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Abstract
Objective. To develop an artifact-management method suitable for low-density, dry-electrode elec-
troencephalogram (EEG) recorded from a wearable eyewear platform, enabling artifact detec-
tion, classification, and correction while avoiding unnecessary processing of clean neural activ-
ity. Approach. A gated two-stage pipeline is proposed in which a lightweight gate classifier first
identifies artifact-contaminated EEG windows and selectively triggers further processing only
when needed. The complete pipeline combines: (i) a time-domain feature-based detector, (ii) a
convolutional–recurrent network for three-class artifact discrimination (eye blinks, horizontal
eye movements, facial movements), and (iii) a U-Net-based denoising autoencoder.Main results.
Evaluated on the eyewear EEG dataset (29 subjects) using a leave-one-subject-out scheme, the gate
classifier achieved a balanced accuracy of 0.89. The artifact classifier reached a balanced accuracy
of 0.84 with a median macro-F1 of 0.83. The denoiser achieved a median normalized RMSE lower
than 0.20 and a spectral cosine similarity above 0.84. In the end-to-end evaluation, the pipeline
achieved a median normalized RMSE of 0.19 and a spectral cosine similarity of 0.89. Evaluation
on an independent external benchmark showed that the proposed pipeline maintained a slightly
lower gate detection performance (balanced accuracy 0.82) and achieved higher two-class classifi-
cation performance. The denoising performance was comparable to that obtained on the dataset
collected for this study, with absolute median differences not exceeding 0.04 for both normalized
RMSE and spectral cosine similarity. Significance. These results support the effectiveness of the
proposed approach for artifact management in wearable eyewear EEG, while maintaining a design
compatible with resource-constrained wearable implementations.

1. Introduction

Electroencephalogram (EEG) recordings are frequently contaminated by artifacts, particularly those aris-
ing from eye blinks and muscle movements, which can be orders of magnitude larger than the underly-
ing neural signals (Teplan 2002). EEG artifacts can be classified into two categories: physiological arti-
facts and non-physiological artifacts. Physiological artifacts originate from body parts near the head,
such as eyes, muscles, and heart, while non-physiological artifacts stem from environmental and equip-
ment factors (Croft and Barry 2000).

Traditional artifact removal approaches encompass several key methods. independent component
analysis (ICA) has been widely adopted, though it often requires expert intervention for component
selection (Delorme and Makeig 2004). Wavelet Transform and Empirical Mode Decomposition have
shown promise but may struggle with the dynamic nature of physiological artifacts (Islam et al 2016).
Signal space projection projects the EEG onto a subspace orthogonal to the noise direction to remove
artifacts from the original EEG (Uusitalo and Ilmoniemi 1997). It is suitable for stereotypical artifacts
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like blinks and heartbeats. A recent method in the family of regression-based denoising is artifact-
reference multivariate backward regression (ARMBR), which estimates the EOG reference and spatial
filters from the EEG itself without the need for dedicated channels (Alkhoury et al 2025).

Deep learning provides a modern framework for EEG artifact removal. Various architectures
have been explored, from convolutional neural networks to more specialized encoder–decoder and
embedding-decomposition approaches (Sun et al 2020, Yu et al 2022). One-dimensional residual con-
volutional neural networks have shown effectiveness for denoising raw time-domain waveforms, although
earlier convolutional architectures generally achieved more reliable results for ocular than for myogenic
artifacts (Zhang et al 2021). Benchmark studies have also evaluated multiple architectures, including
fully-connected networks, simple and complex CNNs, and recurrent neural networks, providing com-
prehensive comparisons for both ocular and myogenic artifact removal (Zhang et al 2021). The classifi-
cation of EEG artifacts represents another crucial challenge in EEG processing. Traditional approaches
have relied on manual expert classification or semi-automated methods using predefined features (Pion-
Tonachini et al 2019). Recent deep learning approaches have attempted to automate this process, with
CNNs showing promise in distinguishing between different artifact types (Peh et al 2022). The grow-
ing field of wearable EEG devices equipped with a limited number of dry electrodes poses an additional
challenge for existing artifact correction and classification algorithms. Compared with conventional EEG
systems, wearable EEG devices are characterized by limited spatial resolution and the use of dry elec-
trodes, which leads to suboptimal electrode-skin contact, higher impedance and signals more prone to
artifacts (Arpaia et al 2025). Several studies have addressed this challenge by developing new methods
or adapting existing ones to wearable characteristics. These approaches often rely on public datasets
recorded with gold-standard equipment and wet electrodes in clinical or laboratory settings (Zhang
et al 2021). Xing and Casson developed a deep autoencoder (DAE) for artifact correction, designed for
real-time artifact removal in single-channel EEG recordings (Xing and Casso 2024). Training was per-
formed using public datasets containing high-density, annotated EEG recordings with EOG, motion,
and EMG artifacts. The single-channel design and training on signals from different channels enabled
an architecture independent of specific montages or spatial information, making it adaptable to differ-
ent wearable use cases. Its suitability for portable, real-time processing was evaluated through deploy-
ment on a smartphone and embedded edge-computing platforms (Saleh et al 2025). Artifact correc-
tion was also addressed using a combined deep learning and adaptive filtering approach, consisting of
a CNN cascaded with LMS filtering (Nair et al 2025). This design aimed to improve robustness when
artifacts differ from the training data. The method was developed on a two-channel polysomnogra-
phy EEG dataset with annotated EOG and chin EMG artifacts, with particular attention to optimizing
the algorithms for efficient FPGA implementation. The problem of artifact detection in few-channel
EEG was addressed by Ingolfsson et al in the context of real-life epilepsy monitoring (2024). They used
four temporal channels from an annotated clinical-grade EEG dataset. Artifact detection relied on FFT
and discrete wavelet transform features, with a gradient-boosted decision tree classifying each window
and channel as artifact-affected or artifact-free. Using the dataset annotations, the same approach was
extended to 12-class artifact classification. The algorithm was also optimized for deployment on a paral-
lel ultra-low-power platform. A semi-supervised artifact detection approach combining an autoencoder
and a CNN classifier has been proposed, using a limited number of wet electrodes and an autoencoder
to learn spatial features from multichannel EEG inputs (Hermans et al 2023).

As noted above, a key difference between wearable and clinical-grade EEG is the use of dry rather
than wet electrodes. Arpaia et al proposed a hybrid artifact removal framework combining Multivariate
Empirical Mode Decomposition and Artifact Subspace Reconstruction for a four-channel dry-electrode
EEG setup (2023, 2024). Artifact detection was addressed in Grosselin et al (2019) using a two-parietal
dry-electrode system, where a machine learning classifier used time-, frequency-domain, and entropy
features from 1-second EEG windows to assign each window to one of three noise-level classes.

