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Online denoising of eye-blinks in electroencephalography 

Abstract 

Objective 

Due to its high temporal resolution, electroencephalography (EEG) has become a broadly-used technology for 

real-time brain monitoring applications such as neurofeedback (NFB) and brain-computer interfaces (BCI). 

However, since EEG signals are prone to artifacts, denoising is a crucial step that enables adequate subsequent 

data processing and interpretation. The aim of this study is to compare manual denoising to unsupervised online 

denoising, which is essential to real-time applications. 

Methods 

Denoising EEG for real-time applications requires the implementation of unsupervised and online methods. In 

order to permit genericity, these methods should not rely on electrooculography (EOG) traces nor on 

temporal/spatial templates of the artifacts. Two blind source separation (BSS) methods are analyzed in this paper 

with the aim of automatically correcting online eye blink artifacts: the algorithm for multiple unknown signals 

extraction (AMUSE) and the approximate joint diagonalization of Fourier cospectra (AJDC). The chosen gold 

standard is a manual review of the EEG database carried out retrospectively by a human operator. Comparison is 

carried out using the spectral properties of the continuous EEG and event related potentials (ERP). 

Results and conclusion 

The AJDC algorithm addresses limitations observed in AMUSE and outperforms it. No statistical difference is 

found between the manual and automatic approaches on a database composed of 15 healthy individuals, paving 

the way for an automated, operator-independent, and real-time eye blink correction technique. 
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Débruitage en ligne de clignements des yeux en électro-encéphalographie 

Résumé 

Objectifs 

Grâce à sa haute résolution temporelle, l’électro-encéphalographie (EEG) est devenue une technologie répandue 

pour des applications de suivi de l’activité cérébrale en temps-réel, comme le neurofeedback (NFB) et les 

interfaces cerveau-machine (ICM). Cependant, les signaux EEG étant sensibles aux artéfacts, le débruitage est 

une étape essentielle qui permet un traitement et une interprétation convenables de la donnée. Le but de cette 

étude est de comparer les méthodes de débruitage manuel et de débruitage en ligne non-supervisé, essentiel pour 

les applications temps-réel. 

Méthodes 

Débruiter l’EEG pour des applications temps-réel exige l’implémentation de méthodes de débruitage en ligne 

non-supervisées. De plus, afin d’être génériques, ces méthodes ne devraient pas s’appuyer sur une référence 

électro-oculographique (EOG), ni sur un modèle temporel ou spatial des artéfacts. Deux méthodes de séparation 

aveugle de source (SAS) sont analysées dans ce papier avec le but d’automatiquement corriger en ligne les 

artéfacts de clignements des yeux: l’algorithme d’extraction de multiples signaux inconnus (AEMSI) et la 

diagonalisation conjointe approchée des cospectres de Fourier (DCAC). Le test de référence choisi est l’examen 

manuel de la base de données complète, réalisée rétrospectivement par un opérateur humain. La comparaison est 

réalisée en utilisant les propriétés spectrales de l’EEG continu et les potentiels évoqués. 

Résultats et conclusion 

L’algorithme DCAC résout les limitations observes dans AEMSI et s’avère plus performant. Aucune différence 

statistique n’est trouvée entre les approches manuelle et automatique sur une base de données composée de 15 

sujets sains, ouvrant la voie pour une technique de correction de clignement des yeux automatique, sans 

opérateur et temps-réel. 

 

Mots clés: clignement des yeux, débruitage, électroencéphalographie, en ligne, non-supervisé, séparation 

aveugle de sources. 

 

  



[4] 

Introduction 

Electroencephalography (EEG) is a non-invasive measure of cerebral electrical potentials recorded at several 

scalp locations. Due to its high temporal resolution and portability, EEG has become a broadly-used technology 

for brain monitoring [45]. Unfortunately, EEG time-series are prone to several different types of artifacts, i.e., 

electric potentials that are not generated by the brain. Artifacts may have biological, instrumental or 

environmental origin. Occasionally, their energy may be some order of magnitude greater than that of the 

neurophysiological signal of interest [12] [76]. In this context, proper denoising is a crucial step for EEG data 

analysis [30]. Denoising refers to the removal of components/sources that are not considered “useful” or 

“informative” with respect to the application. Many methods have been developed for this purpose [20] [73] [82] 

[29] [81]. With respect to their data processing procedure, the denoising methods can be classified into four 

categories, which we have termed: manual, offline, block-online and online (Fig. 1). These are defined below. 

 Manual: The complete recording is available, from beginning to end. A human operator inspects the 

recording on an epoch-by-epoch basis and marks artifactual epochs. Epochs containing artifacts are either 

entirely rejected (approach not considered in this study), or the artifactual sources are rejected, thus 

providing denoised/corrected epochs [84] [35] [80]. 

 Offline: The complete recording is available, from beginning to end, and is processed automatically by an 

expert algorithm, such as FASTER [57], MARA [90], ADJUST [51], PureEEG [27], SASICA [8] or 

Autoreject [32]. 

 Block-online: The recording is processed automatically on an epoch-by-epoch basis, with epoch length 

greater than 500 ms, for instance, as in LAMIC [56] or FORCe [16]. Block-online unsupervised approaches 

typically require blocks (sometimes called trials) of about 1 s to 4 s length [56] [23] [16]. 

 Online: The recording is processed online as before, but instantaneously. Although these methods may work 

on a sample-by-sample basis, the EEG acquisition in practice is carried out by buffered blocks. These 

methods are different from those belonging to the previous category in that the block size may be very small 

(typically, 10 to 50 ms). In this way, the processing may be considered as “real-time”. 

 

 

Fig. 1 Current available methods for denoising EEG signals displayed in increasing order of technical difficulty: manual, 

offline, block-online and online. 

