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Abstract:

Wireless, neural wearables can enable life-saving drowsiness, cognitive, and health monitoring for heavy
machinery operators, pilots, and drivers. While existing systems use in-cabin sensors to alert operators
before accidents, wearables may enable monitoring across many user environments. Current neural
wearables are promising but limited by consumable electrodes and bulky, wired electronics. To improve
neural wearable usability, scalability, and enable discreet use in daily and itinerant environments, this
work showcases an end-to-end system for the first wireless, in-ear, dry-electrode earpiece for
monitoring drowsiness. The proposed platform integrates additive manufacturing processes for gold-
plated dry electrodes, user-generic earpiece designs, wireless electronics, and low-complexity machine
learning algorithms. To evaluate the platform, thirty-five hours of ExG data were recorded across nine
subjects performing repetitive drowsiness-inducing tasks. The data was used to train three, offline
classifier models (logistic regression, support vector machine, and random forest) and evaluated with
three training regimes (user-specific, leave-one-trial-out, and leave-one-user-out). The support vector
machine classifier achieved an average accuracy of 93.2% while evaluating users it has seen before and
93.3% when evaluating a never-before-seen user. These results demonstrate for the first time that dry,
3D printed, user-generic electrodes can be used with wireless electronics to rapidly prototype wearable
systems, which achieve comparable average accuracy (>90%) to existing state-of-the-art in-ear and scalp
ExG systems that utilize wet electrodes and wired, benchtop electronics. Further, this work
demonstrates the feasibility of using population-trained machine learning models in future, wearable
ear ExG applications focused on cognitive health and wellness tracking.



l. Introduction:

Drowsy driving and fatigue while operating heavy machinery can be life-threatening. It is estimated
that over 16.5% of fatal vehicle accidents in the United States include a drowsy driver resulting in over
8,000 deaths and $109 billion in damages [1], [2], [3]. In addition to private and commercial (trucking)
accidents, the National Safety Council has also cited drowsiness as the most critical hazard in
construction and mining. While these deaths may be prevented with common risk assessments, fatigued
individuals are often unable to recognize the full extent of their impairment before it is too late [4].
Drowsiness monitoring solutions use camera-based eye-tracking, steering trajectory sensors, or
electrophysiological recording devices [5], [6], [7]. While they can be a good fit in automotive scenarios,
eye tracking is obscured by sunglasses and other obstructions while steering sensors can be susceptible
to false alarms on rough roads. User-centered recording modalities such as body-worn cameras,
photoplethysmography (PPG), electrodermal activity (EDA), electrocardiography (ECG),
electrooculography (EOG), and electroencephalography (EEG) are becoming increasingly popular
because they are highly portable and adaptable to professional work environments [8], [9], [10], [11].
These modalities have been incorporated into multiple different form-factors such as eye-tracking
glasses [12], PPG/ExXG tracking helmets [7], and in-ear ExG sensors [13], [14]. Of these methods, ExG
generally achieves the highest drowsiness detection accuracies [15].

Surface EEG is a safe, non-invasive method of monitoring the brain’s electrical activity from the
scalp. Clinically, the most prevalent use of EEG is the monitoring and diagnosis of stereotyped
neurological disorders related to sleep and epilepsy. These clinical systems generally use large, scalp-
based, gold (Au) and silver/silver chloride (Ag/AgCl) electrode arrays [16], [17], [18]. Au forms a
capacitive interface due to its inert nature, while Ag/AgCl forms a faradaic interface between the Ag and
skin. The AgCl is a slightly soluble salt that quickly saturates the skin and forms a stable electrode-skin
interface. To maintain a low-impedance electrode-skin interface, contact is improved with skin
preparation and multiple technicians. While suitable for occasional, short-term monitoring, existing wet
electrode arrays tend to be large and delicate for everyday use. Additionally, prolonged use of devices
that require skin abrasion can result in skin irritation and lesions, further limiting their long-term use
[19], [20]. To promote use outside the lab and simplify clinical measurements, recent wearable EEG
monitoring systems have focused on using smaller form-factor wet electrode arrays (e.g. cEEGgrid) [21]
and dry electrodes that eliminate the use of hydrogels, integrating electronics and electrodes into a
headset form factor, and software packages that allow for use in more everyday applications. The
improved wet electrode systems (e.g. the cEEG grid) can provide unobtrusive EEG monitoring for 7+
hours, but still requires hydrogel application (limiting day-to-day use). Dry electrode systems for
research (e.g. CGX systems and Emotiv), commercial (e.g. Muse headband and Neurosity), and hobbyist
(e.g. OpenBCl and Brainbit) have similarly demonstrated impressive EEG recordings of spontaneous and
evoked neural signals and enabled disease monitoring, brain-computer interfaces (BCls) and meditation
guidance. As these commercial systems’ popularity increases, more and more wireless EEG systems are
being developed and deployed across different environments [22], [23], [24], [25]. The least
cumbersome systems employ dry electrodes that minimize set-up time but generally still require skin
cleaning and electrode surface treatments. Furthermore, the associated software packages require
training to use [23], [24]. Lastly, headset electronics are better suited for research and clinical
environments as opposed to public, everyday use.



Discreet, multi-channel EEG recordings from inside the ear canal have been demonstrated [26],
[27], [28] with recent advancements focusing on earpiece design, electrode materials, and multi-sensor
arrays. The ear canal is an ideal sensor location due to its inherent mechanical stability and wealth of
potential recording modalities. In-ear sensors and electrodes are well situated to record temporal lobe
activity, blood oxygen saturation, head movement, and masseter muscle activity making it ideal for
multi-modal sensing if high spatial coverage is not required [29], [30]. While some applications may treat
muscle activity or ear canal deformation as interference signals, these signals can be useful for other
general ExG workloads. It is also important to note that in and around-the-ear EEG is inherently limited
in gathering spatially encoded brain-activity relative to broader scalp arrays [27], [31]. Many successful
designs have leveraged hydrogel coated on flex-pcb arrays or user-customized earpieces to record ExG
features such as EOG, low-frequency EEG (1 — 30 Hz), and evoked potentials (40 — 80 Hz) [26], [27], [28],
[32], [33]. These wet-electrode based, custom earpiece systems established the feasibility of in-ear
monitoring for attention monitoring, seizure monitoring, whole night sleep monitoring, and sleep stage
classification [34], [35], [36], [37]. Due to their user customized approach, earpieces require a case-by-
case integration schemes to minimize earpiece volume resulting in variable electrode positioning. The
required skin-preparation and hydrogel also can lead the conductive bridging between electrodes, limit-
user-comfort, and reduced electrode lifetime [38]. The next step to more scalable deployment of in-ear
ExG recordings would be the utilization of one-size-fits-most (user-generic) earpiece designs, dry
electrodes, wireless electronics, and electrode materials that do not require maintenance.

Recent user-generic earpieces equipped with wet electrodes, dry electrodes [39], [40], [41],
[42], PPG, and/or chemical sensors have achieved high degrees of accuracy for brain-state and activity
classification [39], [40], [43], [44], [45], [46]. Additionally, dry-electrode based in-ear ExG have recorded
low frequency neural rhythms, evoked potentials, and EOG comparable to wet-electrode. While
potentially more susceptible to noise due to higher electrode-skin impedance (ESI) interfaces [47], dry
electrodes eliminate the use of hydrogel, simplify the earpiece application process, and can improve
user comfort. To achieve a middle ground between comfort and low ESI, state-of-the-art dry electrodes
employ a wide range of solutions ranging from exotic materials, conductive composites, capacitive
interfaces, solid-gels, and high-surface area 3D electrodes (microneedles, fingers, and nanowires) [20],
[40], [41], [48], [49], [50], [51], [52], [53], [54], [55], [56]. PEDOT:PSS and IrOsare commonly used in the
small-scale production of rigid electrodes due to their superior conductivity and faradaic interfaces [57],
[58], [59]. Both materials promote charge transfer by leveraging doped surfaces and high effective
surface areas. Conductive, flexible composites, such as silvered-glass silicone and carbon-infused
silicone, are not as conductive as PEDOT:PSS and IrOs but offer significantly greater comfort. Conductive
composites are made from polymers or elastomers that can be molded into arbitrary shapes for
anatomically fit electrodes and use added conductive particles to achieve a desirable ESI. The more
conductive particles that are added will ultimately limit polymer cross-linking and may lead to cracking
over time [60]. The clinical and industry standard materials are silver/silver chloride (Ag/AgCl) and gold
due to their cost, biocompatibility, and electrical properties. Ag/AgCl can be painted on 3D electrodes to
form consistent, faradaic, low-impedance interface through hair and grime. Furthermore, Ag/AgCl is also
popular for consumable electrodes since the conductive particles deplete over time [61]. Gold
electrodes are more inert, can be repeatedly reused, and form a capacitive interface that is not reliant
on added conductive ions. While potentially more susceptible to motion artifacts and interference,
gold’s lifetime and chemical properties make it ideal for long-lasting ExG recording systems. Most
commercial wearables and existing in-ear ExG systems use Ag/AgCl, Au, or conductive composite



electrodes has made it the choice material for electrophysiological recording hardware and commercial
wearables [24], [62], [63], [64].

