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Abstract

In this study we explore the interference rejection and spatial sampling properties of multi-axis
Optically Pumped Magnetometer (OPM) data. We use both vector spherical harmonics and
eigenspectra to quantify how well an array can separate neuronal signal from environmental
interference while adequately sampling the entire cortex. We found that triaxial OPMs have superb
noise rejection properties allowing for very high orders of interference (L=6) to be accounted for
while minimally affecting the neural space (2dB attenuation for a 60-sensor triaxial system). We
show that at least 11" order (143 spatial degrees of freedom) irregular solid harmonics or 95
eigenvectors of the lead field are needed to model the neural space for OPM data (regardless of
number of axes measured). This can be adequately sampled with 75-100 equidistant triaxial sensors
(225-300 channels) or 200 equidistant radial channels. In other words, ordering the same number of
channelsintriaxial (ratherthan purely radial) configuration may give significant advantages not only
in terms of external noise rejection but also by minimizing cost, weight and cross-talk.

1 Introduction

Optically Pumped Magnetometers (OPMs) and Superconducting Quantum Interference Devices
(SQUIDS) both measure the brain’s neuromagneticfield (Baillet, 2017; Xiaetal., 2006). However, the
measured signal differs in both its amplitude and spatial information content. These differences
arise because OPMs can be placed directly on the scalp and therefore sample higher spatial
frequencies of the brain’s magnetic field at greater magnitude (livanainen et al., 2021). In theory
these higherspatial frequencies should resultin betterspatial resolution, but if theirinformation is
to be represented without any form of signal aliasing, more dense arrays or custom sensor layouts
are required in addition to lower noise and/or more signal (Ahonen et al., 1993; Beltrachini et al.,
2021; Tierney et al., 2020; Vrba & Robinson, 2002).

One powerful approach to quantifying the degree of higher spatial frequency content in MEG has
beento use the Signal Space Separation (SSS) method (Taulu & Kajola, 2005). This approach has the
added benefit that it can simultaneously model an array’s ability to reject environmental
interference. This is because SSS provides a model for both the neural data and environmental
interference. The models for the neuronal data and the interference respectively are the gradients
of irregularand regular spherical harmonics. The irregular harmonics tend to zero at coordinates far
from coordinate system’s origin (outside the sensor array) and are thus useful for modelling
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magneticfields comingfrominside the sensor array (brain signals). The regular harmonics are then
used for modeling magnetic fields that come from outside the array (interference).

An open question for OPM recordings is how many orders of spherical harmonics are required to
model the environmental interference and the neuronal data. Higher orders of harmonics will
inevitably explain more data but come at the cost of fewer free parameters. With regards to
interference, our previous work has suggested that the limited sensor numbersintypical OPMarrays
can resultinthe attenuation of neuronal signal if too high a spatial order of interference is selected
(Tierneyetal., 2021). Furthermore, it is worth considering whether the ability of OPMs to measure
in more than one direction affects the selection of the spherical harmonic model order for the
neuronal signal and magnetic interference. This is an important consideration as previous work on
cryogenicsystems has led to diverging approaches to system design. For example, work on (SQUID
based) cryogenic systems has suggested that a two-layer, sensor array (comprising 400 sensors)
measuringin more than one direction should achieve shielding factors greater than 60dB using SSS
(Nurminen et al., 2010). It has been demonstrated empirically even adding a small number of
tangential channelsimproves shielding factors (Nurminen etal., 2013). However, otherauthors have
argued that optimal system design (for maximizing SNR) consists of 1°* order radial gradiometers
combined with 3™ order synthetic gradiometers (Fife et al., 1999; Vrba & Robinson, 2002).

Optimal system design for OPMrecordingsisless clearas one has the added issues of optimizing for
wearability and subject movement (Boto etal., 2018). For example, optically pumped gradiometers
offer promising noise cancellation properties (Limes et al., 2020; Sheng et al., 2017), yet as larger
sensor baselines are used, one may compromise wearability. The tradeoff is therefore to shorten the
baseline (Nardellietal., 2020) butthiswill resultinlower depth sensitivity (Hamaldinen et al., 1993;
Vrba & Robinson, 2002). Software approaches for magnetometers not reliant on (fixed) reference
arrays such as beamformers (van Veen & Buckiey, 1988), SSS (Taulu & Kajola, 2005) or Signal Space
Projection (Uusitalo & IImoniemi, 1957) are thus quite attractive. Recent work on OPMs has
suggested that beamformers have their interference control improved by multi-axis recordings
(Brookes et al., 2021) allowing for movement in excess of 1m to be made (Seymour et al., 2021).
With these issues in mind, it is worth exploring to what extent a single layer of vector OPMs can
separate brain signal from magneticinterference and how this interacts with sampling density.

There are many diverging viewpoints and methods to optimize neuronal sampling with OPMs. One
could use different definitions of optimality or information content (Beltrachini et al., 2021;
livanainen et al., 2021), including minimization of aliasing (Tierney et al., 2020) or seeking to
minimize correlation between sources (Boto et al., 2016). One extensive exploration of radial
oriented OPMs suggest that between 177 and 276 sensors are required for sufficient sampling
(livanainenetal., 2021). The broad estimate of requisite number of sensors arises due to the use of
different basis sets (eigenbasis and spatial frequency basis) for the estimation of the spatial degrees
of freedom in the data. The SSS basis set can also provide an estimate of the spatial degrees of
freedom in the data and we compare this estimate with the estimate from the eigenbasis.

