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Abstract—Brain–computer interfaces (BCIs) enable their users
to interact with their surrounding environment using the activity
of their brain only, without activating any muscle. This technology
provides severely disabled people with an alternative mean to communicate or control any electric device. On the other hand, BCI applications are more and more dedicated to healthier people, with
the aim of giving them access to augmented reality or new rehabilitation tools. As it is noninvasive, light and relatively cheap, electroencephalography (EEG) is the most used acquisition technique
to record cerebral activity of the BCI users. However, when using
such type of BCI, user movements are likely to provoke motions
of the measuring electrodes which can severely damage the EEG
quality. Thus, current BCI technology requires that the user sits
and performs as little movements as possible. This is of course a
strong limitation of BCI for use in ordinary life. Very recently,
preliminary studies have been published in the literature and suggest that BCI applications can be realized even in the physically
moving context. In this paper, we thoroughly investigate the possibility to develop a P300-based BCI system in ambulatory condition. The study is based on experimental data recorded with seven
subjects executing a visual P300 speller-like discrimination task
while simultaneously walking at different speeds on a treadmill. It
is demonstrated that a P300-based BCI is definitely feasible in such
conditions. Different artifact correction methods are described and
discussed in detail. To conclude, a recommended approach is given
for the development of a real-time application.
Index Terms—Artifact, brain–computer interface (BCI), spatial
filter, walk, P300.