Electrodes are just one piece of signal acquisition. Neural recording hardware is required to
digitize neural signals and transmit them to a processing unit/base-station for offline processing. Neural
recording hardware for more consumer-facing products tend to be tailor-made with low bandwidth,
noise, and power specifications [65], [66], [67]. These devices tend to have bandwidths around 100 Hz
and can achieve ultra-lower power operation (<100 pW [67]). Research focused devices, however,
utilizing high resolution and bandwidth hardware enables greater investigation outside the original
project description. Such versatile systems generally support higher channel counts (16 — 64+),
commercial wireless protocols (bluetooth or Wi-Fi), higher sampling rates (500 — 1000 Hz), and can take
advantage of different signal modalities (e.g. EMG) at the cost of higher power (>50 mW) [46], [68], [69].
Low-noise and high-resolution systems allows for greater flexibility, repeated interpretable signal
processing (frequency analysis, time-domain averaging, etc.) and algorithm development to illuminate
different feature classes, mitigate interference, and discover new potential applications. Such systems
have been used to build brain-machine interfaces with P300 responses and steady-state evoked
potentials [27], [29], [34], [70], [71]. When adapting existing electronics for use with wearable dry
electrodes, increased ESI, system noise, and interference susceptibility bear important considerations
for power requirements and any downstream machine learning algorithm [72], [73]. Employing
versatile, higher power electronics with more interpretable, light weight classical algorithms (e.g. logistic
regression, support vector machines, random forest) is an important first step for future sensor and
power optimizations. To this effect, this work uses an existing, high channel count, high bandwidth
system to enable studying the relationship between the employed ExG electrode technology and
drowsiness detection.

In addition to system-optimization, the choice of machine learning algorithm determines system
functionality from the perspective of training, data, and processing requirements. Every-day ExG
systems would ideally work out of the box, improve over time, and continue to provide feedback when
wireless connectivity is poor and there is unreliable access to large processing power (construction sites,
planes, and trucks). Classical algorithms such as logistic regression, SVMs, and random forest have
demonstrated impressive success in classifying neural signals with limited datasets [25], [74], [75], [76].
Neural network-based algorithms have also achieved impressive results [77], [78], [79], [80] and are
good candidates for further research. Neural network-based algorithms, on average, require more
training data than SVMs, logistic regression, and random forest, making them difficult to work with on
smaller data sets. Furthermore, interpretable algorithms such as logistic regression and SVMs enable
greater visibility into which types of features have sufficient SNR for classification and could potentially
be applied to different applications. Lastly, algorithms such as SVMs, logistic regression, and random
forest generally require less processing power than similarly performing neural net or perceptron-based
architectures, making them ideal for low-power, edge-based deployments on existing microcontrollers.
Additionally, while existing in-ear ExG BCls have achieved high classification accuracies with user-specific
training and validation [43], [78], [81] [35], [82], ideal in-ear ExG wearables would leverage pre-trained
algorithms so never-before-seen users can use these devices without time-consuming training. This
user-generic classification has been explored in scalp-based drowsiness monitoring with great success
but not yet with in-ear ExG [15].



This project is the first integration and demonstration of wireless, dry-electrode in-ear ExG
sensors used for drowsiness classification. To this effect, a novel in-ear EEG sensor manufacturing
method coupled to a pre-existing wireless data acquisition platform is presented and verified with open-
source machine learning classification on 9-subjects. A fabrication process for dry, gold-plated
electrodes suitable for repeated, comfortable, low impedance earpieces is introduced and tested over
the course of months of electrode use. This electrode technology provides a unique method for the
rapid prototyping of reusable, Au electrodes that remain stable over 12 months of use. These
electrodes can replace existing solutions that rely on shorter-lifespan Ag/AgCl electrodes or expensive
materials such as platinum or IrO3. The earpieces are then coupled with wireless, discreet electronics
capable of taking uninterrupted, low-noise neural measurements for over 40 hours [46] to form a
wearable, in-ear ExG system. The resulting Ear ExG BCl is then demonstrated with a nine subject
drowsiness monitoring study. Low-complexity temporal and spectral features are extracted from the
recorded ExG data and used to train multiple, offline machine learning models for automated
drowsiness detection. The best performing model utilizing a support vector machine achieved an
average drowsy-event detection accuracy of 93.2% when evaluating on users it has seen before and
93.3% when evaluating never-before-seen users. This system and its use of offline classifiers lays the
groundwork for future, discreet, fully wireless, long term, longitudinal brain monitoring.

Figure 1: Envisioned Ear ExG wearables could be discreetly worn throughout the day to comfortably
record neural signals from inside the ear canal, perform drowsiness detection, and provide feedback.



Il. Ear ExG drowsiness monitoring platform
a. Modular Electrode Design, Fabrication, and Assembly

i. Earpiece design

Easy-to-use neural wearables require a user-generic earpiece and electrode scheme designed
for recording across multiple individuals. The in-ear electrodes must make consistent contact with the
skin regardless of the individual’s age and be comfortable to wear for multiple hours at a time. To
achieve these requirements, electrode and earpiece designs were derived from [46] and [83] and
resulted in a small, medium, and large size of a single design with modular electrodes. Furthermore, as
individuals age, their ear canals tend to develop a corkscrew shape with the about the isthmus. Thus, by
staying near the ear canal entrance and not passing the isthmus, the implemented design can be worn
regardless of age. Previous studies [30], [41] have highlighted high value electrode locations that
minimize channel-to-channel correlation while maximizing mechanical stability. To also maximize
electrode surface area across different individuals, small, medium, and large sized earpieces were
designed with slightly differing electrode sizes. The final ‘medium-sized’ earpiece is comprised of four 60
mm? electrodes inside the ear canal and two 3 cm? electrodes on the ear’s concha cymba and concha
cavity (Figure 2a). The in-ear electrodes are cantilevers that apply gentle outward pressure to achieve
lower ESI over previous iterations (370 kQ to 120 kQ at 50 Hz [46]) and improve mechanical stability. The
out-ear electrodes act as fiducial guideposts to ensure the electrodes contact the same surface with
each wear. Furthermore, electrodes outside the ear are good reference and ground candidates due to
their increased distance from the brain or any muscle. To improve the earpiece assembly and further
increase comfort over [46], a soft earpiece body with a manifold in-ear design was 3D printed with a
clear methacrylate photopolymer (Figure 2a). Each rigid electrode is attached to this soft, elastic
substrate and moves independently from the other electrodes to fit in a subject’s ear. This new,
modular assembly properly demonstrates the capabilities of the manifold earpiece fabrication process.

ii. Electrode fabrication

A low-cost, fully electroless plating process was developed to enable rapid prototyping of
arbitrary shaped electrophysiological sensors. Electrodes were 3D printed with a clear methacrylate
polymer (Figure 2d) and sandblasted to increase surface roughness. Samples were then submersed in
different catalyst baths to develop copper, nickel, and gold metal layers. Lastly, tinned copper wires are
soldered directly to the electrode surface for integration with the neural recording front end. This
plating process is expanded on [45], [84] with the addition of a nickel layer that limits grain-boundary
diffusion of copper and significantly extends electrode lifetime [84], [85], [86]. Furthermore, the nickel-
plating step removes the need for repeated electroless palladium plating and the overall number of
fabrication steps. While other in-ear electrodes use expensive materials like IrO3 or hydrogels [39], [40],
this improved layer stack-up (Cu, Ni, Au) is reminiscent of printed-circuit-board fabrication and enables
similar levels of scale for electrode prototyping. The final surface contains at least 0.5 um of copper, 0.5
um of nickel, and 0.25 um of gold and is suitable for dry electrode recording.



iii. Plating process characterization

1. Material acid dip tests & tape tests

The final electrode surfaces were physically and chemically robust. Kapton tape was applied
around the entire electrode surface and then removed. No visible gold, nickel, or copper was removed
with the tape indicating strong adhesion to the methacrylate substrate [84], [87]. Electrode samples
were also dipped in nitric acid baths to test the porosity and continuity of the gold surface. While
concentrated and dilute nitric acid will readily dissolve copper and nickel, respectively, neither will etch
gold. No noticeable differences were observed after dipping gold-plated electrodes into a 1M nitric acid
bath. Control samples of copper and nickel, however, were quickly etched down to the bare
methacrylate surface. The acid dip tests and subsequent microscope inspections (Figure 3a) found no
micro or nano cracks that may affect the electrode’s surface or electrical properties.

