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Abstract 
 
Objective. EEG is often contaminated by ocular (EOG) and muscle (EMG) artifacts, yet 
many pipelines apply uniform denoising, risking distortion of clean neural activity. We 
propose a two-head, single-channel regressor that estimates EOG and EMG noise-to-
signal ratio (NSR, dB) from short segments and test whether it can guide selective 
artifact reduction, including downstream BCI decoding. 
Approach. Using EEGdenoiseNet clean EEG and artifact exemplars, we synthesised 2-s 
single-channel mixtures with known EOG/EMG NSR spanning –10 to +10 dB and trained 
several model families to jointly regress both NSRs. Generalisation was evaluated on an 
independent eyeblink dataset via agreement with regression-based ocular-reference 
topographies, and in two applications: (i) gating stationary wavelet blink removal on a 
P3 ERP dataset and (ii) gating the same denoiser on a 55-subject RSVP P300 speller 
dataset (FP1/FP2). 
Main results. A dilated temporal convolutional network (TCN) performed best (EOG: 
MAE ≈ 1.8 dB, R² ≈ 0.82; EMG: MAE ≈ 1.0 dB, R² ≈ 0.94) with low bias across NSR. The 
EOG head recovered blink topographies (median spatial correlation ≈ 0.91). On the P3 
dataset, indiscriminate wavelet denoising reduced significant ERP channels, whereas 
TCN-guided gating preserved 22–23 of 24 while processing ~9–20% of segments. On the 
speller dataset, denoising all epochs reduced decoding, while selective denoising 
improved AUC (θ = 9 dB: ΔAUC = 0.327, p = 0.0040) while denoising 12.45 ± 9.29% of 
test segments. 
Significance. Multi-head noise regression provides interpretable, continuous ocular 
and muscle contamination estimates that can act as control signals for conservative, 
noise-aware artifact handling under constrained-lead conditions. 

Section 1: Introduction 
Electroencephalography (EEG) is a widely used tool for studying human brain function 
in clinical neuroscience, brain–computer interfaces (BCIs) and neurotechnology 
applications [1–4]. Its millisecond temporal resolution and relatively low hardware cost 
make EEG attractive for monitoring cognitive workload [5], sleep [6,7] and pathology  
[8,9] over extended periods, including outside specialised laboratories. In recent years 
there has been growing interest in long-term and wearable EEG optimised for comfort 
and ease of use. This has led to a rise in wireless, wearable, limited-lead EEG systems 
built with lightweight instrumentation for real-world settings, including headbands, ear-
EEG, EEG integrated into VR headsets and other mobile form factors  [10–14]. 
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Non-neural physiological artifacts remain a central bottleneck for EEG interpretation 
[15]. Electrooculographic (EOG) artifacts arise from blinks, saccades and slow eye 
movements and manifest as sharp deflections, predominantly in frontal electrodes, 
contaminating the delta (0–4 Hz), theta (4–8 Hz) and alpha (8–12 Hz) bands. 
Electromyographic (EMG) artifacts arise from cranial muscle activity in the face, jaw and 
neck, appear as high-frequency noise, and contaminate the alpha (8–12 Hz), beta (12–
30 Hz) and gamma (30–100 Hz) bands. Together, EOG and EMG cover much of the 
characteristic EEG spectrum (0–40 Hz) and can reach amplitudes comparable to or 
larger than the underlying neural signals [16,17]. These contaminants can distort event-
related potentials (ERPs), bias spectral and connectivity estimates, and degrade the 
performance of automated decoders and clinical decision-support tools [17–19]. The 
problem is amplified in long-term and free-living recordings, where people move, blink 
naturally, speak and interact with their surroundings, leading to frequent EOG and EMG 
onsets. At the same time, many wearable and consumer EEG systems use only a few 
electrodes and often lack dedicated reference channels [10], which makes separating 
neural and non-neural activity more difficult. 

A wide range of artifact-removal methods has been developed for conventional high-
density EEG  [20]. Artifact Subspace Reconstruction (ASR) and Independent 
Component Analysis (ICA) are among the most widely used. ASR and its Riemannian 
variant learn a “clean” subspace from relatively artifact-free segments of the recording 
and project noisy segments back into that subspace to suppress artifacts [21,22]. ICA 
performs blind source separation by decomposing multichannel EEG into statistically 
independent components so that EOG- and EMG-dominated components can be 
identified and removed [23–25]. Canonical Correlation Analysis (CCA) provides another 
blind source separation approach, finding linear combinations of channels that are 
maximally correlated [26]. In addition, MNE-Python implements Signal Space Projection 
(SSP), a subspace-projection method that constructs artifact-related projectors (e.g., 
from EOG/ECG components) and suppresses artifacts by projecting the data away from 
that subspace [27,28].  

These methods work well because EOG and EMG artifacts are high-energy events that 
appear across many electrodes, providing spatial structure that helps separate artifacts 
from brain activity [29]. However, source separation techniques generally assume that 
the number of recorded channels is at least as large as the number of underlying 
sources [30]. In practice, they require a relatively high channel count and stable 
montages, which makes them poorly suited for denoising ambulatory EEG recorded 
with only one or a few electrodes. Artifact removal in single-lead EEG is therefore 
substantially more challenging [31]. 

For channel-wise denoising, regression-based algorithms are among the simplest and 
most widely used approaches [32–34]. They rely on one or more dedicated reference 
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channels that primarily capture the artifact of interest (for example, EOG channels for 
eye movements). The basic idea is to model how the artifact propagates into each EEG 
channel, estimate propagation coefficients from the reference signals, and then 
subtract a scaled version of the reference from the contaminated EEG to suppress the 
artifact  [35]. A widely used example is the EOG regression approach implemented in 
MNE-Python, which estimates per-channel propagation coefficients from the data and 
subtracts the scaled EOG reference to attenuate ocular contamination [36]. In this way, 
the artifact contribution is linearly regressed out using the measured reference signal 
for that specific source. More recently, artifact-reference multivariate backward 
regression (ARMBR) has been proposed as a regression-based blink handling approach 
that uses artifact references (and blink detection) to estimate and subtract ocular 
contributions with minimal calibration. Notably, these approaches still assume either 
dedicated artifact reference channels (EOG regression) and/or sufficient multichannel 
structure to reliably estimate artifact subspaces/projections (SSP/ARMBR), which can 
be difficult to satisfy in limited-lead wearable EEG[37]. 

To address single- or few-channel settings without full BSS, a variety of signal 
decomposition methods have been proposed. These include wavelet-based 
approaches [38–41], surface Laplacian transforms [42], morphological component 
analysis  [43], empirical mode decomposition (EMD) and its variants such as ensemble 
EMD (EEMD) and complete EMD with adaptive noise (CEEMDAN) [44–49], variational 
mode decomposition (VMD) [50–52], and singular spectrum analysis (SSA) [53,54]. In 
most of these approaches, a single-channel signal is first decomposed into a set of 
basis components or modes (e.g. wavelet subbands, intrinsic mode functions, VMD 
modes, Laplacian projections or SSA components) according to predefined rules. The 
decomposed components are then evaluated using statistical or spectral criteria to 
decide which are more likely to reflect neural activity (e.g. plausible EEG band structure, 
low kurtosis) and which are more characteristic of artifacts (e.g. large low-frequency 
deflections or broadband EMG). The signal is reconstructed from the subset of 
components judged to be neural, while components judged to be artifactual are 
discarded. However, the effectiveness of these methods depends strongly on 
decomposition settings and decision rules. In many studies, these hyperparameters are 
tuned heuristically for a specific dataset or artifact type, which can limit robustness 
across recording setups, tasks and levels of contamination [52]. 

