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Abstract— Brain–computer interface (BCI) actively translates
the brain signals into executable actions by establishing direct
communication between the human brain and external devices.
Recording brain activity through electroencephalography (EEG)
is generally contaminated with both physiological and nonphysio-
logical artifacts, which significantly hinders the BCI performance.
Artifact subspace reconstruction (ASR) is a well-known statistical
technique that automatically removes artifact components by
determining the rejection threshold based on the initial reference
EEG segment in multichannel EEG recordings. In real-world
applications, the fixed threshold may limit the efficacy of the
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artifact correction, especially when the quality of the reference
data is poor. This study proposes an adaptive online ASR tech-
nique by integrating the Hebbian/anti-Hebbian neural networks
into the ASR algorithm, namely, principle subspace projec-
tion ASR (PSP-ASR) and principal subspace whitening ASR
(PSW-ASR) that segmentwise self-organize the artifact subspace
by updating the synaptic weights according to the Hebbian and
anti-Hebbian learning rules. The effectiveness of the proposed
algorithm is compared to the conventional ASR approaches on
benchmark EEG dataset and three BCI frameworks, including
steady-state visual evoked potential (SSVEP), rapid serial visual
presentation (RSVP), and motor imagery (MI) by evaluating
the root-mean-square error (RMSE), the signal-to-noise ratio
(SNR), the Pearson correlation, and classification accuracy. The
results demonstrated that the PSW-ASR algorithm effectively
removed the EEG artifacts and retained the activity-specific brain
signals compared to the PSP-ASR, standard ASR (Init-ASR), and
moving-window ASR (MW-ASR) methods, thereby enhancing the
SSVEP, RSVP, and MI BCI performances. Finally, our empirical
results from the PSW-ASR algorithm suggested the choice of
an aggressive cutoff range ofc=1–10 for activity-specific BCI
applications and a moderate range ofc>10 for the benchmark
dataset and general BCI applications.

Index Terms— Artifact removal, artifact subspace reconstruc-
tion, brain–computer interface (BCI), electroencephalography,
Hebbian/anti-Hebbian neural network.

I. INTRODUCTION

BRAIN–COMPUTER Interface (BCI) translates the indi-
vidual’s desire to execute a variety of user-specific inter-

actions by establishing a direct connection between the user’s
brain and an external device [1], [2]. BCI is proven to be
a potential tool that can largely benefit the neurologically
affected patients by assisting their needs and improving the
quality of life [3]. Electroencephalography (EEG) is one of
the most widely used signal acquisition tools in the field of
cognitive neuroscience. Although many modalities, such as
functional magnetic resonance imaging (fMRI) and positron
emission tomography (PET), are available, EEG attains pop-
ularity because of its high time resolution, portability, and
reliability [4]. EEG records the electrical activity of the brain
through electrodes placed on the scalp. During the acquisi-
tion process, EEG signals are known to be contaminated by
unwanted noises resulting from various artifacts affecting the
BCI performance. These artifacts may be caused by measuring
equipment, external environments, or power-line noise, which
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are nonphysiological in nature and can be eliminated by choos-
ing the right recording instruments, acquisition mechanism,
and filtering techniques. Voluntary and involuntary activities,
such as eye movements, eye blinking, heart sounds, and
muscle activities, cause physiological artifacts that interfere
with the brain signals and mislead the understanding of the
neural activity, especially in BCI applications [5]–[9]. Thus,
in order to improve the BCI performance, the removal of
these physiological and nonphysiological artifacts before the
EEG signal analysis is inevitable. In addition, the choice of
an EEG acquisition system that is compatible with real-world
applications is crucial. [10], [11] suggested wearable and
wireless EEG devices are relatively comfortable, quick to set
up, easy to use, mobile, and offer acceptable signal quality
compared to wired EEG systems.
The literature shows the increased focus on developing var-

ious artifact removal techniques to eliminate nonbrain compo-
nents from the recorded EEG signals. Blind source separation
(BSS) [12], [13] is a conventional method that works on the
principle of signal source separation. BSS decomposes the
original contaminated signal into clean and artifact compo-
nents. However, the quality of the signal separation depends
on the types and degrees of contamination. The independent
component analysis (ICA) [14], [15] and the principal com-
ponent analysis (PCA) [16] are the most commonly preferred
BSS techniques to handle source separation problems and
in removing the artifact components from the EEG data.
Regression [17]–[19] methods are also applied to remove
artifacts in EEG signals but only limited to off-line processing
due to their dependency on the reference [electrooculogram
(EOG), electrocardiogram (ECG), or electromyogram (EMG)]
to remove corresponding components from the EEG records.
Empirical mode decomposition (EMD) [20], [21] uses intrinsic
mode functions (IMFs) to recursively decompose the EEG
signals into modes and remove unwanted amplitude- and
frequency-modulated (AM/FM) components, but it is very
sensitive to noise and restricted only to off-line processing.
An automatic artifact removal technique with online

compatibility is extremely important to handle real-time BCI
processing. [22] proposed an automatic and online-capable
artifact subspace reconstruction (ASR), which is a
PCA-statistic method for removing large-amplitude artifacts.
Furthermore, EEGLAB [23], which is an open-source
MATLAB package proposed by the Swartz center for
computational neuroscience (SCCN), offers the basic ASR
implementation. [24], [25] further analyzed ASR to validate
its effectiveness and the strictness of a cutoff parameter on
real EEG data. An automatic IC classifier (ICLabel) is used
to identify brain and artifactcomponents to quantitatively
and objectively assess the ASR’seffectiveness in removing
artifacts and preserving brain activities. [26] discussed the
artifact-reduction specificity on visual evoked potentials (VEP)
by replacing the traditional Euclidean geometry used in the
ASR method with the Riemannian geometry to handle the
curved and high-dimensional data space covariance matrices.
According to the ASR implementation, the artifact subspace
of the reference data is fixedfor reconstructing the entire
EEG data, which may hinder the performance of artifact

