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Abstract — Recently, practical brain-computer interfaces
(BCIs) have been widely investigated for detecting human
intentions in real world. However, performance differences
still exist between the laboratory and the real world environments. One of the main reasons for such differences
comes from the user’s unstable physical states (e.g., human
movements are not strictly controlled), which produce unexpected signal artifacts. Hence, to minimize the performance
degradation of electroencephalography (EEG)-based BCIs,
we present a novel artifact removal method named constrained independent component analysis with online learning (cIOL). The cIOL can find and reject the noise-like
components related to human body movements (i.e., movement artifacts) in the EEG signals. To obtain movement
information, isolated electrodes are used to block electrical signals from the brain using high-resistance materials.
We estimate artifacts with movement information using
constrained independent component analysis from EEG
signals and then extract artifact-free signals using online
learning in each sample. In addition, the cIOL is evaluated
by signal processing under 16 different experimental conditions (two types of EEG devices × two BCI paradigms ×
four different walking speeds). The experimental results
show that the cIOL has the highest accuracy in both scalpand ear-EEG, and has the highest signal-to-noise ratio in
scalp-EEG among the state-of-the-art methods, except for
the case of steady-state visual evoked potential at 2.0 m/s
with superposition problem.
Index Terms — Electroencephalography (EEG), artifact
removal, constrained independent component analysis
(cICA), online learning, ambulatory environment.
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I. I NTRODUCTION
RAIN-COMPUTER interfaces (BCIs) are technical systems that help impaired people communicate with and
control a computer or robot by decoding human intentions
from brain signals [1]. There are several state-of-the-art BCI
systems that are used to increase the performance of identification of user intentions under laboratory conditions [2], [3].
However, BCIs are difficult to use under ambulatory conditions
for recognition of human intentions in the real world [4]–[7].
Under ambulatory conditions, some movement artifacts may
arise from external sources, such as head movements, muscle
activities, and even motions of electrodes and cables connected
on the skin [8]. These artifacts distort the original electroencephalography (EEG) signals to a large extent by increasing
the challenges associated with the detection of user intentions.
Several studies based on BCIs under ambulatory conditions
have been actively conducted by applying artifact removal
methods at the preprocessing stage [9]–[14] or using advanced
approaches for the feature extraction or the classification stage
to better understand user intentions effectively [15]–[17].
Artifact removal methods include separation of components
by their statistical characteristics and subtraction of reference
signals from EEG signals. Many attempts have been made
to remove artifacts based on independent component analysis
(ICA) or principal component analysis (PCA). In particular, artifact subspace reconstruction (ASR) [18], [19] is a
PCA-based real-time artifact removal method for short-term
segments, such as a second. In each segment, ASR repeats the
PCA algorithm toward distinguishing subspaces statistically
from baseline data, such as under the standing condition,
and then reconstructs the subspace. A modified version of
ASR using Riemannian geometry was recently introduced
as Riemannian ASR (rASR) [14]. Adaptive mixture ICA
(AMICA) [20] is a maximum likelihood estimation of the
ICA with a mixture model updated adaptively using a Newton
method; it removes the most mutually dependent component
among the EEG channels by calculating the equivalent dipole
models fitting cortical locations. ASR and AMICA are the
most widely used methods for removing movement artifacts;
some studies have combined the two methods to enhance
the performance [5]. Canonical correlation analysis (CCA)
based on second-order statistics aims to determine sources
that are maximally auto-correlated and mutually uncorrelated,
and is used to compare original and time-delayed EEG
data [11].
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There have also been several attempts to remove artifacts using reference signals, such as signals obtained
from accelerometers or isolated electrodes. Gwin et al.
first attempted to remove movement artifacts during walking or running using gait-based template matching via
AMICA [9]. However, this method has the disadvantage that
the windows to apply the method are locked to the gait events.
In addition, artifacts are considerably diverse to be represented
by just one template [10]. Instead of locked-in-gait methods,
an adaptive filter has been applied in small time segments to
remove movement artifacts using reference signals obtained
from accelerometers [21], [22]. By contrast, isolated electrodes
were first suggested after it was found that the accelerometers could not encode movement artifacts well [23]–[25].
Isolated electrodes were used to represent movement artifacts,
which block EEG signals from the scalp, using materials
with high-resistance such as silicon. Nordin et al. recently
developed dual electrodes, which are placed at the same
location of isolated electrode and electrode for brain signals.
They suggested a new method to remove artifacts based on fast
Fourier transform (FFT) using signals obtained from isolated
electrodes [13], [26].
The performance of movement artifact removal methods can
be evaluated using statistical analysis, such as power spectral
density (PSD) and BCI performance from the viewpoint of
the accuracy and signal-to-noise ratio (SNR). Several studies
have been conducted to improve BCI performance in the
walking environment using artifact removal methods [7], [27].
Event-related potential (ERP) [28], [29] and steady-state visual
evoked potential (SSVEP) are the most widely used BCI paradigms for evaluating signal quality during walking [4], [30].
In addition to controlling the noisy environment for practical BCIs, the development of simple hardware to measure
EEG signals has attracted interest. Dry EEG and a small
number of channel devices are frequently used in the real
world [31]–[34]. Among these, ear-EEG has recently been
investigated by several researchers to provide greater ease of
use, and its feasibility was validated by analysis of the signal
quality using various BCI paradigms. Several studies [35], [36]
have demonstrated the feasibility of ear-EEG signals in steadystate and transient ERP paradigm experiments. Compared to
scalp-EEG, the signal amplitude in ear-EEG was similar for
transient responses and smaller for steady-state responses,
whereas the SNR was retained for steady-state responses
and lower for transient responses [35]. Moreover, around-earEEG, i.e., cEEGrid, has been designed, wherein only a few
electrodes are placed around the ear [33]. The cEEGrid could
preserve the ERP signals and had similar performance to scalpEEG [37]. Moreover, there have been attempts to enhance
the performance using signals from ear-EEG. Kwak et al. [38]
estimated signals based on regression methods from ear-EEG
signals to enhance the BCI performance of cEEGrid. Although
the SSVEP was captured at the location of the occipital
lobe, errors could be estimated and corrected to identify user
intentions.
Thus, for practical BCIs, it is necessary to develop artifact
removal techniques in the preprocessing stage and improve
performance while using simple hardware. Herein, we propose
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a movement artifact removal method by applying constrained
ICA with online learning (cIOL) using information from
isolated electrodes compared with information from inertial
measurement unit (IMU) sensors. Our main contributions are
as follows: (1) Development of a real-time preprocessing
algorithm to enhance recognition of human intentions by
obtaining estimated artifacts from EEG signals. (2) Quantitative evaluation of artifact removal methods using two BCI
paradigms, ERP and SSVEP, to analyze the noise reduction
effect in the time and frequency domains. (3) Analysis of the
effect of noise level on artifact removal methods by performing
experiments at various gait speeds of 0, 0.8, 1.6, and 2.0 m/s.
(4) Performing experiments using ear-EEG and comparing the
results with those obtained for scalp-EEG to improve practical
BCI usability.
II. M ATERIALS AND M ETHOD

