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A B S T R A C T

Wearable noninvasive brain–computer interface (BCI) technologies, such as electroencephalography (EEG) and 
functional near-infrared spectroscopy (fNIRS), have experienced significant progress since their inception. 
However, these technologies have not achieved revolutionary advancements, largely because of their inherently 
low signal-to-noise ratio and limited penetration depth. In recent years, the application of quantum-theory-based 
optically pumped (OP) technologies, particularly optical pumped magnetometers (OPMs) for magnetoenceph
alography (MEG) and photoacoustic imaging (PAI) utilizing OP pulsed laser sources, has opened new avenues for 
development in noninvasive BCIs. These advanced technologies have garnered considerable attention owing to 
their high sensitivity in tracking neural activity and detecting blood oxygen saturation. This paper represents the 
first attempt to discuss and compare technologies grounded in OP theory by examining the technical advantages 
of OPM-MEG and PAI over traditional EEG and fNIRS. Furthermore, the paper investigates the theoretical and 
structural feasibility of hardware reuse in OPM-MEG and PAI applications.

1. Introduction

Morphologically, the brain constitutes a vital element of the central 
nervous system, specialized in the collection, distribution, storage, and 
processing of information, rendering it the most complex signal- 
processing organ (Udovičić et al., 2016). Advancements in neurosci
ence research have driven the development of brain–computer in
terfaces (BCIs). These systems differ from technologies that rely solely 
on accelerometers to detect mobility and posture (Chen and David R 
Bassett, 2005) or electrocardiograms to monitor cardiovascular condi
tions (Liu et al., 2021a). A BCI is a system that measures central nervous 
system (CNS) activity and converts it into artificial outputs to replace, 
restore, enhance, supplement, or improve natural CNS outputs, altering 

the ongoing interaction between the CNS and its external or internal 
environment (Wolpaw et al., 2020). Research on replacement, restora
tion, and improvement includes not only curing diseases but also 
adjusting physiological or psychological states, with numerous studies 
in recent years on disease-related treatments like transcranial electrical 
stimulation (TES) for epilepsy (Kozák and Berényi, 2017), transcranial 
magnetic stimulation (TMS) for stroke (Smith and Stinear, 2016), and 
even meta-analyses (Bai et al., 2020; Cervera et al., 2018), as well as 
studies on alleviating phantom limb pain (Yanagisawa et al., 2020), 
depression (Gall et al., 2024), and fatigue wakefulness (Talukdar et al., 
2020). Moreover, research involving enhancement and improvement 
has primarily focused on driving external devices using BCI systems to 
operate robotic arms (Bousseta et al., 2018; Saragih et al., 2022), 
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exoskeletons (Choi et al., 2020), humanoid robots (Chae et al., 2012), or 
drones (Wang et al., 2018), performing tasks deemed dangerous or 
impractical for humans, such as mine removal (Barngrover et al., 2015).

Such advancements underline the growing demand for noninvasive 
BCI sensors that not only contribute to a deeper understanding of the 
brain’s complex mechanisms but also play a pivotal role in clinical 
medicine, neural rehabilitation, and the broader field of human- 
computer interaction. Noninvasive BCIs can be divided into two cate
gories based on the biological signal type they detect: 
Electrophysiological-Signal-Activity-Dependent (ESAD) sensors and 
Blood-Oxygen-Level-Dependent (BOLD) sensors.

ESAD sensors such as electroencephalography (EEG) and magneto
encephalography (MEG) primarily capture the flow of electrons or 
magnetic fields generated by cellular-level biochemical processes (da 
Silva, 2013), achieving high temporal resolution at the expense of low 
spatial resolution (Teplan, 2002). They are suitable for rapid and tran
sient superficial brain activity recording. On the other hand, BOLD 
sensors such as functional near-infrared spectroscopy (fNIRS) and pho
toacoustic imaging (PAI) infer brain activity by monitoring changes in 
brain oxygen levels (Turner and Jones, 2003), offering high spatial 
resolution but with significant sensing delays (Ferrari and Quaresima, 
2012), rendering them suitable for relatively longer-term anomaly 
monitoring.

Emerging sensors—optical pumped magnetoencephalography 
(OPM-MEG) and PAI—have garnered significant attention. OPM-MEG is 
considered to have the potential to surpass EEG and traditional MEG 
theory, e.g., Superconducting Quantum Interference Devices (SQUIDs), 
by providing superior data quality, enhanced coverage uniformity, 
improved robustness against motion, and reduced system complexity 
(Brookes et al., 2022). Meanwhile, PAI holds the promise of exceeding 
fNIRS by offering detailed blood oxygen distribution data and enabling 
deeper, three-dimensional (3D) tissue imaging (Yang et al., 2024b).

The most compelling aspect is that EEG is constrained by the need for 
electrodes to make direct contact with the skin, imposing a minimum 
size limit. In contrast, the atomic vapor cells used in MEG, which are 
designed with technologies such as MEMS, can be as small as 1 mm3 

(Griffith et al., 2010)—far smaller than EEG electrodes. Similarly, fNIRS 
is limited by the need for multiple independent light sources (Zhou et al., 
2020), which cannot be triggered simultaneously, leading to a minimum 
system size. However, PAI can operate with a single shared light source, 
and the size constraints of ultrasound transducers are significantly 
smaller than those of light sources. These factors contribute to the su
perior wearability potential of OPM-MEG and PAI compared to EEG and 
fNIRS.

In pursuit of higher temporal and spatial resolution, researchers of 
noninvasive BCIs have opted for multimodal sensor fusion, integrating 
ESAD sensors with BOLD sensors (Ahn and Jun 2017). However, this 
approach also introduces new challenges such as sensor volume, mea
surement synchronicity, same-site measurement, and interference be
tween multimodal sensors (Ahn and Jun 2017; Everdell et al., 2005; 
Kassab et al., 2015; Ru et al., 2022; Uchitel et al., 2021; von Lühmann 
and Müller, 2017; von Lühmann et al., 2016). Notably, due to their close 
principles in sensing, OPM-MEG and PAI sensors, based on optically 
pumped sources, show good hardware compatibility, potentially solving 
issues related to measurement volume, synchronicity, and interference. 
This review aims to theoretically explore the limitations of these ap
proaches and analyze the feasibility of integrating OPM-MEG and PAI as 
a solution for improving multimodal BCI systems.

1.1. Contribution of this paper

The literature contains numerous excellent research papers and re
views that provide a variety of perspectives on noninvasive BCIs. The 
following sections detail and compare these perspectives. In this work, 
the definitions of wearable and noninvasive BCI devices are clarified, 
addressing a critical gap in both theoretical research and practical 

engineering applications. A new architecture for sensor reuses across 
different dimensions of BCIs is also proposed. The key contributions of 
this study are presented below. 

1. Identification and update definitions within the BCI domain: 
This paper clarifies and updates the definitions of noninvasive/ 
invasive and wearable BCIs based on recent breakthroughs, the 
applicable range of BCI sensors has been specified, distinctly con
trasting with previous studies that considered wearable sensors and 
BCIs as separate entities.

2. Discuss advantages and disadvantages of novel noninvasive BCI 
sensors: This paper reviews the technological advantages of 
emerging OPM-MEG and PAI over traditional EEG and fNIRS, 
emphasizing their potential for more precise and robust data acqui
sition in BCIs. It also analyzes the design improvements needed for 
OPM-MEG, such as balancing sensitivity, response nonlinearity, 
response bandwidth, and minimizing sensor crosstalk. For PAI, it 
explores solutions for issues like impedance matching, miniaturiza
tion of auto-focus light sources, and improving imaging timeliness.

3. Address multimodal fusion challenges: This paper identifies the 
limitations of traditional multimodal measurement techniques and 
proposes solutions that enable hardware-level reuse between OPM- 
MEG and PAI. This structure facilitates synchronized measure
ments at the same location and time, supporting real-time brain 
monitoring with smaller sensor volumes.

This comprehensive review critically examines the current literature 
on noninvasive wearable BCIs. To guide further research in this field, 
unresolved challenges in multimodal approaches are identified, and 
future research directions are recommended.

1.2. Related work

To the best of our knowledge, this paper is the first to present a 
comprehensive overview of scientific breakthroughs in noninvasive 
wearable BCI sensors. It optimizes the existing BCI definitions based on 
recent breakthroughs and compares the performance and wearable 
properties of both new and traditional sensors across two major cate
gories: nerve-based and blood-oxygen-based. Finally, future research 
directions are proposed. Table 1 highlights the key differences in related 
works published since 2015, with definitions based on the refined 
version in Section 2.

Existing literature on multimodal noninvasive BCIs primarily focuses 
on established technologies such as EEG (Uchitel et al., 2021) and fNIRS 
(Liu et al., 2021b) or newer BCI devices such as PAI (Yang et al., 2021a, 
b) and OPM-MEG (Aslam et al., 2023), while this review uniquely ad
dresses the integration and advantages of emerging OP tech
nologies—OPM-MEG and PAI—which have not been comprehensively 
compared in previous reviews. The paper highlights not only their su
perior capabilities but also their integration potential, filling a critical 
gap in current scientific discourse.

