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a b s t r a c t
Optically pumped magnetometer-based magnetoencephalography (OP-MEG) can be used to measure neuromagnetic ﬁelds while participants move in a magnetically shielded room. Head movements in previous OP-MEG
studies have been up to 20 cm translation and ∼30° rotation in a sitting position. While this represents a stepchange over stationary MEG systems, naturalistic head movement is likely to exceed these limits, particularly
when participants are standing up. In this proof-of-concept study, we sought to push the movement limits of
OP-MEG even further. Using a 90 channel (45-sensor) whole-head OP-MEG system and concurrent motion capture, we recorded auditory evoked ﬁelds while participants were: (i) sitting still, (ii) standing up and still, and
(iii) standing up and making large natural head movements continuously throughout the recording – maximum
translation 120 cm, maximum rotation 198°. Following pre-processing, movement artefacts were substantially
reduced but not eliminated. However, upon utilisation of a beamformer, the M100 event-related ﬁeld localised
to primary auditory regions. Furthermore, the event-related ﬁelds from auditory cortex were remarkably consistent across the three conditions. These results suggest that a wide range of movement is possible with current
OP-MEG systems. This in turn underscores the exciting potential of OP-MEG for recording neural activity during
naturalistic paradigms that involve movement (e.g. navigation), and for scanning populations who are diﬃcult
to study with stationary MEG (e.g. young children).

1. Introduction
Magnetoencephalography (MEG) is a non-invasive neuroimaging
technique that measures small magnetic ﬁelds outside of the head originating from current ﬂows throughout the brain (Cohen, 1968). MEG
data have very high temporal resolution, allowing the characterisation
of evoked responses and neuronal oscillations at the sub-millisecond
timescale (Baillet, 2017). Unlike the electrical potentials measured with
electroencephalography, magnetic ﬁelds are largely unaﬀected by signal distortions from the conductivity proﬁles of scalp tissue. Until recently, the only sensors routinely used for MEG were superconducting
quantum interference devices (SQUIDs). However, these sensors require
cryogenic cooling using liquid helium, rendering MEG systems stationary and expensive.
A new generation of wearable MEG sensors called optically pumped
magnetometers (OPMs) have been developed (Boto et al., 2018), that
measure small magnetic ﬁelds (see Tierney et al., 2019 for a review)
and have a similar sensitivity to SQUID systems (7–15 ft/Hz from 1 to
100 Hz) but, crucially, do not require cryogenic cooling. This means
that the sensors can be placed closer to the scalp, resulting in up to
ﬁve-fold signal magnitude increases over conventional SQUID systems
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(Boto et al., 2016; Iivanainen et al., 2017). Another advantage of OPMs
over SQUIDs is that sensors can be placed independently on the scalp
surface rather than held in rigid arrays. The exact location of the sensors can, therefore, be customised on a participant-by-participant basis,
rather than being ﬁxed for one speciﬁc head shape and size. Furthermore, because sensors can move with the head, data can be collected
during participant movement, and with minimal constraints on recording time, which will signiﬁcantly improve the utility of MEG both as
a clinical tool (Vivekananda et al., 2020) and for basic neuroscientiﬁc
research (e.g. Barry et al., 2019; Boto et al., 2021; Roberts et al., 2019).
This is because cohorts who ﬁnd the head immobilisation associated
with SQUID-MEG and magnetic resonance imaging (MRI) challenging
(e.g. children) can be scanned more easily, and naturalistic paradigms
that involve participant movement can be more readily deployed.
OPMs have been used to successfully measure a variety of neuromagnetic ﬁelds while participants were seated, including: beta-band (13–
30 Hz) oscillations in motor cortex during movement (Boto et al., 2018),
theta-band (4–8 Hz) oscillations from the hippocampus while the participant was unconstrained (Barry et al., 2019; Tierney et al., 2021a), and
visual gamma (40–80 Hz) oscillations (Iivanainen et al., 2020), auditory
evoked ﬁelds (AEFs) (Borna et al., 2017), somatosensory evoked ﬁelds
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(Boto et al., 2017) and median nerve evoked ﬁelds (Iivanainen et al.,
2019) while participants were stationary. Further miniaturisation of
OPMs has facilitated the construction of more lightweight, whole-head
sensor arrays (Hill et al., 2020), capable of measuring resting-state connectivity comparable to that of a 275-channel SQUID system while using
50 OPM sensors (Boto et al., 2021).
Despite the promise of OPM-based MEG (OP-MEG), recording neuromagnetic ﬁelds during participant movement comes with substantial
challenges. In a typical magnetically shielded room (MSR) that comprises multiple layers of mu-metal, there remains a static ﬁeld component (due to both the room itself and the external static ﬁeld) of the
order of nano-Tesla. Any small sensor translations or rotations relative
to this background magnetic ﬁeld within the MSR will cause large signal change in the recorded data. Without correction, the magnitude of
these artefacts easily exceeds any neural signals of interest and can even
exceed the dynamic range of current OPM sensors (±5.56 nT for QZFM
second generation sensors; this limit is applied by the manufacturer,
QuSpin, to avoid gain errors due to non-linearity in the OPM response
as the magnetic ﬁeld increases - see Tierney et al., 2019), resulting in
periods of unusable data.
Recent work has focussed on minimising background ﬁelds through
a variety of complementary techniques. First, on-board coils allow the
cancellation of static ﬁelds inside an OPM sensor’s cell (Osborne et al.,
2018); this works well for stationary OPM arrays. Second, all of the initial OPM measures showing robustness to participant motion used external biplanar coils and reference magnetometers to dynamically null
the background ﬁelds around a participant’s head to just ∼0.5 nT (Boto
et al., 2018; Hill et al., 2020; Holmes et al., 2018, 2019). This technique
works well and is essential for OPMs to function in the majority of MSRs
that were originally designed for conventional SQUID-MEG. However,
the biplanar coils arrangement reduces the amount of possible eﬀective
movement to 40 cm x 40 cm x 40 cm with current designs. Finally, the
passive shielding requirements of OPM systems, unlike SQUID systems,
extend down to 0 Hz. More recent MSRs designed speciﬁcally for OPMs
and equipped with degaussing coils (Altarev et al., 2015) can reduce
these static magnetic ﬁelds to just ∼1.5 nT at the room centre (Hill et al.,
2020). It is also worth noting that despite the progress made in reducing
static background ﬁelds within MSR environments, movement artefacts
in modern OP-MEG systems can still be similar in magnitude to the neuromagnetic ﬁelds of interest (Boto et al., 2018; Holmes et al., 2018).
Fortunately, these artefacts typically have spatiotemporal properties distinct from neuromagnetic ﬁelds. Signal processing techniques based on
spatial and temporal ﬁltering, such as beamforming (Brookes et al.,
2008; Hillebrand and Barnes, 2005; Van Veen et al., 1997), can therefore be used for interference suppression during participant movement
(Tierney et al., 2021b).
Neuroscientiﬁc work has demonstrated the ability of OP-MEG to detect neuromagnetic ﬁelds at the same time as naturalistic head movement while seated. For example, Boto et al. (2018) showed beta-band
power modulations during a ﬁnger abduction paradigm while making
natural head movements, including drinking tea, accompanied by a
maximum head displacement of ±10 cm. Holmes et al. (2018) detected
lateralised visual evoked ﬁelds during head translation of ±9.7 cm and
rotation of ±34° Similar visual evoked results were reported using a
virtual reality set-up (Roberts et al., 2019). In addition, the ﬁrst paediatric OP-MEG study showed beta-band motor responses associated with
head movements of 4.73 ± 1.21 cm translation and 28.1° ± 6.71° rotation
(Hill et al., 2019). These results represent a step-change over stationary
SQUID-MEG systems in which movements over 0.5 cm can severely degrade data quality (Gross et al., 2013). While movement compensation
algorithms (e.g. based on signal space separation, Medvedovsky et al.,
2007) are available for head movements on the order of 0.5–6 cm during SQUID-MEG scanning, much larger naturalistic movements (over
∼6 cm) are not possible with a stationary array of MEG sensors.
In the current study, we sought to push the movement limits of OPMEG even further to determine whether it is technically possible to