2. Surface roughness characterization

Light microscopy photographs and stylus profilometry measurements were used to assess
surface roughness between each step of the plating process on a single flat sample. Figure 3b plots the
normalized surface topography of the sample during each plating step. The reported Rp values are the
standard deviation of the plotted lines. Though surface roughness decreases slightly with each
subsequent plating step, the final gold surface is still much rougher than a simple, planar surface. This
increases electrode surface area, promotes better film adhesion, and reduces ESI [50], [84], [87], [88].

3. Sheet resistance

Sheet resistance was characterized by a 4-point probe immediately after plating. 40 sheet
resistance measurements were taken of each copper-, nickel-, and gold-plated samples. As prepared,
copper-plated samples, nickel-plated samples, and gold-plated samples exhibited an average sheet
resistance of 177.9 + 109, 95.5 + 13, and 30.3 + 3.7 mQ o}, respectively (Figure 3c). With each
subsequent metal layer, the sheet resistance stabilized, and the surfaces became more conductive.

iv. Bioimpedance of In-ear electrodes across multiple users

Impedance spectroscopy was used to assess in-ear electrode-skin impedance. Four subjects took
impedance measurements (20 total measurements) between the in-ear electrodes and the out-ear
cymba electrode. To account for future, real-life conditions with cerumen and oil, no skin preparation
was performed before each trial, and measurements were repeated until all four electrodes in the ear
canal were measured. Since the ESI measurements include two dry electrodes, the plotted values were
divided by two to demonstrate the average ESI of a single dry electrode. All measurements were
performed with an LCR meter (E4980 A, Keysight) powered by a wall outlet and arranged as a two-point
probe where a single electrode is considered a single probe. The LCR meter was configured with a
current limit of 0.5 mA to prevent sensation or injury. While the LCR meter is designed to achieve high
accuracy (within 3%) even in the presence of powerline interference, electrode cables were shielded by
ground wires to further minimize interference. All impedance results were fitted to an equivalent circuit
model (spectra shown in Fig. 3d, circuit model shown in Fig. 3e) to better understand motion artifact
settling times associated with the phase elements of the electrode skin interface and provide reference



for future analog front-end designs. At 50 Hz, the interface has an average impedance of 120 kQ and
phase of -33°.

b. Lightweight ExG Recording System

ExG was recorded using an existing compact, wireless recording platform affixed to a headband
(Figure 4a). The platform, known as WANDmini, is a wireless neural recording frontend built for and
already deployed in previous in-ear EEG studies [46]. It is adapted from a system originally designed for
electrocorticography and comprises a custom neural recording circuit [69], [89] (NMIC[89], Cortera
Neurotechnologies, Inc.), a microcontroller, and a Bluetooth radio for wireless transmission. The NMIC
digitizes up to 64, fully differential channels of electrophysiological activity with a sampling rate of 1
kSps. WANDmini arranges the NMIC’s channels in a monopolar montage with a single reference
electrode. This arrangement is it suitable for EEG, EOG, and EMG recording and provides enough
sampling and channel count headroom to remove any recording electronics related bottlenecks. An
onboard microcontroller and radio packetizes and streams digitized neural data to a base station
connected to a host machine over Bluetooth Low Energy (BLE) (Figure 4a). System power is dominated
by the microcontroller and Bluetooth transmission (98.3%) thus making unused channels immaterial
from a power perspective. With the NMIC and WANDmini power consumptions, 700 uW and 46 mW,
respectively, a 3.7 V 550 mA battery can provide ~44 hours of runtime. In summary, the NMIC’s
significantly lower power than common commercial neural frontends (e.g. ADS1298/1299), high channel
count, and sufficiently low noise floor makes it ideal for use in modular in-ear EEG prototypes. NMIC and
WANDmini specifications are listed in Table 1 and further detailed in Supplement section Il.h. The host
machine uses a custom graphical user interface (GUI) that plots and saves all incoming data and cues for
the trail overseer. This custom GUI is unique to this work and provides the test subject with a reaction
time game, auditory cues, and visual alerts during experiments. More information about the GUI is
available in section 2h of the supplement.

c. EEG Characterization and User-Generic Drowsiness Detection
i. Drowsiness Study

To characterize the full system performance, 35 hours of Ear ExG data was recorded during a
nine subject drowsiness study. Subjects wore two earpieces with the electrodes organized in a
contralateral monopolar montage. Previous works have demonstrated that electrodes on a single
earpiece are sufficiently distant from each other to measure ExG [37], [41], but greater signal amplitude
can be recorded with electrodes placed across both ears [39], [45]. To induce drowsiness, subjects
played a repetitive reaction time game. Every 60 seconds, a user was prompted to press a random
number between 0-9 and their reaction time was recorded (Figure 4a). Every five minutes, the user was
prompted to enter a Likert item according to the Karolinska Sleepiness Scale (KSS). This scale is
frequently used to evaluate subjective sleepiness and ranges from 0 = “extremely alert”, to 10 =
“extremely sleepy, fighting to stay awake”[90]. Queue intervals (60 seconds and 5 minutes) were
selected based off initial experimentation and previous works that demonstrated a balance between
minimizing disturbances and frequent datapoints [45], [91]. All recorded ExG, cue timing, reaction times,
and Likert items are saved by a custom GUI for post-processing and machine learning model training
(Figure 4b). Immediately after each trial, reaction time and Likert items were thresholded per subject to
automatically generate alert/drowsy labels for each trial since behavior and response time metrics are



heavily correlated with drowsiness [6], [90], [91]. By taking both an objective and a subjective
drowsiness measurement, high confidence data labels could be generated in face of user-error and user-
bias (memory of previous KSS scores affecting subsequent scores). Both objective and subjective
measures must agree to classify an event as drowsy. Furthermore, as noted in previous works, reaction
times and likert scores are variable on a subject-to-subject basis. As a result, each trial was thresholded
on a per subject basis. Each trial contained at least one drowsy event, and 65 drowsiness events were
recorded across 34 trials.

ii. Drowsiness Classification Pipeline

The training pipeline for ExG data consisted of post-processing, feature extraction, and model
training steps (Figure 5a). ExG recordings were referenced to maximize spatial covering, band pass
filtered, and segmented into 50 second or 10 second windows. If a window of data exhibited an artifact
greater than 10 mV (from motion) it would be discarded. This was happened very infrequently as most
artifacts were less than 1mV above the baseline rms voltage. Temporal and spectral features relevant
for ExG-based drowsiness detection were implemented to target ocular artifacts and activity in standard
EEG frequency bands relevant to drowsiness detection: delta (5, 0.05-4Hz), theta (6, 4-8Hz), alpha (a, 8-
13Hz), beta (B, 13-30Hz), and gamma (y, 30-50Hz). Binary (alert/drowsy) classification was performed
with low-complexity logistic regression, support vector machine (SVM), and random forest classifier
models.

Three cross validation techniques were used to estimate model performance across varying
usage scenarios: user specific, leave-one-trial-out, and leave-one-user-out. User-specific cross validation
trained models on n-1 trials for the subject, tested on their remaining trial, and averaged the results
after n independent iterations to determine drowsiness detection accuracy for a single subject. Leave-
one-trial-out cross validation trained models on 33 of the recorded trails, tested on the remaining trial,
and averaged results after all 34 independent iterations to determine the study’s overall drowsiness
detection accuracy. Leave-one-user-out cross validation trained on recordings from 8 subjects, tested on
the remaining subject’s recordings, and averaged results after all 9 independent iterations. This
evaluated detection accuracy when using population-training and deploying on a never-before-seen
subject. Due to the inherent imbalance between drowsy and alert classes, each classification model
employed a balancing scheme where over-represented classes are given a smaller class-weight than
under-represented classes. In the case of drowsy vs. alert, alert epochs are given a class weight inversely
proportional to the number of epochs. This allows classes to be treated more fairly across all
training/cross-validation regimes (since they will all have different class balances). During validation,
class probabilities returned from the classifier models were filtered with a 3-tap Hamming window FIR
filter and thresholded to achieve final binary outputs (Figure 5b).

iii. Drowsiness classification results
1. Alpha modulation ratio

Alpha waves (8-12 Hz) are a spontaneous neural signal that can reflect a person’s state of
relaxation, which makes them an important spectral feature in ExG-based drowsiness classification [76]
A sample recording from a single user demonstrating alpha wave modulation is presented in Figure 6a.
This modulation is clear in the time frequency spectrogram (Fig 6a). To assess the modulation ratio more
guantitatively, Figure 6a also plots the average power across the entire alpha band while the subject
opens and closes their eyes every 30 seconds. The presented sample data’s modulation ratio was 2.001.



