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Abstract
Brain signals are recorded using different techniques to aid an accurate understanding of brain function and to
treat its disorders. Untargeted internal and external sources contaminate the acquired signals during the recording
process. Often termed as artefacts, these contaminations cause serious hindrances in decoding the recorded signals;
hence, they must be removed to facilitate unbiased decision-making for a given investigation. Due to the complex
and elusive manifestation of artefacts in neuronal signals, computational techniques serve as powerful tools for their
detection and removal. Machine learning (ML) based methods have been successfully applied in this task. Due to
ML’s popularity, many articles are published every year, making it challenging to find, compare and select the most
appropriate method for a given experiment. To this end, this paper presents ABOT (Artefact removal Benchmarking
Online Tool) as an online benchmarking tool which allows users to compare existing ML-driven artefact detection and
removal methods from the literature. The characteristics and related information about the existing methods have
been compiled as a knowledgebase (KB) and presented through a user-friendly interface with interactive plots and
tables for users to search it using several criteria. Key characteristics extracted from over 120 articles from the literature
have been used in the KB to help compare the specific ML models. To comply with the FAIR (Findable, Accessible,
Interoperable and Reusable) principle, the source code and documentation of the toolbox have been made available
via an open-access repository.
Keywords: Computational neuroscience, Neuronal spikes, Local field potentials, Electrocorticogram,
Electroencephalogram, Magnetoencephalogram
1 Introduction
Neuronal signals are one of the cornerstones of neuroscience in understanding brain activity. They can be
acquired non-invasively with methods such as electroencephalography (EEG) and magnetoencephalography (MEG), as well as invasively in the cases of
electrocorticography (ECoG), local field potentials (LFP),
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and neuronal spikes [1, 2]. They are crucial in diagnosing
and treating brain disorders, including neurodegenerative diseases and mental health problems. These include
Alzheimer’s disease, cognitive impairments, schizophrenia, Parkinson’s disease, dementia, epilepsy, migraine,
and sleep disorders, to name a few [3]. Additionally, they
are used for establishing brain–computer interface (BCI)
applications targeting rehabilitation and restoring motor
functionality [4–8].
However, acquiring the neuronal networks’ activities
requires sophisticated electrical and mechanical apparatus within the proximity of the sensors. Moreover,
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Fig. 1 Overview of the application areas that benefit from the
removal of artefacts

the acquired neuronal activities can also be transferred
using wired or wireless interfaces for digitisation and
storage. All this equipment used in the process introduces unavoidable contamination to the acquired signal [9–11]. This contamination, popularly known as an
artefact, can be physiological or caused by an external
source [12]. The undesired effects of its present range
from causing a BCI device to operate erroneously, misdiagnosis of diseases or brain conditions (as in the diagnosis of schizophrenia, sleep disorders and Alzheimer’s
disease [13]) or producing false alarms (as in generating false alarms for brain seizures [14]). A collection of
applications that benefit from artefact removal, such as
the aforementioned ones, is presented in Fig. 1.
Given the consequences of artefacts on acquired
neuronal signals, many scientists have been interested
in developing methods for detecting and removing
them [15]. Several approaches are proposed for this,
for example, filtering out the specific spectrum of an
artefact. However, several artefacts have a broad frequency band and cannot be easily filtered [9]. Another
known strategy is an expert’s manual review of the neuronal recording and discarding of contaminated segments. Nonetheless, the information loss is significant
and highly undesirable [16]. Because of this, different
automatic techniques have been developed to classify and remove artefacts to preserve the information.
These include blind source separation, wavelet decomposition, regression, empirical-mode decomposition,
template subtraction, adaptive filtering, and other variations or hybrid approaches, each with pros and cons
[15, 17].

However, there has been a rise in recent years of new
approaches based on machine learning (ML) techniques
[26], as there are benefits of employing them over other
computational methods. First, their inherent characteristic for not requiring expert observation to classify artefacts, as they recognise the patterns in the data, improves
the classification accuracy. Consequently, ML techniques
outperform other methods in terms of classification performance [19]. In addition, they do not require a reference channel, unlike regression or filtering methods [15].
They can be used in single-channel recordings, unlike
independent component analysis (ICA), which needs the
number of recording channels equal to the number of
independent sources [21]. Moreover, they are more flexible than template subtraction, which may add new artefacts due to the inaccuracy of the reconstructed template,
as both the artefacts and the signals have complicated
shapes. They can also remove artefacts that overlap in the
spectral domain, unlike wavelet decomposition, which
may cause information loss and faulty reconstruction of
clean signals [16]. Lastly, they are computationally efficient, allowing for online applications boosted by hardware accelerators [27].
The extensive literature on ML-based solutions can
be overwhelming to find, compare and select the best
method which suits the researcher’s experiments. This
is aggravated for the experimenters who do not need to
know the technical details of the artefact detection and
removal process to select an appropriate method for
their acquired signals [28, 29]. In the literature, we find
meta-studies of artefact detection and removal methods
that are compiled in Table 1. It is shown that not all of
the reviews describe the various artefacts, and that all of
them focus exclusively on EEG and not the other neuronal signals. Furthermore, only four of them mention
ML-based methods, with only a small subset of the available literature compared. Overall, there exists a lack of a
holistic overview of the artefact detection and removal
across all neuronal signals from an ML perspective.
To address these challenges and facilitate access to
appropriate ML and data-driven artefact detection and
removal method, we developed ABOT (Artefact removal
Benchmarking Online Tool). The literature was surveyed
as resources for the tool to create an up-to-date dataset
and define key features for users to compare. A review of
the different approaches was carried out to complete a
more thorough report. Therefore, this paper provides the
following contributions in the area of artefact detection
and removal in neuronal signals:
• Creation of an online tool for the neuroscience community to use, also available through an open-access
repository.
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Table 1 Comparison of available reviews on methods applied to artefact removal, sorted by year of publication
Authors

Year

AD

Neuronal signals

ML

Sweeney et al. [17]

2012

✓

Khatwani et al. [18]

2013

✕

Barua et al. [19]

2014

EEG

✕

EEG

✕

✕

EEG

✕

1

✓

✓

✓

0

EEG

Rahman et al. [20]

2015

✓

Urigu¨en et al. [16]

2015

EEG

✕

✕

Tandle et al. [12]

2015

0

EEG

✕

✓

EEG

✓

0

✕

✓

✕

Islam et al. [21]

2016

Jung et al. [22]

2016

EEG

✕

✕

Lai et al. [23]

0

2018

✕

EEG

✕

✕

2018

✕

Jiang et al. [15]

2019

✓

EEG

✓

0

Manaan et al. [24]

EEG

✕

✕

0

Sadiya et al. [25]

2021

✕

EEG

2022

✓

✓

13

Fabietti et al.

✓

✓

✓

✓

LC
✓

✓

✓

EEG, MEG, ECoG, LFP, Spikes

#MLA
0
34

12

0

✓

127

AD artefact description, ML machine learning methods, LC literature comparison, #MLA number of machine learning articles compared

• Compilation of a comprehensive bibliographic dataset of ML-based methods for artefact detection and
removal from neuronal signals and defining and
extracting key features for comparison.
• Reviewing the methodologies across all signal modalities.
This article is divided into seven sections. In Sect. 2,
the different signal acquisition methods are presented,
followed by the details of the different possible artefacts.
Section 3 describes the online benchmarking tool from
the software development perspective. Subsequently,
Sect. 4 covers the creation of the bibliographic dataset, continued by the review of the collected articles in
Sect. 5. Lastly, Sect. 6 discusses challenges and future
perspectives within the field, and Sect. 7 makes concluding remarks.