measure neuromagnetic ﬁelds while participants are standing up and
deliberately making very large continuous rotations and translations of
the head. Collecting OP-MEG data from participants standing up compared to sitting down is technically challenging because the sensors are
typically located away from the centre of the room (where shielding
is optimal), where remnant ﬁeld gradients are much steeper, thereby
exacerbating movement related artefacts. If OP-MEG is feasible in situations where participants are standing up and making continuous head
movements, it would open up opportunities for a range of naturalistic
MEG paradigms. This could include studies involving interactions with
objects or touch-screens (Jungnickel and Gramann, 2016), or using omnidirectional treadmills to simulate exploration of virtual environments
(Schiza et al., 2019).
As a proof-of-principle, the experimental paradigm was simple for
this study: auditory tones were used to elicit AEFs. These arise in
supratemporal auditory cortex, and typically comprise a small 50 ms response (M50), and larger 100 ms (M100) and 200 ms (M200) responses
(for a review see Hari, 1990). Due to their reliability, AEFs are often used
in the context of MEG for benchmarking purposes (e.g. Sekihara et al.,
2002a; Taulu and Hari, 2009; Tierney et al., 2021b). AEFs are also a
low-frequency phenomenon (1–40 Hz), that overlap in the frequency
domain with movement artefacts (<10 Hz). Therefore, in this study, the
measurement of AEFs while participants were standing and moving represented an ideal test case for spatiotemporal interference suppression
techniques.
OP-MEG data were acquired while head motion was tracked using a
six-camera motion capture system. We show that with appropriate preprocessing and artefact rejection steps, and in combination with beamforming, it is possible to measure AEFs while participants are standing
and making very large, continuous translations (maximum = 120 cm)
and rotations (maximum = 198°) across the course of an experiment including, on average, ∼5 cm of movement during individual 0.5 second
trials.
2. Methods
2.1. Participants
Two healthy, right-handed males, aged 26 and 29, participated in the
study. They both provided written informed consent and the study was
approved by the University College London Research Ethics Committee.
2.2. OP-MEG data acquisition
OP-MEG data were acquired in an MSR (Magnetic Shields Ltd) located at University College London. The room has internal dimensions
of 438 cm x 338 cm x 218 cm and is constructed from two inner layers
of 1 mm mu-metal, a 6 mm copper layer, and then two external layers
of 1.5 mm mu-metal.
A total of 45 dual-axis OPMs (QuSpin Inc., QZFM second generation)
√
were used in the study, which have a sensitivity of ∼15 fT/ Hz between 1 and 100 Hz. Forty three sensors (i.e. 86 channels) were placed
in a participant-speciﬁc 3D-printed “scanner-cast” (Boto et al., 2017),
which was designed using the participant’s structural MRI scan (Chalk
Studios), see Fig. 1A. The scanner-cast was designed to keep the sensors
in slots ﬁxed in relation to the brain during participant movement, and
to minimise co-registration errors (Meyer et al., 2017). As each scannercast was printed by ﬁrst creating a 3D image in the same coordinate
space as the participant’s structural MRI brain scan, a sensor’s position
and orientation could be calculated oﬄine relative to the slot in which it
was placed. Sensor position was set as the centre of the cell of the OPM
sensor, which was slightly oﬀset from the physical centre. As shown in
Fig. 1A, custom plastic clips were used to arrange the OPM sensor ribbon cables for eﬀective cable management. In addition, the larger cables
were organised into bundles and ﬁxed to a wearable backpack, to facilitate participant comfort during movement. The sensors were arranged
2
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Fig. 1. (A) The experimental setup. Inside the magnetically shielded room OPM sensors were secured in a 3D printed scanner-cast with cables ﬁxed into a backpack.
(B) The location of the sensors for participant 1, plotted on a 3D mesh derived from the participant’s de-faced structural MRI scan. Sensitive axes are shown by the
blue lines. (C) The six degrees of freedom used to describe the translation and rotation of the rigid body.