I. INTRODUCTION
RAIN–COMPUTER interfaces (BCIs) include devices or
systems which respond to neural or cognitive processes.
They enable their users—whose neural system may have been
destroyed by amputation, trauma or disease—to interact with
their surrounding environment without activating any muscle.
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Thanks to BCI technology, severely disabled people can communicate [1], control computers [2], or drive robotic [3] or prosthetic devices [4] via the power of their brain only. Nowadays,
BCI applications dedicated to both disabled and healthy users
are also being developed in the video game field [5].
Brain activity can be measured using different technologies.
Electroencephalography (EEG) is by far the most widely
used acquisition technique for BCI applications. Indeed, EEG
presents several important advantages: with near-infrared spectroscopy (NIRS) [6], it is the only technology that is really
portable. Moreover, it is relatively cheap, totally noninvasive
and offers a high temporal resolution (about 1 ms), which
allows a refined study of the brain dynamics. However, each
EEG scalp electrode is only able to measure the combination
(superposition) of the electrical potentials generated by thousands of neurons, which are weakened and smeared by the
volume conduction effect of the skull [7]. For this reason, EEG
signals are noisy and difficult to measure (a few microvolts
only) and give overall a relatively poor spatial resolution
when used for brain imaging. In addition, EEG signals may
be affected by different kinds of artifacts generated either by
extracerebral physiological activity (blinks, eye movements,
muscle or cardiac activity), by interference with power line, or
by recording electrodes and equipment [8]. In order to limit
the impact of such artifacts on the quality of signals, patients
(or BCI users) are most often forced to stay static. Very few
studies are found in the literature concerning brain–computer
interfacing outside of the lab, in ambulatory context. The goal
of this study is to address this question, firstly, by quantitatively
analyzing the performance of a P300-based BCI system while
the user is walking on a treadmill, and secondly, by proposing
(and assessing) new artifact correction methods to optimize
this kind of BCI. Such BCI could be used to send high-level
commands (start, stop, faster, slower) to a foot lifter orthosis
[9].
This paper is organized as follows. Section II describes the
origin of artifacts present in EEG recordings, with a particular
emphasis on those typically related to gait. First studies of BCI
in ambulatory conditions are then reviewed, as well as signal
preprocessing techniques proposed in the literature to correct
gait artifacts affecting EEG. Section III gives an overview of the
methodology used in this analysis, describes the experimental
procedure for data collection and explains the proposed preprocessing methods to correct gait artifacts in EEG. Classification
performances of the BCI obtained using the different preprocessing methods are then presented and discussed in Section IV.
Finally, Section V concludes the paper.
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II. BRAIN–COMPUTER INTERFACES IN AMBULATORY
CONDITIONS: A STATE OF THE ART
A. Artifacts Present in EEG Recordings
EEG artifacts are spurious signals present in recordings and
whose origin is not cerebral. They may arise from the patient itself: the eyes, the tongue, the pharyngeal muscle, the scalp muscles, the heart, or the sweat glands all produce electrical potentials which can influence the EEG measurement, especially if
they are in movement. Skin resistance changes due to sweating
may also badly affect the signals. Electrical interference with
power line or surrounding electrical apparatus is another source
of artifacts which may be induced electrostatically or electromagnetically. Finally, artifacts may also arise from faulty electrodes or the recording equipment itself.
In many cases, artifacts can be immediately identified by visual spatial analysis: high amplitude potentials appearing at only
one electrode are not likely due to cerebral activity. Indeed,
brain produces potentials that exhibit a physiological distribution characterized by a maximum voltage amplitude gradually
decreasing with increasing distance over the scalp. Likewise,
rhythmical or repetitive irregular signals appearing simultaneously in nonadjacent brain areas strongly suggest the presence
of artifacts [8].
Algorithms designed to detect and correct EEG artifacts integrate these principles and exploit techniques like temporal filtering, spatial filtering, independent component analysis (ICA)
[10], [11], blind source search (BSS) [12], or thresholding of
meaningful parameters (e.g., channel variance) based on a prior
statistical analysis [13].
B. Artifacts Typically Related to Gait
In addition to “traditional” artifacts explained above, EEG
recordings realized in ambulatory conditions present typical artifacts.
Triboelectric noise is generated by movement, friction and
flexion of the cable components, resulting in a static or piezoelectric movement transducer effect [14].
Electrode movements are produced by movements of the
head, but also by the shocks undergone by the whole body at
each step, which—albeit significantly attenuated—are transmitted to the head [15]. These movements modify the magnetic
and capacitive coupling of the user and the electrode leads,
leading to an alteration of the parasitic current flowing into the
leads [16]. A resulting parasitic voltage drop is then produced
in the electrode/gel/skin interface which interferes with the
EEG signal [17]. Finally, electrode movements can also cause
impedance variation which directly affects the electrode voltage
offset [18].
Unfortunately, all these motion artifacts are not limited to
a small spectral band, so they cannot be simply removed by
frequency filtering. In a study conducted to assess EEG signal
quality in motion environments [19], it is shown that EEG
spectra in the walking (or jogging) condition exhibit frequency
peaks consistent with the fundamental stride frequency as well
as its harmonics. The authors also state that motion artifacts
affect signal integrity most prominently at low frequencies (i.e.,
the delta band) during steady walk. Nevertheless, the study also
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shows that traditional N1 and P300 event-related potentials
(ERP) elicited during a standard auditory discrimination task
(i.e., “oddball paradigm”) are not dramatically affected by
the walking condition, either in amplitude, in topographic
distribution or response time (70% of acceptable trials across
all participants). This is however not the case for the jogging
condition, for which only 14% of trials were accepted.
Analog conclusions are drawn in a more recent study where
subjects are standing or walking on a treadmill while performing
a visual oddball response task [20]. Applying ICA on their data,
the authors could extract visual ERP that were quite similar
during standing, slow walking, and fast walking.
These two studies thus suggest that recording brain activity
accompanying cognitive process during whole body movement
is feasible.
C. An Ambulatory BCI System Based on Auditory P300
Potentials
In 2009 was published the first study testing the feasibility of
an ambulatory BCI system based on auditory P300 potentials
[21]. This study was performed with five healthy subjects using
only three electrodes (Cz, CPz, and Pz) in order to minimize the
size of the BCI system. Active electrodes were used. Such electrodes are equipped with a preamplifier stage magnifying the
signal before sending it to the main amplifier. This is known to
greatly reduce cable movements artifacts compared to conventional electrodes [22]. The subjects wore headphones in which
two different kinds of sound were generated every second, in a
random order. The target auditory stimulus was a “Ding Dong”
tone, whereas the sound of a buzzer was chosen for the nontarget
stimulus. The target stimulus appeared less frequently than the
other one and had to be counted by the user. Such rare and relevant stimulus thus triggered a P300 potential in the EEG signals.
The experiment was reproduced in three different conditions:
sitting, standing and walking. Each subject participated in four
sessions composed of 150 auditory stimuli, for each condition.
The authors used the following processing technique to detect
the P300 potentials. Epoching was done by selecting a window
of 600 ms starting immediately after the stimulus. The signals
were band-pass filtered between 1 and 14 Hz and winsorized
(i.e., for each time window and each channel, the 5% most extreme values were replaced by the most extreme value from the
remaining 95% samples of that window and that channel). Finally, the dimensionality (and thus the complexity) of the subsequent classification problem was reduced by downsampling the
signals to 25 Hz. The residual EEG samples were then concatenated into feature vectors, of which a subset was selected using
the sequential forward floating search (SFFS) feature selection
algorithm [23]. Selection of this subset of features was optimized by maximizing the area under the receiver operating characteristic (ROC) curve [24]. Classification of trials in target or
nontarget categories was done using a linear discriminant analysis (LDA) classifier, using single trial analysis (i.e., without
averaging multiple trials to enhance their signal to noise ratio).
For all experimental conditions, the authors obtained area
under the ROC curve values higher than for the case of a random
classification. These results suggest that developing a P300based BCI system in walking condition is realistic, even using
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only three electrodes, and on the basis of a single trial analysis. As expected, results obtained in the walking condition were
overall not as good as for the other conditions. But surprisingly,
the authors observed that best performances could be obtained,
in some cases, in standing or even walking condition (i.e., not
during sitting, which was though expected to be the least noisy
condition). The motivation of the users is here thought to have
played an important role in the results obtained.

