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Abstract
Automatic sleep staging typically relies on gold-standard EEG se-
tups, which are accurate but obtrusive and impractical for everyday
use outside sleep laboratories. This limits applicability in real-world
settings, such as home environments, where continuous, long-term
monitoring is needed. Detecting sleep onset is particularly rele-
vant, enabling consumer applications (e.g. automatically pausing
media playback when the user falls asleep). Recent research has
shown correlations between in-ear EEG and full-scalp EEG for var-
ious phenomena, suggesting wearable, in-ear devices could allow
unobtrusive sleep monitoring. We investigated the feasibility of
using single-channel in-ear electrophysiological (ExG) signals for
automatic sleep staging in a wearable device by conducting a sleep
study with 11 participants (mean age: 24), using a custom earpiece
with a dry eartip electrode (Dätwyler SoftPulse) as a measurement
electrode in one ear and a reference in the other. Ground truth
sleep stages were obtained from an Apple Watch Ultra, validated
for sleep staging. Our system achieved 90.5% accuracy for binary
sleep detection (Awake vs. Asleep) and 65.1% accuracy for four-
class staging (Awake, REM, Core, Deep) using leave-one-subject-out
validation. These !ndings demonstrate the potential of in-ear elec-
trodes as a low-e"ort, comfortable approach to sleep monitoring,
with applications such as stopping podcasts when users fall asleep.
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1 Introduction
Sleep and its quality play a pivotal role in human well-being as we
spend one-third of our lives sleeping [2]. It is essential for various
critical functions of the human body, including neural development,
learning, memory, and the removal of toxins [10]. Poor sleep and
sleep-related disorders can negatively impact health and lead to
adverse outcomes. Insomnia, the most common sleep disorder, was
ranked 11th on the list of Global Burden of Mental, Neurological,
and Substance-Use (MNS) Disorders [3]. Unfortunately, many peo-
ple with sleep disorders are undiagnosed and remain untreated
[10]. Therefore, lowering the barrier of accurate sleep measure-
ments is of great signi!cance both in diagnostic medicine and in
sleep research. The gold standard of sleep measurements today is
polysomnography (PSG), which is performed in a sleep clinic and
evaluated by trained professionals [15]. During PSG, various param-
eters are measured during sleep, including brain activity (EEG), eye
movements (EOG), muscle activity (EMG), air#ow, and many oth-
ers. While highly accurate, PSG is impractical for everyday use due
to its complexity, cost, and the need for professional supervision.
This limits its accessibility, especially in long-term or home-based
monitoring.
In-ear EEG devices have emerged as a promising alternative, of-
fering a more practical and user-friendly way to monitor brain
activity. While prior research has largely focused on the technical
feasibility of such devices and signal quality in controlled settings,
there is limited understanding of how in-ear EEG sleep monitoring
performs in real-world environments with non-expert users.
In this work, we show that sleep onset can be detected only with
in-ear electrodes, in realistic settings, achieving promising perfor-
mance while remaining accessible and user-friendly. By focusing
on a practical use case and leveraging an open-source, wearable
platform, our work takes a step towards closing the gap between
research-grade in-ear EEG and consumer-ready, in-home sleep
monitoring applications.
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2 Related Work
2.1 Wearables in Sleep Tracking
Wearable devices have become ubiquitous in consumer health track-
ing and are increasingly used in sleep research. Commercial devices
such as the Apple Watch1or the Oura Ring2 o"er basic sleep track-
ing capabilities based primarily on actigraphy and photoplethys-
mography (PPG). While these systems provide some insight into
sleep-wake cycles, their performance in staging sleep, especially
distinguishing between REM and deep sleep, is limited [4].

More advanced systems, such as clinically validated actigraphs,
like the Ametris ActiGraph3, and EEG-based headbands, such as
the Beacon Signals Waveband4, provide improved accuracy and
are used in research or clinical contexts. However, they are of-
ten expensive, obtrusive, or restricted to laboratory environments.
There remains a need for wearable systems that can achieve reliable
sleep staging in real-world, at-home conditions using accessible
and unobtrusive hardware.

2.2 In-Ear EEG
Ear-centered EEG (ear-EEG) systems have emerged as a promising
alternative to conventional scalp EEG, o"ering a less obtrusive form
factor and improved comfort for long-term use. Looney et al. [7]
introduced one of the !rst prototypes for in-ear EEG, demonstrating
that signals recorded from earpieces could approximate scalp EEG.
Their work validated the concept but relied onwet electrodes, which
are unsuitable for extended, unsupervised use.

