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Abstract
Smart eyewear (sEW) represents a promising platform for physi-
ological monitoring, yet sensor selection remains an open design
question. This work characterizes three sensors co-located on the
nose pads of a sEW: a vibrational microphone (V2S), an acoustic
microphone, and an inertial measurement unit (IMU), evaluated
across five tasks (apnea, nasal breathing, eating crunchy and soft
food, and drinking) in both quiet and noisy conditions in ten healthy
subjects. The V2S achieved the highest accuracy (86.7%) in quiet sce-
nario, while the acoustic microphone collapsed under noise (16.4%),
confirming the advantage of contact-based sensing. V2S and IMU
fusion yielded the optimal configuration (weighted F1=86.4%). Ad-
ditionally, V2S, IMU and acoustic microphone were evaluated for
heart rate (HR) estimation during apnea: V2S achieved a median
error within the 5 bpm frequency resolution limit, outperforming
both the IMU, which showed higher variability, and the acoustic
microphone, which performed poorly.
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1 Introduction
The growing accessibility of wearable devices is reshaping health-
care and lifestyle management, enabling continuous, non-invasive
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monitoring of physiological and behavioural parameters in every-
day settings [1]. Among the available form factors, smart eyewear
(sEW) is a particularly promising platform, as glasses are already
worn daily by a large fraction of the population [8]. Given their
position on the head, sEW are well-suited for monitoring activi-
ties involving the nose and mouth, such as breathing, eating and
drinking. Unusual breathing patterns and apnea are clinically rele-
vant in sleep-related disorders [20] and as somatic manifestations of
psychological stress [3]. Eating and drinking are key behavioural pa-
rameters whose automatic and unobtrusive monitoring is essential
to overcome the limitations of self-reported dietary assessment [13].

Various sensing modalities have been explored for the detection
of these activities across different wearable platforms. Acoustic
microphones have been widely used for eating, drinking, and respi-
ratory monitoring, from neck-worn devices [27] to earables [15, 18,
29]. Inertial measurement units (IMUs) have been adopted to cap-
ture head and jaw movements associated with eating gestures [5],
and prior work has shown that audio and IMU signals carry com-
plementary information for chewing detection [16]. Skin-contact
microphones capture bone-conducted signals unavailable to free-
field sensing [17]. This principle has supported cardiovascular mon-
itoring: bone-conducted cardiac sounds amplified by the occlusion
effect have allowed heart rate (HR) estimation from in-ear micro-
phones [4], while chest-worn contact microphones have demon-
strated reliable cardiopulmonary monitoring [4]. Growing attention
has recently been given to sEW as a sensing platform. BioGlass
[12] demonstrated HR and respiratory rate estimation from IMU
and camera signals, while EchoBreath [10] targeted abnormal respi-
ratory symptoms using active and passive acoustic modalities. For
dietary monitoring, piezoelectric sensors on the temple [9], IMU
and camera combinations [2], integrated acoustic microphones [19],
and multimodal fusion [26] have all been explored. However, these
works each addressed a single task or a fixed sensor configuration,
without systematically comparing the contribution of individual
sensing modalities across multiple physiological activities. This lim-
itation is particularly critical in sEW design, where hardware space
is constrained, and sensor selection represents a key design deci-
sion. Furthermore, vibrational microphones have shown promise
for physiological monitoring [11] but, when embedded in sEW,
have mostly been used for speech enhancement [6], leaving their
applicability to health biomarker sensing uninvestigated.

To address these gaps, our aims were to: (i) verify the feasibil-
ity of a vibration microphone embedded in sEW for physiological
monitoring, including eating and drinking recognition, as well as
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breathing and cardiac activity; (ii) perform a comparison of vibra-
tionmicrophone, acoustic microphone, and IMU signals across tasks
in both noisy and noise-free conditions; (iii) propose an optimized
sensor selection strategy, identifying the best sensor configuration
for each task.

2 Platform and Data Collection
2.1 Smart Eyewear Platform
To evaluate and compare the performance of vibrational, acoustic,
and IMU sensors for physiological monitoring, we utilized a pro-
totypal sEW platform developed by Essilor Luxottica in the Smart
Eyewear Lab 1. Designed primarily as a data acquisition system, the
platform facilitates synchronized capture of multimodal signals. In
Figure 1, the position of the three primary sensors utilized in this
study is highlighted: the LSM6DSV16BX IMU [23] (240 Hz, ±4g /
±1000 dps), the T5838 digital MEMS microphone [25] (48 kHz, 133
dB SPL), and the V2S200D Voice Vibration Sensor (V2S) [24] (48
kHz, ±17.8g).