More recently, several studies have explored end-to-end deep learning for single-
channel EEG denoising. Examples include GAN-guided CNN–transformer hybrids, 
decision-guided networks that route short- and long-term artifacts through specialised 
denoisers, and transformer-based models that fuse local and non-local structure or 
combine multiscale convolutions with attention[55–58]. These networks learn nonlinear 
mappings from noisy to clean EEG, typically using semi-simulated mixtures such as 
EEGdenoiseNet with added EOG, EMG or mixed artifacts, and they report state-of-the-
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art signal-level metrics (e.g. RRMSE, correlation, SNR) on those benchmarks [59]. 
Across designs, however, they are used as always-on black-box denoisers, generally 
target specific artifact types, and produce cleaned waveforms but no explicit, per-
channel estimates of ocular and muscle noise load that could be used to govern 
downstream cleaning. 

Classical decomposition-based methods and deep-learning denoisers thus offer 
complementary strengths and weaknesses. Wavelets, EMD/VMD, SSA and related 
approaches are relatively transparent: they expose intermediate components that can 
be inspected, and their effects on the signal are often easier to reason about. At the 
same time, their performance hinges on hand-tuned parameters and rule-based 
thresholds and can degrade when artifact structure deviates from those assumptions 
[52]. In contrast, modern deep networks learn powerful nonlinear mappings and often 
achieve superior signal-level performance on semi-simulated mixtures, but they behave 
as black boxes and have mostly been evaluated on short segments and signal-level 
metrics, with fewer studies examining downstream effects such as event-related 
potential preservation, decoding accuracy or connectivity estimates in real EEG. 

Importantly, there is no universally optimal denoising technique across artifact types. 
Low-frequency EOG and broadband cranial EMG have very different temporal and 
spectral profiles, and algorithms typically need to be tuned with different settings for 
each [15,16,29]. In practice, real EEG often contains mixtures of these contaminants 
whose relative strength varies over time and across channels, so a fixed, one-size-fits-
all denoiser is unlikely to be optimal. There is also an inherent trade-off between 
removing artifacts and preserving underlying brain activity. As highlighted by Delorme et 
al. in their “EEG is better left alone” study, aggressive preprocessing can attenuate or 
distort neural signals [60]. This suggests that when noise levels are low, it may be 
preferable to leave the signal largely untouched and reserve stronger interventions for 
segments with clearly elevated contamination. 

These considerations motivate explicit noise detection and noise quantification [61,62]. 
Fickling et al. proposed the EEG Quality Index (EQI), a general-purpose framework that 
uses a sliding window and six simple signal metrics (band-limited power, line noise, 
RMS amplitude, maximum gradient, zero-crossing rate and kurtosis) to quantify signal 
quality relative to a normative database and to classify clean versus artifact-
contaminated segments [63]. However, EQI relies on hand-crafted features, simulated 
data and binary clean/noisy classification, and does not provide continuous estimates 
of specific artifact loads (e.g. ocular vs muscle). Mohamed et al. proposed an 
automated EEG quality assessment framework that generates six scores based on 
amplitude histograms, alpha-band topography and inter-hemispheric symmetry, and 
beta/theta amplitude and sinusoidality to quantify signal quality in multi-channel 
recordings [61]. These scores rely on fixed normative thresholds (e.g. beta ≤ 20 µV, theta 
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≤ 30 µV) and multi-channel spatial patterns and provide only global measures of signal 
integrity rather than source-specific artifact loads. 

A key conceptual gap is the lack of explicit, artifact-specific noise quantification, 
especially for single- or few-channel wearable systems. As a result, current single-
channel denoisers have no principled way to decide when to intervene, how strongly to 
intervene, or which type of artifact-reduction method to prioritise. If reliable estimates 
of ocular and muscle noise loads were available, they could be used to govern 
downstream cleaning deciding when to engage a denoiser, which family of methods to 
use (ocular-focused vs muscle-focused) and how aggressively to apply them  [15,52]. 
Such a noise detector would be particularly valuable in single- or few-channel, real-
time, wearable settings. 

Here we propose a multi-head, single-channel noise regressor that addresses this gap. 
The model takes 2-s EEG segments from a single channel and jointly estimates ocular 
(EOG) and muscle (EMG) noise-to-signal ratios in dB. Rather than performing artifact 
removal directly, it is designed to provide continuous, artifact-specific control signals 
that can drive other denoising algorithms. We train and benchmark a dilated temporal 
convolutional network (TCN) against four alternative architectures, a feature-based 
multilayer perceptron (MLP), a 1D-convolutional (Conv1D) model, a dual-branch 
Conv1D+STFT model and a Conv1D+BiGRU model on synthetic mixtures derived from 
the EEGdenoiseNet dataset with known EOG and EMG loads uniformly spanning –10 to 
+10 dB. We then evaluate whether these models can provide accurate and calibrated 
estimates of EOG and EMG noise load from short, single-channel segments and 
whether these estimates generalise to independent data and support downstream 
artifact management. 

This work makes four main contributions. (i) We introduce a two-head, dilated TCN 
regressor that jointly estimates EOG and EMG noise-to-signal ratios from 2-s single-
channel EEG segments. (ii) We demonstrate that the EOG head generalises to an 
independent eyeblink dataset, accurately recovering blink-related ocular-load 
topographies. (iii) We show that using the predicted EOG load to gate stationary wavelet 
blink removal on a clean P3 dataset can prevent over-cleaning. (iv) We further validate 
the detector-as-control-signal concept on a downstream BCI application by showing 
that TCN-guided selective denoising improves RSVP P300 speller decoding (55 
subjects, FP1/FP2), while intervening on only a small fraction of segments. 

The remainder of this paper is organised as follows. In Section 2 we describe the 
datasets, noise-synthesis procedure and model architectures. Section 3 presents the 
regression and generalisation results. Section 4 discusses the implications and 
limitations of our findings and outlines potential applications for noise-aware EEG 
pipelines, and Section 5 concludes. 
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Section 2: Methods 

Dataset and preprocessing 
We used the public EEGdenoiseNet resource as the source of clean EEG segments and 
artifact exemplars (ocular EOG and cranial EMG) [59]. Each 2-s raw epoch was 
resampled to 125 Hz. We treated each EEG channel as an independent 2-s training 
sample. 

Clean EEG, EOG and EMG epochs were partitioned into training (70%), validation (15%) 
and test (15%) sets with anti-leakage control: no raw epoch contributed to more than 
one split. Before being passed to any model, each 2-s segment was z-scored by 
subtracting its mean and dividing by its standard deviation.  

We z-score each 2-s window to reduce sensitivity to arbitrary amplifier gain, montage 
scaling, and inter-subject amplitude variability. Although z-scoring removes absolute 
amplitude, ocular and muscle contamination alters waveform morphology and spectral 
structure in characteristic ways; the network therefore learns a scale-normalised 
mapping from these signatures to the NSR targets defined from the underlying mixture 
components.  

Synthetic mixtures and noise labels 
Synthetic noisy epochs 𝑌𝑌 were generated by mixing a clean EEG segment 𝑋𝑋 with EOG 
and EMG artifacts 𝑁𝑁EOG and 𝑁𝑁EMG as given in 1 and shown in Figure 1. 

𝑌𝑌 =  𝑋𝑋  + 𝜆𝜆𝐸𝐸𝐸𝐸𝐸𝐸 .𝑁𝑁𝐸𝐸𝐸𝐸𝐸𝐸 +  λ𝐸𝐸𝐸𝐸𝐸𝐸 .  𝑁𝑁𝐸𝐸𝐸𝐸𝐸𝐸 (1) 

The scaling factors 𝜆𝜆EOG and 𝜆𝜆EMG were set to obtain desired noise-to-signal ratios (NSR) 
𝑍𝑍𝐸𝐸𝐸𝐸𝐸𝐸  and 𝑍𝑍𝐸𝐸𝐸𝐸𝐸𝐸  in decibels relative to the clean EEG power for EOG and EMG 
respectively as given in 2 and 3. 

