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Abstract. Sleep is essential for human health and well-being. Although the traditional sleep
polysomnography (PSG) monitoring is the clinical gold standard for sleep assessment, its operation
is complex and costly, so itis not suitable for long-term home use. Wearable electroencephalography
(EEG) is a promising alternative, providing a new way to facilitate continuous sleep monitoring. This
study focuses on the latest advances in wearable EEG devices for sleep monitoring, with a particular
focus on headband, in-ear, and flexible forehead patch systems, including evaluating their design
principles, balance between user comfort and signal quality, and performance in sleep staging
technology compared to PSG. At the same time, not only the ongoing challenges of reducing signal
artifacts and accurately detecting light sleep layers were discussed, but also the important
advantages of wearable EEG in supporting personalized health tracking and longitudinal sleep
studies. Finally, the study envisions the revolutionary potential of wearable EEG in popularizing sleep
health management, including the use of artificial intelligence and cloud computing to optimize data
processing to improve accuracy, and the positive shift from passive observation to active sleep
intervention.
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1. Introduction

About one-third of human life is spent sleeping, an essential biological process involved in
memory consolidation, cognitive performance, metabolic regulation, and overall physiological
recovery [1]. In recent years, the number of people diagnosed with sleep disorders such as sleep apnea
and insomnia has increased, which reflects not only greater public awareness of sleep health but also
a genuine increase in prevalence driven by modern lifestyles. These sleep disorders can lead to a
number of severe health problems, which include diabetes, heart disease, and impaired daytime
functioning [2]. Therefore, objective and accurate assessment of sleep quality and architecture is
essential for both clinical diagnosis and public health research.

PSG has been regarded as the gold standard for sleep monitoring for decades. Conducted in
specialized sleep laboratories, PSG is a comprehensive multi-parametric test that simultaneously
records neurophysiological and cardiorespiratory signals, including electromyography (EMG) for
muscle activity, electrooculography (EOG) to track eye movements, and EEG for brain activity [3].
Although PSG offers an incredibly precise and comprehensive insight into sleep stages and disorders,
it has several inherent drawbacks. According to Collop et al., these include its high cost, the
requirement to spend the night in an unfamiliar clinical setting, which can interfere with sleep (a
phenomenon called the first-night effect), the requirement for trained technicians for setup and
manual scoring, and incapacity to record sleep patterns continuously in a natural setting [4]. Therefore,
PSG is not feasible for routine personal usage, long-term chronic condition monitoring, or mass
screening due to these constraints.

The growing need for convenient sleep tracking has driven the rapid growth of consumer
wearables, especially wrist-worn activity trackers (like Fitbit and Oura Ring). While these devices
are widely used because of their convenience, they primarily rely on indirect proxies for sleep, such
as photoplethysmography for heart rate monitoring and for actigraphy movement detection. However,
they show poor accuracy in identifying distinct stages of sleep, especially in identifying awakenings
and differentiating light from deep sleep, due to their inability to monitor brain activity directly [5].
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A new generation of wearable technology has evolved to address this limitation by directly
measuring brain electrical activity. By utilizing developments in dry electrode technology, tiny
electronics, and low-power wireless transmission, wearable EEG systems seek to provide PSG-level
neurophysiological sleep staging into the home. In addition to providing objective sleep data, these
devices focus on comfort during long-term wear and come in various forms such as headband, in-ear,
and forehead [6]. This paper aims to comprehensively review the development history and current
status of wearable EEG sleep monitoring technology. Firstly, the basic principles and differentiation
criteria of EEG-based sleep staging and the technical conditions required to achieve wearable are
introduced. Then, the three common device forms were classified and evaluated, and their
performance with PSG was compared, their advantages in comfort and accessibility were highlighted,
and the ongoing challenges in signal quality and N1 phase recognition were discussed. Finally, the
future technological development of this technology and its important potential to promote the shift
from clinical-centered to person-centered sleep medicine are predicted.