Figure 1: Position of IMU, Acoustic Microphone, and V2S
sensors on the sEW platform

Sensors were positioned on the nose pad of the sEW frame, one
of the three primary contact points with the wearer, ensuring stable
mechanical coupling with the body. This location is proximal to
both the nasal airway and the oral cavity, making it suitable for res-
piratory monitoring and for capturing tissue- and bone-conducted
vibrations from mastication and swallowing.

The system is powered by a 200 mAh lithium-polymer battery
and orchestrated by an STM32U5 (ARM Cortex-M33) MCU, which
manages data acquisition and local storage to a MultiMediaCard
(eMMC). Additionally, Bluetooth Low Energy (BLE) connectivity
enables remote control and sensor configuration. The acoustic and
V2S sensors output their data as pulse density modulation streams
at 3.072 MHz, decimated to 48 kHz pulse code modulation via
the STM32U5’s multi-function digital filter peripheral. The IMU
natively outputs 6-axis inertial data (3-axis accelerometer and 3-axis
gyroscope) at 240 Hz. Given the multi-modal nature of the platform,
strict temporal alignment across all data streams is guaranteed by a
global timestamp with 10𝜇𝑠 resolution. Timestamped data is routed
directly to the eMMC and saved in a raw format for post-processing
evaluations.

2.2 Experimental Protocol
Ten subjects (median [25th; 75th percentile], age: 26 [25; 28.5] years,
5F/5M) participated in a controlled data collection inside a sound
booth. The study was conducted in accordance with the Declaration
1https://www.essilorluxottica.com/it/careers/smart-eyewear-lab/

of Helsinki (1975, revised 2013), with ethical approval from the
Ethics Committee of Politecnico di Milano (opinions n. 85/2025
and n. 86/2025), and all participants provided written informed
consent. Each participant was simultaneously equipped with the
sEW platform and the eq02+ LifeMonitor (Equivital, Hidalgo Ltd.,
Cambridge, UK), which provided a 2-lead electrocardiogram (ECG)
signal sampled at 256 Hz as a gold standard for cardiac activity. The
protocol included five static physiological activities, each performed
under silent and noise-exposed conditions, yielding a total of ten
experimental segments per subject. In the noise condition, Track 7
of the ICRA Noise corpus [7] was delivered inside the sound booth.
The task sequencewas as follows: four nasal breaths; breath-holding
(apnea); 40 seconds of chewing crunchy food; 40 seconds of chewing
soft food; and six sips of water, without volume constraints. Data
acquisition was managed through a custom-developed graphical
user interface, which enabled the apriori definition of the protocol
structure and automatically performed the segmentation of the
continuous recordings into task-specific epochs of interest, ensuring
consistency and reproducibility across subjects.

3 Design Rationale
Figure 2 illustrates representative multi-modal recordings of the
activities of interest, captured from a single subject wearing the sEW.
For each activity, we discuss the underlying physical mechanisms
hypothesised to give rise to detectable signals across the three
sensing modalities, providing the rationale for the methodology
presented in Section 4.