𝑍𝑍𝐸𝐸𝐸𝐸𝐸𝐸 =  10. log10 �𝜆𝜆𝐸𝐸𝐸𝐸𝐸𝐸2  mean (𝑁𝑁𝐸𝐸𝐸𝐸𝐸𝐸2 )
mean (𝑋𝑋2)

� 
(2) 

𝑍𝑍𝐸𝐸𝐸𝐸𝐸𝐸 =  10. log10 �𝜆𝜆𝐸𝐸𝐸𝐸𝐸𝐸2  mean (𝑁𝑁𝐸𝐸𝐸𝐸𝐸𝐸2 )
mean (𝑋𝑋2)

� 
(3) 

 

Target NSR values were sampled uniformly from –10 to +10 dB during mixture synthesis.  

We report contamination as a noise-to-signal ratio (NSR) in dB, defined as the ratio of 
artifact power to EEG power, so that larger values indicate worse signal quality and can 
be used directly as a control variable for gating or rejection. This is equivalent to 
reporting SNR with opposite sign (NSRdB = −SNRdB), and we adopt NSR primarily for 
interpretability and for thresholding. 
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We controlled dataset synthesis to obtain a balanced composition of artifact types 
across this NSR range: 

• 25% EOG-only (EMG NSR set to a floor value), 

• 25% EMG-only (EOG NSR at floor), 

• 5% clean-only (𝜆𝜆EOG = 𝜆𝜆EMG = 0), 

• 45% mixed-noise (both EOG and EMG present). 

This composition was maintained approximately uniformly over the NSR spectrum from 
–10 dB (low contamination) to +10 dB (high contamination), as illustrated in Figure 2. 
The same proportions were used for the training, validation and test splits.  Table 1 
summarises the number of epochs per split and per artifact category.  

For single-modality mixtures (EOG-only or EMG-only), the non-present head is assigned 
a floor value of −10 dB. This is a practical numeric proxy for “absent” that stays within 
the operating range used throughout synthesis (−10 to +10 dB), avoids undefined values 
during training, and makes the regressor output directly usable in thresholding/gating 
rules. 
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TABLE 1: Number of samples for training, validation, and testing. 

Data Split Total 
Epochs 

EOG-
only 

EMG-
only 

Clean 
Only 

Mixed 

Training 80000 20000 20000 4000 36000 
Validation 12000 3000 3000 600 5400 
Testing 12000 3000 3000 600 5400 

 

 
Figure 2: Target noise-to-signal ratio (NSR) distributions for training data synthesis. Histograms show the number 
of 2-s single-channel segments per target NSR bin (x-axis: NSR, dB; y-axis: sample count). (A) Ocular-only 
mixtures (EOG). (B) EMG-only mixtures. (C) Mixed EOG+EMG mixtures; stacked bars indicate EOG-dominant vs 
EMG-dominant samples (dominance defined by the larger target NSR). 

 

 
Figure 1: Example of training samples. Each panel shows a 2 s noisy sample Y (blue) overlaid with its clean EEG 
source X (orange) for different combinations of EOG and EMG artifact loads in dB. 
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The supervisory task is a two-head regression problem. For each 2-s segment, the 
model predicts the continuous EOG and EMG NSRs, 𝑍𝑍EOG and 𝑍𝑍EMG, in dB as defined in  
(2) and (3). These labels span nearly clean through heavily contaminated conditions and 
form the targets for the EOG and EMG regression heads. 

Model architectures 
We evaluated five model families chosen to span distinct inductive biases and practical 
deployment trade-offs for short-segment, single-channel contamination regression. 
The families cover hand-crafted feature baseline, standard convolutional networks and 
architectures designed to capture longer temporal context: 

1. Feature-based MLP 

2. Conv1D 

3. Conv1D + STFT (dual-branch fusion) 

4. Conv1D + BiGRU 

5. Dilated residual TCN 

All models take as input a z-scored 2-s segment sampled at 125 Hz (250 time points) 
and produce two scalar outputs: 𝑍𝑍EOG and 𝑍𝑍EMG. 

Feature-based MLP 
The feature-based multilayer perceptron (MLP) uses a compact set of hand-crafted 
features as input. Each 2-s segment is reduced to an 18-dimensional feature vector 
spanning four domains: 

• Amplitude and distribution (5 features): 
root-mean-square (RMS), log variance, peak-to-peak range, skewness, kurtosis. 

• Spectral power and placement (5 features): 
power-weighted spectral centroid, spectral spread (bandwidth), band power in 
delta (0–4 Hz) and alpha (8–13 Hz), and the variance of the Hilbert envelope 
(amplitude modulation). 

• Complexity and dynamics (4 features): 
Hjorth mobility, Hjorth complexity, and the coefficient of variation of the 
instantaneous frequency (mean and variance derived from the analytic signal). 

• Temporal and spectral disorder (4 features): 
spectral flatness, normalised spectral entropy, the lag at which the 
autocorrelation first drops below 0.5, and an Augmented Dickey–Fuller 
stationarity indicator. 
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These 18 features are fed to an MLP with two fully connected hidden layers (128 units 
each) with GELU activation and 0.2 dropout. A final linear layer fan-outs into two 
regression heads that output 𝑍𝑍EOG and 𝑍𝑍EMG. 

Conv1D 
The Conv1D model operates directly on the 250×1 waveform. The backbone comprises 
three temporal convolutional layers with GELU activations; one layer has stride 2 for 
light downsampling. The resulting feature map is reduced by global average pooling and 
passed through a 96-unit dense layer with 0.2 dropout. Two linear output heads then 
estimate the EOG and EMG NSRs. 

Conv1D + STFT (dual-branch fusion) 
The Conv1D + STFT model combines time-domain and time–frequency information. 

• The time branch is identical to the Conv1D backbone described above. 

• The spectral branch computes a short-time Fourier transform (STFT) using a 
Hann window with 64-sample frames and 16-sample hop, yielding a time–
frequency representation. The log-magnitude STFT is processed by two 3×3 
Conv2D layers followed by layer normalisation. 

The embeddings from both branches are concatenated and passed through a 96-unit 
dense layer. Two linear heads then output 𝑍𝑍EOG and 𝑍𝑍EMG. 

Conv1D + BiGRU 
The Conv1D + BiGRU model combines local convolutional features with recurrent 
temporal modelling. Two initial Conv1D layers with GELU activations and 0.1 dropout 
extract local patterns. Their output is fed to a bidirectional GRU with 32 units per 
direction, providing access to both past and future context within the 2-s window. The 
BiGRU output is passed through a 64-unit dense layer and then to the two linear 
regression heads. 

Dilated residual TCN 
The dilated temporal convolutional network (TCN) is designed to model long temporal 
context without recurrence. It starts with a Conv1D stem layer, followed by six residual 
blocks with exponentially increasing dilation factors (1, 2, 4, 8, 16, 32). Each block 
contains: 

• a Conv1D layer, 

• layer normalisation, 

• GELU activation, 

• spatial dropout, 
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with a residual (skip) connection around the block. With this dilation pattern, the 
effective receptive field covers essentially the entire 2-s window. The final feature map 
is reduced by global average pooling (GAP) and passed through a 96-unit dense layer 
that feeds the two regression heads. The architecture of the dilated TCN is given in 
Figure 3. 

 

Training procedure and evaluation metrics 
All models were trained using the Adam optimiser with an initial learning rate of 0.001 
and a batch size of 256. The training objective was the mean Huber loss (δ = 1.0) across 
the two heads (EOG and EMG), computed on the dB targets 𝑍𝑍EOG and 𝑍𝑍EMG. 