1.3. Organization

Section 2 clarifies and updates the main definitions based on recent 
breakthroughs; this section categorizes, organizes, and reviews existing 
technologies applicable to noninvasive wearable BCIs, standardizes the 
definition of “wearable,” and further expands the scope of “noninvasive” 
in the BCI field to better adapt to emerging devices.

Section 3 centers on the ESAD sensors, mainly providing a detailed 
introduction to the emerging OPM-MEG sensors, organizing literature, 
analyzing their theoretical and engineering limitations, and proposing 
directions for future solutions.

Section 4 focuses on BOLD sensors, particularly PAI, and surveys 
their applications. Given the relatively advanced stage of development 
of PAI technology compared to OPM-MEG, this section is intentionally 
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more concise than Section 3 to maintain the focus and coherence of the 
review, but this does not imply any shift in the relative importance of the 
two technologies.

Section 5 surveys multimodal BCIs, starting with the reasons for data 
fusion and the current challenges, proposing the use of light as the core 
detection medium for multimodal sensor reuse. It also discusses the 
feasibility of reusing fNIRS and PAI with OPM-MEG and proposes 
theoretical structures for feasible single/multiple light source MEG-PAI 
reuse systems to address current challenges in the BCI field.

Finally, Section 6 outlines the future challenges of novel sensor 
fusion and concludes the work. For convenience, the main content of 
this paper is outlined in Fig. 1.

2. Wearable and noninvasive BCI

Wearable and noninvasive BCI sensors represent a transformative 
leap in neurotechnology, offering significant advantages in both 
research and clinical applications. Noninvasive sensors are designed to 

Table 1 
Comparison of recent reviews in the field of BCI.

Ref. Year General information ESAD sensors BOLD 
sensors

Multimodal Reuse 
architecture 
of new 
multimodal 
BCI

BCI Wearable Noninvasive EEG OPM-MEG fNIRS PAI Reasons 
and 
advantages

Present 
dilemma

Advantage Theoretical 
limitation

Engineering 
limitation

Zhang et al. 
(2023)

2023 ✓ ✓ ✓ ✓ ​ ​ ​ ​ ​ ​ ​ ​

Aslam et al. 
(2023)

2023 ✓ ​ ​ ​ ✓ ✓ ​ ​ ​ ​ ​ ​

Yang et al. 
(2021)

2021 ✓ ✓ ✓ ​ ​ ​ ​ ✓ ✓ ✓ ✓ ​

Uchitel et al. 
(2021)

2021 ✓ ✓ ✓ ✓ ​ ​ ​ ✓ ​ ✓ ✓ ​

Salahuddin 
and Gao 
(2021)

2021 ✓ ​ ✓ ​ ​ ​ ​ ✓ ​ ✓ ​ ​

Liu et al. 
(2021b)

2021 ✓ ​ ✓ ✓ ​ ​ ​ ✓ ​ ✓ ✓ ​

Liu et al. 
(2021a)

2021 ​ ✓ ✓ ​ ​ ​ ​ ​ ​ ✓ ​ ​

Zhuang 
et al. 
(2020)

2020 ✓ ​ ✓ ✓ ​ ​ ​ ​ ​ ​ ​ ​

Shrestha 
et al. 
(2020)

2020 ​ ​ ✓ ​ ​ ​ ​ ✓ ✓ ​ ​ ​

Bai et al. 
(2020)

2020 ✓ ​ ✓ ✓ ​ ​ ​ ​ ​ ​ ​ ​

Kumari et al. 
(2017)

2017 ✓ ✓ ​ ​ ​ ​ ​ ​ ​ ✓ ✓ ​

Udovičić 
et al. 
(2016)

2016 ✓ ✓ ✓ ✓ ​ ​ ​ ​ ​ ✓ ​ ​

Naseer and 
Hong 
(2015)

2015 ✓ ​ ✓ ✓ ​ ​ ​ ✓ ​ ✓ ​ ​

Kassab et al. 
(2015)

2015 ✓ ✓ ✓ ​ ​ ​ ​ ✓ ​ ​ ​ ​

This work 2024 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Fig. 1. Framework of this review: BCI: brain–computer interface, OPM: optically pumped magnetometer, SQUID: Superconducting Quantum Interference Device, 
MEG: magnetoencephalography, PAI: photoacoustic imaging, fNIRS: functional near-infrared spectroscopy, EEG: electroencephalography.
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monitor and interpret brain activity without the need for surgical im
plantation, making them more accessible and less risky for users. 
However, with the introduction of some new sensors, the limitations of 
layout or sensor arrangement have been alleviated. Therefore, in Section 
2.1.1, we have expanded the traditional definition of “noninvasive BCI.” 
Furthermore, if BCI sensors achieve continuous and real-time moni
toring of neural signals in daily environments, they can provide valuable 
insights into cognitive states, neurological disorders, and human- 
computer interactions. However, due to current technological limita
tions, the definition of wearable BCIs remains somewhat ambiguous. 
Therefore, in Section 2.1.2, we have clarified the definition of “wearable 
BCI.”

Subsequently, in Section 2.2, we discuss the dimensions of BCI, 
categorizing BCIs into ESAD sensors (Section 2.2.1) and BOLD sensors 
(Section 2.2.2). We further discuss their sensing theories, limitations, 
and future development directions.

2.1. Wearable and noninvasive BCI sensors

This section continues from the previous discussion, focusing on new 
BCI sensors, especially those with the potential to “replace, restore, 
enhance, supplement, or improve natural CNS outputs.” It is important 
to clarify that this review does not include wearable devices like Google 
Glasses (Olexa et al., 2024) or fitness bands (Mitro et al., 2023), which, 
despite their significant roles in assisting surgeries and monitoring vital 
signs, cannot be classified as BCI devices.

2.1.1. Noninvasive Devices
BCI sensors are primarily categorized into three types based on their 

mode of acquisition: invasive BCI, semi-invasive BCI, and noninvasive 
BCI (Rao, 2013). This review focuses on noninvasive BCI sensors, which 
are typically non-surgical, do not enter the body (Song et al., 2021), and 
are generally placed outside the scalp (Zhuang et al., 2020). However, 
with technological progress and innovation in experimental paradigms, 
some new sensors are designed to be placed in ear (Fig. 2(a) (Kaongoen 
et al., 2022; Wang et al., 2023)), to reduce the attenuation of signals by 
scalp or skull, or even in the mouth (Fig. 2(b) (Tierney et al., 2021)) for 
detecting hippocampal signals. Furthermore, some novel sensors like 
OPM-MEG have extended paradigms to the spinal cord, enabling 
non-invasive magnetospinoencephalography for recording cortical 
evoked responses (Mardell et al., 2024). Although these sensors partially 
enter the body, they remain nonsurgical and nontraumatic. These 
methods significantly enhance the application paradigms and efficacy of 
noninvasive sensing technologies by acquiring more precise biological 
signals without causing harm to the body. Therefore, in this review, we 
extend the definition of noninvasive to include nonsurgical and non
traumatic sensors.

2.1.2. Wearable devices
Regarding wearability, most BCI devices still require external wiring 

for signal transmission or power supply owing to technical limitations. 
Therefore, the current definition of wearable BCI devices is vague. This 
paper refers to the general definitions of wearable devices (Ometov 
et al., 2021; Seneviratne et al., 2017) and considers true wearable BCI 
devices as those that can independently detect the physiological and 
environmental data of the user without the need for external wiring for 
information transmission or power supply. Furthermore, the devices 
perform data processing and decision-making on cloud or edge plat
forms, assisting users or being used by users to perform microtasks. It is 
worth noting that the weight-comfort assessment scales and measure
ment results for wearable BCI devices are significantly underdeveloped 
compared to similar virtual reality or headphone devices, even 
leveraging well-documented weight distribution—approximately 250 g 
for nasal support, 780 g for ear clamping support, and 1100 g for head 
support (Møller et al., 1995; Zhuang et al., 2019), theoretically, the total 
weight of a wearable BCI device, including its direct head connections 
(e.g., cables), should not exceed 2.13 kg to maintain a reasonable level of 
comfort. Table 2 compares the advantages and drawbacks of currently 
available noninvasive BCI devices, and their weights directly connected 
to the head and whether they exceed 2.13 kg threshold.

For large devices (weighing over 2.l3 kg), X-ray computed tomog
raphy (CT) has been commonly used for lesion detection in disease 
diagnosis. Moreover, combining it with PET or SPECT can improve the 
specificity and effectiveness of functional imaging (Golan et al., 2020; 
Russo et al., 2016). Nevertheless, these techniques use ionizing radia
tion, raising safety concerns with frequent use. To avoid exposure to 
ionizing radiation, functional magnetic resonance imaging (fMRI) is 
utilized as a non-ionizing alternative for clinical diagnostics. However, 
fMRI suffers from low temporal resolution (Lloyd-Fox et al., 2010) and 
bulky equipment, which limits its suitability for real-time monitoring.

