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Abstract

®

CrossMark

Objective. Our purpose was to evaluate the ability of a dual electrode approach to remove
motion artifact from electroencephalography (EEG) measurements. Approach. We used a
phantom human head model and robotic motion platform to induce motion while collecting
scalp EEG. We assembled a dual electrode array capturing (a) artificial neural signals

plus noise from scalp EEG electrodes, and (b) electrically isolated motion artifact noise.
We recorded artificial neural signals broadcast from antennae in the phantom head during
continuous vertical sinusoidal movements (stationary, 1.00, 1.25, 1.50, 1.75, 2.00 Hz
movement frequencies). We evaluated signal quality using signal-to-noise ratio (SNR),
cross-correlation, and root mean square error (RMSE) between the ground truth broadcast
signals and the recovered EEG signals. Main results. Signal quality was restored following
noise cancellation when compared to single electrode EEG measurements collected with
no phantom head motion. Significance. We achieved substantial motion artifact attenuation
using secondary electrodes for noise cancellation. These methods can be applied to studying
electrocortical signals during human locomotion to improve real-world neuroimaging using

EEG.

Keywords: electroencephalography, motion artifact, real-world neuroimaging, signal quality

(Some figures may appear in colour only in the online journal)

1. Introduction

High-density electroencephalography (EEG) scalp electrodes
can measure electrical brain activity with high temporal res-
olution, but the signals are prone to motion artifacts during
human movement. Small electrode motions can introduce
large magnitude motion artifacts that exceed electrocortical
signal magnitudes [1-3]. In addition, varying levels of electro-
magnetic interference (EMI) can introduce fluctuations in
EEG signal magnitude when electrodes move within the sur-
rounding EMI field [4-6].

One method of separating electrocortical signals from EEG
data containing motion artifact and other noise signals is blind
source separation, such as independent component analysis
(ICA) [7]. Although blind source separation approaches have

1741-2552/18/056024+9$33.00

effectively isolated neural signals from EEG data containing
motion artifact, as well as electromyographic (EMG) and
electrooculographic artifacts (EOG) [3, 8], these methods are
computationally expensive, extremely difficult to implement
in real-time, and require some level of calibration or labeling
of noise components to work, making them difficult to justify
for real-world neuroimaging applications [9]. Post-processing
noise identification methods also require the removal of a
large number of problematic channels (i.e. retain ~130/248
channels collected [1],), undermining spatial resolution and
data reliability across participants and data collections.
Another approach to remove artifacts from scalp EEG
recordings is to incorporate alternative sensor measurements
into signal cleaning procedures. Simultaneous accelerom-
eter and EEG recordings have been used along with ICA and

© 2018 IOP Publishing Ltd  Printed in the UK
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filtering to reduce artifacts induced by head motion, while
neglecting EMI [10, 11]. During simultaneous EEG record-
ings and functional magnetic resonance imaging (fMRI), the
surrounding magnetic field introduces gradient artifacts that
amplify the influence of small head motions [4]. To overcome
this problem, researchers have developed dual electrode pairs
that concurrently collect artifact biased EEG data, along with
the exclusive effects of motion and EMI artifacts, using elec-
trically isolated secondary electrodes [4-6]. This approach
has been successful in removing motion artifacts and EMI
from dual fMRI and EEG recordings, and holds promise for
other types of EEG data collections. Although motion artifact
susceptibility depends on the inertial and electrical character-
istics of the recording equipment, we have previously shown
that cable induced motion artifacts are a major contributor to
signal quality declines in the most commonly used system for
human mobile EEG studies, BioSemi ActiveTwo hardware
[12]. Capturing and removing common artifacts in EEG and
isolated noise recordings might therefore allow more effective
signal cleaning.

A solution for isolating neural signals from EEG data
that could be implemented in real-time is particularly desir-
able in real-world neuroimaging. It might preserve greater
proportions of data and open possibilities for more effective
brain computer interfaces [13]. Online de-noising methods,
such as spectral subtraction or adaptive filtering, have been
applied in speech signal processing and EEG, isolating sig-
nals from background noise [13—-16]. Fast Fourier Transform
and identification of noise-contaminated frequencies provides
a computationally low cost solution, but nevertheless requires
adaptive noise estimations [13-16]. Simultaneous collection
of noise-biased EEG data and isolated noise artifacts could
allow signal isolation through spectral subtraction, without
assumptions regarding the underlying noise characteristics.