Each model was trained for up to 60 epochs and repeated 10 times with independent 
random seeds. Early stopping was applied if the validation loss did not improve for 10 
consecutive epochs. If validation loss plateaued for 4 epochs, the learning rate was 
reduced by a factor of 0.5. 

For each regression head (EOG, EMG), performance on the held-out test set was 
quantified using: 

• Mean absolute error (MAE) in dB, directly matching the NSR definition and 
capturing average absolute deviation from the true noise level. 

• Coefficient of determination (𝑅𝑅2), measuring how well the predictions track the 
dynamic range of artifact loads across the test set (𝑅𝑅2 ≈ 1 indicates close 
agreement; 𝑅𝑅2 < 0 indicates performance worse than predicting the test-set 
mean). 

 
Figure 3: Two-head dilated temporal convolutional network (TCN) regressor for noise-load estimation. A 2-s 
single-channel EEG segment (250×1 samples) is passed through a 1D convolutional stem and a stack of six 
residual dilated TCN blocks (dilations 1, 2, 4, 8, 16, 32). Global average pooling (GAP) and a 96-unit dense layer 
feed two output heads that regress ocular and muscle noise-to-signal ratio (NSR) in decibels: EOG head and 
EMG head. 
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To compare models statistically, we applied paired Wilcoxon signed-rank tests on run-
wise summaries (10 paired observations per model pair) separately for each head and 
metric. 

External eyeblink dataset and ocular-load validation 
To assess whether the EOG head generalises to independent data and reproduces 
realistic blink topographies, we used a publicly available eyeblink dataset comprising 
20 healthy participants performing voluntary and involuntary blink tasks [64]. 
Recordings were obtained from 15 channels (1 EOG + 14 EEG: Fp1, Fp2, F3, F4, T3, C3, 
Cz, C4, T4, P3, Pz, P4, O1, O2) at 256 Hz. Continuous recordings were provided for eyes-
closed, voluntary and involuntary conditions, with three trials per subject. For the 
present analysis we used only the voluntary and involuntary conditions. 

All channels were downsampled to 125 Hz to match the temporal resolution used in 
model training, and each 2-s segment was z-scored in the same way as the training 
data. 

Blink detection and epoching 
Blinks were detected from the EOG channel using a derivative-based detector targeting 
the characteristic biphasic slope of blink waveforms. The EOG signal was median-
detrended and band-pass filtered between 0.5 and 10 Hz with a 2nd-order zero-phase 
Butterworth filter to emphasise blink transients while suppressing slow drift and high-
frequency noise. The temporal derivative of the filtered EOG was then computed and z-
scored. 

Candidate blink events were defined as pairs of large, opposite-polarity derivative peaks 
(positive followed by negative, or vice versa) occurring within 250 ms, with both peaks 
exceeding |z| ≥ 2 and separated from neighbouring events by at least 0.4 s. For each 
candidate pair, the blink time was taken as the point of maximum |z|-normalised EOG 
amplitude between the two derivative peaks. 

Around each detected blink, we extracted a 2-s epoch (±1 s) from the downsampled 
multichannel data. This yielded 1189 voluntary and 4049 involuntary blink epochs. 

Ocular-load ground truth and spatial correlation 
To obtain a channel-wise ocular ground truth for each blink epoch, we regressed each 
EEG channel on the EOG channel. Within an epoch, the EOG signal 𝑥𝑥 was mean-
centred and used as a single predictor. For each EEG channel 𝑦𝑦, we fitted a least-
squares model. The predicted component 𝑦𝑦� = 𝛽𝛽𝛽𝛽 was interpreted as the ocular 
contribution, and the residual 𝑟𝑟 = 𝑦𝑦 − 𝑦𝑦� as the non-ocular component. 

We defined the ground-truth ocular load for that channel and epoch as a relative power 
ratio in dB as given in (4). 
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𝑂𝑂𝑂𝑂𝐺𝐺𝐺𝐺 =  10 log10
𝑣𝑣𝑣𝑣𝑣𝑣 (𝑦𝑦�)
𝑣𝑣𝑣𝑣𝑣𝑣 (𝑟𝑟)

 
(4) 

 

This yielded a 14-dimensional ground-truth ocular-load vector (one value per EEG 
channel) for each blink epoch. The regression-derived ocular component provides a 
practical proxy for the spatial distribution of blink contamination when only one EOG 
reference channel is available. Because the same EOG reference drives all channels 
within an epoch, this approach is well suited to benchmarking whether the model 
recovers the expected anterior–posterior pattern of blink propagation. We emphasise 
that this reference is not a perfect ground truth and may include estimation error. 
Accordingly, we interpret the spatial-correlation analysis as a validation of topographic 
plausibility rather than an absolute measure of ocular artifact magnitude. An additional 
independent benchmark (e.g., manual artifact annotation by multiple expert raters) 
would be valuable; however, such labels were not available for this dataset and were 
beyond the scope of the present study. 

The trained TCN was then applied to each channel of each blink epoch (using the same 
2-s, 125 Hz, z-scored format) to obtain a 14-dimensional vector of EOG-head outputs. 
For each epoch, we computed the spatial Pearson correlation between the 14-channel 
ground-truth vector and the 14-channel EOG-head outputs, giving a blink-wise spatial 
correlation coefficient. Correlations were summarised separately for voluntary and 
involuntary blinks. We then aggregated at the subject level by taking the median blink-
wise correlation per subject, and summarised these subject medians as median ± 
standard deviation across participants. 

As a negative control, we also examined whether the EMG head inadvertently tracked 
ocular contamination by computing the Pearson correlation between EMG-head 
outputs and the ground-truth ocular load values pooled across channels and epochs. 
No independent EMG reference channel is available in this dataset; therefore, EMG-
head evaluation here is limited to negative-control analyses (i.e., ensuring it does not 
trivially track the ocular proxy). 

EEGLAB P3 dataset and noise-aware blink removal 
The proposed model performs artifact detection (noise-load estimation), not artifact 
removal. We therefore use a standard blink-removal routine only as a downstream 
module to demonstrate how continuous EOG-load estimates can govern when and 
where cleaning is applied. We intentionally include a clean-reference setting to test a 
“do-no-harm” requirement: when residual contamination is low, uniform denoising is 
expected to be unnecessary and may attenuate ERP features, whereas noise-aware 
gating should avoid such over-cleaning by restricting processing to the most 
contaminated segments. 
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To evaluate the impact of noise-aware blink removal on an ERP, we used the EEGLAB 
sample dataset from a covert spatial attention task, recorded with 30 scalp EEG 
channels and two EOG channels at 128 Hz [65]. The “square” event marks visual 
stimulus onset and “rt” marks the button press. 

Cleaned reference dataset 
To obtain a clean reference, the continuous data were band-pass filtered between 0.5 
and 40 Hz, decomposed using ICA, and components were automatically labelled with 
ICLabel [66]. Components classified as EOG or EMG with probability > 0.8 were 
removed. The data were then average-re-referenced and visually inspected to confirm 
that eye and muscle artifacts had been largely removed. 

The cleaned data were epoched from –1 s to +1 s around the 80 “square” events, 
yielding 30 EEG channels × 80 epochs = 2400 channel×epoch segments. We restricted 
analyses to the scalp EEG channels and focused on the single-condition P3 ERP. 

Noise-load estimation with the TCN 
For each 2-s epoch, we downsampled from 128 Hz to 125 Hz, z-scored each channel, 
and applied the trained two-head TCN noise regressor to obtain per-channel EOG and 
EMG noise loads in dB. This produced two 30×80 matrices (EOG and EMG load), each 
with one scalar estimate per channel and epoch. 