In medium and small-sized devices (with connected parts weighing 
up to 2.13 kg), optical methods represented by optical coherence to
mography (OCT) can be used for high-specificity, high-temporal-reso
lution detection of blood vessels. However, the limitations of light 
propagation make it only suitable for small animals (Chen et al., 2016). 
Ultrasound (US) imaging is used for carotid imaging and stroke analysis 
because it provides detailed anatomical and hemodynamic information. 
However, the tissue specificity of the US is relatively low, and ultra
sound coupling agents are required to address the impedance mismatch 
between different media. This tends to limit its feasibility as a wearable 
device for long-term monitoring (Yang et al., 2021a,b).

Potential noninvasive wearable BCI sensors primarily include EEG 
(Chen et al., 2014), OPM-MEG (Hill et al., 2022), fNIRS (Chen et al., 
2021), and PAI (Yang et al., 2021a,b). A visual comparison of the tem
poral accuracy, spatial accuracy, mobility, and ease of wearability of 
these devices is shown in Fig. 3. A detailed comparison of these four 
different sensing methods is presented in the following sections.

Fig. 2. Extended Definition of Noninvasive Devices: (a) EEG collection in the ear; (b) MEG imaging in the mouth; (c) Noninvasive magnetospinoencephalography 
cortical evoked responses recording (adapted from refs (Mardell et al., 2024; Tierney et al., 2021; Wang et al., 2023).).
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2.2. Modalities of BCI signals

Noninvasive BCIs can be categorized according to the type of bio
logical signals they detect. Currently, there are two main categories: 
ESAD sensors (Section 2.2.1) and BOLD sensors (2.2.2).

This section primarily addresses the reasons for these classifications 
and the corresponding sensing principles. It also introduces the limita
tions of these sensing types from a theoretical perspective. Notably, to 
address the shortcomings of single-mode sensing, a multimodal 
approach that combines these two dimensions of sensors is discussed in 
detail in Chapter 0.

2.2.1. Electrophysiological-Signal-Activity-Dependent (ESAD) sensors
Observing neuronal electrical activity can be described as “capturing 

electrophysiological signals produced by the synchronous dendritic 
currents in a cluster of neurons.” Specifically, for the noninvasive cap
ture of neuronal electric/magnetic fields, the neuronal assembly should 
form a functional entity (neuronal cluster). This is because a sufficiently 
large group of neurons should gradually operate in a coordinated 
manner and organize spatially, where the dendrites of multiple neurons 
generate electrical currents simultaneously. This synchrony can signif
icantly amplify the electrical signals, producing local field potentials 
(LFPs) and local magnetic fields (LMFs), which are collectively referred 
to as cortical sources (CSs) of electrophysiological signals, forming the 
theoretical basis for EEG and MEG signal measurements (da Silva, 

2013). According to the measured data, various source localization 
methods can be employed, such as the classical minimum norm esti
mation (MNE) (Sarvas, 1987) and its variants, including weighted MNE 
(Lin et al., 2006) and spatial smoothing constraints MNE 
(Giraldo-Suarez et al., 2016). Additionally, recent advancements in deep 
learning and data-driven approaches (Ieracitano et al., 2022) have been 
increasingly applied to source localization, with several hybrid methods 
also being proposed.

EEG and MEG are commonly used methods in the neurocognitive 
field, involving experimental paradigms that mostly deal with event- 
related potentials or event-related fields (ERFs). These are rapid and 
relatively short-lived brain activities precisely locked in time with 
certain cognitive events (Cohen, 1972; Cohen and Cuffin, 1983; Nie
dermeyer, 2011; Thielen et al., 2015; Verbaarschot et al., 2021), and 
non-event-related noise can be eliminated, making event-related signals 
more prominent. This method is applicable to conditions such as con
sciousness disorders (Huang et al., 2019; Pan et al., 2018; Xie et al., 
2018), Parkinson’s disease (Kasahara et al., 2018), paralysis (Han et al., 
2019; Nicolelis et al., 2022; Verbaarschot et al., 2021), stroke (Lu et al., 
2020; Miao et al., 2020; Sebastián-Romagosa et al., 2020), depression 
(Acharya et al., 2018), autism (Amaral et al., 2018), sleep disorders 
(Runnova et al., 2021), and even drug addiction detection (Gao et al., 
2025). However, cortical electrical signals must traverse multiple layers 
of tissue with varying electrical properties and complex structures 
before reaching the scalp. The differing conductivities of the 

Table 2 
Comparison of various noninvasive BCI technologies.

Technology Imaging Mechanism Spatial 
Resolution

Imaging Depth Equipment Weighing less than 
2.13 kg

Ionizing 
radiation

Ref.

X-ray CT X-ray absorption High Whole-brain No Yes Russo et al. (2016)
PET/SPECT Positron/photon annihilation High Whole-brain No Yes Russo et al. (2016)
MRI Nuclear magnetic resonance High Whole-brain No No Cao et al. (2023)
MEG 

(SQUID)
Magnetic Induction High Below cortical 

surface
No No Weinstock (2012)

MEG (OPM) Magnetic Induction Moderate to 
High

Below cortical 
surface

Yes No Brookes et al. 
(2022)

US Ultrasound scattering Moderate <3 mm in soft 
tissue

Yes No Zhou et al. (2024)

PAI Light absorption Moderate to 
High

Below cortical 
surface

Yes No Yang et al. (2024b)

EEG Electroencephalography of brain 
activity

Low Below cortical 
surface

Yes No Burle et al. (2015)

fNIRS Light reflectance Low Below cortical 
surface

Yes No Sangani et al. 
(2015)

Fig. 3. Overview of temporal and spatial accuracies of various sensing methods.
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cerebrospinal fluid, skull, and skin influence the LFP (DEL et al., 2008; 
Hortal et al., 2015; Yang et al., 2024a) but have less impact on the LMF 
(Barry et al., 2016). Besides signal distortion before reaching the scalp, 
the impedance between the scalp and electrodes presents a major 
challenge for EEG signals, which still depend on wet electrode caps for 
stable and reliable data collection. However, the conductive gel used in 
wet electrodes dries over time, resulting in performance degradation 
and limiting their suitability for long-term EEG recording (Zhang et al., 
2023). To address these issues, researchers have developed hydrogel 
electrodes (Hsieh et al., 2022; Shen et al., 2021), comb-shaped active dry 
electrodes (Lin et al., 2019; Pourahmad and Mahnam, 2016), and 
ring-shaped micro-needle dry electrodes (Li et al., 2021). Nevertheless, 
the contact impedance between dry electrodes and the hairy scalp is 
generally higher than that for wet electrodes (Zhang et al., 2023). 
Therefore, attention has turned to MEG devices that do not require a 
medium for direct skin contact.

Although MEG provides comparable or superior spatial resolution 
and signal-to-noise ratio (SNR) to EEG (Hansen et al., 2010), it cannot 
measure radial components. EEG is sensitive to both tangential and 
radial components of dipole sources owing to its scalar nature, whereas, 
in theory, radially oriented dipole sources do not generate a magnetic 
field beyond a spherical volume conductor, making MEG unable to 
detect these components. Hence, the LMFs can primarily reflect the 
magnetic fields produced by tangential dipoles (Ahlfors et al., 2010). 
This involves a discussion of the usefulness of triaxial OPM-MEG sensors 
and multichannel series disturbances, as detailed in Section 3.3.4.

As technology evolves, OPMs-MEG is considered a BCI technology 
that blurs the line between “invasive” and “noninvasive.” In contrast to 
EEG, which requires a conductive medium, the OPMs-MEG does not rely 
on a conductive medium, thus enabling additional flexible sensor 
placement that is not limited to the scalp. For example, sensors can be 
placed in locations that are difficult to reach using traditional MEG or 
EEG technologies, such as the inside of the mouth (Fig. 2(a)). Conse
quently, this enhances the SNR and effectively captures radial dipole 
information. Simulation studies have confirmed that the ideal location 
for detecting magnetic fields in the hippocampus is on top of the oral 
cavity (Tierney et al., 2021).

