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Abstract

Optically pumped magnetometers (OPMs) are wearable MEG sensors that can detect
magnetic fields generatedbyhumanbrain activity. Compared to superconductingquan-
tum interference devices (SQUIDs), OPMs’ main advantage is that they do not require
cryogenic cooling with liquid helium. This allows them to be placed closer to the scalp,
picking up larger signal amplitudes from brain sources, especially the superficial ones.
However,OPMs exhibit higher sensor noise compared to SQUIDs,which canoutweigh
the advantage of closer placement, especially for deeper sources. A potential solution to
compensate for the high noise is increasing the number of sensors. Our study addresses
the question of how many sensors are required for an OPM system to have the same
source reconstruction accuracy as the 275-sensor CTF SQUID system. The SQUID
system has axial gradiometers and the OPM system has radially-oriented magnetome-
ters. We vary the number of OPM sensors from 16 to 128, placing them uniformly on
the scalp surface. We perform the same left median nerve experiment on one participant
in both MEG systems and we expect the brain activity to be localised with a dipole at
the right primary somatosensory area. We validate our experimental results using simu-
lations of somatosensory activity and extend them to the entire brain using whole-brain
simulations. We show that a systemwith 128 OPMs can outperform a systemwith 275
SQUIDs for superficial but not for deep brain areas. These findings provide insights
into how the source reconstruction accuracy depends on the number of sensors and
highlight the importance of designing OPM arrays with low sensor noise.

Keywords: Optically pumpedmagnetometer, Superconducting quantum interference
device, MEG, Source reconstruction accuracy.
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1 Introduction

Researchers and clinicians usemagnetoencephalography (MEG) tomeasure themagnetic fields gener-
ated by brain activity, localize neural activity and differences in activity. MEG systems are comprised
of sensors that are placed outside of the head and that typically cover the whole head. These sensors
have to be extremely sensitive in order to pick up brain activity, which is approximately 10 billion
times weaker than the earth’s magnetic field (Baillet et al., 2001). To suppress the earth’s magnetic
field and other types of environmental noise that interfere with the recording of the brain signals,
MEG systems are placed in amagnetic shielded room (MSR) (Baillet et al., 2001; Singh, 2014). MEG
can capture changes in brain activity with millisecond precision (Fred et al., 2022) and it allows to
reconstruct the location of brain activity with 2-3 mm accuracy (Singh, 2014, Fred et al., 2022).
With these characteristics, MEG has higher temporal resolution compared to functional magnetic
resonance imaging (fMRI) and higher spatial resolution compared to electroencephalography (EEG).
Consequently, MEG is a valuable tool for neuroscientific research and clinical applications.

For a long time the only magnetic field sensors sensitive enough to pick up the brain activity were
based on superconducting quantum interference devices (SQUIDs). SQUIDs require cryogenic cool-
ing close to absolute zero (–273°C). For the cooling to occur, the SQUID sensors are bathed in liquid
helium and placed into a fixed array in a so-called dewar that fits around the participant’s head (Singh,
2014).

The main disadvantage of SQUIDs is their dependence on cryogenic cooling. Cryogenic cooling re-
lies on liquid helium that constantly evaporates (i.e., boils off) and hence needs to be refilled. Liquid
heliumhas high costs, making the operational costs of a SQUID-basedMEG system expensive. Addi-
tionally, the cryogenic cooling requires insulation between the sensors and the scalp, both to protect
the skin surface against the cold and to prevent the helium from evaporating too fast. As a result, the
sensors are placed at minimum 1.5-2 cm away from the scalp in a fixed array that cannot adapt to
different head sizes or shapes (Hill et al., 2020). The large helium-filled dewar containing the SQUID
array cannotmove along with the participant and hence requires the subject’s head to be fixed during
the experiment. Any movement of the head relative to the fixed sensor array blurs the field topogra-
phy, increases the error in localizing brain sources and decreases the statistical sensitivity (Stolk et al.,
2013). For these reasons, the neuroscientific community has turned its focus toward a newMEG sys-
tem which does not require cryogenic cooling but that is based on optically pumped magnetometers
(OPMs).

OPMs are the sensors used in the new generationMEG systems. Studies have demonstrated their abil-
ity to sense fields as small as those produced by the human brain (Boto et al., 2017; Boto et al., 2018).
OPM sensors are based on an alkali metal in a gaseous state (usually rubidium) that is contained in a
vapor cell, integrated with a laser and a photo detector. They are individual sensors (Figure 1A) that
allow the researcher freedom to choose where to place them over the head (Brookes et al., 2022). This
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is especially crucial when working with a limited number of sensors, as that allows to strategically tar-
get brain regions of interest. In this master’s thesis, however, we do not study the advantages of this
strategic placement but rather consider systems with whole-head coverage.

The main advantage of OPMs is that they don’t need cryogenic cooling and liquid helium, reducing
the maintenance costs and environmental impact. In comparison to cryogenic SQUID sensors, an
OPM sensor requires significantly less insulation between its vapor cell (which is heated to provide
enough rubidium vapor) and the scalp. Consequently, the vapor cell can be placed a few millime-
tres away from the scalp (Brookes et al., 2022) and the sensor can be held in place in flexible caps or
adjustable 3D-printed helmets suitable for any head size (Figure 1B). Since the MEG signal strength
decreases with the square of distance from the source (inverse square law), the closer a sensor is to
the brain, the higher the MEG signal strength it picks up (Brookes et al., 2022). Therefore, OPMs
detect brain signals with a higher amplitude compared to SQUIDs, especially from superficial cor-
tical areas. Another advantage of OPMs is that the sensors can move together with the participant,
allowing for participant’s headmovements during the experiment (Seymour et al., 2021). This opens
up possibilities to study brain activity in more realistic settings that require or involve movement
such as gait experiments, typically studied using EEG (Stokkermans et al., 2023) or functional near-
infrared spectroscopy (Cockx et al., 2024). Additionally, it allows researchers to study the brain activ-
ity of individuals who have difficulty sitting still, such as children (Corvilain et al., 2023) and epilepsy
patients during seizures (Hillebrand et al., 2023). Given these advantages, OPMs have transitioned
from physics research institutes to commercial development and are now being adopted by clinics
and neuroscience research institutes, including the Donders Institute. This study compares OPMs
and SQUIDs to determine the number of OPM sensors required to perform equally or better than
a 275-sensor SQUID system. Our findings provide important insights for the signal characteristics
of OPM-based recordings and guide existing MEG labs on whether to transition from SQUIDs to
OPMs or newMEG labs on whether it is worth investing in a new OPM system.

