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a b s t r a c t 

Brain-computer interface (BCI) technology represents a burgeoning interdisciplinary domain that facilitates di- 

rect communication between individuals and external devices. The efficacy of BCI systems is largely contingent 

upon the progress in signal acquisition methodologies. This paper endeavors to provide an exhaustive synopsis 

of signal acquisition technologies within the realm of BCI by scrutinizing research publications from the last ten 

years. Our review synthesizes insights from both clinical and engineering viewpoints, delineating a comprehensive 

two-dimensional framework for understanding signal acquisition in BCIs. We delineate nine discrete categories of 

technologies, furnishing exemplars for each and delineating the salient challenges pertinent to these modalities. 

This review furnishes researchers and practitioners with a broad-spectrum comprehension of the signal acqui- 

sition landscape in BCI, and deliberates on the paramount issues presently confronting the field. Prospective 

enhancements in BCI signal acquisition should focus on harmonizing a multitude of disciplinary perspectives. 

Achieving equilibrium between signal fidelity, invasiveness, biocompatibility, and other pivotal considerations is 

imperative. By doing so, we can propel BCI technology forward, bolstering its effectiveness, safety, and depend- 

ability, thereby contributing to an auspicious future for human-technology integration. 
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B

. Brain–computer interface 

In 1924, Hans Berger achieved a seminal milestone in neuroscience

y recording the first electroencephalogram (EEG) from a 17-year-old

ollege student who presented with cranial defects, utilizing clay elec-

rodes for this purpose. This pioneering endeavor marked the inception

f a scientific method for monitoring human brain activity [1 , 2] . Sub-

equently, the intersection between human brain signals and computer

ystems has been an area of intense research, propelled by the evolution

f computer technology which inherently relies on electrical signals for

ommunication. The concept of a brain–computer interface (BCI) was

rst articulated by Jacques Vidal in 1973 [3] and since that procla-

ation, the field has witnessed substantial advancements [4–7] . These

evelopments have led to the emergence of a variety of BCI systems

nd an expanded conceptualization of BCI technology. At the inaugural

nternational conference in 1999, a BCI was delineated as “a communi-

ation system that does not rely on the brain’s normal output pathways

f peripheral nerves and muscles ” [8] . A decade later, in 2012, BCI tech-
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ology was redefined by researchers as “a new non-muscular channel ”

or interaction [9] . Continuing this trend, in 2021, the scope of BCI was

urther broadened with the introduction of the concept of a general-

zed BCI, characterized as “any system with direct interaction between

 brain and an external device ” [10] . 

Fig. 1 illustrates a schematic representation of a typical Brain–

omputer Interface (BCI) system. The components of BCI systems can be

ategorized into four main parts: signal acquisition, processing, output,

nd feedback. The effectiveness of a BCI system is predominantly contin-

ent upon its signal acquisition module, which bears the critical respon-

ibility for the detection and recording of cerebral signals. This com-

onent constitutes the central emphasis of the present paper. The pro-

essing component analyzes the recorded brain activity by utilizing spe-

ialized methods and algorithms to interpret the participant ̓s intended

ction. BCI processing involves preprocessing with techniques like in-

ependent component analysis [11] and decoding that integrates ma-

hine learning approaches such as support vector machines [12] , with

ecent shifts towards specialized algorithms like canonical correlation
 (X. Gao) . 
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Fig. 1. System structure of a typical BCI . It includes four parts: signal acqui- 

sition, processing, output, and feedback. 
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nalysis for steady state visually evoked potential [13] and deep learn-

ng for general paradigm-agnostic solutions [14] . The output component

ims to execute the participant ̓s intended action, typically achieved

hrough the use of a robotic arm or speller using the processed informa-

ion from the previous component. The feedback component informs the

articipant about the computer ̓s interpretation of their intended action

nd conveys the final execution results through various sensory forms,

ncluding visual and auditory feedback. This allows for adjustments and

upports closed-loop design. 

. Classification of signal acquisition technology for BCI 

According to Jacques Vidal, a BCI is a device that utilizes EEG sig-

als [3] . However, the diversification of signal acquisition methods due

o technological advancements has made it challenging to precisely cat-

gorize BCI signal acquisition technologies. While the majority of re-

earchers classify BCIs as non-invasive or invasive depending on the re-

uirement of surgery, some have attempted to refine this categorization.

n 2020, He et al. proposed a classification of flexible electrodes, cate-

orizing them as non-intrusive, intrusive, and semi-intrusive [15] . This

lassification takes into account the degree of invasiveness and intrusion

f the electrodes into the user ̓s body. In 2021, Eric et al. classified the

ignal acquisition technology of BCIs into three categories: non-invasive,

mbedded, and intracranial [16] . This method considers the sensor ̓s lo-

ation relative to the brain and the degree of invasiveness. 

However, the relentless advancement of technology has outpaced

he parameters of the original classification systems, particularly evi-

ent in the material and medical sectors. Innovations such as vascular

tent electrodes and tissue electrodes have emerged, which elude the

onfines of established categorization frameworks. Consequently, there

s a pressing need to not only expand the existing classification meth-

ds but also to ensure they are sufficiently forward-looking to foster the

dvancement of the field. 

To facilitate cross-disciplinary dialogue and collaboration among re-

earchers from diverse domains, we have carefully curated the extant

iterature to present an innovative and comprehensive perspective: a

wo-dimensional overview of BCI signal acquisition techniques with a

ocus on surgical applications. This overview delivers an exhaustive ex-

mination of extant and emergent BCI technologies, delineating their
4

dvantages, limitations, challenges, and prospective applications. It is

oised to serve as an indispensable resource and instrument for guiding

uture research and development endeavors in the BCI domain. 

. A two-dimensional view of BCI signal acquisition technologies 

The development of BCI systems is fundamentally an interdisci-

linary endeavor that necessitates the collaboration of two principal

takeholders: clinicians and engineers. Clinicians are chiefly engaged in

he aspect of surgical design, with a particular emphasis on mitigating

urgical trauma. Conversely, engineers are integral to the process of sig-

al acquisition, with a focus on ensuring the optimal performance of the

ensor. Despite the critical nature of their respective roles, the current

tate of collaboration between clinicians and engineers falls short of ex-

ectations. Evidence from the literature indicates that clinicians possess

 limited comprehension of both the end-user profile for BCI technolo-

ies and the intricacies of the technology itself [17] . Similarly, engineers

ften find their advancements in BCI technology to be insufficiently in-

ormed by the guiding principles of neuroscience and the exigencies of

linical practice [18] . 