Throughoutthis work we rely on the same spherical-harmonic basis sets as used in SSS to explore
theissuesraised. We chose to use these basis sets as they provide a unifying theoretical framework
for both neuronal sampling and environmental interference rejection. All of its interferencerejection
properties can be derived theoretically once the geometry of the MEG array is known. It also allows
oneto provide an upper bound on the number of spatial degrees of freedom in OPM data. We can
therefore theoretically explore the interactions of multi-axis recordings and varying sampling
densities while modeling neural data and magnetic interference. We expect these results to be
useful for those wishing to design OPM arrays for MEG experiments.
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2 Theory

2.1 SSS as a model of brain signal and interference

SSS represents the magneticfield (H) as a linear combination of the gradients of spherical harmonics
(Y1m(6, @) with coefficients a;,, and B;,,. The full formulation for the magneticfield in spherical
coordinates (7,8, @) is

H(0,0) = —g Z Z i [Y”"(e "’)] ko Z Z B VI Vi (6,1, 1

=0m=-1 =0m=-1

where ugisthe magnetic permeability of free space. The first term represents the neural space (with
the gradient of irregular spherical harmonics) while the second term represents the interference
space (with the gradient of regular spherical harmonics). When modelling MEG recordings, each set
of basis functions is truncated to a maximum value of [. This value is chosen in order to represent
sufficient variance in the signal or sufficiently model environmental interference. The number of
columns in each basis set is 12,4 + 21,00, Where L4, is the order of the harmonic used. The
spherical harmonicbasis functions (v,,,(8, ¢)) are complexfunctions. In the current study we replace
them with real valued harmonics (Wikswo & Swinney, 1984), as in previous work (Mellor et al.,
2021). In cartesian coordinates (x, y, z) these harmonics (5/") are defined as follows:

I{ aPllm| G)sin (|m|atan %), m<0
Slmz{aPlO(;), m=0 2
l ale( ) cos (m atan ) m>0

where the associated Legendre polynomial (P™) has the following form:
nm/2 L _ l+k—-1
m (2 = (~1ymal(4 - 2 _K o AmT T 3
P (r) =(-D™2 (1 rz) RZ: (k—m)!(r) (k)( l ’
with

r=,/x2+y2+22, 4

and

m |21+ 11— |m)!
l(—l) o (l+—|m|)' m#0

For ease of notation we referto the basis set representing the neural space and interference space
as A and B respectively.

S
A= (V—,‘—1> A, B=r's™-a. 6

With n being the unit vector representing the sensor’s sensitive axis and - represents the dot
product. We provide an explicit formfor A and B in Appendix A and code to create these harmonics

ismade publicly available at https://github.com/tierneytim/OPM/blob/master/spm opm vslm.m.
These harmonics can be used to reject magnetic interference from the data in one of two ways.
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Firstly, both the matrices A and B can be modelled simultaneously. This can be achieved by
multiplyingthe pseudoinverse of the column-wise concatenation of matrices A and B ([A B]*) by
the data (Y) to estimate the spherical harmonic coefficients (c)

c=[A B]'Y. 7

The data can then be projected on to the subspace (Y,) of A by multiplying A by the coefficients
pertaining to its harmonics (c,)

YA = ACA. 8

Alternatively, one can simply project the matrix B from the data. This can be done by multiplying a
matrix M by the data to get a cleaned version of the data (Ygean)

Y,

clean

= My, 9

Where M is defined as follows

M= I-BB*. 10

The first approach (eq 7) is how one would remove interference while performing SSS (Taulu &
Kajola, 2005) and the second approach (eq 9) is more equivalent to how one would remove an
interference topography using SSP (Uusitalo & Imoniemi, 1997). Importantly, SSP is normally based
on a noise space defined by empty room recordings. Here the OPM sensor array may move with the
subject and so we use the external noise basis from SSS to define the noise space on a sample by
sample basis. For both approachesto produce useful resultsthe brain space and interference space
(modelled by B) need to have limited correlation. In the case of SSS, high correlation will cause the
estimate of the coefficients to be unstable, whereas in the SSP-style approach brain signal will be
attenuated (Tierney et al., 2021) . Either way, exploring the orthogonality of interference and
neuronal signal is of interest. The limits onshielding factors provided by the projector defined in eq
10 are explored In Appendix B.

2.2 The orthogonality of interference and neuronal data

By truncating the regular solid harmonic at some order of [ the matrix B has [? + 2l basis vectors
(columns) with as many rows as there are channels. For the model of the interference (B) to be
practically useful, it needs to share minimal variance with the lead fields (L). This is not guaranteed
for every array design. To asses this we measure the lead field variance attenuation when the
interference term is regressed from the data. The variance attenuation for each brain area in
decibels (dB) can be described as follows

o var(ML;) 11
attenuation; = 10log,, var(Ly)
where var(L;) is defined as
n —\2
L..—T 12
var(Ly) = ZM

. n—1
j=1

Theindices i, j refer to the magnetic field produced by the it brain area (in this case a vertex on a
cortical mesh) at the j* sensorfor n sensors. L_Urefers tothe arithmeticmean forthe it" brain area
across sensors. Now we have a metric for every brain area that summarizes how much variance is
lost for a given regularsolid harmonicorder of B. We can also calculate these metrics for any sensor
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array or number of measurement axes. This is crucial for establishing robustness of a given array
design to environmental interference.