At the Donders Institute we acquired a FieldLineOPM system comprised of 32 sensors and an adult-
sized “smart” helmetwith a total of 144 slots. Individual sensors canbe placed freely in any of the slots.
Each slot allows the sensor to move along a single axial direction. That way, the sensor can slide in
its slot towards the head surface until it touches, regardless of the head size and shape. At the start of
eachMEG session the system automatically localizes the position of each sensor in the helmet (Alem
et al., 2023). We installed ourOPM system in the sameMSR as our current 275-sensor CTF SQUID
system. Although OPMs allow movement, we will not consider this in the research presented here.
In the MSR the background magnetic field (e.g., due to earth’s magnetic field) is attenuated but not
fully suppressed. When sensors move or rotate due to head movements, they pick up the changes in
this background magnetic field, resulting in artifacts that degrade the MEG signal. Because of the
movement, the magnetic field changes might exceed the sensors’ dynamic range (i.e., the range of
magnetic fields they are able to detect) resulting in saturation of the signal (Brookes et al., 2022). To
mitigate these issues, we stabilise the helmet by mounting it on a wooden plate (Fig. 1B). So, in this
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Figure 1: OPM sensors and helmet at the Donders Institute. A) Single FieldLine v3 OPM sensor.
FromAlem et al., 2023. Copyright 2023 byAlem,Hughes, Buard, Cheung,Maydew,Griesshammer,
Holloway, Park, Lechuga, Coolidge, Gerginov, Quigg, Seames, Kronberg, Teale and Knappe. B)The
OPM sensors placed in the helmet, which is mounted on a wooden plate. The helmet has 144 slots
that allow the sensors to slide in until they touch the subject’s scalp.

master’s thesis we compare OPMs to SQUIDs by flexibly positioning OPMs closer to the scalp, but
still assuming head-fixed experiments.

Positioning OPMs closer to the scalp leads to larger signals from brain sources, improved signal-to-
noise ratio (SNR) and thereby higher source reconstruction accuracy (Hill et al., 2024). However,
it should be noted that not only the brain signals picked up by the OPMs are larger, but OPM sen-
sors also have a higher intrinsic noise (7− 10fT/

√
Hz compared to 2− 5fT/

√
Hz) for SQUIDS;

Brookes et al., 2022). Thus, the improved SNR due to closer proximity of the sensor to the scalp
primarily applies to superficial cortical activity, whereas for deeper sources the advantage of closer
proximity is outweighed by the higher intrinsic sensor noise (Brookes et al., 2022). The SNR can be
used to quantify the neural activity’s strength relative to the sensor and background noise for indi-
vidual sensors. However, as we use an array with a large number of sensors to measure the spatial
topography, the MEG system performance should not be considered per sensor but for the array
as a whole. Source reconstruction accuracy quantifies how accurately we can estimate the strength
and position of the neural activity within the brain based on the signal measured by all MEG sen-
sors. Boto and colleagues (2016) conducted simulations demonstrating that an OPM system, with
equal sensor number and noise to a SQUID system, has a fivefold improvement in SNR and has im-
proved accuracy of beamformer source reconstruction. In a separate study, Ivanainen and colleagues
(2017) performed simulations comparing OPMs and SQUIDs with equal sensor numbers, but now
assuming the OPMs to have sensor noise two times higher than the SQUIDs. In this case the OPMs
showed a 2.7-fold improvement in SNR, while they exhibited similar localisation accuracy across the
entire brain and better localization accuracy for superficial sources. These studies highlighted the
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improved SNR and source reconstruction accuracy of OPMs over SQUIDs, but also reveal that the
sensor noise of the OPMs plays a role. Furthermore, they do not study the effect of the number of
OPM sensors on the comparison. The noise per sensor and the number of sensors both affect the
source reconstruction accuracy; as the noise level of individual OPMs differs from that of individual
SQUIDs, comparisons between SQUID and OPM sensors should take both the sensor number and
sensor noise into account. In general, the higher noise of the individual OPM sensors can be compen-
sated partially by the closer placement to the brain and partially by increasing the number of OPM
sensors. SinceOPMs can be purchased and placed as individual sensors, we should choose howmany
sensors to get. For example, at the Donders Institute, we currently have 32 OPM sensors and plan to
get more in the future. This raises the question: howmany OPM sensors should we get?

This study aims to provide an answer to this question by investigating how source reconstruction
accuracy depends on the number of OPM sensors. We quantify source reconstruction accuracy us-
ing twometrics: the dipole moment uncertainty (DMU) and the dipole position uncertainty (DPU).
DMUquantifies how accurately we estimate the strength of the neural activity (the dipole moment),
while DPU quantifies how accurately we estimate the position of a dipole that represents the neural
activity. DMU is important for cognitive scientists since they often design experiments that manipu-
late the strength of the neural activity in different experimental conditions. An example is the N400
experiment (Fig. 2; Cruse et al., 2014) that relates to the semantic processing. In Figure 2, DMU is
proportional to the standard error (shaded areas). The lower the standard error (i.e., the lower the
DMU), the better we can differentiate the two conditions. This means that a MEG system with low
DMU allows cognitive scientists to use less trials and/or add more conditions, while still being able
to differentiate the conditions. In contrast, DPU is particularly important when considering single
conditions, for example for a clinician localizing the focus of epileptiform activity in a patient. Low
DPU allows clinicians to identify this location with greater accuracy, contributing to subsequent sur-
gical planning for resecting the source of epileptic seizures. In conclusion, DMU and DPU provide
related but non-identical insights into how the source reconstruction accuracy of OPMs depends on
the number of sensors.