2. Fundamentals of EEG-Based Sleep Monitoring

2.1. Sleep Stages and EEG-Signals

Sleep is a dynamic neurophysiological process. It is essential for maintaining cognitive recovery
and memory consolidation at different stages of the human life state, thus facilitating overall
physiological homeostasis [7]. The American Academy of Sleep Medicine (AASM) defines these
stages as rapid eye movement (REM) sleep, wakefulness (W), and three non-rapid eye movement
(NREM) sleep stages include N1, N2, and N3 [3]. The basis of sleep medicine is the objective
identification and classification of these stages, which mainly relies on PSG analysis. Therefore, it is
a comprehensive detection method that can collect multiple physiological parameters simultaneously.

EEG is the central basis for distinguishing between these sleep stages by recording brain electrical
activity collected from the scalp. Each stage of sleep presents unique EEG characteristics [8].

Wakefulness (W) is characterized by alpha rhythms (8-13 Hz) within the eyes closed and low-
voltage, mixed-frequency beta rhythms (>13 Hz) within the eyes are open. The loss of alpha waves
and the introduction of low-amplitude, mixed-frequency activity that is mainly in the theta region (4—
7 Hz), together with sluggish eye movements, are features of stage N1, or light sleep. During stage
N2 (deeper sleep), two important waveforms emerge: K-complexes, which are composed of a quick
high-voltage negative wave followed by a delayed positive component, and sleep spindles, which are
short bursts of 11-16 Hz activity. At least 20% of an epoch must consist of high-amplitude, low-
frequency delta waves (0.5-2 Hz), which are the predominant waveform in stage N3 (deep sleep).
Lastly, REM sleep is characterized by fast eye movements and muscular atonia, while its low-voltage,
mixed-frequency EEG activity is similar to stage N1 or wakefulness.

2.2. Technical Requirements for Wearable EEG Sleep Monitoring

There are many engineering challenges in converting this product that meets the requirements of
clinical standardization into a wearable form for the consumer market. Wearable EEG sleep
monitoring devices need to meet several key requirements: First, signal fidelity is critical, and the
device must be able to accurately collect EEG signals at the microvolt level, overcoming the
interference of biologically derived motor artifacts (such as electromyography, eye electrograms) and
environmental noise. Secondly, morphological factors and user comfort are extremely important for
interference-free all-night monitoring, and it is necessary to design ergonomic and lightweight
products to avoid interfering with the body's natural sleep. Third, power consumption must be
minimized to ensure long-term battery life, which is usually achieved through low-power wireless
transmission and efficient analog front-ends. Finally, the choice of electrode material is particularly
critical. Although traditional wet (gel-based) Ag/AgCl electrodes have low impedance and excellent
signal quality, they have poor comfort due to long-term wear and are prone to gel drying out and
affect performance, so current research mainly focuses on the progress and development of dry
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electrode technology. One pioneering design is the polymer foam-based design put forward by Lin et
al., which retains low impedance while substantially enhancing comfort and use [9]. These
specifications have influenced the creation of an array of wearable EEG devices, which can be broadly
categorized into headbands, in-ear systems, and forehead patches.

3. Technological Overview of Wearable EEG Devices

The pursuit of comfortable and accurate home sleep monitoring has driven the innovation of
various wearable EEG form factors, primarily falling into three categories: headbands, in-ear devices,
and forehead patches.

3.1. Headband-Based Systems

Headbands represent one of the most mature and commercially prevalent categories of wearable
EEG devices. These devices usually have multiple dry electrodes placed in the patient's forehead (Fp1,
Fp2, Fpz), and some models also have additional electrodes in the occipital region (O1, O2) to capture
a wider range of brain activity signals. A typical example is the Dreem headband (DH, now known
as Zeitcore), whose structure is shown in Figure 1 (left). The device is equipped with five dry
electrodes (Fpz, F7, F8, O1, O2) that derive seven channels of EEG signals and enables
comprehensive monitoring by integrating a pulse oximeter and accelerometer [10]. Similarly, the
Sleep Profiler is another scientific headband device that typically uses three forehead electrodes (AF7,
AF8, Fpz). Its accuracy and reliability have been validated in clinical studies [11]. The performance
of such devices is often benchmarked by analyzing the structure compared to other systems, as shown
in Figure 1 (right), where the DH signal is acquired and compared with the ZMachine Insight+, a
commercial wireless headband that also utilizes frontal and occipital EEG electrodes for sleep staging
system, in a simultaneous recording [12].