to evenly cover the whole head (Fig. 1B), with an approximately symmetrical layout across each hemisphere of the brain. An additional two
sensors were placed away from the participant to provide reference signals, however they were not used for interference suppression in this
study.
Before the start of the experiment, the MSR was degaussed to minimise the residual magnetic ﬁeld in the MSR. Before the start of each experimental run, the OPM sensors were calibrated using a manufacturerspeciﬁc procedure. This involves energising coils within an OPM to produce a known ﬁeld, and the output of the sensor is then measured
and calibrated to this known ﬁeld. These calibration values, determined at the start of the experiment, may become suboptimal as sensors move during the course of the experiment. However, we did not
ﬁnd any evidence that this impacted the quality of our data in this
study.
Data were recorded using a 16-bit precision analogue-to-digital converter (National Instruments) with a sample rate of 6000 Hz. For our
setup, the two sensitive OPM axes were orientated both radial and tangential to the head, and had the eﬀect of increasing the dimensionality of the data and facilitating spatial interference suppression methods
(Brookes et al., 2021; Tierney et al., 2021b). This resulted in 90 channels
of OPM data.

individual auditory tones were presented, resulting in 275–300 s worth
of OP-MEG data.
2.4. Head position tracking
For head position tracking, an array of six OptiTrack Flex13 (NaturalPoint Inc.) motion capture cameras were used. These cameras were
placed in three corners of the room, with two in each (one high up,
one low down), to allow for complete coverage of the tracking area.
Six retro-reﬂective markers were attached to the scanner-cast in multiple ﬁxed positions to form a “rigid body”. These were tracked passively
using the OptiTrack cameras at 120 Hz throughout the experiment. By
measuring the joint translation of markers on the rigid body, the motion
capture system could calculate the position and orientation of the rigid
body while the participant moved within the MSR. Note that the physical occlusion of one or multiple markers due to participant movement
produced gaps in the data where no information about the position of
a marker was known. These gaps were interpolated to produce uninterrupted motion capture data using two methods. First, for any gap,
if three or more of the six markers on the rigid body were visible, this
permitted “pattern based” interpolation to determine the only possible
position of the occluded marker(s). After pattern based interpolation,
some gaps remained - in runs 1 and 2, the still conditions (sitting and
standing), 0.86% of the data remained as gaps (maximum duration 1.2 s;
mean duration 26 ms). In run 3, the moving condition, there were more
gaps, 8.94%, but of similar duration (1.24 s maximum; 29 ms mean).
Remaining gaps, up to 0.83 s in duration (100 samples at 120 Hz), were
interpolated using a second method, cubic spline ﬁt to the data either
side of the gap. Pattern based interpolation was then applied again, removing all remaining gaps. To remove high frequency noise caused by
marker vibrations, the trajectory data were low-pass ﬁltered at 2 Hz
using a 4th order Butterworth ﬁlter applied bidirectionally to achieve
zero-phase shift. The rigid body was then solved based on the continuous trajectory data of the six markers. Both the marker trajectory data
and the solved rigid body data were visually inspected for errors that can
occur during processing (e.g. mislabelling of markers, jumps in the data)
and corrections were made where necessary. Finally, the motion capture
position and orientation data were up-sampled and synchronised with
the OP-MEG data.