2. Classifier comparison across validation schemes

The overall average of the user-specific classification results ranged from 77.9% to 92.2% across
all models and feature window sizes. In the user-generic leave-one-trial-out case, average classification
accuracy was higher and ranged from 91.4% to 93.2% when cross-validating across the 34 trials. This is
most likely due to the increased amount of data available for training. Lastly, the leave-one-user-out
validation scheme achieved average classification accuracies from 88.1% - 93.3% across all users,
window sizes, and models. Figures 6b - 6g showcase average model accuracy and standard deviation
where appropriate.

3. 10s vs 50s windows

Two feature windowing schemes were investigated, 10 second (Figure 6b — 6d) and 50 second
(Figure 6e — 6g) windows. All training steps, including feature selection, are performed independently.
The 10 second feature windows result in significant performance loss in the user-specific validation
scheme. For example, the average user-specific logistic regression-based classifier performance
increased from 77.9% to 90.8% when increasing feature window sizes to 50 seconds. Minimal accuracy
loss, however, was observed when using leave-one-trial-out and leave-one-user-out validation schemes
with features from 10 second windows. This minimal accuracy loss is most likely due to the increased
amount of training data available (~30 trials) to the models relative to the user-specific cases where
individual models only train on a 1 - 4 of trials.

4. Classifier architecture comparison

Three low-complexity machine learning models were used to promote the scalability and
usability of the drowsiness detection platform. All models were implemented in Python 3.8 using scikit-
learn packages. Logistic regression models were implemented with a stochastic average gradient
descent solver. L1 regularization was used to add a penalty equal to the absolute value of the magnitude
of the feature coefficients. Support vector machines were implemented with a radial basis function
(RBF) kernel to account for data that may not be lineally separable. The trained models utilized a
maximum of 400 support vectors and a regularization parameter, C=1. Random forest models were
implemented with 100 trees and a maximum depth of five to prevent overfitting. These
implementations resulted in memory footprints that were estimated using python’s pympler package.
The logistic regression, SVM, and RF models required 2.8 kB, 144.2 kB, and 63.8 kB respectively. These
memory requirements are well within the capacity of modern microcontroller’'s embedded memories
(e.g. 32 bit ARM Cortex-M).

Since all three models achieve high accuracy, it is clear that drowsiness is classifiable with in-ear
eeg recording. No model shows markedly greater performance or another. The logistic regression model
is more computationally efficient, requires significantly less memory, and can be more easily
trained/deployed with smaller datasets. It is important to verify that logistic regression continues to
perform as well across larger demographics, a topic for future studies.
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(error bars) immediately after plating. (d) In-ear electrode-skin impedance magnitude and phase. (e)

Constant phase element electrode model used for fitting.
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Figure 4: Experimental setup, recordings, and automatic-labeling. (a) Subjects sit beside a laptop
displaying a basic reaction time measuring game. A head-worn WANDmini, secured in a 3D printed
enclosure, records and transmits ExG from contralaterally worn earpieces to a base station via BLE while
the subject plays the game. All captured ExG can be live plotted for the trial overseer while the game
records subject’s reaction times and Likert survey responses. (b) Recorded ExG, reaction times, and Likert
items are used to generate features and labels for a brain-state classifier. Drowsy events, shaded in
green, are determined when a subject’s reaction time and Likert response cross a drowsiness threshold
that is determined per subject. Using both the reaction time and Likert scores enables robust label
creation that is agnostic to temporary user-error.

Table 1: Relevant system, WANDmini, and NMIC specifications.

Maximum Recording Channels 64
Recording Channels Used 11
Reference Location Right Cymba
Ground Location Right Mastoid
Input Range 100 mVpp
ADC Resolution 15 bits
ADC Sample Rate 1 kSps
Noise Floor 70nV/VHz
Wireless Data Rate 2 Mbps
NMIC Power 700uW
WANDmini Power 46 mW

Battery Life 44 Hours
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Figure 5: Block diagrams outlining the model training and validation procedures for performing
drowsiness detection. (a) Ear ExG experimental recordings are re-referenced, filtered, cleaned of motion-
contaminated epochs, and then undergo feature extraction and model training. (b) Cross-validation is
performed similarly, featurized ear ExG epochs are fed to all three classification models. Model outputs
are then fed to an event detector that performs a moving average and then thresholds the resulting
classifications to estimate alert and drowsy states.
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Figure 6: Sample EEG measurement and classifier performance. (a) Spectrogram demonstrating alpha
modulation when the subject closes their eyes. Alpha bandpower (8 — 12 Hz put through a 2 second
rolling average filter for clarity) is modulated by 4x in amplitude when eyes are closed. (b) Logistic
regression event detection with 10 sec feature windows. (c) Support vector machine event detection with
10 sec feature windows. (d) Random Forest-event detection with 10 sec feature windows. (e, f, g)
Drowsiness event detection using 50 sec feature windows.

. Summary:

We have reported the design and fabrication of in-ear dry electrodes along with the assembly, and
evaluation of a wireless, wearable, in-ear ExG platform for offline drowsiness detection in never-before-
seen users. All aspects of this platform can be adapted to different use-cases. The 3D printed and
electroless Au plated electrodes can be rapidly augmented for any anatomically optimized wearable and
used/re-used for long periods of time, WANDmini can support multi-day electrophysiological
monitoring, and the presented offline classifiers demonstrate the potential for future dry-electrode
based brain-state classification. In contrast to other state-of-the-art in-ear recording platforms, the
electrodes, wireless electronics, and lightweight algorithms presented lay the groundwork for future
large-scale deployment of user-generic, wireless ear ExG brain computer interfaces that use multiple
machine learning algorithms.

Our results are promising for the development of the next generation of standalone wearables
that can monitor brain and muscle activity in work environments and in everyday, public scenarios. To
realize these standalone, wireless systems, future work requires integrating these classifiers on-chip for
real-time brain-state classification and miniaturizing all the hardware into a pair of earbuds.
Furthermore, the hardware would need to support online classification to allow for full-day, itinerant
use. Lastly, it would be important to take this miniaturized hardware and implement a user-study with a



wider demographic. By monitoring in-ear EEG across individuals aged 18 — 65+, further age specific
models can be investigated. If a monolithic model is unable to classify drowsiness stereotypes across
such a large age range, it would be interesting to provide models with context such as age, gender,
known sleep disorders, and previous night’s sleep quality. Furthermore, the feature selection performed
in this work suggests that simpler calculations such as bandpower ratios are sufficient for drowsiness
classification. If this remains the case across larger demographics, then feature extractors can ignore
computationally expensive features such as standard deviation, different entropy measures, etc. to
reduce power in embedded classification scenarios. With aforementioned integration, a pair of ear ExG
buds would significantly enable long term, daily recording ExG without interrupting a user’s day or
stigma. These measurements would enable an entirely new era of research for tracking long-term
cognitive changes from disorders such as depression, Alzheimer’s, narcolepsy, or stress.

Table 2: Comparison of this work with other in-ear drowsiness monitoring works

Hwang '16 Nakamura '17 Hong '18 Barua '19 Gangadharan '22 This Work
# Users 13 4 16 30 18 9
Setup # Recordings 13 4 16 312 18 34
Recording length (min) 60 - 90 45 55-75 30 40 40-50
Format In-ear In-ear In-ear Scalp Muse Headband In-ear
Single/both ears single Single Single - - Both
Wet/dry Wet Wet Wet Wet Dry Dry
# Channels 1 2 1 30 4 11
Electrodes Generic Yes Yes Yes Yes Yes Yes
Assembly material Metallic Foam Silicone Metallic Plastic 3D printed polymer
Electrode - Ag/AgCl wire Ag +Cu - Au Au
Wired/wireless Wired Wired Wired Wired Wireless Wireless
System Data rate - - - - 1 Mbps- 1.96 Mbps
Power = = = = = 46 mW
Battery life - - - - 5 hours 44 hours
Model SVM SVM SVM SVM SVM LR
Window size 5s 30s 60s 60s 4s 50s
Algorithm Sensitivity - = = 94%: 78.95% 95.60%
Specificity = = = 92%: 77.64% 93.00%
Accuracy 88.30% 82.90% 93.50%* 93% 78.30% 93.30%

*99 when evaluating on 230s epoch of EEG, ECG, and PPG features



IV. Methods

i. Electrode fabrication

Both the electrodes and earpiece were printed with a stereolithography (SLA) 3D printer
(Formlabs Form 3 printer) with a standard, clear methacrylate photopolymer (Figure 2d). An SLA printer
was used due to its increased precision over standard filament deposition modeling (FDM) based
printers. In SLA printers, thin layers of photosensitive polymer are cured by a laser. The resulting printed
surfaces must be washed and cured in UV to achieve the final 3D part.