The manual procedure is often considered the gold standard in terms of quality [35]. However, it is fully 

supervised and thus time-consuming. It also introduces an operator-dependent bias with consequent problems of 

consistency and repeatability. Automated offline approaches can exploit the whole EEG database, and thus are 
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generally efficient in addition to being consistent [57], [8]. Some of these offline approaches require an initial 

supervised calibration to learn detection thresholds [51] or classifiers [90] [39] [66]. Obviously, neither the 

manual nor the offline procedure is of any use in real-time applications such as neurofeedback (NFB) [1] and 

brain-computer interfaces (BCI) [45]. To be useful in these real-time applications, the denoising procedure must 

minimize the feedback delay in order to maximize processing speed, in addition to being unsupervised. The 

ability of an automated denoising procedure to operate on a sample-by-sample basis is thus instrumental for 

these applications. The task is challenging and the difficulty is exacerbated by the high variability and non-

stationarity of artifacts. 

In this article, we are interested in fully unsupervised denoising methods that can operate on a sample-by-sample 

basis. We focus on the denoising of eye blinks because these artifacts are ubiquitous and inevitable in eyes-open 

EEG recordings. In contrast to eye movements, eye-blinks generate potentials through the eyelid sliding down 

over the positively charged cornea [43] [44]. They produce shifts of the electric fields that propagate across the 

whole head and their amplitude can be one order of magnitude larger than the activity generated by the brain 

[24]. Eye-blinks may affect the signal amplitude over the entire scalp [30] with a strong energy (decreasing in 

frequency with a power law decay) and a typical frontal-to-posterior decaying gradient (Fig. 2). The blink 

waveform shows a large inter-subject variability. Furthermore, voluntary blinks are larger in amplitude and 

longer in duration than natural ones [43]. 

 

 

Fig. 2 a) Example of EEG recording with eye blinks; very strong eye blinks in frontal channels, with time in seconds on the 

x-axis and channels name on the y-axis. b) The spectral density of the blink source identified with the AJDC technique (see 

next section), with frequencies in Hz on the x-axis. c) The associated scalp topography of the blink source, indicating 

electrode location with white squares. 
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Denoising eye-blinks is crucial for NFB and BCI applications. In NFB protocols, EEG is analyzed in real-time 

and transformed into a metric that is instantaneously fed back to the subject. This metric is based on sets of target 

frequency band power, with the goal for subjects to learn and ultimately regulate the amplitudes or ratios of such 

powers. While eye-blinks have a strong energy in delta and theta bands, the blinks will still be present in alpha 

and beta bands [22] [26] [46] [47]. Consequently, the energy of uncorrected blinks can overlap the target 

frequency bands of NFB, and modify the feedback stream [53]. In BCI, artifacts must not be utilized mistakenly 

(i) during the training step, to be sure that neurophysiological activity controls the BCI instead of artifacts, and 

(ii) during the online step, to avoid artifacts interfering with the brain control. Artifacts kept in these two steps 

degrade the performance of the BCI [49] [89] [16] [67] [37]. 

A powerful method for denoising eye blinks is blind source separation (BSS). The aim of BSS is to estimate 

unknown sources from observed channels, which are the result of an unknown mixing process [9] [11]. The 

method is called blind because neither the sources nor the mixing process are assumed to be known. BSS 

denoising consists of decomposing the signal into several source components, rejecting sources identified as 

artifacts, then reconstructing the signal. 

The purpose of this study is to compare the performance of two blind source separation (BSS) methods: the 

algorithm for multiple unknown signals extraction (AMUSE) [79] and the approximate joint diagonalization of 

Fourier cospectra (AJDC) [12]. Both methods are unsupervised and are suitable for eye blink denoising on a 

sample-by-sample basis. As a benchmark method, we chose a manual denoising procedure. We analyze a 

database of resting-state continuous recordings and event-related recordings of 15 subjects. To compare manual 

and automatic denoising, spectral and spatial correlations are estimated between manual and automatic denoised 

power spectra, and event related potentials (ERP) enhancement is estimated in terms of signal-to-noise ratio 

(SNR). 

Materials and methods 

Participants and EEG recordings 

EEG data of 15 healthy subjects aged between 7 and 80 years were used in this study. The data is part of a 

normative database previously acquired as a standard reference by the Data Center for Korean EEG, Seoul 

National University, Korea. The exclusion criteria for the database were: history of pathology during the 

perinatal period, history of neurological or mental diseases, head injuries or convulsive/paroxysmal activity, 

current serious behavioral problems or current consumption of CNS-active medications. 

EEG was recorded from the subjects during a visual continuous performance task (VCPT) designed for ERP 

studies [63], in addition to an eyes closed (EC) and eyes open (EO) resting condition. The EEG was recorded by 

a Mitsar-EEG 202 digital electroencephalograph (Mitsar Ltd., St. Petersburg, Russia) with an electro-cap 

(Electro-cap International Inc., Eaton, Ohio, USA) equipped with 19 electrodes placed according to the 

international 10-20 system [33]: Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, С4, T4, T5, P3, Pz, P4, T6, O1, and 

O2. The reference electrodes were placed on the mastoids and the ground electrode was placed at the Fpz 

derivation. Electrode impedance at all electrodes did not exceed 5 kΩ. The EEG sampling rate was 250 Hz and 

the amplifier band-pass was set to 0.53-50 Hz. The participants were asked to sit up straight and watch a 17-inch 

computer monitor placed 1.5m in front of them. For the eyes open condition, participants were asked to sit in the 
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chair comfortably and to move as little as possible. For the eyes closed condition, participants were asked to 

avoid falling asleep or being drowsy. The length of the recording for the VCPT task was 21 minutes. For both 

the EO and EC conditions, the length was 4 minutes. 