These signals are captured by very sensitive magnetometers, called SQUID (superconducting quantum interference device), that require to be cooled at near absolute
zero temperatures. Due to their sensitivity, the device
must be stored in a magnetically shielded room to avoid
external interferences. The advantages of the methods are
that the spatial resolution of MEG ranges in a few millimetres, and its temporal resolution is less than a millisecond, fast enough to detect any neuronal process.
Furthermore, magnetic signals are much less dependent on the conductivity of the extracellular space. Thus,
skin and scalp muscles do not cause disturbances [30].
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2 Neuronal signal acquisition
There are distinct neuronal signals depending on the
recording techniques, i.e., invasive or non-invasive. The
non-invasive type includes those obtained by EEG as well
as MEG. In contrast, the invasive type includes ECoG,
LFP and neuronal spikes (including multi-unit activities,
single-unit activities and patch-clamp recordings). The
spatiotemporal resolutions of these techniques are shown
in Fig. 2.
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The principle behind MEG is acquiring the magnetic
fields generated by the electric currents circulating in the
neurons. These fields are 10−14 Tesla for evoked fields to
10−12 Tesla in an epileptic episode and can be detected
in cortical and subcortical regions by modern systems.
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Fig. 2 Spatio-temporal resolution of EEG, MEG, ECoG, LFP, multi-unit
activities, single-unit activities and patch-clamp recordings. Modified
from [23]
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However, MEG must be used in combination with magnetic resonance data in order to create activation maps,
as it does not provide anatomical information.
EEG records the electrical impulses coursing through
the excitation of dendrites of several pyramidal neurons in the cerebral cortex. The EEG signal acquisition,
though depending on the application, usually records
for 20–30 min and uses several different electrode layouts, with the most popular one being the 10–20 system,
whose spatial resolution is in the cm range. However,
several acquisition systems have recently been proposed to cover subcentimeter spatial resolution [31].
The electrodes utilised can be of different types: wet
(requiring electrolytic gel or saline solution), semi-dry
(tap water humidity) or dry (conductive foams, springloaded fingers), where the latter can be beneficial in long
term-experiments as they don’t dry up, but have higher
impedance and are more sensible to artefacts. The lowfrequency range EEG works on can be assorted into Delta
waves (0–3.5 Hz), Theta waves (4–7 Hz), Alpha waves
(8–13 Hz), Beta waves (14–40 Hz) and Gamma waves
(40 Hz). Since it possesses a low signal-to-noise ratio,
elaborate processing is required to extract useful information [22]. The main benefits of EEG is that its portability allows to study real-time neuronal activity outside
of laboratory settings, is non-invasive and requires a less
complicated set-up, and modern technology advances
had led it to be relatively inexpensive.
2.2 Invasive signals

ECoG signals are obtained with electrodes placed in
the epidural or subdural layers of the brain, making it
an invasive procedure. Still, it bypasses the distortions
produced by the skull and intermediate tissue. The first
location has a spatial resolution of 1.4 mm, while the
second one of 1.25 mm. As the signal acquired has more
amplitude than EEG, it is less sensitive to the artefact.
Depending on the size of the electrodes, it can be classified as conventional ECoG for larger areas (e.g., mm in
diam.) or µECoG for small areas (e.g., 100 µm in diam.).
Furthermore, this method possesses a broad bandwidth
(0–500 Hz) [32]. During the recording direct cortical
electrical stimulation is frequently performed with it in
order to do a cortical functional mapping and identification of critical cortical structures. A limitation this
method has is the limited time window for recording, so
sudden events such as seizures may not be recorded during it.
LFPs are recorded by micro-electrodes (glass micropipettes, metal or silicon electrodes) in deeper brain
layers by low-pass filtering of the extracellular electrical potential to under 100–300 Hz. The obtained signals
encompass neuronal processes such as afterpotentials of
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somatodendritic spikes, synchronised synaptic potentials, and voltage-gated membrane oscillations. Given its
ability to capture different activities within a wide range
of frequencies, it indicates the contribution of several
different neuronal processing pathways [33]. They are
recorded both in vivo and in vitro (brain slices), and can
be utilised for closed-loop neuromodulation.
The single-unit recording detects neuronal activity
with a microelectrode, which requires its size to be in
the order of micrometres. The measured action potentials’ amplitudes are generally 0.1 mV and are sampled
at a 1 kHz or above frequency. Electrical currents can be
injected into the cell to change the membrane potential
in order to learn about its conductance, referred to as
voltage clamp, and it can be carried out via different configurations if the electrode is inside, outside or attached
to the cell. When studying individual ion channels, a
patch-clamp electrode is employed. If the electrode size
is larger, it records the activities of a group of neurons,
which is called multi-unit recording. Multi-unit recording can be used to distinguish the number of cells surrounding it, and which cell is the source for the spike is
referred to as spike sorting [34].
2.3 Artefacts

Each type of artefact manifest in a specific frequency, and
amplitude bands can be periodic or irregular and single
or multichannel. They have distinct sources, classified as
internal (or physiological) and external (or non-physiological). We describe them in the subsequent paragraphs,
but readers are directed to Ref. [12, 17] for more in-depth
reviews.
The electrical activity within the body causes internal artefacts. The main ones include electrooculogram
(EOG) generated by eye movements, electroretinogram
and blinking [35, 36], electromyogram (EMG) produced
by the contractions of muscles, electrocardiogram (ECG)
caused by the electric activity of the heart [37] or the
spiking activity of local neurons in extracellular recordings [38], in other words, spike leakage. In addition, there
are other artefacts that are barely mentioned in the literature that we have surveyed, such as skin potentials or
respiration [39–41]. External artefacts are those generated by electronic devices or external electromagnetic
waves, e.g., power lines [42], cell phone signals and light
stimulation [43]. In studies where electrical stimulation
is done to the brain, said signal may also appear in the
recordings, known as a stimulation artefact [10]. Lastly,
artefacts may be generated due to instrumental errors in
the recording process, such as an electrode’s poor contact, popping, lead movements and electrode drift, i.e.,
changes in the electrode’s position in relation to the brain
[44].
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Fig. 3 Functional block diagram of the online tool, where the relationships between elements of the graphical user interface, the business logic
and the back-end are displayed

In regard to their properties, they can be described by
their frequency band and their shape. EOG changes the
potentials of the electrodes in the frontal region, appearing as high amplitude 3–10 Hz signals, and its repetition
produces slow waves similar to delta waves. EMG amplitudes and waveforms vary on the muscle and the degree
of contraction, spanning a frequency range from 2 up to
200 Hz, and it can be harder to detect due to their fewer
repetition than the other artefacts. ECG has a regular
pattern with frequencies near 1.2 Hz, and an amplitude
in the millivolt range. Respiration artefacts manifest in
the 5–10 Hz range, overlapping with the theta band in
rats. Interference artefacts such as the transmission line
(50/60 Hz) can be easily removed using a notch filter,
whereas cell phone signals are in the order of megahertz
and can be avoided in the experimental set-up. Lastly,
instrumental artefacts generated by poor electrode contact are of low frequency, whereas lead motions have a
more irregular shape that bears little resemblance to neuronal activity.
Therefore, each artefact manifest in particular frequency bands, amplitudes and shapes, many that overlap with the neuronal signals of interest and even among
themselves. Due to this, filtering without producing
information loss or a distortion of the signal becomes

difficult. As an alternative, computational methods such
as ML techniques have been developed to identify and
remove them automatically. Having reviewed the different neural signals and artefacts, the functionalities of the
online tool are described in the following section.

3 Online benchmarking tool
The online tool1 has been developed using the R language. It is dependent on the packages "Shiny" [81], which
facilitates the construction of interactive web apps, "DT",
which provides an interface to the JavaScript library
DataTables, "shinyjs" for performing common useful
JavaScript operations in Shiny, "shinyWidgets" to control
the appearance, "shinyalert" for error messages, "readxl"
to import the tables, "dplyr" to filter them, "ggplot" and
"plotly" to generate the graphs. A user-friendly threetab layout constitutes the app with a simplistic theme. A
functional block diagram is displayed in Fig. 3. The relationships between the displays and user inputs in the
GUI, the functions in the business logic layer, and the
files in the back end are related. Upon opening the tool,

1

https://nachodev.shinyapps.io/ABOT/.
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Fig. 4 Screenshot of the main page of the online tool, where input values and display filters have been applied to showcase the functionality

a pop-up message is displayed introducing the app and
how to operate it.
A screenshot of the main page of the online tool is
shown in Fig. 4. The user can input the metrics of their
approach in the side panel (training examples, features
extracted, hyperparameters, select which performance
metric they have used and its value) to compare their
results to the literature. In addition, they can send suggestions of literature to add or comments about the
tool, such as features they wish to see implemented via
an online form. The first tab, "Comparison Plots", has
four plots, each displaying the violin plot and the scatter
points of each metric from the collected dataset. Below
them, options are available to filter the plots based on
the signal, method or artefact type, year of publication, number of examples, features extracted, hyperparameters and normalised performance. Multiple filters
can be used simultaneously, and if the search yields no
result, an alert appears to notify the user. In addition,

the app takes the inputs of the side panel and displays
the value as a white triangle to differentiate it clearly
from the other values. By hovering over a point, the collected information (reference, year, signal, etc.) specific
to it is displayed, allowing easier identification for the
posterior use of the other tabs.
The second tab, "Comparison Table", contains the
table with the methodologies found across the literature and their previously reported details, the original
performance metric reported, and the normalisation
used. The user can select how many entries are shown,
filter through each detail, define intervals in numeric
details, or use keywords to search for specific ones. The
last tab, "References Table", contains the list of Digital
Object Identifiers (DOI) and the complete references,
which can be sorted by author or keywords as well. The
second and third tabs are depicted in Fig. 5A and B,
respectively.
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Fig. 6 Publication trend in artefact removal from neuronal signals.
The results were obtained by searching scientific databases with the
term "artefact removal"
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4 Bibliographic dataset creation
To survey the literature, three databases were searched:
the ISI. Web of Knowledge database of the Clarivate Analytics,3 the IEEEXplore4 and the Scopus database of the
Elsevier.5 The article title, abstract and author keywords
fields of these three databases were searched using search
phrases composed of "artefact removal" in conjunction
with "EEG", "MEG", "ECoG", "LFP", and "spikes". The
obtained results from three databases formed three datasets and were saved in separate comma-separated values
(CSV) files. The datasets were compared and pruned by
removing duplicate and irrelevant entries returned by the
search results. The pruned and combined final dataset
contained a total of 1084 publications whose yearly publication frequency is reported in Fig. 6.
Out of the shortlisted 1084 papers, manual scrutiny
revealed that only 95 of them applied ML-based techniques in artefact detection and removal. To have the
most up-to-date review, the aforementioned literature
search is complemented with Google Scholar, reaching a
total of 127 articles that apply machine learning to artefact detection and removal from neuronal signals.
The distribution of the type of signal, artefact type
and method type in the extended dataset is presented
2

