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upper limb motor imagery classification tasks. The article analyzes modern approaches to building software neurointerfaces for
the tasks of classifying EEG signals of motor representations of the upper extremities. The relevance of the study is due to the
growing need to create software neurointerfaces that can work in a mode close to real time, adapt to intersubject variability and
function in conditions of limited computing resources. The paper analyzes the main stages of EEG signal processing, in particular,
signal registration, pre-processing, feature extraction, classification and interpretation of results. Modern models of machine and
deep learning are considered, as well as approaches to building software neurointerfaces using cloud and distributed computing.
Special attention is paid to the possibilities of using AutoML approaches to automate the construction of EEG signal classification
systems. The analysis identified the main limitations of current solutions, including intersubject variability, difficulty in
generalizing models, dependence of results on pre-processing of signals, insufficient integration of system components, and limited
support for real-time operation. Key requirements for promising software neurointerfaces are summarized, including modularity
of architecture, support for distributed computing, adaptability of models, and ensuring reproducibility of experiments. The results
obtained can be used as a basis for further design of adaptive EEG signal analysis systems and EEG-oriented software
neurointerfaces.
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Mactyx O. A., Credpannmmmn B. M. Anamxi3 migxoaiB po3podku mnporpamHux HeiipoinTepdeiiciB y 3amauax
KJacu(pikanii MOTOPHUX ysIBJIeHb BepXHiX KiHIIBOK. Y CTaTTi IPOBEICHO aHaJIi3 Cy9aCHUX IiIXOiB 10 MOOYI0BY IIPOT PAMHNX
HelipoinTepdeiiciB ms 3amau xracnudikanii EEI-curaaniB MOTOpHHUX ySIBICHb BEpXHIX KIHIIBOK. AKTYalbHICT JOCIHIIKECHHS
3yMOBJICHA 3pOCTAaHHSIM NOTPEOH y CTBOPEHHI IIPOTPaMHNX HEHpOiHTep(eNCiB, 3AaTHUX MPAIIOBATH B PEKUMi, HAOIIDKEHOMY 10
peanbHOro 4acy, ajanTyBaTHCS 1O MiXKCy0’€KTHOI BapiaTMBHOCTI Ta ()YHKIIOHYBaTH B yMOBaX OOMEXEHHX OOYMCIIOBANBEHHUX
pecypciB. Y poboTi mpoanaizoBaHo ocHOBHI eTanu 00pooku EEI-curnaiis, 30kpeMa peecTpariito CHTHaJIB, TOMIEpeIHIO 00pOOKY,
BUJUICHHSI O3HAK, Kiacu(ikamilo Ta IHTEPHpETaiio pe3ynbTaTiB. Po3rmisHyTo cydacHi MoOAeni MAIIMHHOTO Ta TJIMOOKOTO
HaBYAHHS, a TAKOX MIAXOAM 10 MOOYIOBM NPOTPaMHUX HEHpOiHTep(EHCIB i3 BHKOPHCTAHHSIM XMapHHX 1 PO3MOIUICHHX
obunciens. OkpeMy yBary MpUAUICHO MOXIHBOCTSAM BHKOpUCTAaHHS AutoML-migxomiB s aBTOMaTu3allii mOOYAOBH CHCTEM
knacudikarnii EEI'-curaani. ¥ pe3ynbrari aHaii3y BU3HaY€HO OCHOBHI OOMEKEHHS CyJacHHX PIillIeHb, Cepe]] IKUX MDKCYO eKTHa
BapiaTUBHICTh, CKJIAJHICTD y3araJbHEHHS MOJEJEH, 3aJIeXHICTh Pe3yIbTaTiB Bif MONEPEeIHbOI 0OPOOKH CHTHAIIIB, HEXOCTATHS
IHTErparisi KOMIOHEHTIB CHCTEMH Ta 0OMeXeHa MiITPIMKa POOOTH B PEKHMMI PeabHOTO Jacy. Y3aralbHEHO KIII0UOBI BUMOTH JI0
MIEPCIICKTUBHUX IPOTPaMHUX HeHpoiHTep(elciB, 30KpeMa MOMYIBHICTh apXiTEKTYpH, MATPUMKY PO3IOIUICHHX OOYHCIICHB,
aJaNTUBHICTH MOJIeNel Ta 3a0e3IeUeHH s BiATBOPIOBAHOCTI ekcriepuMeHTiB. OTpuMaHi pe3yabTaTu MOXKYTh OyTH BUKOPHUCTaHI SIK
OCHOBa JUISl TOJAJIBIIOTO IPOEKTYBaHHS amanTuBHUX cucteM aHanizy EEl-curmamiB i EEG-opieHTOBaHMX NpOTrpaMHHX
HelpoinTepdeiicis.