Wavelet blink removal and gating strategy 
Blink removal was implemented using a stationary wavelet transform (SWT) applied 
channel-wise to the epoched EEG. We used a Coiflet (coif3) mother wavelet with six 
decomposition levels. Blink-related activity is expected to dominate in the low-to-mid 
frequency range, so we applied soft thresholding to the detail coefficients at levels 3–6, 
leaving the coarsest scale (slow ERP components) and the finest scales (higher-
frequency activity) unchanged. Thresholds at each level were set using a median-
absolute-deviation–based universal rule [38–40,67]. The inverse SWT yielded a cleaned 
time series for each channel and epoch. 

We compared three pipelines: 

1. Baseline: no additional wavelet blink removal (post-ICLabel data only). 

2. Wavelet-all: SWT-based blink denoising applied to all 2400 channel×epoch 
segments. 

3. Gated wavelet: the same SWT denoising applied selectively only to segments 
whose TCN-estimated EOG load exceeded a threshold 𝜃𝜃 ∈ {−9,−8, … ,0} dB. 

In the gated condition, the EOG load matrix defined a binary mask over channel×epoch 
pairs, and only those with 𝑍𝑍EOG > 𝜃𝜃 were denoised; all others were left unmodified. 
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ERP computation and significant-channel metric 
For each pipeline, we computed ERPs time-locked to the “square” event. To visualise 
spatial patterns, electrodes were grouped into eight anatomical regions (Frontal, 
Fronto-central, Central, Centro-parietal, Parietal, Parieto-occipital, Occipital, 
Temporal) based on standard 10–20 labels, and trial-averaged ERPs were computed per 
region. 

To quantify how denoising affected ERP detectability, we used Delorme’s significant-
channel metric [60]. For each pipeline and channel, we computed the mean amplitude 
in a pre-stimulus window (–600 to 0 ms) and a post-stimulus window (0 to 600 ms). For 
each channel, the per-trial difference (post – pre) was converted to a z-score by 
normalising by the pre-stimulus standard deviation. We then performed a one-sample t-
test against zero on these z-scores across epochs. p-values were corrected across 
channels using the Benjamini–Hochberg FDR procedure (q = 0.05). Channels with q < 
0.05 were considered significant, and the number of significant channels was used as a 
summary measure of spatial ERP detectability under each pipeline. 

BCI Evaluation on P300 speller decoding 
To evaluate whether noise-aware selective artifact removal improves performance in a 
realistic application scenario, we added a downstream BCI decoding benchmark using 
the RSVP P300 speller dataset released by Won et al. (55 participants) [68]. We used a 
minimal forehead montage consisting of FP1 and FP2, which represents a constrained-
lead setting where ocular contamination is prominent and where spatially driven 
multichannel artifact methods (e.g., ICA/ASR) are less applicable. 

We followed the dataset authors’ reference decoding framework and implemented a 
subject-specific SWLDA pipeline consistent with their MATLAB implementation (details 
below). For each subject, we compared three denoising strategies: 

(i) raw: no additional denoising; 
(ii) wav_all: wavelet denoising applied to all epochs; and 
(iii) TCN-guided selective denoising: the same wavelet denoiser applied only to 
channel×epoch segments whose predicted contamination exceeded a threshold 𝜃𝜃(dB). 
Thresholds were swept over 𝜃𝜃 ∈ {−5,0,5,7.5,9} dB to quantify the trade-off between 
denoising aggressiveness and preservation of task-relevant signal structure. 

Selective denoising decisions were made at the channel×epoch level using the 
proposed two-head contamination estimates. For each channel×epoch segment, we 
defined the contamination index using 𝑍𝑍 = 𝑍𝑍𝐸𝐸𝐸𝐸𝐸𝐸, where 𝑍𝑍𝐸𝐸𝐸𝐸𝐸𝐸  is the predicted ocular 
noise load (dB). The wavelet denoiser was applied only when 𝑍𝑍 ≥ 𝜃𝜃, otherwise the raw 
segment was left unchanged. This design intentionally restricts processing to highly 
contaminated segments while preserving clean data. 
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SWLDA decoding and performance metrics 
Letter decoding was performed with a subject-specific stepwise linear discriminant 
analysis (SWLDA) pipeline aligned with the dataset’s reference implementation [68]. 
Briefly, epochs were band-pass filtered (0.5–10 Hz, 4th-order Butterworth, zero-phase), 
baseline-corrected using the pre-stimulus interval, and time-windowed to 0–600 ms 
post-stimulus. Features were computed using average-decimation in 24-sample blocks 
and then flattened across time bins and channels. Stepwise feature selection used 
𝑝𝑝enter = 0.08 with a maximum of 60 retained features. The resulting linear score was 
accumulated across row/column flashes over repetitions to decode each character. 

Decoding performance was summarized as letter accuracy vs. repetitions. We used the 
area under the letter-accuracy curve from repetitions 1–10 (AUC) as the primary 
summary metric. Secondary analyses included mean letter accuracy at 5 and 10 
repetitions (Letter@5, Letter@10) and per-repetition paired comparisons between raw 
and 𝜃𝜃 = 9dB. 

Finally, we quantified the degree of intervention induced by selective denoising by 
reporting the channel-wise fraction of segments denoised, defined as the percentage of 
segments satisfying 𝑍𝑍 ≥ 𝜃𝜃, averaged across subjects. 

Section 3: Results 

Multi-head noise regression on synthetic mixtures 
Figure 4(a-b) summarises the reliability of the five model families (Feature-MLP, 
Conv1D, Conv1D+STFT, Conv1D+BiGRU and Dilated TCN). For both regression heads, 
the median predicted noise load increases monotonically with the true noise level 
across the full –10 to +10 dB range. For the EOG head, the reliability curves lie slightly 
below the identity line in the near-clean regime (true noise ≈ –2 to 0 dB), indicating a 
mild tendency to underestimate ocular noise when contamination is very low. In 
contrast, the EMG head reliability in Figure 4(b) closely follows the ideal line over the 
entire range, indicating that muscle-noise levels are recovered with high fidelity. 
(Reliability curves were obtained by binning test samples by true NSR and plotting the 
median predicted NSR within each bin.) 

The bias curves in Figure 4(c–d) further quantify these effects. For the EOG head, very 
low-noise segments (true < –5 dB) exhibit a small positive bias (Pred–True > 0), i.e. the 
models tend to predict slightly higher ocular contamination than is present, whereas 
the bias moves closer to zero around -5 dB. For EMG, the bias remains close to zero over 
most of the range, with only a slight negative bias for heavily contaminated segments 
(true > 5 dB), where the models slightly underestimate the muscle noise. Across all four 
panels, the Dilated TCN curves sit closest to the ideal reference (identity / zero-bias) 
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lines, indicating that it is the most reliable and least biased estimator among the tested 
architectures. 

Across the five model families, the Dilated TCN also achieved the best average 
performance on the held-out test data for both heads. On the EOG head, its MAE was 
1.809 ± 0.042dB (mean ± SD across 10 runs), outperforming Conv1D+BiGRU (1.917 ±
0.114 dB), Conv1D+STFT (2.271 ± 0.078 dB), Conv1D (2.446 ± 0.044 dB) and the 
Feature-MLP (2.669 ± 0.023 dB). On the EMG head, the TCN reached 1.026 ± 0.008dB, 
ahead of Conv1D+BiGRU (1.141 ± 0.049 dB), Conv1D+STFT (1.178 ± 0.037 dB), 
Conv1D (1.239 ± 0.032 dB) and the Feature-MLP (1.326 ± 0.011 dB). The MAE 
distributions across the 10 training runs are shown in Figure 4(e–f). 