Ethical statements 

All procedures performed in studies involving human participants were in accordance with the ethical standards 

of the institutional and/or national research committee and with the 1964 Helsinki declaration and its later 

amendments or comparable ethical standards. Informed consent was obtained from all individual participants 

included in the study. The data used in this paper was collected after approval from the IRB (Institutional 

Review Board) committee in Seoul National University, Korea. 

Procedures 

In order to compare and contrast the performance of different denoising techniques, we decided to quantify the 

SNR of two known physiological components: the alpha rhythm elicited in occipital areas during EO condition 

and the EPR following the presentation of a visual or auditory stimulation. Our hypothesis is that the amplitude 

of the SNR extracted from signals pre-processed with different techniques should reflect the effectiveness of 

those techniques. More precisely, a more accurate rejection of eye blinks should translate into a higher EO or 

ERP SNR. In the literature, the ERP task is a common way to compare denoising procedures [24] [13] [56] [50] 

[57] [82] since grand average ERPs are damaged by ocular artifacts. 

 

 

Fig. 3 Description of the four pairs of stimuli forming the Go-NoGo protocol, with stimulus duration and inter-stimulus 

intervals in ms: conditions Go, NoGo, Ignore and Novel. 

 

The ERP task is a Go-NoGo paradigm using four pairs of stimuli presented in succession with a 1s inter-stimulus 

interval (Fig. 3). The four possible pairs are: 

 Go condition: animal (A) followed by animal. Participants are required to press a button as quickly as 

possible. 
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 NoGo condition: animal followed by plant (P). Participants are required not to press the button. 

 Ignore condition: plant followed by plant. Participants are required not to press the button. 

 Novel condition: plant followed by human (H), plus a novelty sound. Participants are required not to 

press the button. 

Each condition was presented 100 times, allowing for the recording of 400 ERP trials in total. After a careful 

visual inspection of the recordings, data from subject 3 was excluded from the ensuing analysis because of the 

bad quality of the manually denoised recording. Consequently, data of 14 participants were included in the 

ensuing analysis. 

Description of denoising techniques 

Blind source separation 

In BSS we assume that the observed recordings at the scalp are the result of an unknown mixture of unknown 

sources [9] [11]. Because of a number of physiological and physical reasons listed in [12], the multichannel EEG 

signal recorded at N channels/sensors X ∈ ℝN can be modeled as a linear (instantaneous) combination of M ≤ N 

independent sources S ∈ ℝM, such as 

 

X = A S , 

 

where A ∈ ℝN×M is the mixing matrix, considered constant throughout the recording. The goal of BSS is to 

estimate the separating/demixing matrix B ∈ ℝM×N allowing source estimation 

 

S = B X , 

 

with B being the estimated pseudo-inverse of (unknown) matrix A. According to BSS theory, the source process 

can be estimated up to a permutation and scaling factor (amplitude and sign). Many BSS methods exist to 

estimate the separating matrix imposing statistical properties to sources, including independent component 

analysis (ICA) [10], which is based on the estimation of higher order statistics (HOS) [7], and methods based on 

second order statistics (SOS) [4]. The cleaned signal is obtained by rejecting sources identified as artifacts by the 

diagonal activation matrix D ∈ ℝM×M whose diagonal elements are 0 for artifact components and 1 otherwise, 

such as 

 

X̃ = A D S . 

 

The process of BSS denoising is summarized schematically in Fig. 4. In BSS, the estimation of the 

separating/demixing matrix B is unsupervised, but this is not the case for the activation matrix D, which is 

needed to identify the artifactual sources; this can be obtained either manually in a supervised fashion (cf. 

manual denoising in Section 0) or automatically with additionally processing. 

For eye blink denoising, in [25], [14], [54], [34], [86], [21], [69], [38], [68] and [61], several automatic methods 

have been proposed to identify the eye blink component. All these methods require the recording of 
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electrooculographic (EOG) traces in addition to EEG using one or more additional electrodes next to the eyeball. 

The availability of EOG channels makes the detection easier; however this is not always possible since many 

EEG headsets do not include EOG channels. In this paper we are interested in methods based on EEG channels 

only. Among those, some methods use artifact templates/references extracted on a database: temporal templates 

[34] [56] or spatial templates [42] [85] [5]. Temporal templates are sensitive to sampling rate and filtering 

characteristics (filter order, cut-off frequencies), whereas spatial templates are specific to a particular EEG 

spatial configuration, i.e., the configuration of the channels of the headset used in the database. Other methods 

include prior knowledge in a semi-blind source separation (SBSS), using temporal constraints [31] or spatial 

constraints [28] [55]. Spatial constraints can be computed from a Parallel Factor analysis [87] applied on a 

space-time-frequency decomposition of eye-blink contaminated EEG recordings [55]. These constraints, 

however, have the same limitations as templates. Alternatively, eye-blink component identification can be 

performed by machine learning [71] [40] [6] [18] [70] [90] [83] [66]: spectral, temporal and spatial features are 

extracted on a database and then a classifier decides if a component is to be considered as an artifact or not. As a 

matter of fact, all these methods require a supervised training step applied on extensive labelled recordings. This 

is another limitation we wish to avoid. 

 

 

Fig. 4 Illustration of the BSS denoising concept: first, the signal 𝑋 is decomposed in sources components using the estimated 

demixing matrix 𝐵; then, artifactual sources are rejected using activation matrix 𝐷; and finally, the signal is projected back 

into the sensor space using the estimation of the mixing matrix 𝐴 (the pseudo-inverse of B), providing the sought denoised 

signal �̃�. 

