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Figure 1: Our system reconstructs facial expressions of an HMD wearer with multiple photo-reflective sensors integrated into the device.

Abstract

Reconstructing the 3D facial expressions of head-mounted display (HMD) wearers is essential for natural avatar communica-
tion in virtual reality (VR). Camera-based methods achieve high fidelity but involve heavy processing and privacy risks, whereas
non-imaging sensors are lightweight and privacy-preserving but provide only sparse features. We propose a reconstruction sys-
tem that learns high-dimensional 3D facial representations from camera images during training, but performs inference using
only compact photo-reflective sensors embedded in the HMD. This design integrates the expressiveness of camera-based su-
pervision with the efficiency and privacy of sensor-based operation. Experimental results show that our method accurately
reconstructs 3D facial expressions from the sensor data, training with diverse wearing conditions is more effective than collect-
ing more data under a single condition, and accuracy further improves with a dedicated mouth-shape predictor and lightweight
personalization using small wearer-specific datasets.

CCS Concepts
• Human-centered computing → Virtual reality; Interaction devices;

1. Introduction

Communication in VR has been growing rapidly, and nonverbal
information is as important in these environments as it is in the
real world. In particular, facial expressions are crucial for nonver-
bal communication, as they can convey emotions and intentions.
VR platforms currently provide simplified features such as pre-
set facial expressions and basic avatar gestures, which limit the
richness of interaction. To overcome these limitations, ongoing re-
search aims to reproduce nonverbal communication in ways closer
to real-world interaction.

Existing approaches to capturing facial expressions in VR can be
broadly divided into image-based and non-imaging sensor–based
methods. Image-based approaches embed cameras inside the HMD
to record facial images and reconstruct facial structures [WSS∗19,
TZS∗18, OLSL16, CLX∗22]. Although these methods can achieve
high-fidelity representations, they require heavy image process-
ing during both training and inference, and they raise privacy
concerns. By contrast, non-imaging sensor approaches use elec-
tromyography (EMG) sensors [LWN∗20] and photo-reflective sen-
sors [SNO∗17,NMS∗22,NS23]. This sensor-based strategy reduces
processing cost and alleviates privacy risks. However, reconstruct-
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ing high-dimensional data (e.g., 3D facial geometry) remains dif-
ficult, and many studies therefore simplify the task by classifying
sensor signals into a few predefined expressions [PHS17,RLM∗19,
MWUN21, MSO∗16, MKS∗20, SLG∗22], often based on Ekman’s
six basic emotions [Ekm89]. This simplification further limits the
rich nonverbal communication in VR.

To address these challenges, we propose a system that bridges
the gap between camera-based and sensor-based approaches. Our
method leverages camera data during training to learn rich, high-
dimensional 3D facial representations, while relying solely on com-
pact and inexpensive photo-reflective sensors during inference. In
this way, the system leverages the expressive accuracy of camera-
based methods, yet maintains the low processing cost, small device
footprint, and privacy preservation of sensor-based approaches. We
explore whether photo-reflective sensor values can support accu-
rate 3D facial reconstruction when images are used only during
training, and examine how factors such as training data scale, data
diversity, and model design affect this accuracy.

2. Related Work

2.1. 3D Face Reconstruction

3D face reconstruction has traditionally relied on computer vi-
sion techniques applied to full-face images, converting features
into 3D model parameters. Approaches include marker track-
ing [Wil06, HCTW11], landmark detection [BV03, CWLZ13],
pixel- or edge-based analysis [RV05], and deep learning with Con-
volutional Neural Networks (CNNs) [FFBB21, DBB22]. Depth
cameras have also been employed for capturing fine-grained ge-
ometry [BWP13, LYYB13, WBLP11]. However, such methods are
less effective for HMD users because the device occludes the upper
face.

To address this limitation, several works have explored
capturing partial facial images with embedded or external
cameras. Examples include cheek contour images from ear-
mounted cameras [CSA∗20], infrared cameras placed below the
head [CLT∗21], and eye-region images from gaze-tracking cam-
eras inside HMDs [HDS∗19]. Similarly, cameras integrated inside
HMDs capture partial facial views for reconstructing 3D mod-
els [WSS∗19,TZS∗18,OLSL16,CLX∗22,JDlTS∗22], while RGB-
D cameras are used for reconstructing exposed regions of the lower
face [CLX∗22,LTO∗15]. These methods achieve high-precision re-
constructions but require intensive computation, add hardware cost,
and raise privacy concerns due to image capture.