removal, especially during real-time applications with initial
large-amplitude artifacts. In general, the artifact subspace of
the reference data should be adaptive and able to underlie the
mechanics of the whole EEG dataset [27]–[29].
Hebbian and anti-Hebbian networks are potential self-
organizable single-layered learning networks in which
Hebbian rules align the synaptic weight feature vectors
with the input space direction of greatest variance, while
anti-Hebbian rule mediates and prevents the feature vectors
from aligning in the same direction [30], [31]. However, the
Hebbian and anti-Hebbian learning rules optimized on a full
network lead to biologically implausible nonlocal learning
rules where synaptic weights depend on the neural activities
rather than the neural connections. This problem can be
mitigated by reducing the optimization problem to the synaptic
level, thereby solving locally to achieve biological plausibility.
Recently, a Hebbian/anti-Hebbian learning network with a
multidimensional scaling cost function method using local
learning rules was proposed to solve the subspace-tracking
problem [32], which guarantees convergence to a unique
fixed-point with the min–max optimization theorem. This
optimization technique allows one to derive the biologically
plausible local learning rules for both feedforward and lateral
synaptic connections in Hebbian and anti-Hebbian networks,
which obeys the potential relation between lateral synaptic and
feedforward weights [33]. The Hebbian/anti-Hebbian networks
derived from the classical multidimensional scale (CMDS)
cost function are called principal subspace projection (PSP),
and adding regularization to the PSP gives principle subspace
whitening (PSW) [30], [34]. Both the PSP and PSW algo-
rithms applied on the basis of local learning rules produce
significant performance improvements during off-line and
online analyses compared to Oja’s network [35] and general
Hebbian algorithm [36] for subspace tracking in the single-
layer networks.
This study aims to develop an online capable adaptive
ASR algorithm to remove artifact components effectively
and enhance the BCI performance. The adaptive ASR algo-
rithm self-organizes the artifact subspace by applying the
Hebbian/anti-Hebbian learning networks for every small seg-
ment of the streaming EEG data. The Hebbian/anti-Hebbian
learning network integrated into the ASR algorithm updates
the mixing matrix and threshold values by learning the dynam-
ics of the streaming EEG data segment through biologically
plausible local learning rules, thereby eliminating the prob-
lem of picking either fixed or noisy artifact subspace. This
study applied the proposed adaptive ASR algorithm on: 1) a
benchmark dataset with clean EEG data contaminated by
recorded EOG and simulated EMG signals; 2) steady-state
visual evoked potential (SSVEP) BCI framework; 3) rapid ser-
ial visual presentation (RSVP) BCI framework; and 4) motor
imagery (MI) BCI framework to evaluate the artifact cor-
rection performance. The results showed that the proposed
adaptive ASR algorithms, particularly PSW-ASR, efficiently
suppressed the artifactual components and improved the per-
formance compared to the standard online ASR (Init-ASR) and
moving-window ASR (MW-ASR) algorithms in all the exper-
imental conditions. Furthermore, this study also discussed the
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role of the cutoff parameter in determining the quality of
the EEG reconstruction and their range for improved BCI
performance. The demo code of the Adaptive ASR algorithm
is available at https://github.com/t5i0m7/AASR.
The rest of the article is organized as follows. Section II

presents the algorithms for conventional ASR and the proposed
adaptive ASR techniques. Section III describes the experi-
mental datasets, data preparation, and metrics evaluation to
assess the performance. Section IV presents the performance
comparison between the proposed and conventional algorithms
for both the benchmark and three BCI frameworks. Section V
discusses the uniqueness and potential of the adaptive ASR
algorithm and the influence of the cutoff parameter on artifact
removal. Finally, Section VI concludes this article with future
scope.

II. ADAPTIVEARTIFACTSUBSPACERECONSTRUCTION

This section briefly describes the initial state online capable
ASR algorithm (Init-ASR) and its functional scope followed
by the implementation of moving-window-based ASR. Fur-
thermore, Hebbian/anti-Hebbian neural network models are
introduced for adaptive subspace tracking and its inclu-
sion in the ASR architecture forefficient subspace tracking
mechanism.

A. Artifact Subspace Reconstruction With Initial State

ASR is a statistical technique that automaticallyanalyzes the
EEG signals for artifacts by using a variance component. The
algorithm rejects the large-variance components by comparing
them with the clean EEG data components. In particular, the
algorithm automatically identifies the clean EEG portion of the
raw data as reference and learns its distribution to determine
the constraint for rejecting artifactual components [24], [37].
During real-time EEG scenarios, it is not always possible to
collect the entire EEG dataset and obtain a clean EEG segment.
Instead, recording short initial segments of artifact-free EEG
data as a reference is preferred to calculate artifact subspace.
This reference subspace rejects the artifactual components of
the incoming data and processes channelwise reconstruction
from the remaining components [38]. This standard online
ASR model is named Init-ASR in this study. For clear imple-
mentation details of the ASR algorithm, refer to [24].
Step 1:ASR automatically selects the clean EEG segments

based on the signal variance distribution. In particular, the
algorithm calculates the channelwise root-mean-square (rms)
values for every 1-s window segment and uses truncated
Gaussian distribution to calculate z-score for all those win-
dowed rms values. The data with the z-scores range within
−3.5 and 5.5 are concatenated to obtain reference dataDr∈
RC×L,whereCis the number of channels andLis the data
length of reference data. These reference data are used to
calibrate ASR, and the data length depends on the amount
of contamination.
Step 2:The chosen dataDrare passed through an IIR-filter

to suppress specific frequency-band activities typically related

to oscillatory activities in the brain, producingDr. This implies
that the IIR-filter designed using the Yule–Walker method

suppresses the brain activity components and alleviates the
artifact components, which are further analyzed to extract
the artifact subspace. To calculate the projection of artifact
subspace, ASR computes mixing matrixMr∈R

C×C,which
is the square root of Cov(Dr) followed by eigenvalue decom-
position to obtain eigenvectorsVr∈R

C×C and eigenvalues
λr. Using these eigenvectorsVr, each principal component
Yr∈R

C×L can be calculated by projectingVronDr

Yr=V
T
rDr. (1)

Furthermore, ASR calculates the mean (µi) and standard
deviation (σi) of rms values for each component ofYracross
all 0.5-s segments and calculates the rejection threshold for
each component as

Ti=µi+cσi (2)

wherecis the user-defined cutoff parameter andirepresents
the componentwise analysis.
Step 3:The unclean streaming dataDt∈R

C×L,whereL
is the data length of streaming data, are initially preprocessed
by IIR filter and extract covariance matrix to evaluate eigen-
value decomposition and obtain eigenvectorsVtand eigenval-
uesλt. To identify which components should be rejected,
each principal component with varianceλtis compared with
the thresholdTiprojected fromVrontoVt

(λt)j≥
i

Ti((Vr)i)
T(Vt)j

2
. (3)

If the inequality holds, the corresponding components are
replaced with the zero vectors calledVt. With the initial
assumption of ASR, we can get the clean latent components
(Zt)cleanfrom the original latent variableZt∈R

C×L

(Zt)clean= Vt
T
Mr

+

VTtDt (4)

where(.)+represents the pseudoinverse of(.).
Finally, the clean streaming data(Dt)clean∈R

D×L are
obtained by multiplying the mixing matrixMrwith(Zt)clean

(Dt)clean=Mr(Zt)clean=Mr Vt
T
Mr

+

VTtDt. (5)

B. Moving-Window Artifact Subspace Reconstruction

The choice of reference data limited to the initial recordings
of the EEG signal might hinder the efficacy of the EEG artifact
removal, especially when the reference data contain artifactual
components or due to the dynamic nature of EEG activity over
time such that the fixed threshold may not be reliable to reject
artifacts and reconstruct the clean EEG data. An alternate way
is to update the threshold by calculating the artifact subspace
for every sliding windowed segment. Thus, an online ASR
algorithm by recalculating artifact subspace using windowed
segments called moving window artifact subspace reconstruc-
tion (MW-ASR) is used. The artifact subspace is evaluated and
updated for every 20-s window.