 

In this article, we are interested in an unsupervised online eye-blink denoising procedure that does not make use 

of EOG traces or an extensive training database. Moreover, we require the procedure be reference-free, i.e., 

without a spatial or temporal template that is dependent on the headset, and potentially specific to the training 

subject(s) [43]. Such a generic method would thus be compatible with any headset. In order to achieve this, we 

allow only a non-supervised self-calibration step, i.e., a small segment of signal can be used to learn relevant 

features. Consequently, this type of denoising can be applied on a single signal/trial, as well as on a complete 

database. 

Manual denoising 

Manual denoising was carried out using the WinEEG software (Nova Tech EEG, Mesa, United States). The 

application filters EEG and removes artifacts using a supervised ICA technique [35] known as Infomax [3] [41]. 

To remove artifacts, the operator scrolls the data and selects the artifactual epochs. ICA is performed on 

artifactual epochs, and a visual inspection of source waveforms and topographies is then made by the operator to 
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select artifactual sources, which are rejected specifying the diagonal activation matrix D described above. The 

remaining sources are then projected back into the sensors’ space in order to recover the “de-artifacted” epoch. 

This denoising approach is called “manual” because artifactual epochs and artifactual sources are identified by 

an operator. 

Online unsupervised denoising 

Online BSS denoising was carried out with the NeuroRT Studio software (Mensia Technologies, Paris, France), 

a complemented and certified version of the OpenViBE software [62], which was initially designed for real-time 

analysis of EEG signals, BCI and virtual reality (http://openvibe.inria.fr/). In NeuroRT Studio, two denoising 

plugins are dedicated to the online removal of eye blink artifacts: the first one based on maximum noise fraction 

(MNF) [72], which is equivalent to the well-known AMUSE [79], and the other based on AJDC [12]. For 

research reproducibility, these two plugins are available in NeuroRT Studio. The two denoising methods can 

operate on a sample-by-sample basis; denoising is thus independent from the block/epoch/window duration of 

the input signal. Of course, such methods may be used to denoise the EEG stream instantaneously (online), with 

a short delay (block-online) or retrospectively (offline). 

AMUSE and AJDC make the same hypothesis about the sources: their power spectra are all pair-wise non-

proportional. Consequently, white noise sources as well as sources with identically shaped power-spectra cannot 

be separated. In AMUSE, this statistical hypothesis is captured by a one-lag covariance matrix. The efficiency of 

this method is increased considerably by utilizing covariance matrices with several lags, like in second-order 

blind identification (SOBI) [4], or Fourier cospectral matrices, like in AJDC [12]. We prefer the latter because (i) 

it is not easy to choose the appropriate set of lagged covariance matrices [75] [74], (ii) choosing the set of 

cospectral matrices, i.e., the number of frequencies, is directly related to the spectral characterization of searched 

sources [12], and (iii) AJDC has been shown to perform better than SOBI [19]. 

AMUSE is a BSS method separating sources with different power spectra, equivalent to an auto-correlation 

function. The solution is given by a generalized eigenvalue-eigenvector problem; thus the estimated sources are 

naturally sorted by order of auto-correlation. Typically, the two sources with the highest auto-correlation 

correspond to blinks and/or other eye-movements, and therefore can be removed without supervision [72]. 

Contrary to the previous approach, AMUSE does not require the operator to visually identify artifactual sources. 

A real-time implementation of this method computes covariance matrices on a 10 s memory to estimate the BSS 

separation matrix, and applies the BSS denoising on the last sample, or epoch, of data (same layout as in [48]). 

AJDC is also a BSS method that separates sources with non-proportional power-spectra [12]. It is more powerful 

than AMUSE since the solution does not rely on a generalized eigenvalue-eigenvector solution, but on 

approximate joint diagonalization of several matrices. AJDC is still an unsupervised BSS technique, but it 

requires some processing to identify the artifactual sources to be eliminated. In order to do so, we apply AJDC to 

a 1 minute training signal that must contain eye blinks, and then we extract features from the obtained filters and 

sources. These features must be insensitive to source amplitude and sign (due to BSS uncertainties) and to the 

number of blinks contained in this training signal1. We extract (i) spatial features on the backward filters to 

capture: the left-right symmetry in signs and in amplitudes of coefficients, the strong power in frontal channels 

(ratio of amplitudes average between frontal and posterior areas), the typical frontal-to-posterior decaying 

                                                      
1 This is why we do not used sources kurtosis [51] [66] [57] [16] which strongly depends on the number of blinks present in 

the considered signal. 
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gradient (Spearman's rank correlation to measure the monotonic evolution from frontal to occipital channels); (ii) 

spectral features on estimated sources (ratio of averaged spectral powers between bands 1-3 Hz and 4-30 Hz), 

and (iii) the Pearson correlation between sources and most frontal channels. These features, independent from 

the EEG spatial configuration, will identify the spatial filter corresponding to the blink source. Finally, we 

monitor the blink source in real-time, using a thresholding criterion to decide which samples should be removed. 

It should be noted that the number of blinks (isolated or in quick succession) has no impact on this denoising 

procedure. Such a denoising procedure can be applied either online or offline, offering the possibility to include 

time offsets before and after the blink and thereby avoiding edge effects. If the time offset is null before the 

blink, the beginning of the blink can be missed, thus is not denoised, and can generate an edge between two 

consecutive EEG blocks. 