Our purpose was to evaluate the ability of dual electrode
hardware and software approaches to remove motion artifacts
from scalp EEG. By using a novel array of duplicate EEG
electrodes that have a normal scalp electrode combined with
a mechanically coupled and inverted noise-only electrode that
was electrically isolated from the scalp EEG sensor, we tested
the ability of a low computational cost signal processing
approach to de-noise scalp EEG data. We used an electrical
head phantom and a motion platform to record scalp EEG sig-
nals under various motion conditions. We hypothesized that
(1) EEG signal quality would decrease at greater movement
frequencies; and that (2) EEG recordings using dual elec-
trode pairs would allow effective noise cancellation, greatly
improving signal quality during head motion.

2. Methods

2.1. Phantom head and motion platform

We constructed a human head phantom from an adapted man-
nequin head, using methods outlined in a previous study from
our laboratory (figure 1(A)) [17]. Eight dipolar sources were
embedded within a dental plaster mixture using eight wire
pairs with exposed tips. We used a signal generator to input

artificial neural signals at each source location (USB-3101FS
and TracerDAQ software, Measurement Computing, Norton,
MA). Each input source consisted of three randomly occurring
500ms sinusoidal bursts over a 10s interval, repeated continu-
ously in each trial. Contrasting frequencies were input at each
source location (7, 11, 17, 23, 29, 37, 43, 51 Hz, figure 1(B)).
Five millivolt input at each source antenna yielded £12.9 ¢V
EEG recording amplitude, depending on electrode location
(mean £ 3.9 1V standard deviation among channels).

Replicating the experimental setup from [17], we gener-
ated sinusoidal vertical head motions using a custom motion
platform controlled with an electric motor and computer soft-
ware (dASPACE GmbH, Paderborn, Germany) (figure 1(C)).
The phantom head was secured to the motion platform and
movements were verified using an 8-camera motion capture
system and a marker placed at the base of the phantom head
(100 Hz sampling rate, Vicon, Oxford, UK).

2.2. Dual electrode hardware

We assembled a dual electrode array using BioSemi ActiveTwo
hardware (Amsterdam, Netherlands). The system relies on
active electrodes that are less susceptible to motion and EMG
artifacts compared to passive electrodes, though the system
is prone to cable induced motion artifacts [17]. Our dual
electrode array consisted of eight scalp electrodes recording
normal EEG and 8 mechanically coupled and inverted sec-
ondary electrodes that were electrically isolated from the scalp
EEG sensors, recording only motion artifacts and electrical
noise, without artificial neural signals (figure 2(B)). Dual elec-
trodes were fixed to one another using double-sided adhesive,
with wires secured using electrical tape (figure 2(B)). Pin-
Type Active-electrodes were used for recording normal scalp
EEG signals (figures 2(A) and 3(A)) and inverted Flat-Type
Active-electrodes were used for recording noise (figures 2(B)
and 3(B)). Data were collected using two electrically inde-
pendent, daisy-chained, BioSemi ActiveTwo AD-boxes (512
Hz sampling rate), with separate reference and ground elec-
trodes for each system (CMS and DRL, respectively). Data
were therefore temporally synced and acquired in a single file.
The electrically isolated noise electrodes were connected via
a conductive stretch fabric (4900 Stretch Conductive Fabric,
Holland Shielding Systems BV, Dordrecht, Netherlands)
serving as a synthetic outer ‘skin’ layer overlaid on the pri-
mary cap and EEG sensors (figure 3(C)). The combined
resistance of the dental plaster and standard multi-purpose
conductive gel (Signa gel, Parker Laboratories Inc., Fairfield,
NIJ, USA) was compared to ensure it approximately matched
that of the conductive gel and fabric using a multi-meter. Our
testing showed agreement with Kline et al [2] (~0.9 Mohm),
approximately simulating the resistance of the human scalp
(~0.001-0.1 Mohm for dry skin [18]).