C. Hebbian/Anti-Hebbian Network for Subspace Tracking

Simply applying MW-ASR without a continuous parameter
updation mechanism may not serve the purpose of efficient

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Univ of  Calif San Diego. Downloaded on July 19,2022 at 04:04:09 UTC from IEEE Xplore.  Restrictions apply. 



4 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

artifact removal, and moreover, reducing the dimensionality
of streaming data during the data analysis process is very
important. Hebbian and anti-Hebbian rules are the biologi-
cally plausible single-layer neural networks that self-organize
through local learning rules and help in reducing the dimen-
sion of the networks [34]. The Hebbian and anti-Hebbian
learning rules compensate for the input space feature vectors’
directions to the optimum variance that results in equilibrium
where the feedforward and lateral synaptic weight vectors
span the principal subspace of the input covariance matrix.
Pehlvanet al. [32] proposed an online similarity matching
algorithm using a multidimensional scaling objective function
to determine the similarity matching of the principal subspace
projection (PSP) through local learning rules and describe
the result of the batch optimization for the multidimensional
scaling cost function leading to Hebbian/anti-Hebbian learning
networks. The batch optimization function for quantifying
the similarity can be written by (6), whereXk∈R

C×Nis the
batch input data obtained after the IIR filtering andYk∈R

C×N

is the batch subspace data obtained by the projection onto
the principal subspace corresponding to the input covariance
matrix,Cdetermines the number of channels,kis thekth
element in the batch segment, andNis the number of batch
segments

min
Yk

N

k=1

||XTkXk−Y
T
kYk||

2
F. (6)

To optimizeYk, the covariance matrices 1/nXkX
T
k and

1/nYkY
T
kare replaced with the dynamic variable matricesW∈

RC×C andM∈RC×C,whereW is the feedforward synaptic
weight matrix andM is the lateral synaptic weight matrix,
and derive the min–max PSP objective by modifying (6) as
follows:

min
Yk
min
W
max
M
2TrWTW −TrMTM

−4

N

k=1

XTkW
TYk+2

N

k=1

YTkM
TYk. (7)

The positive definite nature of M guarantees the func-
tion−4 N

k=1X
T
kW

TYk+2
N
k=1Y

T
kM

TYkto converge to a
unique fixed pointM−1WTXk. Finally, (7) can be further
optimized by exchanging the order of minimization with
respect toYandW,andYand maximization ofM using
the saddle point property which gives the following min–max
optimization problem:

min
W
max
M
2TrWTW −TrMTM −2

N

k=1

XTkW
TYk

whereYk≡M
−1WTXk. (8)

Using gradient descent-ascent updates with stochasticity for
optimizingW andMin (8) deduces Algorithm 1, where the
row vectors ofM−1Ware the projection of principal subspace
whenW andM converge. Algorithm 1 describes the whole
optimization process using the Hebbian/anti-Hebbian learning
network. The parametersrWandrMare the time-varying learn-
ing rates for Hebbian and anti-Hebbian neurons corresponding

Algorithm 1Online PSP

Require:Initial neural weights forW ∈RC×C andM ∈
RC×C,whereCrepresents number of channels

1:fork=1:Ndo
2: Yk⇐ M

−1W Xk
3: W ⇐ (1−rW)W+rWYkX

T
k

4: M⇐ (1−rM)M+rMYkY
T
k

5:end for

Algorithm 2Online PSW

Require:Initial neural weights forW ∈RC×C andM ∈
RC×C,whereCrepresents the number of channels

1:fork=1:Ndo
2: Yk⇐ M

−1W Xk
3: W ⇐ (1−rW)W+rWYkX

T
k

4: M⇐ (M−rMIk)+rMYkY
T
k

5:end for

toWandMrespectively, whererW =2η,ηis theWlearning
rate in the range 0<η/2<1andrM=rW/2τ,andτis the
ratio ofW andMlearning rates withτ>0.
In addition, the authors extended the online similarity

matching PSP algorithm by adding a constraint that spheres
the principal subspace of the objective function resulting
a whitening mechanism called principal subspace whitening
(PSW). In the PSW network model, the data in the principal
subspace is sphered such that the objective function attains
unit variance across all the directions

min
Yk

N

k=1

||XTkXk−Y
T
kYk||

2
F s.t.

1

S
YkY

T
k =I (9)

whereSis the length of the data in batch segmentk.
Similar to the optimization methods in the PSP objective
function, we can also derive the min–max PSW objective
function using (10). Algorithm 2 shows the whole optimization
process by applying gradient descent-ascent updates forW
andM using the Hebbian/anti-Hebbian learning networks.
The parametersrW andrM are the time varying-learning
rates with constraint for Hebbian and anti-Hebbian neurons
corresponding toWandMrespectively, whererW =η,ηis
theWlearning rate in the range 0<η <1andrM=rW/τ,
andτis the ratio ofW andMlearning rates withτ>0

min
W
max
M
2TrWTW −Tr(M)−2

N

k=1

XTkW
TYk

whereYk≡M
−1WTXk. (10)

D. Artifact Subspace Reconstruction With
Hebbian/Anti-Hebbian Network

The ASR algorithm [24] states that it is necessary to record
a segment reference data to evaluate mixing matrixMrand
set an artifact subspace threshold. However, the quality of the
reference data plays a vital role when using the ASR algorithm
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Fig. 1. Flowchart of the proposed PSP/PSW-ASR algorithm.

in a real-world scenario. It is possible to get a bad reference if
the recordings have large voltage artifacts. Thus, the addition
of the Hebbian/anti-Hebbian neural networks into the ASR
algorithm to update the artifact subspace segmentwise helps
the algorithm adapt to the streaming EEG data dynamics.
The Hebbian/anti-Hebbian network updates the mixing matrix
and threshold of artifact subspace for each data segment
by applying local learning rules. The flowchart in Fig. 1
illustrates the whole flow of Hebbian/anti-Hebbian learning
with ASR, which produces PSP-ASR and PSW-ASR. For
everyjth segment (j>1), the mixing matrix (Mrj)andthe
threshold value (Tj) are updated using Hebbian/anti-Hebbian
learning mechanism. By self-organizing the learnable synaptic
weight neuronsW andM with the data segmentSj+1using
Algorithm 1 or Algorithm 2, we can reconstruct the data in
the data segmentSj+1toRj+1.