Comparison of denoising techniques 

Power spectra computation 

We compare the average power spectrum obtained from each electrode using no denoising (raw data), manual 

denoising, and automatic denoising (by AMUSE and AJDC). The average power spectrum is computed on the 

four minutes of eyes open resting condition. Such an EEG signal contains eye blinks and is not influenced by 

external visual stimulation. The raw data is filtered with 4th-order Butterworth filters: 0.53 Hz high-pass filter, 50 

Hz low-pass filter, and 55-65 Hz notch filter. To compute the power spectra, EEG signals are resampled at 128 

Hz after anti-aliasing filtering. Overlapping epochs of 0.5 seconds are extracted every 0.25 seconds, then 

windowed (Hamming). From these windowed epochs, a power spectrum estimate is obtained via Fast Fourier 

Transform in the band-pass region 2-32 Hz with a frequency resolution of 2 Hz. The average across the epochs is 

used to estimate the power spectra. The procedure we have just described corresponds to the well-known Welch 

method [88]. 

ERP computation 

We compare the ERP obtained from each signal again using no denoising (raw data), manual denoising, and 

automatic denoising (AMUSE and AJDC). We focus on a time-domain analysis of the P100 ERP (a positive 

peak at 100 ms directly following a visual stimulation) because this response is more stable in time and displays 

less inter-individual variability as compared to later ERPs. EEG data is centered using a moving average of size 

5 seconds (detrending). Then, the 100 ERP trials obtained in each condition are averaged. ERP enhancement is 

measured by computing the SNR. Since P100 is consistently distributed in parietal and occipital electrodes, the 

SNR is computed as the energy in channels P3, Pz, P4, O1, O2 on a window of 100 ms around the P100 peak 

divided by the total energy of the signal on a time window going from 0 to of 700 ms post-stimulus. We end up 

with 56 SNR values for each denoising method (4 conditions times 14 subjects). 

Statistical analysis 

In order to assess the difference between denoising procedures, the following statistical analyses are performed 

on the SNRs derived from the data. 
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Spectral analysis 

Initially, the spectra are averaged across all subjects and displayed in a topographic map that shows spectral 

content as a function of spatial position, allowing for visual interpretation of differences between two 

procedures. Then, for each subject, average spectra of both methods are compared using the Pearson correlation 

coefficients. Correlations are given by channels (computed along frequency dimension), and by frequency 

(computed along channel dimension). For inter-subject comparison, the median value and median absolute 

deviation of coefficients across subjects were used instead of mean and standard deviation, to account for 

asymmetric distributions. The median absolute deviation of a set {𝑦𝑖}𝑖=1
𝐼  is defined as 𝑚𝑒𝑑𝑖𝑎𝑛𝑗=1⋯𝐼 { |𝑦𝑗  −

  𝑚𝑒𝑑𝑖𝑎𝑛𝑖=1⋯𝐼 {𝑦𝑖}| } . 

ERP analysis 

For analysis purposes, SNRs were first log-transformed to promote symmetry of the distribution. A Wilcoxon 

signed-rank test was then used to test the null hypothesis that the difference between paired log-SNR values from 

the manually and automatically processed EEG records is equal to zero. 

Results of comparison between denoising techniques 

Spectral analysis 

For the comparison between manual and AMUSE denoising, the spectrum at each electrode is displayed in Fig. 

5, averaged across all subjects. Spectra derived from raw signals are represented in green, manually denoised in 

black, and automatically denoised in blue. This convention for the line color will be kept henceforth. On frontal 

channels, spectral energy of the raw signals is removed by both denoising methods, which is related to blink 

removal. On parietal and occipital channels, differences between raw spectra and denoised spectra are reduced 

since there is less noise in these areas. We observe that AMUSE removes more energy than the manual 

denoising. Even in the absence of artifacts, due to its unsupervised nature, AMUSE tends to remove more energy 

than necessary, especially in low frequencies. This is a drawback of the AMUSE method and will be detailed 

later in the section “Limitations of AMUSE”. 

Spatial and spectral correlation coefficients are then computed to quantify the similarity between manual and 

automatic methods. Medians and median absolute deviations of correlation coefficients across subjects are 

plotted in Fig. 6, and median values are detailed in Table 1 and  

Table 2. Regarding these results, we observe that spatial correlations are high, mainly situated between 0.98 and 

1. On frontal channels, correlation is slightly lower, which can be explained by the fact that the automatic 

method always removes more energy than the manual one. We observe that spectral correlation values are lower 

than spatial correlation values, even if they remain quite high and show a consistent correlation at all frequencies 

between the two artifact-rejection methods. 
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Fig. 5 Power spectra estimated at each electrode and averaged across all subjects, with frequencies on the x-axis (given in 

Hz) and spectral amplitudes on the y-axis. Spectra derived from raw signals are represented in green, those from manually 

denoised signals in black, and those from automatically denoised (by AMUSE) in blue. Manual denoising removes eye blinks 

in frontal regions, and it is close to raw data in posterior electrodes. Automatic denoising also removes eye blinks in frontal 

regions, but tends to remove more energy than necessary over the entire spectrum and in the majority of channels. 

 

Table 1 Spatial correlation coefficients for each channel between spectra derived from manually and automatically 

(AMUSE) denoised signals; median across subjects. 

Channel Fp1 Fp2 F7 F3 Fz F4 F8 T3 C3 

Corr coeff 0.929 0.938 0.992 0.990 0.994 0.991 0.987 0.994 0.996 

Cz C4 T4 T5 P3 Pz P4 F8 O1 O2 

0.998 0.996 0.993 0.998 0.998 0.999 0.999 0.997 0.999 0.999 

 

Table 2 Spectral correlation coefficients at each frequency (in Hz) between spectra derived from manually and automatically 
(AMUSE) denoised signals; median across subjects. 