During nasal breathing, turbulent airflow through the nasal pas-
sages generates mechanical vibrations that propagate through the
nasal soft tissues, which are expected to be detectable by a V2S
microphone [15] at the nose pad, while air-conducted pressure fluc-
tuations are captured by the acoustic microphone [10]. Additionally,
the IMU is also expected to capture the subtle head displacements
associated with the respiratory cycle [12]. Apnea may produce a dis-
tinctive absence of respiratory features across all three modalities,
as shown in Figure 2(a). A similarly complementarymulti-modal sig-
nature is expected during drinking: swallowing is accompanied by a
discrete vibro-acoustic signature that propagates through the cran-
iofacial soft tissues to the nose pad, allowing the V2S microphone
to capture the tissue-conducted component including laryngeal and
esophageal movements [29], while the acoustic microphone records
airborne emissions from sipping [26]. Head accelerations associated
with each sipping gesture are also expected to be detectable by the
IMU [26], further complementing the vibro-acoustic information,
as illustrated in Figure 2(b). During eating, mastication generates
rhythmic jaw movements accompanied by food-texture-dependent
acoustic and mechanical emissions propagating through both the
air and facial tissues [13, 17]. As shown in Figure 2(c,d), the contrast
between crunchy and soft foods is visible: crunchy foods produce
high-amplitude, high-frequency transients, whereas soft foods yield
lower-intensity, spectrally distinct patterns. The V2S microphone
is expected to capture the structure-conducted component of these
emissionswith reduced susceptibility to environmental noise [2, 16],
while the acoustic microphone is expected to record its airborne
counterpart [19]; additionally, the periodic head accelerations in-
duced by jaw opening and closing cycles should be detectable by
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Figure 2: Multi-modal recordings of four tasks performed by a single subject. Each column corresponds to one task: (a) nasal
breathing and apnea, (b) drinking, (c) eating soft food, and (d) eating crunchy food. Rows show, from top to bottom: spectrogram
of the V2S microphone, spectrogram of the acoustic microphone, and the three axes accelerometer data (L-R: left-right; F-H:
front-head; A-P: anterior-posterior).

the IMU [9]. Finally, the nasal region is also particularly favourable
for cardiovascular signal acquisition due to the superficial course
of the angular artery along the lateral aspect of the nose, where the
lack of any significant overlying muscle allows arterial pulsation
to remain readily detectable at the skin surface [14]. Given the
mechanical nature of arterial pulsation, the IMU and V2S micro-
phone are expected to capture this signal effectively, whereas the
acoustic microphone, sensitive to airborne pressure rather than
tissue motion, is not expected to provide a reliable signal in this
configuration.

4 Methods
4.1 Feature Extraction and Classification
Raw audio signals from V2S and acoustic microphones were down-
sampled from 48 kHz to 16 kHz, and the first and last 0.5 s of each
recording were discarded to remove transient artifacts. Features
were extracted using a sliding window of 5 s with 50% overlap. For
each microphone signal, 13 Mel-Frequency Cepstral Coefficients
(MFCCs) were computed providing a compact representation of the
spectral envelope, retaining both the mean and standard deviation
(std) across the short-time frames within each 5 s window. For the
IMU, features were extracted independently for each of the six axes.

Time-domain features include std, inter-quartile range (IQR), skew-
ness, and kurtosis. Frequency-domain features include dominant
frequency, spectral entropy, and band power in three bands (0–2Hz,
2–10Hz, 10–50Hz), computed via Fast Fourier Transform (FFT) on
each 5 s window. This yields 9 features per axis and 54 features
for the full IMU. Four classifiers were evaluated: Random Forest
(RF, 100 estimators), Support Vector Machine (RBF kernel, 𝐶 = 100,
𝛾 = 0.001), K-Nearest Neighbors (𝑘 = 5), and Multilayer Perceptron
(hidden layers: 128–64 units), under Leave-One-Subject-Out (LOSO)
cross-validation. Noise robustness was assessed via two protocols:
Quiet-to-Noisy (Q→N) trains on quiet and tests on noisy data, sim-
ulating deployment in unseen acoustic conditions; Mixed-to-Noisy
(QN→N) trains on both quiet and noisy data and tests on noisy,
assessing whether noisy training data recovers performance. To
evaluate whether combining sensors improves activity recognition,
three configurations were compared: IMU alone, V2S microphone
alone, and their combination. Fusion was performed at the feature
level by concatenating the feature vectors of the individual sensors
prior to classification.

4.2 HR Estimation
HR estimation from the V2S, the acoustic microphone, and the F-H
acceleration axis [22] of the IMU was performed in the frequency
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domain and was conducted exclusively during the apnea phase of
each trial. Raw signals were bandpass filtered: the V2S and the IMU
between 5 and 25 Hz [22], while the acoustic microphone between
20 and 150 Hz [28]. The root mean square (RMS) envelope was then
computed over a 50 ms sliding window for all sensors. The RMS
signal was segmented to exclude motion artifacts at the onset and
offset of each apnea trial. The power spectral density (PSD) was
estimated using Welch’s method with a fixed window length of
12 s (50% overlap), yielding a consistent frequency resolution of
∼5 bpm/bin across all sessions. HR was extracted by identifying
the dominant spectral peak within the cardiac band (0.5-2.2 Hz,
corresponding to 30–132 bpm). As a ground truth reference, the
same spectral procedure was applied to the ECG Lead 1 signal,
bandpass filtered between 0.5 and 30 Hz.