III. EXPERIMENTALSETUP

The fundamental principle of the ASR algorithm is to
remove artifact components based on the variance of compo-
nent activities. However, the choice of the cutoff parameter (c)
plays an important role in removing the unwanted artifacts and
in preserving the brain activity components [24]. In this study,
we applied Hebbian/anti-Hebbian neural networks to recon-
struct artifact subspace for different ranges ofcvalues and
observe its effectiveness on the BCI performance compared
to other conventional ASR methods. The performance of the

existing and proposed ASR algorithms was evaluated on four
different BCI datasets. Fig. 2 illustrates the overall flow of our
proposed analysis on: 1) Benchmark dataset and 2) SSVEP,
RSVP, and MI BCI frameworks. All the experimental datasets
were initially preprocessed to remove high-frequency and line
noise components, and extract frequencies of interest using an
FIR bandpass filter (BPF).

A. Benchmark Dataset

1) Experiment:Kladoset al.[39] proposed a standard pro-
cedure for simulating EEG dataset with EOG artifacts.
Twenty-seven subjects (14 males and 13 females) took part
in the study, and each subject performed the experiment for
one trial having 30-s duration. The semisimulated EEG data
contain a combination of artifact-free EEG data recorded
during an eyes-closed session and EOG data recorded during
an eyes-opened session by applying the contamination model
proposed in [39]. The artifact-free clean EEG data are recorded
using a 19-channel EEG system placed according to the
International 10-20 Standard. The EOG data are recorded
using four electrodes with two electrodes placed above and
below the left eye and the other two on the outer canthi of
each eye resulting in two bipolar signals, namely, horizontal
EOG (HEOG) and vertical EOG (VEOG). A linear regression
analysis is performed to select the amplitude levels of HEOG
and VEOG, and project them onto the clean EEG data during
the contamination process to prepare EEG/EOG dataset. Fur-
thermore, the trials with a close resemblance between clean
EEG and contaminated EEG data are manually observed and
removed from our analysis resulting data from 18 subjects
for the study. Since the size of the data is too small, the
contamination process is repeated six times by projecting the
HEOG and VEOG onto the clean EEG data producing six
trials of the EEG/EOG dataset for each subject.
In addition to EOG contamination, we also investigated the
influence of muscle artifacts on the EEG signal by simulating
the EMG signal using the EMG simulator toolbox proposed
by [40]. A projection matrix is designed to map the EMG
artifacts onto the temporal regions of the brain to prepare the
EEG/EMG dataset [41]. The contamination process is repeated
six times by projecting the EMG artifacts producing six trials
for each subject. The toolbox ensures that the simulated EMG
signals derived by the design function and projected onto
the EEG signals are similar to the clinically recorded muscle
artifact EEG signals [42].
2) Data Preparation and Metrics:The 30-s duration of

each trial is chopped into a 24-s data segment between 4 and
27 s to eliminate any uncertainty caused during the start and
end duration of the experiment. Then, two consecutive trials
of the EOG/EMG contaminated EEG signals were stacked
to form three 48-s segment datasets, respectively, for each
subject. Furthermore, a clean EEG signal is chopped similarly
for 24 s and repetitively stacked twice to form two 48-s seg-
ment datasets. Finally, the 48-s segments of the contaminated
(A) and clean (C) EEG signals are concatenated, as shown in
Fig. 3, to produce a 240-s data segment. Since our proposed
Hebbian/anti-Hebbian learning ASR algorithm is designed
to calculate artifact subspace for every 20-s duration, this
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Fig. 2. Block representation of the BCI system framework with artifact removal mechanism using proposed and existing online ASR algorithms. The analysis
of the benchmark dataset is highlighted by the green box and the BCI framework by the orange box.

Fig. 3. Flow diagram of EOG/EMG contaminated EEG dataset. A and C
represent contaminated and clean EEG signals.

concatenation mechanism allows the algorithm to self-adjust to
the signal distribution of clean and contaminated signals. The
projection vectors of EOG and EMG datasets were designed,
as proposed by [39], [40].
To evaluate the performance of each algorithm, the root

mean square error (RMSE) and signal-to-noise ratio (SNR)
metrics were analyzed. RMSE is a Euclidean distance metric
to measure the difference between the estimator and the
observed values (11), while SNR measures the ratio of desired
signal power to the background noise power 12)

RMSE=
n
t=1(Xt−Yt)

2

n
(11)

SNRdB=10 log10

n
t=1X

2
t

n
t=1N

2
t

(12)

whereXtis the processed EEG signal after artifact removal,Yt
is the clean EEG signal,Ntis the noise (EOG/EMG) signal,n
is the number of sample points, and dB is decibels. The RMSE
and SNR are calculated for each subject across the channels.

B. SSVEP BCI Framework

1) Experiment and Data Preparation:SSVEPs are the nat-
ural responses elicited by the flickering visual stimuli flashed
at specific frequencies [2], [43]. The SSVEP BCI experi-
ment is a simulated military shooting scenario proposed by
Koet al.[44], where three soldiers appear on the screen with
a flickering icon in front of each soldier as a target, which are
flickered at their predefined frequencies (8, 9, and 14 Hz). The
system picks the target from the experimental subject’s EEG
response, which depends on the presented stimulus frequency
and then shoots the derived target. Fifteen subjects participated
in the study aged between 18 and 26 years, and this study
was performed in accordance with the recommendations of
the Institutional Review Board of National Yang Ming Chiao
Tung University, Hsinchu, Taiwan, and was approved by the
Research Ethics Committee of National Yang Ming Chiao
Tung University, Hsinchu, Taiwan, under the protocol code
NCTU-REC-108-085E. Each experiment consists of 30 trials
with each trial having three stages, namely, fixation, searching,
and stimulus stages. Each trial lasts for a 13-s duration
containing 2-s fixation, 5-s target search, and 6-s visual
stimuli. During the experiment, all the subjects had normal
eye-blinking, eye movement, and muscle activities, which
contaminated the EEG signals. A 1–50-Hz BPF is applied
to the EEG signal to remove high frequency and line noise.
Finally, all the trials are concatenated subjectwise to ensure
sufficient eye and muscle artifacts in the EEG recordings for
further analysis.