Frequency 4 6 8 10 12 14 16 18 20 

Corr coeff 0.784 0.827 0.810 0.807 0.810 0.784 0.817 0.842 0.858 

22 24 26 28 30 32 

0.814 0.818 0.836 0.839 0.849 0.856 
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Fig. 6 Spatial (left) and spectral (right) correlation coefficients between spectra computed from manually and automatically 

(AMUSE) denoised EEG, giving medians and median absolute deviations across subjects. 

 

For the comparison between manual and AJDC denoising, the spectrum at each electrode is displayed in Fig. 7, 

averaged across all subjects. Spectra derived from raw signals are represented in green, manually denoised in 

black, and automatically denoised in blue. On frontal channels, spectral energy of the raw signals has been 

removed by both denoising methods, which is related to blink removal. The quantity of removed energy is 

similar between denoising methods. On parietal and occipital channels, differences between raw spectra and 

denoised spectra are reduced since there is less noise in these areas. 

Spatial and spectral correlation coefficients were computed to quantify the similarity between manual and 

automatic methods. Medians and median absolute deviations of correlation coefficients of subjects are plotted in 

Fig. 8, and median values are detailed in  

Table 3 and in  

Table 4. 

Regarding these results, we can observe that spatial correlations are high, mainly situated between 0.998 and 1. 

On frontal channels, correlation is slightly lower because eye blinks are not removed by the same BSS method: 

Infomax for manual denoising and AJDC for automatic denoising (cf. the section “Description of denoising 

techniques”). Spectral correlations values are lower than spatial correlation values, even if both correlation 

values remain quite high. Low-frequencies have satisfactory correlations, contrary to the previous version of 

automatic denoising based on AMUSE, which removed blinks as well as low-frequency signal components (cf. 

the section “Limitations of AMUSE”). 
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Fig. 7 Power spectra estimated at each electrode and averaged across all subjects, with frequencies on the x-axis (given in 

Hz) and spectral amplitudes on the y-axis. Spectra derived from raw signals are represented in green, those from manually 

denoised signals in black, and those from automatically denoised (by AJDC) in blue. Manual and automatic denoising 

methods have similar spectra: they remove eye blinks in frontal regions, and they are similar to raw data in other electrodes. 

 

Table 3 Spatial correlation coefficients for each channel between spectra derived from manually and automatically (AJDC) 

denoised signals; median across subjects. 

Channel Fp1 Fp2 F7 F3 Fz F4 F8 T3 C3 

Corr coeff 0.993 0.994 0.999 0.998 0.999 0.999 0.999 1.000 1.000 

Cz C4 T4 T5 P3 Pz P4 F8 O1 O2 

1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

 

Table 4 Spectral correlation coefficients at each frequency (in Hz) between spectra derived from manually and automatically 

(AJDC) denoised signals; median across subjects. 

Frequency 2 4 6 8 10 12 14 16 18 

Corr coeff 0.925 0.906 0.939 0.939 0.953 0.937 0.926 0.937 0.939 

20 22 24 26 28 30 32 

0.933 0.888 0.885 0.892 0.885 0.889 0.909 
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Fig. 8 Spatial (left) and spectral (right) correlation coefficients between spectra computed from manually and automatically 

(AJDC) denoised EEG, giving medians and median absolute deviations across subjects. 

 

ERP analysis 

For the AMUSE method, the grand averaged ERP is visualized at location O1 in Fig. 9 for the four conditions: 

Go, NoGo, Ignore and Novel. On each plot, time is indicated on the x-axis in samples and the amplitude of the 

ERP is indicated on the y-axis in µV, with mean (line) and standard deviation (colored area) of ERP computed 

across subjects. ERPs extracted from raw signals are represented in green, manually denoised in black, and 

automatically denoised by AMUSE in blue. Due to space restriction, only the O1 electrode is shown, but it is 

representative of the event-related potentials observed in these data. We see that the distributions of cleaned ERP 

are quite similar in the four conditions. The inter-subject variability of the P100 estimation is lower for automatic 

denoising compared to the other methods. 

We computed the SNR of the grand average ERPs. The advantage of the SNR criterion is that it takes into 

account the noise around the ERP; it is thus a good enhancement measure which does not require normalization 

of obtained ERPs. The logarithm transformation normalizes the distributions of SNR values. Using histograms, 

the distributions of log-SNR values for the manual and automatic (AMUSE) technique are plotted in Fig. 10. 
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Fig. 9 Grand average ERP at location O1 for the conditions: Go (top left), NoGo (top right), Ignore (bottom left), Novel 

(bottom right). On each plot, time is indicated on the x-axis in samples and the amplitude of the ERP is indicated on the y-

axis in µV, with mean (line) and standard deviation (colored area) of ERP computed across subjects. ERPs computed from 

raw signals are represented in green, manually denoised in black, and automatically denoised (by AMUSE) in blue. 

 

 

Fig. 10 Distribution of log-transformed SNR values for ERPs extracted from manually (left) and automatically by AMUSE 

(right) denoised EEG. 
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In order to measure the similarity between these two distributions, the non-parametric Wilcoxon signed-rank test 

is applied on the log of the SNR values obtained with the two techniques. As reported in Table 5, the p-value is 

equal to 0.0151, indicating that the observed difference between enhancements is statistically significant in favor 

of the automatic technique. Note that both techniques result in a significant enhancement as compared to the raw 

data. 

 

Table 5 Details of statistical analysis comparing the distributions of log-SNR values of ERPs extracted from raw, manually 

denoised and automatically denoised (by AMUSE) signals. The values displayed are the mean and standard deviation of the 
log-SNR distributions; and distributions derived from manual and automated (AMUSE) are compared with a paired statistic. 