D. An Ambulatory BCI System Based on Steady-State Evoked
Potentials
A similar feasibility study was published in 2010 [25]. In this
case, the authors focused on the steady-state visually evoked
potentials (SSVEP) instead of the P300 potentials. SSVEP are
widely used to realize BCI systems [26] and are known to give
the highest information transfer rates [27]. The experiment was
conducted with one subject, using a limited number of active
electrodes located on the parietal and occipital regions, which
cover the visual cortex (P7, PO7, O1, Oz, O2, PO8, and P8).
Two visual stimuli flickering respectively at 4 and 6 Hz were
simultaneously presented on a computer display (one located at
left side and the other one on the right side). The subject was
asked to look at one of the two visual stimuli. EEG signals were
recorded in two different experimental conditions: in the first
condition, the subject was comfortably sitting on a chair and
was not allowed to move. In the second condition, the subject
was walking in place, to mimic real walk and thus create similar
muscle and motion artifacts. For each of the two conditions, six
sessions of 30 s each were recorded.
To optimize the detection of the SSVEP induced by the flickering stimuli, the authors tested three ways of segmenting the
EEG data, by selecting time windows from 1 to 3 s. The signals were band-pass filtered between 1 and 30 Hz, in order to
reduce high frequency noise (and by the way power line interference) while keeping several harmonics of the visual stimuli.
Different spatial filters were also tested in order to reduce the
artifacts or environmental noise. Power spectral densities were
computed, and a subset of these was selected using principal
component analysis (PCA). This technique was used to reduce
the dimensionality of the classification problem and to select
the subset of features which maximized the classification performance. An LDA classifier was used to discriminate EEG signals
which were characteristic of the stimulus at 4 Hz or at 6 Hz.
This analysis showed evidence of clear SSVEP including
their harmonic signals in either experimental conditions, thus
even while performing physical movements. Globally, more
classification errors were made in the movement conditions.
However, using the longest time window (3 s) and a particular
, the clascombination of EEG electrodes
sification performance could reach 100% in both experimental
conditions.
The results of this study suggest thus that SSVEP-based BCI
systems can be realized even in the physically moving context.
This opens a new research field, i.e., interfacing new applications with a BCI system in ordinary life.

E. Proposed Methods to Remove Gait-Related Artifacts
The two latter pilot studies show that standard neurophysiological phenomena (namely P300 and SSVEP potentials)
widely used in BCI can be detected satisfactorily even when
the subjects are moving. No special technique was used in
these studies in order to reject, correct or even detect motion
artifacts generated by the subjects. It is an interesting question
to wonder to what extent BCI performances can be improved
using preprocessing techniques dedicated to the correction of
motion artifacts. To our knowledge, two methods have been
proposed and discussed in the literature in order to reach this
goal. They are described below.
1) Template Subtraction: Artifact template subtraction procedures have been applied successfully for example to correct
EEG signals that were strongly corrupted by fMRI gradient artifacts during functional magnetic resonance imaging [28] or
generated by the electrical impulses sent to specific parts of the
brain during deep brain stimulation [29]. In short, this technique
consists in developing an “idealized” template of the artifact by
averaging several of its occurrences. Once computed, this average template is then simply subtracted from the individual corrupted signals. Of course, applying this technique may also remove useful information present in the EEG if it is phase-locked
with the artifact.
Recently, this technique has inspired researchers aiming at
exploring brain dynamics associated to cognitive processes
during whole body movements [30]. In their experiment,
subjects performed a visual oddball discrimination task while
simultaneously walking or running on a treadmill. To correct
locomotion-induced motion artifacts, the authors developed a
two-step approach.
First, they removed stride phase-locked mechanical artifact
using a channel-based template regression procedure based on
time warping. Moving time-window averaging of the stride
phase-locked data was used to compute an artifact template for
each stride and each channel. In practice, the 10 preceding and
the 10 following strides were used for computing the template
(this procedure was repeated for each stride).
Then, they applied an adaptive ICA mixture model algorithm
(AMICA) to decompose EEG signals into spatially static, maximally independent component (IC) processes [31]. The goal
of this second step was to further refine the artifact cleaning
process. The authors found that, unlike more spatially stationary
artifacts like blinks, eye movements or scalp muscles—which
can generally be resolved by ICA decomposition in a few different ICs—gait-related movement artifacts remain on many if
not most of the independent components. It was thus not possible for them to reject only a small subset of components totally
capturing artifacts. Instead, they applied the same template regression procedure as the one applied to the channel data to obtain artifact-reduced independent components and hence [32], a
second set of artifact-reduced EEG signals.
To determine the performance of this two-step artifact removal approach, the authors computed the power spectral density of the EEG signals before and after applying artifact removal. They found no evidence of overcorrection of EEG signals. The authors also compared—by visual inspection—the
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Fig. 1. Adaptive filter used as a noise canceller. The “reference” signal x(n)
is entering a linear filter H (z ) producing an output signal y (n), which is subtracted from the “corrupted” signal d(n) to compute an error e(n). This error
is minimized by adjusting the coefficients of the filter.