A specific domain of wearable EEG devices is represented by EEG-enabled eyewear designed for
health monitoring and consumer-level applications, such as the AttentivU (Kosmyna et al 2019) and
the e-Glass platform (Zanetti et al 2025). These platforms adopt dry electrodes on the temples for EEG
recording. Zanetti et al introduced e-Glass for cognitive workload monitoring and seizure detection in
non-clinical environments. In Zanetti et al (2022), they identified artifact susceptibility as the main
obstacle to wearable EEG adoption and included an artifact mitigation pipeline in their eyewear-based
cognitive workload monitoring workflow. The method targeted eye-blink correction through two steps:
artifact detection via relative energy peaks on a frontal channel (F7), followed by multi-channel correc-
tion by subtracting an artifact waveform estimated with Savitzky–Golay filtering.
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Despite these advances, state-of-the-art methods for EEG artifact detection, correction, and catego-
rization in dry-electrode, low-density, montage-constrained devices, such as smart eyewear, remain lim-
ited. Many approaches operate continuously, causing unnecessary EEG processing. Moreover, models
are often trained on standard high-density recordings with wet electrodes and conventional references,
thereby overlooking the specific characteristics of eyewear-based EEG systems. While single-channel
approaches proposed in previous works are not dependent on specific electrode montages, they dis-
regard the available, albeit limited, spatial information. Finally, the inter-subject variability specifically
introduced by eyewear setups (Palmisciano et al 2026) was not adequately addressed in prior studies.
To address these limitations, we introduce a selective artifact management paradigm tailored to wear-
able EEG constraints, in which artifact detection acts as a gating mechanism to restrict computationally
intensive processing to contaminated segments, thereby preserving clean neural activity while reducing
unnecessary processing overhead.

1.1. Work contribution
We propose a novel two-stage pipeline composed of modular and independently trained blocks designed
to: reduce computational demands, leverage montage-specific information, and incorporate validation
strategies that explicitly account for inter-subject variability. The first stage consists of a lightweight
gate classifier that uses simple time-domain features to classify each EEG window as artifact-affected or
artifact-free. The second stage comprises two independent neural networks designed for distinct pur-
poses: artifact correction (denoising) and artifact classification. The denoising network employs a UNet
architecture adapted specifically for EEG data, capable of processing individual time windows indepen-
dently to enable short window-based operation. The artifact classification network employs a classi-
fier that operates directly on the multichannel signal windows to identify the type of artifact that has
occurred. Our aim is to provide rapid artifact classification and signal-preserving artifact correction,
both critical for short-window-based processing applications where traditional methods fall short. The
proposed pipeline was trained and evaluated using data acquired with a custom EEG-enabled frame
device and a dedicated artifact elicitation protocol. The training and testing procedures were designed
to assess the influence of subject-specific characteristics on performance. In addition to eye blinks and
horizontal eye movements, the design considers facial movements that strongly affect the nose-mounted
reference electrode and therefore represent an artifact specifically related to the adopted eyewear mon-
tage. The pipeline was also tested under realistic routing decisions that consider the interaction of the
two stages. Overall, the pipeline was designed to reflect the signal characteristics and processing con-
straints of the target application in low-density, dry-electrode EEG-enabled eyewear, from the selection
of the gate features and artifact classes to the short-window operation and modular architecture.

2. Materials andmethods

In this section, we introduce the methods employed to build and validate a novel system for eyewear
EEG artifact denoising and classification. The experimental protocol for data acquisition is described
along with the architecture implementation. The collected data are used to validate our models and eval-
uate performance through established metrics.

2.1. Experimental protocol
A total of 29 subjects (age: 25.6 ± 2.1 years, 16 males) participated in the study. The study and data
acquisition were approved by Politecnico di Milano Ethical Committee (Opinion 46/2023, 18 December,
2023). The study was conducted in accordance with the Declaration of Helsinki, and all adult partici-
pants provided written informed consent to participate in this study. They were asked to sit comfort-
ably in front of a screen used to display text instructions for artifact elicitation. The protocol consisted
of four phases with different tasks. The first three phases were focused on the on-demand generation
of specific types of artifacts, eye blinking (EB), horizontal eye movements (EM), and facial movements
(FM), respectively. The considered FM can be described as nasal wrinkling, a movement of the nasal
and perinasal muscles that produces a visible wrinkling of the nasal bridge and elevates the nose. This
specific facial movement was selected as it directly affects the contact between the reference electrode
and the skin. Subjects were asked to perform voluntary eye blinks, eye movements, or facial movements
when prompted by a text appearing on the screen. A representation of the three tasks adopted to pro-
duce artifacts is reported in figure 1. Each artifact was repeated 60 times with an inter-stimulus inter-
val of 5 seconds, yielding a total of 60 EEG epochs per artifact type. After completing the artifact trials,
subjects proceeded to the fourth phase, which consisted of a 4-minute-long eyes-open (EO) eyes-closed
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Figure 1. Examples of the task performed during the experiment to generate EEG artifacts. (a) Blink. (b) Horizontal eye
movement. (c) Facial movement.

Figure 2. (a) Representation of the setup used in the experimental protocol. The blue markings indicate the position of the
electrodes on the temporal area (sensing) and on the nose (reference and bias). The eyewear prototype is also reported. (b)
Schematic representation of the artifact management pipeline. Each block is reported, as well as its output.

(EC) protocol, with EO and EC tasks lasting 2 minutes each. The total duration of the acquisition pro-
tocol was approximately 20 minutes, 5 minutes for each artifact elicitation phase and 4 minutes for the
EOEC phase, including brief rest periods between phases to prevent fatigue.

EEG signals were recorded using a custom-developed eyewear frame (Palmisciano et al 2026) adapted
to host 4 dry gold-plated spring-loaded electrodes (Brainbit, USA), in positions corresponding approxi-
mately to T3, T4, T5, and T6 positions of the 10–20 montage system figure 2(a). The reference and bias
electrodes were made of SoftPulse conductive elastomer (Datwyler, Switzerland) and placed on the nose
pads. The electrodes were connected to a Cyton OpenBCI biosensing board, recording at a sampling fre-
quency of 250 Hz. The board was attached to the back of the participant’s head with an adjustable band.
EEG recordings were synchronized with the visual triggers of the artifacts using the lab streaming layer
protocol (Kothe et al 2025).

2.2. Data preprocessing
The raw EEG signal epochs underwent specific preprocessing steps. These steps included mean subtrac-
tion and [0.5–30] Hz band-pass filtering, followed by downsampling from 250 Hz to 125 Hz. The target
EEG for the artifact correction network was obtained by applying the artifact subspace reconstruction
(ASR) algorithm (Cataldo et al 2022) to the original EEG to remove transient artifacts. The baseline
statistics to calibrate the ASR algorithm were computed on the EEG recorded during the EC phase of
the protocol. The signals were subsequently segmented into 2-second windows for input to the artifact
management pipeline. Each window was defined starting from the marker indicating the onset of the
corresponding artifact trial. The resulting windows were then inspected to identify potential signal alter-
ations due to insufficient electrode–scalp contact.
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2.3. EEG artifact management pipeline
The proposed artifact management system is designed as a three-block pipeline that operates on 2-
second EEG windows and performs (i) artifact detection, (ii) artifact classification, and (iii) artifact cor-
rection (denoising). The main design principle is to apply computationally intensive correction and clas-
sification only to artifact-affected EEG windows, while minimizing the risk of distorting physiological
activity in artifact-free data. Therefore, the pipeline adopts a gated architecture in which a lightweight
decision module controls whether further processing is executed (figure 2(b)).