5 Results
5.1 Performance in Quiet Conditions
Among the four classifiers evaluated, RF achieved the highest LOSO
accuracy across all sensors and was selected for all subsequent
experiments. Accuracy is reported as the fraction of correctly clas-
sified windows; per-task performance is expressed as weighted
F1-score. The V2S microphone achieved the highest overall ac-
curacy (86.7%), followed by the acoustic microphone (82.7%) and
the IMU (77.6%). Figure 3 reports the normalized confusion ma-
trices. Apnea was the best-recognized activity across all sensors
(F1≥ 0.88), with minimal confusion across all three matrices. Both
microphones reliably distinguished Eat crunchy from Eat soft, while
the IMU showed confusion between the two eating tasks (27.8% of
Eat soft windows predicted as Eat crunchy). The IMU performed
competitively on Drink (F1 = 79.8%), approaching the V2S (F1 =
84.2%). Breath was the most confused activity for both the IMU and
the acoustic microphone: the IMU misclassified 19.0% of windows
as Eat crunchy and 11.9% as Apnea, while the acoustic microphone
spread errors across Drink (7.1%), Eat crunchy (10.7%) and Eat soft
(8.3%).

5.2 Noise Robustness
Table 1 summarizes the results of the two noise robustness protocols.
One subject was excluded from noisy evaluation due to a recording
error in the Drink session (𝑁=9 for noisy experiments); the subject
was retained in the training set of all remaining folds. Under Quiet-
to-Noisy (Q→N), the acoustic microphone collapsed to near-random
performance (16.4%), while the V2S microphone retained strong
performance (73.8%). Under Mixed-to-Noisy (QN→N), adding noisy
data to the training set partially recovered the acoustic microphone
(56.8%), yet performance remained far below its quiet baseline,
confirming that the acoustic signal itself was corrupted by noise
rather than the model lacking exposure to noisy conditions. As
expected, the IMU was unaffected by acoustic noise by design,
showing stable performance across both protocols (72.6% and 73.6%)

5.3 Sensor Fusion
Since the V2Smicrophone and IMU have been shown to be robust to
acoustic noise, sensor fusion experiments used the full dataset (quiet
and noisy recordings combined), thus providing a larger and more
representative training set. Table 2 reports per-task F1-scores for

Table 1: LOSO accuracy under quiet and two noisy proto-
cols. Q→N: train on quiet, test on noisy. QN→N: train on
quiet+noisy, test on noisy.

Sensor Quiet Q→N QN→N

V2S 86.7% 73.8% 81.7%
MIC 82.7% 16.4% 56.8%
IMU 77.6% 72.6% 73.6%

the three sensor configurations. The combination of V2S and IMU
yielded a weighted F1 of 86.4%, outperforming individual sensors
(IMU: 76.7%, V2S: 84.8%). The largest gains were on Drink and
Eat soft. The only exception was Breath, where V2S alone (87.5%)
slightly outperformed fusion (86.8%). Apnea remained the easiest
task across all configurations (F1: 86.3% – 95.3%).

Table 2: Per-task F1-score by sensor configuration. Best result
per task in bold.

Task IMU V2S V2S+IMU

Apnea 86.3% 93.8% 95.3%
Breath 70.0% 87.5% 86.8%
Drink 82.7% 83.4% 88.2%
Eat crunchy 73.0% 83.9% 84.0%
Eat soft 71.6% 78.2% 80.2%

Weighted avg 76.7% 84.8% 86.4%
∗Window counts per class (quiet+noisy): apnea 217, breath 160,
drink 235, eat crunchy 281, eat soft 276 (1169 total).

5.4 Sensor Performance for HR Estimation
Apnea duration after temporal cropping ranged from 12.5 to 53.9 s
across participants. Given the fixed Welch window length of 12 s,
the theoretical frequency resolution of the method is ∼5 bpm/bin,
which represents the minimum detectable difference in HR esti-
mates. The V2S achieved the best performance (Median Absolute
Error, MAE: within one frequency bin, std: 4.8 bpm, max: 15 bpm),
with 9 out of 10 sessions within the resolution limit, indicating
agreement within one spectral bin. The IMU showed comparable
median accuracy (MAE within one frequency bin) but higher vari-
ability (std: 16.2 bpm, max: 40 bpm), with 2 sessions showing large
errors. The acoustic microphone performed poorly overall (MAE:
22.5 bpm, IQR: 6.3-42.5 bpm, max: 75 bpm).