event-related potentials (ERP) of artifact-reduced datasets to uncorrected ERPs recorded while standing. In walking condition,
gait-related artifact was not really significant, as ERPs were
found to be nearly identical to visual oddball discrimination
events obtained while standing. In contrast, for the running condition, stable and meaningful ERPs were only detectable after
artifact removal.
The authors thus conclude that high-density EEG can be used
to study brain dynamics during whole body movements and that
mechanical artifacts from rhythmic gait events may be minimized using a template regression procedure.
Again, it has to be emphasized that the goal of this study was
not directly to develop a BCI system during locomotion, and
as such, no conclusion about the impact of this method on the
performance of the classification results of a BCI system has
been given. Such study will be shown in Section IV of this paper.
2) Adaptive Filtering: The idea to use an independent (and
direct) estimation of the artifacts corrupting signals in order to
cancel them is widespread in the literature. The technique able
to realize such operation is called adaptive filtering. Adaptive
filtering is a very efficient method for discriminating signal of
interest and artifact, in the difficult case where both have overlapping spectra.
Fig. 1 illustrates the general structure of an adaptive filter used
for noise cancelling. The “reference” signal
is entering a
which produces an output signal
. This
linear filter
to comoutput is subtracted from the “corrupted” signal
pute an error
. The goal of adaptive filtering is to minimize
by adapting the response of the filter in order to
the error
as close as possible to the noise
produce an output signal
present in the signal to be filtered. Then, the corrupted signal is
simply corrected by subtraction.
is
In this scheme, it is assumed that the corrupted signal
and noise
, which
composed of the signal of interest
is additive and not correlated with
. Likewise, the reference
must be uncorrelated with
and correlated with
.
feeds the filter to produce an output
The reference
that is a close estimate of
. The corrupted signal is then
“cleaned” by a simple subtraction.
The coefficients of the linear filter are changed
(adapted)—and hence its frequency response—to generate a
signal similar to the noise present in the signal to be filtered.
The adaptive process involves minimization of a cost function,
which is used to determine the filter coefficients. Different
strategies have been developed to realize the optimization of
the filter coefficients, defining different categories of adaptive
filters. Examples of well known adaptive filters are the least

569

Fig. 2. Four states are possible in this simplified version of the P300-speller
dedicated to send high-level commands (stop, low, medium, or high speed), for
example, to an active ankle orthosis [40], [41], [9].

mean squares (LMS) and recursive least squares (RLS) filters
[33].
Applications of this technique in biomedical signals are, for
example, removal of maternal electro-cardiogram (ECG) in fetal
ECG records [34], detection of ventricular fibrillation and tachycardia [35], and cancellation of heart sound interference in tracheal sounds [36].
In the field of electroencephalography, many papers have
been written about cancellation of ECG or ocular artifacts
(blinks, eye movements) using adaptive filters. Surprisingly, the
technique of adaptive filtering has not been studied to remove
motion artifacts. To our knowledge, only a U.S. patent exists
[37], describing a technique aimed at correcting both ocular
and motion artifacts, on the basis of electrodes placed around
the eyes for eye artifact correction, and based on the use of an
accelerometer for the motion artifact correction.
In this work, we used adaptive filtering to remove motion artifacts and studied the impact of this technique on the performance of a BCI system based on P300 potentials while walking
on a treadmill. Such study, among others, is shown in the next
sections of this paper.
III. EXPERIMENTAL PROCEDURE AND DATA ANALYSIS
A. Data Collection
Seven healthy volunteers without any known physical or neurological disorders participated in this experiment (age-range:
25–33 years). Each subject realized the P300 experiment
walking on a treadmill at 0.42, 0.83, and 1.25 m/s (i.e., 1.5, 3,
and 4.5 km/h). A 20-in computer screen was placed in front
of the treadmill, at an approximate distance of 1.5 m of the
subject. Fig. 2 shows the simplified P300-speller interface used
in this study. Excepted the reduced number of possible states,
this interface is quite similar to the traditional P300-speller BCI
system using a 6 6 matrix [38]. All procedures were approved
by the Université Libre de Bruxelles Internal Review Board
and complied with the standards defined in the Declaration of
Helsinki.
In this experiment, the task of each subject was to look at
the green target letter appearing during 3 s (not shown on the
figure) and count how many times the letter flashed in the matrix afterwards. The rows and columns were flashed in random
order. The flashing of the target letter triggered a positive unvoluntary so-called P300 potential, appearing with a time delay
of about 300 ms [1]. Strictly speaking, this is not a real oddball
paradigm. In fact, given that the target letter is flashed half of
the time, the event can not really be considered as rare. However, under ambulatory conditions, specific augmented reality
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Fig. 3. Piezoelectric accelerometer was placed on the head of the subjects to
record acceleration undergone during gait.