2.3. Paradigm
An auditory evoked response paradigm, adapted from
Garrido et al. (2008), was used. The auditory tones had a duration of 70 ms (5 ms rise and fall times) and frequency of 500–800 Hz in
steps of 50 Hz. An auditory tone of the same frequency was presented
2–8 times before randomly switching to an auditory tone of a diﬀerent
frequency. We collapsed our analysis across auditory tones of all
frequencies. The inter-stimulus interval was 0.5 s (no stimulus jitter
was included). Stimuli were presented via PsychoPy (Peirce, 2009),
through MEG-compatible ear tubes with Etymotic transducers, and
the volume was adjusted to a comfortable level as speciﬁed by the
participant.
In the ﬁrst run of data acquisition, the participant was seated on a
plastic chair in the centre of the MSR and was instructed to keep as still
as possible. In the second run, the participant stood upright in the middle
of the MSR, again keeping as still as possible. This run was included
because the gradient in the background magnetic ﬁelds is steeper when
a participant stands up and positions their head away from the centrepoint (at ∼1.35 m height) of the MSR. In the third run, the participant
was instructed to stand in the middle of the MSR and continually move
and rotate their head in any direction they wished. In each run, ∼570

2.5. Data analysis
All analyses were performed in MATLAB 2019a using the Fieldtrip
Toolbox (Oostenveld et al., 2011), SPM (Litvak et al., 2011) and custom scripts, which can be found openly online at: https://github.com/
FIL-OPMEG/movement_auditory_ERF.
3
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Table 1
Rigid body data. Range of values across the
standing and moving condition (run 3), for
each of the six degrees of freedom.

2.6. OP-MEG pre-processing
Data were down-sampled to 1000 Hz for computational eﬃciency.
A multiple linear regression was performed to reduce the magnetic ﬁeld
artefacts covarying with head position tracking data (Holmes et al.,
2018). The regression included the rigid body position (X, Y, Z) and
rotation data (pitch, yaw, roll; Fig. 1C), and was performed in overlapping 10-second-long windows.
Next, the data were cleaned using homogenous ﬁeld correction
which approximates magnetic interference as a spatially constant ﬁeld,
on a sample-by-sample basis (see Tierney et al., 2021b for further
details). This is calculated from the sensors’ orientation information,
rather than position, and is removed from the data via linear regression. To avoid ringing artefacts from notch ﬁlters (de Cheveigné
and Nelken, 2019), we instead used a spectral interpolation procedure
(Leske and Dalal, 2019) to remove high amplitude peaks in the frequency spectrum corresponding to: (i) 50 Hz power-line contamination
and its harmonics, and (ii) 120 Hz and 83 Hz contamination from the
motion capture camera system. Speciﬁcally, the 120 Hz originates from
the infrared LEDs on the OptiTrack cameras operating at this frequency,
and the 83 Hz peak is a result of temporal aliasing when the 120 Hz interference is digitally sampled alongside the 923 Hz OPM modulation
signal. The OPM data were then high-pass ﬁltered at 2 Hz using a 5th
order Butterworth ﬁlter applied bidirectionally to achieve zero-phase
shift.
We next performed manual visual artefact detection in 5 s chunks
to remove any remaining sections of data still contaminated by: (i)
ﬁeld changes greater than 100 pT (over the course of the 5 s chunk)
from participant movement and environmental interference not successfully removed by the preceding steps, (ii) intermittent high frequency
noise, which may have been due to the OPM cables rubbing against each
other, and (iii) high amplitude “steps” in the data present across all channels. For participant 1: 3.1% of trials were lost from run 1, 0.6% of trials
from run 2, and 4.7% of trials from run 3. For participant 2: 1.4% of trials
were lost from run 1, 5.3% of trials from run 2, and 7.6% of trials from
run 3. Finally, data were low-pass ﬁltered at 40 Hz using a 6th order Butterworth ﬁlter applied bidirectionally, and then epoched into trials of
0.7 s (−0.2 s pre-stimulus; 0.5 s post-stimulus onset). Low-pass ﬁltering
was performed after visual data inspection so that high-frequency artefacts could be more easily identiﬁed. To ensure equitable power across
runs (sitting, standing, standing and moving), comparisons were made
using 525 of the remaining good trials for each run (randomly selected).
For all runs, the results of the initial pre-processing steps are shown
in Supplementary Fig. S1. For runs 1–2 (sitting and standing), the combination of homogenous ﬁeld correction and high-pass ﬁltering both
reduced the maximum ﬁeld change from 29.2 pT to 3.4 pT (sitting) and
48.2 pT to 4.5 pT (standing). However, the movement data regression
step increased the maximum ﬁeld change present in each trial. This is
potentially due to the movement data containing noise which is introduced into the data via regression when little is actually present. For
this reason, we re-ran the pre-processing for runs 1–2, but not run 3,
avoiding the movement data regression step. These data were used to
generate Figs. 4-6.
For the moving condition, see Supplementary Fig. S1 (right), each
pre-processing step helped to reduce the low-frequency interference
in the data, including movement data regression. The maximum ﬁeld
change in each trial was reduced from an average of 654.7 pT to 242.1
pT following movement regression, to 87.8 pT following homogenous
ﬁeld correction (Tierney et al., 2021b), and to 9.8 pT following the highpass ﬁlter.