A. Experimental Design
1) Subjects: This experiment was conducted with 18 healthy
subjects (four females, age: 24.5 ± 3.1 years). All subjects
participated in ERP tasks, of which only 13 subjects executed
a light running session (2.0 m/s). Among the 18 subjects,
17 participated in SSVEP tasks, of which only 13 subjects
executed a light running session. None of the subjects had
any history of neurological, psychiatric, or other pertinent
disease that might have affected the experimental results.
All subjects provided written informed consent before the
experiments. All experiments were conducted in accordance
with the Declaration of Helsinki. This study was reviewed and
approved by the Korea University Institutional Review Board
(KUIRB-2019-0194-01).
2) Data Acquisition: The subjects stood on a treadmill
80 (±5) cm in front of a 24-in LCD monitor (refresh rate:
60 Hz, resolution: 1, 920 × 1, 080) during the experiments.
They stood (0 m/s), walked at 0.8 and 1.6 m/s, or lightly
ran at 2.0 m/s (Fig. 1a) according to the specifications of the
experiments.
We simultaneously collected data from three different
devices; specifically EEG signals from the scalp, EEG signals
from the ear, and signals from IMU sensors. For scalp-EEG,
we used BrainAmp (Brain Product GmbH) and Ag/AgCl
electrodes to acquire signals with 32 EEG channels, 5 isolated
channels, and 4 channels of electrooculography (EOG) according to the 10/20 international system (Fig. 1b). Reference and
ground electrodes were mounted at FCz and Fpz, and isolated
scalp-EEG channels were at C1, C2, CPz, P1, and P2. The
sampling rate was 500 Hz, and all impedances were maintained
below 10 k.
For ear-EEG, we used a Smarting system (mBrainTrain
LLC) and cEEGrid electrodes with 10 channels on the left
side (L1–L10), 8 channels on the right side (R1–R8), and
ground and reference electrodes on the middle of the right
side. We acquired 14 channels of ear-EEG and 4 channels of
isolated ear-EEG located at L3, L8, R3, and R6. The sampling
rate was 500 Hz, and all impedances were maintained below
10 k.
We used three wearable IMU sensors (APDM wearable
technologies) to record movement on the head, left ankle, and
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Fig. 1. Design of the experiment. (a) Experimental setup and recorders. Subjects stood (0 m/s), walked (0.8 and 1.6 m/s), and ran (2.0 m/s) on a
treadmill. They watched a display presenting stimuli of BCI paradigms. Signals from scalp-EEG, ear-EEG around both ears, EOGs placed above and
below the left eye to measure the vertical EOGs (VEOGs) and on left and right temples to measure the horizontal EOGs (HEOGs), and IMU sensors
comprising nine channels, including three-axis accelerometers, three-axis gyroscopes, and three-axis magnetometers, placed on the forehead, and
left and right ankles were recorded during the experiments. Reference signals of movement artifacts were recorded from isolated channels that
were blocked using high-impedance materials. (b) Channel placement of the used modalities including scalp-EEG, ear-EEG, EOG, and isolated
electrodes colored with gray. (c) Conceptual schematic of isolated channel adding high impedance materials to normal electrodes for scalp- and
ear-EEG.