2.3 The order of harmonics required to model the neural space

As OPMs sample higherspatial frequencies one would assume they would require higher orders of
harmonics in matrix A to fully model the neural data. By truncating the regular solid harmonic at
some order of [ the matrix A has [? + 2[ basis vectors (columns) with as many rows as there are
channels. We arbitrarily describe the data as adequately modelled when 99% of signal variance is
explainedin greaterthan 95% of brain regions. Similarly, to section 2.2 we can measure the variance
explained (VE;) as

_ var(NLy) 13
i var(L;)’
where
N = AA*, 14

The order of harmonics required to model the neuronal data is important as using sufficiently high
order harmonics would allow us to bandlimit (in terms of the spatial frequencies represented by the
harmonics) the OPM data. Any interference or noise outside this bandlimit would then be
suppressed. It also allows us to come up with an upper bound for the number of independent
samples in the neuronal data.

2.4 Assessing the efficiency of the neural model

The more efficiently a given model can represent the neural data the more interference can be
rejected. An “efficient” model would have fewer parameters than there are measurements. As a
benchmark to compare the use of solid harmonics to model the neural data, we also consider
eigenvectors (V) of the lead field covariance (C) matrix to model the neural data.

C=LL'=VIV? 15

where X represents the covariance matrix’'s eigenvalues. Comparing the basis set Vand A in terms
of their efficiency is of interest as algorithms such as DSSP (Cai et al., 2019; Sekihara et al., 2016)
project the data onto the lead field eigenvectors. The software for MEG/EEG analysis, SPM, also
performs this step as a preprocessing procedure for source reconstruction (Friston et al., 2008;
Lopez et al., 2014). As V is an orthogonal matrix the projector (0) that projects the data onto this
basis is simply

0=VVvt 16
We can then once again calculate the variance explained as follows

B var(OLy 17
LT var(Ly)

In summary, we have now derived two subspace definitions which can be used to model neuronal
signal, one based on solid harmonic gradients (A, eq. 6) and one based exclusively on the MEG
system lead-fields (matrix V eq. 15). If we use the exact same threshold for when we consider the
brain adequately modelled (>99% signal power in >95% of brain regions) we can compare the
relative efficiency of both models (Vand A) in representing neural data. We can then explore how
both these models change as a function of sampling density and number of measured axes. If real
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data is projected on either of these subspaces the random internal sensor noise will be reduced
by\/m, where Nc is the number of channels and Nr is the number of regressors in either
subspace. This forms an effective spatial oversampling factor. See Supplementary Figure 1 for an
example of white noise projected on to both subspaces V and A and the resulting square root
dependence.

2.5 Considerations for on-scalp sampling

We also considerthe implications of the using spherical harmonic models of neural data in on-scalp
sampling situations. As one places sensors closer to the brain the relative influence of different
sensors may change based on their distance to the origin (of the sensor coordinate system). This is
because as the harmonic orders get higher in the matrix A, the dependency on the distance to the
origin increases. If every sensor has the same distance to the origin (spherical sampling) this does
not matter, but if sensors are not equidistant to the origin some sensors may have excessive
influence on the modelling. This process can be captured formally with the statistical concept of
Leverage.

Leverage = diag(AA™). 18
Each Leverage value tells us how influential agiven observation is on the model. More formally it is

the rate of change of the model with respect to the data. We can make this measure relative by

dividingitbyits meanvalue. Now each leverage value tells us how influential a data point is relative
to the average data point. It is computed as follows:

n
Leverage(relative) = Leverage E, 19

where nis the number of sensors and p is the number of parameters of the model.

2.6 The comparison of sensors with different noise floors
Whenthere is no external magneticinterference the signal to noise ratio (SNR) is simply the ratio of
some signal (signal) to the standard deviation of the internal sensor noise (sensor)

signal 20

sensor

SNR =

In the presence of interference, the Signal to Noise in Interference Ratio (SNIR) is defined as the
ratio of the brain signal (signal) to the square root of the sum of the internal sensorvariance

(6Z,.50r) and the external interference variance (aiznterference)

SNIR = signal ' 21

2 2
Jo-sensor +0;

interference

To simplify calculations, we model the standard deviation of the interference (Ointer ference) as being
some multiple (a) of the internal sensor standard deviation (0sensor)

signal signal SNR
SNIR = g = g 22

2 2 2 14 1+ a? 1+
\/ Osensor T " O sensor sensor\/ \/

If some interference topography is removed, as described in Eq 9, we would expect some
Attenuationfactor(Att), inthe range of 0-1, to weaken the signal when the interference and brain
space are not orthogonal. Simultaneously, the shielding factor (SF) provided by removing this
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topography would reduce the ratio of interference to noise (a). These effects can be captured as
follows:

SNR (Att) . 23
L+(55)’

This expression can be used to work out the ratios of SNIR for both a radial (SNIRg,4) and triaxial
system (SNIR,;)

SNIR =

(Y% 24
1+ (?%l) Attraq | (SF)?* + (ag)?