eyewear (Vuzix, Rochester, NY) should be used by displaying
stimuli on a semi-transparent module. Obviously, with this kind
of system, it is not possible to use a lot of P300 states. Four target
letters seem to be a good compromise given that they could be
displayed on each corner.
During each trial, each row and each column were flashed one
time in random order, so that the computer was able to determine
which letter the subject was looking at, by using the intersection
of the detected P300 responses. In each trial, the two lines and
the two rows were randomly flashed during 0.2 s with 0.1 s
between two flashes. Thus, the subject saw two times the target
letter highlighted while the two other flashes did not highlight
the target letter. Such trial was repeated 12 times for the same
target letter. Between each trial was inserted a 1 s time interval.
All this procedure was repeated for 25 target letters. In total,
times the target letter
the subject thus saw
flashed, and then 600 flashes that did not highlight the target
letter. All this procedure was recorded in one session, for one
subject, at one given walking speed. Actually, there were two
sessions walking at 3 km/h (the first for training the BCI, the
second for testing it), one session at 1.5 km/h and one at 4.5 km/h
(just for testing, as the training was done with the first dataset at
3 km/h). In total, seven subjects participated in this study. The
OPENVIBE software [39] was used to generate the stimuli on
the screen and store the EEG signals on disk, as well as the time
information of the different visual stimuli.
EEG was recorded using a 32-electrode cap connected to the
ANT amplifier system (Advanced Neuro Technology, ANT,
Enschede, The Netherlands) digitizing the signals at 512 Hz.
Left ear was chosen as reference. Electrode impedance was
measured and maintained under 20 k for each channel using
electrode gel. Additionally, a Dytran 3100B piezoelectric
accelerometer was plugged into an auxiliary channel of the
ANT system. The accelerometer was fixed to a rigid structure
strapped on the head of the subjects, as depicted in Fig. 3.
In parallel, the kinematics of the lower limb movements was
recorded using a system of six infrared cameras (Bonita, Vicon,
Los Angeles, CA) determining at a frequency of 100 Hz the 3D
cartesian coordinates ( , , and ) of 23 passive markers disposed on the subjects. Kinematics and EEG data were synchronized using a common trigger signal sent to the two acquisition
systems.

Fig. 4. EEG recording of a subject walking on a treadmill at moderate speed
(3 km/h). The amplitude of the Fz electrode is abnormally high and presents
important oscillations directly related to the gait cycle. A similar, although less
intense, phenomenon is observed for other electrodes. Heel strike and toe off
events are indicated by the vertical lines. The unit of time is the second. Amplitudes of the signals are in V.