This study introduces a meticulous and holistic methodology for the

valuation of BCI signal acquisition techniques. Diverging from previ-

us research that tended to concentrate on isolated facets or dimensions,

ur investigation encompasses a dual-perspective analysis: the surgical

nd the sensorial. By synthesizing these two critical perspectives, we

ave established a comprehensive classification model that thoroughly

ntegrates the surgical considerations with the variances inherent in dif-

erent sensor operational modes. 

Through the utilization of this model, we can simultaneously en-

ance guidance for surgery and sensor design, while comprehending the

trengths, weaknesses, and potential risks associated with different BCI

echnologies. Moreover, we can ascertain the trade-offs and challenges

nvolved in selecting and designing an optimal BCI signal acquisition

echnique for a specific application or user group. In the following sec-

ions, we will expound upon the characteristics of these two dimensions

nd provide a detailed comparison and evaluation of different BCI signal

cquisition techniques based on this model. It is important to note that

ur objective is not to utilize two totally orthogonal vectors as a means to

ncompass all technologies. Rather, we aspire that this multi-perspective

pproach will enhance readers’ comprehension of brain-computer inter-

ace technology and provide guidance for future advancements. 

.1. Surgery dimension: invasiveness of procedures 

The dimension of surgery significantly influences the feasibility of

mploying these techniques. This dimension is primarily classified from

he clinician ̓s perspective and refers to the invasiveness of the surgi-

al procedure involved in signal acquisition techniques. It encompasses

hree levels: non-invasive, minimal-invasive, and invasive, as depicted

n Fig. 2 a. 

The categorization of the three dimensions of surgical intervention

s predicated on the extent of invasiveness inherent to the signal acqui-

ition procedure. A method is designated as ‘non-invasive’ if the surgical

ctions undertaken during signal procurement do not induce anatomi-

ally discernible trauma to the subject. In contrast, a procedure is con-

idered ‘minimally invasive’ if it incurs anatomical trauma visible, pro-

ided it spares the brain tissue from any impact. Lastly, a technique is

lassified as ‘invasive’ if it causes anatomically discernible trauma at the

icron scale or larger, specifically affecting the brain tissue, throughout

he requisite surgical operation for signal collection ( Fig. 3 ). 

As we move across the spectrum of surgery dimensions, from non-

nvasive to invasive, there is a proportional increase in the degree of sur-

ical trauma. Correspondingly, the ethical considerations linked to each

ignal acquisition technology progressively intensify. Moreover, as the

urgical risks augment, there emerges an elevated necessity for pristine

edical conditions, which in turn progressively heightens the challenges
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Fig. 2. Classification of BCI signal acquisition technologies. (a) is the classification diagram of the surgery dimension, which includes three levels: non-invasive, 

minimal-invasive, and invasive. (b) shows the classification diagram of the detection dimension, which includes three levels: non-implantation, intervention, and 

implantation. 

Fig. 3. Schematic depiction of the Detection dimension concerning the acquired signal . Implantation technology primarily records signals at both the cellular 

and cell cluster levels. Intervention techniques gather signals from cell cluster clusters, alongside background signals originating from various brain regions. Con- 

versely, non-implantation techniques yield signals either from the entire brain or specific brain regions. Specifically, the spike signal corresponds to the electrical 

activity on a cellular scale, while LFP pertains to the electrical signal originating at the level of cell clusters. In contrast, EEG corresponds to the electrical signal 

originating from a singular brain lobe or multiple brain lobes simultaneously. 
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ied to the implementation of these techniques. Non-invasive methods

ypically obviate the need for continuous clinical oversight, while most

inimally invasive approaches necessitate the engagement of neurol-

gy or neurosurgery experts. In contrast, virtually all invasive method-

logies require the direct involvement of experienced neurosurgeons. It

s imperative to weigh these considerations when assessing the viability

nd clinical utility of BCI signal acquisition modalities. 

.2. Detection dimension: operating location of sensors 

Detection dimension is a crucial aspect of BCI technology, ap-

roached from an engineering perspective, which is directly related to

perating location of sensors. Additionally, this dimension is directly

inked to the theoretical upper limit of signal quality achievable with

his technology, as well as to biocompatibility risk and other indicators.

s illustrated in Fig. 2 b, the dimensions are divided into three levels:

on-implantation, intervention, and implantation. 

The classification in detection dimension is primarily determined

y the sensor’s location during operation. A BCI technology is catego-

ized as ‘non-implantation’ if the signal is acquired through a sensor on

he surface of the body. On the other hand, ‘intervention’ is adopted

rom clinical medicine procedures in the field of interventional cardiac

atheterization [19 , 20] . Sensors used in interventions leverage naturally
 i  

5

xisting cavities within the human body, such as blood vessels, to func-

ion without causing harm to the integrity of the original human tissue.

f the signal source relies on a sensor located within the body ̓s natural

avity, it is classified as an ‘intervention’ technology. In cases where the

ignal is collected from an implanted sensor within human tissue, the

echnology is labeled as an ‘implantation’ technology. This dimensional

ramework is proposed to serve as a valuable reference for engineers

n sensor design. Moreover, it is important to acknowledge that many

ntervention and implantation technologies, owing to their direct tissue

ontact, are prone to becoming integrated with the tissue over extended

eriods, which complicates their removal. 

The theoretical upper limit of signal quality depends on the distance

rom the signal source and the type of interlayer. For example, detect-

ng brain activity is analogous to listening to a chorus of students in

 classroom. Non-implantation methods are like listening from outside

he building, where only a large-scale sum of neuronal activity can be

eard amid many sources of noise. Intervention methods are like listen-

ng in the corridor, where more information can be collected and less in-

erference can be encountered than non-implantation methods, but the

oise from the internal environment (tissue fluid, blood, etc.) is still sig-

ificant. Implantation methods are like listening inside the classroom,

here the signal is clearer and less interfered. However, signal qual-

ty also depends on other factors, such as spatial resolution and sensor
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aterial properties. The above discussion only considers the maximum

ignal quality that can be achieved at a single point. 