2.2.2. Blood-Oxygen-Level-Dependent sensors
The observational requirement for BOLD sensors can be specified as 

“capturing changes in the regional Cerebral Blood Flow (rCBF) or Ce
rebral Metabolic Rate of Oxygen (CMRO2) (Roy and Sherrington, 1890) 
to map neuronal activity.” (Adaptation of Hemodynamic-Metabolic 
Methods, based on a century-old theory by Roy and Sherrington, origi
nally included rCBF, cro2, and regional cerebral glucose metabolism. 
Here, considering the need to meet the requirements of noninvasive 
wearable BCIs, the discussion of regional Cerebral Metabolic Rate of 
Glucose is temporarily omitted.) Specifically, the conditions for nonin
vasive capture of blood oxygen saturation fluctuations require that 
neuronal activity in specific brain regions changes significantly and 
should be sufficiently long to cause detectable hemodynamic responses. 
Enhanced brain function is associated with rapid increases in oxygen 
consumption, glucose uptake, metabolism, and blood flow in the acti
vated regions (Filosa, 2010; Sotero and Trujillo-Barreto, 2008). These 
result in increased local blood flow and oxygen saturation. Blood flow 
control by small arteries is spatially well-matched with increased 
neuronal activity, and oxygen demand changes are closely related to 
electrical changes. The synchrony and locality of the blood oxygen 
changes can significantly amplify the variations in blood oxygen levels, 
collectively referred to as cerebral hemodynamic sources (Tomita et al., 
1978) forming the theoretical basis for fNIRS (Turner and Jones, 2003) 
and PAI signal measurements.

Both fNIRS and PAI signals originate from vascular activity; how
ever, their temporal dynamics are poor (~5–8 s) (Horwitz et al., 2000). 
Specifically, fNIRS measures brain oxygenation by detecting variations 
in near-infrared light absorption as it passes through the scalp and brain 

tissue, thereby focusing on changes in blood oxygen saturation (Chai 
et al., 2024; Turner and Jones, 2003). In contrast, PAI technology em
ploys short laser pulses to excite tissue and images by detecting ultra
sonic signals generated by the photothermal effect, providing both blood 
sample signals and structural and functional information (Chai et al., 
2024; Horwitz et al., 2000).

Moreover, owing to the scattering of near-infrared light in tissues, 
the spatial resolution (2–5 mm) and limited detection depth of fNIRS 
(Horwitz et al., 2000) make it difficult to provide precise imaging of 
deep brain tissue. In comparison, PAI offers higher spatial resolution and 
deeper detection depth, as ultrasound signals emit far less scatter than 
light waves (~1000 times). This characteristic makes PAI a highly 
promising technique for deep brain imaging.

3. Novel ESAD sensors — OPM-MEG

In this section, we first review the developmental history of MEG 
technology. Traditional MEG devices are primarily based on the prin
ciples of SQUIDs. Section 3.1 will elaborate on the main differences 
between SQUID and the emerging Optically Pumped Magnetometers 
(OPM). Although OPM technology does not require large external 
equipment or a cryogenic environment like SQUID, some theoretical 
limitations of OPM pose challenges in research and development, which 
will be discussed in Section 3.2. Furthermore, designing an OPM as a 
new type of magnetometer for MEG, attempting to replace the tradi
tional SQUID model, involves several engineering issues, which will be 
thoroughly examined in Section 3.3.

3.1. MEG devices based on SQUID and OPM

MEG records magnetic fields inside or outside the head to produce 
3D images (source localization) that illustrate how LMF change instan
taneously in response to different experimental conditions or cognitive 
demands (Brookes et al., 2022; Cohen, 1972). As shown in Fig. 4, the 
typical strength of the brain’s magnetic field outside the scalp ranges 
from 10 to 100 fT (1 fT = 10− 15 T), which is approximately 10− 9 times 
that of the Earth’s magnetic field. Even though these signals are 
extremely weak, the MEG systems, which are based on SQUID or OPM 
theory (Barry et al., 2016; Williamson et al., 2013), have both demon
strated the ability to detect weak brain magnetic signals, even against 
the backdrop of the Earth’s magnetic field and external electromagnetic 
interference (Presacco et al., 2011).

Based on superconducting Josephson junctions, SQUID emerged as 
one of the earliest quantum sensor techniques in the 1960s to enable the 
detection of magnetic fields inside the brain (Weinstock, 2012). SQUIDs 
have been widely used for geomagnetic and brain magnetic detection, 
achieving measurement sensitivities of up to 10− 3 fT/Hz^1/2 in 
controlled laboratory environments (Simmonds et al., 1979). In prac
tical tests, femtotesla-level (fT) sensitivity can be reached, which is 
essential for detecting weak magnetic fields produced by the brain. 
Currently, SQUID-MEG offers millisecond-level temporal resolution and 
a spatial resolution of approximately 2–5 mm (Bonaiuto et al., 2018), 
with a CS localization accuracy comparable to that of EEG (Cohen et al., 
1990). Many SQUID-MEG sensors are commercially available. However, 
SQUIDs require a cryogenic environment (Around − 269 ◦C) to maintain 
superconducting properties (Cohen, 1972; Hämäläinen et al., 1993), 
necessitating bulky liquid helium dewars for cooling (system weight of 
approximately 450 kg). In addition, owing to temperature consider
ations, the sensors must maintain a vacuum gap within the range of 
17–30 mm from the scalp for insulation. The attenuation of magnetic 
signals is proportional to the square of the distance, which is signifi
cantly increased in subjects with smaller heads, such as children. This 
reduces the signal strength and limiting the experimental paradigms. 
Hence, fixed-position SQUID-MEG systems are cumbersome, as shown in 
Fig. 5(a).

Since 2002, OPMs, which have similar operating principles to MRI 
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and rely on the manipulation of atomic spin properties, have attracted 
considerable attention (Allred et al., 2002; Kominis et al., 2003). Spin is 
the basis of particle magnetic moments and their responses to magnetic 
fields (Tierney et al., 2019). Romalis and Savukov utilized the spin ex
change relaxation-free (SERF) phenomenon (Kominis et al., 2003) to 
effectively reduce the decoherence within the atomic spin system by 
increasing the temperature, which significantly enhanced the sensitivity 
of OPM-MEG (~10 fT/Hz^1/2) (Savukov and Romalis, 2005). Fang et al. 
further studied the effects of coherence loss among atoms at near-room 
temperatures (Fang et al., 2015). There has been significant develop
ment in recent years regarding OPM-based sensors (Allred et al., 2002; 
Borna et al., 2017; Dupont-Roc et al., 1969; Kominis et al., 2003; Shah 
et al., 2007; Shah and Wakai, 2013), which are considered highly suit
able for MEG measurements (Alem et al., 2014; Alem et al., 2017; Boto 
et al., 2017; Johnson et al., 2010; Johnson et al., 2013; Kamada et al., 
2015; Kim et al., 2014). In 2018, Boto et al. applied OPM technology to 
wearable MEG devices (Boto et al., 2018) and achieved precise brain 
activity measurements, as shown in Fig. 5(b). Compared with SQUID 
devices that require liquid helium cooling systems, OPM technology 
does not require expensive cooling systems, significantly reducing the 
operational and maintenance costs of the equipment and allowing sen
sors to be positioned closer to the subject’s brain. This advantage 

enhances sensitivity to CSs and ensures consistency across varying head 
shapes and sizes, which can differ by factors of 3–5 (Boto et al., 2016; 
Iivanainen et al., 2017). Although the precision in a laboratory envi
ronment is 10 times lower than that of SQUIDs, subjects wearing sensors 
can perform tasks and move relatively during brain activity recordings 
(Aslam et al., 2023).

The core of an OPM typically consists of a chamber filled with a 
vapor containing 87Rb (Boto et al., 2018) or 4He (Gutteling et al., 2023) 
atoms. The magnetic moments of the Rb atoms are randomly oriented in 
the absence of an external magnetic field. However, when a beam of 
circularly polarized light at 795 nm (tuned to the D1 transition of Rb) is 
introduced to polarize the atomic spins, the atoms continuously absorb 
photons until their spin magnetic moments align with those of the laser 
beam. In this state, the atoms cannot absorb additional photons, 
rendering the vapor transparent to the laser and maximizing the light 
detected by the photodiode at the backend. This phenomenon is known 
as the “zero-field resonance.”

When the chamber is affected by varying magnetic fields, such as 
those emanating from the brain, a magnetic dipole’s moment in the 
magnetic field, B, experiences not a force but a torque given by: 

Fig. 4. Magnetic field strength distribution.

Fig. 5. SQUID-MEG and OPM-MEG systems: (a) SQUID-MEG system (from Zhang Jiang Brain Image Center); (b) Comparison of single-channel sizes of commercial 
OPM-MEG systems, (c) QuSpin’s commercially available third-generation OPM-MEG helmet and external equipment, with a helmet weight of approximately 2 kg. 
(adapted from ref (Boto et al., 2018).).
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τ→= μ→× B→= − γ S→×B=
d S→

dt
, (1) 

From this, the external magnetic field causes the atoms to precess at 
the Larmor frequency ωL = |γB|, where γ is the gyromagnetic ratio of the 
atom, reducing the net alignment of the magnetic moments, which al
lows the atoms to absorb light again. By detecting changes in light po
larization, the magnetic field can be measured, which is the principle of 
a non-polarization-modulated single-beam OPM, also used in most early 
commercial sensors for magnetic field detection (Boto et al., 2022; 
Dupont-Roc et al., 1969; Savukov et al., 2017) (as seen in Gen1 and 
Gen2 in Fig. 5(b)). Recently, new commercial sensors have been intro
duced in a three-axis form (Gen3 in Fig. 5(b) and the system composed of 
three-axis sensors in Fig. 5(c)) but the benefits, frequency effects, and 
the associated multi-channel series disturbances brought by multiple 
axes are worth discussing, as detailed in 3.3.4.