3
4
5

https://doi.org/10.5281/zenodo.5789913.
https://apps.webofknowledge.com/.

https://ieeexplore.ieee.org/.
https://scopus.com/.
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The collected data and the tool’s code are made publicly available2 to foster reproducibility by making it FAIR
(Findable, Accessible, Interoperable and Reusable). This
allows users to find relevant, multiple research models or
customise one to their needs. In the next section, the creation of the tool’s dataset from articles with ML methods
for artefact removal and detection is presented.
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Method Type
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Fig. 7 Distribution of the A signal type and B artefact type, and C
method type in the extended dataset. EEG Electroencephalogram,
MEG magnetoencephalogram, ECoG electrocorticogram, LFP local
field potentials, EMG electromyogram, EOG electrooculogram, ECG
electrocardiogram, SVM support vector machines, kNN k-nearest
neighbours, clustering, LDA linear discriminant analysis and other

in Fig. 7. For each distribution, articles that dealt with
more than one type had each of them counted separately.
For example, an approach for EEG that deals with EOG
and EMG using a single support vector machine (SVM)
model equals values of: 1 EEG, 1 EOG, 1 EMG and 1
SVM.
There is a significant difference in the number of
approaches published for EEG (84%), which is followed
by MEG at 6% and the invasive recordings between 4 and
2%. This difference can be attributed to the accessibility
of non-invasive recording methods and the number of
open-access datasets [45]. Regarding the type of artefact,
EOG and EMG represent 71% of all approaches. The former has high amplitude and disturbs mainly the recordings anterior scalp regions. In contrast, the latter has a
large frequency span and the activity of the head, face
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30

Neural network

Learning rate
Momentum
Weight decay
Epochs
Batch size
Number of hidden
layers
Neurons per hidden
layer
Neuron’s activation
function
Regularisation
Dropout
Weight and bias initiation loss function
Output function number of classes [47]

Convolutional neural network (spatial feature
learning)

Patch size
Convolutional layers
Fully connected layers
Number of filters
Filter size [48]

Support vector machine

Kernel
Cost
Gamma
Degree [49]
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Fig. 8 Frequency of artefacts and the used machine learning
methods

and neck muscles are conducted through the entire scalp,
so detecting and removing them is of vital importance.
The remaining 29% is divided between ECG, power line,
noise and others. The "noise" category was assigned to
those which did not address the origin of the artefacts
and referred to them as such, while the "other" included
ones such as electrode pop, ballistocardiogram or electromagnetic interference. The most popular method has
been neural networks (NNs) (44%), which are composed
of multiple layers of neurons for processing non-linear
information and were inspired by how the human brain
works and are known to achieve good performances
across domains, but require large amounts of information. They are followed by support vector machines (27%)
and any form of clustering (13%), while the least applied
are linear discriminant analysis (LDA) (5%), k-nearest
neighbours (kNN) (2%) and other techniques (9%), which
includes approaches such as swarm algorithms or sparse
representation.
In Fig. 8, the relationship between artefact type and
ML method used to identify or remove it is shown. Both
EMG and EOG follow SVM, NNs, clustering, and kNN,
while ECG, noise, movement, power line and other artefacts are addressed mostly by NNs instead of SVM.
Our survey results show that there is no standard performance metric, constituting a challenge to compare
the different results obtained by authors. To address this
issue, Valipour et al. [46] have compiled the different
metrics frequently used in research papers to consider
the effectiveness of EOG removal algorithms. In addition,

Islam et al. [21] stated the necessity for using a unique
standard evaluation method composed of quantitative
and qualitative metrics.
While developing a metric or scale suitable for all the
different applications may not be feasible, to compare
them, observing four key characteristics of ML models are proposed: the amount of training examples, the
amount of extracted features, the model’s hyperparameters and the model’s performance. Machine learning models require information to make predictions
accurately. However, the amount varies depending on
each one. In particular, neural networks are known as
data-hungry algorithms due to the amount they need
to be trained; however, alternatives such as pre-trained
models and one-shot learning help with this issue. Out
of two models of equal or similar performance, the one
which needs fewer data should be favoured. The second characteristic is the number of handcrafted features
extracted. To choose handcrafted features that require
expertise and represent the information fed to a model,
one should penalise the number extracted from a signal. The third characteristic is the algorithm’s number
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of hyperparameters (see Table 2). This was chosen to the normalisation function, where removal techniques
reward algorithms that are less complex to train.
that haven’t achieved low MSE are significantly penalThe last characteristic is a normalised performance ised. Subsequently, we review the articles compiled in
score, as described in the following expression:
the dataset for a more in-depth analysis.


metric


 max metric , if best metric = 1 


metric
(1)
,
if
best
metric
=
0
Normalisedperformance =
1+metric






metric
, if best metric = ∞
1 − 1+metric
Here, the first case applies to metrics such as accuracy, the area under the receiver operating characteristic (ROC), F1-score, sensitivity, specificity, expert
agreement, R2; the second one to mean squared error
(MSE), root mean squared error (RMSE), artefact
residue; and the third one to signal-to-noise ratio,
contrast-to-noise ratio and others. Due to the lack of
a standard metric for evaluating artefact detection
and removal, we have devised Eq. 1 as a way of aiding the visual selection of methods, as the normalised performance scales all metrics between 0 and 1.
This information is meant to be utilised in conjunction with the rest of the information provided in the
tool via hoovering or via the description table, not as
an absolute comparison criterion on the performance
of the method. This proposed scale is the first step to
closing a major gap in the field, and its limitations are
discussed in Sect. 6.
These four characteristics were chosen because
they are the most consistently reported elements that
can be used to compare the algorithms. In contrast,
time complexity, memory complexity, parallelisability, portability and interpretability were inconsistently
reported. The selected characteristics were extracted
from all the collected articles, and their distributions
are displayed in Fig. 9. Overall, the majority have used
less than 65,000 training examples, which is expected
for machine learning models. Regarding the features
extracted, most of them are under 20 with the presence of some outliers. As neural networks do not
depend on them to achieve good performance and are
the most utilised technique (see Fig. 7), the distribution is right-skewed. The hyperparameters take discrete values, generating a gap in the distribution where
there are no methods with that particular amount. The
upper half is the neural network approaches, which
present 44% of the total approaches, and the lower
half is the remaining methods. Lastly, the normalised
performance concentrates above 0.7 since research
is sought to be published after achieving a successful
performance level. Values lower than that are due to

5 State‑of‑the‑art in artefact detection
and removal
In the following sections, the articles from the dataset
are reviewed, organised progressively by each level of the
acquisition method’s spatial resolution. Given the extensive literature available on EEG signals, the most popular
articles are chosen to be discussed, while the rest will be
provided as a table in the online tool. We define popularity as the number of citations, however recentness also
plays a factor in the number of citations, so we express
the popularity of an article as stated in the following
equation:
citationsi
∗ 0.9
max(citationsi,...,n )
1
+
∗ 0.1,
1 + years since publications
(2)
where i = 1,…, n and n equal the number of EEG articles
in the dataset. Figure 10 depicts the publication trend
in artefact removal from neuronal signals as a function
of the citations and years since publication. While the
popularity index allows the identification of high-impact
articles, it does have a negative bias toward more recently
published articles that may be of high relevance. Nonetheless, the key information of those articles is available
through the toolbox for users to explore and compare.
Popularityi =

5.1 Magnetoencephalography

Hasasneh et al. [50] developed an ECG and EOG artefact
classifier based on a combined convolutional neural network (CNN), utilising temporal and spatial information
of independent component analysis (ICA) components.
From 48 subjects, 7122 examples were obtained after
data augmentation, and the model achieved an accuracy
of 94.4%. This has proven that accuracy improves when
temporal and spatial information is incorporated. Additionally, the model was trained without relying on auxiliary signal recordings, and it allows for EEG and various
sensor types as well.
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Fig. 9 Distribution of the four characteristics from all the collected articles