right ankle. The IMU sensors comprise 9 channels including
three-axis accelerometers, three-axis gyroscopes, and threeaxis magnetometers at a sampling rate of 128 Hz.
Among the scalp- and ear-EEG, we blocked several channels to make isolated channels using high-impedance materials, such as coated fabric, to acquire only artifact signals and
not EEG signals (Fig. 1c). We used a multimeter to measure
the resistances of the isolated electrodes from the ground and
set them to 1.9 ± 0.4 M [23]. The isolated channel location
was chosen based on sites with prominent movement artifacts
on the scalp [23], avoiding Cz with important information for
the BCI paradigms. In the case of ear-EEG, a comprehensive
location was selected by spreading isolated channels.
3) Experimental Paradigm: We conducted experiments using
two BCI paradigms: ERP and SSVEP. ERP is an electrical
potential induced in the central and parietal cortex in response
to a cognitive task [32]. Attention to the target induces
P300 components, which have task-relevant peaks at 300 ms
after the target stimulus. In this experiment, the paradigm
was executed with target (‘OOO’) and non-target (‘XXX’)
characters. The ratio of the target was 0.2, and the total number
of trials was 300. In a trial, a stimulus was presented for 0.5 s,
and a cross was shown to indicate a random rest for 0.5–1.5 s
(Fig. 2a).
SSVEP was evoked in the occipital cortex when the user
concentrated on repetitive visual stimuli; the frequency domain
of the EEG signals increased in amplitude at the same frequency as the visual stimulus. White-colored SSVEP stimuli
were designed to flicker at 5.45, 8.57, and 12 Hz on a 60-Hz

LCD monitor [39]. Each stimulus was shown for 4 s with an
inter-stimulus interval of 4 s (Fig. 2b).

B. Processing
The process of artifact removal is shown in Fig. 3. The
collected EEG signals and reference signals such as isolated channels and IMU signals were the system input,
whereas the artifact-free EEG signals were the output. All signals were pre-operated to remove EOG-related channels
and bad channels, down sample, and filter in a certain
frequency band. A constrained ICA (cICA) obtained the
estimated artifacts from the EEG signals using the reference signals. Recursive least squares (RLS), an algorithm
for the online learning, extracted the artifact-free EEG signals with estimated artifacts. All EEG data were segmented
into 2 s for real-time processing when applying the artifact
removal methods. All BCI experiments and analysis were
developed based on the OpenBMI (http://openbmi.org) [40],
BBCI (https://github.com/bbci/bbci_public) [41], BCILAB
(https://github.com/sccn/BCILAB) [42], and Psychophysics
(http: //psychtoolbox.org) toolboxes [43] in MATLAB (The
Mathworks, Natick, MA).
1) Pre-Operation: We removed the EOG-related channels, such as Fp1 and Fp2, and bad channels carrying
abnormal signals. Bad channels were automatically removed
using flt_clean_channels function in the BCILAB library in
MATLAB with the minimum correlation of 0.4, and protected
channels of Cz, Pz, POz, O1, Oz, and O2 for scalp-EEG and
L10 and R8 for ear-EEG. On average, 2.3 ±1.9 channels were
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be reduced to process multi-channel signals in real-time,
so that PCA was performed on isolated channels. The first two
components of the principle components, which contain 90%
of the information of the original signals [44] were used as the
reference signals and named as isolated PC in Fig. 4. Thus,
four signals, i.e., the first two components and their inversion,
were used as the input of the cICA.
3) cIOL: The proposed method, cICA and online learning
(cIOL), can obtain artifact-free EEG signals from raw EEG
signals, by inputting reference signals. The cICA handles the
constrained optimization problem using Lagrange multiplier
methods for the ICA problem [45], [46]. Meanwhile, online
learning updates the parameters for each step to enable realtime use [47].
ICA is the blind source separation method, that can separate
multivariate signals into a sum of independent components.
ICA aims to find a linear demixing matrix W I C A :
A = WI C A X

Fig. 2. Paradigms of the experiments. (a) The ERP paradigm consisting
of 300 trials in a session, which presents target ‘OOO’ or non-target
‘XXX’ for 0.5 s, and takes a random break for 0.5–1.5 s. Target and nontarget appear in random order, with the target ratio of 0.2. (b) SSVEP
paradigm consisting of 60 trials in a session, which flickers stimuli at
specific frequency of 5.45, 8.57, and 12 Hz for 4 s. Three stimuli appear
in the same proportion as random order.

(1)

where A = [a1 , · · · , am ] denotes the blind source, | · |
denotes the transpose of a vector or matrix, ai ∈ R1×T
denotes a single-channel blind source signal with T sample
points, W I C A denotes a linear m × n demixing matrix from
the observed brain signals X to output A, and X ∈ Rn×T
denotes the n-channel observed brain signals with T sample
points.
To find the optimal demixing matrix W I C A , the nonGaussianity of the output is maximized with kurtosis or negentropy. The negentropy approach is more flexible and reliable
for solving the ICA optimization problem. The cICA uses
the Lagrange multiplier method to obtain a desired source
from the observed brain signals by constraining them with
reference signals. This constrained optimization problem using
negentropy can be represented as follows:
J(WcI C A ) =

m


αi [E{ f (ai )} − E{ f (νi )}]2

i=1

subj ect to : g(WcI C A ) ≤ 0, h(WcI C A ) = 0
Fig. 3. Flowchart of proposed artifact removal method, cIOL. EEG
signals and reference signals are inputs of cIOL, and output is artifactfree EEG signals. The cICA estimates artifacts from the EEG signals with
the reference signals, and then online learning, RLS, removes artifacts,
and extracts artifact-free EEG signals by updating weights for each
sample.