Table 3 presents a comparison of devices from previous studies, and 
the trend analysis suggests that, since its (Kominis et al., 2003) initial 
design already achieved precision levels nearly comparable to SQUID, 
the current development directions focus primarily on miniaturization 
(Fang et al., 2014; Griffith et al., 2010; Johnson et al., 2010; Schwindt 
et al., 2004), multi-channel integration (Johnson et al., 2010; Kim et al., 
2014; Li et al., 2006; Wyllie et al., 2012), cryogenic or 
room-temperature operation (Fang et al., 2015; Gerginov et al., 2017; 
Ledbetter et al., 2008), and unshielded designs (Limes et al., 2020; 
Zhang et al., 2020).

3.2. OPM-MEG’s theoretical limitations and solutions

In the theory of OPM-MEG, relaxation time is the most significant 
factor influencing performance. It can be conveniently adjusted by 
modifying the atomic density or the volume of the cell, but the relaxa
tion time simultaneously affects the balance between sensitivity and 
response bandwidth (Tierney et al., 2019). To reduce 1/f noise and meet 

the requirements of multi-axis vector detection, current methods typi
cally add an oscillating magnetic field at a certain frequency. The 
original magnetic field value is then obtained using a phase-locked loop, 
which further introduces nonlinearity into the sensor. Therefore, the 
current focus of theoretical research is on how to enhance sensitivity 
without adversely affecting nonlinearity and response frequency.

3.2.1. Relaxation effects and sensitivity
The biggest issue with OPM devices developed based on microscopic 

theories at the macroscopic scale is relaxation, arising from (1) spin- 
exchange collisions among atoms leading to polarization loss Rse, (2) 
spin-destructive collisions between atoms or with other molecules 
causing depolarization Rsd, and (3) collisions of atoms with the walls of 
the gas chamber Rwall (Allred et al., 2002; Kornack, 2005). According to 
the sensitivity formula (Ledbetter et al., 2008): 

δB=
1

γ
̅̅̅̅̅̅̅̅̅̅
nτVt

√ , (2) 

where n denotes the atomic number density, V is the effective volume 
used in measurements, and t is the measurement time. The primary 
limiting parameter for sensitivity is the relaxation time τ (Kominis et al., 
2003; Purcell and Field, 1956). To mitigate this limitation, the vapor is 
heated to approximately 150 ◦C to reduce coherence loss owing to 
atomic collisions (Boto et al., 2018). Furthermore, when atoms are in the 
SERF state, considering precession, pumping, and relaxation effects 
together, the macroscopic description of the atomic spins evolving in a 
magnetic field using the Bloch equations can be simplified to the SERF 
state OPM formula: 

dS
dt

= γS×B +
1
τ (S0 x̂ − S) (3) 

Equation (2) precession term γS × B describes the precession motion 
of the magnetization vector S under the spin vector B, where the 
relaxation term 1

τ (S0 x̂ − S) describes the relaxation process of the 

Table 3 
Representative OPM-MEG studies with different atoms and cell temperatures.

Year Affiliations Gas Cell 
Material

Temperature 
(◦C)

Accuracy (fT/ 
Hz^1/2)

Require 
shielded

Peculiarities Ref.

2003 Princeton University K 180 0.54 Yes,room Achieved 2 mm magnetic field source localization Kominis et al. 
(2003)

2004 NIST Rb 152 70 / Fabricated using MEMS technology Schwindt et al. 
(2004)

2006 University of 
Wisconsin-Madison

Rb 188 60 Yes, bucket Conducted a 20-channel experiment and compared 
results with a 306-channel SQUID-MEG system

Li et al. (2006)

2008 University of 
California, Berkeley

Cs 103 40 Yes, bucket Introduced the use of uncommon elements to achieve 
lower operating temperatures

Ledbetter et al. 
(2008)

2010 NIST Rb 200 5 Yes, bucket Developed a 1 mm3 cell via silicon wafer etching, 
ensuring accuracy

Griffith et al. 
(2010)

2010 Princeton University K 200 0.16 Yes, bucket Assessed magnetometer performance under ultra- 
high temperature conditions (420 ◦C)

Dang et al. 
(2010)

2010 NIST Rb 190 5 Yes, bucket Employed two different wavelengths for optical 
pumping and detection

Johnson et al. 
(201))

2012 University of 
Wisconsin-Madison

Rb 158–170 6–11 Yes, bucket Developed a modular design with fiber coupling for 
array configurations

Wyllie et al. 
(2012)

2014 Korea Institute of 
Standards Science

K 200 4 Yes, bucket Conducted source localization of auditory evoked 
fields using equivalent current dipoles

Kim et al. 
(2014)

2014 Beihang University K-Rb 195 5 Yes, bucket Optimized an OPM using a mixture of two alkali 
metal elements

Fang et al. 
(2014)

2015 Beihang University Cs 85 55 Yes, bucket Reported on a very low temperature project Fang et al. 
(2015)

2017 NIST Rb 85 300 Yes Investigated pulsed light sources in very low 
temperature environments

Gerginov et al. 
(2017))

2020 Princeton University Rb 100 16 No Conducted an unshielded, very low temperature 
experiment

Limes et al. 
(2020)

2020 Peking University Cs ~25 4 No Conducted an unshielded, room-temperature 
experiment

Zhang et al. 
(2020)

2022 Peking University Rb 150 / Yes, bucket Investigated multimodal fusion techniques Ru et al. (2022)

K: Potassium; Rb: Rubidium; Cs: Cesium; NIST: Time and Frequency Division National Institute of Standards and Technology; MEMS: microelectromechanical systems 
technology.
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magnetization vector S toward the equilibrium state S0 x̂, where τ de
notes the relaxation time and, S0 is the spin polarization when there is no 
magnetic field and pumping and relaxation are balanced.

3.2.2. Balance of sensitivity, response nonlinearity, and response 
bandwidth in OPM systems

By reducing the relaxation time, the system becomes highly sensitive 
to small magnetic field changes, but it also becomes susceptible to low- 
frequency 1/f noise (Osborne et al., 2018). One effective solution is to 
modulate the amplitude of the polarization and employ lock-in detection 
technology to measure this modulation. According to the theories pro
posed by Rev et al. (Cohen-Tannoudji et al., 1970), by applying two 
modulation fields that are phase- or frequency-separated, magnetic 
fields in two directions perpendicular to the beam can be measured 
simultaneously. Thus, frequency modulation is commonly used in the 
OPM field, adding modulation magnetic fields at frequencies ωx and ωz, 
and in the presence of an external magnetic field |B|≪ ΔB, the optical 
pumping response in the X-axis direction can be derived from equation 
(3): 

Sx =
S0

ΔB2

[
ΔBBy +Bx0Bz0 +Bx0Bm

z cos(ωzt)+Bz0Bm
x cos(ωxt)

]

+
S0

ΔB2

[
Bm

x Bm
z cos (ωx +ωz)t+Bm

x Bm
z cos (ωx − ωz)t

]
(4) 

Therefore, OPM-MEG can employ a lock-in amplifier to demodulate 
the output signal for frequency components ωx and ωz to obtain the bias 
fields Bz and Bx. After establishing a feedback compensation mechanism, 
the DC component of the output signal is only proportional to By. Thus, 
the three-axis magnetic field vectors can be demodulated from the 
components of the output signal, using this beam for both pumping and 
detection (Sun et al., 2023).

The steady-state solution of the macroscopic equation (4) illustrates 
the combined effect of optical pumping and magnetic fields on polari
zation. Polarization along the laser axis (Px) showing an absorption 
curve, while the polarization along another axis (Py) has a dispersive 
shape.

Due to its dispersive curve characteristics, the sensor can distinguish 
between positive and negative magnetic field changes, classifying it as a 
“vector” magnetometer. However, this also implies that the system’s 
response to a broad range of magnetic field changes is nonlinear. For 
instance, if a sensor’s dynamic range is ±1.5 nT, the response curve 
yields a deviation of <1% at 1 nT. However, significant nonlinearities 
are introduced in the response when the sensor encounters larger 
magnetic fields (>15 nT) (Tierney et al., 2019), shown in Fig. 6.

Increasing the relaxation time τ to enhance sensitivity also steepens 

the response curve, thereby narrowing the linear range (see Fig. 7). 
Additionally, as τ is a time constant that determines the interval 
required before another independent measurement can be performed, 
increasing τ results in a reduction of the measurement bandwidth. 
Consequently, a balance must be struck between sensitivity, nonline
arity, and response bandwidth. Presently, the response frequency of 
continuous-wave miniaturized OPM-MEG systems is limited to around 
100 Hz (Tang et al., 2021; Tierney et al., 2019). A significant 
advancement was made with the introduction of pulsed pump light 
sources. Tang et al. achieved an accuracy of 60 fT/√Hz at 10 kHz using 
pulsed pump sources (Tang et al., 2022). However, the complexity of 
this optical design introduces challenges for miniaturization.