2.2. Facial Expression Recognition Using Non-Imaging
Sensors in Head-Worn Devices

To reduce computational costs and enhance privacy protection,
many studies have explored facial expression recognition in wear-
able devices without relying on cameras. Approaches employ a
wide variety of sensors, including EMG [PHS17], EOG [RLM∗19],
microphones and speakers [LZC∗24], electrodes [MWUN21],
photo-reflective sensors [MSO∗16, MKS∗20, AMSS17], and even
piezoelectric or accelerometer sensors for detecting jaw mo-
tion [SLG∗22]. Other explorations include air pressure sen-

sors [AKST17] and electric field sensors [MSU17], which infer ex-
pressions from physiological signal changes associated with facial
movements. These methods primarily adopt classification models
due to the low-dimensional nature of sensor data.

For HMD users, additional modalities have been investigated,
including strain gauges [LTO∗15], EMG [LWN∗20], EEG and
EDA [BYJM18], audio and gaze [RLM∗21], ultrasonic transduc-
ers [IZB∗19], and photo-reflective sensors [SNO∗17, NMS∗22,
NS23]. These sensors function within the low-light environment
of an HMD and provide enhanced privacy protection by avoiding
direct image capture.

Among these modalities, photo-reflective sensors have emerged
as particularly promising due to their compact size, low cost, non-
contact nature, and ability to capture subtle skin deformations and
even subtle smiles [MPHS∗22]. They have been integrated into
wristbands [OSM∗13], earpieces [BBP∗15], glasses [MSO∗16,
MKS∗20], masks [TTU∗20], and HMDs [SNO∗17], demonstrat-
ing versatility in detecting skin deformations and facial movements
for gesture and expression recognition.

Despite these advances, the absence of cameras makes it dif-
ficult to capture a user’s facial appearance directly, and most
sensor-based systems remain limited to classification. Reconstruct-
ing high-dimensional facial geometry from low-dimensional sen-
sor data has been explored using ground truth from facial images
or motion capture, but such approaches typically rely on external
recording setups and are not always practical for HMD scenarios.
In contrast, our approach bridges these methods by leveraging cam-
era images only during training, relying on sensor data for efficient
and privacy-preserving inference.

3. Estimating 3D Facial Geometry of HMD Wearers with
Photo-Reflective Sensors

Our design principle is to combine the strengths of camera- and
sensor-based approaches: cameras provide high-dimensional super-
vision during training, while sensors enable lightweight, privacy-
preserving inference, where privacy is ensured by avoiding any use
of identifiable facial imagery during system operation. Since di-
rectly mapping low-dimensional sensor data to high-dimensional
facial geometry is difficult due to the large dimensionality gap and
nonlinear, ambiguous relationships, we introduce a parametric 3D
face model as an intermediate representation. This intermediate is
expressed as a compact set of model parameters, derived from op-
timized high-dimensional facial geometry. A core subset captures
the primary structure of facial expressions and jaw posture, and
once these are estimated, other dependent parameters can be in-
ferred more reliably. In this framework, low-dimensional sensor
values are mapped to the core parameters, which then drive the
reconstruction of full 3D facial geometry.

To realize this design, we employ photo-reflective sensors as the
non-imaging modality. These sensors emit infrared light and mea-
sure its reflected intensity, which allows them to estimate the dis-
tance to the skin and thus capture subtle skin deformations asso-
ciated with facial movements [SNO∗17, MSO∗16, AMSS17]. We
selected photo-reflective sensors because they are compact, inex-
pensive, non-contact, and enable high-speed (real-time) process-
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ing. These characteristics make them highly practical for integra-
tion into everyday HMDs, fulfilling our design goal of a lightweight
and efficient inference system.