2.3.1. Gate classifier
The gate classifier (GC) operates on a set of time-domain features computed channel-wise on the
incoming windows for all four available channels (Vidaurre et al 2009, Grosselin et al 2019). The fol-
lowing features were selected from those adopted in the literature for artifact detection (Kauppila et al
2018) and were chosen to have low complexity and to be suitable for fast computation:

• maximum variance-normalized sum of absolute differences, computed separately on non-overlapping
500 ms and 1000 ms sub-windows (yielding two distinct features at different time scales)

• maximum amplitude range on 500 ms non-overlapping sub-windows

• average skewness, on 500 ms non-overlapping sub-windows

• kurtosis, on entire window

• zero-crossing rate, on entire window

• Hjorth parameters (activity, mobility, and complexity), on the entire window.

Three model families were considered for the GC: logistic regression (LR), linear support vector machine
classifier (SVM), and random forest (RF). All the candidate models are lightweight and allow fast infer-
ence, potentially even in the case of embedded deployment.

2.3.2. Artifact classifier
The artifact classifier was implemented as a three-class, signal-based network that operates on artifact-
contaminated windows and discriminates between eye blinks, horizontal eye movements, and facial-
movement (nose-wrinkle–induced reference transients) artifacts. Each input consisted of a preprocessed
2-second window, which was further normalized using z-scoring before being fed to the network. The
front-end follows a VGG-inspired feature extractor (Simonyan and Zisserman 2015) composed of four
sequential convolutional blocks using 1-D kernels with ReLU activations and interleaved max-pooling,
progressively increasing the number of feature maps from 32 to 256 while reducing the temporal resolu-
tion to form compact, hierarchical representations. The resulting tensor is permuted to a time-major for-
mat and processed by a stack of three bidirectional LSTM layers to capture long-range temporal depen-
dencies and bidirectional context typical of nonstationary artifact dynamics. The recurrent output is then
permuted back and aggregated by adaptive global average pooling to obtain a fixed-length embedding
independent of the input window length. Finally, a fully connected classifier with progressively expand-
ing hidden dimensions, ReLU nonlinearities, and dropout (p= 0.2) maps the pooled representation to
three output logits.

2.3.3. Denoiser
A modified version of the IC-U-Net (Farabbi et al 2025), a specific deep denoising autoencoder already
described in the literature (Chuang et al 2022), was used in this study. A deep denoising autoencoder
is a specific neural network designed to map artifact-affected inputs, y, to their reconstructed outputs,
yd, via encoding and decoding processes. This enables the network to approximate the clean target sig-
nals. The objective function, L, is a reconstruction loss function minimizing the disparity between the
clean targets and the outputs of the network. In this study, the proposed network consists of n paral-
lel input channels, where n represents the number of EEG signals recorded from the n channels under
examination. In the encoder, each input EEG channel is processed independently by a dedicated branch
operating in its own latent space. This design enables the extraction of channel-specific feature represen-
tations. The encoders subsequently feed into a shared bottleneck, followed by a unified decoder. The
model input is a three-dimensional tensor (batch-size, window-length, channel-number). The model
provides n distinct outputs, corresponding to each channel of denoised EEG signals for each channel.

Ensemble loss function The denoising network was trained using a composite loss function combining
point-wise reconstruction error with temporal and spectral similarity terms. Similar multi-component
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objectives, integrating time- and frequency-domain criteria, have previously been employed for EEG
denoising (Chuang et al 2022). In this study, the loss function was formulated to promote sample-wise
reconstruction accuracy together with waveform similarity, preservation of local temporal dynamics,
and spectral-shape consistency between the denoised and target signals. The composite loss consisted of
four terms:

1. Mean squared error (MSE), defined as:

MSE=
1

N

N∑
i=1

(yd,i − yt,i)
2 (1)

where yt,i is the ASR-derived target and yd,i is the denoiser-predicted sample of the signal at instant i,
and N is the number of samples in the window. This term penalizes pointwise differences between the
predicted and target signals.

2. Correlation penalty (Lcorr):

Lcorr = 1−
∑

i (yt,i − ȳt)(yd,i − ȳd)√∑
i (yt,i − ȳt)

2∑
i (yd,i − ȳd)

2
(2)

This term penalizes differences in the overall waveform structure independently of their absolute scale.

3. Temporal loss (Ltemp): to capture temporal dynamics, the difference between the temporal derivatives
of the ground-truth signal and predicted signals is considered:

Ltemp =
1

N− 1

N−1∑
i=1

∣∣∣(yt,i+1 − yt,i)− (yd,i+1 − yd,i)
∣∣∣ (3)

This term compares the first-order temporal differences of the target and predicted signals and penal-
izes discrepancies in their local temporal dynamics.

4. Spectral similarity loss (Lss):

Lspectral =
1

F

F∑
k=1

(
|Yt,k|∑
|Yt,k|

− |Yd,k|∑
|Yd,k|

)2

(4)

where Yt,k and Yd,k represent the spectral coefficients of the target signal and of the denoised signal,
respectively. The normalized spectral magnitudes are compared to reduce differences in the relative
distribution of signal energy across frequencies.

The total training objective was obtained as the weighted sum of the four components:

Ltot = α ·MSE+β · Lcorr + γ · Ltemp + δ · Lspectral (5)

where α, β, γ, and δ determine the relative contribution of the individual terms.

2.3.4. Training strategy
The three blocks of the pipeline were trained independently. The subject-level dataset split and the
leave-one-subject-out (LOSO) validation scheme ensured that data leakage was avoided during train-
ing (Brookshire et al 2024).

Gate classifier The obtained dataset was split at the subject level into two separate subsets: a develop-
ment set (5 subjects) for hyperparameter tuning and an evaluation set (24 subjects) for the following
training and testing of the model. This dataset split was adopted to prevent any possible subject-level
data leakage. Hyperparameter tuning was performed on the development set using the LOSO cross-
validation scheme. This strategy is particularly relevant for wearable-EEG applications, as the subject-
specific signal characteristic of the application may introduce selection bias and adversely affect the gen-
eralizability of the model. Preprocessing, such as feature normalization and class weight computation,
was performed using only the training subjects of each fold.
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Artifact classifier The artifact classifier was trained and tested using a LOSO scheme, applied to all the
subjects in the dataset. All convolutional and linear layers were initialized with HeNormal (He et al 2015)
initialization, which is particularly suited for deep networks with ReLU activation functions.