We specifically tackle the research question how many sensors are required for an OPM system to
perform equally well as the 275-sensor CTF SQUID system, which is our reference system. In simu-
lations and measurements, we vary the number of OPM sensors which we place uniformly over the
surface of the head. We perform an experiment with left median nerve stimulation on a single partic-
ipant using both the SQUID and the OPM system. This is a well-studied and replicated experiment
(Andersen andDalal, 2021; Boto et al., 2017; Buchner et al., 1994), the activity of which can bemod-
elled 20 ms post-stimulation with a dipole located at the right Primary Somatosensory (S1) area. To
validate the results from the experiment, we also simulate a dipole at the right S1 area. In both the
simulations and the experiment, we compare the DMU and DPU between the SQUID and OPM
system. Subsequently, we simulate dipoles on the whole cortical surface to see how the effect of the
number of OPM sensors on the DMU and DPU generalizes towards the rest of the brain.
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Figure 2: The N400 experiment. Event-related potentials for two conditions are illustrated: the un-
related condition (red) where words are incongruent with the context of the sentence (e.g., ’I take my
coffee with cream and mud’) and the related condition (blue) where words are congruent with the
context of the sentence (e.g., ’I take my coffee with cream and sugar’). Dipole moment uncertainty
(DMU) is proportional to the standard error (shaded areas). The lower the standard error (i.e., the
lower the DMU), the better we can differentiate the two conditions. This mean that a MEG system
with lowDMU increases statistical sensitivity to detect a condition difference around 400 ms, which
subsequently translates in the option of using less trials and/or add more conditions in the experi-
mental design. From Cruse et al., 2014. Copyright 2014 Cruse, Beukema, Chennu, Malins, Owen,
McRae.
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2 Methods

2.1 Comparing the sensor arrays

2.1.1 Decription of the SQUIDMEG system

The CTF SQUID system (CTF MEG Neuro Innovations Inc, Coquitlam, BC, Canada) consists
of 275 axial gradiometers. At the time of the experiment, two SQUID sensors were non-functional.
Therefore, we used the rest 273 axial gradiometers and kept their position fixed. During the exper-
iment we had the participant seated comfortably in the helmet according to normal lab procedures
and used head localizer coils to co-register the SQUID sensor positions with the headmodel that was
made on basis of the individual’s anatomical MRI. In the whole-brain simulations we used all 275
axial gradiometers. Consequently, we generated a head model from an average brain and placed the
275 SQUID sensors symmetrically around the head.

2.1.2 Description of the OPMMEG system

The FieldLine OPM system (Boulder, Colorado) consists of a helmet that can accommodate up to
144 OPM sensors measuring the magnetic field in the radial direction. We used 32 OPM sensors in
the experiment and performed 6 runs inwhichwe varied the placement of the sensors over the helmet
to achieve coverage over all the slots. We kept 9 sensors at the same position over all runs to fixate the
head and to prevent headmovement between runs. The remaining 23 sensors were placed differently
over the 6 runs. In the analysis we computed an average event-related field (ERF) per run and concate-
nated these ERFs over all runs to effectively obtain an ERF with 144 sensors from which we could
subsequently take subsamples with fewer sensors.

In both the experiment and simulations, we varied the number of OPM sensors from 16 to 128 in
steps of 16, resulting in eight different sensor configurations. For each sensor count, we ensured that
the selected subset of sensors was uniformly distributed and identical in the experiment and the sim-
ulations.

2.1.3 Number of sensors and spatial resolution

Our goal was to determine the number ofOPMsensors to achieve similar dipolemoment uncertainty
(DMU) and dipole position uncertainty (DPU) aswith the 275-sensor SQUID system. However, the
relationship between DMU, DPU, and the number of OPM sensors is not straightforward. By plac-
ing additional sensors at unique locations in between existing sensors, not only does the number of
sensors increase, but also the sensor coverage and the spatial resolution of the OPM system (Fig. 3A).
The spatial resolution of theOPMsystem is defined as the number of unique sensor locations divided
by the sensor coverage and it increases when we place the sensors closer to each other.

It is expected that source reconstruction accuracy depends not only on the number of sensors, but
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Figure 3: Spatial resolution of the OPM system. In our simulations we manipulate the number of
sensors, by which also the spatial resolution of the OPM system can change. We explicitly consider
two options. A)We increase the spatial resolution by placing the additional blue sensors in between
the red sensors; this is a more realistic scenario. B)We keep the spatial resolution the same by placing
the additional blue sensors virtually on top of the red sensors; this is a purely theoretical scenario.
In both cases the recording locations are distributed homogeneously around the head, but coverage
might be slightly different.

also on the sensor coverage and spatial resolution, especially for those sensors that are placed directly
above the source of interest. In simulations we can separate these parameters (number of sensors, ver-
sus sensor coverage and spatial resolution) in a way that is not possible in real recordings. By placing
new sets of sensors virtually on top of the existing ones, we can increase the number while keeping
the sensor coverage and spatial resolution constant (Fig. 3B).

2.2 Somatosensory Experiment

2.2.1 Data acquisition

Asingle participant tookpart in the experiment. Theparticipant gavewritten, informed consent prior
to the experiment in line with the ethics approval. A left median-nerve stimulation experiment was
carried out. During the experiment, we administered electrical shocks to the left median nerve with
a jittered inter-stimulus interval between 800 and 1200ms. We expected the brain response 20 ms
post stimulation to localize with a dipole at the right S1 area (Buchner et al., 1994). The participant
performed the same task using both the 32-sensor OPM and the 275-sensor SQUID systems. The
data from the OPM system was sampled at 5000Hz and that from the SQUID system was sampled
at 1200Hz.
The OPM system was placed in the sameMSR as the SQUID system. Without additional noise can-
cellation (i.e., nulling coils that can perform static and dynamic noise cancellation), the background
magnetic field was∼ 50nT at the center of the MSR. Even with this background field, our sensors
stayed within their dynamic range. So, we performed the experiment without the nulling coils.
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Our OPM system is limited to 32 sensors, which can be placed in 144 helmet slots. To acquire a mea-
surement for each slot, we divided the experiment into six runs while maintaining the participant’s
head in a fixed position. We kept 9 sensors around the participant’s head fixed for each run. Since
the OPM sensors touched the participant’s head, these 9 sensors were able to keep the participant’s
head fixed throughout the experiment. In between runs we moved the remaining 23 sensors to fill
every helmet slot. In our data analysis we combined the six experimental runs to represent a single
experiment with 144 sensors.