The original 3D printed surface is highly anisotropic due to the structure’s uniformly printed
layers. To create a more heterogenous surface, electrode structures were sandblasted with 100 grit
white fused aluminum oxide blasting media (Industrial Supply, Twin Falls, ID) to remove the regular
surface pattern leftover from the printing process while also increasing the effective surface area. The
sandblasted samples were then sonicated in a bath of Alconox cleaning solution for approximately 10
minutes and rinsed with DI water. Lastly, the electrode structures were treated in a bath of 1%
benzalkonium chloride (Sigma Aldrich 12060-100G) surfactant solution for 10 minutes. These surface
treatment steps ensure a clean plating surface with high surface energy and lead to improved
catalyst/metal layer adhesion.

The samples are then submersed in catalyst and plating baths. First, the electrodes are
submerged in a beaker of palladium-tin catalyst for 10 minutes followed by a copper plating solution for
a minimum of six hours. This initial plating step results in a thick copper layer that will oxidize if left out
in ambient atmosphere. As a result, samples would then be quickly rinsed, dried, and placed in a nickel-
plating bath for approximately 10 minutes (SIGMA ALDRICH 901630). Afterwards, the electrodes are
placed in an electroless gold plating solution for approximately 15 minutes. In between plating steps,
the samples were rinsed with DI water and dried thoroughly.

b. WANDmini: ExG recording hardware

The WANDmini board contains a neural recording frontend (NMIC), a SoC FPGA with a 166 MHz
Advanced RISC Machine (ARM) Cortex-M3 processor (SmartFusion2 M2S060T from Microsemi), and
low-energy radio (nRF51822 from Nordic Semiconductor). The SoC FPGA forms a custom designed
2Mb/s digital signal and clock interface with a single NMIC, aggregates all data and commands into
packets, then streams all the packets to the 2Mb/s 2.4 GHz low-energy radio.

WANDmini also contains a 20MHz crystal oscillator as a clock source, on-board buck converters
(TPS6226x from Texas Instruments), a battery charger circuit (LTC4065 from Linear Technology), and a 6-
axis accelerometer and gyroscope (MPU-6050 from InvenSense). While WANDmini can record up to 64
channels of electrophysiological data and motion information from the accelerometer, the drowsiness
detection application only uses 11 channels for ExG monitoring. Future applications may integrate real-
time motion artifact cancellation and classification directly into the WANDmini’s SoC FPGA.



c. Subject selection and earpiece application

Nine subjects (7 male, 2 female, ages 18-27) volunteered for this study. Subjects were requested
not to exercise or drink caffeine before any trial. Prior to the first experiment, subjects tried out small,
medium, and large earpieces and selected the pair they felt were most comfortable and secure in ear.
During this onboarding session, subjects also familiarized themselves with the GUI.

At the start of the drowsiness trials, subjects were given their preferred ear EEG earbuds to
wear, as well as an electronics headband with a fully charged Li-Po battery and the WANDmini recording
hardware. To maintain a realistic daily use scenario, the subjects did not clean or prepare their skin and
no hydrogel or saline was applied to the earpiece dry electrodes. The trial hosts also did not help
subjects don/doff the headband or earpieces unless explicitly requested. After the experiments, the
earpieces were cleaned with 70% isopropyl alcohol since they would be later used by other subjects.

d. Electrophysiological recording setup

Each earpiece has six electrodes, four inside the ear canal and two outside the ear canal. The
default recording arrangement employs two contralaterally worn earpieces to maximize spatial
coverage and recorded signal power [27], [39]. These two earpieces provide up to 11 ExG channels with
a common reference. Either of the concha cymba electrodes can be used as a reference (the un-used
one can be used as an additional sense electrode). After initial experimentation, it was determined that
the right concha cymba electrode was sufficient as a reference electrode across all subjects. As a result,
each ExG channel is referenced against the right concha cymba electrode in a monopolar montage
(electrode Y in Figure 2A). A single wet Ag/AgCl electrode was applied to the subject’s right mastoid and
connected to battery ground for interference reduction.

e. Drowsiness trial overview

Subjects participated in multiple drowsiness trials to enable both user-specific and user-generic
training. Subjects were not familiar with the ear EEG work when selected. No more than five trials were
recorded per subject to maintain a diverse data pool. Prior to the trials, subjects were informed of the
study purpose and requested to have a ‘normal night’s rest’ (subjectively) and not drink caffeine prior to
the trial. Trials took place in a quiet, indoor office space between 8am — 5pm when the lights were on.
After donning the ear eeg system, the subject was left alone in the trial space until the end of the
recording session. During the trial, the subject would sit at a desk in front of a laptop with a custom GUI.
Subjects were instructed to only perform the reaction game task and not look at personal devices for
the extent of the trial. Subjects were allowed to move their heads, readjust in their seat, and move their
arms, but were asked to stay seated during the entire session (to minimize motion artifacts). Each trial
was 40 — 50 minutes in length and was self-ended by the subject to prevent the interruption of a drowsy
event. At the end of the trial, the subjects removed the headband and earpieces themselves. They were
instructed to wait at least 24 hours before participating in subsequent drowsiness trials to maximize
variation between trials.



f. Label generation

Recording both objective and subjective drowsiness measures made the label generation
process robust to user-error momentary distractions (when an alert user looks away from the laptop).
Ear ExG samples were labelled as ‘drowsy’ if the user reported a drowsiness Likert item >5 and if their
reaction time was more than double the average from the first 5 minutes of recording. The labels were
then passed through a 3-sample rolling average filter and thresholded to achieve a binary label.

g. Re-referencing and filtering

ExG re-referencing was used to maximize spatial covering across contralateral earpieces. Each
in-ear electrode was re-referenced to the left concha cymba electrode and processed with the 11 EEG
channels recorded with the right concha cymba electrode. To remove power-line interference (60 Hz in
North America) while maintaining as much EEG activity as possible, both the recorded and re-referenced
EEG channels were bandpass filtered from 0.05 - 50Hz. Filters were implemented with a 5" order
butterworth high pass filter (corner of 0.05 Hz) and a 5" order Butterworth low pass filter (corner of 50
Hz). Both filters were implemented in python but can also be implemented with infinite impulse
response (lIR) filters with 16 bit registers for use in FPGA/embedded applications.

h. Data segmentation

Filtered ExG was segmented to remove ExG artifacts related to decision-making and motor
planning in response to GUI cues. Each epoch began 10 seconds after a reaction time cue and ended
when the next reaction time cue was provided. When using the maximum window size, features were
calculated for these 50 second epochs. When using a reduced window size, each 50 second epoch and
its corresponding label were divided into five 10 second windows. To focus classification on drowsiness
onset, epochs were considered “sleep” if a subject’s rection time exceeded 10 seconds. These epochs
were excluded from the study.

i. Feature extraction and selection

Temporal and spectral features were extracted in Python 3.8 from the segmented ExG data.
Low-complexity features were calculated for each window of ExG data and across all the recorded and
re-referenced channels. Voltage standard deviation and maximum peak-to-peak voltage amplitude were
calculated in the time-domain to target eye blink artifacts and motion. Welch’s method (using a 1000-
point Fourier transform, 500 sample overlap, and Hamming window) was used to calculate the power
spectral density (PSD) and attain frequency characteristics that relate attention and relaxation. The
following spectral features were calculated prior to training: maximum PSD, peak frequency, and PSD
variance were calculated for §, 6, a, B, y EEG bands. Absolute and relative band powers were also
calculated for the following bands and ratios: §, 6, o, B, v, a/B, 6/B, (a + 6)/B, and (a + 8)/(a + B).
Relative bandpower is the specific band relative to the total PSD from 0.5 — 50 Hz. Furthermore, features
of the previous epoch were included to account for changes in ExG activity, since temporal and spectral



features relate to characteristics that changes during the onset of drowsiness such as attention and eye
movement. A complete table of features used in offline training (prior to feature selection) are below.

Table 3: Per channel extracted features

Maximum peak-to-peak voltage
Standard deviation of voltage
Maximum PSD (8, 6, a, B, y bands)
Peak frequency (6, 6, a, B, y bands)
PSD variance (6, 6, a, B, y bands)
Absolute power (6, 6, a, B, y, a/B, 6/B, (a + B8)/B, (o + 8)/(a + B)
Relative power (6, 6, a, B, v, a/B, 8/B, (a. + 8)/B, (o + 0)/(a + B)

All features were scaled by subtracting the median and scaling according to their interquartile
range. To reduce input feature count, feature selection using an analysis of variance (scikit-learn Python
3.8) was performed to determine the top 20 features (total) that minimize redundancy and maximize
class variation during training. Only these 20 features are included during model training and validation.
This feature selection also implicitly selected best performing electrodes across users (most likely due to
some electrodes fitting better than others). The same feature type was also selected for multiple
channels (e.g. the top 20 features would include alpha band power from channel 1, 5, and 10).
Contralateral channels (where sense and reference electrodes are in different ears) were always
weighted higher than ipsilateral channels. The most used features (in order of importance) are shown in
Table 4.