SNIRgpay  W(SNR )(Att,q,) y
)2 SNR . (Atty) Atty; |(SF)* + w?(ap)*

SNIR 1; T tw? (M

The only difference between SNIRg,; and SNIR,,;is the presence of the scaling factor (w) which
accounts forthe fact that a radial system will have ahigher SNRand interference to noise ratio (a,,;)
due to havingalowernoise floor. With this expression we can evaluate when a triaxial sensor will
outperform a radial sensor in terms of SNIR.

3. Methods

3.1 Lead field generation

OPMs were modelled as point magnetometers displaced 6.5mm from the scalp. The mesh used to
generate these lead-fields was the MNI canonical cortical mesh available in SPM12 with 8196
vertices. The separation between verticesis approximately 5mm on average. The orientation of the
source was defined by the surface normal of the cortical mesh at that location. The forward model
was the Nolte single shell model (Nolte, 2003). The sensors were placed on the scalp surface with
separations of 85 to 15mm insteps of 5mm. The sensor placementalgorithmis described elsewhere
(Tierneyetal., 2020). For each level of sensor spacing we simulated single axis, dual axis and triaxial
sensors, generating 3 lead-field matrices per sensor spacing. Throughout the manuscript when we
use the word “sensor” we are referringto a device that can potentially make multiple measurements
in orthogonal directions. The word “channel” refers to 1 of these measurements (60 single -axis
sensors have 60 channels; 60 dual axis sensors have 120 channels and 60 triaxial sensors have 180
channels).

For dual axis sensing, the second axis was set orthogonal to the radial axis. In order to define this
second axis we set third component of the radial unit normal (say component r from vector [p,q,r])
to zero then swapped the remaining two components and negated the first (to give [-g,p,0]). This
means the dot product of this vector with the original is zero (-pg+gp+0). The resulting vector was
then normalised to have unit magnitude. For triaxial measurements the third axis was defined by the
cross product of the first two.

3.2 The Orthogonality of interference and multi-axis OPM recordings

We generated the first three orders of the regularsolid harmonics in cartesian coordinates. The lead
field attenuation (asdocumented in section 2.2) was then calculated for each order, at each level of
spatial samplingforsingle, dual and triaxial recordings respectively. We also calculated the lead field
attenuation for orders L=1 to 12 for single, dual and triaxial systems comprising of 60 and 400
sensors. This second analysisis intended to compare the limits of interference rejection in a realistic
wearable array to an ideal, but impractical, array.

3.3 Order of harmonics required to model the neural space
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We generated the first 15 orders (up to 255 vectors) of the real irregularsolid harmonics in cartesian
coordinates for the densest sampling (15mm separation, 424 sensors). The variance this basis set
explained in the lead fields was calculated for single, dual and triaxial systems, as described in
section 2.3. For comparison we also calculated the variance explained for magnetometers displaced
24mm fromthe scalp (to representacryogenic, SQUID based system). At this point we also estimate
the impact of non-spherical sampling onthe model of the neural data. We computed the leverage as
describedinsection 2.5and compared the sensors’ influence on the neuronal model to its distance
to the origin (of the sensor coordinate system) at different orders of spherical harmonics (L=1, L=6,
L=12). For comparison we also calculated these same metrics on a sphere. For simplicity of
presentation we only examine one sensitive axis.

3.4 Assessing the efficiency of the neural model

The efficiency of the model to represent the neural data (the number of basis vectors required) is
compared against the eigenvectors of the lead field which also form a compact basis set for
describingthe neural space (livanainen etal., 2021). To assess how many eigenvectors are required
to model the neural space we compute the variance explained as in section 2.4. We do this for all
steps of spatial sampling for, single, dual and triaxial measurements.

3.5 Assessing the SNIR of sensors with different noise floors.

The expression for the ratio of SNIR of radial to triaxial sensors (eq 24) is a function of the ratio of
external interference to white noise, achievable software shielding factors (limited by sensor
calibration), harmonic order of the interference, the separability of the interference to the brain
signal as well as the relative white noise floors of the sensors. The white noise floor of the triaxial
sensor was assumed to have a noise floor that is 2.5 times higher than a radial sensor
(https://quspin.com/products-gqzfm/). The attenuation of brain signal was established following the
procedure outlinedinsection 3.1and section 2.2, fororders L=1, L=2 and L=3. Shielding factors were
varied between 1and 40 decibels while the ratiointerference to noise was varied between 0 and 20.
Eq 24 was then evaluated for these parameter values to determine when radial sensors began to
outperform triaxial sensors.

3.6 Software

Software required to generate the vector spherical harmonics described in this paper is made freely
available onthe firstauthor’s GitHub page (https://github.com/tierneytim/OPM). The key functionis
spm_opm vslm.. . Examples and tests can also be found on  GitHub
(https://github.com/tierneytim/OPM/blob/master/testScripts/testVSM.m).