Garg et al. [51] proposed two ECG and EOG identifiers
composed of a deep 1-D CNN from ICA components.
Resting state MEG data from 49 subjects were used to
train the model and reached a 96% sensitivity and 99%

specificity on the ECG model and 85% sensitivity and 97%
specificity on the ECG model. Finally, gradient-weighted
class activation maps were generated to visualise learned
features, which shows how the model operates.
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In another publication by Garg et al. [52], they applied
a 10-layer CNN, which labels EOG artefacts. The MEG
data were extracted from 44 subjects, out of which 14
were used for training and 30 for testing. The obtained
accuracy on the testing set was 99.67%. The saliency
maps and gradient-weighted class activation maps
revealed that the model’s learned features correspond to
those used by human experts.
The approach by Phothisonothai et al. [53] consists
of extracting the central moment of frequency, fractal
dimension, Kurtosis, probability density and spectral
entropy from independent components. Next, a Gaussian
kernel SVM was trained to identify these features. From
a dataset of ten healthy children, the obtained accuracies were 98.15%, 99.18%, and 92.33% for high amplitude
changes (HAM), ECG and EOG, respectively.
Duan et al. [54] presented a weighted SVM as an
ECG, EOC and sudden high amplitude change artefact
predictor. This method was chosen to address the class
imbalance factor of the independent components. By reweighting, the examples belonging to the negative class,
the specificity of the classifier was boosted. Using a dataset composed of the MEG data of ten healthy children,
the model’s accuracy was 97.91% ± 1.39%.
Rong et al. [55] applied two clustering methods to ICA
components: threshold-based and an Adaptive Resonance Theory (ART) neural network. The characteristics
compared for thresholding were the statistical aspects,
topographic patterns, and power spectral patterns. The
MEG data were acquired from five healthy right-handed
adults, and the chosen performance metric was "correctness". This can be defined as the proportion of real

artefactual independent components identified over the
total independent components identified by the algorithm. The ART network achieved 60% correctness on
ECG data and 70% on EOG data, underperforming considerably against the 100% and 90%, respectively, the
threshold method achieved. Lastly, they compared the
number of real artefactual independent components
identified over the total artefact independent components in the dataset to measure named "coverage" to
measure the underestimation of artefacts. This showed
that the coverage of the network was approximately 85%
over both artefacts.
Croce et al. [56] trained a CNN with the independent
component’s spectrum and the topographic distribution
of its weights, extracted from multichannel MEG and
EEG recordings. From 503 brain and 564 artefact components of the EEG recordings along with 2730 artefact and
2019 brain independent components of the MEG recordings, the final dataset was downsampled to 2012 (503
each category). The classification accuracies obtained
through cross-validation were 92.4% for EEG, 95.4% for
MEG and 95.6% for EEG + MEG.
Lastly, Treacher et al. [57] employed a combination of 1
dimensional CNN for the independent components and
a 2-dimensional CNN for the spatial maps to detect eye
blinks, saccades and cardiac artefacts. The data set was
composed of 294 scans from 217 subjects, out of which
232 scans or 49,100 independent components were used
to train the model. After hyperparameter optimisation of
both networks, an accuracy of 98.87% was achieved on
the test data by the ensemble model, surpassing the performance of the individual temporal and spatial models.
In the case of MEG, we can observe that researchers
constructed both artefact-specific models and multiple-artefact models. The model by Duan et al. is able to
identify multiple artefacts with near 98% accuracy, a performance comparable to the models of other authors that
are able to identify a single artefact. Treacher et al. also
identify multiple artefacts but is more computationally
expensive as it requires training two CNN models, and
the model developed by Croce et al. was trained jointly
with the data of EEG, which may not be available in most
experiments.
5.2 Electroencephalography

Winkler et al. [58] proposed an ICA-based approach that
estimates the source components for the classification of
general artefacts by factoring in temporal correlations,
named temporal decorrelation source separation. Components extracted from data of 12 healthy right-handed
male subjects during two auditory stimuli in an oddball
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paradigm were labelled by two experts. They were broken into 690 examples for training and 1080 examples for
testing a Linear Programming Machine, a Gaussian kernel SVM and a regularised LDA model. The LPM classifier obtained a classification error of 8.9% based on six
handcrafted characteristics, while the difference between
the two expert scores was 13.2%. For validation, they used
data from two studies: 18 subjects in an auditory eventrelated potential paradigm and 80 subjects in the motor
imagery BCI paradigm. The former dataset achieved an
average MSE of 14.7%, compared to 10.6% disagreement
between experts. At the same time, the latter showed that
eliminating up to 60% of the framework did not affect the
overall performance of the BCI classification.
Shao et al. [59] applied a weighted version of SVM to
handle the inherently unbalanced nature of ICA’s component classification. By giving a higher penalty on the
classification errors generated by the minority class samples, the algorithm compensates for the bias of prior
class probabilities. EEG recordings were obtained from
ten right-handed volunteers, segmented into 12 s epochs
and then decomposed each one into independent components by the ICA. Each independent component was
manually labelled, and six features were extracted from
them to train the models, trained with the recordings of
9 subjects and tested with the left-out subject. The compared models included the Gaussian mixture model,
kNN, LDA, standard SVM and weighted SVM with and
without error correction. The weighted SVM obtained
the best results with error correction, an accuracy of
95.67%, and a reduction of 98.4% and 96.8% in the epochs
of ECG artefacts and EOG artefacts, respectively.
Shoker et al. [60] used ICA with SVM with handcrafted
features. Ten 7-min-long EEG data sets were built with
data supplied by King’s College Hospital, London, UK.
After applying the blind source separation method, 200
independent components were obtained: 100 free of
artefact and 100 containing eye blinks; from them, four
handcrafted features were extracted and used to train the
classifier. The SVM was trained using linear, cubic polynomial and Gaussian kernels, with the latter achieving
the highest accuracy of 98.5 ± 1.00%.
Hader et al.’s [61] approach consisted of the application
of ICA and SVM on the topography and power spectral
density of the independent components. Four different
artefacts were recorded from four healthy and paralysed
subjects to train a Gaussian SVM using 20-fold cross-validation. The accuracy was 99.39% for eye blinks, 99.62%
for eye movement, 92.26% for jaw muscle and 91.51% for
forehead, averaging 95.70% between them.
Lawern et al. [62] addressed artefact removal by means
of implementing auto-regressive models for feature
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extraction coupled with a Gaussian SVM classifier. Seven
participants made a series of facial and head movements
that induced artefacts, which involved moving the jaw
vertically, clenching the jaw, moving eyes left, moving
eyes upwards, blinking both eyes, moving the eyebrows
and rotating the head. An eight multi-class SVM was
trained with these recordings, using fourfold cross-validation to determine its optimal parameters, finally reaching a 94% accuracy.
Gao et al. [63] presented a method where ICA is
applied to obtain independent components; then, a peak
detection algorithm recognises eye-blink artefacts, followed by a classifier trained on the topographic and spectral features to recognise eye-movement artefacts and
finally, the artefact-free components are used to restore
the signal. Their dataset was composed of 600 EEG
epochs from 15 healthy subjects for 3 s per epoch. They
compared three different classifiers: MLP, Fisher Discriminant Analysis and SVM, with the latter achieving the
best scores of 98.7% sensitivity and 97.9% specificity,
using tenfold cross-validation.
Li et al. [64] employed the Lomb–Scargle periodogram
to determine the spectral power from recordings that had
parts contaminated by artefacts removed and used those
features to train an autoencoder and a Gaussian SVM.
Evaluated with simulated and real motor imagery data,
the autoencoder proved to be comparable to the SVM.
Moreover, results show that accuracy is not reduced dramatically if various amounts of data are discarded. Therefore, they concluded that rather than discarding an entire
segment, it could use all the same to generate commands
after removing the parts with artefacts.
O’Regan et al. [65] proposed complementing EEG signals with gyroscope signals to detect head-movement
artefacts. They collected data on head movement from
seven healthy male adults for 30 min. Both types of signals were preprocessed and divided into epochs for the
analysis. A total of 69 and 80 features were extracted
from each epoch of the EEG and gyroscope signals. For
each type of signal, a Gaussian kernel SVM classifier was
trained, and a third feature fusion classifier surpassed
the former two. The fusion model reached an average
AUROC of 0.822 for the participant independent model
and 0.98 for the participant dependent model. This
shows that additional information about the presence of
EEG artefacts is given by gyroscope features and boosts
their detection. Nguyen et al. [66] named "wavelet neural
network" their EOG detection methodology. It is composed of three steps: (i) decompose the raw signal into
a group of wavelet coefficients; (ii) pass the coefficients
in low-frequency wavelet sub-bands to an MLP for correction; (iii) reconstruct an artefact-free signal based on
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the corrected coefficients. The technique was trained on
simulated data and validated on two datasets, recorded
during a visual selection task and a driving test. The
authors achieved an RMSE of 12.2 for the driving dataset
and 19.21 for the visual selection dataset, surpassing the
results they obtained with ICA. Furthermore, the solution is computationally efficient and more practical than
ICA, suggesting an online deployment is feasible.
Gonçalves et al. [67] focused on removing artefacts in
EEG from the magnetic resonance sequence magnetic
fields during the co-registration of EEG and functional
magnetic resonance imaging. They utilised a hierarchical
clustering algorithm, which employs Euclidean distances
to aggregate the different pulse artefacts. The averages
of each cluster were then used to generate an artefact
template that was subtracted from the respective pulse
occurrences belonging to each cluster. The artefact correction in this situation has no ground truth to compare
the outcome of the correction algorithm. Nonetheless,
the authors used the estimated acquisition time of one
slice to determine the quality of the successful correction.
We can observe that most of these articles share the
commonality that they have utilised SVM as the classification model. From them, Lawern et al. has been able to
achieve a performance nearing 96% in a model that is able
to identify 7 types of artefacts, the most out of any article reported in the literature. This is achieved with only
a second-order auto-regressive model as a feature, and
was tested in real patient data. A benefit of the feature is
that it is scale-invariant, so it is stable across subjects and
computationally efficient to calculate, in contrast to ICAbased approaches. However, Lawern et al.’s approach
must be used in conjunction with other methods for
those looking to recover the underlying signal.
5.3 Electrocorticography