Table 4: Top features selected for training and validation

a relative power

B relative power

6 relative power
Previous epoch’s a relative power
Previous epoch’s B relative power
Previous epoch’s & relative power

0/ absolute power
(ot + ©)/B absolute power
(ot +0)/(a + B) absolute power

Spectral features associated with eye movement, relaxation, and drowsiness were the most
important for model training. Furthermore, the previous epoch’s features were also generally
important. This is corroborated by results from other works on scalp data in [14], [76], [82]. All feature
extraction was performed in Python using numpy. For implementation into an embedded/FPGA
environment, these features can be calculating using a coarse fast-Fourier transform, look-up-tables,
and the CORDIC algorithm.
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Institutional Review Board (CPHS protocol ID: 2018-09-11395).

Acknowledgement

The authors thank the Berkeley Wireless Research Center sponsors, Ford University Research Program,
Barkar Fellowship, and Cortera Neurotechnologies. The authors would also like to thank Prof. Jan
Rabaey, Miguel Montalban, Andy Yau, Adelson Chua, Justin Doong, Sina Faraji Alamouti, Yuheng Feng,
Connor Kennedy, Ashwin Rammohan, Aviral Pandey, Leslie Pu, Neekon Saadat, Natalie Tetreault, Julian
Maravilla, and Inga Zhuravleva for technical support and advice.



Bibliography
[1]

[2]

3]
[4]

[5]

6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

C. P. Landrigan, “Driving Drowsy Commentary,” 2008. [Online]. Available:
http://www.vtti.vt.edu/PDF/100-Car_Fact-Sheet.pdf.

N. Highway Traffic Safety Administration and U. Department of Transportation, “Crash
Stats: Drowsy Driving 2015,” no. October, 2017, [Online]. Available:
https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/812446

B. C. Tefft, “The Prevalence and Impact of Drowsy Driving,” Washington, DC, 2010.
NSC, “Wearables for Fatigue Monitoring,” Itasca, IL, 2020.

T. Arakawa, “Trends and Future Prospects of the Drowsiness Detection and Estimation
Technology,” Sensors, vol. 21, no. 23, p. 7921, Nov. 2021, doi: 10.3390/s21237921.

I. Stancin, M. Cifrek, and A. Jovic, “A review of eeg signal features and their application in
driver drowsiness detection systems,” Sensors, vol. 21, no. 11. MDPI AG, Jun. 01, 2021.
doi: 10.3390/s21113786.

N. R. Addo Martins, S. Annaheim, C. M. Spengler, and R. M. Rossi, “Fatigue Monitoring
Through Wearables: A State-of-the-Art Review,” Frontiers in Physiology, vol. 12. Frontiers
Media S.A., Dec. 15, 2021. doi: 10.3389/fphys.2021.790292.

D. Malathi, J. D. Dorathi Jayaseeli, S. Madhuri, and K. Senthilkumar, “Electrodermal
Activity Based Wearable Device for Drowsy Drivers,” in Journal of Physics: Conference
Series, Institute of Physics Publishing, Apr. 2018. doi: 10.1088/1742-6596/1000/1/012048.

E. N. Schneider et al., “Electrodermal Responses to Driving Maneuvers in a Motion
Sickness Inducing Real-World Driving Scenario,” IEEE Trans Hum Mach Syst, vol. 52, no. 5,
2022, doi: 10.1109/THMS.

“2.1. Conventional Approaches for Drowsiness Detection.”

T. Nguyen, S. Ahn, H. Jang, S. C. Jun, and J. G. Kim, “Utilization of a combined EEG/NIRS
system to predict driver drowsiness,” Sci Rep, vol. 7, no. August 2016, pp. 1-10, 2017, doi:
10.1038/srep43933.

Y. Li et al., “A CNN-Based Wearable System for Driver Drowsiness Detection,” Sensors, vol.
23, no. 7, Apr. 2023, doi: 10.3390/s23073475.

S. Hong, H. Kwon, S. H. Choi, and K. S. Park, “Intelligent system for drowsiness recognition
based on ear canal electroencephalography with photoplethysmography and
electrocardiography,” Inf Sci (N Y), vol. 453, pp. 302—322, Jul. 2018, doi:
10.1016/j.ins.2018.04.003.

T. Hwang, M. Kim, S. Hong, and K. S. Park, “Driver drowsiness detection using the in-ear
EEG,” in Proceedings of the Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, EMBS, Institute of Electrical and Electronics Engineers Inc.,
Oct. 2016, pp. 4646—4649. doi: 10.1109/EMBC.2016.7591763.



[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

S. Barua, M. U. Ahmed, C. Ahlstrém, and S. Begum, “Automatic driver sleepiness detection
using EEG, EOG and contextual information,” Expert Syst Appl, vol. 115, pp. 121-135, Jan.
2019, doi: 10.1016/j.eswa.2018.07.054.

D. J. McFarland and J. R. Wolpaw, “EEG-based brain—computer interfaces,” Current
Opinion in Biomedical Engineering, vol. 4. Elsevier B.V., pp. 194-200, Dec. 01, 2017. doi:
10.1016/j.cobme.2017.11.004.

P. Olejniczak, “Neurophysiologic Basis of EEG,” Journal of Clinical Neurophysiology, vol. 23,
no. 3, pp. 186—-189, 2006.

A. Jackson and D. J. Bolger, “The neurophysiological bases of EEG and EEG measurement:
A review for the rest of us,” Psychophysiology, vol. 51, pp. 1061-1071, 2014.

C. Drees et al., “Skin Irritation during Video-EEG Monitoring,” Neurodiagnostic Journal,
vol. 56, no. 3, pp. 139-150, Jul. 2016, doi: 10.1080/21646821.2016.1202032.

G. Di Flumeri, P. Arico, G. Borghini, N. Sciaraffa, A. Di Florio, and F. Babiloni, “The dry
revolution: Evaluation of three different eeg dry electrode types in terms of signal spectral
features, mental states classification and usability,” Sensors (Switzerland), vol. 19, no. 6,
Mar. 2019, doi: 10.3390/s19061365.

S. Debener, R. Emkes, M. De Vos, and M. Bleichner, “Unobtrusive ambulatory EEG using a
smartphone and flexible printed electrodes around the ear,” Sci Rep, vol. 5, Nov. 2015,
doi: 10.1038/srep16743.

G. Niso, E. Romero, J. T. Moreau, A. Araujo, and L. R. Krol, “Wireless EEG: A survey of
systems and studies,” Neuroimage, vol. 269, Apr. 2023, doi:
10.1016/j.neuroimage.2022.119774.

V. Mihajlovic, B. Grundlehner, R. Vullers, and J. Penders, “Wearable, wireless EEG
solutions in daily life applications: What are we missing?,” IEEE J Biomed Health Inform,
vol. 19, no. 1, pp. 6-21, 2015, doi: 10.1109/JBHI.2014.2328317.

J. Xu and B. Zhong, “Review on portable EEG technology in educational research,” Comput
Human Behav, vol. 81, pp. 340-349, Apr. 2018, doi: 10.1016/j.chb.2017.12.037.

S. Noachtar and J. Rémi, “The role of EEG in epilepsy: A critical review,” Epilepsy and
Behavior, vol. 15, no. 1. pp. 22-33, May 2009. doi: 10.1016/j.yebeh.2009.02.035.

P. Kidmose, D. Looney, M. Ungstrup, M. L. Rank, and D. P. Mandic, “A study of evoked
potentials from ear-EEG,” IEEE Trans Biomed Eng, vol. 60, no. 10, pp. 2824-2830, 2013,
doi: 10.1109/TBME.2013.2264956.

K. B. Mikkelsen, S. L. Kappel, D. P. Mandic, and P. Kidmose, “EEG recorded from the ear:
Characterizing the Ear-EEG Method,” Front Neurosci, vol. 9, no. NOV, 2015, doi:
10.3389/fnins.2015.00438.



[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

D. Looney et al., “An in-the-ear platform for recording electroencephalogram,” in
Proceedings of the Annual International Conference of the IEEE Engineering in Medicine
and Biology Society, EMBS, 2011, pp. 6882—6885. doi: 10.1109/IEMBS.2011.6091733.

D. Looney et al., “The in-the-ear recording concept: User-centered and wearable brain
monitoring,” IEEE Pulse, vol. 3, no. 6, pp. 32—42, 2012, doi: 10.1109/MPUL.2012.2216717.

S. L. Kappel, S. Makeig, and P. Kidmose, “Ear-EEG Forward Models: Improved Head-
Models for Ear-EEG,” Front Neurosci, vol. 13, no. September, 2019, doi:
10.3389/fnins.2019.00943.

A. Meiser, F. Tadel, S. Debener, and M. G. Bleichner, “The Sensitivity of Ear-EEG:
Evaluating the Source-Sensor Relationship Using Forward Modeling,” Brain Topogr, vol.
33, no. 6, pp. 665—676, Nov. 2020, doi: 10.1007/s10548-020-00793-2.