2.2.2 Co-registration

For the SQUIDs we co-registered the anatomicalMRI to the SQUID array based on three head local-
izer coils placed at anatomical landmarks (the nasion, the left and right ear canal) and the Polhemus
head shape. For theOPMswe co-registered the anatomicalMRI to theOPMhelmet using a 3D scan
of the participant’s face and helmet (Zetter et al., 2019). The procedure consists of two steps: we first
co-registered the 3D scan of the face with the face reconstructed from the anatomical MRI, subse-
quently we co-registered the 3D scan of the frontal rim of the helmet with a reference helmet. Since
the 3D scan represents both the face and the rim of the helmet, this allows to align the anatomical
MRI with the reference helmet. In retrospect, the co-registration using a 3D scan was not totally ac-
curate, resulting in systematically shifted dipoles in the OPM measurements relative to the SQUID
measurements. Specifically, the distance between the dipoles in the OPM and the SQUID measure-
ment was approximately 10 mm. However, this shift has no consequence for the DMU and DMU
estimates, as these estimates are relative to the optimally fitted dipole positions.
For the SQUIDs, two sensors did not work during the experiment, resulting in a final count of 273
SQUID sensors. For the OPMs, we excluded duplicate sensors between the 6 experimental runs and
sensors that appeared inside the subjects’ heads after the co-registration, resulting in a final count of
135 OPM sensors. We varied the number of the OPM sensors as reported in Section 2.1.3.

2.2.3 Processing of experimental data

We analyzed the data with the FieldTrip toolbox (Oostenveld et al., 2011). For the SQUIDs, we seg-
mented the continuously recorded data in 600 ms trials time-locked to the left median nerve stimu-
lation, with a 200ms prestimulus baseline period. We applied baseline correction and rejected trials
that had high variance, resulting in 146 trials. Subsequently, we averaged all trials to compute an ERF
with 273 sensors.

The preprocessing steps for the OPMs were identical to those for the SQUIDs. The OPM experi-
ment consisted of six runs, each with 146 trials. In addition to the SQUIDs preprocessing steps, for
the OPMs we excluded one sensor with high variance from one run, resulting in 134 sensors. For
each run we also applied an extra denoising technique called homogeneous field correction (HFC)
(Tierney et al., 2021). HFC is a method for denoising MEG data based on a spatially homogeneous
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model of the background magnetic field across the OPM array. This method has previously been
used successfully for reducing magnetic interference in OPMmagnetometers (Hill et al., 2020; Mel-
lor et al., 2023; Seymour et al., 2022) that are more sensitive to the environmental noise than the
SQUID gradiometers. Subsequently, we averaged all trials per run to compute an ERF per run. We
concatenated these ERFs over all runs to effectively obtain an ERF with 134 sensors.

2.3 Simulation of somatosensory activity

First, we kept the spatial resolution of the OPM system the same by virtually placing each new set of
sensors on top of the existing sensors. Subsequently, we increased the spatial resolution of the OPM
system along with the sensor number by placing additional sensors at different locations.

For both SQUIDs and OPMs, we simulated data using a forward model of a single dipole placed
in the right S1 area (as determined from the experimental data). As in the experimental data, we sim-
ulated 146 trials, each with a duration of 600 ms and a sampling frequency of 1200Hz. We added
Gaussian noise to the sensors that was independent over sensors and of equal magnitude on all sen-
sors. The magnitude of the sensor noise of the SQUIDs was estimated to be 5 fT based on empty
room recordings of our CTF SQUID system (4− 8fT/

√
Hz). The sensor noise of the OPMs was

set to be three times higher than that of the SQUIDs based on the noise level (20±5fT/
√
Hz) of

the FieldLine OPM system as reported in literature Alem et al., 2023). Subsequently, we averaged
all trials to compute an ERF with 273 sensors for the SQUIDs and an ERF with 134 sensors for the
OPMs.

2.4 Whole brain simulations

For the SQUID system simulations, we manually determined the position of the head within the
SQUID helmet. First, we made sure the SQUID array covered the cortex uniformly and symmet-
rically along the left–right axis. Secondly, we verified that the sensor positions were at least 2cm
away from the scalp, which approximates the thickness of the SQUID system dewar (Iivanainen et
al., 2017). For the OPM system simulations, we projected the sensors onto the scalp and we varied
the number of sensors as reported in Section 2.1.3.

For both SQUID and OPM, we simulated sources on the cortical surface, which was extracted from
the anatomicalMRI of an average of 27 T1 scans of the same subject (C. J. Holmes et al., 1998) using
Freesurfer (http://surfer.nmr.mgh.harvard.edu). To calculate DMU, we simulated data from 20,484
individual sources at the vertices of the triangular cortical mesh and to calculate DPU we simulated
data from 5124 sources. We modelled less sources for the DPU than the DMU, since DPU calcula-
tion is computationally heavier. Each source was oriented perpendicular to the cortical surface. We
addedGaussian sensor noise thatwas independent over sensors and of equalmagnitude on all sensors.
As in the simulation of a dipole at the right S1 area, we specified the sensor noise of the OPMs to be
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three times higher than that of the SQUIDs.

2.5 Quantifying source reconstruction accuracy

Source reconstruction is based on forward and inverse modelling techniques. Forward modelling de-
scribes how the neural sources generate magnetic fields detectable by the MEG sensors outside the
head (Mosher et al., 1999). It essentially models how the electric currents flow through different
head tissues, such as the white and grey matter, cerebrospinal fluid, skull bone and skin. In our data,
to compute the forward model, we constructed a single sphere MEG volume conduction model for
both OPMs and SQUIDs representing the interface between the brain and the skull(Mosher et al.,
1999; Ilmoniemi et al., 1985). Inverse modelling estimates the source parameters (dipole moment
and position) based on these detected magnetic fields (Mosher et al., 1999). The inverse problem is
ill-posed. To solve it, we make certain assumptions about the sources (e.g., that there is only one or
a few dipolar sources). There is a linear relationship between the dipole moment and the forward
model. On the contrary, the relation between the dipole position and the forward model is non-
linear. In this master’s thesis, we perform source reconstruction through dipole fitting, assuming a
single dipolar source. The position of this source is iteratively optimized through a gradient descent
method.
We can use threemethods to computeDMUandDPU: i) analytic solution (see section 2.5.1), ii) jack-
knife resampling (Quenouille, 1956), and iii) Monte Carlo simulations (Metropolis & Ulam, 1949).
Results from these three methods are directly comparable and can be used interchangeably. Since
the relationship between the dipole moment and the forward model is linear, we derive and use an
analytic solution for DMU. However, the relationship between the dipole position and the forward
model is non-linear, making an analytic solution for DPU more complex to find. Therefore, we use
the jackknife resampling andMonte Carlo simulations for DPU.