Denoiser The denoiser was trained and evaluated using a LOSO scheme across all subjects in the
dataset. The target signals for training were obtained by cleaning the input signals with the ASR algo-
rithm. To mitigate overfitting and enhance network robustness, multiple regularization strategies were
adopted. In particular, dropout layers were introduced after each convolutional block, and L2 regular-
ization was applied to constrain weight magnitudes and promote smoother optimization dynamics. The
loss weights were set as follows: α= 0.4, β = 0.35, γ = 0.20, δ = 0.05.

2.3.5. Performance evaluation
Performance evaluation was performed independently for each of the three pipeline components, as
well as for the complete end-to-end pipeline. The inference time for the models was estimated on a
consumer-level laptop equipped with an Intel Core i7 CPU and 64 GB of RAM. Measurements were per-
formed on a per-window basis using CPU execution only.

Gate classifier The performance of the gate classifier was evaluated using standard classification metrics,
namely balanced accuracy, precision, and recall, computed on a per-subject and per-artifact-type basis.
The operating behavior of the selected gate classifier was characterized with a post-hoc threshold analy-
sis using the predictions generated within the LOSO evaluation scheme. The ROC curve was computed
by pooling the out-of-subject predictions from all LOSO folds. The classifier decision threshold was then
varied over the interval [0, 1], and threshold-dependent metrics were computed separately for each sub-
ject. Residual artifact leakage was quantified as the false-negative rate of the artifact class

FNR=
FN

TP+ FN
(6)

representing the proportion of artifact-contaminated windows incorrectly routed through the artifact-free
path. The predicted positive rate

PPR=
TP+ FP

N
(7)

was used as a proxy for denoising load, as it corresponds to the fraction of windows routed to the
denoising network. For each threshold, both metrics were summarized across subjects using the median
and interquartile range, thereby preserving subject-level variability while quantifying the trade-off
between reducing residual artifact leakage and increasing the computational burden of the denoising
stage.

Artifact classifier The artifact type classifier was evaluated using classification metrics, including overall
and class-wise precision, recall, and F1-score, to assess both the overall performance and the ability to
discriminate between eye blinks, horizontal eye movements, and facial movements.

Denoiser The denoising quality was evaluated using time- and frequency-domain metrics computed
between the denoiser output yd and the target signal yt over each window. The metrics are defined as
follows:

• range-normalized RMSE (nRMSE): the root-mean-square error between the target yt and the
denoised output yd is normalized by the peak-to-peak amplitude of the target window to obtain a
scale-invariant error measure;

• spectral cosine similarity: the spectral cosine similarity was computed between yt and yd L1-
normalized magnitude spectra. This metric assesses the agreement between the spectral profiles of the
target and the denoised outputs, with an emphasis on the shape of the spectra rather than absolute
scale;

• log-distance of normalized PSD: the PSDs of yt and yd were computed and normalized by broadband
power in the 0.5–30 Hz range. Then, the distance between the log10-PSD was computed in the 0.5–
30 Hz range

LSD=

√√√√ 1

K

K∑
k=1

(10 log10 (Pd [k])− 10 log10 (Pt [k]))
2 (8)
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where Pd and Pt are the normalized PSDs of the denoised output and target, respectively.

The contribution of the temporal and spectral components was examined through an ablation analysis,
comparing MSE alone, MSE with correlation penalty and temporal loss terms, MSE with the spectral
term, and the complete loss.

Complete pipeline The full pipeline was evaluated in an end-to-end setting in which the predicted out-
put of the gate classifier determines whether an EEG window is routed to the correction and classifica-
tion branch. This protocol reflects the intended deployment behavior and provides a realistic estimate of
the correction quality achievable by the complete system. The end-to-end evaluation of the artifact man-
agement pipeline was conducted with the LOSO scheme in accordance with the assessment of the sin-
gle blocks. The subject-level split was maintained for all the parts to prevent data leakage. The windows
presented to the input of the pipeline are all extracted from the EEG recorded in the artifact elicitation
phases. The artifact-free windows included in each LOSO fold validation set are extracted from clean
segments of the EEG and preprocessed as described in 2.2. The gate classifier was applied to each EEG
window to detect artifact-affected and artifact-free windows. The artifact type classification performance
was evaluated with multiclass classification metrics. The denoiser evaluation was performed by applying
the denoiser to all windows, independently of the gate decision. The resulting metrics (nRMSE and spec-
tral cosine similarity) were subsequently stratified according to the gate outcome. This analysis was used
to characterize denoiser performance on the different subsets identified by the gate, including erroneous
routing conditions.

2.4. Architecture assessment on an external dataset
The proposed architecture was further evaluated on an independent public benchmark, the EEG eye arti-
fact dataset (EEAD) (Kobler et al 2021), considering 24 subjects from two studies included in the dataset.
The EEAD comprises EEG recorded with conventional high-density EEG caps in a laboratory environ-
ment. The EEAD studies focused on blink, horizontal eye movement, and vertical eye movement arti-
facts. To ensure consistency with the artifact types considered in this work, only blink and horizontal
eye movement artifacts were included in the comparison. Furthermore, four channels located in posi-
tions comparable to those of the EEG-enabled eyewear prototype (namely FT7, T7, FT8, T8) among
those available in the dataset were used for the artifact management pipeline assessment. The same pre-
processing and target extraction procedures, as well as the LOSO validation scheme, were used for the
wearable dataset and applied to the external data in order to ensure methodological consistency. Because
direct transfer of EEG models across datasets is known to be difficult (dataset shift problem), the mod-
els were retrained on the external dataset. In machine learning EEG applications, cross-dataset variability
can markedly weaken the generalization ability of models, due to signal non-stationarity and to differ-
ences in instrumentation, electrode placement, contact impedance, and recording environment across
datasets (Jayaram and Barachant 2018, Apicella et al 2024). Consequently, this experiment should be
interpreted as an assessment of the proposed architecture on a different EEG domain.

2.5. Denoiser assessment on semi-synthetic data
Semi-synthetic contaminated EEG windows were generated using a procedure based on
EEGDenoiseNet (Zhang et al 2021), while deriving artifact signals directly from the wearable EEG
recordings. For each subject and artifact type, artifact-affected windows were aligned at the center of
the window and combined using a channel-wise median. The resulting multichannel templates were then
smoothed using a Savitzky–Golay filter to reduce residual EEG fluctuations while preserving the artifact
morphology. This subject-level extraction preserved differences in artifact amplitude and spatial distribu-
tion across participants. Each artifact template n was added to a clean EEG window x according to

y= x+λn (9)

where y is the semi-synthetic contaminated window and λ controls the artifact strength. For each sub-
ject and artifact type, λ was selected to reproduce the corresponding median empirical SNR (computed
between artifact template and clean windows), as well as two additional contamination levels at −3 and
+3 dB relative to the median. The semi-synthetic data were used only for testing. The network trained
on the original real-data training subjects was kept fixed and applied to semi-synthetic windows gener-
ated from clean recordings using the same LOSO scheme as in the previous evaluations. Denoising per-
formance was assessed by comparing the network output with the original clean window on denoising
metrics. The semi-synthetic dataset was also used to compare the network output with a no-processing

8



Physiol. Meas. 47 (2026) 095010 A C Palmisciano et al

Figure 3. Distributions of peak-to-peak amplitudes in artifact windows (amplitude is reported on a log-scale). The median
amplitude of the facial movement (FM) artifacts is approximately 20 times larger than that observed for eye blinks and eye
movements.

reference by comparing the semi-synthetic contaminated inputs with the corresponding clean windows
using the same metrics.