2) Pearson Correlation:The performance of the recon-
structed EEG signal after the artifact correction mechanism
with reference to the ground-truth EEG data is evaluated
using correlation analysis. Correlation is a statistical measure
of evaluating the strength of the relationship between two
EEG signals, X and Y. Specifically, the Pearson correlation
coefficient(ρ)is computed to examine the significance of
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similarity by using the following:

ρ=
n
t=1Xt−X̄ Yt−Ȳ

n
t=1Xt−X̄

2 n
t=1Yt−Ȳ

2
(13)

where X̄andȲare the mean values ofXandY,andn
represents number of sample points.
3) Accuracy:Accuracy measures the degree of exactness

with reference to the actual value. To improve the BCI perfor-
mance, differential power (DP) proposed by [45] is calculated
to extract the features of each SSVEP frequency by choosing
the dominant target frequency power, i.e., DP measures the
ratio of target frequency power to the mean of the nontarget
frequency powers, as follows:

DP(fT)=
P(fT)

1
N−1

N
k=1P(fk)−p(fT)

(14)

where P(.)determines the signal power,fT is the target
frequency, andNis the total target frequency components.

C. RSVP BCI Framework

1) Experiment and Data Preparation: RSVP is an
event-related highly efficient BCI technique for examining
visual perception and is helpful in detecting target and non-
target stimulus events. The RSVP experiment was designed
to detect the target object in a multitarget scenario proposed
by Koet al.[2]. The experiment is recorded at a 500-Hz
sampling rate using a 32-channel Neuroscan system, which
consists of seven sessions with each session containing a
1-min rest state followed by 32 trials. Each trial is composed
of fixation, searching, and stimulus stages. The experimental
design randomly highlights four icons in a grid of size
8×8 during each trial, in which one of them is a target
event icon. The icons were flickered at randomly allocated
preallocated frequencies of 4, 5, 6, and 7 Hz, and the subjects
are intended to focus on the target event icon and detect all
the match-three possible events in each trial. The experiment
was designed such that the target object appears only three
times during the stimulus phase. Fourteen subjects partici-
pated in the study in accordance with the recommendations
from the NYCU-REC committee, Hsinchu, Taiwan, under the
protocol code NCTU-REC-104-033. All the recorded trials
across sessions were BPF filtered between 1 and 50 Hz, and
concatenated subjectwise for ASR processing.
2) Feature Extraction and Classification: Event-related

potentials (ERPs) were extracted for the target and nontarget
events from the ASR processed EEG trials in line with the
previous study [2]. Target event ERP of 1 s is extracted by
selecting−200- to 800-ms duration with respect to the target
event onset, while nontarget event ERP picks 0 to 1000 ms
without overlapping the target event onset. The subjectwise
target and nontarget ERPs were labeled accordingly for classi-
fication analysis. Furthermore, the discrimination performance
between target and nontarget events was analyzed using the
bootstrap aggregating (Bagging) tree algorithm, which is a
supervised ensemble learning method based on the decision
tree mechanism. The leave-one-subject-out cross-validation

(LOSOCV) approach is applied to evaluate the classification
performance.

D. MI BCI Framework

1) Experiment and Data Preparation:The MI dataset eval-
uated in this study was published by Kayaet al.[46]. EEG
signals were recorded using EEG-1200 JE-921A EEG system
(Nihon Kohden, Japan) based on standard 10/20 international
configuration using 19 channels (Fp1, F3, F7, C3, P3, T3,
T5, Fz, Cz, Pz, Fp2, F4, F8, C4, P4, T4, T6, O1, and O2).
The sampling frequency was 200 Hz, and the impedance was
maintained below 10 k . The dataset consists of hand, foot,
and tongue MI activities, in which hand MI is considered
for this study. Thirteen healthy subjects participated in the
study. During the experiment, subjects were instructed to focus
toward the fixation point placed at the center of the screen
where a stimulation signal indicating left hand or right hand
or circle of 1 s was presented. The subjects perform the MI
task by imagining the closing and opening of the fist according
to the direction of the stimulus within that period or remain
passive when the circle is stimulated. A total of 9224 MI
trials were recorded across all the subjects, and an 8–50-Hz
BPF filter is applied. All the recorded trials were concatenated
subjectwise and performed ASR processing to remove the
artifact components.
2) Feature Extraction and Classification: Functional
connectivity features were shown to enable the classification of
upper and lower limb MI [47], [48]. Pearson’s correlation (13)
was used to measure the pairwise correlation of EEG signals
between pairs of electrodes. Therefore, the reconstructed
MI EEG dataset was feature extracted using the Pearson
correlation to analyze the functional connectivity between the
electrode pairs. The number of extracted features obtained
wasC×C,whereCis the number of recording electrodes.
The linear support vector machine (SVM) was used to classify
the connectivity features extracted from left and right hand
MIs. The SVM was trained with ten-fold cross-validation to
evaluate the classification performance. The random guessing
threshold for two-class classification was maintained to
be 50%.

IV. RESULTS

A. Benchmark Dataset

1) Average Eye and Muscle Activity:The average pro-
portions of EOG and EMG components in the clean and
contaminated EEG signals are observed by applying a pow-
erful tool, ICLabel [49]. ICLabel is an automatic independent
component (IC) classifier that applies efficient neural network
models that are rigorously trained on a wide variety of ICs
extracted from millions of EEG datasets that are carefully
labeled by EEG experts. This trained model classifies the
IC classes across seven labels (brain, muscle, eye, heart, line
noise, channel noise, and others). In this study, we analyzed
the ICs from the clean, EOG, and EMG contaminated EEG
signals and applied ICLabel to classify the projections of each
component across the subjects. Fig. 4 shows the projections of
the brain, eye, and muscle components from the three datasets.
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Fig. 4. Classification result using ICLabel across subjects. (a) Average
number of eye-components in EEG/EOG signal. (b) Average number of
muscle-components in EEG/EMG signal.