.3. Relationship of detection dimension with signal 

Current research in BCI signal acquisition has primarily centered on

he detection aspect. Various methods, including implantation, inter-

ention, and non-implantation techniques, are often considered in com-

etition. Nonetheless, these three approaches operate within distinct

natomical locations, leading to limitations in their convergence. It is

lausible that they will continue to develop independently. 

Implantable sensors, owing to their close proximity to nerve cells,

xcel in capturing precise, high-frequency signals such as Local Field

otentials (LFP) and spike signals which indicative of single-unit and

ulti-unit activities. The latter denotes the firing of an individual neu-

on, manifesting a frequency exceeding 300 Hz. Conversely, LFP signals

ypify synchronized oscillations from small clusters of neurons within

he 300 Hz frequency spectrum. Confrontationally, intervention tech-

iques lack direct contact with neurons due to their isolation from soft

issues, including meninges and blood vessels. This isolation compli-

ates the retrieval of spike signals, which are dominated by LFP signals.

on-implantation techniques are confined to acquiring large-scale syn-

hronized discharges with frequencies of 100 Hz or less, such as EEG,

articularly when investigated on the surface of the body. 

Recent advancements in neuroscience have elucidated that electro-

hysiological signals, including spikes, LFP, and EEG, are not mere su-

erpositions; they reveal significant scaling effects [21] . To delineate

hese concepts, we designate the system that employs an array of sig-

al acquisition modalities as a global brain–computer interface (G-BCI)

nd the system that relies on precisely localized signal detection as a

ocal brain–computer interface (L-BCI). For example, l-BCIs can capture

ore accurate signals but may not entirely reflect the complex cognitive

rocesses of the human brain, as they depend on a limited number of

eurons. Consequently, the implantation of minute electrodes for signal

cquisition in domains such as affective computing could impair signal

delity and, thus, the effectiveness of biometric applications. In con-

rast, G-BCIs, such as EEG, face challenges in identifying specific motor

ontrol regions due to the potential for subtle signal nuances to be ob-

cured by the diffuse nature of neuronal firing. Hence, systems that uti-

ize finer-scale signals could potentially exhibit enhanced performance

n tasks requiring precise motor control localization. 

. The surgery-detection two-dimensional panorama of signal 

cquisition technologies in BCI 

The surgery-detection two-dimensional panorama categorizes all BCI

ignal acquisition technologies into nine distinct categories (3 × 3),

ased on the aforementioned dimensions. This method furnishes a com-

rehensive and enlightening overview of the diverse signal acquisition

echniques employed in BCI. Such an overview proves valuable in the

election and development of appropriate techniques for varying appli-

ations. 

To facilitate a comprehensive and meticulous classification analysis,

n exhaustive search was conducted in the Web of Science database for

rticles pertaining to BCI or brain–machine interfaces (BMI). Articles in-

exed in the Science Citation Index (SCI), Emerging Sources Citations

ndex (ESCI), and Social Sciences Citation Index (SSCI) from 2012 to Au-

ust 2022 were included. A thorough screening of the articles was con-

ucted to exclude papers that focused solely on algorithms or reviews.

ur filtering criteria were centered on the presence of signal acquisition

xperiments. Articles containing such experiments were included in the

otal count, while those lacking them were excluded, resulting in a to-

al of 6679 articles obtained. These articles were classified utilizing our

roposed classification model. Due to the space limitations, not all of
hese articles are shown in the reference section. r  

6

The outcomes of the classification, along with their corresponding

roportions, are presented in Fig. 4 . Currently, the dominant approach

n BCI/BMI research is non-invasive non-implantation technology, con-

tituting approximately 85.87% of the studies. In contrast, the utiliza-

ion of non-invasive intervention technology, minimal-invasive non-

mplantation technology, and minimal-invasive intervention technology

s still in its nascent stages, collectively representing only 0.13%, 0.02%,

nd 0.06% of the studies, respectively. Minimal-invasive implantation

echnology, characterized by numerous clinical studies, primarily fo-

uses on experiments involving epilepsy and paralysis patients, account-

ng for 4.84% of the studies. Lastly, invasive implantation technology,

redominantly employed in animal and patients with paralysis studies,

ccounts for 9.08% of the studies. 

This section, dedicated to the classification of technology in existing

rticles, serves the purpose of providing readers with a rapid compre-

ension of the present research landscape within the field. It is impor-

ant to note that the prevalence of signal acquisition technologies over

ime does not inherently dictate the quality or effectiveness of their de-

loyment. Looking ahead, significant shifts are anticipated in the distri-

ution of each technology ̓s prevalence. Non-invasive, non-implantable

echnologies are expected to witness a gradual decline in deployment

omplexity due to ongoing advancements in clinical and materials do-

ains. In parallel, the proportion of other technologies is projected to

xperience a noteworthy upsurge. 

Each BCI signal acquisition technology encompasses unique applica-

ion scenarios, along with corresponding advantages and disadvantages.

he subsequent sections offer a comprehensive survey of the customary

echniques within each classification category. 

.1. Non-invasive non-implantation technology 

Non-invasive non-implantation technologies are for signal acquisi-

ion due to their portability and applicability and applicability without

mplants. Electromagnetic and blood flow signals are two main cate-

ories of non-invasive non-implantation methods. The electromagnetic

ignal category includes Electroencephalogram (EEG) and Magnetoen-

ephalogram (MEG). EEG is widely used for its low cost and ease of

se [22] , which has an excellent time resolution [23 , 24] . However, its

ignal quality can be degraded by tissues [25 , 26] and other bioelec-

ric interference [27–29] . Most EEG devices uses wet electrodes [30–

2] , but dry electrodes are being explored [33–35] , such as micronee-

le [36–40] and direct-contact electrodes [41–44] . MEG, like EEG, has

n excellent temporal resolution [45–47] but more channels [48] . MEG

quipment usually rely on SQUID as the core [49] , which requires ex-

eptionally high magnetic shielding [24 , 50 , 51] and liquid nitrogen for

ooling, which is costly [52] . Recently, optically pumped magnetome-

er (OPM) devices have been proposed to address these issues to some

xtent [53 , 54] . Moreover, the signals obtained by EEG and MEG are

omewhat complementary [24] , which suggests the possibility of com-

ining them [55] . It is noteworthy to mention that the electromagnetic

ignals obtained through non-invasive non-implantable techniques con-

titute the vague outcome of collaborative neuronal activity involving

 substantial number of neurons. These signals predominantly manifest

ithin the realm of low frequencies. 