2.6. Comparison with deep-learning denoising methods
The proposed denoising method, a modified IC-U-Net architecture, was compared with
DeepSeparator (Yu et al 2022) and Novel CNN (Zhang et al 2021). These architectures were selected
because their native single-channel input allows channel-wise retraining and inference, thereby enabling
their application to the four-channel eyewear EEG configuration. Both comparison networks were
retrained on the eyewear EEG dataset using the same LOSO scheme adopted for the modified IC-U-Net.
Since DeepSeparator and Novel CNN operate on single-channel inputs, each of the four EEG channels
was treated as an independent training example and processed separately during inference, using shared
model weights across channels. Their denoising performance was evaluated on the same test windows
used for the modified IC-U-Net.

3. Results

This section reports the performance of the proposed artifact-management pipeline under the LOSO
evaluation protocol to detect, classify, and correct the three artifact types considered: eye blinks, hori-
zontal eye movements, and facial movements. First, it should be noted that the FM artifact exhibits an
amplitude approximately 20 times larger than EB and EM, as it is clearly shown by the peak-to-peak
amplitude distributions (figure 3) and by the example signals reported in figure 4. The gate classifier
is assessed in terms of its ability to detect artifact-contaminated windows and to support selective pro-
cessing. Then, the performance of the artifact type classifier in discriminating among the three artifact
classes is reported. The denoiser signal reconstruction performance is quantified, reporting results per
channel and artifact type, aggregated across LOSO folds. Finally, the results of the end-to-end pipeline
evaluation, the external dataset evaluation, the semi-synthetic dataset evaluation, and the comparison
with baseline models are presented.

3.1. Gate classifier
The balanced accuracy (BA) obtained with the three evaluated model families, LR, SVM, and RF, is
reported in figure 5 for each held-out subject in the LOSO scheme. A BA> 0.8 can be observed for the
majority of subjects. Table 1 summarizes the gate classifier performance across all subjects, reported as
median and quartiles over LOSO folds. For each model family, balanced accuracy, precision, and recall
for the artifact class are reported. The RF achieved higher scores and slightly lower variability than LR
and SVM on balanced accuracy and precision, with a recall slightly lower than LR but higher than SVM.
The better performance of the RF classifier was confirmed by statistical analysis on the balanced accu-
racy achieved across subjects. The Friedman test confirmed the presence of significant differences among
the three classifiers at a 0.05 significance level (p= 0.002). The Wilcoxon test with Holm correction was
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Figure 4. Example of one window per type of artifact (EB: eye blink, EM: horizontal eye movement, FM: facial movement) across
the four channels of the setup. Artifact-affected, target, and denoised signals for the window are reported.

Figure 5. Balanced accuracies reported by subject across all subjects of the LOSO validation and for the three classifier families:
logistic regression (LR), linear SVM, and RF. The classifiers reach a balanced accuracy of 0.8 (black dashed line) and above for the
majority of the subjects.

Table 1. Gate classification metrics across subjects reported as median and
quartiles.

Classifier Balanced accuracy Precision Recall

LR 0.86 [0.80, 0.92] 0.90 [0.82, 0.96] 0.94 [0.77, 0.99]

SVM 0.85 [0.81, 0.93] 0.89 [0.83, 0.94] 0.92 [0.76, 0.99]

RF 0.89 [0.82, 0.94] 0.93 [0.87, 0.97] 0.93 [0.78, 0.98]

used for pairwise comparisons of the classifiers, showing significant differences at 0.05 significance level
for RF compared to LR (p= 0.004) and SVM (p= 0.006). The performance breakdown by artifact type
(figure 6) indicates that eye blink windows are the most difficult to identify as artifact-contaminated,
with large variability across subjects, whereas facial movement windows are the most easily separable
across all subjects. Among the evaluated models, the RF classifier provides the best performance across
all artifact types. The execution time of this block was estimated per processed window as 7± 1 ms
(mean ± standard deviation).
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Figure 6. Gate classification metrics reported per artifact type. (a) Balanced accuracy. (b) Precision. (c) Recall.

Figure 7. Threshold analysis on the gate classifier. (a) ROC curve for the random forest classifier. (b) Operating point analysis
with false negative rate (FNR) and positive predicted rate (PPR) curves as a function of the gate threshold.

3.1.1. Gate threshold analysis
The pooled ROC curve obtained from the held-out LOSO predictions showed that the RF classifier
achieved good separation between clean and artifact-contaminated windows (figure 7(a)). At the default
decision threshold of τ = 0.5, the operating point corresponded to a true-positive rate of 0.88 and a
false-positive rate of 0.11. The threshold analysis further characterized the trade-off between residual
artifact leakage (FNR) and denoising workload. At τ = 0.5, the median artifact false-negative rate across
subjects was below 0.1, while approximately half of the input windows were routed to the denoising net-
work. The interquartile ranges indicated subject-dependent variability in both quantities, which becomes
more pronounced at higher thresholds. Overall, the default threshold provides a favorable operating
point, maintaining a low residual artifact rate without routing all windows to the denoising stage.

3.2. Artifact type classifier
Artifact type classifier performance is reported under the LOSO validation protocol for the three artifact
types. Table 2 reports the confusion matrix aggregated across all LOSO folds (i.e. pooled predictions over
all held-out subjects) for the three-class discrimination problem. Table 3 reports the overall balanced
accuracy and F1-score, as well as the class-wise precision, recall, and F1-score. Metrics are computed for
each subject separately and then aggregated. The balanced accuracy achieved a median of 0.84, with first
and third quartiles of 0.68 and 0.92, respectively, highlighting a strong dependence on the considered
subject. The artifact type classifier achieved higher and less dispersed classification scores for the facial
movement artifacts (median F1-score 0.91). The classification of ocular artifacts yielded lower (median
F1-score EB: 0.80, EM: 0.87) and more dispersed performance across subjects. The inference time of this
block was estimated to be 10± 2 ms (mean ± standard deviation), providing a practical indication of its
computational cost.