The average number of eye-activity-related components was
2.5 in the EOG-contaminated dataset (p<0.05), which is
greater than the clean EEG and EEG/EMG datasets (0.58 and
0.62), as shown in Fig. 4(a). Fig. 4(b) shows the average
muscle-activity components of 0.77 in the EMG-contaminated
EEG dataset (p<0.05), which is significantly greater than
clean EEG and EEG/EOG datasets (0.19 and 0.16). The results
across all the subjects show that eye and muscle-activity
components in the EEG/EOG and EEG/EMG datasets are
significantly dominant.
2) Root-Mean-Square Error (RMSE):RMSE is calculated
between the clean and processed EEG data to evaluate the
efficacy of the artifact removal mechanism between different
ASR methods. Fig. 5 shows the box plot representation of
EOG and EMG artifacts projected onto the clean EEG signals.
Since the projection matrix is superimposed on the frontal
region for EOG and on either side of the temporal region
for EMG contamination, their strengths are localized to those
regions only. Therefore, the RMSE and SNR evaluations are
performed for the electrode combinations that are localized
in the frontal and temporal regions. The electrode chan-
nels considered for EOG analysis are Fp1, Fp2, F3, and
F4 and, for EMG analysis, are T3, T4, T5, and T6. The
first column in Fig. 5 represents the calculated average RMSE
between the clean and processed EEG signals using Init-ASR,
MW-ASR, PSP-ASR, and PSW-ASR algorithms for both EOG
and EMG contaminations whenc= 20. These box plots
show that PSP-ASR and PSW-ASR algorithms attained lower
average RMSE values of 6.66 (±3.75)and4.52(±3.03) for
EEG/EOG,and1.08(±0.5)and0.94(±0.47) for EEG/EMG
signals compared to Init-ASR and MW-ASR methods, 7.15
(±4.13) and 7.98 (±4.85)forEEG/EOG,and1.18(±0.56)
and1.29(±0.59) for EEG/EMG signal across the subjects.
Furthermore, PSW-ASR showed improved performance by
maintaining minimum variance between the subjects and sig-
nificantly lower RMSE values compared to other algorithms.
3) Signal-to-Noise Ratio (SNR):The projection of the
desired clean EEG signal onto the artifact components was
examined by calculating the channelwise SNR across the

subjects. The second column in Fig. 5 shows the box rep-
resentation of averaged SNR power processed by the Init-
ASR, MW-ASR, PSP-ASR, and PSW-ASR algorithms for
EOG and EMG-contaminations whenc=20. Higher SNR
powers of 5.74 (±3.93) and 8.63 (±2.88) for EEG/EOG,
and 16.61 (±3.29) and 17.9 (±2.92) for EEG/EMG signals
wereobserved using PSP-ASR and PSW-ASR compared
to Init-ASR and MW-ASR algorithms with 5.13 (±4.24)
and 4.43 (±4.63) for EEG/EOG, and 15.89 (±3.84) and
15.07 (±3.7) for EEG/EMG signals. Similar to RMSE
results, PSW-ASR reported significantly improved SNR power
between subjects for both EEG/EOG and EEG/EMG sig-
nals confirming reduced noise power, which resembles that
PSW-ASR is more consistent in removing artifacts across the
subjects than PSP-ASR.
Through visual inspection, we still observe eye and muscle
activity components in the EEG signal even after PSP-ASR
and PSW-ASR processing. However, the percentage of eye and
muscle activity powers was significantly reduced compared to
Init-ASR and MW-ASR. This shows that the adaptive learning
mechanism improved the quality of signal reconstruction and,
therefore, can be treated as a better choice to employ as an
artifact removal technique, especially in activity-specific EEG
experimental designs, which might further help in improving
the BCI performance. Furthermore, the presence of artifacts
might also be due to the choice of thecvalue that determines
the quality of the artifact removal. Fig. 5 is evaluated for
c=20 and a statistical significance ofp<0.05 using the
Wilcoxon signed-rank test.

B. SSVEP BCI Framework

1) Pearson Correlation:To evaluate the similarity between
data processed by online ASR and the ground-truth data
obtained from off-line ASR, their correlations were analyzed
across the subjects. Fig. 6 shows the channelwise average Pear-
son correlation similarity between the processed data obtained
from the Init-ASR, MW-ASR, PSP-ASR, and PSW-ASR
and the ground-truth data. The channelwise results show
that PSP-ASR and PSW-ASR algorithms obtained maximum
correlation values compared to the Init-ASR and MW-ASR
algorithms (p<0.05). Furthermore, notable differences in the
correlation value between methods are observed for the chan-
nels that are mounted in the frontal region. Fig. 7(a)–(d) shows
the channelwise correlation performance across the subjects,
which infers that the frontal regions, especially Fp1 and Fp2
electrodes, might be contaminated by the eye activity compo-
nents. The correlation matrix also shows that adaptive learning
algorithms, such as PSP-ASR and PSW-ASR, outperformed
in the frontal regions compared to Init-ASR and MW-ASR
confirming their efficient artifact removal ability. The average
Pearson correlation values at the Fp1 electrode are 0.81
(±0.2), 0.82 (±0.2), 0.88 (±0.1), and 0.89 (±0.1), and those
of Fp2 electrode are 0.80 (±0.2), 0.82 (±0.19), 0.89 (±0.086),
and 0.89 (±0.096)when evaluated between ground-truth data
andInit-ASR, MW-ASR, PSP-ASR, and PSW-ASR processed
data, respectively. In addition, Fig. 7(e) and (f) demonstrates
the topological representation of calculated correlation coef-
ficients for the best and worst case scenarios, and Fig. 7(g)
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Fig. 5. Box plot representation of the average RMSE and SNR for EEG/EOGsignal with eye activity artifacts projected onto the scalp frontal region
electrodes (top row) and EEG/EMG signal with muscle activity artifacts projected onto either side of the scalp temporal region electrodes (bottom row). All
the algorithms were processed forc= 20. SNR is evaluated in decibels (dB). The red line in the interquartile range (box) indicates the median value, and the
whisker in dotted lines represents the range between min(.) and max(.) values. * indicatesp<0.05.

Fig. 6. Channelwise average correlation between the processed data obtained
from Init-ASR, MW-ASR, PSP-ASR, PSW-ASR, and ground truth obtained
from off-line ASR.∗indicatesp<0.05.

shows the average correlation across all the subjects. The best
case is obtained for subject 2 and the worst case for subject 13.
Although the correlation difference between ASR methods
is not quite different in the central, parietal, and occipital
regions, PSP-ASR and PSW-ASR showed better performance
compared to init-ASR and MW-ASR, as shown in Fig. 6.