B. Preprocessing
In a first step, the time of important gait events were determined thanks to the kinematics data. Actually, two generic
events are defined in human locomotion: the heel strike, which
is the time of the first contact of the foot with the ground, and
the toe off, which is the last instant of contact of the foot with
the ground. These events are of course defined for both legs, so
that four typical events follow one another during a gait cycle:
the right heel strike (RHS), the left toe off (LTO), the left heel
strike (LHS), and finally the right toe off (RTO). During walk
on treadmill, the time of these events can be determined as following: the heel strike is defined when the position of the malleolus marker is the most forward (in the treadmill axis direction),
while the toe off is defined when the fifth metatarsal marker is
in the most backward position [42].
The preprocessing of the EEG signals was inspired from the
method described in [30]. After applying a high-pass filter (1
Hz), all the channels presenting a standard deviation above 1000
V were rejected. The channels with a kurtosis higher than five
standard deviations from the mean were also removed. Finally,
uncorrelated neighbor channels (i.e., correlation coefficient with
cm—lower than 0.4 in more
nearby electrodes—distance
than two cases) were removed. The channels were then re-referenced to the average of the remaining channels. Generally, one
to three channels were discarded by this procedure (in practice,
this channel removal procedure did not remove the electrodes
we were interested in). The EEGLAB software was used to treat
EEG signals [10].
C. Identification and Correction of Gait Artifacts
After bad channel cleaning, several methods were used to correct, or at least decrease, the motion artifacts linked to gait, illustrated in Fig. 4.
1) Using a Template Subtraction Method: The following
treatment was applied to each channel, as described in [30]. The
signals were epoched in gait cycles from one right heel strike
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(RHS) to the following one. As the gait is a pseudo-periodic
movement (the strides are similar but their lengths are different),
each epoch was time-warped using EEGLAB toolbox so that the
gait events (RHS, LTO, LHS, RTO) happened at the same relative time within each gait cycle. For each time-warped stride, a
template artifact was computed by averaging the 10 preceding
warped strides and the 10 following ones. Each template artifact was then subtracted from each time-warped stride. Finally,
each time-warped stride was reverse time-warped to reconstruct
a clean signal in the original time scale. This is the first part
of the two-step approach developed in [30] and described in
Section II-E1.
After applying this channel-based artifact removal, the EEG
signals were decomposed in independent components using
ICA. The same procedure was then applied on the independent components obtained (i.e., time-warping according to
the gait events, template computing, subtraction and reverse
time-warping). Finally, the signals were reconstructed by using
the ICA mixing matrix. This is called “subtraction” method in
the remainder of this paper.
In fact, when applying this method on our datasets, it appeared that ocular or muscular artifacts “polluted” certain artifact templates. Subtraction of such corrupted artifact templates
gave rise to overall degradation of the EEG signals by introducing new artifacts that were not present in the original raw
data. Therefore, a variant of the original subtraction method was
tested, wich simply consists in removing eye and muscle artifacts in EEG signals prior to computing the artifact templates.
ICA was used to remove these standard well-known artifacts,
following the method described in [32]. This variant is called
“subtraction ICA” method in the remainder of this paper.
A second drawback was encountered when implementing the
original template subtraction method [30]. In fact, this method is
based on the hypothesis that the artifacts due to the gait always
happen at the same relative time within the gait cycle. In this
way, the template built on the time-warped strides is justified
and its subtraction is supposed to attenuate artifacts adequately.
This is definitely not always the case. In our datasets, the artifacts definitely appeared linked to the gait events but were not
always locked on them; the peaks happened around the same
relative position but not precisely on it. This may be explained,
for instance, by differing ways of stepping on the ground, sometimes energetically, sometimes very smoothly. Anyway, in these
conditions, the fundamental hypothesis of the method is not verified, the template is not representative anymore of the artifacts
affecting the signals, and subtracting it from individual waveforms is, in the best case, useless, and in the worst, it generates
new spurious artifacts instead of removing them.
2) Using Adaptive Filtering: We have seen that the information given by the artifact template is not perfect and cannot
always be used directly to clean the EEG corrupted signals by a
simple subtraction. Another way of exploiting this information
was tested in this study. Instead of simply subtracting the template artifact, we used it as reference signal to feed an adaptive
filter used as noise canceller. Here, the hypothesis was that the
template artifact is linearly correlated to the motion artifact affecting the EEG signals. The standard LMS and RLS algorithms
were used, as implemented in Matlab. For the RLS filter, the
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exponential memory weighting factor was set equal to 1 (this is
sometimes referred to as the growing window RLS algorithm).
In the remainder of the paper, these two methods are respectively called “RLS templates” and “LMS templates.”
In a second approach, we tested adaptive filtering with the
accelerometer signal as the reference. No particular treatment
was applied to this signal, excepted a high-pass filtering above
1 Hz. This is called the “RLS accelero” method in the remainder
of the paper.
3) Using ICA Decomposition of the Artifact Templates: The
idea here was to determine main characteristics of the motion
artifacts by decomposing the artifact templates (defined in
Section III-C1) with ICA. This treatment was done in several
steps. First, ocular and muscular artifacts were cleaned with
a first ICA decomposition. Then, the template was created
for each channel. Like before, each stride was time-warped
and the average was computed for each of them with the ten
preceding and the ten following warped strides. Once the
time-warped template was obtained for each channel, it was
reverse time-warped to come back in the real time scale taking
into account the specificity of each stride.
Afterwards, these template signals were decomposed using
and the components
ICA, giving rise to the unmixing matrix
(1)
The components that presented a periodicity directly related
to the gait were considered as being characteristic features of
the motion artifact and were thus selected for later rejection.
EEG signals were then decomposed using the same unmixing
matrix
(2)
The periodic components were removed from the initial EEG
signals by putting to zeros the weights of the mixing matrix
associated to these components
(3)
This method called “ICA template” is thus different from the
others as no subtraction is made here.
D. Feature Extraction
1) After the Pre-Processing Methods Dedicated to Gait-Related Artifacts: In BCI development, feature extraction is the
transformation of the EEG signals into a feature vector. This
step is necessary to provide the classifier with a reduced number
of values describing the most relevant properties of the signals.
Here, the Cz, Pz, POz, O1, and O2 channels were considered
because these electrodes are located where the P300 is expected
to appear [1]. With the aim of designing a compact BCI system,
two configurations of three electrodes were selected: Cz O1 O2,
on the one hand and Cz Pz POz on the other hand. The signals
cleaned by each method described in the previous section were
band-pass filtered in 1–20 Hz using a fourth-order Butterworth
filter. This operation allows to focus on the characteristic frequency band of P300 potentials while removing the undesired
slow drift in the measurement and high-frequency noise such as
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power line interference. Then the signals were down-sampled
to 32 Hz to reduce the complexity of the subsequent classification problem. Finally, the signals were epoched thanks to a
time-window of 600 ms beginning at the stimulus occurrence.
2) The Special Case of Spatial Filtering: Spatial filtering was
also tested in this study. It consisted in using the 32 available
raw channels, band-passing them, and down-sampling them as
explained in the previous paragraph. Here, no preprocessing
method described in Section III-C was applied. Rather, a spatial filter was designed using the xDawn algorithm [43]. This
algorithm consists in linearly combining EEG channels to define a P300 subspace in order to reduce the dimensionality of
the classification problem while optimizing the P300 detection.
During this optimization, both signal and noise are taken into
account, contrarily to a method like PCA which would only consider the signal. Finally, the signals were epoched as previously
mentioned.
As an EEG cap with 32 electrodes is difficult to install, cumbersome and not really ergonomic for everyday life use, we decreased the number of input electrodes of the spatial filter and
we also tested configurations with three (Cz Pz POz), five (Cz
Pz POz O1 O2), seven (Cz Pz POz O1 O2 CP1 CP2), and nine
electrodes (Cz Pz POz O1 O2 CP1 CP2 P3 P4), in addition to the
32 electrode configuration. Again, the choice of these electrodes
was guided by the natural localization of the P300 potentials in
the parietal and occipital areas of the cortex.
E. Classification
Before entering the classifier, groups of two epochs corresponding to a specific row/column were averaged. Then, a
12-fold LDA classifier was applied to each two-grouped averaged time windows giving a value which represents the distance
to an hyperplane separating at best the target/nontarget classes.
For a given trial, in a voting classifier, the row/column which
has been activated is determined by summing the consecutive
LDA outputs and by choosing the maximum value. The choice
of a 12-fold LDA classifier was made to ensure a robust training
(i.e., limiting overtraining effect).
IV. RESULTS AND DISCUSSION
For each subject and each motion artifact correction method,
the first dataset recorded at 0.83 m/s was used for the training.
Testing was then made on the three other datasets, recorded respectively at 0.42, 0.83, and 1.25 m/s. Of course, for testing,
all ICA decompositions were directly applied on basis of the
trained weights. This section presents and discusses the different
results obtained (all reported statistical tests are based on a standard repeated measures ANOVA).
A. Efficiency of the Methods in Terms of EEG Signal Properties
To evaluate the effect of the different motion artifact correction techniques, we first computed the power spectral density of the resulting signals. As already observed in [19], we
found peaks consistent with the gait fundamental frequency in
all EEG channels. Fig. 5 gives an example of such phenomenon for raw EEG data (i.e., not corrected by any method described in Section III-C) of one subject walking at 3 km/h. Fig. 6
shows the amplitudes of the three harmonics after applying the