3.3. Denoiser
The denoiser output yd is evaluated against the target yt using the metrics defined in section 2.3.5.
Results are summarized per artifact type (EB, EM, FM) and per channel. The distribution of range-
normalized RMSE (nRMSE) is reported in figure 8(a). All the groups show similar medians (< 0.19
for EB, ⩽0.20 for EM, and ⩽0.18 for FM) and dispersion. Figure 8(b) reports the distribution of spec-
tral cosine similarity with similar medians for EB (> 0.90) and EM (> 0.87), and slightly lower median
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Table 2. Confusion matrix reporting the classification predictions of
the artifact classifier. The classification shows a high ability to
distinguish between facial movements (FM) and ocular artifacts, but a
lower capacity to separate eye blinks (EB) from eye movements (EM).
The numbers of correctly classified EEG windows are shown in bold.

Predicted label

EB EM FM

True label EB 1121 264 46

EM 235 1312 40

FM 128 236 1362

Table 3. Per-class and overall performance (LOSO) of the artifact type
classifier, with median and quartiles across subjects.

Class Precision Recall F1-score

EB 0.88 [0.63, 0.97] 0.84 [0.72, 0.91] 0.80 [0.68, 0.91]

EM 0.81 [0.67, 0.93] 0.93 [0.81, 0.98] 0.87 [0.65, 0.93]

FM 0.97 [0.91, 0.99] 0.93 [0.62, 0.98] 0.91 [0.75, 0.97]

Balanced accuracy Macro-F1

Overall 0.84 [0.68, 0.92] 0.83 [0.62, 0.91]

and more dispersed values for FM (> 0.84). The log-spectral distance shows the distance between the
broadband-normalized PSD between yd and yt (figure 8(c)). While the median LSD remains close across
channels for EB (< 2.3) and EM (< 2.4), the FM artifact type has much higher medians (> 3.54) and
dispersion. The loss ablation study was conducted on a subset of 15 subjects. No statistically significant
differences were found among the loss configurations for either nRMSE or spectral cosine similarity. The
observed variations were small and did not indicate a consistent advantage of the composite loss over
MSE alone. The inference time of this block was estimated to be 29± 10 ms (mean ± standard devia-
tion).

3.4. Complete pipeline
The RF model was selected as the gate classifier in this evaluation for its greater ability to separate
artifact-affected and artifact-free EEG windows. Table 4 reports the nRMSE and spectral cosine simi-
larity metrics computed by applying the denoiser to all EEG windows, stratified according to the gate
classification outcome (TP: true positives; FP: false positives; FN: false negatives; TN: true negatives). The
results show similar reconstruction metrics in the time and frequency domains across all gate-outcome
groups, including both windows that would be passed to the denoising branch during pipeline operation
(TP and FP) and those that would bypass it (FN and TN).

Regarding classification metrics for the artifact classifier evaluated in the complete pipeline, the con-
fusion matrix in table 5 shows the overall classification, including the GC classification (clean class). The
metrics are reported in table 6. The lowest classification metrics are obtained for the EB class, with the
presence of artifact-free windows among those routed to the classification network substantially affecting
the overall classification performance.

3.5. Architecture assessment on an external dataset
The three blocks of the artifact management pipeline were evaluated on an external dataset as described
in 2.4. For the GC, the best-performing artifact detector on the external dataset was the RF, with a
median balanced accuracy of 0.82, with first and third quartiles of 0.77 and 0.87, respectively, achieving
a lower artifact detection performance result than with the eyewear EEG dataset (0.89 [0.82, 0.94], cfr.
Table 1). The artifact classification and denoising metrics are reported for the EB and EM classes, which
are included in both datasets. The artifact classifier obtained the following metrics on the EEAD for EB
class: precision 0.98 [0.95, 1], recall 0.98 [0.96, 1], and F1-score 0.99 [0.97, 1]; for EM class, the results
were: precision 0.99 [0.96, 1], recall 0.99 [0.97, 1], and F1-score 0.98 [0.97, 1]. The results obtained on
the external dataset were remarkably higher and less dispersed across subjects than those obtained on the
eyewear EEG (cfr. Table 3). Regarding the denoiser, it obtained across channels nRMSE of 0.17 [0.14,
0.20] for EB and 0.15 [0.13, 0.17] for EM, spectral cosine similarity of 0.89 [0.82, 0.94] on EB and of
0.91 [0.87, 0.94] on EM, and log-spectral distance of 1.23 [0.98, 1.57] on EB and of 0.97 [0.76, 1.24].
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Figure 8. Distributions of the signal reconstruction metrics computed between the denoiser’s output and the target, aggre-
gated by type of artifact (EB, EM, FM) and by channel: (a) range-normalized RMSE (nRMSE); (b) spectral cosine similarity;
(c) log-spectral distance (LSD).

Table 4. Signal reconstruction metrics obtained by the denoiser.
Normalized RMSE and spectral cosine similarity are reported as
median [first quartile, third quartile], stratified by correct and incorrect
gate classifications (TP: true positives; FP: false positives; FN: false
negatives; TN: true negatives).

nRMSE Spectral cosine similarity

Overall 0.19 [0.17, 0.21] 0.89 [0.81, 0.94]

TP 0.19 [0.17, 0.21] 0.88 [0.81, 0.94]

FP 0.20 [0.18, 0.22] 0.87 [0.81, 0.93]

FN 0.19 [0.17, 0.21] 0.92 [0.85, 0.97]

TN 0.20 [0.18, 0.23] 0.89 [0.81, 0.93]

The corresponding values on the eyewear EEG dataset were: nRMSE of 0.19 [0.17, 0.21] for EB and 0.19
[0.18, 0.21] for EM, spectral cosine similarity of 0.92 [0.85, 0.97] on EB and of 0.90 [0.83, 0.95] on EM,
and log-spectral distance of 2.34 [2.02, 2.65] on EB and of 2.36 [1.96, 2.75]. The comparison of denois-
ing performance shows similar overall results in terms of nRMSE and spectral cosine similarity, with a
marked improvement observed particularly for EM artifacts.

3.6. Denoiser assessment on semi-synthetic data
The models trained on real data acquired with eyewear EEG were then evaluated on semi-synthetic
signals. The denoising performance across the three types of artifact in terms of nRMSE and spectral
cosine similarity is reported in table 7. As a no-processing reference, the semi-synthetic contaminated
inputs were also compared directly with the corresponding clean signals. At the empirical SNR levels,
the unprocessed signals showed median nRMSE values of 0.27, 0.44, and 10.27 for EB, EM, and FM,
respectively, compared with 0.19, 0.19, and 0.20 after denoising. The corresponding median spectral
cosine similarities increased from 0.88, 0.83, and 0.75 for the unprocessed signals to 0.90, 0.88, and
0.78 after denoising. Although the denoised nRMSE values were comparable across artifact types, the
no-processing reference indicates substantially different initial contamination levels, with the largest

13



Physiol. Meas. 47 (2026) 095010 A C Palmisciano et al

Table 5. Confusion matrix of the complete pipeline, reporting the
combined predictions of the gate classifier and the artifact classifier.
The predictions are reported pooled for all subjects in the LOSO
validation. The numbers of correctly classified EEG windows are shown in bold.