2) Accuracy:Accuracy is another indicator of evaluating
the SSVEP performance at each stimulus frequency. The
performance is analyzed for a range ofcvalues to estimate
the efficacy of the proposed models. Fig. 8 shows the average
classification accuracy of the target frequency obtained by
evaluating the DP to the reconstructed artifact subspace using
off-line ASR, Init-ASR, MW-ASR, PSP-ASR, and PSW-ASR
algorithms. Furthermore, average DP accuracy is also cal-
culated for the raw EEG signal as a reference, which is
highlighted using a red horizontal line. The results implicate
higher PSW-ASR performance for the aggressive choice of
c=1 to 3 values with a maximum accuracy of 89.56% when
c=1. PSP-ASR and MW-ASR achieved maximum accuracy
of 88.67% and 87.56 whenc=1, and Init-ASR performed well
for the range ofc=4 to 12 with a maximum accuracy of 88%
whenc=4. The standard off-line ASR performed consistently
acrosscvalues with a maximum accuracy of 86.44% when
c=6. In addition, there are no significant performance differ-
ences between the ASR methods forc>13. On the contrary,
an increasing pattern in performance is observed for Init-ASR
and PSW-ASR algorithms whenc< 13 confirming that a
proper choice ofcvalue is extremely crucial for determining
the efficacy of the proposed algorithm in signal reconstruction.
Overall, the results showed animproved BCI performance for
the aggressive choice ofcvalues (c=1to3)whenPSW-ASR
is applied, which demonstrated the ability of Hebbian/anti-
Hebbian networks in tracking the EEG dynamics effectively.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Univ of  Calif San Diego. Downloaded on July 19,2022 at 04:04:09 UTC from IEEE Xplore.  Restrictions apply. 



10 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

Fig. 7. 8×15 Correlation matrix to visualize the subjectwise Pearson cor-
relation between off-line ASR and (a) Init-ASR, (b) MW-ASR, (c) PSP-ASR,
and (d) PSW-ASR across all the channels. The topological representation of
correlation for subjects’ with (e) best case (#2), (f) worst case (#13) and
(g) average case scenario. # indicates the experimental subject.

Although the classification accuracy of PSW-ASR is not
dominant across the range ofcvalues (c>3), it produced
consistent accuracy levels thatare always greater than the
reference DP classification accuracy.

C. RSVP BCI Framework

During RSVP, the functional differences in the brain are
significantly observed between the target and nontarget stimu-
lations through the propagation of p300 activations approx-
imately at 300 ms after the target event onset, which is
the largest positive peak of the ERP waveform. The target
and nontarget ERP features obtained from the reconstructed
EEG signals using Init-ASR and PSW-ASR are applied to
the Bagging tree binary classifier to evaluate the classification
performance by distinguishing the target and nontarget events
through the LOSOCV cross-validation mechanism. The clas-
sification results demonstrated higher PSW-ASR performance
than Init-ASR across the range ofc=1to20values.Further
observations showed that PSW-ASR exhibited maximum accu-
racy of 80.82% whenc=5, which is significantly(p<0.01)
higher than 72.64% observed using Init-ASR, whenc=5,
which is shown in Table I. Alternatively, Init-ASR exhibited
maximum accuracy of 78.56% whenc=20, which is lower
than 80.06% using the PSW-ASR algorithm. Finally, the
overall empirical results showed that the aggressive choice
ofcvalues (c<8) in PSW-ASR significantly(p<0.01)
discriminated the target and nontarget events compared to
Init-ASR and illustrates that the adaptive ASR mechanism
efficiently tracks the dynamics of the EEG signals.

D. MI BCI Framework

The ASR reconstructed left and right hand MI trials were
featured extracted by evaluating the pairwise Pearson correla-
tion across the channels. Furthermore, the extracted features
were fed into the SVM binary classifier to distinguish the MI
activity. The results from Table I showed that the PSW-ASR
algorithm improved the BCI performance in discriminating the
left and right hand activities compared to Init-ASR. In par-
ticular, PSW-ASR exhibited significantly(p<0.05)higher
accuracy of 71.05% compared to 67.73% using Init-ASR
whenc=10. Although PSW-ASR dominated the Init-ASR
algorithm across the range ofcvalues (c= 1 to 20), the
aggressive choice ofc<10 produced significant(p<0.05)
improvement in PSW-ASR. Interestingly, Init-ASR observed
comparable performancewith PSW-ASR for highercvalues
(c>15), where the artifact removal is not strict enough. These
findings implicate that the aggressive choice ofc<10 range
in PSW-ASR retained the activity-specific brain signals while
removing the artifact components resembling that the adaptive
mechanism introduced using Hebbian/anti-Hebbian learning
networks is quite useful in understanding the dynamic patterns
of activity-specific brain signals.

V. DISCUSSION

BCI technology often suffers from performance degradation
caused by physiological and nonphysiological artifacts during
the EEG acquisition process, which needs to be addressed
with utmost care. However, assessing a clean artifact subspace
from the entire EEG dataset is impractical in online BCI
applications. On the other hand, using a fixed artifact subspace
from the initial segment of the EEG data may hinder the per-
formance of artifact removal. Although conventional moving-
window-based techniques (MW-ASR) provide comparatively
better results by independently updating the segmentwise
artifact subspace, the method lacks in its ability to optimize
efficiently by tracking the subspace and update adaptively.
Thus, a technique that can adaptively learn and optimize the
artifact subspace by effectively reducing the dimensionality
of the streaming data is required. As the dimensionality of
the streaming input typically reduces during the early sensory
processing of the neural network models by learning the
principal subspace in accordancewith the activity-dependent
learning rules, the PSP and PSW algorithms derived from
Hebbian/anti-Hebbian neural networks are quite useful [30],
[32]. This study proposes an adaptive subspace tracking
mechanism that updates the learning parameters segment-by-
segment based on the dynamics of the EEG signals. The results
showed that the PSW-ASR algorithm performed well for the
Benchmark dataset, and SSVEP, RSVP, and MI BCI frame-
works, which could be a potential choice of artifact-removal
mechanism that might further improve the performance in BCI
applications.

A. Adaptive Mechanism of Artifact Subspace

The standard ASR and Riemannian ASR (rASR) algorithms
require calibration data under a resting condition recorded
separately at the beginning of the session [24], [26]. Hence,
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Fig. 8. Performance enhancement of SSVEP BCI system processed usingoff-line ASR, Init-ASR, MW-ASR, PSP-ASR, and PSW-ASR algorithms for
differentcvalues. The red horizontal bar represents the classification performance of EEG signal evaluated using DP without any ASR cleaning process.