Methods raw manual AMUSE 

Mean +/- sd of log SNR -4.44 +/- 1.25 -3.20 +/- 0.91 -2.90 +/- 0.69 

p-value - 0.0151 

 

Concerning the AJDC method, Fig. 11 shows the averaged ERP (in µV) taken at electrode O1 for the four 

conditions: Go, NoGo, Ignore and Novel. On each plot, time is indicated on the x-axis in samples and the 

amplitude of the ERP is indicated on the y-axis in µV, with mean (line) and standard deviation (colored area) of 

ERP computed across subjects. ERPs extracted from raw signals are represented in green, manually denoised in 

black and automatically denoised by AJDC in blue. We can see that distributions of enhanced ERP are quite 

similar for the four conditions. Regarding the standard deviations, it can be noted that the subject variability of 

the P100 estimation is lower for automatic denoising compared to the other methods. 

The SNR is computed from these averaged ERPs, as explained above. Using histograms, the distributions of log-

SNR values obtained with the manual and automatic (AJDC) technique are plotted in Fig. 12. 

In order to test the null hypothesis that both denoising techniques provide equivalent SNR enhancements, the 

non-parametric Wilcoxon signed-rank test is applied on log SNR values obtained with both techniques. As 

reported in Table 6, the p-value is equal to 0.3567, indicating that the observed difference between the two 

denoising techniques is not statistically significant. Both techniques provide a significant enhancement with 

respect to the raw data. However, AJDC does not display the same limitations as displayed by AMUSE, as 

discussed in next section. 
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Fig. 11 Grand average ERP at location O1 for the conditions: Go (top left), NoGo (top right), Ignore (bottom left), Novel 

(bottom right). On each plot, time is indicated on the x-axis in samples and the amplitude of the ERP is indicated on the y-

axis in µV, with mean (line) and standard deviation (colored area) of ERP computed across subjects. ERPs computed from 

raw signals are represented in green, manually denoised in black, and automatically denoised (by AJDC) in blue. 

 

 

Fig. 12 Distribution of log-transformed SNR values for ERPs extracted from manually (left) and automatically by AJDC 

(right) denoised EEG. 
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Table 6 Details of statistical analysis comparing the distributions of log-SNR values of ERPs extracted from raw, manually 

denoised and automatically denoised (by AJDC) signals. The values displayed are the mean and standard deviation of the 
log-SNR distributions; and distributions derived from manual and automated (AJDC) are compared with a paired statistic. 

Methods raw manual AJDC 

Mean +/- sd of log SNR -4.44 +/- 1.25 -3.20 +/- 0.91 -3.32 +/- 0.75 

p-value - 0.3567 

 

Limitations of AMUSE 
As observed in results, automatic denoising by AMUSE presents some drawbacks, which are detailed below. 

 

Block effects  

BSS methods for automatic denoising can produce block effects, the result of processing data online in small 

blocks (6,25 ms for example, given by 8 samples at 128 Hz). In eye blink removal, if the beginning of a blink 

wave is situated at the end of a data block, it can be missed and thus not denoised. Since the following block is 

denoised, it creates an edge between the two consecutive blocks. 

 

Delta band  

For eye blink removal, an auto-correlation based criterion is used to separate sources. Consequently, AMUSE 

tends to suppress the highest auto-correlated sources, i.e., sources composed mainly of low-frequencies. 

However, when EEG signals contain low-frequencies components as slow cortical potentials, they may be 

removed by AMUSE. To avoid this, the low cut-off frequency of the band-pass filter can be pulled-up, 

preventing the study of low-frequencies. Similarly, when there are no blinks in the signal, as in eyes closed 

recordings, the algorithm should not be activated, to avoid the removal of valuable information in the signal. 

This is illustrated in Fig. 13 showing the signal before (top) and after (middle) automatic blink removal when the 

low cut-off frequency of the band-pass filter is set to 0.5 Hz. Sources estimated by the AMUSE method are also 

displayed (bottom). The blinks can be observed on the frontal channels of the filtered and denoised signals. This 

is due to the presence of the low-frequency components, which are captured by the BSS method as the two most 

auto-correlated sources, and are thus rejected. We see that the blink source appears as the third source, and is 

thus kept. Changing the low cut-off frequency of the band-pass filter from 0.5 Hz to 2 Hz, as seen in Fig. 14, 

moves the blink source to the last position, which is thus rejected from the denoised signal. 

 

Alpha band  

In Fig. 15, we illustrate how alpha components present in the original signal (top) can occasionally be rejected 

by automatic blink removal. We focus on the epoch between 1415s and 1416s, which contains strong alpha 

waves. In this epoch, since there is no blink, the most auto-correlated components of the signal are alpha 

components, as captured by the source separation (bottom). Since the AMUSE method rejects the two last 

sources (bottom), alpha components are rejected along with blinks, as observed in the denoised signal (middle). 

This phenomenon is amplified on signals without blinks, as for example signals in eyes closed sessions, which is 

why such an eye blink removal is not suitable in general for eyes-closed data. 
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Temporary signal contamination  

In Fig. 16, another example of undesirable behavior of AMUSE is presented. In the original signal (top), a 

transient wave appears at location Cz (channel 10) between 814s and 815s. As the analysis window of the 

AMUSE method is very long, it keeps the separation of artifacts in the frontal areas in memory. Consequently, 

this pattern, partially captured in the most auto-correlated sources, is removed from the signal as it is identified 

as a blink. This leads to the contamination of all the channels and introduces an additional block effect, which 

reduces the overall data quality on this segment. 
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Fig. 13 Illustration of the eye blink removal with AMUSE with a low cut-off frequency of 0.5 Hz, with the original signal 

(top), denoised signal (middle) and sources (bottom). The x-axis shows the time in seconds, while the y-axis indicates the 

channel name (electrode or source number). In this example, one can see that the two most auto-correlated sources estimated 

by AMUSE (bottom plot, Sources 18 and 19) are low-frequency components, which are thus rejected. The blink source 

(Source 17) appears as the third most auto-correlated source, and is thus wrongly preserved. 