Predicted label

clean EB EM FM

True label clean 2767 146 49 135

EB 273 717 191 32

EM 136 137 1005 27

FM 81 96 148 1104

Table 6. Classification metrics for the overall pipeline, reported as median
across subjects, considering the artifact-free class (clean) selected by the GC,
and the artifact types detected by the classification branch.

Overall

Macro-F1 0.76

Balanced accuracy 0.76

Clean EB EM FM

F1 0.87 0.62 0.79 0.88

Recall 0.91 0.60 0.89 0.92

Table 7. Denoising metrics obtained on the semi-synthetic dataset at
empirical-based SNR levels.

nRMSE Spectral cosine similarity

EB 0.19 [0.17, 0.20] 0.90 [0.85, 0.93]

EM 0.19 [0.18, 0.21] 0.88 [0.82, 0.92]

FM 0.20 [0.18, 0.21] 0.78 [0.72, 0.84]

difference observed for FM. The semi-synthetic evaluation confirms the results obtained on real contam-
inated EEG, with comparable post-denoising nRMSE across artifact types despite their different unpro-
cessed baseline values, but with a drop in spectral cosine similarity for FM artifacts. These results sup-
port the ability of the network to generalize beyond the ASR-derived training targets. The lower perfor-
mance observed for FM in the spectral metric indicates an artifact-specific limitation, suggesting either
reduced robustness to its spectral characteristics or a larger discrepancy between the semi-synthetic tem-
plate and naturally occurring artifacts. Overall, the results support the validity of the original evaluation
while highlighting that denoising effectiveness depends on artifact morphology.

3.7. Comparison with deep-learning denoising methods
The proposed modified IC-U-Net was compared with two deep-learning methods for EEG denois-
ing, namely DeepSeparator and Novel CNN. The results of the comparison presented in figure 9 show
that the modified IC-U-Net achieved nRMSE values comparable to those of Novel CNN, whereas
DeepSeparator obtained the lowest median nRMSE for EB and EM artifacts, with values of 0.16 and
0.19, respectively, although its results were more dispersed for EB. Novel CNN achieved the lowest
median nRMSE for FM artifacts, with a value of 0.19. In contrast, the modified IC-U-Net consistently
provided the highest spectral cosine similarity across all artifact types, reaching median values of 0.94 for
EB, 0.94 for EM, and 0.84 for FM. Overall, the comparison indicates that the modified IC-U-Net bet-
ter preserved the spectral characteristics of the signals, while the single-channel comparison methods
achieved slightly lower time-domain reconstruction errors for some artifact types.

4. Discussion

The proposed pipeline demonstrates that selective artifact management under wearable EEG constraints
is a viable strategy to balance artifact suppression, signal preservation, and computational efficiency in
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Figure 9. Distributions of the signal reconstruction metrics computed between the denoiser’s output and the target for the modi-
fied IC-U-Net and two comparison models, DeepSeparator and Novel CNN: (a) range-normalized RMSE (nRMSE); (b) spectral
cosine similarity.

low-density configurations. Across the LOSO folds, the gate classifier exhibited inter-subject variabil-
ity in balanced accuracy (figure 5), with a dispersion that was consistent across the three model fami-
lies. Despite this variability, the overall performance summarized in table 1 indicates that a lightweight,
feature-based classifier is sufficient to support the gating stage, yielding aggregated median balanced
accuracy greater than 0.85 and median artifact-class precision and recall greater than 0.90 across model
families. The detection accuracy achieved by the gate classifier is slightly lower than the accuracies of
90% and 93% reached by Grosselin et al and Ingolfsson et al respectively (2019, 2024). Among the tested
models, the RF achieved the highest balanced accuracy. This outcome is consistent with the ability of
this classifier to capture nonlinear relationships and feature interactions that may not be represented
by linear decision boundaries. The logistic regression and linear SVM provided lower but comparable
performance, indicating that the classification problem is effectively captured by the selected feature set.
The threshold analysis (figure 7) showed that the gate operating point can be adjusted according to the
application requirements. The default threshold of 0.5 provided a suitable compromise between residual
artifact leakage and computational workload. Nevertheless, the observed inter-subject variability suggests
that subject-specific threshold optimization could further improve performance. The favorable results for
this stage obtained with time-domain features and lightweight classifiers are promising for the integra-
tion of this approach into a short window-based embedded pipeline.

The artifact type classifier showed marked variability across held-out subjects. The aggregated confu-
sion matrix (table 2) indicates that facial movements were better distinguished from ocular artifacts (EB
and EM), whereas confusions were primarily concentrated between eye blinks and horizontal eye move-
ments. This pattern is reflected by the class-wise metrics distributions in table 3, where FM achieved
higher and more concentrated values, while EB and EM exhibited comparatively lower and more dis-
persed precision, recall, and F1-scores.

The relative ease of separating FM from ocular artifacts is consistent with the distinct temporal mor-
phology and amplitude characteristics typically associated with facial muscle activity in the considered
wearable montage, as the reference electrode is directly and highly impacted by this type of artifact. In
contrast, EB and EM share overlapping spectral and temporal signatures in short windows, which can
reduce separability when only a limited number of channels is available (Plöchl et al 2012).