3.1. System Overview

An overview of our system is shown in Fig. 2. We developed a
training HMD equipped with three RGB cameras and 20 photo-
reflective sensors. The cameras capture partial facial images for
generating ground truth parameters for constructing a 3D facial
shape, while the sensors measure skin deformations on the upper
face and around the mouth. After learning a mapping between sen-
sor values and parameters derived from the camera images, sen-
sor values are first calibrated using a neutral baseline and then in-
put into two predictors: one for expression parameters and one for
jaw pose parameters. The expression predictor uses all 20 sensors,
while the jaw pose predictor focuses on sensors around the mouth
(11–20). Once trained, these predictors estimate parameters that are
applied to a default 3D face model to reconstruct the wearer’s ex-
pressions.

Since directly predicting a dense 3D mesh from low-dimensional
sensor values is impractical, we adopt a parametric face model.
Specifically, we use FLAME (Faces Learned with an Articulated
Model and Expressions) [LBB∗17], which was built from over
33,000 aligned scans. FLAME represents shape, expression, and
pose in independent low-dimensional spaces, making it compact
yet expressive enough to capture facial variations. In this study, we
estimate expression parameters and the jaw pose parameter, as head
orientation and eye movements are difficult to infer reliably from
photo-reflective sensor data.

3.2. Custom HMD for Data Collection and Tracking

We developed a custom HMD equipped with three RGB cameras
and 20 photo-reflective sensors for data collection (Fig. 2, left bot-
tom). The cameras provide partial facial images for generating
ground truth parameters, while the sensors capture skin deforma-
tions from the upper face and mouth regions. All components were
mounted on a 3D-printed bracket and synchronized for simultane-
ous acquisition. Because images are required only during training,
we built two versions of the device: a training HMD with cam-
eras and sensors, and a lightweight tracking HMD with sensors
only (Fig. 3). The training HMD is used to establish the mapping
from sensor values to 3D facial parameters, whereas the tracking
HMD performs efficient real-time reconstruction using sensor data
alone. 20 photo-reflective sensors (SG-105F) weigh approximately
0.8 g in total. This corresponds to less than a 1 % increase over a
typical commercial HMD. Therefore, the additional hardware im-
poses negligible physical or psychological load, allowing users to
communicate naturally in virtual environments without discomfort
when using tracking HMD.

To capture both the eyes and eyebrows, we mounted three Rasp-
berry Pi cameras (160° FOV) on the training HMD: two eye cam-
eras connected to a Raspberry Pi 5 and one mouth camera con-
nected to a Raspberry Pi 3B (Fig. 3). The eye cameras were fixed at
symmetric angles on a custom 3D-printed bracket to include both
the eyes and eyebrows, while the mouth camera was attached above

the Quest 2 headset to cover the entire mouth region. Two Rasp-
berry Pi units were secured to the top of the HMD using a custom
mount.

The system also incorporated 20 photo-reflective sensors (SG-
105F) arranged as shown in Fig. 2. Sensors 1–10 (yellow) measured
the upper face, and sensors 11–20 (green) measured the lower face.
The layout was based on Nakamura et al. [NMS∗22], with four
additional sensors added around the mouth to improve detection
accuracy. Sixteen sensors were connected to an Arduino Nano via a
multiplexer (CD74HC4067), and the remaining four were directly
wired to the Arduino’s signal pins. The circuit board holding the
Arduino, multiplexer, and connectors was 3D-printed and mounted
at the back of the headset (Fig. 3).

3.3. Generating 3D Face Model for Expression Reconstruction

To obtain 2D facial landmarks from HMD images, we combined
landmarks from three embedded cameras and aligned them to
a frontal view (Fig. 4). Each eye image was annotated with 11
landmarks and the mouth image with 25 landmarks. The anno-
tated landmarks PPPimage,h were transformed into the camera co-
ordinate system using intrinsic calibration: PPPcamera,h = PPPimage,h ·
KKK−1, PPPcamera = zvalue ·PPPcamera,h.

Because all landmarks from the same image shared the same z-
coordinate, the eye landmarks appeared horizontally compressed
when viewed from the front. We corrected this by expanding their
z-coordinates with a fixed scaling factor. The transformed eye
and mouth landmarks were then unified into the coordinate sys-
tem of the mouth camera using precomputed extrinsic parameters:
PPPe,m = RRR⊤(PPPe,e − ttt), where RRR and ttt are the rotation and transla-
tion from the eye to the mouth camera. Since the nasal dorsum and
nasion were not visible, we interpolated nose landmarks along the
line between the midpoint of the eyes and the central points below
the nose. Finally, we refined the landmarks using expressionless
faces captured without the HMD. The difference vectors between
these FullFace landmarks and the aligned landmarks were stored
and applied to all other expressions, yielding natural-looking 2D
landmarks consistent with a frontal view.