Alagapan et al. [68] developed an artefact removal
algorithm for ECoG labelled shape adaptive non-local
artefact removal (SANAR). This approach works by
approximating the Euclidean median of k-nearest neighbours of each artefact in a non-local manner, acquiring
a template of the artefact, which then is removed from
the original signal. It was applied to data obtained from a
single subject carrying out a working memory task while
being simultaneously stimulated, as well as a simulated
ECoG and direct cortical stimulation, where an antenna
connected to a function generator acts as a virtual dipole,
and a saline solution emulates the conductivity of the
grey matter. Artefact residue index was used to measure
performance, which should be close to 0. ICA achieved
0.430 ± 0.015, while SANAR 0.388 ± 0.011, reaching better performance. Nonetheless, one must consider the
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extended calculation time as one of the main limitations
of the method.
From another perspective, Tuyisenge et al. [69] developed a model for detecting bad channels in ECoG
recordings of seizure patients undergoing pre-surgical
recordings and stimulation. They extracted the correlation, variance, deviation, amplitude, gradient, Hurst
exponent and Kurtosis from each channel and fed it to a
bagging tree model for classification. They explored the
model’s performance based on the number of subjects
used to train it, which plateaued at 99.7% accuracy with
110 subjects. The wrong channels consisted of artefacts
such as electrode pop, power line noise and intermittent
electrical connection.
Nejedly et al. [70] proposed using CNN with five different frequency bands of the recordings as inputs to
identify between physiological, pathological, noise and
muscle activity and power line noise. Their analysis was
made using two large datasets. They made a general
model (trained with one dataset and validated with the
other) and a specific model (retraining the general model
with 8% of the second dataset and validating with the
remaining data). The general model achieved an F1-score
of 0.89 in the noise and muscle activity class, while the
specific model achieved 0.98 and 0.97 in power line and
noise and muscle activity classes, respectively. The overall
performance of the specific model was 0.96, including the
physiological and pathological ECoG classes.
Finally, Fabietti et al. [76] explored the impact of sampling frequency in the four-way classification of baseline
brain activity, seizure, line noise and noise and muscle
activity. After down-sampling to balance the classes; they
used 67,992 examples to train a CNN. At 5 kHz, they
achieved a sensitivity of 99.7% for the line noise class and
91.9% for the artefact class. When the signals are downsampled to 250 Hz, the respective sensitivities are 99.4%
and 87.8%, indicating a small loss of performance for a
sequence reduction of 20 times.
Taking these articles into consideration, Tuyisenge
et al.’s approach to utilise bagged decision trees achieves
the best performance of artefact detection in ECoG signals. The performance was tested on the left-out data of
100 patients, indicating the robustness of the method.
It is also worth highlighting that they utilised the least
amount of training examples, as it was not a deep learning model, and achieved the performance with only 7
handcrafted features.
5.4 Local field potentials

Regarding artefact detection in LFP, Fabietti et al.
have explored several approaches. Their dataset comprises multi-site electrode recording in freely moving
male Long Evans rats. First [72], they proposed using a

Fabietti et al. Brain Informatics

(2022) 9:19

multi-layered perceptron for the binary classification of
LFP and artefacts of various origins. They explored how
the performance varied based on the input length in both
subject-specific and cross-subject models. The cross-subject model achieved an accuracy of 93.2%. This was followed by their second work [68].
A recurrent architecture, namely a long-short term
memory (LSTM), was also used for binary classification
and an approach based on forecasting. After comparing
different parameter combinations, the best classification
model achieved an accuracy of 87.1%, while the forecasting approach could not identify the two classes with
good performance. The third approach [73] consisted
of using CNNs, where three popular architectures were
adapted for the one-dimensional signal. The best performance was achieved by the Alexnet [74] inspired model,
with an accuracy of 95.1%. In addition, grad cam maps
were extracted to understand which portions of the signal the model used for assigning each class. Continuing
to explore interpretability, a decision tree-based model
was the basis for the fourth research article [75]. They
explored three feature extraction toolboxes combined
with three feature selection methods to obtain an accurate and interpretable model. The accuracy of the decision tree was 89.3%.
From the artefact removal perspective, Fabietti et al.
[77] proposed using an LSTM network to forecast "normal" neural activity to replace the artefactual segment.
An open-source dataset of rodents in a treadmill was
used to train the model, fed 200 ms long sequences and
was asked to predict the subsequent data point in a sliding window approach. The performance was evaluated
as the RMSE of 100 ms across four individual subject
models and a cross-subject model, which achieved a performance of 0.189 in the test set. Afterwards, the generated signals were compared in the temporal and spectral
domains, where they mimic the properties of the physiological recordings. These approaches have been compiled into an open-access toolbox for artefact detection
and removal [78].
In general, it can be said Fabietti et al. has compared a
wide range of architectures for artefact detection in LFP,
and over two datasets the CNN [74] has achieved the
best accuracy and the lowest computational time to classify a minute of recording. In regard to artefact removal,
the use of LSTM to forecast over corrupted LFP segments has shown promise, and may prove use useful in
single-channel EEG applications.
5.5 Spikes

Klempivr et al. [79] approached artefact detection using
transfer learning with a CNN based on AlexNet. The
dataset was composed of thousands of 10-s extracellular
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microelectrode recordings of 58 patients with Parkinson’s disease. Approximately 75% of the recordings did
not contain any artefacts, and the preprocessed dataset
consisted of nearly 100,000 one-second signal segments.
Continuous wavelet transform was applied to generate a time–frequency image, which was the input to the
network. This pipeline attained an accuracy of 88.1% for
artefact identification and 75.3% accuracy for the individual classes of artefact identification.
From another angle, Hosny et al. [80] explored the use
of machine learning to detect artefacts from multi-electrode recordings. Their data consisted of recordings from
17 Parkinson’s disease who showcased artefacts such as
mechanical motion, electromagnetic interference, baseline drift, irritated neuron and others. Power spectral
density and wavelet packet decomposition was used to
obtain 106 features, which were used to train classifiers
such as Gaussian SVM, decision trees, AdaBoost, Bagging learners, LogitBoost and an LSTM network with
3785 examples. The best performing model was the
LSTM network, with an accuracy of 97.49% on the test
set.
Overall, Hosny et al. out-performs Klepmvir et al. in
regard to the achieved accuracy on binary classification.
Furthermore, Hosny’s model was trained with nearly
half the amount of examples that the latter used, and
the examples included a wider range of artefacts. However, training a LSTM network end-to-end is significantly
more computationally expensive than to apply transfer
learning to the Alexnet CNN.
We proceed to discuss the challenges in the field and
the advantages and limitations of the tool in the subsequent section.