Artifact correction results indicate that the artifact correction network reduces the artifact effect
as quantified by both range-normalized RMSE and spectral cosine similarity computed between the
denoiser output and ASR-obtained target figures 8(a) and (b). The nRMSE distributions across chan-
nels and artifact categories show moderate agreement with the target in the time domain. Spectral
cosine similarity, however, indicates a good preservation of the spectral profile after correction with
respect to the target. Differences across artifact types are slightly visible in the frequency domain, with
lower median cosine similarity and larger dispersion for FM artifacts. The results are in line with those
obtained by Xing and Casso with a denoising autoencoder (nRMSE 0.52 and 0.60 on EOG and EMG
artifacts, respectively) (2024), and by Arpaia et al (median nRMSE 0.3 and 0.46 for ocular and blink
artifacts) (2023). The log10 distance of PSD (LSD) was treated as a secondary indicator. In the present
formulation, the artifact correction network’s loss does not optimize explicitly for power reconstruction;
rather, it includes a term for spectral shape similarity. Under these conditions, LSD is expected to be
more sensitive to residual mismatches in broadband power and localized spectral deviations. The largest
LSD values were observed for FM (medians across channels greater than 3.5) relative to EB and EM
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(medians across channels lower than 2.4). This trend is consistent with the stronger disruption induced
by FM artifacts in the adopted wearable configuration, where large-amplitude peaks can dominate short
windows and alter the estimated spectra more substantially. Additional analyses are required to disam-
biguate whether elevated LSD in FM is primarily driven by incomplete suppression, ASR target limi-
tations, or by montage-specific artifact effects (reference electrode on the nose pad). The results of the
ablation analysis on the loss suggest that, under the evaluated conditions, the additional loss terms had
a limited measurable influence on denoising performance. The evaluation of the complete pipeline con-
siders the behavior of the three blocks working together in the intended usage scenario. The results sug-
gest that the gated pipeline does not introduce large reconstruction errors in any gate-outcome group.
The classification is, as expected, more affected due to the presence of artifact-free windows, which are
mainly classified as eye blinks. This specific misclassification can be explained by the low amplitude of
the eye blinks at the temporal level. Even though the amplitudes are similar to those observed for hori-
zontal eye movements, for these latter artifacts, the artifact classifier can exploit the asymmetries in the
signals recorded from the two sides of the head (cfr. Figure 3). The results of the assessment of the arti-
fact management pipeline on the EEG eye artifact public dataset did not show a uniform increase or
decrease in performance across pipeline stages, reflecting stage-specific challenges. The slightly lower
artifact detection performance observed on the external dataset suggests a better alignment between
the adopted statistics-based time domain features and the characteristics of the eyewear EEG domain.
This is consistent with the domain shift problem in EEG models (Apicella et al 2024). The slightly better
nRMSE results on the external dataset likely reflect a more favorable setup for denoising in the external
dataset. In particular, the external recordings involved a narrower and more stereotyped set of artifact
cases. Regarding the artifact-type classification, the markedly higher performance on the external dataset
was expected, since the external benchmark involved only two artifact classes with more distinct wave-
form characteristics, whereas the wearable dataset included three classes and less-separable waveform
shapes for EB and EM, due to fundamental differences in montage and reference. These findings suggest
that the relative difficulty of the individual pipeline stages depends strongly on dataset-specific factors,
including acquisition setup, artifact taxonomy, and class separability.

The semi-synthetic evaluation provides additional evidence that the denoiser can generalize beyond
the ASR-derived training targets. However, this evaluation should take into account that assessment
using a semi-synthetic dataset represents a partial domain shift and that the injected artifacts only
approximate the complexity of naturally occurring contamination. The comparison with the unprocessed
semi-synthetic signals further supports the effectiveness of the denoiser, showing improvements especially
in nRMSE for the more strongly contaminated EM and FM signals. The lower spectral cosine similarity
observed for FM supports the hypothesis that this artifact type presents greater challenges for preserving
the spectral characteristics of the EEG signal during denoising. Future work should therefore investigate
more realistic models of contamination and evaluate whether artifact-specific training or augmentation
strategies can improve spectral reconstruction.

The comparison of the modified IC-U-Net with DeepSeparator and Novel CNN denoising models
shows that, in the eyewear EEG domain, the modified IC-U-Net consistently achieved the highest spec-
tral cosine similarity across all artifact types, indicating better preservation of the spectral profile, while
the comparison models achieved slightly lower median nRMSE for some artifact classes. Therefore, the
main advantage of the proposed denoiser lies in the spectral preservation while maintaining broadly
comparable, although not consistently higher, time-domain reconstruction accuracy.

Although the proposed method for artifact management was evaluated in an offline setting, the spe-
cific use case of consumer-level EEG-enabled eyewear and the general evolution of edge-AI hardware
clearly suggest wearable deployment as a relevant future development direction. There is growing inter-
est in moving AI inference to wearable devices, particularly to reduce latency, limit data transmission,
and improve privacy (Diab and Rodriguez-Villegas 2022). TinyML optimization strategies and dedi-
cated biomedical benchmarks further support the deployment of machine- and deep-learning models on
constrained devices (Samakovlis et al 2025). The GAP9 (GreenWaves Technologies), MAX78000 (Analog
Devices), Apollo510 (Ambiq), STM32N6 series (STMicroelectronics), MCX N series (NXP), and RA8D1
(Renesas) are examples of recent embedded-AI platforms, which illustrate the growing availability of
microcontroller- or system-on-a-chip-class devices with DSP extensions or neural accelerators.

In conclusion, a central challenge arises from adapting an artifact correction network originally
designed for higher-density recordings to a low-density wearable setup with four temporal channels
and nose referencing. The reduced spatial resolution limits the availability of redundancy and spatial
cues, and the reference configuration can amplify certain artifact components, especially for facial move-
ments. These constraints may affect both artifact separability (EB versus EM) and correction stability
across subjects. The overall performance reliability of the pipeline could also benefit from the inclusion

16



Physiol. Meas. 47 (2026) 095010 A C Palmisciano et al

of a probability-weighted gate classifier instead of the proposed hard-threshold one. A viable practical
direction for improving robustness is the inclusion of a short subject-specific calibration phase, which
is a common step in many wearable devices. A brief calibration session could be used to record subject-
specific artifacts and estimate scaling to adjust the gate threshold and fine-tune a small subset of model
parameters. Such calibration is expected to reduce inter-subject variability observed in both gating and
artifact-type classification and to improve artifact correction consistency.

5. Conclusions

This work presented a gated artifact-management pipeline for low-density wearable EEG comprising (i)
a lightweight gate classifier for artifact detection, (ii) a three-class artifact type classifier for eye blinks,
horizontal eye movements, and facial movement artifacts, and (iii) a deep artifact correction network
for denoising. Under LOSO evaluation, the gate classifier achieved good aggregated balanced accuracy,
with the RF providing the strongest overall performance among the tested model families. Artifact type
classification performance exhibited substantial inter-subject variability. Facial movements were reliably
separated from ocular artifacts, whereas eye blinks and eye movements remained the most confusable
artifacts. Artifact correction performance was quantified using range-normalized RMSE and spectral
cosine similarity across channels and artifact types, showing moderate time-domain and strong spectral
profile agreement with the target. The log10 distance of normalized PSD was reported as a secondary
metric, with the largest deviations observed for FM, motivating further analysis of montage-specific
effects and residual spectral mismatches. Overall, the proposed pipeline implemented a selective arti-
fact management strategy under wearable EEG constraints, in which gating limited intensive processing
to artifact-contaminated segments while preserving artifact-free ones. Architecture assessment on EEAD
with dataset-specific retraining, together with semi-synthetic analyses at controlled signal-to-noise ratios,
further supported the robustness of the proposed approach while highlighting its sensitivity to dataset-
specific characteristics. Finally, the comparison with single-channel denoising models on the eyewear
EEG dataset provided better preservation of the spectral profile across artifact types while maintaining
broadly comparable time-domain reconstruction accuracy, although slightly lower nRMSE values were
achieved by the comparison models for some artifact types. These findings supported selective artifact
management as a viable design principle for future wearable EEG systems operating under strict spa-
tial and computational constraints. Future work will investigate subject-specific calibration strategies and
architectural adaptations to improve the preservation of frequency content and account for the specific
montage characteristics of the EEG setup.
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