Subsequent advances focused on improving wearability and us-
ability. Kappel et al. [5] introduced dry-contact electrodes in custom-
!tted earpieces, enabling more practical use. Mikkelsen et al. [8]
demonstrated accurate sleep staging using machine learning ap-
plied to in-ear EEG signals collected over 80 nights. Their system
achieved a Cohen’s kappa of 0.73 compared to manually scored
PSG. However, this system also relied on individualized earpieces
and laboratory-grade PSG for validation.

Tabar et al. [16] extended this work by evaluating a generic,
non-customized ear-EEG device. Their !ndings suggest that ear-
EEG can be used more broadly, but the study remained con!ned
to short-term recordings and controlled environments. Similarly,
Nakamura et al. [11] andNguyen et al. [12] developed in-ear sensors
using #exible or foam-based electrodes, validated against scalp EEG
and full PSG. These systems employed classical machine learning
models (support vector machines and random forests) and achieved
substantial agreement with expert annotations (Cohen’s kappa up
to 0.61, and classi!cation accuracy up to 95%).

Despite these advances, most ear-EEG studies share several limi-
tations: they rely on proprietary or custom-molded hardware, re-
quire expert-guided installation, and are typically evaluated in lab-
oratory or semi-controlled environments. As a result, their appli-
cability in fully unsupervised, at-home settings remains limited.
Moreover, many studies focus solely on EEG signals, whereas com-
bining EEG with other modalities, such as heart rate variability and
actigraphy, could enhance performance in real-world conditions.

1https://www.apple.com/watch/
2https://ouraring.com/de/product/rings/oura-gen3
3https://theactigraph.com/sleep
4https://beacon.bio/dreem-headband/

Open-source, reproducible systems that can operate with a"ordable,
o"-the-shelf hardware remain scarce in this space.

3 Methodology
3.1 Open-Source ExG Device
We’re using the open-source platformOpenEarable ExG [6] for mea-
suring biopotentials, due to it’s simple setup, wearable design and
wireless connectivity, which is not the case for virtually any other
previous work on in-ear EEG. OpenEarable ExG features a NINA-
B306-00B Bluetooth-capable module, featuring a single core ARM
Cortex-M4 microcontroller. OpenEarable ExG also incorporates a
9-axis Inertial Measurement unit consisting of an accelerometer, a
gyroscope, and a magnetometer. A microSD card can be used to
save data locally, but in our work it was directly streamed over
BLE. For the biopotential measuring chain, an analog-to-digital
converter combined with instrumentation ampli!ers is integrated.

The electrode earpieces used, depicted in Figure 1, are an adap-
tation of the open-source design provided by Lepold et al. [6]; they
are #atter and therefore more comfortable to wear. Additionally,
silicone ear hooks can be attached to the earpieces, to secure them
better in the ear during sleep. The single size, generic electrode tips
are manufactured by Dätwyler5.

Dätwyler SoftPulse
Electrode

Silicone Ear
Hook

3D-Printed 
Earpiece

Jumper Wire w. 
2.54 mm Connector

Figure 1: Earpiece (left ear) used for the sleep study, consist-
ing of a 3D-printed earpiece with a silicone ear hook and
Dätwyler SoftPulse electrodes.

3.2 Reference device
Our reference device is the Apple Watch Ultra. Its sleep classi!ca-
tion algorithm relies on 3-axis accelerometer data to label 30-second
epochs as Awake, Core (N1/N2), Deep (N3), or REM [1], following
the AASM sleep staging convention. Apple validated the algorithm
using over 1,400 nights of data from polysomnography (PSG) and
at-home EEG recordings scored by trained professionals. It achieved
high sensitivity for sleep detection (97.8%) and moderate speci!city
(76%), with an average Cohen’s kappa of 0.63. Most classi!cation
errors occurred between physiologically similar stages, such as
core and deep sleep. Clinical settings showed slightly lower kap-
pas (0.55–0.57), but sensitivity remained high. Independent studies
con!rm these !ndings. Robbins et al. [13] reported that the Apple
Watch Series 8 had high sensitivity (97%) but overestimated light
sleep by 45 minutes and underestimated deep sleep by 43 minutes
(𝐿 = 0.60). Miller et al. [9] found that the Series 6 detected 97% of
sleep epochs but only 26% of wake epochs, with an overall 𝐿 of 0.30.
5https://datwyler.com/company/innovation/softpulse
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OpenEarable ExG

Apple Watch Ultra

Figure 2: Overview of the sleep experiment. A participant is
wearing the OpenEarable ExG with in-ear electrodes, resting
on his chest, and an Apple Watch Ultra. OpenEarable ExG
streams data to a corresponding app via Bluetooth.