Blood flow signals are indirect measures of neuronal activity, unlike

lectromagnetic signals, so blood flow signals have a natural disadvan-

age in time resolution [56] . Three technologies that detect changes in

lood flow signals are functional Near-infrared Spectroscopy (fNIRS),

unctional Transcranial Doppler (fTCD), and functional Magnetic Reso-

ance Imaging (fMRI). fNIRS uses near-infrared light to detect changes

n oxygen content in the blood [57 , 58] , offering high spatial resolution

59 , 60] . However, the skull is also a poor conductor of near-infrared

ight [61] , limiting the depth of information that can be received. At

he same time, when the distance between the near-infrared emitter and

he receiver is less than one centimeter, the collected signal is mostly de-

ived from the skin [62] . fTCD uses ultrasound Doppler imaging, which
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Fig. 4. The surgery-detection two-dimensional panorama of signal acquisition technologies in BCI. It includes two dimensions, totaling 9 (3 × 3) technology 

types. We surveyed 6679 research articles in this decade and obtained the proportion of each technology. They are non-invasive non-implantation technology 

(85.87%), minimal-invasive non-implantation technology (0.02%), non-invasive intervention technology (0.13%), minimal-invasive intervention technology (0.06%), 

minimal-invasive implantation technology (4.84%) and invasive implantation technology (9.08%). Grids with white backgrounds in the figure represent existing 

technologies and grids with gray backgrounds represent potential ones, which will be detailed below. 
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as a high imaging rate [63–65] . Some researchers also suggest fTCD

an be a high resolution replacement for fNIRS [66] . However, fTCD

equires couplant, which reduces its convenience. fMRI has a very high

patial resolution, up to a fraction of a millimeter [67] , but traditional

maging has a high delay [68 , 69] . Although some fast-imaging meth-

ds are available [70] , the temporal resolution of fMRI still falls behind

ther BCI signal acquisition techniques [71] . Blood flow signal tech-

iques are commonly used in multimodal BCI studies for good electro-

agnetic compatibility [72–82] . 

.2. Minimal-invasive non-implantation technology 

The minimal-invasive non-implantation technologies aim to solve

he technical obstacles of non-implantation technology by using min-

mally invasive surgery. The main obstacle for recording EEGs, as Hans

erger struggled for 27 years is the interference from various tissues

n the human body [83] , especially the skull, which has low electrical

onductivity [25] . To enhance signal transmission, researchers devel-

ped the Minimally Invasive Local-Skull Electrophysiological Modifica-

ion (MILEM) technology [84 , 85] , which uses ultrasonic vibration to

reate a small hole in the skull, improving the electric field distribution

n the scalp. MILEM preserves high time resolution and significantly

ncreases the signal-to-noise ratio compared to conventional EEG meth-

ds. Although this technology does not avoid surgery completely, it does

void implantation. This tech can be a potential solution for future ap-

lications. 

.3. Non-invasive intervention technology 

Intervention methods aim to place sensors in the natural cavity of

he human body to avoid problems such as inflammation. Non-invasive

ntervention is a promising direction for BCI research for safety and

niversality. Research in this field can be divided into two categories

ased on the implanted cavity: blood vessel and ear canal. The blood
7

essel category uses nanoprobes to obtain the signal remotely, while

he ear canal category records EEG. The nanoprobes method has been

idely studied [86–88] as a medical imaging method, but only Neuro-

WARM3 used this method in the BCI signal acquisition [89] , which

tilizes nanoprobes functionalized with lipid coatings injected into the

irculatory system [90 , 91] . However, there is no clear evidence for the

ignal quality and no report of in vivo experiments. In-ear EEG is a non-

nvasive method that uses an ear canal to record EEG. The device is

imilar to earplugs [92–94] , and the signal characteristics are similar to

he T7, and T8 leads in the 10–20 lead system [95] . However, there is

 challenge in selecting ground and ref leads, with some studies placing

hem on the outer ear or scalp [94 , 96 , 97] , compromising portability ad-

antages. Alternatively, other studies have put them together in the ear

anal [95] , affecting signal quality. 

.4. Minimal-invasive intervention technology 

Minimally-invasive intervention technologies facilitate the acquisi-

ion of more precise and profound neurophysiological signals when

ompared to non-invasive methods. The stent-electrode recording ar-

ay, known as Stentrode, introduced by Oxley et al. in 2016, stands

s an exemplar within this domain, targeting the vascular system. This

pproach involves the insertion of a stent electrode array into the cere-

ral venous system via minimally invasive surgery, capitalizing on en-

ovascular routes to deploy sensors, thus potentially mitigating certain

mmune responses [98 , 99] . Specifically, Stentrode employs venous si-

us stenting techniques to position a self-expanding scaffold electrode

rray within the desired locus. Clinical evaluations have affirmed the

rocedure’s safety [100–102] , and it has demonstrated satisfactory bio-

ompatibility [103 , 104] . Notably, the Stentrode can record signals with

 bandwidth of up to 226 Hz [105] , capturing predominantly LFPs prox-

mate to the site of implantation [106] . 

Nonetheless, the technology is not devoid of limitations, including

he procedural complexity and the risk of serious complications, such as
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ntracranial hemorrhage and thrombosis [107] . Additionally, the req-

isite implantation of a signal transmitter subclavicularly [108] aug-

ents the operational costs. Moreover, given that the underlying medi-

al vascular stent —a foundational component of the Stentrode —is per-

anently implanted, the technology is characterized by an inherent irre-

ersibility, even in instances of device failure. Consequently, the prac-

ical application and long-term potential of Stentrode warrant further

mpirical validation. 

.5. Minimal-invasive implantation technology 

Minimal-invasive implantation technologies represent an emerging

rea of research in BCI development. This field encompasses two cate-

ories of technologies: acoustic and electrical. Acoustic signal technolo-

ies, such as focused ultrasound imaging (FUS), employ ultrasound as

he signal transmission medium and implanted sensors to acquire and

nalyze brain signals. Unlike conventional ultrasound techniques such

s fTCD, FUS is a minimally invasive neuroimaging technique that in-

olves direct implantation of transmitter and transducer elements out-

ide the dura to produce high-resolution signals with high sensitivity

109–112] . It mainly detects blood movement [113] , which makes it

seful for motion decoding studies [114 , 115] . However, FUS is still in

he development, and its applications and limitations need further in-

estigation. 