To lift the 2D landmarks to 3D, we trained a depth predictor
to estimate z-coordinates. Using FLAME [LBB∗17], we randomly
sampled parameters to generate synthetic 3D face models and ex-
tracted corresponding 2D–3D landmark pairs. A dataset of 200,000
pairs was created, with 2D landmarks as input and 3D z-coordinates
as output. The predictor was implemented as a CNN with two 1D
convolutional layers, which effectively captured spatial relations
among landmarks.

Finally, the estimated 3D landmarks were fitted to the FLAME
model to reconstruct the 3D facial shape. Optimization was per-
formed in two stages: rigid fitting to align global position and ori-
entation, followed by non-rigid fitting to adjust expressions and
jaw posture. We adopted the dog-leg method [LA05, Pow70] for
nonlinear optimization. The resulting FLAME expression param-
eters ψψψGT and jaw pose parameters θθθGT served as Ground Truth
for training the sensor-based predictors. To learn this mapping, we
trained supervised predictors to estimate FLAME parameters di-
rectly from photo-reflective sensor values. Sensor readings sssexpr
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Figure 2: Our HMD collects three partial facial images (indicated by blue frames), sensor values from the upper face (yellow), and sensor
values from the area below the nose and around the mouth (green). Our system transforms landmarks into a planar coordinate system,
estimates their 3D positions with a depth predictor, and fits the FLAME model. The resulting parameters ψψψGT and θθθGT serve as Ground
Truth for training a predictor, which uses photo-reflective sensor values as input. The predictor estimates the parameters ψ̂ and θ̂, compares
them with ψψψGT and θθθGT applying MSELoss, and learns from sensor values. After training, the predictor outputs ψ̂ and θ̂, which reconstruct
expressions in the FLAME model.

Raspberry Pi 5
with 2 Cameras

Raspberry Pi 3B 
with 1 Camera

Electronic Board for Arduino Nano
and 20 Photo-Reflective Sensors

Figure 3: (Left) Front View of the Training HMD Wearer. (Mid-
dle) Rear View of the Training HMD Wearer. (Right) User Wearing
the Tracking HMD. During training, two Raspberry Pis with cam-
eras are attached to the HMD to capture images. However, during
tracking, only photo-reflective sensor values are used, and images
are not needed, so the Raspberry Pis with cameras are removed.

were baseline-normalized using neutral-expression values sssneutral:
sssnorm = sssexpr − sssneutral.

Two CNN-based predictors were used: one for expression pa-
rameters with all 20 sensors as input, and one for jaw pose using
only the 10 sensors around the mouth. This separation allowed ef-
ficient modeling of fine-grained mouth movements. Considering
spatial relationships among sensors, both predictors were imple-
mented with convolutional layers. At inference, the predictors out-
put ψ̂ and θ̂, which were applied to the FLAME model to recon-
struct the wearer’s facial expressions in real time.

4. Experiment

4.1. Target Facial Expressions

Participants wore the training HMD and were asked to repro-
duce 30 facial expressions (Fig. 5). Expression 1 was neutral,
Expressions 2–15 corresponded to Ekman’s six basic emotions

(Happy, Surprised, Sad, Angry, Disgust, Fear) [Ekm89] plus Con-
tempt [Mat92], and were used as the main targets for evaluation.
Expressions 16–30 were combinations covering additional facial
muscle movements not included in the basic emotions, ensuring a
broader range of motions for training. All images in Fig. 5 were
generated using DALL·E 3 †, and their correspondence to the in-
tended expressions was manually verified by the authors.