6 Discussion
The toolbox allows filtering the data to find approaches
that match the application of interest and compare them.
However, if the user does not filter the data, is it a valid
comparison between different types of signals, types of
subjects and types of artefacts? For example, a method
for removing muscle artefacts from human EEG recordings may not be very useful when developing or searching for methods for removing stimulation artefacts in a
rodent’s patch-clamp data. The difference between the
different neuronal signals across subjects is significant
enough to expect deviations when adapting from one to
another. In addition, preprocessing such as filtering and
feature extraction may also be needed to be adapted as
means to obtain a working model. Regarding adopting a
model of one type of artefact to another, some authors
have applied the same model to different artefacts and
achieved similar performances [52, 82, 83].
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Furthermore, the approaches that address multiple
types with a single model do so at a performance similar to other approaches with the same model that deal
with only one type. Overall, the comparison outside
the application must be done diligently, knowing that
it does not mean that the performances will be maintained. Still, it can help orient those looking for which
method to apply by discarding those that don’t perform
well. The normalised scale may also miss-represent
results; for example, a high classification accuracy will
be mapped to a value near 1; however, one must achieve
an extremely low RMSE to achieve the same results.
Nonetheless, it provides an approximation of the performance of the approach, which can be evaluated further on the table with the same metrics if desired. To
the best of our knowledge, no other attempts to solve
this issue have been made before so that it can be used
as a starting point.
Out of the many challenges the field currently poses,
replicability is the main one. Most studies have used
private datasets, and outside the few hosted in physionet [84] or BCI competitions [85], the data have been
removed from their respective websites. A limitation of
this work is that despite the key characteristics of the
approaches have been listed, details such as preprocessing steps or the layers of the neural networks are not
listed. That information can be behind paywalls, leading to the inability to reproduce and compare results
among studies. A second shortcoming is that the listed
characteristics may not be sufficient for some researchers to decide; for example, the processing time is crucial
information for selecting algorithms when looking for
online implementations. However, the selected characteristics mainly were present throughout the surveyed
literature, whereas others, such as the normalisation
procedures, hyperparameter values, hardware utilised
for training and computational time, were very inconsistent. Lastly, the toolbox focuses on machine learning
solutions, excluding the wide range of artefact removal
methods listed in Sect. 1. While this limits the tool’s
utility for those looking for the "best approach across
the board", it is hoped that it will be useful for those
looking at data-driven solutions or those with academic
purposes such as method development or comparisons
of machine learning methods.
Moving forward, automatic removal has a significant
role to play in neuroscience. Craik et al.’s [86] review of
deep learning for electroencephalogram classification
tasks indicates that 63% of the studies did not methodically remove the artefact. Moreover, 29% removed
them manually, and only 8% of studies used automatic
methods, which mainly relied on ICA-based algorithms. In addition, Roy et al.’s [87] deep learning-based
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electroencephalography analysis review showcases in
their survey that 47% did not remove artefacts, 30%
did not mention if it was applied at all, and only 23%
removed artefacts. Thus, there is an excellent opportunity to apply the methods listed in the tool in classification and other tasks. As previously indicated in Fig. 6,
there is a consistent growth in the number of articles
published every year that mention artefact removal.
Filtering them, extracting the key characteristics and
incorporating them into the tool takes time, another
limitation of the proposed work. However, we hope
that users will help us with its improvement via the suggestion email option by drawing our attention to where
updates are needed. Hopefully, this will mean that the
tool will remain valuable and necessary.
As online processing is taking more relevance, computationally and energy-efficient methods are desired.
The trend shows that machine learning will most likely
be the future direction in the field, given that those
approaches suit the requirements mentioned above.
This means that the next step is focusing on developing more interpretable models, especially those that
include neural networks, providing insight into how
variables interact and the model operates. In addition, models should allow interaction, such as choosing which artefact to detect, turning it off when it is
not required, or allowing modification of the classification probability threshold. There is no wide range
of techniques that excel for all possible artefacts and
conditions; therefore, approaches should improve the
robustness across multiple subjects and different biological contexts [88]. The use of several processing
stages in which each phase eliminates each artefact to
increase the signal’s quality by using a series of algorithms remains a possibility [16].

7 Conclusion
To analyse brain signals without interference from artefacts, researchers have proposed different means to
detect and remove them. Because of the extensive literature on the topic and the wide range of signals, artefacts,
and ML techniques, we have developed an online tool
that facilitates browsing through the literature. The user
can compare the performance of approaches for benchmarking or for implementation via the graphs and tables
available in the tool. We have successfully surveyed the
literature and extracted key characteristics of the different machine learning methods for the tool to showcase.
In addition, the compiled articles were reviewed for a
more comprehensive analysis. We hope the community
adopts the tool; for that purpose, we have made it openaccess and made its code available and allowed users to
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send suggestions via the tool. By facilitating the benchmarking of new methods, as the state of the art of artefact
detection and removal techniques improve over time, so
will the results of brain studies and BCI applications.

6.

Acknowledgements
The authors would like to express their heartfelt gratitude to the scientists
whose research is listed in the toolbox.

8.

Author contributions
This work was done in close collaboration among the authors. MF and MM
conceived the idea and designed the initial prototype of the app; MF, MM,
AL, and MSK refined the app, performed the analysis and wrote the paper. All
authors have contributed to the paper. All authors read and approved the final
manuscript.

7.

9.

10.

Funding
This work was supported by the Nottingham Trent University PhD studentship
2019, which was awarded to Marcos I. Fabietti.

11.

Availability of data and materials
The source code of the toolbox is available at https://doi.org/10.5281/zenodo.
5789913.

12.
13.

Declarations
Ethics approval and consent to participate
This work is based on secondary research. Hence ethical approval was not
necessary.
Consent for publication
All authors have seen and approved the current version of the paper.

14.
15.
16.

Competing interests
The authors declare no competing interests.

17.

Author details
1
Department of Computer Science, Nottingham Trent University, Clifton
Lane, Nottingham NG11 8NS, UK. 2 Medical Technologies Innovation Facility, Nottingham Trent University, Clifton Lane, Nottingham NG11 8NS, UK.
3
Computing and Informatics Research Centre, Nottingham Trent University,
Clifton Lane, Nottingham NG11 8NS, UK. 4 Institute of Information Technology,
Jahangirnagar University, Dhaka, 1342 Savar, Bangladesh.

18.

Received: 25 April 2022 Accepted: 22 July 2022

21.

19.
20.

22.
References
1. Vassanelli S, Mahmud M, Girardi S, Maschietto M (2012) On the way to
large-scale and high-resolution brain-chip interfacing. Cogn Comput
4(1):71–81
2. Mahmud M, Cecchetto C, Maschietto M, Thewes R, Vassanelli S (2017)
Towards high-resolution brain-chip interface and automated analysis of
multichannel neuronal signals. In Proc R10-HTC. pp. 868–872. https://doi.
org/10.1109/R10-HTC.2017.8289091
3. Vassanelli S, Mahmud M (2016) Trends and challenges in neuroengineering: toward ”intelligent” neuroprostheses through brain-”brain inspired
systems” communication. Front Neurosci. https://doi.org/10.3389/fnins.
2016.00438
4. Daly JJ, Wolpaw JR (2008) Brain–computer interfaces in neurological
rehabilitation. Lancet Neurol 7(11):1032–1043. https://doi.org/10.1016/
S1474-4422(08)70223-0
5. Stieglitz T, Rubehn B, Henle C, Kisban S, Herwik S, Ruther P, Schuettler
M (2009) Brain–computer interfaces: an overview of the hardware to
record neural signals from the cortex. In: Verhaagen J, Hol EM, Huitenga I,
Wijnholds J, Bergen AB, Boer GJ, Swaab DF (eds) Neurotherapy: progress

23.

24.
25.
26.
27.

28.