2.5.1 Dipole moment uncertainty

The MEG forward model states that the magnetic fields y, produced by a single dipolar source with
dipole strength q, and measured byM MEG channels are given by,

y = Lα(r)q + e (1)

Here, Lα(r) is theM × 1 forward field for a source with position r and orientation . e represents
the noise that can originate from the sensors and the environment. We aim to calculate the dipole
moment uncertainty (DMU). For this reason, we acquire K individual measurements (e.g., by re-
peating the experiment K times), each represented by Equation 1. We stack these K measurements
into aM ×K matrix Y,

Y = Lα(r)Q+ E (2)
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whereQ is 1×K andE isM ×K .

To estimate the dipole moment Q̂, we invert Equation 2

Q̂ = L+
α (r)(Y ) = L+

α (r)(Lα(r)Q+ E) = Q+ L+
α (r)E (3)

where L+
α (r) denotes the pseudo-inverse of Lα(r). This gives us,

Q̂−Q = L+
α (r)E (4)

The DMU, whichmathematically is the standard deviation of the estimated dipole moment over the
K individual measurements, is

DMU ≡ Std(q̂) ≡

√√√√∑K
i=1(q̂i − qi)2

K
=

√
(Q̂−Q)(Q̂−Q)T

K
(5)

Combining Equations 4 and 5,

DMU =

√
L+
α (r)EET (L+

α (r))
T

K
=

√
L+
α (r)

∑
N

(L+
α (r))

T (6)

where
∑

N ≡ 1
k
EET is the noise covariance matrix.

In our simulations, we assume that there is only sensor noise which is independent over channels and
of equal magnitude on all channels. As a result, the covariance matrix N has non-zero values only on
its diagonal. Each diagonal element represents the variance of the sensor noise, 2N . Hence, the noise
covariance matrix becomes a scaled identity matrix: N =

(
N2)I ,

DMU =
√

σ2
NL

+
α (r)(L

+
α (r))

T =
√

σ2
N ||L+

α (r)||2 =

√
σ2
N

||L+
α (r)||2

(7)

where ||Lα(r)|| =
√∑M

j=1 L
2
j is the Frobenius-norm of the forward field Lα(r).

DMU simplifies to the convenient formula:

DMU =
σN

||Lα(r)||
(8)

This formula is also used by Brookes et al., 2021 and Hill et al., 2024 within the beamformer frame-
work. In contrast, we derive it more generally in relation to linear estimation, which is used in mini-
mum norm estimates and in estimating the source strength in dipole fitting.
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To calculate DMU, for our experimental data we use Equation 5 since noise can originate from the
sensors and the environment. In contrast, for our simulations we use Equation 8 since we assume
that noise originates only from the sensors.

2.5.2 Dipole position uncertainty

We define the dipole position uncertainty (DPU) for a single dipolar source as the root mean square

DPU =

√
σ2
x + σ2

y + σ2
z

3
(9)

where i is the standard deviation of the estimated dipole positions in the direction i (Vrba and Robin-
son, 2002). For our experimental data and simulation of a dipole at the right S1 area, we used the
jackknife resampling. In this approach, we systematically left out one trial from the dataset and com-
puted an ERF. Sincewe had 146 trials, we computed 146 ERFs in total and fitted a dipole to each one.
Finally, we calculated the standard deviation of the estimated dipole positions along each of the three
coordinate axes (σx, σy, σz) and corrected for the jackknife bias. For our whole brain simulations,
we usedMonte Carlo simulations. For each source, we simulated 100 forward models contaminated
withGaussian noise and fitted a dipole to each forwardmodel, resulting in 100 fitted dipole positions.
Finally, we calculated the standard deviation of the estimated dipole positions along each of the three
coordinate axes (σx, σy, σz).

3 Results

The somatosensory experiment does not allow us to control the noise, which can be both sensor and
environmental noise, and separate the sensor number from the spatial resolution (see section 2.1.3).
On the other hand, the simulation of the somatosensory activity allows us to control the level of the
sensor noise and separate the sensor number from the spatial resolution (see section 2.1.3). Conse-
quently, we first show results for the simulation of the somatosensory activity, which also allow to
introduce the visual representation of the results.

Figure 4 shows the dipole moment uncertainty (DMU) and dipole position uncertainty (DPU) for
the simulated data with a dipole at the right S1 area. The simulated sensor noise for the OPMs is set
to be three times higher than the SQUIDs and the spatial resolution of the OPM system remains the
same, irrespective of the number of sensors (see section 2.1.3). Figure 4a shows the DMU and DPU
ratio for the twoMEG systems plotted as a function of the number of OPM sensors. The DMU and
DPUdecrease with the number of sensors and henceOPM source reconstruction accuracy improves.
However, the improvement in source reconstruction accuracy becomes smaller as the number of sen-
sors increase. Mathematically, both DMU and DPU decrease with the square root of the number of
sensors. This is evident from the exponents: -0.5 for DMU (computed with the analytic solution)
and -0.46 for DPU (estimated with the jackknife resampling). In Figure 4b, we plot the DMU and
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DPU ratio (vertical axis) versus the number of sensors (horizontal axis) using logarithmic scales. The
relationship becomes linear, with a slope of -0.5 for DMU and -0.46 for DPU, and an intercept that
scales with the noise of the OPMs.