Right-Left
Back-Forward
Down-Up
Pitch
Yaw
Roll

Participant 1

Participant 2

101.4 cm
119.9 cm
57.1 cm
111.2°
198.1°
187.9°

97.2 cm
114.8 cm
39.5 cm
115.8°
108.3°
175.2°

waveforms orientated radially to the head (the tangential components
being more diﬃcult to visualise).
2.8. Source-level analysis
A participant’s T1-weighted structural MRI scan was used to create a
forward model based on a single-shell description of the inner surface of
the skull (Nolte, 2003). Using SPM12, a nonlinear spatial normalisation
procedure was used to construct a volumetric grid (5 mm resolution)
registered to the canonical Montreal Neurological Institute brain.
Source analysis was conducted using a linearly constrained minimum variance (LCMV) beamformer (Van Veen et al., 1997), which
applies a spatial ﬁlter to the MEG data at each point of the 5 mm
grid. Based on recommendations for optimising MEG beamforming
(Brookes et al., 2008), for the main analyses a regularisation parameter of lambda = 0.1% was used. Beamformer weights were calculated
by combining lead-ﬁeld information with a sensor-level covariance matrix, computed from the unaveraged single-trial data from 0 to 0.5 s
post-stimulus onset. To counter the bias towards the centre of the head,
whole-brain power maps were weighted by the beamformer-projected
noise – the neural activity index (NAI) (Van Veen et al., 1997). Due to
the highly correlated, near simultaneous neural activity in bilateral auditory regions evoked by auditory stimulation, traditional beamformers
often yield suboptimal results for auditory data (Brookes et al., 2007;
Sekihara et al., 2002b; Van Veen et al., 1997). Consequently, we opted
to construct a dual source model in which the beamformer scans pairs of
symmetric dipoles across the two hemispheres of the brain (Popov et al.,
2018).
Next, we deﬁned a region of interest (ROI) in primary auditory (A1)
cortex, using a multi-modal parcellation (Glasser et al., 2016). To obtain a time-course of the data within A1, we performed a principal components analysis on the concatenated ﬁlters of each grid-point within
the ROI, multiplied by the sensor-level covariance matrix, and extracted
the ﬁrst component (Schoﬀelen et al., 2017). The pre-processed, sensorlevel data were multiplied by this spatial ﬁlter to obtain an A1 “virtual
channel”.
No normalisation (e.g. NAI) was performed for the ROI analysis; instead, a one sample student t-test was conducted at each time point
across trials to allow for easier comparison with the sensor-level event
related ﬁeld (ERF) t-values.
3. Results
3.1. Head-tracking data
The position (or translation) of the rigid body formed of the head,
scanner-cast and OPM sensors can be described via three degrees of freedom: right-left (X), down-up (Y), back-forward (Z). The range of movement in each direction over the course of run 3 (where participants were
standing and deliberately moving their head) is shown in Table 1 – these
values are far larger than the other two runs that involved sitting still
and standing still (data reported in Supplementary Tables S1, S2). For
each participant, the continuous position data were plotted as 50-bin