6 Discussion
The V2S microphone demonstrated a clear ability to discriminate
physiological activities, capturing both air turbulence during breath-
ing and vibrations produced by swallowing and chewing through
soft tissue transmission. In quiet conditions, the V2S and acoustic
microphones achieved comparable performance, both outperform-
ing the IMU. The drinking task was the only exception, where
the IMU performed competitively with the V2S, likely because the
associated head movements produced a distinctive inertial signal.
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Figure 3: Normalized confusion matrices for V2S, acoustic microphone, and IMU. Random Forest classifier, LOSO cross-
validation, quiet conditions (window counts per class: apnea 112, breath 84, drink 130, eat crunchy 140, eat soft 136).

Regarding food discrimination, the V2S successfully distinguished
crunchy from soft food consumption, reflecting its sensitivity to
mechanical vibrations transmitted through the nose pad. The IMU
showed systematic confusion between the two food types, con-
firming that inertial sensing alone is insufficient to differentiate
chewing patterns at this frequency resolution. In noisy conditions,
the acoustic microphone collapsed to near-random performance,
highlighting a critical limitation for real-world deployment. Even
with noisy training data, recovery was only partial, confirming that
the acoustic signal itself was corrupted rather than the model lack-
ing adaptation to noise. The V2S retained strong performance across
both protocols, confirming the expected robustness of contact-based
sensing to airborne noise. The fusion of V2S and IMU yielded the
optimal configuration, suggesting the two sensors capture comple-
mentary information. It is worth noting that the IMU’s robustness
under motion artifact remains uninvestigated. For HR estimation,
the V2S and IMU confirmed the expected advantage of contact-
based sensing, demonstrating that arterial pulsations at the nose
pad, despite their small amplitude, are detectable through mechani-
cal coupling, while the acoustic microphone’s poor performance
was consistent with its insensitivity to tissue-conducted signals
(Figure 4).

Beyond performance, the study shows that the V2S and IMU
contribute complementary information due to their distinct me-
chanical coupling pathways and operating frequency ranges. The
V2S captures high-frequency tissue- and bone-conducted vibra-
tions (tens–hundreds of Hz), including chewing transients and
subtle cardiomechanical components, whereas the IMU measures
low-frequency global head and mandibular kinematics (0.1–10 Hz).
The combination of these different signal characteristics explains
the improvements observed when the two sensors are fused. In
contrast, the acoustic microphone, being air-coupled, shows limited
coupling to low-amplitude physiological vibrations and is highly

Figure 4: Cardiac activity recordings during apnea: (a) Acous-
tic microphone, (b) V2S, and (c) Accelerometer F-H axis

susceptible to ambient noise, which accounts for its marked degra-
dation in noisy environments.

7 Conclusion and Future Works
This study presents the first systematic comparison of a V2S micro-
phone, an acoustic microphone, and an IMU mounted on the nose
pad of sEW for physiological monitoring. In quiet conditions, both
microphones achieve comparable performance; under noise, the
acoustic microphone degrades substantially, while the V2S remains
robust. The V2S and IMU combination represents the optimal sensor
configuration, and when a single sensor is required, the V2S is the
most versatile and robust choice. This work also demonstrates for
the first time that arterial pulsations at the nose pad are detectable
through contact-based sensing, extending prior optical approaches
[21] to mechanical sensors.
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The present study leaves room for several improvements. The
dataset was collected from a limited number of subjects, and larger
studies are needed to better assess generalization across diverse
populations. Although the acoustic microphone was evaluated un-
der noisy conditions, the robustness of the IMU to motion artifacts,
such as those introduced by walking or head movements during
daily activities, was not investigated. Future work should incorpo-
rate motion conditions across all physiological tasks, enabling a
fairer and more complete comparison between sensors. Practical
deployment considerations, including power consumption, user
comfort, and cost, represent another important direction to explore.
Finally, extending HR estimation beyond apnea contexts remains
an open and relevant challenge.
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