4. Results

4.1 The Orthogonality of Interference and multi-axis OPM recordings

Figure 1 (A, B, C) shows the expected lead field attenuation when regressing regular solid harmonics
of increasing order (L=1, L=2, L=3) from OPM data for single axis, dual axis and triaxial sensors. As
expected, as the number of sensors is increased there is less risk of attenuating sensitivity to
neuronal sources. Interestingly, all sensortypes (triaxial, dual axis and single axis) converge rapidly
to a channel-count-independent signal loss at all investigated orders. For greater than 90 channels
the signal lossislowerthan 1dB for channels configured triaxially even at high harmonic order (L=3).
This is in contrast to single axis sensors which see greater than 15dB attenuation at this point. For
L=3, This same information is represented spatially on the brain (Figure 1D) for radial, dual and
triaxial sensors. Ultimately, triaxial sensors allow for suppression of more spatially complex
interference patterns with minimal risk of brain signal loss.
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In Figure 2A and 2B we explore the statistical and physical limit of using high order models of
interference on OPM data. Unsurprisingly, as the number of regressors (order? + 2 X order)
approachesthe numberof channels the attenuation grows rapidly for all systems representing the
statistical limit of interference control (Figure 2A). In Figure 2Bwhen the number of channelsis large
relative tothe number of regressors the lead field attenuation is determined by the spatial similarity
of the magnetic fields generated by the brain and the interference space (representing a physical
limit of using higher order models). However, one can see that for even a 60-sensor (180 triaxial
channels) system the order of harmonics that one could remove from the data without exceeding
3dB of (neuronal space) attenuation for a triaxial system is greater than 6.
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Figure 1. The orthogonality of interference and multi-axis OPM recordings. A, B and C show the expected lead field
attenuation in decibels (y axis) when regressing regular solid harmonics of increasing order (L=1, L=2, L=3) from OPM data
for single axis (blue), dual axis (red) and triaxial (green) channels. Solid lines show the median expected signal loss and
dashed lines show the signal loss from the worst-affected top 2.5% of brain regions (worst case scenario). The x-axis
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indicates the number of channels. D shows the spatial distribution of the expected signal loss for L=3, for radial, dual-axis
and triaxial channels. To summarize the figure, multi-axis recordings allow the removal of more complex environmental
interference whilst preserving the neuronal signal. Importantly this is partly a factor of channel number but heavily
determined by geometry; a given number of triaxial channels have less attenuation then the same number of single axis or
dual axis channels (eg compare 60 tri-axial channels to 60 dual- or 60 single-axis channels).

Interference Suppresion for 60 Sensor System B Interference Suppresion for 400 Sensor System
- 0 ———

) P
\
|

Lead Fleld Attenuation (dB
o

Lead Field Attenuation {(dB)
&

Single (2.5% quantile)

— Single (2.5% quantile)

25 Dual (2.5% quantile) e e Duad (2,5% quantie)
Traxial (2.5% qu_annlc',\ Triaxial (2.5'#- quantie)
30 -30
2 4 6 8 10 12 2 4 6 8 10 12
Interference Harmonic Order Intedferance Harmonic Order

Figure 2. Statistical and physical limits of interference suppression for a 60 (A) and 400 sensor (B) OPM system.
A. The 2.5% quantile lead field attenuation (decibels) for a 60-sensor system measuring single, dual and triaxial
channels respectively. In other words, for a triaxial system, one could remove ~10 orders of external
interference at the price of attenuating neuronal signals from 2.5% of the cortex by 5dBs. Triaxial systems offer
clear advantages over dual and single axis systems in terms of minimal attenuation at high harmonic order. As
the number of regressors (order?+ 2 X order ) approdaches the number of channels the attenuation grows
rapidly for all systems (representing the statistical limit of interference control). The same results are plotted in
B for a 400-sensor system. In this case, the number of regressors never approaches the number of channels and
we do not see the sudden attenuation of lead field variance at higher orders. In this case the lead field
attenuation is representative of the physical limit of using higher order models.

4.2 Order of harmonics required to model the neural space

Figure 3 showsthe orderof irregularsolid harmonics required to explain OPM data due to the brain
(6.5mm scalp offset point magnhetometers) and SQUID data (24mm scalp offset point
magnetometers) forsingle, dual and triaxial systems. These simulations were performed using the
simulated sensor arrays with 15mm sensor separation (424 radial channels, 848 dual axis channels
and 1272 triaxial channels). Encouragingly, for the SQUID data (which only differs from the OPM
datain scalp offset), the saturation of the harmonics (achieving 99% variance explained for 95% of
brain regions) occurs at the same harmonic order (8) as in previous research (Taulu & Kajola, 2005).
The OPM data saturates at L=11 implying there are at most 143 spatial degrees of freedom (see
discussion for comparison with existing literature). Perhaps surprisingly, the results of Figure 3 also
imply that multi-axis measurements provide no new spatial information concerning the brain’s
activity when compared to single axis measurements (with large channel counts, 424 radial
channels, 848 dual axis channels and 1272 triaxial channels). Essentially the dimensionality of the
neural space does not increase as a function of multi axis measurement and the underling model
(irregular solid harmonics) need not become more complex to explain multi-axis data. We will
explore the same phenomenon in the next section with the eigenvectors of the lead field.
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Figure 3. Order of irregular harmonics required to model OPM data due to brain activity. The y axis shows the variance
explained for a given harmonic order (x axis) for OPMs and SQUIDS for single, dual and triaxial sensors (stars, circles and
dashed lines repsectively). On the right we show the spatial profile of the variance explained across the brain for both OPMs
and SQUIDS at L=8. Note that the loss of variance explained at the front and back of the brain when the (OPM) sensors are
at the scalp surface. This is because these more distant sensors have less influence on the (spherical) neuronal model (see
below).