In electrical signal technologies, subcutaneous EEG (sqEEG) is a long-

erm [116] wearable system that consists of a small subcutaneous im-

lant and an outer part that provides power [117] , which has simi-

ar signal characteristics to conventional EEG [118 , 119] , and it offers

dvantages in motion artifact suppression. Currently, sqEEG is mainly

sed in epilepsy detection but holds significant potential in BCI research

117] . Electrocorticogram (ECoG), a method first proposed in the 1950s

or epilepsy localization [120] , has higher spatial resolution and band-

idth than EEG [121 , 122] , and is less susceptible to EMG and EOG

nterference [123 , 124] . However, ECoG requires risky surgery for im-

lantation [125] , limiting its acceptance for non-therapeutic purposes.

evertheless, ECoG-based BCI research is prominent, as most EEG-based

CI paradigms can be reproduced with ECoG, yielding better results

126–128] . ECoG also has considerable potential in speech and action

ecoding [129–131] , shown by a 2019 study that directly converted

eural activity into speech using ECoG signals [132] . As research pro-

resses, these technologies may revolutionize the field of BCI and offer

roundbreaking therapeutic applications. 

.6. Invasive implantation technology 

Invasive implantation technologies are a popular category in cur-

ent research because of their spatial resolution and signal bandwidth

dvantages, which allow for excellent decoding operations [133] . They

re utilized in BCI solutions such as BrainGate [134] and can be clas-

ified into cortical and depth signal classes. The cortical signal class

ainly consists of Neuralink, Neural Dust, and intracortical microelec-

rode arrays (MEAs). Neuralink proposed a scalable high-bandwidth

rain-computer interface platform in 2019 comprising high-density elec-

rodes, an automated surgical robot, and a small implantable processing

evice [135] . Although Neuralink ̓s solution has the potential to result

n a high-quality stereo signal with less surgical trauma, the specific per-

ormance of the technology has not been thoroughly evaluated due to

 lack of research reports. Neural Dust is a tiny sensor cluster that can

onitor and stimulate neuronal activity in the brain or other body parts

y ultrasound [136] . It is powered remotely by ultrasound without bat-

ery implantation [137] and can wirelessly transmit data for processing

nd analysis [138 , 139] . Although the Neural Dust has so far only been

erformed experimentally on peripheral nerves [140] , it was originally

esigned to be able to performed as a central neural interface [138] . We

till consider it a BCI technology. 
8

The commonly used MEAs include the Utah Array [141] and Michi-

an probes [142] . MEAs are utilized in the decoding tasks of motion

143] , vision [144] , and speech [145] . In 2021, Willett et al. employed

he BrainGate system to achieve a brain-to-text communication scheme

y interpreting handwriting [146] . The primary signals consist of LFP

low-frequency) and spike (high-frequency) signals. MEAs have been

ontinuously used for several months to several years after implanta-

ion [147] . However, the spike signal weakens shortly after implanta-

ion due to pin loss and frequency band reduction caused by the immune

esponse. LFP signal components primarily serve as the basis for long-

erm MEAs [148 , 149] . Over the years, researchers have made significant

dvancements in the field of flexible MEA. For example, in 2019, Guan

t al. proposed the Neural Matrix [150] , which is an electrode developed

sing flexible silicon film transistors known for their excellent scalabil-

ty. In 2020, Zhao et al. introduced ultra-flexible neural electrodes that

tilize bio-dissolvable adhesive, facilitating long-term stable intracorti-

al recording [151] . Some researchers have utilized carbon nanotubes

n the development of flexible electrodes, which possess characteristics

uch as low toxicity and excellent electromagnetic compatibility [152] .

n 2022, Zhou et al. presented an implantable electrode created from

ilk protein, which can avoid contact with tissues like blood vessels and

ffectively minimize the invasiveness of implantation [153] . The longest

nown MEA implanted is a neurotrophic electrode, a method of growing

eurites into the electrode tip [154] , which an implantation time is 13

ears [155] . 

Depth signal class technologies, such as stereotactic electroen-

ephalography (sEEG), Neuropixels, and fully implantable BCI, offer

nhanced insights into the depth dimension of the signal. sEEG is a

eep implantable signal acquisition technology with higher bandwidth,

ignal amplitude, and spatial resolution compared to standard EEG

123 , 156 , 157] . This makes it valuable for localizing epileptic lesions

158 , 159] and decoding speech [160] and motion [161] . Neuropixels is

 type of fully-integrated silicon complementary metal-oxide semicon-

uctor (CMOS) digital neural probe [162] that falls under the category

f MEAs. It possesses the capability to simultaneously record cell-level

ignals at a highly reduced electrode scale [163] , as well as exhibiting

xcellent performance in deep signal recording [164] . Due to its dis-

inctive attributes, Neuropixels is regarded as a separate entity. In vivo

nimal experiments have extensively utilized Neuropixels [165] , and in

ecent years, successful human experiments have also been conducted

165 , 166] . Notably, in 2021, researchers introduced Neuropixels 2.0,

hich enables more stable and prolonged recording compared to its pre-

ecessor [167] . Fully Implantable BCI is a technique that utilizes com-

letely implanted electrodes and signal transmission units, effectively

itigating the risks associated with exposed wires and devices [168–

70] . The most prevalent application of this technology is closed-loop

CI systems [171 , 172] . However, it is critical to acknowledge that Neu-

opixels, while revolutionary, are not engineered for prolonged-duration

ecordings [162 , 167] . Their fragile nature and vulnerability to tissue in-

erference present significant challenges. These limitations, particularly

oncerning long-term implantation, continue to constrain their utility in

he development of BCIs ( Figs. 5, 6 ). 