C
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Figure 1. The Dreem Headband (DH): (left) Sensor configuration schematic; (right) Simultaneous
EEG signal recording comparing the DREEM 3 and Zmachine Insight+ systems [12]

The headband-based EEG device provides high-quality signals by placing electrodes in multiple
channels in the fore-occipital region, effectively capturing key sleep patterns such as a waves and
spindle waves, is associated with PSG and has shown a high degree of consistency [10]. In addition,
it enables multimodal data fusion through built-in sensors, such as simultaneous monitoring of heart
rate, respiratory rate, and body movement, providing more comprehensive sleep analysis. However,
the limited electrode coverage of headbands reduces their sensitivity to signals originating from the
temporal and central regions, such as K-complexes, which is an inherent limitation of the forehead-
only montage. At the same time, dry electrodes are susceptible to motion artifacts (especially when
the body moves or sweats) and need to be corrected by robust signal quality algorithms [10].

3.2. Behind-the-ear and In-ear Systems

These devices use the ear canal or periauricular area as signal acquisition sites for optimal
concealment and comfort. cEEGrid is a typical representative of the behind-the-ear system, which
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adopts a flexible C-shaped structure and integrates 10 Ag/AgCI electrodes [13]. In-the-ear systems,
on the other hand, embed electrodes on custom-molded or universal earplugs, and Nakamura et al.
pioneered the development of viscoelastic earplugs with fabric electrodes [14]. Figure 2 shows a
representative example of such an in-ear device: a close-up of a universal earbud with dual flexible
electrodes on the left, and a schematic on the right showing the sensor wearing in the ear canal [14].

T4

Cloth electrode

Figure 2. An in-ear EEG sensor with a generic earpiece. The left part of the picture shows a close-
up view of the earpiece with two flexible electrodes. Right diagram illustrating the sensor’s
placement within the ear canal [14]

In behind-the-ear and in-the-ear EEG systems, devices such as cEEGrid and viscoelastic earplugs
offer significant advantages, including high discretion and comfort, and are suitable for monitoring
long-term multi-night sleep with minimal sleep disturbance [13]. In addition, its stable wearing style
around the ear has good tolerance and signal stability to motor interference during sleep [13].
However, these systems also have limitations: they have a lower signal amplitude compared to scalp
EEG, which may affect the detection of low-frequency or low-amplitude neural signature activity
[14]. At the same time, the electrode position limits its sensitivity to data collection of sleep events
originating in the central or temporal regions, such as K-complex and partial spindle activity, thus
restricting its comprehensive analysis of the sleep process [13].

3.3. Forehead and Flexible Systems
v \ Chin patch

Forehead patch

A

.

Figure 3. Soft, wearable sleep monitoring patches conformally attached to the face. The left part
shows forehead patch for EEG and EOG sensing. The right part shows a thin patch for EMG
sensing [15]

Recent technological advances in wearable EEG monitoring focus on ultra-fitting, skin-like
electronic patches designed with minimal invasiveness in mind for the human body. Kwon et al.
developed a flexible wireless forehead patch using stretchable polymer and nanomembrane electrodes,
with a separate chin patch for electromyography monitoring and EEG signal recording [15]. As shown
in Figure 3, these patches fit seamlessly over the complex curved surfaces of the forehead and jaw,
highlighting the ultra-low intrusiveness that next-generation devices are looking for. Other
innovations include temporary tattoo-style dry electrodes and e-textile headbands with printed
conductive inks [16, 17].

Forehead and flexible EEG systems offer significant advantages: they fit snugly against the skin
through the use of ultra-thin stretchable materials such as nanomembrane electrodes and e-textiles.
This allows them to provide excellent comfort and concealment while enhancing the feasibility of
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maintaining long-term wear [15, 17]. These systems are also highly integrated and wireless,
combining EEG, EOG, and EMG sensors to enable cable-free monitoring in home environments [15].
However, the restricted forehead region limits the number of channels, which could impede whole
brain neuronal monitoring [17]. Along with potential challenges like gel drying, long-term
dependability is still difficult to overcome under repeated mechanical stress and sweat exposure [16].

4. Performance Analysis and Validation

The transition of sleep monitoring from clinical to the home settings depends on the demonstrable
performance and reliability of wearable EEG devices. The primary metric for validation is the
agreement between device outputs—whether generated by automated algorithms or expert scores—
and the gold standard of manually scored in-lab PSG.