If we examine where the irregular solid harmonics poorly explain the brain data we note a spatial
profile. Asan example, at L=8 (Figure 3 right) it would appearthe harmonicmodel only explains 80%
of the variance in areas at the front and back of the head in OPM data. This effect is largely
explained by the sensors that are most distant from the origin of the coordinate system having the
leastinfluence onthe model (Figure 4). This phenomenon is more pronounced for data with higher
spatial frequency content (such as OPM data) as higher harmonic orders (L=6, L=12) have many
more highly influential sensors than at lower orders (L=1). Interestingly, in the case of spherical
sampling, each sensor is equally influential on the model regardless of spatial frequency content.
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Figure 4. Sensor influence on irregular harmonic model of brain activity. Sensors displaced far from the origin of the
coordinate system (x axis) have less relative leverage (y axis) than sensors closer to the coordinate system origin. This effect
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is stronger at higher orders of harmonics. Essentially, sensors displaced far from the origin have minimal impact on the
model at high orders. This analysis is performed for both scalp-based sampling and sampling on a sphere. Note that
although sampling on a sphere provides the most equitable impact of sensors on the model it is a special case where
regular and irregular harmonics become highly correlated (perfectly correlated in the case of single axis radial or tangential
channels (Nurminen et al., 2010)) rendering the separation of brain signal from interference highly challenging.

4.3 Information content of multi-axis sensors at lower sampling densities

The results of the previous sections would suggest that while multi-axis recordings provide a much
better model of magnetic interference over single-axis recordings (with comparable channel
number) they provide no new spatial information about the neural signal. Essentially, the
dimensionality of the neural space does not increase by using multi-axis recordings.

We explore this result further by examining the eigenspetra of the leadfields. However, in this
analysis we vary channel and sensor count to see how the dimensionality of the neural space
changes. InFigure 5, the number of eigenvectors required to explain 99% of variance in 95% of brain
areas saturates at high sensor and channel count for all measurement types. This is similar to the
results of the previous section demonstrating similar dimensionaliy (expressed in irregular solid
harmonics) for large channel/sensor count measurments. The figure shows that there are
diminishingreturns (interms of characterising neuronal signal) for triaxial systems after 75 sensors
(225 channels). Thisis notthe case foran equally distributed radial system which does not saturate
until 150-200 sensors (or channels). The triaxial system completely saturates at 100 sensors (300
channels). However, if one were to control for channel count differences between sensortypes then
Figure 5B shows that radial only systems can be constructed with lower channel counts to sample
the same (neuronal) information.
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Figure 5. Eigenspectra of single, dual and triaxial OPM system. A. The figure shows the number of sensors (x-axis) vs the
number of eigenvectors (y-axis) to achieve 99% variance explained in >95% of brain regions. When the number of
eigenvectors stops changing as a function of sensor number, one has fully sampled the neural space. B shows the same
information but the x axis is changed to channel count. The comparison of these two figures clearly shows that while triaxial
systems allow for sampling the neuronal signal with lower sensor counts (A) radial-only systems can be constructed with
lower channel counts to sample the same information (B).

4.4 SNIR comparison of sensors with different noise floors

Itisworth considering that measuring multiple axes also often incurs an increase in white noise. As
such, a decisionto choose between aradial or triaxial system will depend on a number of variables
such as levels of interference, achievable shielding factors with postprocessing and the separability
of interference and brainsignal. As we have already established the separability of brain signal and
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interferenceinsection 4.1, we can combine thisinformation with the theoretical results in eq 24 to
explore when one can obtain better SNRwith aradial sensorovera triaxial sensor. For the results in
Figure 6 we assume the triaxial sensor has a noise floor that is 2.5 times higher than a radial sensor
(https://quspin.com/products-qzfm/).

SNR Ratio{L=1 B 0 SNR Ratio(L=3)
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Figure 6. SNR ratio of purely radial vs. triaxially oriented channel arrays (figures derived from eq. 24). In A, Band C we show
the ratios of SNR for radial to triaxial sensors for interference of harmonic order L=1, L=2, and L=3 respectively. The x-axis
shows shielding factor in decibels while the y axis shows the ratio of the external interference to the internal white noise.
The colours indicate whether triaxially (red) or radially oriented (blue) arrays have higher SNR. The shielding factor axis can
also be seen as a proxy for sensor linearity as high shielding factors are only obtained with highly linear and well calibrated
sensors. In summary the figures show that for low interference or for very high shielding factors (linearity) radial sensors are
favoured. However, as the harmonic order (spatial complexity) or magnitude of the interference increases triaxial sensor
become more favourable. These results assume that each triaxial channel has a noise floor that is 2.5 times higher than a
radial sensor.

In Figure 6 we show the ratios of SNR of radial to triaxially oriented channel arrays where the noise
floor is assumed to be 2.5 times higher for the triaxial channels than the radial. We look at the
dependence of this ratio on shielding factor and interference strength. The achievable shielding
factor variesas a function of sensorlinearity and is explored in Appendix B. The attenuation due to
post-processing is taken directly from the results of Figure 1. For low interference or for very high
shielding factors (obtained by ensuring the sensors are well calibrated) radial channels are favoured.
However, as the harmonic order (spatial complexity) or magnitude of the interference increases
then triaxial channels become more favourable. As the internal white noise floors become more
comparable between radial and triaxial measurements triaxial sensing is more generally favoured
over radial only sensing (Supplementary Figure 3).