3.3. Engineering limitations and current solutions for OPM-MEG

Beyond the theoretical challenges of balancing sensitivity, response 
nonlinearity, and bandwidth, practical engineering applications 
encounter numerous issues not faced by traditional noninvasive sensors 
like Temperature and Flex Cap Registration Issues in 3.3.1, Improve
ments in “10–20” System Placement in 3.3.1, External Magnetic 
Shielding and Dynamic Range Saturation Issues in 3.3.3, or Device 
Crosstalk and Development of Multi-Axis Sensors in 3.3.4.

3.3.1. Temperature and Flex Cap Registration Issues
“EEG-like” flex caps facilitate flexible sensor array arrangements, 

enabling sensors to be positioned closer to the scalp. Furthermore, the 
arrangements reduce the possibility of heat accumulation for sensors in 
enclosed spaces, which helps convect heat away from the head. To 
address the decoherence effects within the 87Rb atomic spin system, 
commercially available devices heat the atomic chambers to above 
100 ◦C, for example, the 150 ◦C used by QuSpin devices, as shown in 
Fig. 5(c).

Therefore, the chambers should be offset from the sensor’s outer 
walls to increase the distance from the brain (~4–6 mm), ensuring that 
the external temperatures of the sensors do not exceed approximately 
40 ◦C. Importantly, when using different vapors, such as 4He, heating is 
not required; however, this results in reduced sensitivity (Fourcault 
et al., 2021; Labyt et al., 2018). In contrast, by using more channels in 
87Rb-based OPM-MEG systems, the additional heat might cause 
discomfort for participants, necessitating active cooling (e.g., air or 
water) in future OPM-MEG systems (Pang et al., 2022a).

Owing to the vector nature of sensors, there is an increased demand 
for precise collection of positions and sensor pitch angles. Existing 
registration methods primarily use structured light scanning (Boto et al., 
2018; Cao et al., 2023) and the iterative closest point (ICP) algorithm to 

Fig. 6. Response curve and nonlinearity issues within a ±1.5 nT dynamic range: (a) Nonlinearity issues must be considered when dealing with data over a large 
processing range. (b) Enlarged view of the boxed area: When examining the curve within the sensor’s dynamic range (±1.5 nT), the linear approximation of the curve 
produces less than 1% deviation at 1 nT.

C. Chai et al.                                                                                                                                                                                                                                     Biosensors and Bioelectronics 278 (2025) 117321 

9 



determine the position and orientation of the sensors precisely. The 
average co-registration position error for all the sensors is close to 1 mm, 
whereas Cao et al. accomplished an average positioning error of less 
than 2.5◦ in the X and Y directions and less than 1.6◦ in the Z direction 
(Cao et al., 2023).

3.3.2. Optimization of OPM-MEG sensor placement within “10–20” system 
framework

The new sensor theory implies that the arrangement suited for its 
data collection may not be directly compatible with the “10–20” system. 
Initially, wearable OPM-MEG sensors were designed using anatomical 
MRI scans of subjects [98]. Newer studies have shown that the minimal 
system unit might be simpler than the EEG using the “10–20” template. 
For example, a previous OPM-MEG study (Fedosov et al., 2021) ach
ieved hand movement imagery with an 8-channel setup (three sensors 
close to the scalp + one sensor further from the scalp, with each sensor 
detecting both radial and tangential axes). Further, they attempted to 
reduce the number of channels to two, concluding that a single sensor 
located at the C3 or C5 position of the “10–20” template (2 channels) 
achieved nearly equivalent binary classification accuracy compared to a 
combined analysis of C3-C5-FC5-ref (8 channels). This suggests that 
OPM-MEG sensors can potentially simplify equipment and enhance 
operational convenience by reducing the number of sensors without 
significantly compromising performance. Future research should further 
explore and optimize the sensor arrangement to enhance the efficiency 
and practicality of BCI systems.

3.3.3. External Magnetic Shielding and Dynamic Range Saturation Issues
Owing to its nonlinearity limitations, the current OPM-MEG equip

ment is easily overwhelmed by its suitable dynamic range. The reasons 
for this include the vector nature of the data structures and external 
magnetic field disturbances. The vector nature means that relative 
movements against a constant magnetic field can also cause fluctuations 
that potentially exceed the dynamic range of the sensor. For example, in 
a “typical” OPM-MEG shielding environment (background field of ~30 
nT), a head rotation of 4◦ can push an OPM beyond its dynamic range 
(+5 nT), making it inoperable. However, even with head movements, 
wearable systems can still collect high-fidelity data with spatial resolu
tion and robustness superior to those of SQUID-MEG (Brookes et al., 
2022).

Regarding the external magnetic field interference, the dynamic 
range of the OPM-MEG is significantly limited, which restricts its 
operation to weak magnetic environments of approximately 10 nT or 
less (primarily within zero magnetic environments inside the shielding 
cylinders). Magnetic shielding devices are often impractical for many 
applications where the test subject is significantly large or the external 
magnetic field fluctuations far exceed 10 nT during testing. For example, 
in geoscience (~50,000 nT), magnetic shielding completely blocks 

signal measurements. A simpler example is the movement of BCI users, 
which may be influenced by changes in the Earth’s magnetic field, 
posing a challenge to the accuracy of MEG data. Because changes in the 
Earth’s magnetic field may mix with the magnetic field signals produced 
by brain activity, real-time correction of these external magnetic in
terferences is necessary. This generally requires advanced magnetic field 
correction methods, such as monitoring the environmental magnetic 
field changes using reference magnetic field sensors and removing these 
disturbances from the MEG data through algorithms. This real-time 
correction technology is crucial for maintaining the reliability and ac
curacy of the data, particularly when measuring complex or dynamic 
environments.

To address the shielding problem, Romalis et al. pioneered research 
on unshielded OPM sensors in 2004 (Seltzer and Romalis, 2004). 
However, the system response bandwidth was approximately 10 Hz, and 
the magnetic noise cancellation effect was poor, ultimately achieving 
only 1 pT/Hz^1/2 sensitivity. By 2017, Sheng et al. achieved a uniaxial 
sensitivity of 0.5 pT/Hz^1/2 (Sheng et al., 2017), and by 2020, Twin
leaf’s Limes, in collaboration with Romalis’s research team, developed a 
portable gradient magnetic probe (Limes et al., 2020), achieving a 
gradient sensitivity of 16 fT/Hz^1/2 in field geomagnetic environments, 
and successfully measuring human brain magnetic signals in unshielded 
conditions.

3.3.4. Device Crosstalk and Development of Multi-axis sensors
Whether it is multi-axis modulation to measure multi-axis magnetic 

fields or shielding external magnetic fields, nearby sensors can be 
affected because the amplitude of the modulation fields maybe 50–100 
nT, whereas the magnitude of the DC bias zero fields maybe 2–50 nT. As 
more complex multi-axis sensors have been developed, serial distur
bances may become more severe compared to single-axis sensors 
(Brookes et al., 2021). To date, no experiments involving three-axis 
sensors have been reported.

Additionally, as discussed in 2.2.1, if the object being detected 
(human brain) lacks radial components, whether it is worthwhile to 
perform three-axis measurements in OPM-MEG has been debated. 
Theory (Sarvas, 1987) suggests that the head can be assumed to be a 
spherical homogeneous conductor with a current-free extracranial 
space, given that the radial field components at all points on the con
ductor’s surface are known. This assumption can be used to derive the 
local magnetic scalar potential. Subsequently, the scalar potential can be 
used to derive the 3D vector field. Therefore, apart from the information 
obtained from the radial fields alone, independent measurements of the 
tangential field components do not provide additional information; 
hence, theoretically, the value of the three-axis measurements is limited.

However, in practical MEG experiments, adding three-axis mea
surements has three theoretical impacts (or advantages): 

Fig. 7. MEG system sensor positioning diagram: (a) three sensors positioned in direct contact with the scalp; (b) reference sensor positioned 7 cm above the C3 sensor 
(adapted from ref. (Fedosov et al., 2021)).
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1) Limited spatial sampling implies that we do not know the radial field 
at all locations, resulting in gaps in sensitivity to potential sources, 
particularly for shallow currents beneath the radial sensors. Three- 
axis measurements can fill these gaps.

2) Not all magnetic fields originate within the brain; interference from 
other sources (e.g., biological, environmental, or cross-sensor dis
turbances) will be detected, which can be better characterized (and 
ultimately eliminated) via three-axis rather than radial measure
ments (Brookes et al., 2021).

3) As shown in Fig. 2(a), measurement points in non-traditional loca
tions (such as the oral cavity) enable in-body measurements, 
bringing new axial measurement requirements (Tierney et al., 2021).