Fig. 5. EEG spectrum of electrode Oz recorded during gait (3 km/h), after initial standard cleaning and high-pass filtering (“raw” dataset). Three harmonics
are clearly visible, which are consistent with the gait fundamental frequency
(0.88 Hz).

different correction methods, divided by the amplitudes of the
same dataset, without any correction. Overall, the amplitudes of
the harmonics are drastically reduced (80% on average). Only
the two methods using RLS adaptive filtering are less performant (reduction of about 70% on average). The most efficient
method, based on this criterion, is the variant of the template
subtraction method (“Subtraction ICA”), in which ocular and
muscular artifacts are first eliminated before computing the templates (see Section III-C1).
In a second step, standard deviation of the signals was computed in order to assess the different motion artifact correction
techniques. As motion artifacts induce higher amplitude signals,
it is expected that the standard deviation will be reduced after
applying the correction methods. Fig. 7 shows a comparison of
these values both for raw and corrected data. Overall, standard
deviation is reduced by a factor 2 in the majority of cases. Again,
the “subtraction ICA” method gives the best performance, by
reducing standard deviation by a factor 5. We will see in next
section if this method gives the most accurate classification results in the framework of a real BCI system.
B. Efficiency of the Methods in Terms of P300 Classification
Performance
The third—and most important—way of assessing the quality
of motion artifact rejection is to determine the performance of a
P300 BCI system in which is injected the same dataset corrected
by each of the proposed methods. Inter-subject averages of the
classification rates obtained with the two studied electrode configurations and applying the different correction methods on the
testing datasets are shown in Figs. 8 and 9.
Statistically significant differences were found between the
classification rates obtained with the electrode configurations
). Using three electrodes,
Cz Pz POz and Cz O1 O2 (
already 70% of test trials are correctly classified using raw data,
which is a result significantly better than “chance” (25% in this
case). This confirms the conclusions of several pioneer studies
stating that the detection of P300 potentials as well as the development of P300-based BCI systems is feasible in ambulatory
conditions (see Section II and [9]).
It has to be reminded that in the latter preliminary studies,
no particular treatment was developed to optimize the BCI results in such difficult conditions. Inspecting Figs. 8 and 9, we
see that no preprocessing methods proposed in this paper allow
to improve significantly classification results compared to raw
. No significant differences were found across
data (
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Fig. 6. Amplitudes of the harmonics found in EEG spectra directly related to the gait, in electrode Oz for raw and corrected data. Inter-subject averages are shown.
The error bars represent the standard deviation. All the amplitudes are normalized with respect to the raw dataset.

Fig. 7. Effect of the different artifact correction methods on the standard deviation of the EEG signals recorded on electrode Oz. Inter-subject averages are shown.
The error bars represent the standard deviation. Result obtained for raw data is given for comparison.

Fig. 8. Inter-subject averages of the classification rates obtained with Cz O1 O2 (the error bars represent the statistical standard error). On average, the best method
on the testing set for the Cz O1 O2 configuration is the subtraction ICA method. However, no significant difference is found between the different methods.