Roomkham et al. [14] observed close agreement with a validated
actigraphy device (r = 0.85), with minor overestimation of total
sleep time.

While not clinically certi!ed, we have speci!cally chosen the
Apple Watch over PSG, as it o"ers a good balance between usability
and accuracy in an unsupervised, at-home setup. For this study, it
served as a reference to assess the sleep detection capabilities of
the OpenEarable ExG system.

3.3 Recording Setup
A total of eleven participants (4 females, 7 males) were recruited
for the sleep experiment. Participant ages ranged from 21 to 59
years, with a median age of 24. All participants provided informed
consent; data were anonymized, and the study was conducted in
accordance with our university’s institutional ethics guidelines
and the Declaration of Helsinki. Among the eleven participants,
eight recorded one night of sleep, two recorded two nights, and
one recorded three nights, resulting in a total of 15 nights’ worth
of recordings. This variation was due to the participants’ di"ering
levels of comfort sleeping with the device attached.

Participants were instructed to wear the OpenEarable ExG dur-
ing sleep, with both in-ear electrodes inserted and the Apple Watch
worn on the wrist. Biopotential data were sampled at approximately
250 Hz and streamed from the OpenEarable ExG via Bluetooth Low
Energy (BLE) to a custom-developed smartphone application, where
it was recorded locally. In total, the recordings yielded approxi-
mately 87.5 hours of sleep data, corresponding to 12,004 epochs
prior to further data processing. The application also recorded the
sleep staging data of the Apple Watch. After receiving instructions,
participants independently set up the experiment and used the
smartphone application to start and stop the recordings.

3.4 Data Processing and Feature Extraction
The raw biopotential data is !ltered with a fourth-order Butter-
worth bandpass !lter (0.5–30 Hz) implemented in a stable second-
order sections (SOS) format. The data is then aligned with the sleep
stage labels obtained from the Apple Watch Ultra. Finally, the data
is segmented into 30-second epochs, each assigned the dominant

sleep stage, resulting in a !ltered and labelled dataset suitable for
further analysis.

Epochs were manually excluded if one or both earphones had
dislodged during sleep or if the signal amplitudes exceeded ± 500
µV, to account for excessive movement artifacts. This resulted in
7,099 remaining epochs, of the 12,004 recorded epochs. Only 2%
of the rejected epochs were due to movement artifacts, with the
majority attributed to earphones falling out during sleep. Most
movement-related artifacts occurred during wake periods.

A subset of features proposed by Mikkelsen et al. [8] was imple-
mented, with somemodi!cations and additional features introduced
to better suit our data:

• Time-Domain Features: Standard deviation, variance, skew-
ness, kurtosis, zero-crossing rate, and the 75th percentile
were computed to characterize the amplitude distribution
and variability of the signal. Hjorth mobility and Hjorth
complexity capture the signal’s frequency characteristics
and complexity in the time domain.

• Spectral features: Relative power in classical EEG bands
(delta: 0.5–4Hz, theta: 4–8Hz, alpha: 8–12Hz, beta: 12–30Hz)
was computed using Welch’s method. Several power ratios
were also derived: [𝑀/𝑁 , 𝑁/𝑂,𝑂/𝑃 , as well as (𝑁 + 𝑀)/(𝑂 + 𝑃)].

• Frequency-Domain Features: Spectral entropy, spectral
edge frequency, peak frequency, median frequency, and the
di"erence between mean frequencies were included to sum-
marize the spectral distribution.

• Wavelet-Based Features: Continuous wavelet transform
(CWT) coe$cients were computed in the delta, theta, alpha,
and beta bands. For each band, the 75th percentile of the
absolute CWT coe$cients was extracted.

• Complexity Measure: Lempel-Ziv complexity was used to
estimate the signal’s algorithmic complexity.

The importance of individual features was assessed using the
built-in feature importance ranking of a random forest model, eval-
uated through a 10-fold cross-validation. To incorporate temporal
context, a sliding window technique was applied: for each epoch,
features from the two preceding and two succeeding epochs were
concatenated with those of the center epoch, resulting in a feature
vector that captures short-term temporal dependencies important
for sleep stage transitions. The window size was set to !ve epochs
(two before, one center, two after), and the !nal dataset consists of
these extended feature vectors along with the label corresponding
to the center epoch.