2.7. Sensor-level analysis
Data were averaged and baseline corrected using the 0.1 s of data
before stimulus onset. Event-related activity was plotted for each sensor, and sensor-level ﬁeldmaps were produced for the evoked magnetic
4
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histograms (Fig. 2, top panels). This demonstrated that for both participants, right-left and back-forward movement was normally distributed,
suggesting that participants were making natural head movements centred on their position at the start of the run. For down-up movement, the
histograms show that both participants moved primarily downwards, as
expected from a starting standing position. For an alternative view of
the position data continuously plotted linearly over time, see Supplementary Fig. S2.
The rotation of the rigid body can be described as pitch, yaw and
roll (Fig. 1C). The range of rotations over the course of the experiment
in each direction are shown in Table 1. These values from the standing
and moving run were far larger than the other two runs (data reported
in Supplementary Tables S1, S2). For each participant, the continuous
position data were plotted as polar histograms (Fig. 2, bottom panels for
each participant). The vast majority of the rotation data were normally
distributed between −60° to +60° This suggests that both participants
made various natural rotations of the head from a forward-facing position. For an alternative view of the rotation data plotted linearly over
time, see Supplementary Fig. S2. By combining the translation and rotation data, and applying the transformations to a 3D model, the movement of the rigid body can be animated and visualised in real-time.
An example movie (Supplementary Movie 1) is provided for illustration
purposes.
Next, using the motion capture data, Euclidian distance over the
course of the experiment was calculated (Supplementary Fig. S3). A
bar graph with individual data points was then produced to show the
maximum Euclidian distance travelled for each 0.5 s-long trial (Fig. 3).
The data clearly show that both participants moved continuously during the experiment, with substantial movement on nearly every trial
(participant 1 mean distance = 5.1 cm per trial; participant 2 mean distance = 3.9 cm per trial).
Overall, these motion capture data demonstrate that both participants moved their head continuously throughout the experiment, with
large translations/rotations across all six degrees of freedom, mainly
centred on their start point.

an earlier peak, potentially corresponding to the M50 (Hari, 1990;
Taulu and Hari, 2009).

3.4. Interference suppression
The use of interference suppression techniques were crucial to obtain
the results presented above, especially when participants were standing
up and moving their head. The raw data from run 3 contained mean
trial-by-trial ﬁeld changes of over 650 pT (see Supplementary Fig. S1),
whereas AEFs are generally on the order of 50–150 fT. These large ﬁeld
changes are caused by the OPM sensors moving through ﬁeld gradients in the MSR, which are particularly steep away from the centre of
the room. However, it is worth noting that the relationship between
the overall extent of movement and ﬁeld change is often nonlinear (see
Supplementary Fig. S5).
To characterise this interference and its removal, we calculated the
power spectral density (PSD) between 2 and 10 Hz (below 2 Hz the data
were cleaned using a high-pass ﬁlter). For the raw sensor-level data, the
standing and standing and moving runs had higher PSD values below
6 Hz, compared to the sitting run (Fig. 7A). This demonstrates how
low frequency artefacts are increased when participants are standing
up, and especially when moving their head. The artefacts are particularly troublesome in this case because they overlap in the frequency
domain with the neural signal of interest, namely the AEF (Hari, 1990).
After pre-processing, the low-frequency artefacts are reduced but not
eliminated for the standing and moving run (Fig. 7B). However, after
beamforming, all three runs had equivalent PSD values from 2 to 10 Hz
(Fig. 7C). Overall, we can see how movement-related artefacts below
∼6 Hz were progressively removed, ﬁrst through the sensor-level preprocessing pipeline, and then through beamforming.
To demonstrate the eﬀectiveness of the LCMV beamformer for lowfrequency interference suppression, we re-ran the analysis using varying
levels of regularisation. This has the eﬀect of making the beamformer
less spatially-speciﬁc and therefore the spatial ﬁltering properties will
be reduced as regularisation increases. As expected, slowly increasing
the regularisation from 0% to 1000% produced progressively less focal
whole-brain localisation results (see Supplementary Fig. S6). In addition, the PSD values from the auditory cortex ROI showed that making
the beamformer less spatially speciﬁc led to decreased suppression of
low frequency movement artefacts (Supplementary Fig. S7).
Finally, to examine the impact of the movement data regression and
homogenous ﬁeld correction (Tierney et al., 2021b) steps in greater detail, we re-ran our analysis pipeline for run 3 (standing and moving)
using: (i) no movement data regression or homogenous ﬁeld correction;
(ii) only movement data regression; (iii) only homogenous ﬁeld correction; and (iv) both movement data regression and homogenous ﬁeld
correction. All other steps were the same across the analyses. PSD was
calculated at the sensor-level using the channel with the largest M100
response (see Fig. 8, left). Results showed that the movement data regression step mainly reduced interference under ∼0.5 Hz and had minimal impact at higher frequencies. In contrast, homogenous ﬁeld correction reduced interference across the spectrum from 0 to 10 Hz. At
the source level (Fig. 8, right), results showed that following beamforming, when data were processed with movement data regression and/or
homogenous ﬁeld correction, they had very similar PSD values. Interestingly, processing without movement data regression or homogenous
ﬁeld correction gave rise to slightly higher interference below 6 Hz.
In terms of the impact on AEFs, homogenous ﬁeld correction had the
most impact at the sensor-level, increasing t-values when used alone
and in combination with movement data regression (see Supplementary
Fig. S8). Following beamforming, all data showed remarkably similar
evoked waveforms, irrespective of whether movement data regression
and/or homogenous ﬁeld correction was applied (see Supplementary
Fig. S9), further highlighting the interference suppression quality of the
beamformer.