In terms of 𝑅𝑅2, the TCN again ranked first with 0.817 ± 0.008on the EOG head and 
0.940 ± 0.001on the EMG head. The next-best model was Conv1D+BiGRU (EOG: 
0.799 ± 0.024; EMG: 0.932 ± 0.003), followed by Conv1D+STFT (EOG: 0.727 ± 0.019; 
EMG: 0.929 ± 0.002), Conv1D (EOG: 0.690 ± 0.011; EMG: 0.924 ± 0.002) and the 
Feature-MLP (EOG: 0.654 ± 0.006; EMG: 0.906 ± 0.001). Relative to Conv1D+BiGRU, 
the TCN reduced EOG MAE by 0.107 dB and EMG MAE by 0.115 dB, and improved EOG 
𝑅𝑅2by +0.018 and EMG 𝑅𝑅2by +0.008. The 𝑅𝑅2distributions across the 10 runs are shown in 
Figure 4(g–h). Pairwise statistical significance across runs was assessed using Wilcoxon 
signed-rank tests; the resulting p-values are visualised as a heatmap in Figure 5. 

 

 
Figure 4: Performance overview across models on test samples. (a–b) Reliability (Predicted-binned), (c–d) Bias (True-binned), 
(e–f) MAE (dB), and (g–h) R-square distributions for EOG and EMG regression heads respectively. * represents FDR-BH 
corrected statistical significance (paired Wilcoxon signed-rank, *: p < 0.05, **: p < 0.01, n.s: p > 0.05). 
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On an identical computer setup (Python 3.12.3, NVIDIA GeForce RTX 3060), we also 
measured inference latency using a batch size of 256 and 50 timed iterations per model. 
We report mean wall-clock time per 2-s segment. The plain Conv1D model was fastest 
at 0.190 ms per segment, followed by Conv1D+STFT at 0.202 ms and the Dilated TCN at 
0.236 ms. The recurrent Conv1D+BiGRU incurred 0.487 ms per segment. The Feature-
MLP required 3.006 ms per segment in total (2.794 ms for feature extraction and 0.213 
ms for model inference). The accuracy–latency trade-off is shown in Figure 6. 

 

 

 
Figure 5: Pairwise significance of model performance differences. Heatmaps show BH-FDR adjusted p-values from two-
sided Wilcoxon signed-rank tests for pairwise comparisons between model families (rows vs columns) on four metrics: EOG 
MAE, EMG MAE (mean absolute error, dB) and EOG R², EMG R² (coefficient of determination). Cell shading indicates adjusted 
significance level (white: p>0.05; gray: p≤0.05; black: p<0.01). 

 

 

 
Figure 6: Accuracy–latency trade-off. Average test R² across the two heads (EOG and EMG) versus end-to-end 
inference latency (ms/sample) for each model family. 
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Overall, the Dilated TCN delivered the strongest accuracy on both heads (lowest MAE 
and highest 𝑅𝑅2), with pairwise tests confirming significant gains over alternatives in the 
majority of comparisons (Figure 5). This accuracy is achieved with competitive latency 
and a purely convolutional architecture (no recurrence, no external feature extraction), 
which simplifies deployment. Although the plain Conv1D is marginally faster, it trails in 
both MAE and 𝑅𝑅2. Conv1D+STFT adds a second branch, and the Feature-MLP’s end-to-
end time is dominated by feature computation. The higher latency of Conv1D+BiGRU, 
due to explicit temporal memory, did not translate into higher accuracy than the fully 
convolutional Dilated TCN. We therefore adopt the Dilated TCN as our primary model 
for subsequent analyses. 

External eyeblink dataset: preservation of blink topographies 
We next evaluated whether the EOG head generalises to independent recordings and 
reproduces realistic blink topographies (Methods, eyeblink dataset). To do so, we 
compared the model’s outputs against regression-based ocular ground truth on a 
separate eyeblink dataset comprising voluntary and involuntary blinks [64]. 

Across all epochs, the blink-wise spatial correlation between the 14-channel ocular 
ground truth and the TCN EOG-head outputs was high for both conditions (voluntary: 
median 𝑟𝑟 = 0.906, SD = 0.229, 𝑁𝑁 = 1189 blinks; involuntary: median 𝑟𝑟 = 0.917, SD = 
0.244, 𝑁𝑁 = 4049 blinks). This indicates that, for individual blink instances, the model 
closely reproduces the ground-truth spatial distribution of ocular load. Aggregating at 
the subject level, the median blink-wise spatial correlation per participant also 
remained high (voluntary: group median = 0.911, SD across subjects = 0.111, 𝑁𝑁 = 20; 
involuntary: group median = 0.916, SD = 0.112, 𝑁𝑁 = 20), demonstrating consistently 
strong agreement between predicted and ground-truth ocular-load topographies across 
participants. The subject-wise 𝑟𝑟 distributions for the voluntary and involuntary datasets 
are shown as boxplots in Figure 7(a–b). 

 

 
Figure 7: Subject-wise spatial correspondence between ground-truth (GT) and TCN EOG-head predictions on the 14-
channel blink dataset. Each box shows the distribution of blink-wise spatial Pearson correlation coefficients (r) between 
the GT- load and the TCN EOG-head output, aggregated over all blinks for a given subject. (a): involuntary blink epochs; 
(b): voluntary blink epochs; (c) randomly selected example single-blink EOG artifact topographies estimated by the TCN 
EOG head. 
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Figure 7(c) illustrates example single-blink topographies. Each scalp map depicts the 
TCN-predicted EOG load for a randomly selected blink epoch from the voluntary and 
involuntary datasets. The expected anterior–posterior gradient is clearly recovered, with 
the largest predicted ocular contamination over frontal electrodes and a gradual decay 
toward parietal and occipital regions. 

As a negative control, we examined the relationship between the EMG head and the 
ocular ground truth. When all channels and epochs were pooled, EMG-head outputs 
were negatively correlated with the EOG-regression ocular load (voluntary: 𝑟𝑟 = −0.385; 
involuntary: 𝑟𝑟 = −0.319), indicating that the EMG head does not simply track ocular 
contamination and instead captures a distinct, non-ocular noise component. 

EEGLAB P3 dataset: noise-aware blink removal 
Finally, we assessed whether the noise detector can help preserve ERP amplitudes 
when used to gate a conventional blink-removal method (Methods, EEGLAB P3 
dataset). We compared three pipelines on the EEGLAB sample dataset: (i) a clean 
Baseline (post-ICLabel data, no further blink removal), (ii) Wavelet-all, where all 
channels and epochs were denoised using stationary wavelet thresholding, and (iii) 
Gated wavelet, where the same wavelet procedure was applied only to channel×epoch 
segments whose EOG noise load exceeded a threshold 𝜃𝜃. 

As expected for this heavily preprocessed dataset, the Baseline pipeline exhibited a 
strong P3 ERP across channels. For most segments, the TCN predicted low residual 
artifact (median EOG load = −6.121 ± 3.408 dB; median EMG load = −8.944 ± 0.474 
dB), consistent with the notion that the data are largely clean. 
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Figure 8(a) shows regional ERPs for eight anatomical regions, comparing Baseline, 
Wavelet-all and a representative Gated-wavelet configuration with 𝜃𝜃 = −2dB. The 
Frontal region comprised FPz, F3, Fz and F4; the Fronto-central region included FC5, 
FC1, FC2 and FC6; the Central region included C3, Cz and C4; and the Centro-parietal 
region comprised CP5, CP1, CP2 and CP6. The Parietal region was defined by P7, P3, 
Pz, P4 and P8, while the Parieto-occipital region included PO7, PO3, POz, PO4 and PO8. 
The Occipital region comprised O1, Oz and O2, and the Temporal region was defined by 
T7 and T8. For each region, channels were averaged per trial and then across trials to 
obtain regional ERPs. 