. Potentially feasible technology 

.1. Non-invasive implantation technology: tissue penetration nanorobot 

The investigation of nanorobots has been stimulated by naturally oc-

urring nanoscale mechanical structures, such as bacterial flagella and

otors [173] . Within the medical domain, nanorobots represent nanos-

ructures with the capacity to perform surgical procedures, facilitate

rug delivery, enable imaging, and conduct analysis [174 , 175] . While

he majority of nanorobots are transported through the bloodstream

nd function within blood vessels, nanorobots with tissue-penetrating

apabilities can access tissues inaccessible to blood by employing mag-

etic drilling and acoustic micro-cannon techniques [176 , 177] . In 2019,
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Fig. 5. Representative technologies in each category. (a) Non-invasive non-implantation technology includes the electromagnetic signal category and blood signal 

category. The representative technologies of the electromagnetic signal are EEG [30] and MEG [51] . The representative blood signal technologies include fNIRS [58] , 

fTCD [65] , and fMRI [82] . (b) The main idea of minimal-invasive non-implantation technology is human body transformation, and MILEM [84] is the representative 

technology in this field. (c) Non-invasive intervention technology can be divided into the blood vessel category and ear canal category according to the type of 

implanted cavity. The representative technique in the blood vessel is Neuro-SWARM3 [89] , and the representative technique of the ear canal is in-ear EEG [95] . (d) 

The representative minimal-invasive intervention technology is Stentrode [98] , which places the sensor in the cerebral venous sinus through vascular navigation and 

belongs to the blood vessel category. (e) Minimal-invasive implantation technology includes acoustic and electrical categories. The representative technology of the 

acoustic category is FUS [114] . The representative technologies of the electrical category are sqEEG [118] and ECoG [125] . (f) Invasive implantation technology is 

mainly concentrated in cortical and depth signal categories. The cortical signal category ̓s representative technologies are Neuralink [135] , Neural Dust [140] , and 

MEAs [141] . sEEG [159] , Neuropixels [167] , and fully implantable BCI [168] belong to the depth signal category. 

9
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Fig. 6. A prospective map of the future development of BCI technology. 

In the foreseeable future, non-invasive non-implantation technology has excel- 

lent room for development in consumer electronics, such as education, gam- 

ing, and communication. For individual equipment control in complex sce- 

narios, there is more significant potential for signal acquisition technologies 

that provide stable signals with less trauma, including minimal-invasive non- 

implantation, intervention, and implantation technologies. For medical rehabil- 

itation, minimal-invasive and invasive implantation technologies would bring 

more breakthrough possibilities. 

J  

n  

a  

f  

v  

o  

t  

v  

l

5

 

i  

t  

t  

c  

s  

fi  

n  

n  

b  

h  

v  

c  

v  

D  

c  

n  

t  

a  

p

5

 

f  

a  

a  

r  

v  

r  

i  

g  

w  

w  

o  

r  

t  

t  

i  

h  

f  

t

5

v

 

b  

s  

v  

s  

t  

i  

t  

n  

t  

t  

t  

o  

s  

t  

p  

o  

s

6

 

n  

t  

i  

p  

F  

a  

c  

p  

s  

d  

s  

t  

fi  

m  

c  

i  

o

afari et al. effectively showcased the feasibility of introducing

anorobots into the brains of rats using magnetic drilling under the guid-

nce of an external magnetic field [178] . This technology holds promise

or applications involving the non-invasive implantation of BCIs. The en-

isioned scenario entails the injection of nanorobots into bloodstream

f the brain, with an external magnetic field orchestrating their penetra-

ion into the cerebral cortex. Subsequently, these nanorobots could con-

ey neural activity within the brain through ultrasound or near-infrared

ight. 

.2. Minimal-invasive implantation technology: in vivo assembly interface 

An alternative strategy for minimal-invasive implantable technology

nvolves leveraging the inherent biological processes to assemble elec-

rode materials post-injection, thereby circumventing excessive surgical

rauma. In vivo 3D bioprinting exemplifies this approach, wherein bio-

ompatible inks containing electrode components are injected and sub-

equently structured using near-infrared light to form the desired con-

gurations [179 , 180] . In 2023, researchers including Sha introduced a

ovel method involving a colloid of nanosheets, administered to specific

eural targets via a jet injector to create an electrically conductive and

iodegradable interface [181] . Concurrently, Strakosas and colleagues

ave innovated the in-situ synthesis of soft, conductive materials de-

oid of a solid substrate, through the injection of a sophisticated pre-

ursor system, marking a significant step towards the realization of in

ivo synthesized electronics integrated with the nervous system [182] .

espite these advancements, a key challenge persists in the exclusive

apacity for in vivo fabrication of electrode interfaces, while the compo-

ents required for signal transmission and processing still rely on tradi-

ional surgical implantation techniques. Consequently, this technology,

lthough promising, remains within the realm of minimally invasive

rocedures. 
10
.3. Invasive non-implantation technology: living autologous neural device 

The utilization of autologous living cells as a foundational substrate

or constructing implantable electronic devices has been regarded as

 promising avenue for circumventing immune and inflammatory re-

ctions [183] . Currently, the application of this technology within the

ealm of BCI remains limited. In 2017, Serruya et al. pioneered the de-

elopment of an autologous living-cell neural interface, employing neu-

onal clusters to establish a micro columnar architecture; notably, this

nterface is encased within a biodegradable hydrogel that naturally de-

rades in vivo [184] . Likewise, in 2021, Prox et al. devised a DBS device,

herein autologous neuronal cells and cardiomyocytes are enshrined

ithin an agar gel shell [185] . This innovation facilitates the utilization

f autologous cells to transmit signals directly from a targeted brain

egion externally, obviating the need for sensor implantation. Never-

heless, this approach necessitates invasive surgical implantation within

he brain tissue, thus falling under the purview of invasive methods. It

s important to acknowledge that despite the use of autologous cells, the

uman body may still mount an immune response to cells originating

rom distinct sites, underscoring the critical significance of judicious cell

ype selection within this research trajectory. 