2.3. EEG preparation

During scalp EEG preparation, we placed an appropriately
sized cap on the phantom head and injected conductive gel
at each electrode site. Pin-Type electrodes were inserted into
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Figure 1. (A) Phantom human head, (B) artificial neural source locations, frequency content, and scalp EEG electrode locations,

(C) motion platform.
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Figure 2. (A) BioSemi Active Pin Type electrode, (B) custom dual electrode pair (BioSemi Active Pin Type electrode and inverted Flat

Type electrode).

eight locations on a standard 128-channel cap (Electro-Cap
International, Inc., Eaton, OH, USA) (figures 1(B) and 3(B)).
The CMS and DRL electrodes were placed on locations
specified by BioSemi (figures 1(B) and 3(B)). After inserting
each Pin-Type electrode, we overlaid the secondary cap and
injected conductive gel between the inverted Flat-Type elec-
trode and conductive fabric (figure 3(C)). This replicates the
intended use of Flat-Type BioSemi ActiveTwo electrodes,
which typically lay flat against the skin with a small pocket
of gel bridged to the Ag/AgCl recording pellet. Here, the con-
ductive fabric served as an artificial skin circuit, with noise
data recorded independently from the scalp EEG. Following
BioSemi guidelines (www.biosemi.com), we checked scalp
EEG and noise electrode offsets, ensuring <20 mV was
observed at each channel. Electrode wires exiting the sec-
ondary cap were bundled using Velcro straps and connected to
each respective BioSemi ActiveTwo system box.

As a means of comparing our dual electrode setup to a
standard scalp EEG preparation, we repeated the experimental
procedure on a separate day using eight standard Pin-Type
electrodes at the same relative locations (figure 3(A)).

2.4. Experimental protocol

To investigate the effects of motion artifact on scalp EEG we
used sinusoidal vertical motions at contrasting movement
frequencies (stationary, 1.00, 1.25, 1.50, 1.75, and 2.00 Hz),
with consistent amplitude across conditions (approximately
3.5cm). In each condition, we simultaneously recorded scalp
EEG data and noise from secondary electrodes for 300s.
Prior to motion conditions, we recorded baseline noise cap-
tured by each set of electrodes without input signals. Next,
we recorded EEG data with artificial neural inputs while
stationary, providing ground-truth measures for comparison.
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Figure 3. (A) standard scalp EEG setup, (B) dual electrode array, (C) overlaid conductive secondary cap.

The same procedure was followed for each motion condi-
tion, recording baseline noise plus motion artifact prior to
recording artificial neural data during movement. Because our
dual electrode setup used an overlaid secondary cap that may
reduce motion artifacts caused by electrode and cable motions
[19], we repeated the experimental procedure using a standard
EEG preparation, thus providing two parallel datasets (dual
electrode and standard electrode, respectively).

2.5. Data analysis-signal quality

To quantify signal quality, we computed signal-to-noise ratio
(SNR), time series cross-correlation, and root mean square
error (RMSE) for each scalp electrode, in each motion condi-
tion. Signal-to-noise ratios were computed from the root mean
square of the respective scalp EEG and noise signals (dB,
20log;o(EEG/noise)). EEG signals for calculating SNR were
recorded without motion and noise signals were recorded
from each scalp electrode when the artificial neural inputs
were turned off and each motion condition was repeated.
Cross-correlations and RMSE (V) were computed for each
scalp electrode by comparing ground-truth measurements
recorded while stationary to recordings in each motion condi-
tion. Greater signal quality was associated with greater SNR
and cross correlation, and lesser RMSE.

2.6. Data analysis-artifact attenuation

Our second aim was to evaluate the ability of dual electrode
hardware and software approaches to remove motion arti-
facts from scalp EEG data. To achieve this goal, we used
sliding window spectral subtraction, removing noise sig-
nals from scalp EEG data captured by secondary electrodes
(figure 4). Because our dual electrodes were secured to one
another, we hypothesized these electrode pairs would experi-
ence equivalent motions and electrical noise, thus allowing
noise cancellation. Spectral subtraction was implemented
after high-pass filtering scalp EEG and noise data at 0.8 Hz