C. F. da Silva Souto et al., “Flex-Printed Ear-EEG Sensors for Adequate Sleep Staging at
Home,” Front Digit Health, vol. 3, Jun. 2021, doi: 10.3389/fdgth.2021.688122.

Z. Wang et al., “Conformal in-ear bioelectronics for visual and auditory brain-computer
interfaces,” Nat Commun, vol. 14, no. 1, Dec. 2023, doi: 10.1038/s41467-023-39814-6.

K. B. Mikkelsen et al., “Accurate whole-night sleep monitoring with dry-contact ear-EEG,”
Sci Rep, vol. 9, no. 1, Dec. 2019, doi: 10.1038/s41598-019-53115-3.

K. B. Mikkelsen, Y. R. Tabar, H. O. Toft, M. C. Hemmsen, M. L. Rank, and P. Kidmose, “Self-
applied ear-EEG for sleep monitoring at home,” in Proceedings of the Annual International
Conference of the IEEE Engineering in Medicine and Biology Society, EMBS, Institute of
Electrical and Electronics Engineers Inc., 2022, pp. 3135-3138. doi:
10.1109/EMBC48229.2022.9871076.

I. C. Zibrandtsen, P. Kidmose, C. B. Christensen, and T. W. Kjaer, “Ear-EEG detects ictal and
interictal abnormalities in focal and generalized epilepsy — A comparison with scalp EEG
monitoring,” Clinical Neurophysiology, vol. 128, no. 12, pp. 2454-2461, 2017, doi:
10.1016/j.clinph.2017.09.115.

J. Lee, K. Lee, U. Ha, J. Kim, K. Lee, and H. Yoo, “A 0.8V 82.9uW In-ear BCI Controller
System with 8.8 PEF EEG Instrumentational Amplifier and Wireless BAN Transceiver,” Visi,
pp. 123-124, 2018.

G. Li, S. Wang, and Y. Y. Duan, “Towards conductive-gel-free electrodes: Understanding
the wet electrode, semi-dry electrode and dry electrode-skin interface impedance using
electrochemical impedance spectroscopy fitting,” Sens Actuators B Chem, vol. 277, no.
August, pp. 250-260, 2018, doi: 10.1016/j.snb.2018.08.155.

V. Goverdovsky, D. Looney, P. Kidmose, and D. P. Mandic, “In-Ear EEG From Viscoelastic
Generic Earpieces: Robust and Unobtrusive 24/7 Monitoring,” IEEE Sens J, vol. 16, no. 1,
pp. 271-277, 2016, doi: 10.1109/JSEN.2015.2471183.

A. R. Bertelsen et al., Generic Dry-Contact Ear-EEG; Generic Dry-Contact Ear-EEG. 2019.
doi: 10.0/Linux-x86_64.



[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

R. Kaveh et al., “A Wireless, Multielectrode, User-generic Ear EEG Recording System,”
2019 IEEE Biomedical Circuits and Systems Conference (BioCAS), 2019, doi:
10.1109/BIOCAS.2019.8918700.

A. Paul, M. S. Lee, Y. Xu, S. R. Deiss, and G. Cauwenberghs, “A Versatile In-Ear Biosensing
System and Body-Area Network for Unobtrusive Continuous Health Monitoring,” IEEE
Trans Biomed Circuits Syst, Jun. 2023, doi: 10.1109/TBCAS.2023.3272649.

A. Paul, G. Hota, B. Khaleghi, Y. Xu, T. Rosing, and G. Cauwenberghs, “Attention State
Classification with In-Ear EEG,” in BioCAS 2021 - IEEE Biomedical Circuits and Systems
Conference, Proceedings, Institute of Electrical and Electronics Engineers Inc., 2021. doi:
10.1109/BioCAS49922.2021.9644973.

Y. Xu et al., “In-ear integrated sensor array for the continuous monitoring of brain activity
and of lactate in sweat,” Nat Biomed Eng, Oct. 2023, doi: 10.1038/s41551-023-01095-1.

C. Schwendeman, R. Kaveh, and R. Muller, “Drowsiness Detection with Wireless, User-
Generic, Dry Electrode Ear EEG,” in Proceedings of the Annual International Conference of
the IEEE Engineering in Medicine and Biology Society, EMBS, Institute of Electrical and
Electronics Engineers Inc., 2022, pp. 9-12. doi: 10.1109/EMBC48229.2022.9871859.

R. Kaveh et al., “Wireless User-Generic Ear EEG,” IEEE Trans Biomed Circuits Syst, vol. 14,
no. 4, pp. 727-737, Aug. 2020, doi: 10.1109/TBCAS.2020.3001265.

Y. M. Chi, T. P. Jung, and G. Cauwenberghs, “Dry-contact and noncontact biopotential
electrodes: Methodological review,” IEEE Rev Biomed Eng, vol. 3, no. February, pp. 106—
119, 2010, doi: 10.1109/RBME.2010.2084078.

H. Dong, P. M. Matthews, and Y. Guo, “A new soft material based in-the-ear EEG
recording technique,” Proceedings of the Annual International Conference of the IEEE
Engineering in Medicine and Biology Society, EMBS, vol. 2016-Octob, pp. 5709-5712,
2016, doi: 10.1109/EMBC.2016.7592023.

J.H. Lee, S. M. Lee, H. J. Byeon, J. S. Hong, K. S. Park, and S. H. Lee, “CNT/PDMS-based
canal-typed ear electrodes for inconspicuous EEG recording,” J Neural Eng, vol. 11, no. 4,
Aug. 2014, doi: 10.1088/1741-2560/11/4/046014.

L. Yang, Q. Liu, Z. Zhang, L. Gan, Y. Zhang, and J. Wu, “Materials for Dry Electrodes for the
Electroencephalography: Advances, Challenges, Perspectives,” Advanced Materials
Technologies, vol. 7, no. 3. John Wiley and Sons Inc, Mar. 01, 2022. doi:
10.1002/admt.202100612.

M. A. Lopez-Gordo, D. Sanchez Morillo, and F. Pelayo Valle, “Dry EEG electrodes,” Sensors
(Switzerland), vol. 14, no. 7. MDPI AG, pp. 12847-12870, Jul. 18, 2014. doi:
10.3390/s140712847.

G. L. Li, J.T. Wy, Y. H. Xia, Q. G. He, and H. G. Jin, “Review of semi-dry electrodes for EEG
recording,” J Neural Eng, vol. 17, no. 5, 2020, doi: 10.1088/1741-2552/abbd50.



[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

W. Liu et al., “Electrical impedance performance of metal dry bioelectrode with different
surface coatings,” Sens Actuators A Phys, vol. 269, pp. 515-523, 2018, doi:
10.1016/j.sna.2017.12.006.

Y. Fu, J. Zhao, Y. Dong, and X. Wang, “Dry electrodes for human bioelectrical signal
monitoring,” Sensors (Switzerland), vol. 20, no. 13. MDPI AG, pp. 1-30, Jul. 01, 2020. doi:
10.3390/s20133651.

J. Xu, S. Mitra, C. Van Hoof, R. Yazicioglu, and K. A. A. Makinwa, “Active Electrodes for
Wearable EEG Acquisition: Review and Electronics Design Methodology,” IEEE Rev Biomed
Eng, vol. 3333, no. ¢, pp. 1-1, 2017, doi: 10.1109/RBME.2017.2656388.

M. Guermandi, A. Cossettini, S. Benatti, and L. Benini, “A Wireless System for EEG
Acquisition and Processing in an Earbud Form Factor with 600 Hours Battery Lifetime,” in
Proceedings of the Annual International Conference of the IEEE Engineering in Medicine
and Biology Society, EMBS, Institute of Electrical and Electronics Engineers Inc., 2022, pp.
3139-3145. doi: 10.1109/EMBC48229.2022.9871874.

S. Negi, R. Bhandari, L. Rieth, and F. Solzbacher, “In vitro comparison of sputtered iridium
oxide and platinum-coated neural implantable microelectrode arrays.,” Biomed Mater,
vol. 5, no. 1, p. 15007, 2010, doi: 10.1088/1748-6041/5/1/015007.

R. D. Meyer, S. F. Cogan, T. H. Nguyen, and R. D. Rauh, “Electrodeposited iridium oxide for
neural stimulation and recording electrodes,” IEEE Transactions on Neural Systems and
Rehabilitation Engineering, vol. 9, no. 1, pp. 2-11, 2001, doi: 10.1109/7333.918271.

R. A. Green et al., “Substrate dependent stability of conducting polymer coatings on
medical electrodes,” Biomaterials, vol. 33, no. 25, pp. 5875-5886, Sep. 2012, doi:
10.1016/j.biomaterials.2012.05.017.