5. Discussion

By using vector spherical harmonics and eigen-spectra as a theoretical basis we have explored the
interference rejection and spatial sampling properties of single, dual and triaxial OPM data. We
found that triaxial OPMs have superb noise rejection properties allowing for very high orders of
interference (L=6) to be accounted for while minimally affecting the neural space (2dB attenuation
for a 60-sensor triaxial system). The neural space was efficiently modelled by both irregular solid
harmonics (L=11, number of harmonics =143) and by the eigenvectors of the lead fields (number
eigenvectors < 100). Furthermore, SNR was higher for triaxial systems (even with increased noise
floor) in the presence of spatially complex or large levels of environmental interference. We now
discuss the implications for system design of these findings.

Spherical harmonics are commonly used to model the brain and magnetic interference with the SSS
method (Clarke et al., 2020; Nurminen et al., 2010; Taulu et al., 2005; Taulu & Simola, 2006). Our
work here revealsthat for OPM data the default parameters derived for SQUID data should change.
In SQUID data the neural space is typically modelled with harmonics of order 8 and the interference
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is modelled with harmonic of order 3. For OPM data (due to the higher spatial frequencies of
magneticfield atthe scalp) the neural space should be modelled with at least harmonics of order 11
(143 regressors) regardless of the number of axes measured. Alternatively, one could project the
data on to a subset of the eigenvectors of the lead field as they form a more compact basis for the
brain space (< 100 regressors required to represent the neural signal). This projection step reduces

sensor white noise by the factor ./Nc/Nr, where Nc is the number of channels and Nr is the
number of regressors in either subspace (See supplementary Figure 1). This processing step is
appliedinall SPM source reconstruction algorithms (Friston et al., 2008; Lopez et al., 2014) and as a

first stage in preprocessing for the noise rejection algorithm DSSP (Cai et al., 2019; Sekihara et al.,
2016).

When modellinginterference, the appropriate harmonic order strongly depends on the number of
measurementaxes. In short, radial only designs will perform poorly even at low harmonic order but
triaxial systems will perform well at very high orders. Importantly, this effect is not driven by
differing number of channels between single, dual and triaxial systems. We can see clearly in Figure
1 that regardless of how many radial channels are utilized, the lead field attenuation (i.e. the loss of
neuronal signal) will always be greaterthan that due to 20 triaxial sensors (60 channels). We should
note that here we use SSS to define the external noise harmonics and then regress these (in a
manner similar to SSP) from the data (eq 9). If one were to try and model both the neural and
external noise space as done typically in SSS (eq 8), an extra 143 degrees of freedom would be
required for the process to be stable.

While it is useful to examine the orthogonality of neural signals and external interference from
different array designs, the decision to record from multiple axes is affected by a number of other
variables. As well as neural signal attenuation one must consider the magnitude of the external
interference, internal sensor white noise, the achievable shielding factors (which will be limited by
sensor calibration and linearity) and the spatial complexity of the interference. By considering all
these factorsin Figure 6, we can conclude that for highershielding factors (due to better calibration)
and lowerlevels of interference, radial samplings with a lower white noise floor —as is the current
case with QuSpin OPMs - will outperform triaxial samplingsin terms of SNIR. For greater magnitude
and more spatially complexinterference, triaxial arrays perform better. In other words, the ability to
reject more external interference outweighs the white-noise penalty incurred through the use of
triaxial measurements. In this study we have used a conservative estimate of the white noise levels
(triaxial arrays are 2.5 times noisier) but provide a more realistic level (1.5 times higher) in
supplementary Figure 3based onrecentempirical data (Boto etal., 2022). The trends are similar but
more favorable to triaxial measurements.

Considering spatial sampling, we have built upon previous work which has shown that custom arrays
can be designed to optimally sample a particular brain region (Beltrachini et al., 2021; livanainen et
al., 2021; Tierneyetal., 2020). In the current work we show that 100 equidistant triaxial sensors are
sufficient to model the whole brain. In fact, for purely neuronal measurements, there are
diminishing returns in having more than 75 triaxial sensors (Figure 5A). However, the triaxial
arrangement is not as efficient as a purely radial array (Figure 5B). Essentially, while the vector
components of a triaxial system do add independent information, the (neuronal) information gain
perchannelissmallerthanitis for a radial only design. However, in addition to the enhanced noise
rejection properties of triaxial sensors, there are practical considerations. Asthe manufacturing of
triaxial OPMs negligibly affects their weight and cost, it may be beneficial to design a sparser triaxial
array than a dense single axis array to optimize subject comfort and array wearability. Furthermore,
the average sensor spacings are increased from 22mm (for single axis only) to 32mm for triaxial
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designs. Increasing the distance between sensors by 50% will have the added benefit of reducing the
effects of cross-talk (Nardelli et al., 2019) by a factor > 2.

With regards to limitations we have not explored the implications of important effects such as
volume currents which can be larger for tangential measurements (livanainen et al., 2017) or the
impact of different forward models (Stenroos et al., 2014; Stenroos & Sarvas, 2012). There also are
many other algorithms used forinterference suppression that are not considered here. We chose to
use SSS as a basis because all of its interference rejection properties can be derived theoretically
once the geometry of the MEG array is known. It also allows one to provide an upper bound on the
number of spatial degrees of freedom or dimensionality of OPM data. Other data driven techniques
such as ICA (Vigario et al., 2000), tSSS (Taulu & Hari, 2009) or the canonical correlation step in DSSP
(Cai et al., 2019) are more difficult to consider because they are data driven. However, a full
consideration of the applicability of these techniques for suppressing interference in OPMs is
warranted. Asa final point we have also not considered whether the positions and orientations of
dual axis sensors could be further optimized to have performance similar to triaxial systems. In the
currentwork we have first simulated a radial sensor and then arbitrarily chosen the second axis. In
principle the first axis need not be radial and the second could be optimized.