(EEGLAB 13.5.4b) [20]. We then used custom MATLAB
scripts (R2015b, Natick, MA, USA) to implement a 500 ms
Hamming window with 94% overlap, followed by Fast-
Fourier Transform (FFT). Because the lowest artificial
neural input frequency was 7 Hz, we used a 500 ms window
length to accurately detect a minimum frequency of 2 Hz
(4 Hz for two times Nyquist frequency), though extended
window lengths can improve low frequency representations.
To cancel motion artifacts, we set EEG frequencies to zero
if the noise frequency exceeded ten times the median noise
FFT coefficient value (figure 4). To cancel electrical noise,
we set EEG frequencies to zero if they were below ten times
the median noise FFT coefficient value (figure 4). We applied
these criteria separately to the real and imaginary portions of
the signal, prior to reconstruction using inverse FFT (figure
4). Separately treating the real and imaginary portions of the
signal limited distortion compared to cancelling both real and
imaginary signal components together.

2.7 Statistical analysis

We evaluated changes in signal quality among experimental
setup and motion conditions using separate 3 x 6 repeated
measures ANOVAs (a = 0.05) performed on the 8-channel
EEG data for each signal quality measure (SNR, cross-
correlation, and RMSE) (IBM SPSS Statistics, Armonk, NY,
USA). Experimental setup conditions included a standard
scalp EEG preparation (standard electrode), dual electrode
scalp EEG data with an overlaid secondary cap prior to noise
cancellation (secondary cap), and dual electrode scalp EEG
data after noise cancellation (noise cancellation). Before
computing cross-correlation statistical comparisons across
conditions, r-values were converted to z-scores using the
Fisher z-transform. Because cross correlation comparisons
were made in comparison to the stationary condition, z-scores
in the stationary condition (r = 1.00) were instead set to 3.
Following significant statistical interaction, simple main
effects analyses were performed. Huynh—Feldt adjustments
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were used following sphericity violations and Bonferroni cor-
rections were used for multiple comparisons [21].

3. Results

On average, phantom head movement amplitude was
34+ 0.2cm among conditions, measured from motion
capture data. Exemplar time series and power spectra data
show secondary electrodes captured motion artifacts at the
movement frequency, as well as background electrical noise
(figures 5(A) and (B)). In general, spectral power at the arti-
ficial neural input frequencies (7, 11, 17, 23, 29, 37, 43, and
51 Hz) was maintained after subtraction, depending on sensor
location relative to transmitting antenna, but was attenuated
outside this portion of the spectrum (figure 5(B)), resulting in
cleaner time series data (figure 5(A)). Signal quality improved
following noise cancellation when compared to standard EEG
measurements and after securing electrodes and wires with a
secondary cap (figures 6(A)—(C)). Standard scalp EEG record-
ings showed the largest decline in signal quality at higher
movement frequencies (figures 6(B) and (C)).

3.1. Signal-to-noise ratio

SNR was influenced by the interaction of movement frequency
and setup (F(j0,70) = 9.0, p < 0.001, n* = 0.56; figure 6(A)).

At 2.00 Hz motion, SNR decreased slightly in each setup
(standard electrode: Fj 175 = 15.2, p =0.005, 772 =0.68;
secondary cap: F(s3s)= 152, p <0.001, 7> = 0.84; noise
cancellation: Fis3s5) = 12.3, p < 0.001, n* = 0.64; figure 6(A),
pairwise comparisons: p < 0.046). In each motion condition,
SNR after noise cancellation exceeded standard electrode and
secondary cap conditions (pairwise comparisons: p < 0.001;
figure 6(A)).

3.2. Cross-correlation

Cross-correlation was influenced by the interaction of
movement frequency and setup (Fj90.70) = 40.4, p < 0.001,
n* = 0.85; figure 6(B)). During motion, cross-correlation
decreased relative to stationary in each setup (standard elec-
trode: F(j496) = 211.7, p < 0.001, 7]2 = 0.97; secondary cap:
Fa.179 =607.0, p <0.001, 772 = 0.99; noise cancellation:
Foi153 =392.1, p <0.001, 7]2 = 0.98; figure 6(B)) and at
2.00 Hz motion frequency in the standard setup (pairwise
comparisons: p < 0.018; figure 6(B)). In each motion con-
dition, cross-correlation after noise cancellation exceeded
standard electrode and secondary cap conditions (pairwise
comparisons: p < 0.004; figure 6(B)). At 2.00 Hz motion,
cross-correlation after noise cancellation exceeded both sec-
ondary cap and standard electrode conditions (p < 0.001;
figure 6(B)).
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Figure 5. (A) Exemplar electrode time series EEG data during

2.0 Hz motion. Data were high-pass filtered at 0.8 Hz. (B)
Corresponding electrode power spectra showing peaks at the
artificial neural input frequencies and the effects of motion artifact.