4.1. Comparison of Accuracy against PSG

Overall, agreement between most wearable EEG devices and PSG ranges from substantial to
almost perfect, typically quantified by Cohen's Kappa coefficient (k). A comprehensive systematic
review by de Gans et al. summarized the performance of over 24 validated devices [6]. With overall
K values of roughly 0.74 and 0.73, respectively, high-end commercial headbands such as the Dreem
Headband and Zmachine Insight+ have shown good performance and excellent agreement with
hypnograms produced from PSG [10, 18]. While in-ear systems have reported values ranging from
0.65 to 0.80, other distinctive form factors also show potential [14]. For example, the soft, wireless
forehead patch created by Kwon et al. attained an outstanding k of 0.76 [15]. All of this data indicates
the prospect that well-designed wearable EEG systems with one or a few channels can record enough
data for accurate sleep staging. However, it is important to note that high overall (k values) can mask
significant stage-specific discrepancies. Nearly all studies report substantially lower sensitivity in
detecting N1 sleep and wakefulness compared to N2, N3, and REM sleep [6, 13]. This highlights a
common limitation of current algorithms in distinguishing subtle electrophysiological features.
Despite challenges in stage-specific detection, the numerous advantages of these devices beyond
overall accuracy are driving their widespread adoption in home settings.

4.2. Advantages: Comfort, Accessibility, and Long-term Monitoring

The advantages of wearable EEG extend beyond mere accuracy. Their main advantage is increased
comfort, which raises user compliance. Compared to a complete PSG setup, devices such as the
general in-ear sensors and the e-textile headband are less intrusive and disrupt sleep less [17, 19].
This directly addresses the first-night effect and enables recording in a natural sleep environment.
Secondly, they provide unparalleled ease of use and accessibility. There is no need for expensive lab
reservations or technician supervision because users can set up these devices themselves at home.
This enables longitudinal sleep monitoring over several nights or even weeks, which is important for
documenting nighttime differences in sleep patterns, assessing the effectiveness of treatments for
sleep disorders, and facilitating the shift from a single diagnosis to continuous health monitoring.

4.3. Challenges: Signal Quality, User Adherence, and N1 Stage Identification

Despite significant advances in technology, there are still many challenges to be addressed. Lin et
al. noted that signal quality remains a prominent issue — dry electrodes have higher impedance than
wet electrodes and are more susceptible to motion artifacts (especially in areas of dry or hairy skin)
[9]. Although this problem can be mitigated by advanced algorithms for filtering and rejecting
artifacts, this is still a core engineering and technical difficulty. User adherence, while generally better
than PSG monitoring, is not fully guaranteed. Factors such as skin allergies, discomfort caused by
hard components, or simply forgetting to wear the device can lead to missing data.

Last but not least, both automated algorithms and human scorers still face significant difficulties
in accurately identifying the N1 sleep state. It is challenging to differentiate the EEG characteristics
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(low-voltage, mixed-frequency waves) from comfortable wakefulness or artifacts, and the shift from
wake to N1 is slight [14]. The continuously reduced sensitivity and specificity for N1 found in almost
all wearable validation trials is indicative of this.

4.4. Broader Challenges: Clinical Validation and Standardization

Beyond technical difficulties, more general difficulties include the absence of thorough clinical
validation and standardization. The majority of research is carried out in controlled environments
with small sample sizes, and there is currently no consensus on validation procedures for these devices.
Despite the fact that EEG-based wearables have plenty of potential for differentiating sleep staging,
the large majority of these devices are now categorized as "wellness tools," therefore their intended
use is different from that of clinical diagnosis [20]. Authoritative organizations stress that large-scale,
multi-center clinical trials are essential to the shift to validated clinical diagnostic tools. In order to
provide industry-wide uniform performance criteria, these studies must evaluate the devices'
performance in a variety of populations, including those with a range of sleep problems, by using
scientifically rigorous procedures.

5. Prospects and Uses for the Future

Wearable EEG sleep monitoring is anticipated to go from passive assessment to active intervention
in the future, with an emphasis on enhanced intelligence, seamless integration, and increased
therapeutic value.