As explained in section 2.1.3, when we increase the number of sensors in a realistic system, the sensor
coverage and spatial resolution also change. Figure 4 shows results with constant spatial resolution,
i.e., by placing sensors virtually on top of each other. In Figure 5 we modelled the realistic scenario
with an increase in the spatial resolution of theOPM system alongwith the number of sensors. Com-
pared to the constant spatial resolution, the improvement of both DMU and DPU is more rapid as
the number of OPM sensors increase. Both DMU and DPU benefit from the increased spatial res-
olution as well as the increased number of sensors. Mathematically, we demonstrated that DMU is
inversely proportional to the Frobenius norm of the forward field, ||L|| (section 2.5.1, Eq. (8)). Con-
sidering the same number of sensors, but with an increasing spatial resolution (i.e., Fig 3A versus B)
results in some sensors being closer to the peaks and consequently to a larger norm of the forward
field. The improvement in DPU can be explained by placing the sensors closer to each other which
results in capturing better the gradients in the topography (i.e., the areas around the peaks of the
dipolar pattern). The improvement of DPU is more rapid than the DMU, meaning that DPU ben-
efits more from an increasing spatial resolution. Based on the ratio of the DMU for the OPMs over
the SQUIDs, we conclude that a system with 128 OPMs performs equally well as a system with 273
SQUIDs. Based on the ratio of the DPU for the OPMs over the SQUIDs the performance of the
systems becomes comparable at 112 OPMs.

In comparison to the simulated data, which were influenced only by sensor noise and allowed for
controlling of the spatial resolution, the experimental data are influenced by both sensor and environ-
mental noise and can only have increasing spatial resolution. In Figure 6 we observe for the experi-
mental data that the improvement of DPU is more rapid than the DMU, which is in agreement with
the simulated data with increasing spatial resolution (Fig. 5). Based on the DMU ratio, a systemwith
112 to 128 OPMs performs equally well as a systemwith 273 SQUIDs. Based on the DPU ratio, this
number drops to 96 OPMs.

While, in the simulations, we set the sensor noise for the OPMs to be three times higher than the
SQUIDs, in the experiment we cannot control the noise. To estimate the noise in the experiment, we
compared the DMU ratio of the experimental data with the simulated data at three different levels
of sensor noise for the OPMs (Fig. 7). We observe that for the experimental data OPM sensors seem
to have two to three times more noise than the SQUIDs. In comparison to the simulations, it is chal-
lenging to determine a precise noise level for the OPMs in the experiment because each sensor has its
own noise level.

To post-hoc evaluate our specification of the noise levels of the OPMs and the SQUIDs, we used
the existing SQUID noise measurements that are made regularly as part of the lab quality control
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Figure 4: Simulated data with constant spatial resolution. A)The ratio of the dipole moment un-
certainty (DMU; blue) and dipole position uncertainty (DPU; red) for the OPMs over the SQUIDs,
plotted as a function of the number of OPM sensors. A polynomial is fitted to each set of points.
When theDMU andDPU ratio equals 1 (horizontal black dashed line) OPMs and SQUIDs perform
equally well. Below the horizontal black dashed line, the OPMs perform better and conversely, above
the dashed line, SQUIDs perform better. B) Same plot as in (A), but with the data along both axes
displayed on a logarithmic scale. The intercept of the line fitted to the points scales with the noise of
the OPMs relative to the noise of the SQUIDs
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Figure 5: Simulated data with increasing spatial resolution. The ratio of the dipole moment un-
certainty (DMU; blue) and dipole position uncertainty (DPU; red) for the OPMs over the SQUIDs,
plotted as a function of the number of OPM sensors. Both axes are in logarithmic scale. The dashed
lines are the same as the lines fitted to the points in figure 4B with constant spatial resolution, while
the square points are computed with increasing spatial resolution.
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Figure 6: Experimental data. The ratio of the dipole moment uncertainty (DMU; blue) and dipole
position uncertainty (DPU; red) for theOPMsover the SQUIDs, plotted as a function of the number
of OPM sensors. Both axes are in logarithmic scale. The dashed lines are the same as the lines fitted
to the points in figure 4B with constant spatial resolution, while the diamond points represent the
experimental data.
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Figure 7: Comparing experimental to simulated data with varying noise levels. Plotted in blue is
the ratio of the dipole moment uncertainty (DMU) for the experimental OPM data versus the exper-
imental SQUID data, which are the same points as in Figure 6. The three dashed lines represent the
simulated data with increasing spatial resolution at three noise levels: the OPM sensors are assumed
to be respectively 3x, 2x, and 1x as noisy as the SQUIDs. The experimental data points fall between
the dashed lines where the OPM sensors have 3x and 2x higher noise than the SQUID sensors.
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procedure, andweperformed similar empty room recordings for theOPMs. Specifically, in the empty
room recordings for theOPMswe conducted six runs identical to those in our experiment. The same
sensors were placed in the same locations on the helmet for each run. Compared to the SQUIDs, the
OPMs show increased noise at higher frequencies (> 200Hz) due to the limited bandwidth of the
sensors and at low frequencies (< 20Hz)mainly because of environmental noise and roomvibrations
(Fig. 8A; Alem et al., 2023). For the 20 − 200Hz range, the OPMs exhibit noise levels between
10 − 20fT/√Hz (Fig. 2A), while SQUIDs exhibit noise levels between 4 − 8fT/√Hz (Fig. 8B).
From our simulated data (Fig. 5) we conclude that sensors that are precise on and around the peaks
of the dipolar pattern are crucial for DMU and DPU respectively. In the empty room recordings,
these OPMs had noise levels of 10−15fT/√Hz (purple lines in Fig. 8A), i.e., lower than the average
10 − 20fT/√Hz noise levels of all the OPMs (light blue lines in Fig. 8A), whereas these SQUIDs
maintained noise levels of 4-8 fT/√Hz (purple lines in Fig. 8B). Consequently, the OPMs that best
capture the dipolar pattern have 2-3 times higher noise than the SQUIDs (since 10 − 15fT/√Hzis
around 2-3 times higher than 4− 8fT/√Hz) which is in line with the results of Figure 7.

We performed whole-brain simulations to see how the effect of the number of OPM sensors on the
DMUandDPU generalizes towards the rest of the brain. Figure 9 shows the placement of theOPMs
and SQUIDs for our whole-brain simulations. The upper panel displays the axial gradiometer ar-
rangement of the 275-sensor CTF SQUID system. The sensor positions were at least 2 cm away
from the scalp. The lower panel illustrates the 144 radially oriented magnetometer arrangement for
the OPM system, which is based on the FieldLine OPM helmet projected onto the scalp surface. Al-
though in the experiment the center of the vapor cell in the FieldLine OPM sensors can be placed
at minimum 5mm from the scalp (Alem et al., 2023), for our whole-brain simulations we placed it
directly on the scalp. The sensor noise of the OPMs is set to be three times higher than the SQUIDs.