4.2. Data Collection Procedure

Twenty participants (16 male, 4 female, all in their twenties) took
part in the study. The study protocol was approved by the institu-
tional review board (IRB), and all participants provided informed
consent prior to data collection. Participants sat on a chair, viewed
a virtual environment through the HMD, and reproduced 30 facial
expressions presented inside the display (see Fig. 6 for the exper-
imental setup). Once each participant indicated readiness by tap-
ping the desk, the experimenter initiated the data logging while
the expression was maintained. For each expression, the system
recorded three images from the two eye cameras and the mouth
camera, along with 20 photo-reflective sensor values, at 0.5-second
intervals repeated three times. One full cycle of 30 expressions was
defined as a set, and each participant completed 12 sets, yielding
1080 samples per participant (3× 30× 12). To examine the effect
of reattaching the HMD, participants removed and re-wore the de-
vice every four sets, creating three attachment conditions (sets 1–4,
5–8, and 9–12).

† https://openai.com/index/dall-e-3/
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Figure 5: Generated Facial Expression Images using DALL·E 3.
for Data Collection.

4.3. Data Collection System

Data acquisition was synchronized by sending trigger signals from
Unity to the devices in sequence, starting with the slowest (Rasp-
berry Pi 3B for the mouth camera), followed by the Raspberry Pi 5
for the eye cameras, and finally the Arduino Nano for the photo-
reflective sensors, so that uncontrolled processing delays (jitter)
were minimized. The average delay across participants was 0.250
seconds, with 0.186 seconds between sensors and eye cameras, and
6.37×10−2 seconds between mouth and eye cameras.

Figure 6: (Left) Setup for Data Collection. (Right) Scene Displayed
Inside the HMD During Data Collection.

4.4. Experimental Conditions

Full-Model Training We evaluated facial expression reconstruc-
tion under seven training conditions (Table 1). Here, set indi-
cates the total number of training cycles (each cycle contain-
ing 30 expressions) used, and wear indicates the number of dis-
tinct HMD re-attachment conditions from which that data was
collected. The within-user conditions (3wear,11sets; 3wear,3sets;
2wear,8sets; 1wear,4sets; 1wear,1set) used only the participant’s
data, while the cross-user condition (0set) used 228 sets from 19
other participants. The final condition (3wear,11sets,Single Predic-
tor) examined the effect of using a single predictor for both expres-
sion and jaw pose parameters, while the other conditions employed
two separate predictors.

Table 1: Experimental Conditions.

Condition Training Data Test Data

3wear, 11sets 11sets 1set
3wear, 3sets 3sets (different attachment states) 9sets
2wear, 8sets 8sets (2 attachment states) 4sets
1wear, 4sets 4sets (same attachment state) 8sets
1wear, 1set 1set 11sets
0set (from other users) 228 sets from 19 participants 12sets
3wear, 11sets, Single Predictor 11sets 1set

Fine-Tuning To address scenarios with limited data from the
HMD wearer, we applied a fine-tuning approach, which was also
explored for photo-reflective sensing methods [NS23, MSI24]. A
pre-trained model was first trained on data from 19 participants
(0set condition in Table 1). Fine-tuning then updated only the final
fully connected layers of the expression and jaw pose predictors,
while earlier layers were frozen. We evaluated three settings using
the wearer’s data: 1set, 2sets, and 3sets. To examine the effect of
reattachment, the 2set condition compared one versus two attach-
ment states, and the 3set condition compared one versus three.

4.5. Evaluation Method

We evaluated reconstruction accuracy by comparing correspond-
ing vertices vvvi between the ground-truth 3D facial shape (from im-
ages) and the reconstructed shape (from sensor values). Two error
metrics were used: root mean squared error (RMSE) and mean Eu-
clidean distance. Before error calculation, the reconstructed mesh
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was aligned to the ground-truth mesh over the entire face using the
Iterative Closest Point (ICP) algorithm [BM92]. ICP iteratively op-
timizes rotation and translation to minimize vertex distances, ensur-
ing that the reported errors reflect differences in facial expression
rather than head position or orientation.

Evaluation targeted expressions 1–15 in Fig. 5. These expres-
sions were selected for quantitative analysis to facilitate compari-
son with prior work. Expressions 16–30, consisting of combined or
less common configurations, were included in training but excluded
from evaluation.

5. Results

All machine learning and error calculations were performed on a
computer with an NVIDIA GeForce RTX 3080 GPU and an AMD
Ryzen 9 5900X CPU, implemented in Python 3.8.8 and PyTorch
2.2.0+cu121 on Ubuntu 22.04.3 LTS. The average processing time
from sensor input to 3D facial shape generation was 23.9 ms across
all conditions.