5.1. Cloud Computing and Al Integration

Beyond Advanced artificial intelligence (Al), especially deep learning, will be the driving force
behind the next performance revolution. End-to-end deep learning architectures that automatically
extract optimal hierarchical features straight from raw EEG data will replace hand-crafted features in
future systems. One innovative example is DeepSleepNet, a model that learns transition rules between
sleep stages from raw single-channel EEG by using Bidirectional Long Short-Term Memory (Bi-
LSTM) networks and Convolutional Neural Networks (CNNSs) to extract time invariant features [21].
Next-generation systems will build on this foundation by automatically learning highly discriminative
characteristics from raw inputs using more complicated deep neural networks. It is anticipated that
this method will significantly improve overall classification accuracy and, more importantly,
performance in challenging phases like N1, which is still a recurring shortcoming in even the most
advanced models [22]. Concurrently, cloud integration will facilitate remote clinician monitoring and
the aggregation of massive datasets, while developments in edge computing will allow real-time, on-
device analysis for instant feedback. This "big data" environment will be crucial for tailoring sleep
insights and finding new digital biomarkers. To gain user trust and adhere to rules, this future
necessitates concurrent advancements in data security and privacy (for example, through federated
learning).

5.2. Implications in Home-Based and Clinical Settings

Wearable EEG technology has an extensive variety of prospective uses. These gadgets can be used
as easily accessible screening tools for sleep disorders including sleep apnea and insomnia in clinical
settings, which will lessen the workload for conventional sleep labs and cut down on patient wait
times. In addition, these devices are ideal for long-term therapy monitoring, such as tracking the
progress of patients with cognitive behavioral therapy for insomnia (CBT-I) or evaluating the effects
of novel drug treatments. Outside of clinical applications, consumers can proactively manage their
sleep health in home health scenarios. Future versions are expected to move beyond basic sleep
staging features to providing higher-value data analytics, such as identifying specific sleep apnea
events, quantifying sleep fragmentation, or deploying closed-loop systems that employ auditory
stimuli to enhance slow-wave sleep [23]. The fusion of comfort, accuracy, and intelligent analytical
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capabilities makes wearable EEG technology a core cornerstone of modern digital health and
preventive medicine.

6. Conclusion

This article reviews the important advances in wearable EEG technology in the field of sleep
monitoring. Devices such as headband, in-ear sensors and flexible patches have evolved from concept
prototypes to utilities. They can accurately record sleep structures at a level that is close to that of
PSG. By using dry electrode technology and an ergonomic design, these wearables overcome the
main limitations of PSG, enabling long-term, comfortable, and non-perceptive monitoring in the
user's natural sleeping environment. Expanding from overnight monitoring to long-term sleep pattern
analysis, this is important for clinical management of chronic sleep disorders and individualized
health insights.

The core advantage of this type of system is its excellent off-site sleep analysis capabilities, which
enable EEG signals to be objectively evaluated outside the laboratory. This is a significant
improvement over market-oriented products, such as wristbands. EEG systems can provide more
accurate, neurologically-based analysis of sleep quality. Their reliability has been verified, with
numerous studies demonstrating a high level of agreement with PSG that is near-perfect for some
sleep stages. Additionally, the ability to collect multi-night data enables new opportunities in sleep
research and personalized health tracking, including the assessment of sleep variability and the
effectiveness of interventions under real-world conditions.

However, several challenges remain. The engineering focus is still on using dry electrodes to
reliably achieve high signal quality across diverse populations and skin types. For both automated
algorithms and human scorers, accurate identification of the N1 sleep stage remains a challenging
task. In addition, long-term success also depends on ensuring user compliance and integration of these
devices into daily activities.

Looking forward, the convergence of wearable EEG with advanced artificial intelligence and
cloud-based analytics promises to be transformative. By learning straight from raw data, Al-driven
algorithms may overcome current limitations, and produce more reliable and accurate sleep staging.
Cloud connectivity will also enable large-scale data gathering for research, remote clinical monitoring,
and the delivery of personalized, actionable feedback to users. Ultimately, widespread adoption of
wearable EEG technology has the potential to democratize sleep health by changing the focus from
reactive diagnosis in sleep clinics to proactive, ongoing sleep management and optimization in daily
life.
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