removed, usually because of their weak adhesion to the earEEG and close proximity to the reference electrode. All the
recorded signals were high-pass filtered at 0.5 Hz using a finite
impulse response filter with a zero-phase 30t h order Hamming
window and down sampled at 100 Hz. When we analyzed the
SSVEP data, we selected the channels on the occipital visual
area, including PO7, PO3, POz, PO4, PO8, O1, Oz, and O2.
2) Reference Signals: To collect the reference signals of
movement artifacts, the signals of the five isolated channels
were recorded, which were blocked using high-impedance
materials to acquire only movement artifact signals, except
brain signals [23]. The number of reference signals must

(2)

where αi is a constant, E is an expectation function, f is a
non-quadratic function, and ν = [ν1 , · · · , νm ] denotes the
Gaussian signals, where νi is the same mean and variance
of ai . g(WcI C A ) = [g1(WcI C A ), · · · , gm (WcI C A )] is a
set of m inequality constraint functions and h(W I C A ) =
[h 1 (WcI C A ), · · · , h m (WcI C A )] is a set of m equality constraint functions. We specified the function f as a log-cosh
function, defined as f (x) = log(cosh(x)). The constraint
function can be defined as:
gi (WcI C A ) = ε(ai , ri ) − ξ

(3)

h i (WcI C A ) = E(ai2 ) − 1

(4)

where ε(·) is the closeness measurement obtained by calculating the square of the distance between two variables, ri
denotes the i -th reference signals referring to isolated signals,
and ξ is a small threshold.
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Based on the aforementioned formula, the Lagrangian function L for the problem can be written as:
L(WcI C A , μ, λ) = J(WcI C A )
1
+ μ max{0, g(WcI C A )}+ γ g(WcI C A )2
2
1
+ λh(WcI C A )+ γ h(WcI C A )2
(5)
2
where μ = [μ1 , · · · , μm ] and λ = [λ1 , · · · , λm ] are
two sets of Lagrangian multipliers, γ is the scalar penalty
parameter, and  ·  denotes the Euclidean norm for the
weight decay with L 2 -norm. To optimize the problem, using
a Newton-like gradient method, the first- and second-order
Lagrangian were used to update WcI C A as:
WcI C A (k + 1) = WcI C A (k)

−1
2
− η ∇W
L
∇WcI C A L
cI C A

(6)

μ(k + 1) = max{0, μ(k) + γ g(k)}

(7)

λ(k + 1) = λ(k) + γ h(k)

(8)

Online learning is a sample-by-sample filter that adapts the
weights and finds the optimal weights to transform reference
signals to primary signals [47], [48]. We used the RLS
algorithm for online learning approaching an adaptive filter
that recursively finds the coefficients minimizing a weighted
linear least squares cost function. The RLS formula is given
by:


(9)

where, xi is contained in X = [x1, · · · , xt ], a set of t samples
of the observed brain signals having filter order t, xi ∈ Rn×1
denotes the n-channel signals with a single sample point, ai is
contained in A = [a1 , · · · , at ], a set of t samples of estimated
artifacts from cICA, ai ∈ Rm×1 denotes the m-source signals
with a single sample point, and Vi is the i -th iteration of an
m × n mixing matrix. The weight matrix of the RLS for V is
updated recursively as follows:
Vi = Vi−1 + Ce

e = xi − Vi−1 ai



max Q =

WL D A

where k denotes
theiterative index and η denotes the learning

−1
2
is the inverse matrix of the secondrate and ∇WcI C A L
order Lagrangian. The Lagrangian multipliers μ and λ can be
iteratively updated as follows:

y i = x i − Vi a i

used reference signals to extract the estimated artifacts, originating from the EEG signals. Meanwhile, the inputs of RLS,
an online learning algorithm, were raw EEG signals and
estimated artifacts from cICA, and the output was cleaned
EEG signals. For real-time performance, all algorithms were
segmented and operated with a 2-s window.
4) Classification: For the ERP paradigm, features were
extracted by averaging the potential values over time at
specific intervals, every 50 ms between 200 ms and 450 ms,
for each channel [49]. The classification was performed using
linear discriminant analysis (LDA). The LDA optimizes the
projection vector W L D A , and maximizing Q as follows:

(10)
(11)

where C is the gain vector and e is the error of the RLS.
The gain vector is obtained by a recursive algorithm, which
is denoted by:

−1

(12)
C = Pi−1 ai β + ai Pi−1 ai



−1
Pi−1 − Cai Pi−1
(13)
Pi = β
where P is the inverse matrix of the Woodbury matrix identity,
which is the sample covariance matrix for a, and β is a forgetting factor that corresponds to the contribution of previous
samples to the covariance matrix.
In this study, the inputs of cICA were EEG signals and
reference signals from IMU or isolated electrode. The cICA

W L D A Sb W L D A


W L D A Sw W L D A

(14)

where Sb refers to the covariance matrix between the classes
and Sw refers to the covariance matrix within the classes.
For the SSVEP paradigm, classification was performed
using CCA. The CCA-based classifier is a multivariate statistical method that maximizes the correlation between two
signals, without a training phase. The CCA-based classifier
determines the weight matrices, WCC Ab , and WCC Az , as
follows:
max

WCC A b ,WCC A z

= 

ρ(b, z)


E[WCC Ab bzWCC Az ]




E[WCC Ab bbWCC Ab ]E[WCC Az zzWCC Az ]

(15)

where b refers to the observed EEG signals and z refers to a set
of basis signals based on the presented frequency stimuli. The
basis signals of the i -th stimulus were generated as follows:
⎡
⎤
si n(2π fi t)
⎢ cos(2π f i t) ⎥
T
1 2
⎥
(16)
zi = ⎢
⎣si n(2π(2 f i )t) ⎦, t = f s , fs , · · · , fs
cos(2π(2 f i )t)
where fi denotes the i -th stimulus with 5.45, 8.57, and 12 Hz,
T is the number of sampling points, and f s denotes the
sampling frequency.