3.5 Automatic Sleep Scoring
We implemented a sleep classi!er using two training and testing
strategies: (i) 10-fold strati!ed cross-validation (10f-CV) and (ii)
leave-one-participant-out cross-validation (LOPO-CV). For both
approaches, a random forest model was selected and implemented
using the scikit-learn machine learning library. Two classi!cation
strategies were developed: a multilabel classi!er distinguishing
between the sleep stages Awake, REM, Core, and Deep, and a binary
classi!er di"erentiating between Awake and Asleep, where Deep,
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Core, and REM stages were merged into a single Asleep label. To ad-
dress the under-representation of theAwake class, SMOTE oversam-
pling was applied using the implementation from the imbalanced-
learn Python library. In the LOPO-CV setting, features were con-
structed using a sliding window approach to incorporate temporal
context. To prevent data leakage, this windowing was not applied
during 10-fold cross-validation.

4 Results

Figure 3: Spectrogram of ExG signal recorded with OpenEar-
able (bottom) with sleep stages derived from Apple Watch
sleep scoring shown above (top).

4.1 Sleep Phenomena
We used the work of Vallat andWalker [17] to visualize and analyze
the recorded signals. Figure 3 shows a spectrogram of the signal
recorded using OpenEarable ExG (bottom), with sleep stages clas-
si!ed by the Apple Watch (top) based on its built-in sleep scoring.
Distinct sleep-related patterns are visible upon visual inspection:
delta wave (0.5–2 <Hz) activity increases throughout the core and
deep sleep stages, with a more pronounced increase during deep
sleep compared to core sleep. In contrast, the REM phase is marked
by a clear reduction in delta activity, closely resembling a wake-like
state.

4.2 Classi!er Performance
First, we evaluate the performance of our sleep scoring model in
classifying the recorded signal into the stages Awake, Core, Deep,
and REM. Figure 5a presents the confusion matrix (CF) for the 10-
fold cross-validation (10f-CV) and Figure 5b CF for the leave-one-
participant-out cross-validation (LOPO-CV) approaches. The cor-
responding key performance metrics are summarized in Figure 5e
and Figure 5f, respectively. Overall, the classi!cation performance
is lower for LOPO-CV compared to 10f-CV. In both approaches,
the model struggles to accurately classify the wake stage, with
frequent misclassi!cation of Awake as Core, and vice versa. This
issue is more pronounced in LOPO-CV. Additionally, distinguishing
between Core and Deep stages becomes more challenging in the
LOPO-CV approach. REM is consistently the most di$cult stage to
classify in both validation approaches.

Therefore, we simpli!ed the multistage classi!cation into a bi-
nary task by combining the stages Core, Deep, and REM into a

(a) Accuracy per participant.

(b) Sensitivity and speci!city per participant.

(c) F1-Score per participant.

Figure 4: Model performance metrics for binary classi!ca-
tion (Awake vs Asleep) across all 11 participants, including
accuracy, sensitivity & speci!city and F1-score.

single stage labeled Asleep and retrained the model to determine
whether the recorded signal indicated that the subject was awake
or asleep. Figure 5c presents the confusion matrix (CF) for the
10-fold cross-validation (10f-CV) and Figure 5d CF for the leave-
one-participant-out cross-validation (LOPO-CV) approaches. The
corresponding key performance metrics are summarized in Fig-
ure 5g and Figure 5h, respectively. Similarly to multistage classi!ca-
tion, the 10-fold cross-validation (10f-CV) approach outperformed
leave-one-participant-out cross-validation (LOPO-CV). Although
the di"erence between the two approaches in classifying the Asleep
class is marginal, the performance gap for the Awake class is more
substantial. The corresponding confusion matrices are presented in
Figure 5c and Figure 5d, with detailed performance metrics shown
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(a) Multistage: 10-fold cross-
validation.

(b) Multistage: leave-one-
participant-out CV.

(c) Binary: 10-fold cross-
validation.

(d) Binary: leave-one-participant-
out CV.

Class Sens. Spec.

Awake 0.702 0.991
Core 0.929 0.723
Deep 0.790 0.969
REM 0.601 0.983

Overall Acc: 0.840 Kappa: 0.710

(e) Multistage: 10-fold CV metrics.

Class Sens. Spec.

Awake 0.659 0.912
Core 0.709 0.674
Deep 0.600 0.887
REM 0.371 0.971

Overall Acc: 0.651 Kappa: 0.443

(f) Multistage: leave-one-
participant-out CV metrics.

Class Sens. Spec.