4. Novel BOLD sensors — introduction to PAI

The photoacoustic (PA) effect was discovered by Alexander G. Bell in 
1880 (Wang and Wu, 2007).With advancements in lasers, ultrasonic 
transducers, and computer technology, PAI has been explored for de
cades based on the PA effect. Fig. 8(a) illustrates the principle of PAI. 
The PA effect typically begins when pulsed light strikes the target tissue, 
and the energy of the photons is absorbed by molecules within the tissue 
(Step 1). The energy is converted to heat, leading to a transient increase 
in temperature. Owing to the thermoelastic expansion, the pressure 
within the tissue increases (Step 2). This pressure propagates in the form 
of photoacoustic waves, which are detected by ultrasonic sensors (Step 
3). Finally, photoacoustic images are obtained through computer cal
culations based on signal processing and image reconstruction (Step 4). 
(Yang et al., 2024b).

PAI technology combines the advantages of optical and ultrasonic 
technologies, providing high resolution, specificity, and excellent 
penetration depth (Pang et al., 2022b). It is a relatively new 
non-ionizing radiation medical imaging method. Compared with tradi
tional optical imaging methods such as fNIRS, PAI also provides rich 
biochemical information. Molecules with strong absorption in biological 
tissues, such as hemoglobin (Guggenheim et al., 2015), melanin (Longo 
et al., 2017), and lipids (Guggenheim et al., 2015), are endogenous 

targets for PAI (Zheng et al., 2022). Recent research on small animals 
and even human brain microvasculature has demonstrated the potential 
of PAI for detecting brain injuries (Bodea and Westmeyer, 2021), sup
porting its application in brain imaging. Many researchers in BCI are 
leveraging the combined benefits of optical specificity and acoustic 
penetration from PAI to bridge the gap between resolution and pene
tration depth in brain imaging (Yang et al., 2021a,b).

Currently, photoacoustic imaging technology faces numerous chal
lenges in practical applications. Beyond simple obstructions such as the 
skull, gray matter, and white matter that can affect imaging clarity 
(Yang et al., 2021), interface impedance matching is the most significant 
factor (Chai et al., 2024). As sound waves propagate through different 
media (such as skin, air, or sensors within devices), impedance mis
matches can cause wave reflections and signal attenuation, impacting 
image quality. To address this issue, specific ultrasonic coupling agents 
or new sensor materials and designs are typically needed to improve the 
efficiency of sound transmission and image clarity. Recent innovations 
such as flexible ultrasonic sensors (Zhou et al., 2024) and injectable 
ultrasonic sensors (Tang et al., 2024) have made significant contribu
tions to solving the problem of interface impedance matching. However, 
further research and development are needed to address artifacts caused 
by impedance issues in internal cavity organs like the ear canal or 
esophagus ((Yang et al., 2025)).

Additionally, the miniaturization of imaging interfaces and time 
constraints limit the development of wearable photoacoustic devices for 
human use. Due to significant variations in human skin thickness, color, 
and the depth of internal vascular networks (Waller and Maibach, 
2005), miniaturized PAI systems must have adjustable focus capabilities 
Fig. 8(b). A breakthrough occurred in the present study with the wear
able PAI watch developed by Zhang et al., (2024), featuring adjustable 
focal planes, which weighs only 40 g and uses micro stepper motors to 
adjust the focal plane as shown in Fig. 8(c).

However, despite this advancement, the imaging speed does not 
meet the time requirements for BCI applications. PAI commonly em
ploys two imaging modes: the scanning mode and matrix detection 
mode. In the single-point scanning mode used in miniaturized systems 

Fig. 8. Principle and practical application of PAI: (a) Schematic of the PAI principle; (b) schematic showing light excitation and sound wave production in multi- 
layered skin with adjustment of the focus of the light beam; and (c) an actual PAI based watch (adapted from refs (Yang et al., 2021a,b; Zhang et al., 2024).).
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such as the one described in (Zhang et al., 2024), even with a light 
source operating at a maximum repetition rate of 2.5 kHz, capturing a 
single 500 × 500 pixel image takes 100 s. For precise brain imaging, we 
typically use the matrix detection mode, which employs 128 or more 
ultrasound array sensors (Yang et al., 2024a). However, this introduces 
new challenges related to the complexity and portability of such 
systems.

5. Current challenges and perspectives of multimodal BCI

In the field of noninvasive BCIs, multimodal data fusion is becoming 
increasingly popular. This approach aims to integrate the advantages of 
different measurement technologies to provide more comprehensive 
monitoring of brain activity. Multimodal BCIs integrate these technol
ogies, aiming to deliver a more comprehensive understanding of brain 
activity. This section will explore the motivations and current challenges 
in Section 5.1, and future research directions of multimodal BCI in 
Section 5.2.

It is important to clarify that, following the discussion in Section 
2.1.2, this review does not consider any data fusion involving medium to 
large equipment, such as PAI with ultrasound (Wang et al., 2016) or MRI 
(Ni et al. 2018a, 2018b). Therefore, the focus is solely on combinations 
of EEG, fNIRS, OPM-MEG, and PAI.

5.1. Reasons for choosing multimodal data fusion and current challenges

Among the combinations of two sensors, the most representative is 
selecting one sensor based on neuronal electrical activity and one based 
on blood oxygen changes. These combinations can simultaneously 
measure the electrophysiological and hemodynamic activity in the 
brain, providing rapid and dynamic information as well as precise blood 
oxygen and spatial localization. This holds potential value for studying 
the substrates and mechanisms of neurovascular coupling in both 
healthy individuals and patients with conditions such as hypertension, 
Alzheimer’s disease, and ischemic stroke (Girouard and Iadecola, 2006; 
Uchitel et al., 2021).

Before the advent of OPM-MEG, because both EEG and fNIRS are 
designed to support and accelerate clinical translational research in 
hospitals and small clinics, emphasizing low cost, portability, and suit
ability for long-term monitoring of subjects in both clinical or even non- 
clinical settings (Fang et al., 2022; Uchitel et al., 2021), BCI device 
research often employed combined EEG-fNIRS systems to enhance the 

information dimensionality and increase classification accuracy 
(Casson, 2019; Li et al., 2017). EEG-fNIRS has been proven applicable 
for conditions like stroke (Li et al., 2020a), Parkinson’s disease (Abtahi 
et al., 2020), and epilepsy (Sirpal et al., 2019). Among other fusion 
projects, Xi (Xi et al., 2017) and Wang (Wang et al., 2014) completed an 
EEG-PAI fusion project in rats, while there have been few projects fusing 
SQUID-MEG with fNIRS till 2024 (Marhl et al., 2024). However, it is 
noteworthy that after the introduction of OPM-MEG, Ru et al. completed 
a fusion of MEG-EEG-fNIRS, proving the feasibility of simultaneously 
measuring brain electrophysiology and hemodynamic responses with 
these modalities (Ru et al., 2022) (Fig. 9).

Although there have been a large number of multimodal BCI projects 
(Liu et al., 2021b; Uchitel et al., 2021), the combination of several 
completely discrete systems presents several major challenges (Xi et al., 
2017): 

(1) Spatial Synchronization

In multimodal BCI applications, traditional devices such as EEG and 
fNIRS use wearable soft caps to collect data (Kassab et al., 2015). 
However, owing to the fundamental differences in their physical con
struction and functional principles, it is challenging to share sensors or 
measurement points in the same setup. Bulky fNIRS fibers, EEG cables, 
and electrodes compete for space on the head (Ahn and Jun 2017), 
posing mechanical and structural challenges when coupling EEG elec
trodes with fNIRS light sources and detectors. 

(2) Temporal Synchronization

Ensuring sufficient temporal precision and synchronization for 
simultaneous fNIRS and EEG recordings is challenging (Uchitel et al., 
2021). Common solutions include aligning timestamps, using a central 
synchronization control system, and sharing certain hardware compo
nents. Aligning timestamps ensures that data collected from different 
devices can be precisely matched on a timeline, whereas a central syn
chronization control system starts all measurement devices at the same 
time through a unified trigger mechanism to ensure synchronous data 
collection. 

(3) Inter-device Crosstalk

Customized EEG sensors composed of Ag/AgCl powder sintered into 

Fig. 9. Structure of EEG-EMG-fNIRS three-mode fusion. (adapted from refs (Ru et al., 2022).).
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silver-plated copper wire are required to ensure that the residual mag
netic fields they generate are below 50 pT and do not cause changes in 
the power spectral density of the OPMs (Ru et al., 2022). It is also 
necessary to ensure that the frequency reuse of high-channel-count light 
systems does not cause electrical interference with EEG (von Lühmann 
and Müller, 2017).