+

walking speeds (
However, we observed that classification rates are significantly degraded at high speeds using
raw data. This effect disappears when using any preprocessing
method previously described.
ICA”
It can also be mentioned that the “subtraction
method, which gives a priori the best performance in terms
of EEG signal properties, is almost strictly equivalent to raw
data regarding the P300 classification performance. Also, when
increasing the order of the adaptive filter (from 10 to 200) in the

RLS template method, we observed a significant degradation
of the recognition performance.
Finally, the same conclusions can be drawn for the other electrode configuration considered in this study.
C. Classification Performance Using Spatial Filtering
As presented in Section III-D2, an additional—and different—approach was also tested in this study: spatial filtering
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Fig. 9. Inter-subject averages of the classification rates obtained with Cz Pz POz electrodes (the error bars represent the statistical standard error). The best method
on the testing set for the Cz Pz POz configuration is the subtraction ICA method. However, no significant difference is found between the different methods.

+

Fig. 10. Inter-subject averages of the classification rates obtained with the xDawn spatial filter. The xDawn algorithm was tested on several configurations with
3, 5, 7, 9 and 32 electrodes as input. (3
Cz Pz POz, 5
Cz Pz POz O1 O2, 7
Cz Pz POz O1 O2 CP1 CP2, 9
Cz Pz POz O1 O2 CP1 CP2 P3 P4). The
error bars represent the standard errors. No significant differences between the trained speed of 0.83 m/s and the other tested speeds were obtained using a repeated
: for the speed factor). Given the statistical tests between the different configurations, the best choices seem to be seven or nine
measures ANOVA test (p
electrodes. But, for an overall less complex system, we advise to consider the seven-electrode solution.

=

=

=

=

= 0 11

using the xDawn algorithm [43]. Fig. 10 shows the inter-subject averages of the classification rates obtained using this
alternative strategy.
An impressively good result is obtained using 32 electrodes
in input: 99%. Of course, this figure cannot directly be compared to the classification rates around 80% obtained with the
Cz Pz POz electrode configuration, given that much more information is used in input (32 versus 3 electrodes). As expected,
when the number of electrodes is progressively reduced, the performance is degrading. No significant differences between the
trained speed of 0.83 m/s and the other tested speeds were obfor
tained using a repeated measures ANOVA test (
the speed factor). Following some statistical tests, our results
suggest that the configuration of 7 electrodes, which provides
similar results as the nine-electrode configuration with two electrodes less, comprising Cz Pz POz O1 O2 CP1 and CP2, represents the best compromise between compactedness and performance (90% at 3 km/h).
V. CONCLUSION
In this paper, we have thoroughly investigated the feasibility
to use a P300 BCI system in ambulatory conditions. In particular, we have studied the problem of the correction of artifacts

due to the gait. Seven healthy volunteers participated in a P300
experiment during which they were walking at three different
speeds (0.42, 0.83, and 1.25 m/s) on a treadmill.
Several methods have been proposed, implemented and
tested to correct—and not simply identify—the artifacts. These
methods were based on template subtraction, LMSs and RLSs
adaptive filtering with either a template artifact of the EEG
signal or an accelerometer signal as noise reference. ICA
and spatial filtering based on the xDawn algorithm were also
assessed. The efficiency of these methods was first evaluated
in terms of EEG signal properties and then according to the
classification performance of a LDA classifier.
Excepted for the spatial filtering, the different methods were
applied on two different configurations of only three electrodes.
The choice of a limited number of electrodes was deliberate,
with the aim of developing a realistic BCI (in terms of compactedness) for everyday use. We found that the Cz Pz POz configuration gave significantly better results compared to the Cz
O1 O2 configuration. Consequently, the first three-electrode set
is recommended for developing low-complexity embedded systems.
No preprocessing method proposed in this paper could help
to increase significantly the performance obtained with the raw
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data. It has to be emphasized that the latter result is much better
than a random classifier. This is in total agreement with preliminary studies found in the literature, investigating the possibility
to detect (and develop BCI systems based on) P300 potentials
in ambulatory conditions.
Using an ANOVA test, no significant effect of the speed factor
on the classification rates was found.
The alternative approach consisting in applying the xDawn
spatial filtering gave very good classification results (99%) with
32 electrodes in input. As this electrode configuration is too
large for a convenient use in everyday life, intermediate electrode configurations were tested. Our results suggest that seven
electrodes (Cz Pz POz O1 O2 CP1 CP2) give the best compromise between compactedness and classification performance
(90%). This is definitely this approach that would be recommended for developing a real-time application.
Thanks to this study, we can conclude that BCI in ambulatory
conditions is definitely feasible. On average, motion artifacts do
not seem to affect P300 potentials in a dramatic way, as no artifact correction method is able to statistically improve the BCI
classification results. This is presumably due to the fact that, on
long recordings, motion artifacts are randomly distributed along
the gait cycle. Our recommendation to obtain the best compromise between portability and performance for a P300-based BCI
system used in ambulatory conditions is thus to use the xDawn
spatial filter in combination with a configuration of seven EEG
electrodes placed over the occipital and parietal areas of the
brain.
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