3.3. Root mean square error

Root mean square error was influenced by the interaction of
movement frequency and setup (Fjo70) = 11.5, p < 0.001,
7? =0.62; figure 6(C)). In each setup, RMSE increased
relative to stationary (standard electrode: F(; 7.2 = 23.0,
p=0.002, 17 =0.77; secondary cap: F(391) = 1900.8,
p < 0.001, 772 = 1.00; noise cancellation: F(j390) = 222.2,
p < 0.001, 77 = 0.97; figure 6(C)) and increased at 2.00 Hz
movement frequency in the standard EEG setup (pairwise
comparisons: p < 0.015). In each motion condition, RMSE
after noise cancellation was reduced relative to the secondary
cap and standard setup conditions (pairwise comparisons:
p < 0.008; figure 6(C)). RMSE in the secondary cap condition
was also less than the standard setup at 1.00, 1.75, and 2.00
Hz movement frequencies (pairwise comparisons: p < 0.047).

4. Discussion

Our results show decreased signal quality in standard EEG
recordings during motion, particularly at greater movement
frequency. Although securing electrodes and wires with a
secondary cap minimized signal loss, active noise cancel-
lation using sliding window spectral subtraction from dual
electrode pairs restored signal quality during motion when
compared to ground-truth stationary recordings. Our exper-
imental approach relied on an electrical head phantom device
and robotic motion platform, which allowed us to compare
the effects of motion artifact on scalp EEG while limiting
confounding sources of variation, including inter and intra-
subject variability, as well as biological artifacts (i.e. eye and

muscle artifacts). These methods provided the experimental
control necessary for establishing hardware and software
benchmarks prior to human testing [9, 17].

In line with our aims, secondary electrodes captured the
movement frequency of the motion platform, with limited
contributions at greater harmonics that were observed by
Kline et al [2] and Gwin et al [8]. The harmonics in these pre-
vious studies were likely related to individual cable motions
that were not bundled [21]. Additional harmonics of the
motion platform were sometimes visible in the standard elec-
trode setup, but not the secondary cap or noise cancellation
conditions (figure 5(B)). In agreement with Reis et al [22],
as well as Nathan and Contreras-Vidal [19], who reported
motion artifact suppression using a double-layer stretchable
mesh cap overlaying electrodes and cables, we observed lim-
ited motion artifacts across movement frequencies with the
use of a secondary cap and secured cables (figures 5 and 6).
The additional benefits of our conductive cap were demon-
strated after noise cancellation, providing a reference layer
that captured the exclusive effects of motion artifact and
background electrical noise. Although the secondary cap and
noise cancellation conditions showed small but statistically
significant decreases in SNR at 2.00 Hz movement frequency
(figure 6(A)), signal quality decreased most dramatically in
the standard electrode setup and this was not overcome by
securing electrodes and cables alone (figures 6(B) and (C)).