.4. Invasive intervention technology: cannula implantation in brain 

entricular system 

The ventricular brain system, which comprises four interconnected

rain ventricles [186] , is an integral component the brain. Extensive re-

earch has been conducted on the implantation of cannulas into brain

entricles for therapeutic or surgical procedures [187–189] . Moreover,

tudies have demonstrated the utility of electrical signals obtained from

he ventricular brain system for BCI research [190] . Electrodes can be

ntroduced into the ventricular brain system through a cannula implan-

ation procedure, facilitating direct transmission of brain activity sig-

als from the ventricles to external recording devices. Nevertheless,

his procedure carries the potential risk of damaging brain tissue owing

o osmotic pressure variations within the cerebrospinal fluid. Hence,

his methodology is categorized as an invasive intervention technol-

gy. Nonetheless, considering that the neural tissue associated with con-

ciousness resides on the dorsal aspect of the brain [191] , while the ven-

ricles are positioned within the ventral region, this method holds the

otential to yield distinctive signals in contrast to conventional method-

logies. These distinctive signals entail diverse application scenarios and

ignal characteristics. 

. Prospective directions of BCI signal acquisition technologies 

Following a comprehensive review of various signal acquisition tech-

ologies, this paper concludes by exploring the potential future direc-

ions of brain–computer interface (BCI) technology. Central to advanc-

ng BCIs towards real-world applications is the development of high-

erformance acquisition technology within system-integrated solutions.

or example, the establishment of stable signal acquisition and the cre-

tion of theoretically robust interaction paradigms can lead to signifi-

ant improvements in patient well-being, enhancement of individual ca-

abilities, provision of greater daily convenience, and assurance of user

afety. It is important to note that the assessments put forward in this

iscussion are not intended to define the limits of application for any

ingle technology. Rather, we advocate for the view that all examined

echnologies possess inherent potential for further development and re-

nement. However, it is also clear that certain technologies may exhibit

ore pronounced benefits or limitations in particular contexts or use-

ases. By providing valuable references and guidance, this paper aims to

nspire new ideas and innovations in this dynamic and promising field

f research and development. 
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.1. Non-invasive non-implantation technology heads for consumer 

lectronics 

The realm of BCI technology offers a plethora of potential appli-

ations in the realm of consumer electronics. These applications span

arious domains, including education [192] , gaming [193 , 194] , and

ommunication [13 , 195] . Particularly, non-invasive, non-implantation

echnology stands out due to its remarkable social acceptance, evident

ost-efficiency, and well-established technical maturity. Although it is

cknowledged that this technology may exhibit lower signal quality

ompared to implantation technologies, its aptness for the target de-

ographic of consumer electronics —comprising generally healthy in-

ividuals —is undeniable. This is especially relevant given the unlikeli-

ood of such individuals pursuing surgical interventions for consump-

ive purposes. Hence, the present context strongly supports the pref-

rence for non-invasive non-implantation technology within the realm

f consumer electronics. However, it is pertinent to acknowledge that

hallenges persist within consumer electronics applications, notably in

ases where EEG is employed. Issues stemming from hair interference

nd device dimensions continue to pose hurdles. This calls for a dedi-

ated focus on industrial research aimed at enhancing both electrodes

nd algorithms pertinent to non-invasive non-implantation technology.

Recent times have witnessed substantial strides in the practical de-

loyment of non-invasive non-implantation BCI technology. Within the

ealthcare sphere, this technology has found valuable application in aid-

ng stroke patients’ motor rehabilitation [196 , 197] . The clinical valida-

ion of this application has rendered it a staple in clinical practice. Fur-

hermore, the technology ̓s real-time monitoring capability has been har-

essed to gauge patients’ anesthetic statuses during surgical procedures,

hereby enabling dynamic anesthesia through closed-loop mechanisms

198 , 199] . This, in turn, has proven instrumental in mitigating the risks

inked to anesthetic drug overdose. The convergence of non-invasive

on-implantation neuromodulation technology has yielded products ca-

able of effecting closed-loop sleep regulation, thereby enhancing sleep

uality among patients [200 , 201] . 

Beyond the medical realm, this technology has manifested its util-

ty in safety-critical operations. It has been instrumental in monitor-

ng the cognitive states of specialized operators, thereby preempting

onditions like severe fatigue [202] —particularly relevant to miners

r truck drivers. The education sector also benefits from non-invasive

on-implantation technology, employing them to assess group learning

ynamics and bolster user concentration by tracking attention levels

203] . In the realm of entertainment, these interfaces facilitate users’

editation training and attainment of mind-flow states [204] . A note-

orthy innovation comes in the form of virtual reality all-in-one devices,

eamlessly integrating non-invasive non-implantation BCI technology

o monitor brain states during gaming and enable brain-computer in-

eraction [205 , 206] . Notably, brain-controlled mice founded on non-

mplantable brain-computer interfaces expand interaction possibilities

or special populations, albeit at a slight performance trade-off com-

ared to traditional mice. 

In summary, the application landscape for non-invasive non-

mplantation BCI technology is broad and promising, especially within

ontexts emphasizing lightweight design, user-friendliness, and cost-

ffectiveness. This potential is particularly pronounced within consumer

lectronics and light medical applications. 

.2. Individual equipment control in complex scenarios requires a reliable 

nd stable signal source 

BCI technology extends its utility beyond the realm of disability,

emonstrating equal effectiveness for individuals without impairments.

hrough direct interfacing with personal devices like mechanical ex-

skeletons, BCI technology holds the potential to significantly augment

he capabilities and survivability of individuals facing hazardous sce-

arios, such as those encountered in network-deprived environments
11
ike mines. This technology unveils novel prospects for navigating in-

ricate settings like industrial construction, disaster relief operations,

nd exploratory ventures. Ongoing research in the field of BCI concen-

rates on the control of exoskeletons [207 , 208] , unmanned aerial vehi-

les (UAVs/UGVs) [209 , 210] , and prosthetic devices [211 , 212] . 

However, the acquisition of reliable BCI signals within intricate

eal-world situations remains a formidable challenge. Prevailing non-

nvasive techniques, frequently employed, suffer from suboptimal signal

delity. The employed sensors often struggle to discriminate between

rain-derived signals and other extraneous physiological noises. Con-

ersely, implantation techniques directly within the cerebral cortex of-

er superior signal quality but are susceptible to damage and infections.

he brain’s immune response tends to encapsulate implanted devices

ver time, consequently degrading signal quality. Thus, the pursuit of

inimal-invasive non-implantation, as well as minimal-invasive inter-

ention methodologies, emerges as a plausible resolution. The place-

ent of temporary electrodes within the cranial cavity, albeit external

o the brain, emerges as a promising compromise between signal fidelity

nd safety. Another viable avenue involves the development of diminu-

ive, more pliable, and less intrusive implants specifically designed for

inimally invasive implantation techniques. The employment of ad-

anced neural materials and electrode configurations that elicit minimal

mmune response from the brain presents the potential to facilitate the

reation of safer, enduring implantation solutions. 