in restorative neuroscience and neurology, vol 175. Elsevier, Amsterdam,
pp 297–315. https://doi.org/10.1016/S0079-6123(09)17521-0
Farina D, Jensen W, Akay M (2013) Introduction to neural engineering for
motor rehabilitation. Wiley, Hoboken
Brunton BW, Beyeler M (2019) Data-driven models in human neuroscience and neuroengineering. Curr Opin Neurobiol 58:21–29. https://doi.
org/10.1016/j.conb.2019.06.008
Opris I, Lebedev MA, Pulgar VM, Vidu R, Enachescu M, Casanova MF
(2020) Nanotechnologies in neuroscience and neuroengineering. Front
Neurosci 14:00033. https://doi.org/10.3389/fnins.2020.00033
Mahmud M, Girardi S, Maschietto M, Rahman MM, Bertoldo A, Vassanelli
S (2009) Slow stimulus artifact removal through peak-valley detection of
neuronal signals recorded from somatosensory cortex by high resolution
brain-chip interface. In: IFMBE Proceedings. Vol. 25, pp. 2062–2065
Mahmud M, Girardi S, Maschietto M, Vassanelli S (2012) An automated
method to remove artifacts induced by microstimulation in local field
potentials recorded from rat somatosensory cortex. In: Proc BRC. pp. 1–4.
https://doi.org/10.1109/BRC.2012.6222169
Mahmud M, Cecchetto C, Vassanelli S (2016) An automated method for
characterization of evoked single-trial local field potentials recorded from
rat barrel cortex under mechanical whisker stimulation. Cogn Comput
8(5):935–945. https://doi.org/10.1007/s12559-016-9399-3
Tandle A, Jog N (2015) Classification of artefacts in EEG signal recordings
and overview of removing techniques. Int J Comput Appl 975:8887
Mannan M, Kamran M, Kang S, Jeong M (2018) Effect of eog signal filtering on the removal of ocular artifacts and eeg-based brain-computer
interface: a comprehensive study. Complexity 2018:1–18. https://doi.org/
10.1155/2018/4853741
Seneviratne U, Mohamed A, Cook M, D’Souza W (2013) The utility of
ambulatory electroencephalography in routine clinical practice: a critical
review. Epilepsy Res 105(1–2):1–12
Jiang X, Bian G-B, Tian Z (2019) Removal of artifacts from eeg signals: a
review. Sensors 19:987. https://doi.org/10.3390/s19050987
Urigüen JA, Garcia-Zapirain B (2015) Eeg artifact removal—state-of-theart and guidelines. J Neural Eng 12(3):031001
Sweeney KT, Ward TE, McLoone SF (2012) Artifact removal in physiological signals-practices and possibilities. IEEE Trans Inf Technol Biomed
16(3):488–500. https://doi.org/10.1109/TITB.2012.2188536
Khatwani P, Tiwari A (2013) A survey on different noise removal
techniques of eeg signals. Int J Adv Res Comput Commun Eng
2(2):1091–1095
Barua S, Begum S(2014) A review on machine learning algorithms in
handling eeg artifacts. In: Proc Workshop SAIS. Vol. 14, pp. 1–10
Rahman FA, Othman MF, Shaharuddin NA (2015) A review on the current
state of artifact removal methods for electroencephalogram signals. In:
2015 10th Asian Control Conference (ASCC). IEEE, pp. 1–6.
Islam MK, Rastegarnia A, Yang Z (2016) Methods for artifact detection and
removal from scalp EEG: a review. Clin Neurophysiol 46(4–5):287–305
Jung C (2016) A review on eeg artifacts and its different removal technique. Asia-Pac J Converg Res Interchange 2:45–62
Lai CQ, Ibrahim H, Abdullah MZ, Abdullah JM, Suandi SA, Azman A (2018)
Artifacts and noise removal for electroencephalogram (EEG): a literature
review. In: 2018 IEEE symposium on computer applications and industrial
electronics (ISCAIE). pp. 326–332
Mannan MMN, Kamran MA, Jeong MY (2018) Identification and removal
of physiological artifacts from electroencephalogram signals: a review. In:
IEEE Access, Vol. 6, pp. 30630–30652
Sadiya S, Alhanai T, Ghassemi MM (2021) Artifact detection and correction in eeg data: a review. In: 2021 10th International IEEE/EMBS Conference on Neural Engineering (NER). IEEE, pp. 495–498
Nedelcu E, Portase R, Tolas R, Muresan R, Dinsoreanu M, Potolea R (2017)
Artifact detection in EEG using machine learning. In: Proc ICCP, pp. 77–83.
https://doi.org/10.1109/ICCP.2017.8116986
Azghadi MR, Lammie C, Eshraghian JK, Payvand M, Donati E, LinaresBarranco B, Indiveri G (2020) Hardware implementation of deep network
accelerators towards healthcare and biomedical applications. IEEE Trans
Biomed Circuits Syst 14(6):1138–1159. https://doi.org/10.1109/tbcas.
2020.3036081
Sweeney KT, Ayaz H, Ward TE, Izzetoglu M, McLoone SF, Onaral B (2012) A
methodology for validating artifact removal techniques for physiological

Fabietti et al. Brain Informatics

29.
30.
31.
32.
33.
34.
35.

36.
37.
38.
39.
40.
41.

42.
43.
44.
45.

46.
47.

48.
49.
50.
51.

(2022) 9:19

signals. IEEE Trans Inf Technol Biomed 16(5):918–926. https://doi.org/10.
1109/TITB.2012.2207400
Mahmud M, Vassanelli S (2016) Processing and analysis of multichannel extracellular neuronal signals: state-of-the-art and challenges. Front
Neurosci 10(JUN):248. https://doi.org/10.3389/fnins.2016.00248
Braeutigam S (2013) Magnetoencephalography: fundamentals and
established and emerging clinical applications in radiology. ISRN Radiol
2013:1–18. https://doi.org/10.5402/2013/529463
Michel CM (2019) High-resolution EEG. In: Levin KH, Chauvel P (eds)
Handbook of clinical neurology. Clinical neurophysiology: basis and
technical aspects, vol 160. Elsevier, Amsterdam, pp 185–201
Schalk G, Leuthardt EC (2011) Brain-computer interfaces using electrocorticographic signals. IEEE Rev Biomed Eng 4:140–154
Mazzoni A, Logothetis NK, Panzeri S (2013) Information content of local
field potentials. In: Quiroga RQ, Panzeri S (eds) Principles of neural coding.
CRC Press, Boca Raton, pp 411–430
Maguire YG, Shapiro MG, Cybulski TR, Glaser JI, Amodei D, Stranges PB,
Kalhor R, Dalrymple DA, Seo D, Alon E et al (2013) Physical principles for
scalable neural recording. Front Comput Neurosci 7:137
Yang B, Zhang T, Zhang Y, Liu W, Wang J, Duan K (2017) Removal of
electrooculogram artifacts from electroencephalogram using canonical
correlation analysis with ensemble empirical mode decomposition. Cogn
Comput 9(5):626–633
Fatourechi M, Bashashati A, Ward RK, Birch GE (2007) EMG and EOG
artifacts in brain computer interface systems: a survey. Clin Neurophysiol
118(3):480–494
Zhou W, Gotman J (2004) Removal of EMG and ECG artifacts from EEG
based on wavelet transform and ICA. In: Proc EMBC, Vol. 1, pp. 392–395
Boroujeni KB, Tiesinga P, Womelsdorf T (2020) Adaptive spike-artifact
removal from local field potentials uncovers prominent beta and gamma
band neuronal synchronization. J Neurosci Methods 330:108485
Fontana R, Agostini M, Murana E, Mahmud M, Scremin E, Rubega M,
Sparacino G, Fasolato C (2017) Early hippocampal hyperexcitability in
ps2a pp mice: role of mutant ps2 and app. Neurobiol Aging 50:64–76
Tort AB, Ponsel S, Jessberger J, Yanovsky Y, Brankačk J, Draguhn A (2018)
Parallel detection of theta and respiration-coupled oscillations throughout the mouse brain. Sci Rep 8(1):6432
Leparulo A, Mahmud M, Scremin E, Pozzan T, Vassanelli S, Fasolato C
(2020) Dampened slow oscillation connectivity anticipates amyloid
deposition in the ps2a pp mouse model of Alzheimer’s disease. Cells
9(1):54
Hudhud G, Turner MJ (2005) Digital removal of power frequency artifacts
using a Fourier space median filter. IEEE Signal Process Lett 12(8):573–576
Mikulovic S, Pupe S, Peixoto HM, Do Nascimento GC, Kullander K, Tort AB,
Leão RN (2016) On the photovoltaic effect in local field potential recordings. Neurophotonics 3(1):015002
Harris KD, Quiroga RQ, Freeman J, Smith SL (2016) Improving data quality
in neuronal population recordings. Nat Neurosci 19(9):1165–1174
Fabietti M, Mahmud M, Lotfi A (2020) Machine learning in analysing
invasively recorded neuronal signals: available open access data sources.
In: Mahmud M, Vassanelli S, Kaiser MS, Zhong N (eds) Brain Informatics.
Springer, Cham, pp 151–162
Valipour S, Kulkarni G, Shaligram A (2015) Study on performance metrics
for consideration of efficiency of the ocular artifact removal algorithms
for EEG signals. Indian J Sci Technol 8(30):1–6
Koutsoukas A, Monaghan KJ, Li X, Huan J (2017) Deep-learning: investigating deep neural networks hyper-parameters and comparison of
performance to shallow methods for modeling bioactivity data. J Cheminform 9(1):42
Mboga N, Persello C, Bergado JR, Stein A (2017) Detection of informal settlements from VHR images using convolutional neural networks. Remote
Sens 9(11):1106
Probst P, Boulesteix A-L, Bischl B (2019) Tunability: importance of hyperparameters of machine learning algorithms. J Mach Learn Res 20(53):1–32
Hasasneh A, Kampel N, Sripad P, Shah NJ, Dammers J (2018) Deep learning approach for automatic classification of ocular and cardiac artifacts in
meg data. J Eng. https://doi.org/10.1155/2018/1350692
Garg P, Davenport E, Murugesan G, WagnerB, Whitlow C, Maldjian J,
Montillo A (2017) Automatic 1d convolutional neural network-based
detection of artifacts in MEG acquired without electrooculography or

Page 18 of 19

52.

53.

54.

55.

56.

57.

58.
59.
60.
61.

62.
63.
64.
65.
66.
67.
68.

69.