C. Evaluation
To evaluate the proposed artifact removal method, we compared our proposed method, cIOL, with the state-of-the-art
artifact removal methods, which include ASR [18], rASR [14],
and FFT-based method [13]. In cases where reference signals
were required, such as FFT-based method, isolated PC signals
were used for fair comparison. We evaluated the results via
statistical analysis to measure the signal properties using the
PSD, whereas BCI performance was implemented using the
area under the receiver operating characteristic (ROC) curve
(AUC) for the ERP, accuracy for the SSVEP, and the approximated SNR for both paradigms. Since the actual signals always
contain noise signals, the SNR is approximated with the ratio
of signals + noise to noise [50], [51].
The AUC of the ERP, displays the true positive rate over
the false positive rate of the results. As the numbers of
the target and non-target differed, we used the AUC to
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Fig. 4. Examples of raw signals for all modalities at each speed and EEG signals after applying each artifact removal method. (a) Plots showing
examples of the raw signals for 5 s in scalp-EEG, scalp isolated PC, ear-EEG, ear isolated PC, and IMU signals at 0, 0.8, 1.6, and 2.0 m/s. Plots
showing examples of (b) scalp-EEG signals and (c) ear-EEG signals for 5 s after applying four artifact removal methods, ASR, rASR, FFT-based
method, and cIOL at 1.6 m/s.

evaluate the performance, rather than the normal accuracy.
The accuracy of the SSVEP was calculated as the percentage of the number of correct trials by the total number of
trials.
The SNR of the ERP was approximately calculated by the
root mean square (RMS) of the amplitude of P300 divided
by the RMS of the average amplitude of the pre-stimulus
baseline (-200–0 ms) at channel Pz [50], [52]. And the SNR
of the SSVEP was approximately calculated using the ratio
of the power of the target frequencies to the power of
the neighboring frequencies (resolution: 0.25 Hz, number of
neighbors: 12) [51].
To verify the comparison of performances among the different methods, we conducted a statistical analysis through a
two-tailed paired t-test, as indicated by the asterisks shown at
confidence levels of 95% and 99%.
III. R ESULTS
Fig. 4a shows five-second time series of continuous raw
signals of scalp-EEG, scalp isolated PC, ear-EEG, ear isolated
PC, and IMU at different speeds of 0, 0.8, 1.6, and 2.0 m/s.
As the speed increased, the amplitudes of all modalities
increased significantly, which would also contain noise signals
on the account of walking. Both the IMU and isolated PC
signals contained specific frequency components related to
gait frequency. Fig. 4b and Fig. 4c respectively show fivesecond time series for the scalp-EEG signals and ear-EEG
signals, respectively, during walking at 1.6 m/s, after applying
the state-of-the-art artifact removal methods and cIOL. The

performance of each method is described in the supplementary
documentation.

A. ERP Performance
The ERP performance was analyzed through quantitative
evaluation of ERP waves and signed r 2 values, and qualitative
evaluation of AUC and SNR. Fig. 5 shows the grand averages
of the ERP waves and signed r 2 values in the ERP waves after
applying each artifact removal method. The P300 amplitudes
of grand averages of raw signals in scalp-EEG were higher
than the amplitudes of the application of the methods at every
speeds, and the P300 amplitudes of cIOL in scalp-EEG were
the second highest after rASR with 0.738 at 0.8 m/s, and
the highest among the methods, 0.804 and 0.953 at 1.6 and
2.0 m/s, respectively. The values of P300 amplitude of the
other signals in scalp-EEG were 0.882, 0.543, 0.784, and
0.197 at 0.8 m/s, 1.040, 0.369, 0.518, and 0.226 at 1.6 m/s, and
1.417, 0.345, 0.375, and 0.502 at 2.0 m/s for raw, ASR, rASR
and FFT-based method, respectively. The P300 amplitudes of
grand averages of raw signals in ear-EEG at 0.8 and 1.6 m/s
were higher than that of the application of the methods, and
the P300 amplitudes of cIOL in ear-EEG were the highest
among the methods with 0.642 and 0.721 at 0.8 and 1.6 m/s,
respectively. At 2.0 m/s, the P300 amplitude of cIOL, 4.172,
was the highest among all signals including the raw signals.
The P300 amplitudes of other signals in ear-EEG were 0.924,
0.554, 0.478, and 0.200 at 0.8 m/s, 0.973, 0.506, 0.588, and
0.198 at 1.6 m/s, and 3.631, 0.506, 0.617, and 2.134 at 2.0 m/s,
for raw, ASR, rASR, and FFT-based method, respectively.
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Fig. 5. Grand averages of the ERP waves and signed r2 values. Colored line plots indicate the raw EEG signals and the signals after applying ASR,
rASR, FFT-based method, and cIOL. (a) Grand averages of the ERP waves from scalp- and ear-EEG for 1 s during walking at 1.6 m/s. (b) Grand
averages of signed r2 for the ERP waves from scalp- and ear-EEG for 1 s at gait speeds of 0.8, 1.6, and 2.0 m/s.