Figure 10 and Figure 11 show the results of our whole-brain simulations with the lateral view in the
top row and the medial view in the bottom row. Figure 10 shows the ratio of the DMU for the two
MEG systems and Figure 11 the ratio of the DPU, plotted for all locations on the cortical surface.
OPMs perform better than the SQUIDs for superficial brain areas, in line with the improved SNR ra-
tio due to the close proximity of the superficial sources. In comparison to superficial sources, both the
SQUID and OPM sensors pick up lower signal strength from deeper sources while the sensor noise
remains identical for both superficial and deeper sources. As a result, the deeper sources have lower
SNR than the superficial sources. In the temporal lobe, OPMs do not performwell, likely due to the
head and brain geometry which prevents us from placing sensors close to the temporal lobe, even if
we place them on the scalp. Based on theDMU ratio, a systemwith 128OPMs performs equally well
as a system with 275 SQUIDs for superficial brain sources, but not for deep sources. Based on the
DPU ratio, this number drops to 96 OPMs. This agrees with the results from the experiment.
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Figure 8: Noise floors. Noise floor of the OPM magnetometers (A) and the SQUID gradiometers
(B) for all the sensors (light blue) and for the sensors on top of the dipolar pattern (purple).
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Figure 9: Sensor placement for the whole-brain simulations. The constructed SQUID (top) and
OPM (bottom) sensor positions. Frontal (left) and lateral (right) views of the sensor positions.

4 Discussion

The aim of the research described in this master’s thesis is to answer the question how many sensors
are required for an OPM system to achieve similar dipole moment uncertainty (DMU) and dipole
position uncertainty (DPU) as with the 275-sensor CTF SQUID system. This was investigated using
an experiment with left median nerve stimulation, validated by a simulation of a dipole at the corre-
sponding right S1 area and further generalized towards the rest of the brain. As the starting point for
our simulations we assumed OPMs to have 3 times the noise of SQUIDs, however our experimen-
tal results show that OPMs are only 2 to 3 times noisier than SQUIDs. Based on these results we
conclude that a system with 112-128 OPMs has an equal dipole moment uncertainty (DMU) to a
system with 275 SQUIDs. Additionally, a system with around 96 OPMs has equal dipole position
uncertainty (DPU) to a system with 275 SQUIDs. These results apply to a superficial source in the
right S1 area but do not extend to deeper regions. The relative SNR benefit of OPMs due to the
stronger signal of superficial cortical sources (compared to the SQUIDs) does not apply to deeper
sources since for these regions both OPMs and SQUIDs are relatively far away.

To determine the required number of sensors for anOPM system, we investigated two different ways
of quantifying the source reconstruction accuracy. Our simulations with constant spatial resolution
showed that both DMU and DPU decreased with the square root of the number of OPM sensors
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Figure 10: DMUforwhole-brain simulations. The ratio of the dipolemoment uncertainty (DMU)
for the OPMs over the SQUIDs, plotted as a function of dipole location in the brain. Green areas
indicate an equal DMU for OPMs and SQUIDs. Areas coloured blue indicate that the DMU of the
OPMs is lower than the SQUIDs, suggesting better performance for OPMs. Conversely, red areas
indicate that the DMU of the OPMs is higher than the SQUIDs, suggesting better performance for
SQUIDs. The number of OPM sensors varies from 32, 64, 96 to 128. The lateral view of the brain
(top) highlights the superficial parts of the brain while the medial view (bottom) the deeper ones.
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Figure 11: DPU for whole brain simulations. The ratio of the dipole position uncertainty (DPU)
for the OPMs over the SQUIDs, plotted as a function of dipole location in the brain. Green areas
indicate an equal DPU for OPMs and SQUIDs. Areas coloured blue indicate that the DPU of the
OPMs is lower than the SQUIDs, suggesting better performance for OPMs. Conversely, red areas
indicate that the DPU of the OPMs is higher than the SQUIDs, suggesting better performance for
SQUIDs. The number of OPM sensors varies from 32, 64, 96 to 128. The lateral view of the brain
(top) highlights the superficial parts of the brain while the medial view (bottom) the deeper ones.
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(Fig. 4). For realistic sensor placements, the dependence of DMU and DPU on the number of sen-
sors is not straightforward; increasing the number of sensors increases also the sensor coverage and
the spatial resolution of the OPM system (see section 2.1.3). Both the experiment and the increas-
ing spatial resolution in simulations showed that DPU decreased more rapidly than the DMU as the
number of sensors increased. This is relevant for applications where the position of a focal source is
important, for example clinicians investigating epileptic patients. Having high spatial resolution (i.e.,
a high-density OPM array) decreases rapidly the DPU, facilitating the clinicians to find and remove
the source of the epileptic seizures. An advantage of theOPMs is the flexibility to redistribute sensors
in the helmet which allows to strategically target brain regions of interest

(Nugent et al., 2022). Hill et al., 2024 showed that strategically targeting brain regions of interest
with OPMs can increase the SNR. In epilepsy treatment strategic sensor placement is possible fol-
lowing localisation with EEG orMRI of the regions potentially causing seizures. By combining high
spatial resolution with strategic sensor placement, we can achieve significant improvements in DPU.

Our analytic solutiondemonstrated thatDMUis proportional to the standard deviation of the sensor
noise and inversely proportional to the norm of the forward field ||L|| (section 2.5.1, Eq. (8)). DMU
benefits from placing sensors at the peaks of the dipolar pattern, where the norm of the forward field
||L|| is the largest. Although increasing the spatial resolution results in some sensors being closer to
the peaks, only a few of them can cover the peaks (which in our case is limited by how close the sen-
sors are placed to each other). To further decrease the DMU, it is essential to reduce sensor noise. As
shown in Figure 7, decreasing the OPM sensor noise from 3 to 1 time that of SQUIDs would reduce
the number of OPM sensors needed to perform equally well for a superficial source as the 275-sensor
CTF SQUID system from 128 to approximately 32. DPU also depends on sensor noise; however, it
is less critical because DPU benefits more than DMU from an increasing spatial resolution. There-
fore, cognitive scientists that aim to design experiments that contrast the SNR of the neural activity
between different experimental conditions are likely to benefit relative more from OPMs with lower
sensor noise than clinicians that aim to localize epileptiform activity.