TABLE I

PERFORMANCESUMMARY OF INIT-ASRANDPSW-ASRON SSVEP, RSVP,ANDMI BCI FRAMEWORKS.#INDICATES THE NUMBER,cOPTIMAL
INDICATES THEOPTIMALcVALUE,*INDICATESp<0.05,AND** INDICATESp<0.01

the quality of the artifact removal depends on the quality
of the calibration data and the type of artifacts in the EEG
signal. However, in real-time BCI applications, these ini-
tial settings for calibration are not feasible, and the meth-
ods that can automatically extract reference subspace are
needed. Considering the limitations of fixed artifact subspace,
Hebbian/anti-Hebbian neural networks continuously update
the artifact subspace by learning and adjusting the synap-
tic weights based on the feedforward and lateral synaptic
weight matrices. The network tracks the principal subspace
of the segmentwise nonstationary EEG data and adapts to
the varying distributions thereby updating theW andM
synaptic weight matrices that are further projected onto the
ASR algorithm to updateMrandTivalues. This adaptive
learning mechanism using Hebbian/anti-Hebbian networks on
the ASR algorithm leads to PSP-ASR, and adding a constraint
that normalizes the principal subspace in the objective function
gives PSW-ASR. The superiority of these adaptive algorithms
can be observed in Fig. 5 for the benchmark dataset and
in Table I for SSVEP, RSVP, and MI BCI frameworks. The
average RMSE and SNR of the eye-blink and muscle activities
projected onto the brain-specific region for the benchmark

dataset showed the advantage of using Hebbian/anti-Hebbian
learning networks. Similarly, our proposed adaptive learning
mechanism improved the classification performance across
the three BCI frameworks compared to the conventional Init-
ASR method. This showed that the adaptive subspace track-
ing mechanism using Hebbian/anti-Hebbian neural networks
learns the dynamics of the signal efficiently, thereby increasing
the reliability of the ASR algorithm.

B. Constrained Learning With Hebbian/Anti-Hebbian
Neural Network

Equalization or whitening is essential to suppress the spa-
tiotemporal correlation in the signals that are contaminated by
various sources, which are actively observed in multichannel
EEG analysis [50], [51]. Thus, the objective function of the
PSP algorithm derived from the Hebbian/anti-Hebbian learn-
ing network is equalized by optimally projecting the streaming
data onto its principal subspace by enforcing feedforward and
lateral learning rules, resulting in a constraint on the PSP
algorithm, namely, PSW. This derived whitening constraint
normalizes the output variance in all directions, thereby reg-
ularizing the principal subspace. [30], and established clear
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Fig. 9. Comparison of subspace tracking mechanism under (a) EOG contamination at Fp1 channel and (b) EMG contamination at T3 channel for subject-
16. The top row shows the clean (orange) and contaminated raw (black) EEG signal before processing. The resultantEEG signals processed by Init-ASR,
MW-ASR, PSP-ASR, and PSW-ASR are shown in blue.

boundary conditions for the choice of learning ratesrW,rM,
rW,andrM to maintain the stability and convergence of the
PSP and PSW algorithms. In this study, the learning para-
meters are chosen based on the recommendations from [30],
thereby ensuring the convergence of PSP and PSW algorithms.
The whitening mechanism in PSW-ASR provided superior
performance for all the experimental scenarios by robustly
influencing theW andM synaptic weights onto theMrand
Tiparameters of the ASR algorithm.
Fig. 9 shows the projection of the subspace tracking mech-
anism obtained from different online ASR methods onto
clean EEG data for the benchmark dataset contaminated by
EOG and EMG artifacts forc=20. The results demonstrate
that our proposed Hebbian/anti-Hebbian learning mechanism
removed the artifact components efficiently without corrupting
the EEG signal compared to the conventional ASR methods.
Further observations showed that the PSW-ASR algorithm
outperformed the other three methods by robustly removing
eye and muscle artifact components.

C. Cutoff Parameter Adjustment in SSVEP BCI Application

The standard ASR algorithm proposed by [24] validates the
significance of cutoff parametercand suggested their optimal
choice (coptimal) between 20 and 30 for general BCI applica-
tions. In addition, the authors also analyzed the percentage
reduction power of artifacts and brain components after ASR
cleaning for different ranges ofcvalues and deduced that,
whenc<20, more brain components were affected, and the
ratio of removing artifact components to the brain components
deteriorated. However, [52], [53] demonstrated the possibility
of choosing aggressive cutoff parameters to remove artifacts,
especially for improving BCI performance in activity-specific
BCI applications. Fig. 8 and Table I showed the detection
accuracy of the SSVEP, RSVP, and MI BCI frameworks
across different cutoff parameters. The results showed the
effectiveness of the PSW-ASR algorithm for the choice of
aggressivecvalue range (c=1 to 10). Although aggressive
cutoff might lead to decreased power of brain signals after
reconstruction [24], the enhanced BCI performance of the
PSW-ASR algorithm for aggressivecvalues showed that the

activity-specific brain signals were retained efficiently after
the artifact removal, which enables the potential of adap-
tive learning mechanism through Hebbian/anti-Hebbian neural
networks.

VI. CONCLUSION

This study proposed an online capable adaptive artifact sub-
space mechanism by integrating Hebbian/anti-Hebbian neural
networks into the ASR algorithm resulting in PSP-ASR and
PSW-ASR. Our adaptive ASR algorithm eliminates the prob-
lem of fixed reference data for calibration [24], [26] by
continuously updating the artifact subspace segmentwise and
automatically adjusting the synaptic weights of the network
through an adaptive learning mechanism. Our results from
the benchmark dataset, and SSVEP, RSVP, and MI BCI
frameworks confirmed that the adaptive ASR algorithm dis-
played significant performanceimprovements in removing the
artifact components and retaining the brain activities efficiently
by modifying the standard choices in the ASR algorithm.
Constraining the principal subspace by whitening (PSW)
decorrelates the feedforward and lateral synaptic weights, and
regularizes the principal subspace, which robustly improves
the artifact subspace tracking. Our empirical results suggested
that the choice of the cutoff parameter plays an important role
in determining the quality of the artifact reduction and signal
reconstruction. Furthermore, our algorithm showed that the
activity-specific BCI experiments exhibited significant perfor-
mance improvements during aggressive threshold conditions
in the rangec= 1 to 10, which confirmed the ability
of PSW-ASR in preserving the task-specific brain activity
components compared to Init-ASR. The study also showed that
PSW-ASR produced comparable results for a moderate range
ofcvalues, deducing its reliability in general BCI applications.
Future work will be focused on analyzing the BCI perfor-

mance by applying the proposed adaptive learning mechanism
to other biologically plausible artifacts and further validating
its agility in clinical applications.
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