Fig. 6. ERP performances of all methods in scalp- and ear-EEG at different speeds of 0, 0.8, 1.6, and 2.0 m/s. The box plots indicate the grand
averages and the standard errors across all subjects. (a) AUC and (b) SNR of the ERP shown using different colors for the different applied methods.
One asterisk and two asterisks indicate significance levels of 5% and 1%,respectively, between cIOL and the corresponding method.

The absolute magnitudes of the r 2 values between 200 ms
and 400 ms in both scalp- and ear-EEG for the grand average
of raw signals were higher than the magnitudes of the application of the methods at every speeds, and the magnitudes of
cIOL were the highest among the methods at every speeds,
with 0.0140, 0.0121, and 0.0112 in scalp-EEG and 0.0070,
0.0054, and 0.0046 in ear-EEG at 0.8, 1.6, and 2.0 m/s,
respectively. The absolute magnitudes of r 2 values of the
other signals in scalp-EEG were 0.0192, 0.0089, 0.0052, and
0.0045 at 0.8 m/s, 0.0159, 0.0085, 0.0049, and 0.0042 at
1.6 m/s, and 0.0139, 0.0076, 0.0051, and 0.0038 at 2.0 m/s
for raw, ASR, rASR, and FFT-based method, respectively.
The absolute magnitudes of r 2 values of the other signals in
ear-EEG were 0.0081, 0.0062, 0.0044, and 0.0025 at 0.8 m/s,
0.0059, 0.0049, 0.0036, and 0.0019 at 1.6 m/s, and 0.0047,
0.0039, 0.0030, and 0.0015 at 2.0 m/s for raw, ASR, rASR,
and FFT-based method, respectively.
For the qualitative evaluation, Fig. 6a shows the AUC of the
ERP in scalp- and ear-EEG during standing and movement at
different speeds without and with the application of the artifact
removal methods. The faster the movement speed, the lower
the AUC observed in both scalp- and ear-EEG because of

the signal distortion. As applying cIOL, compared to the raw
signals, in scalp-EEG, the AUC increased by 0.009 ± 0.005
( p ≥ 0.05; not significant), 0.029 ± 0.007 ( p < 0.01), and
0.066 ± 0.017 ( p < 0.01) at 0.8, 1.6, and 2.0 m/s, respectively.
As applying cIOL in ear-EEG, the AUC increased by 0.020 ±
0.007 ( p < 0.05), 0.037±0.008 ( p < 0.01), and 0.053±0.009
( p < 0.01) at speeds of 0.8, 1.6, and 2.0 m/s, respectively. The
cIOL in scalp- and ear-EEG had the highest AUC among the
methods at all speeds.
Fig. 6b shows the SNR of the ERP in scalp- and ear-EEG
during standing and movement at different speeds without and
with the application of the artifact removal methods. The SNRs
of the raw signals, compared to standing, in both scalp- and
ear-EEG were slightly increased at 0.8 m/s and decreased at
1.6 and 2.0 m/s. After applying cIOL, compared to the raw
signals, the SNR in scalp-EEG decreased by 0.037 ± 0.012
( p < 0.01) at 0.8 and 0.029±0.015 ( p ≥ 0.05; not significant)
at 1.6 m/s, but increased by 0.018 ± 0.013 ( p ≥ 0.05; not
significant) at 2.0 m/s. The SNR in ear-EEG decreased by
0.008±0.006 ( p ≥ 0.05; not significant) at 0.8 m/s but slightly
increased by 0.006 ± 0.005 ( p ≥ 0.05; not significant) at
1.6 and 0.001 ± 0.009 ( p ≥ 0.05; not significant) at 2.0 m/s.
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Fig. 7. Grand averages of the PSDs and the ratio of amplitudes. Colored line plots indicate the raw EEG signals and the signals after applying
ASR, rASR, FFT-based method, and cIOL. (a) Grand averages of the PSDs in scalp- and ear-EEG at different speeds of 0, 0.8, 1.6, and 2.0 m/s.
The dotted lines indicate the target frequencies of the SSVEP, including 5.45, 6.75, and 12 Hz. (b) Ratios of the amplitude at the target frequency to
the amplitude at the stepping frequency for each method at gait speeds of 0.8, 1.6, and 2.0 m/s.

The cIOL in scalp-EEG had the highest among the methods
at all speeds. Meanwhile, the SNR in ear-EEG had very low
in every method, so the cIOL was significantly different only
from the FFT-based method at 0.8 m/s.