Y. H. Yu, S. H. Chen, C. L. Chang, C. T. Lin, W. D. Hairston, and R. A. Mrozek, “New flexible
silicone-based EEG dry sensor material compositions exhibiting improvements in lifespan,
conductivity, and reliability,” Sensors (Switzerland), vol. 16, no. 11, Nov. 2016, doi:
10.3390/s16111826.

H. Suzuki and T. Taura, “Thin-Film Ag/AgCl Structure and Operational Modes to Realize
Long-Term Storage,” J Electrochem Soc, vol. 148, no. 12, p. E468, 2001, doi:
10.1149/1.1416504.

G. Prieto-Avalos, N. A. Cruz-Ramos, G. Alor-Hernandez, J. L. Sdnchez-Cervantes, L.
Rodriguez-Mazahua, and L. R. Guarneros-Nolasco, “Wearable Devices for Physical
Monitoring of Heart: A Review,” Biosensors, vol. 12, no. 5. MDPI, May 01, 2022. doi:
10.3390/bios12050292.

“T&W Engineering,” https://www.tweng.com/.

“Naox Technologies,” https://www.naox.tech/science.



[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

M. T. Knierim, M. G. Bleichner, and P. Reali, “A Systematic Comparison of High-End and
Low-Cost EEG Amplifiers for Concealed, Around-the-Ear EEG Recordings,” Sensors, vol. 23,
no. 9, May 2023, doi: 10.3390/s23094559.

C. Kim, S. Joshi, H. Courellis, J. Wang, C. Miller, and G. Cauwenberghs, “Sub-u Vrms-noise
Sub-p W/Channel ADC-direct neural recording with 200-mV/ms transient recovery
through predictive digital autoranging,” IEEE J Solid-State Circuits, vol. 53, no. 11, pp.
3101-3110, Nov. 2018, doi: 10.1109/JSSC.2018.2870555.

J. Lee et al., “A 0.8-V 82.9-u W In-Ear BCI Controller IC with 8.8 PEF EEG Instrumentation
Amplifier and Wireless BAN Transceiver,” IEEE J Solid-State Circuits, vol. 54, no. 4, pp.
1185-1195, Apr. 2019, doi: 10.1109/JSSC.2018.2888845.

A. Paul, M. S. Lee, Y. Xu, S. R. Deiss, and G. Cauwenberghs, “A Versatile In-Ear Biosensing
System and Body-Area Network for Unobtrusive Continuous Health Monitoring,” IEEE
Trans Biomed Circuits Syst, vol. 17, no. 3, pp. 483—-494, Jun. 2023, doi:
10.1109/TBCAS.2023.3272649.

A. Zhou et al., “A wireless and artefact-free 128-channel neuromodulation device for
closed-loop stimulation and recording in non-human primates,” Nat Biomed Eng, vol. 3,
no. January, 2019, doi: 10.1038/s41551-018-0323-x.

M. J. Polonenko et al., “Estimating Audiometric Thresholds Using Auditory Steady-State
Responses,” Proceedings of the Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, EMBS, vol. 2016-Octob, no. 6, pp. 1-9, Apr. 2016, doi:
10.1109/EMBC.2015.7319063.

Y. Zhu, Y. Li, J. Lu, and P. Li, “EEGNet with Ensemble Learning to Improve the Cross-Session
Classification of SSVEP Based BCl from Ear-EEG,” IEEE Access, vol. 9, pp. 15295-15303,
2021, doi: 10.1109/ACCESS.2021.3052656.

A. Nagarajan, N. Robinson, and C. Guan, “Investigation on Robustness of EEG-based Brain-
Computer Interfaces,” in Proceedings of the Annual International Conference of the IEEE
Engineering in Medicine and Biology Society, EMBS, Institute of Electrical and Electronics
Engineers Inc., 2021, pp. 6334—6340. doi: 10.1109/EMBC46164.2021.9630031.

A. Burrello et al., “Energy-efficient Wearable-to-Mobile Offload of ML Inference for PPG-
based Heart-Rate Estimation,” in Design, Automation & Test in Europe Conference, 2023.

S. Aggarwal and N. Chugh, “Review of Machine Learning Techniques for EEG Based Brain
Computer Interface,” Archives of Computational Methods in Engineering, vol. 29, no. 5.
Springer Science and Business Media B.V., pp. 3001-3020, Aug. 01, 2022. doi:
10.1007/s11831-021-09684-6.

F. Lotte, M. Congedo, A. Lécuyer, F. Lamarche, and B. Arnaldi, “A review of classification
algorithms for EEG-based brain-computer interfaces,” Journal of Neural Engineering, vol.
4, no. 2. Jun. 01, 2007. doi: 10.1088/1741-2560/4/2/R01.



[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

S. Barua, M. U. Ahmed, C. Ahlstrém, and S. Begum, “Automatic driver sleepiness detection
using EEG, EOG and contextual information,” Expert Syst Appl, vol. 115, pp. 121-135, Jan.
2019, doi: 10.1016/j.eswa.2018.07.054.

A. Subasi and E. Ergelebi, “Classification of EEG signals using neural network and logistic
regression,” Comput Methods Programs Biomed, vol. 78, no. 2, pp. 87-99, 2005, doi:
10.1016/j.cmpb.2004.10.009.

Y.-E. Lee and M. Lee, “Decoding Visual Responses based on Deep Neural Networks with
Ear-EEG Signals,” 2020 8th International Winter Conference on Brain-Computer Interface
(BCl), Feb. 2020.

M. Zhu, J. Chen, H. Li, F. Liang, L. Han, and Z. Zhang, “Vehicle driver drowsiness detection
method using wearable EEG based on convolution neural network,” Neural Comput Appl,
vol. 33, no. 20, pp. 13965—-13980, Oct. 2021, doi: 10.1007/s00521-021-06038-y.

M. Zhu, J. Chen, H. Li, F. Liang, L. Han, and Z. Zhang, “Vehicle driver drowsiness detection
method using wearable EEG based on convolution neural network,” Neural Comput Appl,
vol. 33, no. 20, pp. 13965—-13980, Oct. 2021, doi: 10.1007/s00521-021-06038-y.

Y. E. Lee, G. H. Shin, M. Lee, and S. W. Lee, “Mobile BCI dataset of scalp- and ear-EEGs
with ERP and SSVEP paradigms while standing, walking, and running,” Sci Data, vol. 8, no.
1, Dec. 2021, doi: 10.1038/s41597-021-01094-4.

T. Nakamura, V. Goverdovsky, and M. J. Morrell, “Automatic sleep monitoring using ear-
EEG,” vol. 5, no. March, 2017.

W. J. Staab, W. Sjursen, D. Preves, and T. Squeglia, “A one-size disposable hearing aid is
introduced,” The Hearing Journal, vol. 53, no. 4. p. 36, 2000. doi: 10.1097/00025572-
200004000-00004.

R. Kaveh et al., “Rapid and Scalable Fabrication of Low Impedance, 3D Dry Electrodes for
Physiological Sensing,” Adv Mater Technol, p. 2200342, May 2022, doi:
10.1002/admt.202200342.

C. A. Deckert, “Electroless copper plating. A review: Part |,” Plating and Surface Finishing,
vol. 82, no. 3, pp. 58-64, 1995.

S. P. Pucic, “Diffusion of Copper into Gold Plating,” in 1993 IEEE Instrumentation and
Measurement Technology Conference, 1993. doi: 10.1109/IMTC.1993.382669.

V. Genova, L. Paglia, F. Marra, C. Bartuli, and G. Pulci, “Pure thick nickel coating obtained
by electroless plating: Surface characterization and wetting properties,” Surf Coat Technol,
vol. 357, pp. 595-603, Jan. 2019, doi: 10.1016/j.surfcoat.2018.10.049.

J. Chung, N. R. Bieri, S. Ko, C. P. Grigoropoulos, and D. Poulikakos, “In-tandem deposition
and sintering of printed gold nanoparticle inks induced by continuous Gaussian laser
irradiation,” Appl Phys A Mater Sci Process, vol. 79, no. 4-6, pp. 1259-1261, 2004, doi:
10.1007/s00339-004-2731-x.



[89]

[90]

[91]

B. C. Johnson et al., “An implantable 700uW 64-channel neuromodulation IC for
simultaneous recording and stimulation with rapid artifact recovery,” Symposium on VLSI
Circuits, 2017.

J. Geiger Brown et al., “Measuring subjective sleepiness at work in hospital nurses:
validation of a modified delivery format of the Karolinska Sleepiness Scale,” Sleep and
Breathing, vol. 18, no. 4, pp. 731-739, Dec. 2014, doi: 10.1007/s11325-013-0935-z.

K. Kaida et al., “Validation of the Karolinska sleepiness scale against performance and EEG
variables,” Clinical Neurophysiology, vol. 117, no. 7, pp. 1574-1581, Jul. 2006, doi:
10.1016/j.clinph.2006.03.011.