Awake 0.785 0.964
Asleep 0.964 0.785

Overall Acc: 0.948 Kappa: 0.701

(g) Binary: 10-fold CV metrics.

Class Sens. Spec.

Awake 0.611 0.929
Asleep 0.929 0.611

Overall Acc: 0.905 Kappa: 0.515

(h) Binary: leave-one-participant-
out CV metrics.

Figure 5: Confusion matrices (top row) and corresponding performance metrics (bottom row) for sleep stage classi!cation
using multistage and binary models. Results are shown for both 10-fold cross-validation and leave-one-participant-out cross-
validation (LOPO). The multistage model classi!es four sleep stages (Awake, Core, Deep, REM), while the binary model
distinguishes between Awake and Asleep states.

in Figure 5g and Figure 5h. Again, the reason for this is the signi!-
cant under-representation of the Awake class.

Visualizing the classi!er performance for individual participants
provides insight into the overall lower performance of LOPO-CV
compared to the 10-fold CV. Although the classi!er performed per-
fectly for some participants, it did not correctly classify the majority
of epochs for others. Figure Figure 4 illustrates the per-participant
accuracy, sensitivity/speci!city, and F1-scores for binary classi!-
cation, highlighting the considerable variability in classi!cation
performance. This suggests that our dataset is too limited to ad-
equately capture the variability in sleep phenotypes, leading to
challenges in generalizing from the training set to certain record-
ings. This is expected, since sleep characteristics vary from person
to person.

To assess the practical performance of the sleep classi!er, we
compared its predicted sleep onset times with those recorded by the
Apple Watch. Speci!cally, we examined the time points at which
each device !rst identi!ed the wearer as asleep. Figure 6 compares
the di"erence between the two devices for each recording. A neg-
ative time di"erence indicates that the classi!er underestimated
the duration of the wake stage, while a positive time di"erence
signi!es an overestimation. The observed delays ranged from -11
minutes to +18 minutes. The mean absolute delay, calculated across
all recordings, was 7.2 minutes.

Figure 6: Di"erence in detected sleep onset times between
the sleep classi!er and Apple Watch across recordings. Each
bar represents one recording, with negative values indicating
earlier detection by the classi!er and positive values indi-
cating later detection. The delays ranged from -11 to +18
minutes, with a mean absolute di"erence of 7.2 minutes.

4.3 Participant Experience and Feedback
During post-experiment interviews and a follow-up questionnaire,
participants reported several issues related to wearing the ear-
phones during sleep. Some noted that the earphones caused dis-
comfort and pain in the ear (N=8), especially for side sleepers.
Participants highlighted the need for a more ergonomic design to
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improve comfort, suggesting either better-!tting earpieces, or the
ability to remove one earphone to accommodate di"erent sleeping
positions. While a few participants expressed interest in using the
system for automatic media playback stopping or sleep tracking
(N=4), most preferred alternative devices due to the discomfort of
wearing in-ear headphones overnight.

Additional use cases suggested by participants included automat-
ically turning o" lights, stopping media playback, setting alarms,
detecting drowsiness while driving, and silencing phone noti!ca-
tions during sleep. Although two participants raised concerns about
potential long-term ear health e"ects, data privacy was generally
not viewed as an issue. Overall, comfort was the dominant con-
cern (N=6) and the main barrier to broader acceptance of ear-EEG
devices for sleep applications.

5 Conclusion and Future Work
This study investigated the feasibility of using a single-channel, in-
ear ExG device for automatic sleep staging in naturalistic, at-home
settings. Our results indicate that such a system can achieve rea-
sonable accuracy for binary sleep-wake classi!cation using a light-
weight classi!cation pipeline and open-source hardware. While
these initial !ndings are promising, they should be interpreted with
caution given the small sample size, limited staging resolution, and
reliance on a consumer-grade device for ground truth.

The broader aim of enabling unobtrusive and accessible sleep
monitoring is compelling, but signi!cant challenges remain. In
particular, the modest multiclass staging performance, reports of
user discomfort, and the absence of clinical validation highlight the
need for further methodological re!nement. Future work should
prioritize improved ergonomic design, more rigorous validation
against clinical standards, and comparative analysis with existing
wearable systems.

Overall, this study o"ers a preliminary step toward exploring
the potential of in-ear ExG for sleep monitoring but does not yet
establish the approach as a robust alternative to current methods.
Continued investigation is required to assess its viability in both
research and applied contexts. In sum, our !ndings contribute to a
growing body of research that seeks to democratize sleep health
technologies andmove toward scalable, real-world sleepmonitoring
beyond the clinic.
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