Previous studies have made attempts at quantifying motion
artifacts captured by scalp EEG using a head-mounted accel-
erometer during human walking [10, 23]. Daly et al [10] and
Onikura and Iramina [11] demonstrated artifact removal using
an accelerometer-based template and filtering of ICs extracted
during head movements. Kline et al [2], however, showed
artifact complexity exceeded that measured by a single head-
mounted accelerometer during walking. The use of individual
accelerometers located at each scalp electrode may provide an
improved motion artifact template [24], though this approach
fails to capture the effects of cable motions, as well as signal
fluctuations arising from the surrounding EMI field [4, 6]. Our
use of secondary electrodes limited the need to model move-
ment induced artifacts and electrical noise, reducing the com-
putational cost and difficulty of artifact removal. Emerging
real time signal processing approaches may therefore benefit
from improved noise templates measured from secondary
electrodes. Recently, Nathan and Contreras-Vidal [19] applied
Artifact Subspace Reconstruction (ASR) [25] to scalp EEG
during walking, which implements sliding window subspace
decomposition using principal component analysis (PCA).
ASR has been used for removing eye, muscle, and motion
artifacts [26], cleaning portions of noisy data that deviate from
baseline, while relying on estimates of clean versus noisy
data. Kilicarslan et al [24] outlined an alternative approach
for removing eye artifacts from scalp EEG, implementing
adaptive (H*) filtering using reference electrooculographic
(EOQG) electrodes. This real time approach outperformed both
traditional ICA and ASR, particularly for local disturbances,
suggesting online signal processing approaches that make use
of secondary electrode measurements can improve scalp EEG
de-noising procedures.
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There were limitations in our study that impact our inter-
pretations. Our signal processing approach relied on spectral
noise cancellation applied to artificial neural signals with
known frequency content independent of the robotic plat-
form movement frequencies. Although electrode and cable
motions can introduce frequency harmonics, our setup may
have limited their appearance [19]. Overlap among motion
artifacts and neural signals may undermine spectral cancel-
lation, attenuating both motion artifacts and neural signals,
though this can be partially overcome using materials with
electrical properties that better match the human scalp, ena-
bling straightforward spectral subtractions. Notably, sec-
ondary electrodes were more sensitive to motion artifacts than
normal scalp electrodes, as observed in the time series magni-
tudes and spectral power at the movement frequency (figures
5(A) and (B), respectively), which can be attributed to the low
surface resistivity of the conductive fabric. Nevertheless, we
maintained signal quality after noise cancellation (figure 6),
detecting spectral peaks at the artificial neural input frequen-
cies. Although reduced absolute spectral power was observed
below 17 Hz after subtraction (figure 5(B)), this trend was

dependent on scalp electrode location relative to the trans-
mitting antennas. Further, we chose a relatively aggressive
threshold for cancelling motion artifacts and defining our
noise floor in this case, while separate high (motion artifact)
and low (electrical noise floor) thresholds could be used to
tune the performance of our algorithm. Prior to noise cancella-
tion, differences in spectral power between standard and dual
electrode datasets can be attributed to alterations in phantom
head conductivity over time. Because we collected these
datasets approximately one-week apart, we performed signal
quality assessments from the stationary condition in each
respective setup to serve as a relative baseline, thus negating
these differences.

Our investigation was restricted to phantom human head
testing during robotically controlled vertical sinusoidal
motions, with acknowledged tradeoffs between experimental
control and ecological relevance. Because vertical head accel-
erations have shown the strongest correlation with EEG motion
artifacts during walking (0.4-1.6 m s~!), we exclusively
examined vertical head movements [2]. Electrode motions,
however, differ across scalp locations and are not limited to



J. Neural Eng. 15 (2018) 056024

A D Nordin et al

the vertical direction, nor are they strictly sinusoidal [2, 27].
Prior investigations have relied on post hoc comparisons of
previously processed data without knowledge of the ground
truth neural signals, limiting interpretations about the influ-
ence of signal processing procedures on neural versus arti-
fact components. Our approach overcame this limitation, with
admitted restrictions surrounding the use of a dental plaster
mold as a surrogate for a human head. With this in mind,
we are continuing to quantify the electrical properties of our
phantom heads, while also investigating alternative materials
that better match electrical and mechanical characteristics of
human tissue [28]. In any case, establishing benchmarks for
scalp EEG hardware and software is an essential step for over-
coming the effects of motion artifacts that currently limit our
understanding of human brain dynamics during movement.

5. Conclusion

Our combined hardware and software approach reduced
motion artifacts captured by scalp EEG during vertical head
motions. Assembly of a dual electrode array that captured
neural signals and motion artifacts from normal scalp elec-
trodes, along with electrically isolated, mechanically coupled
secondary electrodes that exclusively captured noise, allowed
noise cancellation and the recovery of ground truth artificial
neural signals. Benchmark testing these methods using an
electronic phantom human head and robotic motion platform
demonstrated substantially improved signal quality during
movement. These methods could be used in EEG recordings
during human movement to improve real-world neuroimaging
capabilities.
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