5.2. Feasibility of using light as a core medium for multimodal sensor 
reuse

Noninvasive BCI sensors based on neuronal electrical activity include 
EEG and OPM-MEG, whereas BOLD sensors include fNIRS and its 
emerging alternative, PAI. Because OPM-MEG uses OP technology that 
can produce laser light, it has a natural potential for reuse with BOLD 
sensors such as fNIRS and PAI, which also require a light source. We 
describe in this section both theoretical and structural perspectives on 
the feasibility of sharing light sources between OPM-MEG’s optically 
pumped technology and BOLD sensors.

5.2.1. Reasons why OPM-MEG and fNIRS cannot share light sources
Although OPM-MEG and fNIRS use light sources, fNIRS cannot share 

its light source with OPM-MEG because fNIRS light sources must be 
activated according to a precise timing sequence to avoid signal inter
ference between different light sources (Zhou et al., 2020). Moreover, 
this time-division multiplexing technique requires strict timing control 
for the activation and deactivation of each light source. fNIRS relies on 
detecting how light is scattered and absorbed by the brain tissue, which 
is highly sensitive to the timing of light source activation. If not properly 
managed, this can lead to data capture errors and affect the accuracy of 
the experimental results (Li et al., 2020b).

Therefore, although fNIRS provides benefits such as low equipment 
cost and ease of operation, its application in advanced brain function 
imaging is constrained by its limited spatial resolution and detection 
depth, as well as the high demand for light source timing control. These 
limitations render it impractical for fNIRS to share equipment with a 
more technologically complex OPM-MEG. This timing is a significant 
barrier to the application of fNIRS in multimodal brain imaging.

5.2.2. Reasons why OPM-MEG and PAI can share light sources

5.2.2.1. Theoretical basis for sharing light sources between OPM-MEG and 
PAI. Regarding the wavelength of light, most modern atomic magne
tometers, particularly those with significant pressure broadening such as 
SERF atomic magnetometers (Kornack, 2005), use laser light with a 
linewidth much narrower than the atomic D1 and D2 transitions. Thus, 
incident light can be considered monochromatic and suitable for PAI 
because its purity can enhance the image quality. In addition, unlike 
fNIRS, PAI detects ultrasonic signals triggered by light pulses, and to 
enhance these signals, additional light sources may be required to 
strengthen the photoacoustic response. Thus, PAI can use multiple light 
sources to improve imaging speed and spatial resolution without strict 
timing constraints.

However, a major challenge for the technological reuse of OPM-MEG 
with PAI is that the traditional Bell-Bloom scheme proposed by Bell and 
Bloom in the 1970s (Bell and Bloom, 1961) relies on a continuous laser 
source to maintain stable atomic polarization, whereas PAI requires 
pulsed lasers to generate sufficient energy density for thermoelastic 
expansion. Although the wavelengths of the two techniques may over
lap, their modes of light source usage differ significantly.

Nevertheless, in 2017 Gerginov et al. found that designing the light 
source in the magnetometer as pulsed improved performance, with 
performance improving as the duty cycle shortened and peaking at a 
1.25% duty cycle (Gerginov et al., 2017). In the same year, Zhang et al. 
from Peking University used closed-loop feedback to modulate the pump 
light frequency and track the Larmor precession frequency. Thereby 

they achieved an extremely high common-mode noise suppression ratio 
for differential signals (Zhang et al., 2020). Subsequent studies also 
extended the dynamic measurement range (Borna et al., 2018) and 
frequency (Tang et al., 2021) of OPM-MEGs using pulsed lasers. This has 
significantly expanded the potential for OPM-MEGs to be adapted for 
PAI.

In summary, for a single-light source system of OPM-MEG and PAI, 
the key is to ensure that a single pulse can complete a full relaxation 
process with the pump light source. In addition, by adding a beam 
splitter (BS) to guide another beam, sufficient initial acoustic pressure 
waves can be generated to enable the ultrasonic probe of the PAI system 
to capture signals. For multilight source systems, the current system’s 
500-μW average power light source can produce 10.2 nJ of energy per 
pulse without modifying the existing pump structure (Gerginov et al., 
2017) according to the photoacoustic-effect formula: 

p(t, r) =Γ
∫

V
β(r)

∂H(t, r)
∂t

dV, (5) 

where p(t, r) represents the sound pressure at position r and time t; Γ is 
the photoacoustic efficiency factor, which is typically related to the 
medium’s thermal expansion coefficient and specific heat capacity; β(r)
is the optical absorption coefficient of the medium at position r; and 
H(t, r) is the time distribution function of light intensity, which indicates 
how laser energy is absorbed by the tissue.

Such pulsed light is sufficient to produce strong initial acoustic 
pressure waves detectable by new types of ultrasonic probes, such as the 
super-low-dose photoacoustic microscopy (SLD-PAM) developed by 
Zhang et al., which can achieve eye or brain imaging at the 1 nJ level 
(Yachao Zhang 17 March 2022). Thus, theoretically, using pulsed lasers 
to provide energy for OPM brain mapping while performing PAI.

5.2.2.2. Hardware structure assumption of OPM-MEG and PAI light source 
reuse. The reuse of hardware devices can include the reuse of ADCs (von 
Lühmann et al., 2016), light sources (Everdell et al., 2005), etc. Dis
cussions on ADC reuse are extensive; here, we primarily explain the 
hardware structure concept for the reuse of light sources that allows 
simultaneous, collocated detection:

For simple uniaxial configurations (where the light source is used 
both for pumping and measuring) in the fusion of OPM-MEG and PAI, 
one can refer to the structure implemented by Sheng et al. for unshielded 
environmental magnetic field calibration (Sheng et al., 2017). A dichroic 
mirror or a beam splitter tailored to specific needs can be used to divide 
the light source between PAI and OPM-MEG, as shown in Fig. 10(a).

For configurations with dual-pulse laser sources, particularly where 
the light source is separate from the pumping in the fusion of OPM-MEG 
and PAI, one can refer to the unshielded SERF atomic magnetometer 
architecture proposed by Romalis and others. In this setup, taking the 
Rb78 vapor cell as an example, the detection (780.2 nm) and pump 
(794.7 nm) light sources are positioned perpendicularly (Seltzer and 
Romalis, 2004; Seltzer, 2008), reusing the pump light source, as shown 
in Fig. 10(b). It is noteworthy that the dual-pulse laser configuration in 
Fig. 10(b) is primarily designed to optimize measurement sensitivity 
based on spectral characteristics. The 794.7 nm (D1 line) transitions 
rubidium atoms to the 5P1/2 state, effectively exciting rubidium atoms, 
while the 780.2 nm (D2 line) transitions rubidium atoms to the 5P3/2 

state, making it more sensitive to magnetic fields and thus suitable as a 
probe light. Additionally, the pump light at the D1 line is also applicable 
for PAI imaging, allowing energy transmitted through the atomic vapor 
cell to be reused, thereby reducing system energy consumption and 
enabling a multimodal system.

Although OPM-MEG and PAI hold great potential in neuroimaging 
and functional imaging, their integrated application still faces engi
neering challenges, particularly regarding temperature effects. PAI re
lies on laser-induced heating to generate ultrasound signals, whereas 
OPM-MEG requires precise temperature control, potentially leading to 

C. Chai et al.                                                                                                                                                                                                                                     Biosensors and Bioelectronics 278 (2025) 117321 

13 



mutual interference. To address this issue, future research could focus on 
two main directions. First, exploring low-temperature SERF magnetic 
sensors based on a mixture of low and high atomic number elements, as 
vapor cells with lower atomic number elements can achieve higher ul
timate sensitivity, while those with higher atomic number elements can 
operate at lower temperatures to maintain sufficient atomic density. A 
promising approach could be to use a mixture of two or more alkali 
metal elements pumped by a pulsed light source, as demonstrated in 
(Fang et al., 2014; Gerginov et al., 2017), to achieve high-precision 
detection near room temperature in future. Second, advancing temper
ature compensation algorithms. The heating model in OPM is similar to 
the continuous light heating structure described in (Duan et al., 2018), 
which can be leveraged to calibrate temperature-PA effects on PAI and 
improve imaging accuracy.

6. Conclusion

As neuroscience and BCI technologies rapidly evolve, wearable 
noninvasive BCI sensors are expanding significantly. This paper refines 
the definition of noninvasive BCIs and estimates the maximum 
comfortable weight for wearable BCI devices through basic statistical 
analysis.

The emergence of novel technologies such as PAI and OPM-MEG 
paves the way for multimodal BCI systems. Given their shared wave
length ranges and similar hardware requirements, future developments 
may focus on integrating key components—such as light sources and 
data acquisition systems, to reduce costs and enhance system flexibility.

However, thermal effects must be considered. Even with active 
cooling, the SERF conditions of OPM-MEG could introduce temperature 
fluctuations that affect PAI, which relies on localized tissue heating for 
mechanical expansion. Promising approaches include developing multi- 
element hybrid alkali metal vapor cells and using pulsed laser sources to 
optimize thermal stability and measurement accuracy. Addressing these 
challenges will be key to advancing robust multimodal noninvasive BCI 
systems.
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