B. SSVEP Performance
The SSVEP performance was analyzed through quantitative
evaluation of PSD and ratio of amplitude at the target frequencies to the amplitude at stepping frequency, and qualitative
evaluation of accuracy and SNR. Fig. 7a shows the grand
averages of the PSD, indicating the amount of gait-related
spectral components and the target frequency components of
the SSVEP under the different speed conditions of 0, 0.8,
1.6, and 2.0 m/s. The averages of the stepping frequencies
across all subjects were 0.76, 0.97, and 1.37 Hz at 0.8, 1.6,
and 2.0 m/s, respectively. The cIOL in scalp-EEG almost
removed the peaks at the stepping frequencies and maintained
the amplitudes at the target frequencies at 0.8 and 1.6 m/s.
At 2.0 m/s the cIOL removed well the peak at the stepping
frequency, whereas did not maintain the amplitudes at the
target frequencies. The reason was the superposition between
the target frequency and the stepping frequency, which is
described in detail in the Discussion section.
Fig. 7b shows the averages ratio of the amplitude at the
target frequencies to the amplitude at stepping frequency and
its harmonics. In comparison with the raw signals, the cIOL
showed 1.75, 2.22, and 2.44 times higher ratio in scalp-EEG
and 1.81, 1.76, and 2.55 times higher ratio in ear-EEG. Further,
the cIOL had the second highest amplitude ratio after ASR.
In comparison with the state-of-the-art methods, ASR, rASR,
and FFT-based method, the cIOL in scalp-EEG respectively
had 0.70, 1.05, and 2.10 times ratio at 0.8 m/s, 0.61, 1.44,

and 2.26 times ratio at 1.6 m/s, and 0.38, 1.70, and 1.82 times
ratio at 2.0 m/s. In ear-EEG, the cIOL, compared with ASR,
rASR, and FFT-based method, showed 0.96, 1.45, 1.67 times
ratio at 0.8 m/s, respectively, 0.81, 1.71, 1.48 times ratio at
1.6 m/s, respectively, and 0.72, 1.79, 2.03 times ratio at 2.0 m/s,
respectively.
Fig. 8a shows the accuracy of the SSVEP in scalp- and
ear-EEG at different speeds without and with the application
of the artifact removal methods. In both scalp- and ear-EEG
without the application of artifact removal methods, the higher
the movement speed, the worse the performance of the
SSVEP. Compared to the raw signals, after applying cIOL,
the increases in the accuracy in scalp-EEG were 2.53 ± 0.94%
( p < 0.05), 0.59 ± 0.62% ( p ≥ 0.05; not significant), and
7.55 ± 2.84% ( p < 0.05) at 0.8, 1.6, and 2.0 m/s, respectively,
whereas that in ear-EEG were 2.49 ± 0.93% ( p < 0.05),
4.02 ± 1.19% ( p < 0.01), and 1.39 ± 0.90% ( p ≥ 0.05;
not significant), respectively. The cIOL in scalp-EEG had the
highest accuracy among the methods at every speeds. The
cIOL in ear-EEG had the highest accuracy among the methods
at 0.8 and 1.6 m/s, whereas the accuracy of cIOL at 2.0 m/s
had no significant difference, except for rASR.
Fig. 8b shows the SNR of the SSVEP in scalp- and earEEG at different speeds without and with the application
of the artifact removal methods. The higher the movement
speed, the lower the SNRs of the raw signals in scalp-EEG.
Likewise, in ear-EEG, the higher the speed, excluding at
2.0 m/s, the lower the SNRs of the raw signals. After applying
cIOL compared to the raw signals, the SNR in scalp-EEG
slightly decreased by 0.044 ± 0.017 ( p < 0.05) at 0.8 m/s
and 0.065 ± 0.025 ( p < 0.05) at 1.6 m/s, and considerably
decreased by 0.291 ± 0.072 ( p < 0.01) at 2.0 m/s. In ear EEG,
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Fig. 8. SSVEP performances of all methods in scalp- and ear-EEG at different speeds of 0, 0.8, 1.6, and 2.0 m/s. The box plots indicate the grand
averages and the standard errors across all subjects. (a) Accuracy and (b) SNR of the SSVEP shown with different colors for the different applied
methods. One asterisk and two asterisks indicate significance levels of 5% and 1%, respectively, between cIOL and the corresponding method.

the SNR slightly increased by 0.000 ± 0.006 ( p ≥ 0.05; not
significant) at 0.8 m/s and 0.001±0.008 ( p ≥ 0.05; not significant) at 1.6 m/s and decreased by 0.021 ± 0.022 ( p ≥ 0.05;
not significant) at 2.0 m/s. In comparison with other methods,
the cIOL in scalp-EEG had the significant highest SNR among
the methods at 0.8 and 1.6 m/s, whereas the cIOL at 2.0 m/s
had the second lowest SNR after the FFT-based method.
This was because of the superposition of target and stepping
frequency, described in detail in the Discussion section. The
cIOL in ear-EEG showed the highest SNR of all methods at
0.8 m/s, whereas there was no significant differences from the
other methods at 1.6 and 2.0 m/s, except for the FFT-based
method at 2.0 m/s.
IV. D ISCUSSION
We evaluated the cIOL in the preprocessing phase using two
BCI paradigms, ERP and SSVEP, from the viewpoint of the
accuracy and SNR. The cIOL estimated movement artifacts
from the EEG signals, similar to the isolated electrodes using
cICA, and then removed the movement artifacts by updating
the weights using online learning with the estimated artifacts
(Fig. 3). We compared cIOL with the state-of-the-art artifact
removal methods, ASR, rASR, and FFT-based method. As the
speeds increased, the extent of the accuracy increment for all
paradigms became greater when cIOL was applied.