3.2. Sensor-level OP-MEG data
After applying high-pass (2 Hz) and low-pass (40 Hz) ﬁlters, and removing trials containing artefacts, the sensor-level data were averaged.
Evoked waveforms and ﬁeldmaps are shown in Fig. 4. For both participants, the sitting data and the standing data showed clear evidence of
AEFs, including M100 and M200 responses, with bilateral sources evident on the ﬁeldmaps from 0.08 to 0.12 s. There was some evidence of
M100 and M200 responses in the standing and moving data also, however, the data were noisier due to the presence of low-frequency artefacts from participant movement. Focussing on the OPM sensor showing
the highest M100 response, the pattern of results is similar - even after
pre-processing, AEF t-values were lower when participants were standing and moving their heads, compared with the other two runs (see
Supplementary Fig. S4).
3.3. Source-level OP-MEG data
The NAI was averaged for data between 0.08 s to 0.12 s post-stimulus
onset, corresponding to the classic M100 AEF (Hari, 1990), and plotted
on the SPM canonical brain. Results showed that the evoked magnetic
ﬁeld localised to bilateral auditory cortex, with similar NAI values across
all three runs (Fig. 5).
Next, a spatial ﬁlter was derived for an auditory cortex ROI and
multiplied by the sensor-level data. The resulting virtual channel A1
data were averaged and plotted for each run (Fig. 6). The auditory
ERF waveforms from this ROI were remarkably consistent across all
three runs, with latency peaks corresponding to the M100 and M200
(Hari, 1990; Taulu and Hari, 2009). In participant 1 there was also
5
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Fig. 2. Histograms showing the range of movement across each degree of freedom of the continuous rigid body data. For reference, colours match the transformations
shown in Fig. 1C.
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pants were standing up and making natural movements of their heads of
a much greater magnitude than those reported previously – maximum
translation >100 cm; maximum rotation >190° – over the course of an
experiment. It is also important to emphasise that head movements in
run 3 of our study were continuous, with the two participants moving
their heads on average ∼5 cm during each 0.5s-long trial.
The successful measurement of neural activity in standing, moving
participants is an important technical milestone, given that residual ﬁeld
gradients inside MSRs are generally steeper away from the centre of
the room, exacerbating low frequency movement related artefacts. In
our study, the raw data contained ﬁeld changes on the order of ∼650
pT per trial when the two participants were standing and moving (see
Supplementary Fig. S3, S5). Several steps were taken to alleviate these
artefacts. The remnant background ﬁeld was reduced using a customdesigned MSR with degaussing coils. Second generation OPM sensors
also have on-board coils designed to cancel static ﬁelds inside the OPM
cell (Osborne et al., 2018). In addition, a series of oﬄine interference
suppression techniques were used. The motion capture data (translations and rotations) were included in a linear regression to remove OPMEG data covarying with participant movement. This was successful in
removing interference under 0.5 Hz, when the two participants were
standing and moving (run 3). However, when the two participants were
sitting or standing still, the movement data regression step actually introduced noise into the data. Future work should focus on reducing noise
from the motion-tracking recordings. The next pre-processing step involved modelling external interference as a homogenous ﬁeld and removing this from the data (Tierney et al., 2021b). This step helped to
reduce interference across the frequency spectrum, and increased the
detectability of AEFs at the sensor-level. Future studies could explore
the option of modelling the interfering ﬁeld gradients from participant
movement and incorporating additional terms into the basis set based on
higher-order spherical harmonic expansions of the data. Alternatively,
ﬁeld-mapping approaches could be used to remove movement-related
interference (Mellor et al., 2021). Next, a 2 Hz high-pass ﬁlter was used
to attenuate low-frequency drifts in the data that are known to overlap
substantially with movement-related artefacts. As a ﬁnal interference

Fig. 3. Bar graph showing, for each participant, Euclidian distance of the rigid
body travelled during each 0.5 s trial. Error bars correspond to 95% conﬁdence
intervals and individual trial data points are shown in grey.