5.1. Within-User Evaluation

The within-user evaluation results are shown in Fig. 7. Accuracy
improved as the number of reattachments in the training data in-
creased, and for a fixed number of reattachments, more train-
ing data further reduced errors. A comparison of 3wear,3sets and
2wear,8sets revealed that reattachment count had a greater effect
on accuracy than total data volume. Variability also decreased with
more reattachments. Among individual expressions, Surprised (ex-
pression 5 in Fig. 5) showed the largest error. Qualitative results
are presented in Fig. 8 (left), using Surprised as an example. Errors
were most evident around the mouth, especially at the lower lip and
jaw where sensors provide limited coverage, while the eye and eye-
brow regions were generally more accurate. In some cases, how-
ever, eyebrow errors were more pronounced (e.g., User 2). Train-
ing times were short: for 11 sets, the expression predictor averaged
3.39 s and the jaw predictor 3.83 s.

5.2. Cross-User Evaluation

The cross-user evaluation results are shown in Fig. 9. Excluding
the participant’s own data from training led to higher errors than
within-user conditions, despite the 19 times larger training set.

However, variance across participants was smaller in the cross-user
case. Among individual expressions, Surprised again showed the
largest error due to pronounced eye and mouth movements. Quali-
tative results are presented in Fig. 8 (middle). Compared to within-
user conditions, errors were larger in the mouth and jaw regions,
often resulting in smaller reconstructed mouth openings relative to
the ground truth. Training times were longer than in the within-user
case, averaging 56.76 s for the expression predictor and 67.51 s for
the jaw predictor.

5.3. Single vs. Multi-Predictor Evaluation

The results are shown in Fig. 10. Separate predictors yielded
slightly lower errors overall and smaller variance across partic-
ipants compared to a single predictor, though both conditions
showed similar error trends across expressions. Qualitative results
are presented in Fig. 8 (right). Error locations were similar between
the two conditions, but in some cases, the single-predictor approach
produced smaller errors around the mouth and cheeks. The average
training time for the single predictor was 8.58 s.

5.4. Fine-Tuning Evaluation

Results are shown in Fig. 11. Fine-tuning reduced errors relative
to the cross-user baseline (0set), with the largest improvement ob-
served when as few as a single set of wearer-specific data (1set)
was included. This brought performance closer to the within-user
level. Additional sets provided smaller gains, and error reduction
was driven more by reattachment diversity than by data volume.
Qualitative results (Fig. 12) confirm that most of the improvement
occurred from 0set to 1set, with little change beyond. Errors in the
lower lip and jaw persisted even after fine-tuning. Training times
were modest: 4.30 s (expression) and 2.32 s (jaw) for 1set, increas-
ing to 13.08 s and 5.80 s, respectively, for 3set.

5.5. Comparison with State-of-the-Art

We compared our method with prior studies on 3D face reconstruc-
tion for HMD wearers using vertex-to-vertex error metrics. For a
fair comparison, we report results under the 0set condition (228
sets from other users), where no data from the target participant
was included in training.

Our method achieved an RMSE of 2.38±0.88 mm, outperform-
ing FaceVR [TZS∗18], which reported 3.38 mm. In terms of mean
Euclidean distance, our method yielded 1.67 ± 0.57 mm, better
than Mask-off [ZXC∗19] at 2.93 mm, though slightly higher than
MIA (Multi-Identity Architecture) [JDlTS∗22], which achieved
1.51±0.23 mm with training data from 120 HMD wearers. These
results indicate that photo-reflective sensor–based reconstruction
achieves performance comparable to camera-based methods in ac-
curacy, while retaining the advantages of efficiency and privacy
during inference. These advantages make our sensor-based design
highly practical and robust for everyday VR use.

6. Discussion

Our experiments showed that reconstruction accuracy depends
more on the diversity of HMD attachment patterns than on the to-
tal volume of training data. This aligns with prior work reporting
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Figure 8: Qualitative Comparison of Reconstructed 3D Faces under Within-User/Cross-User/Different Predictor Conditions.
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Figure 9: Reconstruction Errors under Cross-User Conditions.

that reattachment strongly affects recognition accuracy [SNO∗17,
NS23, MSO∗16]. Reattachment shifts the sensor-to-face position,
so even identical expressions can produce different sensor readings.
Including varied attachment conditions in training therefore im-
proves robustness and accuracy. By contrast, simply increasing data
volume had little effect, likely because participants reproduced the
same expressions in response to identical prompts. Future datasets
that incorporate varied prompts or allow more natural expression
changes may make additional training data more beneficial.