Nevertheless, the ethical quandaries surrounding privacy, security,

nd identity necessitate thorough consideration, given the sensitive na-

ure of neural data. The establishment of regulatory frameworks de-

igned to forestall any potential misuse will assume paramount impor-

ance as BCIs gain wider traction. In the forthcoming decades, the con-

ergence of robotics and neurotechnology stands poised to revolution-

ze our interactions with machines and to amplify human capabilities in

rofound ways. 

.3. Implantation technologies bring breakthroughs in medical 

ehabilitation 

The implementation of BCI signal acquisition devices for therapeu-

ic or rehabilitative purposes has gained acceptance among patients

ith amyotrophic lateral sclerosis (ALS) conditions [169 , 213] . These

atients typically experience minimal changes in their living environ-

ent, thereby maximizing the potential benefits derived from the supe-

ior signal accuracy and low surgical risk offered by minimal-invasive

mplantation technology. This technology has demonstrated significant

dvancements in domains such as motor rehabilitation and disease in-

ervention. While invasive implantation technology currently experi-

nces limited employment within clinical practice, its capacity to pro-

ure high-precision, cell-level signals hold the promise of future medical

reakthroughs. 

To illustrate, implanted BCIs have the potential to empower ALS pa-

ients with complete paralysis to exert control over external devices such

s computer cursors or robotic limbs solely through their cognitions

f limb movement [214 , 215] . Although the technology remains imper-

ect, ongoing strides in neural decoding algorithms and the longevity

nd biocompatibility of implantable devices are propelling rapid

dvancements. 

In the future, implanted BCIs could transcend their role in aiding

ommunication and mobility among paralyzed patients. Furthermore,

mplanted BCIs could intervene in debilitating neurological disorders

ike epilepsy or Parkinson’s disease [216 , 217] . In the context of epilepsy,

eal-time detection and mitigation of seizures through electrical stimu-

ation could be achieved by recording from electrode arrays positioned

n seizure-prone brain regions. In the case of Parkinson’s disease, BCIs

ould capture signals from dysregulated areas and administer targeted

timulation to reinstate normal dynamics. The precise closed-loop mod-

lation of pathological brain activity bears the capacity to substantially

nhance outcomes for these conditions. In addition, implantable tech-
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ology has potential applications in psychiatric disorders, such as de-

ression. 

Amidst these promising prospects, the adoption of invasive BCIs for

edical applications necessitates rigorous validation of long-term safety

nd efficacy through comprehensive clinical trials. Additionally, the as-

urance of cybersecurity is imperative. Nevertheless, given the trans-

ormative restoration of function already demonstrated, implanted BCIs

ppear primed to extend medical capabilities and significantly enhance

atient outcomes in the forthcoming years. With collaborative efforts

cross disciplines, these emerging neural technologies could potentially

estow millions grappling with neurological conditions with the restora-

ion of health, autonomy, and quality of life. 

.4. Application of AI in BCI signal acquisition 

The integration of Artificial Intelligence (AI) into BCI systems has

ignificantly enhanced BCI efficacy. AI ̓s proficiency in processing com-

lex neural signals has led to advanced pattern recognition and decod-

ng abilities, which are crucial for converting brain activity into exe-

utable commands. BCIs are increasingly leveraging AI’s sophisticated

lgorithms to discern nuanced patterns in the brain’s electrical activity,

hereby augmenting the system’s proficiency in interpreting user inten-

ions with heightened precision and rapidity [10 , 218 , 219] . 

Within the domain of signal acquisition, from a clinical perspective,

he application of AI in the analysis of medical imaging data has proven

ndispensable. The utilization of AI algorithms for the interpretation

f imaging outcomes enables clinicians to ascertain the most advanta-

eous positioning for electrodes with unparalleled accuracy [220 , 221] .

his improvement not only amplifies the fidelity of the captured signals

ut also diminishes the risks tied to the surgical implantation of elec-

rodes. The procurement of high-quality signals is fundamental to the

uccess of BCIs, especially in scenarios where there is little tolerance for

rror. 

Engineers have also harnessed AI to inform the design and fabrica-

ion of electrode materials and architectures [222 , 223] . Predictive AI-

riven simulations can forecast interactions between various materials

nd designs with the human tissue, facilitating the creation of more ro-

ust and enduring human-machine interfaces [224] . The application of

I in this design process can considerably prolong the service life of im-

lanted electrodes, curtail the need for repeated surgeries, and enhance

he overall sustainability of BCI systems. 

The application of AI in BCI signal acquisition spans multiple dimen-

ions, influencing aspects ranging from surgical precision and electrode

urability to system adaptability and user experience. As AI technolo-

ies advance, their incorporation within BCI systems is poised to amplify

heir capabilities, ensuring not only an upsurge in effectiveness but also

roadening accessibility for those who stand to benefit from their trans-

ormative power. 

. Conclusion 

This article presents a comprehensive analysis of the multifaceted

hallenges present in BCI technology, emphasizing the critical impor-

ance of signal acquisition. Signal acquisition constitutes an essential

omponent of BCI systems, integrating considerations such as invasive-

ess, resolution, fidelity, cost, usability, and safety. Our examination

f contemporary literature spanning the last ten years culminated in

he introduction of an innovative classification schema —the “surgery-

etection two-dimensional panorama ”. This schema systematically or-

anizes the various signal acquisition methodologies employed in BCI

esearch. 

Our assessment provides a cogent and contemporary overview of

utting-edge signal acquisition technologies in BCI, delineating their re-

pective advantages and limitations, as well as their appropriateness for

istinct BCI applications. The classification framework proposed herein
12
urnishes a methodical means to evaluate and juxtapose these technolo-

ies, thereby enhancing comprehension of the field’s extant status and

nforming prospective investigative trajectories. 

Through this systematic categorization, we endeavor to enrich the

ngoing discourse within the BCI scholarly community and foster inter-

isciplinary collaboration. Our conviction is that this contribution lays

he foundational work for subsequent progress in BCI signal acquisition

nd heralds the inception of more refined, accessible, and effective BCI

ystems. 
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