With these limitationsin mind, we have shown theoretically thattriaxial OPMsensors are capable of
separating signal from inference (with higher spatial frequency content) with minimal risk of
attenuating brain signal when using regular solid harmonics. Furthermore, sparser arrays can be
constructed with triaxial sensors than radial sensors simply because of the increased channel
number. Triaxial designs also achieve higher SNR when interference is large or spatially complex.
These findings all suggest that future systems based around triaxial arrays could allow for
minimization of cost, weight and interference while maximizing the system’s sensitivity to neural
datain sparse arrays.

Appendix A: Real, Cartesian, Vector Spherical Harmonics

Here we provide explicit expressions for the matrices A and B introduced in section 2.

sm\  asm  asm o sm
A= V;Z+_1 -n=apﬁnx+$r7+—1ny+a—z;z+—lnz,

lecm lecm 0 lecm 0 lecm Al
B = (Vr's; )-n=ar S] nx+$r S nyto-r Si'ny,
where n,,ny,n, refer to the components of the unit vector (#2) representing the sensors sensitive

axis. We introduce the variable t to refer to any of the axes, x,y,z and calculate the partial
derivatives as below.

9 S 3

e ler-(lﬂ)—ats{'l—s{n(u Der~1+3), A2
d d
—atrlSlm = r’—atS{" + S 2, A3

. . . 0 . . .
The only unknown in the above equation is aSlm which can be expressed as follows in Cartesian
coordinates
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With c defined as follows
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Appendix B: Theoretical and Simulated Shielding factors of the regular solid harmonic projector

We assume the data (Y) can be expressed as the sum of some interference term (I) and some
random error term (&).

Y=I+e B1

If the sensor is not appropriately calibrated the output deviates from its calibrated value and the
updated signal can be described as follows

Y=I+Cl+e B2

The calibration error matrix (C) is a diagonal matrix with non-zero elements being sampled from a
normal distribution of mean zero and variance acz (N(O, crg)). We note that this distribution may
have a more complex forminreal scenarios due tothe presence of non-zero off-axis field (Borna et
al, 2022). If one were to apply the projector described in eq 9. The sensor output would update as
follows

MY = MI + MCI + Me. B3
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The shielding factor provided by the projector can now be described as the ratio of the variance of
the data to the variance of the projected data.

var(Y) B4

SF = 1010g10 m ,

Where var is the symbol forvariance. The variance of Y can be expressed interms of the variance of
theinterference (0,2), variance of the calibration error (ag), variance of the random noise (d2) and
the square of the arithmetic mean of the interference (,uf).

var(Y) = of + (o) (of + uj) + oZ. B5

The variance of the projected data (MY) can be approximated by noting that the variance of the

unprojected calibration errors (CI) data forms an upper bound on the variance of the projected
calibration errors (MCI).

N.—N,
var(MY) < mof + (68)(f + ub) + o CTT B6

c

The variance of the interference (012) isnow weighted by a value (m) between O and 1representing
how well the chosen model (or order) of interference matchesthe data. If m islow the model is well

specified. If m is high the model is poorly specified. We also account for the reduction in the
. o . Ne—N .

variance of the random error term (g2) by multiplying the variance by the factor %, where N, is
c

the numberofregressorsinthe modeland N, is the number of channelsin the data. The theoretical

shielding factors now achievable with the interference projector (M) can be described as follows

of +(oO) (o +u) + o B7
N.—N,-
(mop)? + (o) (o +uf) + UEZCTCT

SF > 10log;,

To verify these theoretical predictions, we simulate radial sensors on the scalp surface in the
presence of 50pT interference (random coefficients of regular solid harmonic for L=1, L=2 and L=3
scaled to 50pT) and 100fT sensorwhite noise. We vary the calibration errors between 0and 5% and
the model misspecification term (m) between 0 and 20%. We vary this parameter by adding
interference with variance (wg;)? to the data after the projector term (M) has been applied. These
simulations were repeated 1000 times. The resulting shielding factors are plotted below for the
theoretical model and the simulated results. The agreement between theory and simulation is
strikingand implies thatforthe highest shielding factors (>40dB) the model misspecification needs
to be low (<1%) as does the calibration error (<1%). However, for moderate calibration error (2%)
and model misspecification (2%) shielding factors of 30dB are achievable. Encouragingly shielding
factors of 20 dB are easily achieved even for considerable model misspecification and calibration
errors (5%).
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Figure B1. Theoretical and simulated shielding factors for regular harmonic projector. In A and B, the theoretical and
simulated shielding factors (dB) are graphed as a function of calibration error (y-axis) and model misspecification (x-axis).
The model misspecification term captures how well the projector removes interference (e.qg. if a linear gradient accounted
for 10% of interference and one only removed the homogenous terms, which accounted for the other 90% of interference,
the model misspecification would be 10%). Ultimately the greatest shielding factors are only achieved when both the
calibration error is low and the model is well specified.
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