4. Discussion
We set out to demonstrate, as a proof-of-principle, that neuromagnetic ﬁelds can be successfully recorded with OP-MEG while participants
are standing up and making natural and continuous head movements.
To do this, we measured AEFs across three scanning runs while two participants were: (i) sitting down with their heads stationary, (ii) standing
up with their heads stationary, and (iii) standing up and deliberately
moving their heads continuously, with large translations and rotations,
tracked using a six-camera motion capture system. Across all three runs
we found reliable AEFs (M100) at the source level localised to primary
auditory cortex.
Previous OP-MEG studies have successfully measured neuromagnetic ﬁelds during ∼20 cm translations and ∼30° rotations, across the
course of an experiment while participants were sitting near the centre of an MSR (Boto et al., 2018; Hill et al., 2019; Holmes et al., 2018;
Roberts et al., 2019). Extending these ﬁndings, we have shown here
that OP-MEG can be used to successfully detect AEFs while two partici-

Fig. 4. Sensor-level data. For each condition (sitting, standing, standing and moving), evoked waveforms are plotted alongside a 2D ﬁeldmap for data from 0.08 s
to 0.12 s post-stimulus onset. The ﬁeldmap only shows magnetic ﬁelds orientated radially to the head.
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Fig. 5. Whole-brain M100 source localisation results. The Neural Activity Index (NAI) was calculated for each run between 0.08–0.12 s post-stimulus onset, corresponding to the M100 auditory evoked ﬁeld, and plotted on a canonical MRI using FSL. Maps were thresholded at 75% of their maximum value, for illustrative
purposes.

Fig. 6. Evoked waveforms plotted from the auditory cortex ROI. Note the similarity in t-values across the sitting, standing, standing and moving runs for both
participants.

suppression step, we used an LCMV beamformer for source localisation,
which reduces the inﬂuence of non-neural signals in the data via spatial
ﬁltering (Boto et al., 2016; Hillebrand and Barnes, 2005). By combining
all of these steps, movement-related artefacts were reduced (see Fig. 7),
and consistent, interpretable AEF waveforms were measured, irrespective of whether the participant was sitting still, standing still, or standing
and moving their head (Fig. 5, 6).
If the remnant background ﬁeld within the MSR can be kept as low
as possible, and OPM sensors can be maintained within their dynamic
range, even larger translations or rotations of the head may be possible in future experiments. It should be noted, however, that the range
of movements possible with current OP-MEG technology is not inﬁnite.
Where translations and rotations of the sensors against a static ﬁeld produce changes over ∼5 nT (especially common during large and rapid
rotations of the head), the dynamic range of the current second genera-

tion QuSpin sensors will be exceeded. Where more substantial rotations
and/or faster head movements need to be incorporated into experimental designs, the remnant background ﬁeld in the MSR could be further
reduced using external nulling coils (e.g. Holmes et al., 2018, 2019). Alternatively, OPMs could be adapted to operate in a ‘closed-loop’ mode,
where the remnant magnetic ﬁelds are continuously modelled (for example, using a spherical harmonic ﬁeld model (as in Mellor et al., 2021)
and cancelled (Fourcault et al., 2021; Nardelli et al., 2020).
In spite of the pre-processing steps, the sensor-level data from the
standing and moving run were contaminated by low-frequency movement artefacts (Fig. 7B, Supplementary Fig. S4). However, upon utilisation of an LCMV beamformer, the data across the three runs were
remarkably consistent, both in terms of M100 localisation and the ERF
waveforms in primary auditory cortex. The beamformer was even able
to successfully remove most of the interference when the sensor-level
8
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Fig. 7. Removal of movement-related artefacts. (A-B) Power spectral density (PSD) was calculated for the OPM sensor with the greatest M100 response using both
raw data and after pre-processing. (C) PSD was also calculated using the source-level auditory cortex ROI data. For all plots, PSD spectra are plotted between 2 and
10 Hz, and were averaged over the two participants.
Fig. 8. Investigating sensor-level preprocessing steps. (A) Power spectral
density (PSD) was calculated for the OPM
sensor with the greatest M100 response.
PSD was plotted separately for sensorlevel data with/without the movement
data regression step, and with/without
homogenous ﬁeld correction (HFC). (B)
PSD was calculated in the same way using
the source-level auditory cortex ROI data.
For all plots, PSD spectra were averaged
over the two participants.

movement data regression and homogenous ﬁeld correction steps were
omitted (Supplementary Fig. S9). The use of beamforming for interference suppression is well established (Fatima et al., 2013; Hillebrand and
Barnes, 2005). In much the same way as conventional frequency ﬁlters
select signals only within a speciﬁed temporal range, the beamformer
acts as a spatial ﬁlter to select only signals from speciﬁed spatial locations (Adjamian et al., 2009). Signals arising from outside the brain (e.g.
movement artefacts, cardiac activity and other environmental noise) are
removed from the data. In support of this, we showed (Supplementary
Fig. S6, S7) that by making the beamformer less spatially-speciﬁc (by

increasing the beamformer regularisation parameter), the suppression
of low-frequency movement artefacts was compromised (Litvak et al.,
2010). Brookes et al. (2021) also recently showed how triaxial OPM sensor arrays can theoretically improve the interference suppression performance of beamformers even further.
The reliance of our results on the spatial ﬁltering properties of beamformers has several implications for future OP-MEG experiments. Where
OP-MEG data are required to be interpreted by clinicians at the sensorlevel (e.g. for epilepsy pre-surgical evaluation), experimenters could
project the cleaned source-level data back to the sensor-space using lead9
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