70.

electrocardiography. In: 2017 International Workshop on Pattern Recognition in Neuroimaging (PRNI), IEEE, pp. 1–4
Garg P, Davenport E, Murugesan G, Wagner B, Whitlow C, Maldjian J,
Montillo A (2017) Using convolutional neural networks to automatically
detect eye-blink artifacts in magnetoencephalography without resorting
to electrooculography. Springer, Berlin, pp 374–381
Phothisonothai M, Duan F, Tsubomi H, Kondo A, Aihara K, Yoshimura
Y, Kikuchi M, Minabe Y, Watanabe K (2012) Artifactual component classification from meg data using support vector machine. In: the 5th 2012
biomedical engineering international conference, IEEE, pp. 1–5
Duan F, Phothisonothai M, Kikuchi M, Yoshimura Y, Minabe Y, Watanabe K,
Aihara K (2013) Boosting specificity of meg artifact removal by weighted
support vector machine. In: 2013 35th annual international conference
of the IEEE Engineering in Medicine and Biology Society (EMBC), IEEE, pp.
6039–6042
Rong F, Contreras-Vidal JL (2006) Magnetoencephalographic artifact
identification and automatic removal based on independent component analysis and categorization approaches. J Neurosci Methods
157(2):337–354
Croce P, Zappasodi F, Marzetti L, Merla A, Pizzella V, Chiarelli AM (2018)
Deep convolutional neural networks for feature-less automatic classification of independent components in multi-channel electrophysiological
brain recordings. IEEE Trans Biomed Eng. https://doi.org/10.1109/TBME.
2018.2889512
Treacher AH, Garg P, Davenport E, Godwin R, Proskovec A, Bezerra LG,
Murugesan G, Wagner B, Whitlow CT, Stitzel JD et al (2021) Megnet:
automatic ICA-based artifact removal for meg using spatiotemporal
convolutional neural networks. Neuroimage 241:118402
Winkler I, Haufe S, Tangermann M (2011) Automatic classification of artifactual ICA-components for artifact removal in EEG signals. Behav Brain
Funct 7(1):30
Shao S-Y, Shen K-Q, Ong CJ, Wilder-Smith EP, Li X-P (2008) Automatic EEG
artifact removal: a weighted support vector machine approach with error
correction. IEEE Trans Biomed Eng 56(2):336–344
Shoker L, Sanei S, Chambers J (2005) Artifact removal from electroencephalograms using a hybrid BSS-SVM algorithm. IEEE Signal Process Lett
12(10):721–724
Halder S, Bensch M, Mellinger J, Bogdan M, Kübler A, Birbaumer N, Rosenstiel W (2007) Online artifact removal for brain-computer interfaces using
support vector machines and blind source separation. Comput Intell
Neurosci. https://doi.org/10.1155/2007/82069
Lawhern V, Hairston WD, McDowell K, Westerfield M, Robbins K (2012)
Detection and classification of subject-generated artifacts in EEG signals
using autoregressive models. J Neurosci Methods 208(2):181–189
Gao JF, Yang Y, Lin P, Wang P, Zheng CX (2010) Automatic removal
of eye-movement and blink artifacts from EEG signals. Brain Topogr
23(1):105–114
Li J, Struzik Z, Zhang L, Cichocki A (2015) Feature learning from incomplete EEG with denoising autoencoder. Neurocomputing 165:23–31
O’Regan S, Faul S, Marnane W (2013) Automatic detection of EEG artefacts arising from head movements using EEG and gyroscope signals.
Med Eng Phys 35(7):867–874
Nguyen H-AT, Musson J, Li F, Wang W, Zhang G, Xu R, Richey C, Schnell
T, McKenzie FD, Li J (2012) EOG artifact removal using a wavelet neural
network. Neurocomputing 97:374–389
Gonçalves S, Pouwels P, Kuijer J, Heethaar R, De Munck J (2007) Artifact
removal in co-registered EEG/fMRI by selective average subtraction. Clin
Neurophysiol 118(11):2437–2450
Alagapan S, Shin HW, Fröhlich F, Wu H-t (2018) Diffusion geometry
approach to efficiently remove electrical stimulation artifacts in intracranial electroencephalography. J Neural Eng. https://doi.org/10.1088/1741-
2552/aaf2ba
Tuyisenge V, Trebaul L, Bhattacharjee M, Chanteloup-Forêt B, SaubatGuigui C, Mîndruţă I, Rheims S, Maillard L, Kahane P, Taussig D et al (2018)
Automatic bad channel detection in intracranial electroencephalographic recordings using ensemble machine learning. Clin Neurophysiol
129(3):548–554
Nejedly P, Cimbalnik J, Klimes P, Plesinger F, Halamek J, Kremen V, Viscor
I, Brinkmann BH, Pail M, Brazdil M et al (2019) Intracerebral EEG artifact
identification using convolutional neural networks. Neuroinformatics
17(2):225–234

Fabietti et al. Brain Informatics

(2022) 9:19

71. Fabietti M, Mahmud M, Lotfi A (2021) Anomaly detection in invasively
recorded neuronal signals using deep neural network: effect of sampling
frequency. Springer, Berlin, pp 79–91
72. Fabietti M, Mahmud M, Lotfi A, Avarua A, Gugganmos D, Xudo R, Chiappalone M (2020) Neural network-based artifact detection in local field
potentials recorded from chronically implanted neural probes. In: 2020
international joint conference on neural networks (IJCNN), IEEE, pp. 1–8
73. Fabietti M, Mahmud M, Lotfi A, Averna A, Guggenmos D, Nudo R, Chiappalone M (2020) Artifact detection in chronically recorded local field
potentials using long-short term memory neural network. In: 2020 IEEE
14th international conference on application of information and communication technologies (AICT), IEEE, pp. 1–6
74. Fabietti M, Mahmud M, Lotfi A, Averna A, Guggenmos D, Nudo R,
Chiappalone M (2020) Adaptation of convolutional neural networks for
multi-channel artifact detection in chronically recorded local field potentials. In: 2020 IEEE symposium series on computational intelligence (SSCI),
IEEE, pp. 1607–1613
75. Krizhevsky A, Sutskever I, Hinton GE (2012) Imagenet classification with
deep convolutional neural networks. In: advances in neural information
processing systems, pp. 1097–1105
76. Fabietti MI, Mahmud M, Lotfi A, Averna A, Guggenmos D, Nudo R,
Chiappalone M (2021) Interpretable model for artefact detection in local
field potentials via feature extraction and decision trees, in: UK workshop
on computational intelligence. Springer, Berlin, pp 288–299
77. Fabietti M, Mahmud M, Lotfi A (2021) A Matlab-based open-source toolbox for artefact removal from extracellular neuronal signals. In: Mahmud
M, Kaiser MS, Vassanelli S, Dai Q, Zhong N (eds) International conference
on brain informatics. Springer, Berlin, pp 351–365
78. Fabietti M, Mahmud M, Lotfi A, Kaiser MS, Averna A, Guggenmos DJ,
Nudo RJ, Chiappalone M, Chen J (2021) Santia: a Matlab-based opensource toolbox for artifact detection and removal from extracellular
neuronal signals. Brain Informatics 8(1):1–19
79. Klempíř O, Krupička R, Bakštein E, Jech R (2019) Identification of
microrecording artifacts with wavelet analysis and convolutional neural
network: an image recognition approach. Meas Sci Rev 19(5):222–231
80. Hosny M, Zhu M, Gao W, Fu Y (2020) A novel deep LSTM network for
artifacts detection in microelectrode recordings. Biocybern Biomed Eng
40(3):1052–1063
81. RStudio (2014) Inc, shiny: Easy web applications in R. http://shiny.rstudio.
com. Accessed 12 Dec 2021
82. Phothisonothai M, Duan F, Tsubomi H, Kondo A, Aihara K, Yoshimura
Y, Kikuchi M, Minabe Y, Watanabe K (2012) Artifactual component classification from meg data using support vector machine. In: the 5th 2012
biomedical engineering international conference, IEEE, pp. 1–5
83. Stone DB, Tamburro G, Fiedler P, Haueisen J, Comani S (2018) Automatic
removal of physiological artifacts in EEG: the optimized fingerprint
method for sports science applications. Front Hum Neurosci 12:96
84. Physionet. https://physionet.org/. Accessed 12 Dec 2021
85. Berlin brain-computer interface. http://www.bbci.de/. Accessed 12 Dec
2021
86. Craik A, He Y, Contreras-Vidal JL (2019) Deep learning for electroencephalogram (EEG) classification tasks: a review. J Neural Eng 16(3):031001
87. Roy Y, Banville H, Albuquerque I, Gramfort A, Falk TH, Faubert J (2019)
Deep learning-based electroencephalography analysis: a systematic
review. J Neural Eng. https://doi.org/10.1088/1741-2552/ab260c
88. Vu M-AT, AdalI T, Ba D, Buzsáki G, Carlson D, Heller K, Liston C, Rudin C,
Sohal VS, Widge AS et al (2018) A shared vision for machine learning in
neuroscience. J Neurosci 38(7):1601–1607

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 19 of 19