A. ERP Performance
The ERP performance indicated how the artifact removal
methods affected the time-dependent features of EEG signals.
In Fig. 5a, the ASR and rASR exhibited a similar shape of the
ERP waves at 1.6 m/s, showing smaller amplitudes of P300 and
slightly smaller amplitudes of pre-stimulus than the raw signals in both scalp- and ear-EEG. The FFT-based method had
the smallest amplitudes at all time intervals including P300 and
pre-stimulus. The greater the signal distortion, the greater the
effect of artifact removal, so that the SNRs at 2.0 m/s had
great differences between the raw signals and all methods,
particularly cIOL and rASR were higher than the raw signals.
In Fig. 5b, the signed r 2 values, targets minus non-targets, can
be related to the classification performance [49]. The cIOL
had the largest signed r 2 values of N200 and P300 among all

methods at all speeds in both scalp- and ear-EEG, particularly
without much difference from even the raw signals at 2.0 m/s.
In the view point of the AUC, the cIOL had the highest AUC
among all methods and raw signals at all speeds in both scalpand ear-EEG, particularly at 2.0 m/s.

B. SSVEP Performance
The SSVEP performance indicates how the artifact removal
methods impact the frequency-dependent features in EEG
signals. As shown in Fig. 7a, the ASR removed almost half the
magnitude in low frequency range under 5 Hz, including the
stepping frequency. Although the amplitude ratio of the ASR
was much higher than that of the other methods (Fig. 7b),
the BCI performance was impaired because of the moderate
signal loss even at the target frequency (Fig. 8). In Fig. 7a,
the rASR maintained a large amplitude over the entire frequency range compared to the other methods. The FFT-based
method removed the entire frequency range, including the
stepping frequency and target frequencies, particularly high
frequency ranges. On the other hand, cIOL removed the components around the stepping frequency without deterioration at
the target frequencies, except for 2.0 m/s. In the case of 2.0 m/s,
there was a superposition problem between the harmonics
of the target frequency and the harmonics of the stepping
frequency, which showed low amplitudes at both the stepping
frequency and the target frequency. Since the cIOL removed
the artifacts, including the harmonics of stepping frequency,
it had the low amplitude, particularly at 5.45 Hz (Fig. 7a), and
the low SNR (Fig. 8b), but the much higher accuracy (Fig. 8a).
C. Reference Signals
Although several studies have used IMU as a reference to
movement information, some have verified that IMU cannot
accurately represent movement [23], [24]. Fig. 9 shows reference signals from IMU and isolated PC and signals after applying cICA with IMU and isolated PC in the time and frequency
domains. Although the estimated artifacts were similar in both
reference signals, the isolated PC tends to follow EEG signals
that are closer to compatible representations of movement
artifacts (Fig. 9). After applying IMU-based cIOL and isolated
PC-based cIOL, the performances were similar, but slightly
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Fig. 9. Comparison of the reference signals from IMU sensors and isolated electrodes. (a) Example signals and the grand average of PSD in a light
running session (2.0 m/s) of IMU sensor and isolated PC (left column) and their signals after applying cICA (right column). (b) Example signals and
the grand average of PSD in a light running session (2.0 m/s) of raw EEG signals and the example of cleaned EEG signals using IMU-based cIOL
and isolated PC-based cIOL.

higher in the isolated reference signals for the ERP and SSVEP
in scalp- and ear-EEG. The performance of the IMU-based
cIOL is shown in the supplementary documentation.
V. C ONCLUSION
In this article, we proposed a real-time movement artifact
removal method, cIOL, which is constrained ICA with online
learning to remove artifacts and retain important components for recognizing human intentions. Isolated signals were
obtained by blocking the brain signals using high-resistance
materials. With the isolated signals, cICA estimated the movement artifacts from the EEG signals. And then online learning
updated the weights in each sample and extracted artifact-free
EEG signals. We collected data of scalp- and ear-EEG using
two BCI paradigms, ERP and SSVEP, at four different speeds
of 0, 0.8, 1.6, and 2.0 m/s. We evaluated movement artifact
removal methods via the PSD and BCI performance from the
viewpoint of the accuracy and SNR. In the evaluation, comparisons with the state-of-the-art methods, including ASR [18],
rASR [14], and FFT-based method [13] were performed. The
accuracy of cIOL showed that the highest among those of
the signals in both scalp- and ear-EEG for both the ERP
and SSVEP. In addition, the SNRs of cIOL in scalp-EEG
for both the ERP and SSVEP showed the highest among
those of applying the other methods, except for the SSVEP
at 2.0 m/s. For the SSVEP at 2.0 m/s, the SNR of cIOL
was lower than those of the other methods because of the
superposition between stepping and target frequencies, but the
accuracy of cIOL was higher than those of the other methods.
Moreover, the isolated electrodes showed similar but little
higher performance, compared to the reference signals using
IMU sensors. In the future, we will extend the movement
artifact removal method to all artifacts, not only movement
ones. Moreover, we will improve the method to increase the

SNR while maintaining the accuracy. Further, to increase the
accuracy in an ambulatory environment, it is necessary to
develop robust architectures that include verifying preprocessing parts, such as artifact detection [53], and developing a
classification phase, as well. Therefore, we plan to build a total
framework including the preprocessing phase with verification
and the classification phase.
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