 
Figure 8: (a) Regional ERPs (channel averaged) for eight scalp regions, comparing baseline pipeline, unguided wavelet denoising 
applied to all channel–epoch segments (“wavelet-all”), and noise-gated wavelet cleaning using the EOG noise estimator with 
threshold θ = –2 dB. (b) Topographies of mean Z-SNR with FDR-significant channels (bold dots) for baseline, wavelet-all, and 
gated wavelet methods with threshold ranging between -9 dB and 0 dB (TCN EOG-head prediction). 
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The Baseline pipeline exhibits the expected P3, with a clear positive deflection around 
300–400 ms. In the Wavelet-all condition, where wavelet denoising was applied to all 
2400 channel×epoch segments, the P3 amplitude was markedly attenuated across 
regions, illustrating the effect of applying additional denoising to data that are already 
largely clean. In contrast, the Gated-wavelet pipeline with 𝜃𝜃 = −2dB, which only 
denoised channel×epoch segments with a relatively high predicted EOG load, produced 
ERPs that closely matched the Baseline in both morphology and latency. 

These qualitative differences were quantified using channel-wise post–pre z-scores (Z-
SNR) and FDR-corrected significance tests Figure 8(b). The Baseline pipeline yielded 24 
out of 30 channels that were FDR-significant. Applying Wavelet-all substantially 
reduced the statistical evidence for the P3: 0/30 channels remained FDR-significant, 
and the topography of mean z-scores was strongly flattened. This shows that applying 
the wavelet procedure uniformly to all segments in an already-clean dataset can 
substantially reduce ERP sensitivity. 

When wavelet denoising was gated using the EOG noise estimates, the number of 
significant channels increased monotonically as the threshold 𝜃𝜃 was relaxed from –9 to 
0 dB: 0/30 at 𝜃𝜃 = −9 dB, then 9/30, 14/30, 17/30, 19/30, 22/30, 22/30, 22/30, 22/30 and 
finally 23/30 channels at 𝜃𝜃 = 0 dB. For 𝜃𝜃 ≥ −4 dB, the Gated-wavelet pipelines 
recovered 22–23 of the 24 Baseline significant channels, and the spatial distribution of 
z-scores closely resembled the Baseline P3 topography. In other words, detector-guided 
cleaning recovered most of the ERP sensitivity lost in the Wavelet-all condition. 

To summarise the trade-off between “how much data is modified” and “how much ERP 
sensitivity is preserved”, Figure 9 plots the percentage of segments denoised against the 
percentage of Baseline significant channels preserved. The Baseline pipeline sits at 
(0%, 100%), representing maximal ERP sensitivity with no additional cleaning. Wavelet-
all lies at (100%, 0%), representing maximal data modification with complete loss of 
FDR-significant P3 channels. In contrast, the Gated-wavelet pipelines trace a curve 
from (88%, 0%) at 𝜃𝜃 = −9dB to approximately (9–20%, 92–96%) for thresholds between 
–2 and 0 dB. In these higher-threshold configurations, only ~9–20% of the most 
contaminated channel×epoch segments are denoised, and nearly all of the Baseline 
significant channels are preserved. 
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Overall, this case study on an already-clean ERP dataset shows that the TCN-based 
EOG noise estimates can be used to control a conventional wavelet blink-removal 
procedure in a way that avoids over-cleaning. By gating the wavelet denoiser using per-
channel noise estimates, we maintain the statistical detectability and spatial extent of 
the P3 while still targeting the relatively few segments where residual blink 
contamination is present. 

 

Speller P300 dataset 
We evaluated the proposed noise-aware selective denoising on the P300 speller 
dataset (55 subjects) using a forehead-only montage (FP1/FP2). Applying wavelet 
denoising to all epochs (wav_all) consistently reduced decoding performance relative to 
raw, consistent with over-attenuation of task-relevant ERP structure. In contrast, TCN-
guided selective denoising improved decoding, and performance increased 
monotonically as the threshold θ(dB) increased, i.e., as denoising was restricted to 
progressively more contaminated segments (Figure 10 (a)). 

Summary decoding metrics are reported in Table 2. At 10 repetitions, mean±SD letter 
accuracy improved from 0.183±0.165 (raw) to 0.232±0.162 at 𝜃𝜃 = 9dB, while wav_all 
yielded the lowest performance (0.129±0.131). Early decoding also improved (Letter@5: 
0.149±0.121 raw vs 0.182±0.122 at 𝜃𝜃 = 9dB; Table 2). 

Using the primary summary metric AUC(1..10), 𝜃𝜃 = 9dB significantly outperformed raw 
(paired across subjects): ΔAUC(1..10)=0.327, 𝑝𝑝 = 0.0040, 𝑑𝑑z = 0.405(Figure 10 (b)). Per-
repetition paired tests (repetitions 1–10) indicated that gains emerge early and persist 
across mid-range repetitions; after BH-FDR correction, significant improvements were 
observed at repetitions 3 and 5–10. 

 
Figure 9: The relationship between the percentage of segments subjected to wavelet denoising (x-axis) and the 
percentage of baseline significant channels preserved (y-axis, relative to 24/30 FDR-significant channels at 
baseline). 
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Importantly, gains were achieved while modifying only a small fraction of the data. The 
test-set channel-wise fraction of denoised segments decreased sharply with increasing 
𝜃𝜃: 93.13±6.92% (𝜃𝜃 = −5), 70.76±13.30% (𝜃𝜃 = 0), 35.27±15.30% (𝜃𝜃 = 5), 21.23±12.26% 
(𝜃𝜃 = 7.5), and 12.45±9.29% (𝜃𝜃 = 9) (Figure 10 (c); Table 2), indicating that 𝜃𝜃 = 9 
improves decoding while intervening on only ~12% of segments on average. 

 

 

Table 2: Downstream P300 speller decoding with a forehead-only montage (FP1/FP2; N=55). 
For each denoising condition (raw, wav_all, and TCN-guided selective denoising at thresholds  𝜃𝜃 ∈ {−5,0,5,7.5,9}dB), 
we report letter decoding accuracy after 5 and 10 repetitions (Letter@5, Letter@10; mean±SD across subjects), AUC 
(area under the letter-accuracy curve across repetitions 1–10; mean±SD), and the channel-wise fraction of test 
segments denoised (percentage of segments processed; mean±SD). 

Condition Letter@5 
(mean±SD) 

Letter@10 
(mean±SD) 

% segments 
denoised (test, 
mean±SD) 

AUC mean±SD) 

raw 0.149 ± 0.121 0.183 ± 0.165 0 ± 0 1.302  ±0.998 
wav_all 0.091 ± 0.099 0.129 ± 0.131 100 ± 0 0.872 ± 0.796 

𝜃𝜃 = −5 0.105 ± 0.098 0.13 ± 0.123 93.13 ± 6.92 0.933 ± 0.783 
𝜃𝜃 = 0 0.132 ± 0.112 0.17 ± 0.15 70.76 ± 13.3 1.22 ± 0.935 
𝜃𝜃 = 5 0.153 ± 0.126 0.215 ± 0.167 35.27 ± 15.3 1.448 ± 1.018 
𝜃𝜃 = 7.5 0.166 ± 0.132 0.223 ± 0.166 21.23 ± 12.26 1.548 ±1.06 
𝜃𝜃 = 9 0.182 ± 0.122 0.232 ± 0.162 12.45 ± 9.29 1.629 ± 0.981 

 

Finally, the optimal 𝜃𝜃 varied across subjects but favored higher thresholds. By 
Letter@10, 𝜃𝜃 ≥ 5dB was optimal for 76.4% of subjects (with 𝜃𝜃 = 9dB most frequent, 
30.9%), and similar trends were observed for Letter@5 (72.7% with 𝜃𝜃 ≥ 5dB). 