Errors were larger around the mouth than in other regions,
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Figure 10: Reconstruction Errors under two Predictor Conditions.

mainly due to two factors. First, mouth movements are larger and
more complex than those of the eyes or eyebrows, making them
harder to estimate. Consistent with this, using a dedicated jaw-pose
predictor improved accuracy (Fig. 10). Second, our device only
measured the upper part of the mouth, leaving the sides and lower
lip under-sampled, which likely contributed to higher errors.

Fine-tuning with limited wearer-specific data improved accu-
racy, but further data contributed little additional improvement, in-
dicating that minimal personalization suffices. However, expres-
sions involving large mouth movements (e.g., Surprised, Angry,
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The leftmost condition, "0set,0wear", corresponds to the cross-
user condition "0set (228sets from other users)" in Fig. 9, while
the rightmost condition, "11sets,3wear (within-user)", matches the
within-user condition "11sets,3wear" in Fig. 7.
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Figure 12: Qualitative Comparison of Reconstructed 3D Faces
under Different Fine-Tuning Conditions. The leftmost model
(0set,0wear) for each user was trained without any data from the
wearer, while the rightmost model (11sets,3wear) was trained ex-
clusively on the wearer’s data.

Contempt, and Disgusted) still resulted in larger errors and higher
standard deviations, even after fine-tuning, likely because subtle in-
dividual differences in mouth opening strongly affect sensor values.

7. Limitations and Future Work

In this study, ground truth 3D facial shapes were generated from
images captured by three cameras, but we did not assess how
closely the generated ground truth matched the user’s actual 3D
facial shape. While the ground truth generation pipeline provides
sufficient consistency and fidelity for learning by combining es-
tablished models, future work should employ high-resolution 3D
scans to further improve training accuracy and reduce potential er-
rors. Another challenge is HMD reattachment: when the device is
worn again, the relative sensor positions may shift, degrading ac-
curacy. Possible solutions include designing more stable mounts or
using additional sensors to estimate shifts for compensation.

This study also has broader limitations. The dataset covered only
30 static expressions from 20 young participants, and sensor place-
ment insufficiently captured the lower jaw, causing larger errors for
wide mouth movements. Future work should include more varied
expressions, participants, and sensor coverage. To further improve
the reconstruction of the lower facial region, we plan to extend
sensor placement toward the jawline and sides of the face, follow-
ing approaches such as Asano et al. [AMSS17], which captured
mandibular motion by placing reflective sensors near the temporo-
mandibular joint on the sides of the face. Another promising direc-
tion is to incorporate biomechanical dependencies between the up-
per and lower facial regions. Since jaw motion mechanically influ-
ences the surrounding cheek and chin areas, modeling these phys-
ical constraints could enhance the plausibility and stability of the
reconstructed expressions with limited sensor coverage.

For practical applications, it is desirable to develop a predictor
independent of user-specific data. Our method still relies on camera
images during training, limiting practicality. A promising direction
is to collect larger and more diverse data so that fine-tuning and
generalization can be performed within a semi-supervised learn-
ing framework, leveraging a small amount of labeled camera data
and a larger set of unlabeled sensor data. Such approaches, relying
solely on photo-reflective sensor input, could eliminate the need for
camera calibration for new users. Even a small amount of wearer-
specific sensor data improved accuracy, indicating that strengthen-
ing sensor-only or semi-supervised approaches could further en-
hance privacy and reduce hardware complexity, making the system
more practical for everyday VR.

8. Conclusion

This study demonstrated that photo-reflective sensors can en-
able expressive, real-time facial reconstruction in HMDs through
lightweight, privacy-preserving sensing. By combining camera-
based supervision during training with sensor-only inference, our
system lowers the hardware and computational load of facial track-
ing during inference, facilitating wider adoption and more natural
nonverbal communication in VR. While promising, this work re-
mains an initial step toward practical deployment, with challenges
to be addressed for robust real-world deployment.
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