (DT), Support Vector Machine (SVM),
Random Forest (RF), K-Nearest Neighbor (KNN), and Logistic
Regression (LR)—under both Early Fusion and Late Fusion
approaches. In this paper, Early Fusion combines all features into
one classifier, whereas Late Fusion first classifies each modality
independently and then fuses the outputs.

In the Early Fusion results, the following accuracies were
obtained: DT (56.58 %), SVM (59.42 %), RF (64.75 %), KNN (54.17 %),
and LR (55.33 %). The RF model achieved the highest performance
(64.75 %) when using four signals: HR, temperature, ACC, and
GYRO. Figure 4 summarizes the RF model’s test performance via
5-fold cross-validation, indicating that HR data derived from the
sensor prototype can be effectively used to classify the four
emotional states.

precision recall f1-score

E LAPY
= 8 HAPY | on | 0.79 | 0.75
E Wy | ogs | 079 | 083
HANY 4 © ANV | psa 0.68 0.60
LANV 043 | o032 | 036

LANY

HAPY LAPY HANY LANY
Predicted label

Figure 4: Confusion Matrix and Classification Results of the
RF Model Using HR+Temp+ACC+GYRO Features

From the confusion matrix and the classification results, one
can see that LANV is occasionally misclassified as HANV, which
is consistent with the questionnaire findings. Although
participants’ SAM survey responses generally aligned with each
content’s genre, a relatively large standard deviation was found
for HANV in the Valence dimension as shown in Figure 5.
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6.756.65 red 7.25
8 ] 1
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HAPY LANV LAPV HANV
m Arousal_mean m Valence_mean

SAM 9-Point Scale Survey Results (Mean * SD)

Figure 5: Participants’ SAM Ratings Summary
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Moreover, a detailed breakdown shows that eight participants
labeled the LANV content as HAPV, LAPV, or HANV,
representing the highest rate of unintended responses among the
four contents. We presume this stems from the small pilot test
sample (N=5), which may have been insufficient to fully validate
the negative affect induction intended by LANV. Future research
should include a larger-scale verification of LANV content or
compare additional somber/negative VR materials.

Under the Late Fusion approach, we classified the pulse-wave
signals (Proxi-rPPG) with SVM and the GYRO data with RF,
achieving a maximum accuracy of 63.15 %. This again indicates
that the waveforms from the Proxi-rPPG sensor can serve as valid
features for an emotion-recognition model. As observed in Early
Fusion, LANV was also frequently misclassified as HANV in the
Late Fusion results.

5 Conclusion and Future Work

This study is significant in that it proposes Proxi-rPPG, a
contactless, proximity-based rPPG sensor, for use in VR
environments where users can move freely. Specifically, we
integrated a small camera module onto an HMD to capture signals
from the user’s cheek—ear region at close range, ensuring stable
heart rate extraction despite head movements. Through a 20-
participant evaluation, we showed that this approach addresses
the signal distortion typically associated with contact-based PPG
systems, while demonstrating the feasibility of biometric-driven
emotion recognition without requiring additional worn devices.
Moreover, we achieved 65 % accuracy in a four-quadrant emotion
classification task, confirming that a headset-only, contactless
Proxi-rPPG sensor can track affective changes even while users
move.

To raise this figure to a level suitable for real-world
deployment, we will pursue three complementary upgrades. (i)
Hardware: redesign the mount so that the region of interest shifts
from the cheek-ear region to the auricular helix/lobe, fully utilize
the existing thermopile module, and improve optical shielding,
thereby increasing pulsatility and mitigating artifacts caused by
hair, accessories, and lighting. (ii) Stimuli: replace the ambiguous
LANV title with VR scenarios whose valence—arousal labels are
pre-validated in a larger pilot, reducing label noise. (iii)
Algorithms: substitute the current Random Forest pipeline with a
multimodal Transformer that fuses HR, temperature, ACC, and
GYRO  streams; this architecture has delivered 5-
10 percentage-point gains on comparable affective-computing
benchmarks [27]. These advances are expected to push accuracy
beyond 65 % and enable robust, real-time emotion monitoring in
applications ranging from VR-based training and digital
therapeutics to remote collaboration.
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