 



 [23] 

 

Fig. 14 Illustration of the eye blink removal with AMUSE with a low cut-off frequency of 2 Hz, with the original signal 

(top), denoised signal (middle) and sources (bottom). The x-axis shows the time in seconds, while the y-axis indicates the 

channel name (electrode or source number). In this example, one can see that changing the low cut-off frequency of the band-

pass filter from 0.5 Hz to 2 Hz, moves the blink source to the last position, which is thus correctly rejected from the denoised 

signal. However, the delta band cannot be analyzed. 
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Fig. 15 Illustration of the eye blink removal with AMUSE on the signal containing alpha waves, with the original signal 

(top), denoised signal (middle) and sources (bottom). The x-axis shows the time in seconds, while the y-axis indicates the 

channel name (electrode or source number). In this example, since there is no blink between 1415s and 1416s, the most auto-

correlated components of the signal are alpha waves, which are incorrectly rejected along with blinks. 
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Fig. 16 Illustration of the eye blink removal with AMUSE on the signal with a small artifactual wave, with the original signal 

(top), denoised signal (middle) and sources (bottom). The x-axis shows the time in seconds, while the y-axis indicates the 

channel name (electrode or source number). In this example, the transient wave in Cz between 814s and 815s is partly 

captured in the most auto-correlated sources of AMUSE and is removed from the signal as if it was a blink, leading to the 

contamination of all channels. 

 



[26] 

Discussion 

Arguably, manual and careful visualization of the EEG data with a source separation technique is the gold 

standard for cleaning artifacts from EEG data. However, such a technique comes with significant drawbacks. 

Primarily, the technique is highly operator–dependent and introduces intra- and inter-individual variability that 

hinders the quality and the repeatability of research using such a technique [57] [51] [15] [39] [27]. The same 

database processed by the same operator at different days, or by two operators, may provide different results, 

which leads to great variability in the processing quality. For instance, in the database we report on, manual 

inconsistencies were observed in the manual processing of subject 3, leading to the exclusion of this record from 

the study. 

Automatic denoising methods also present occasional drawbacks. Limitations of AMUSE denoising have been 

discussed in the section “Limitations of AMUSE”. AJDC denoising addresses these limitations; however, it 

requires a calibration step over 1 min of signal (cf. the section “Online unsupervised denoising”), selected as 

being representative of the artifacts. Ideally, this training signal should contain only eye blink artifacts. To 

actually be unsupervised, this algorithm must extract several spatial and spectral features in order to robustly 

identify the blink source. Too many artifacts or too few blinks during this training signal can lead to a bad 

sources estimation and difficulty with blink source selection. 

While both manual and automatic techniques have drawbacks, their objective comparison carried out in this 

study reveals that they result in comparable spectral and ERP features. Remark that the AJDC method used in 

this article can also be applied to magnetoencephalographic (MEG) signals, since many BSS methods have been 

applied to EEG as well to MEG [31] [2] [28] [58]. 

Results obtained in this study are consistent with comparative studies [34] [36] [64] [65] [82] [60], showing that 

spectral coloration of SOS based BSS methods stand out as the best performing approach for separating and 

removing eye-blink artifacts from EEG, compared to the mutual independence of HOS methods. SOS methods 

have other advantages: they are more robust to outliers and thus require less data [34] [78] [64] [12], they make 

no hypothesis on sources distribution, such as non-Gaussianity, and spectral coloration seems to be an 

appropriate criterion for spontaneous and induced EEG [78] [12]. That is why it is important to avoid confusion 

between methods. For instance, SOBI is often considered as belonging to the ICA family [59] [91] [18] [82] [48] 

[81] [60], but it is not. Consequently, instead of the question "ICA or not?" [77] [52] [17], a more pertinent 

question would be “how appropriate are the criteria used to separate EEG sources by BSS?” 

Conclusion 

This article compares two denoising techniques: the online automatic denoising methods, AMUSE and AJDC, 

and manual denoising. Two sets of measures are used to compare the performance of these denoising techniques 

on real data. Our analysis shows that, compared to AMUSE, AJDC gives results that are more comparable to 

those obtained by a manual denoising procedure. For power spectra comparison, we showed that the automatic 

AJDC technique is very similar to the manual one in that both techniques remove a similar quantity of energy in 

all regions, which is an improvement to the AMUSE method. Consequently, this method can be used for 

protocols in low-frequency bands, such as the theta and delta bands. Likewise, the ERP analysis shows that 

important ERP characteristics are preserved after denoising by AJDC, and there is no statistically significant 
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difference between manual and automatic SNR enhancements, while both techniques significantly enhanced 

results when compared to the absence of processing. 

Careful manual review of the signal should, in theory, always provide as good results as a good online technique. 

We argue, however, that in practice, manual review comes with limitations (quality, reproducibility, and cost) 

which are difficult to circumvent. On the other hand, the automated method based on AJDC also comes with 

limitations (training signal with “representative” data), but offers reproducibility and speed. Automated analysis 

is particularly convenient for quantitative EEG studies (qEEG) where all records should be processed by the 

same denoising pipeline before undergoing further analysis. Given the gain in speed and quality offered by the 

AJDC when compared to the manual review of signals and the resulting improvement in the speed/quality 

tradeoff, this automated approach proves feasible and convenient. 

In conclusion, AJDC is an unsupervised online technique convenient for real-time brain monitoring applications 

such as NFB and BCI. As the denoising procedure maximizes speed, it minimizes the feedback delay and thus 

provides responsive applications. 
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