The higher noise of the OPM sensors is partially compensated by the closer placement to the brain
and can partially be compensated by increasing the number of OPM sensors. OPMs perform well
on superficial brain areas, but not as well in deeper areas and the temporal lobe. These regions are far
from the SQUIDs and also remain relatively far from the OPMs, resulting in lower signal strength
being picked up. As shown in Figure 10 and 11, a system with 275 SQUIDs has a higher source
reconstruction accuracy than a system with 128 OPMs for deeper areas and the temporal lobe. Low-
ering the sensor noise of the OPMs would benefit research into deeper structures, such as detection
of hippocampal epileptiform activity (Hillebrand et al., 2023) or understanding the subcortical con-
tributions and their interaction with cortical areas to balance and gait (Nonnekes et al., 2015).
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More sensors not only improve source reconstruction accuracy (Fig. 4), but also allow denoising
techniques such as homogeneous field correction (HFC) (Tierney et al., 2021) or adaptive multi-
pole models (Tierney et al., 2023) to spatially separate brain signal and environmental noise. Conse-
quently, we can perform better denoising of environmental noise, to whichOPMs asmagnetometers
are more sensitive than the SQUID gradiometers. Specifically, adaptive multipole models require a
minimum of 150 sensors, since the number of sensors needs to be greater than the number of har-
monics modelled (Tierney et al., 2022).

During our experiment our OPM sensors remained well within their dynamic range in our MSR
without requiring nulling coils for static or dynamic noise cancellation. This was due to two factors:
first, our OPM sensors operate in closed-loop which provides a higher dynamic range compared to
open-loop operation (Alem et al., 2023); second, we mounted the helmet on a wooden plate, which
prevented movement artifacts and non-linearities in the signal. In the future as we aim to utilize the
full potential of OPMs, it remains to be seen whether the OPMs will remain within their dynamic
range also in experiments that allow movements. If they were to exceed the dynamic range, we need
to perform static and dynamic noise cancellation using Helmholtz (Iivanainen et al., 2017) or matrix
coils (N. Holmes et al., 2023) during the data acquisition. Furthermore, for MEG experiments in
which the sensors move we need to capture those movements and remove the motion artifacts post-
acquisition (Seymour et al., 2021).

A limitation of our study is that our current OPM system is limited to 32 sensors, so to obtain a mea-
surement for each slot, we divided the experiment into six runs. During data analysis, we combined
these six runs to represent a single experiment with 144 sensors. To clean the data, we performed a
separate HFC for each run. Since each run had different environmental noise levels, the noise in the
data after cleaning varied between runs. Consequently, when combining these runs to represent a
single experiment, we have varying noise levels in the combined data. Moreover, several factors could
affect the neural activity between runs. These include participant fatigue (which can increase the
alpha band activity over the occipital and parietal lobes), stimulator shifts due to sweat or handmove-
ments, and possible desensitization of the nerve after repeated stimulations.

A single participant can generate reliable results in our study since the median nerve stimulation is
a well-studied experiment with known neural responses. To confirm the reliability of our study, we
verified that the expected neural response (the N20 component) was present for that one participant
in all theMEG recordings and consistent with previous findings (Buchner et al., 1994). Additionally,
since we compared the twoMEG systems within the same participant, using many trials for that one
participant effectively increases the statistical power without needing more participants (Baker et al.,
2021). However, including more participants (around five) and changing the order of the runs be-
tween participants could increase statistical power. Each run uses a different sensor placement, so by
varying the order, every placement gets tested both early and late in the experiment. This helps aver-
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age out systematic effects like fatigue-related parietal alpha activity and nerve desensitization, which
usually happen late in the experiment.

Another limitation is that in our experiment we tested only specific sensors in specific locations on
the scalp. Figure 8 demonstrates that OPM sensors have noise levels between 10− 20fT/√Hz while
SQUIDs have noise levels between 4− 8fT/√Hz. This suggests that OPMs can be approximately 2
to 4 times noisier than SQUIDs. Additionally, based on Figure 5, we concluded that sensors placed
on top of the dipolar pattern are crucial for the performance of the OPMs. Therefore, since we only
tested specific sensors in specific locations on the scalp, it was possible for the sensors placed on top of
the dipolar pattern to be either among the noisiest or among the least noisy. Figure 8A demonstrates
that the noise of the OPM sensors placed on top of the dipolar pattern (10-15 fT/√Hz) is lower than
the average noise levels of all the OPMs (10 − 20fT/√Hz). Hence it appears that we were lucky in
selecting the least noisy OPM sensors to be placed on top of the dipolar pattern. Thus, the number
of sensors for anOPM system to perform equally well as the 275-sensor CTF SQUID systemmay be
slightly higher than what our experiment suggested.

5 Conclusion

In conclusion, our study suggests that for a source at the right S1 area, a system with 128 OPMs can
have higher source reconstruction accuracy compared to the 275-sensor CTF SQUID system. How-
ever, the required number of OPM sensors can vary depending on whether the focus is on the dipole
position or dipole moment (or neural activity strength). Dipole position benefits from placing the
sensors closer to each other. Dipole moment benefits less from placing the sensors closer to each
other and as a result it is more impacted from the increased sensor noise of the OPMs in comparison
to the SQUIDs. We also demonstrated that OPMs perform better than SQUIDs on superficial brain
areas, but not as well in deeper areas as they are far from the sensors resulting in lower signal strength
being picked up. As OPMs are increasingly adopted by clinical and neuroscience research institutes,
including the Donders Institute, it is important to recognize that the optimal number of OPM sen-
sors required can vary based on the research question (whether it investigates the position or strength
of neural activity) and the brain regions of interest (superficial or deeper brain areas). Additionally,
we would benefit from future improvements in OPM sensor technology, such as lower sensor noise
and OPM arrays that allow sensors to be placed closer to each other.
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