 

 

 
Figure 10: Downstream BCI evaluation on RSVP P300 speller decoding with FP1/FP2. (a) Group mean letter 
decoding accuracy versus repetitions (1–10) for raw, wavelet denoising applied to all epochs (wav_all), and TCN-
guided selective denoising. (b) Paired comparison of AUC between 𝜃𝜃 = 9dB and raw across 55 subjects. 
Selective denoising improves AUC. (c) Channel-wise fraction of denoised segments on the test set (mean±SD 
across subjects).  
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Section 4: Discussion 
In this work we introduced a two-head, single-channel noise regressor that estimates 
ocular and muscle noise loads in dB, and evaluated it on synthetic mixtures, an 
independent eyeblink dataset and a clean ERP paradigm. On synthetic data, the model 
provided accurate and calibrated estimates of EOG and EMG noise levels over a –10 to 
+10 dB range. On the eyeblink dataset, the EOG head reproduced blink-related 
topographies with high spatial correlation, and in the ERP case study, the EOG load 
estimates were sufficient to gate a conventional wavelet blink-removal method in a way 
that preserved P3 amplitudes. We further validated this “detector-as-control-signal” 
concept on a downstream BCI task using a 55-subject P300 speller dataset with a 
minimal forehead montage (FP1/FP2). In this setting, indiscriminate wavelet denoising 
applied to all epochs degraded letter decoding accuracy, whereas detector-guided 
selective denoising improved decoding in a threshold-dependent manner. For example, 
at 𝜃𝜃 = 9dB the selective pipeline increased Letter@10 from 0.183±0.165 (raw) to 
0.232±0.162 and improved AUC by 0.327 (𝑝𝑝 = 0.0040, 𝑑𝑑z = 0.405) while denoising only 
12.45±9.29% of test segments on average. Together, these results suggest that 
continuous noise-load estimates can serve not only as a quality indicator but also as a 
control signal for deciding when and where to apply artifact-removal techniques. 

Absolute speller performance with only FP1/FP2 is expectedly modest given the 
severely constrained spatial sampling and the fact that row/column P300 decoding 
typically benefits from broader centro-parietal coverage [68]. Nevertheless, 
performance remains above theoretical chance for 6×6 letter selection (1/36 ≈ 2.8%). 
Our intent here is therefore not to maximize speller accuracy, but to test whether noise-
aware selective denoising improves signal quality and downstream decoding in a 
limited-lead regime relevant to long-term wearable monitoring, where only a small 
number of frontal electrodes is practical and spatial multichannel artifact methods 
(e.g., ICA/ASR) are less applicable.  

The proposed model estimates contamination level; it does not guarantee recovery of 
neural information that may be distorted or lost due to electrode–skin interface changes 
or motion-related impedance fluctuations during eye movements. Likewise, cranial 
EMG overlaps spectrally with EEG, making perfect separation fundamentally 
challenging. Our contribution is therefore not complete artifact removal, but continuous 
quantification of ocular and muscle contamination to enable stronger interventions 
only when warranted and to avoid unnecessary processing of relatively clean data. 
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Beyond the specific wavelet example, the per-channel, per-epoch noise-load estimates 
could be used to govern a range of artifact-reduction methods. For example, predicted 
EOG load can determine when to apply more invasive processing, such as EMD/VMD 
decompositions or matrix-based approaches (PCA/SVD/low-rank), instead of running 
these uniformly across all data. Because the model outputs continuous loads in dB, the 
same signal can also support graded control: the predicted load may scale denoising 
strength (e.g., shrinkage thresholds, number of removed modes, or mixing weights 
between raw and processed signals), enabling light correction for mild contamination 
and stronger intervention only for highly contaminated segments. 

Although we focused empirically on blink-related artifacts, the EMG head provides 
analogous information for muscle contamination and could similarly gate or scale EMG 
suppression steps (e.g., high-frequency pruning in wavelet/EMD pipelines or 
component-based removal). Finally, the proposed detector also complements 
emerging end-to-end deep denoisers that map noisy EEG to a putative clean signal 
using sequence-to-sequence models (e.g., CNNs, TCNs, U-Nets). Such models are 
often trained for a dominant artifact type and operate as always-on filters, without an 
explicit estimate of contamination severity. In contrast, our regressor provides 
continuous EOG and EMG noise-load estimates (in dB) that can be used to condition 
denoisers, e.g., as additional inputs, gating variables, or soft mixing weights between 
raw and denoised outputs, so that the model behaves close to an identity mapping 
when contamination is low and becomes more aggressive only when warranted. This 
same principle distinguishes our approach from segmentation–denoising networks, 
which tightly couple artifact localization and reconstruction in a single end-to-end 
model: by separating estimation from removal, we obtain a lightweight, modular control 
signal that can gate or scale a range of denoisers and supports interpretable operating 
points (e.g., threshold 𝜃𝜃). 

This study has several limitations. First, the regressor was trained on synthetic mixtures 
derived from a single public dataset, with noise loads defined as channel-wise power 
ratios; although we validated generalisation on an independent blink dataset and 
demonstrated ERP and BCI utility, broader testing across recording systems, tasks, and 
populations is needed to characterise robustness to domain shifts. Second, the 
downstream evaluation focused on a single BCI paradigm (RSVP P300 speller) using a 
minimal FP1/FP2 montage; future work should assess additional paradigms (e.g., motor 
imagery, SSVEP) and electrode configurations to test generality. Third, we demonstrated 
detector-guided control using one wavelet-based pipeline, but did not systematically 
benchmark gating across other artifact-reduction families (e.g., EMD/VMD, component-
based methods, SSP-like projections, or end-to-end deep denoisers). Finally, while we 
compared several model families under a consistent protocol, we did not perform a 
detailed within-architecture ablation of the best-performing TCN; such ablations may 
further improve performance. Future work will therefore focus on expanding validation 
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datasets and tasks, integrating the detector with multiple denoising families, and 
quantifying impact on broader downstream applications such as clinical event 
detection and long-term ambulatory monitoring. 

Beyond artifact suppression, the noise-load estimates could also be used as covariates 
in downstream analyses, for example, as nuisance regressors in connectivity or spectral 
studies, or as quality indicators in large-scale EEG repositories. Because the detector 
operates at the level of channel–epoch pairs with low latency and a purely 
convolutional architecture, it is amenable to real-time deployment in wearable or 
mobile systems. In that setting, it could support adaptive gain control, trigger artifact-
sensitive event marking, or provide on-device quality feedback to participants and 
clinicians. 

Section 5: Conclusion 
We presented a two-head, single-channel noise regressor that estimates ocular and 
muscle contamination in dB from short EEG segments and enables noise-aware control 
of artifact reduction. Trained on synthetic mixtures with known EOG and EMG loads, a 
dilated TCN outperformed four alternative model families, achieving the best regression 
accuracy on both heads (EOG: MAE ≈ 1.8 dB, R² ≈ 0.82; EMG: MAE ≈ 1.0 dB, R² ≈ 0.94). 
On an independent eyeblink dataset, the EOG head recovered realistic blink 
topographies (subject-wise median spatial correlation ≈ 0.91). 

Across application studies, uniform denoising could degrade downstream outcomes, 
whereas detector-guided selective denoising was more conservative. On the P3 ERP 
dataset, indiscriminate wavelet blink removal reduced the number of significant ERP 
channels, while EOG-load gating preserved most baseline significant channels while 
denoising only a minority of segments. On a 55-subject P300 speller benchmark using 
FP1/FP2, denoising all epochs reduced letter decoding performance, whereas selective 
denoising improved decoding at conservative thresholds (e.g., θ = 9 dB) while modifying 
only ~12% of test segments on average. 

Overall, multi-head noise regression provides interpretable, continuous control signals 
that can make artifact suppression more targeted under constrained-lead conditions. 
Future work will extend validation across datasets and paradigms, integrate the 
detector with additional denoising families beyond wavelets, and evaluate 
generalisation to clinical event detection and long-term wearable EEG. 
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Code and data availability. 
The trained model weights and inference code will be made publicly available in an 
open repository upon acceptance of this manuscript. 
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