KunrouoBi cioBa: meiipointepdeiic, EEI-curnanm, MoTopHI ysBIeHHS, Kiacudikallis CUTHATIB, MAIIMHHE HaBYaHHS,
ITIOOKEe HaBYaHHS, IPOTrPaMHA apXiTeKTypa, IporpaMHi HeipoiHnTepdelicy, po3noailIeH] 00UICIeHHS, XMapHi TEXHOJIOT].

Introduction

The modern development of information technologies leads to an ever closer integration of humans
and computer systems. Along with the expansion of the capabilities of such systems, the need for more
natural and effective ways of human-computer interaction is growing. One of the promising areas of
development of human-computer interaction interfaces is neurointerfaces (Brain—Computer Interface,
BCI). Such systems provide the ability to convert the electrical activity of the human brain into commands
understandable to computer or technical systems. Neurointerfaces open up new opportunities for
controlling software and hardware systems without the use of traditional physical input devices. The use of
such technologies in the field of medical rehabilitation is especially important. In particular, neurointerfaces
can be used to restore or compensate for motor functions in people who have lost the ability to control their
limbs due to injuries or neurological diseases. In such systems, the main source of information is
electroencephalography (EEG) signals, which reflect the electrical activity of the cerebral cortex and can
be used to recognize motor representations.

To implement an effective software neurointerface, it is necessary to provide a full cycle of EEG
signal processing - from data collection and pre-processing to the formation of informative features and
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subsequent signal classification. At the same time, software neurointerface systems must satisfy a number
of important requirements, including high accuracy of signal recognition, minimal data processing delay,
stability of operation and efficient use of computing resources.

The choice of software architectures and machine learning algorithms plays a key role in ensuring
the effective operation of a neurointerface system. That is why the study of modern methods of processing
and classification of EEG signals, as well as the analysis of software architectures of such systems is a
relevant scientific task.

In the article, we reviewed modern scientific research in the field of processing and classification
of EEG signals in software neurointerfaces, as well as the analysis of software architectures of such systems,
taking into account the requirements of real-time operation and limited computing resources.

Problem statement

Despite significant progress in neurocomputer interface research, the creation of effective systems
for analyzing electroencephalographic signals remains a difficult scientific and engineering task. In most
modern studies, neurointerface systems use multichannel EEG recordings with different sampling rates and
the number of channels, which allows obtaining sufficiently detailed information about the activity of the
sensorimotor cortex in accordance with the task. In addition, different approaches are used to work with
ready-made data sets and work with signals in real time. EEGs are characterized by a low signal-to-noise
ratio, pronounced non-stationarity and significant intersubject variability. Even within the same
experiment, differences between measurement sessions can lead to a decrease in classification accuracy
when using models trained on data from another session or another user.

Thus, an analysis of modern studies shows that the effectiveness of neurointerface systems is
determined by a whole chain of EEG signal processing processes, which includes preprocessing, feature
formation, model architecture and interpretation of the result. The presence of noise, signal non-stationarity,
and intersubject variability make it difficult to build universal models that can work stably on different data
sets. In most studies, the main focus is on increasing the accuracy of individual models, while the issue of
coordinated optimization of all stages of signal processing and software architecture of neurointerface
systems remains insufficiently studied. The problem of implementing such systems on low-resource
computing platforms, where memory and data processing time limitations are additional requirements when
choosing algorithms and model architectures, is relevant.

Formulation of the purpose of the article

The purpose of this work is to analyze modern scientific research and software systems of
neurointerfaces used for processing and classifying electroencephalographic signals in the tasks of
recognizing motor representations of the upper extremities. The research is aimed at systematizing methods
of pre-processing signals, approaches to forming features, classification models and analysis of the results
of interpreting control commands used in modern neurocomputer interfaces. Special attention is paid to the
analysis of software architectures of such systems, in particular data processing stages, as well as the
possibility of their implementation on low-resource computing platforms. The task of the work is to
generalize existing approaches to building EEG signal analysis systems, determine their main advantages
and limitations, and also form requirements for effective and scalable software solutions for real-time motor
activity recognition tasks.

Review and analysis of methods and software tools for EEG signal classification in finger
movement recognition tasks in scientific studies

Literature selection criteria. To ensure the relevance and reliability of the analysis, the selection
of scientific publications was carried out in accordance with the PRISMA approach. The literature search
was carried out in the following scientific databases: IEEE Xplore, Scopus, PubMed and Mendeley. The
search was limited to scientific publications published within the last five years, in English and with open
access to the full text. The date of the last search was May 13, 2025.

As a result of the initial search, 429 publications were identified, of which 268 were in the Scopus
database, 70 in the IEEE Xplore database, 58 in PubMed and 33 in Mendeley. After removing duplicates,
where the Scopus database was the basic source, a sample of 310 unique publications was formed. The next
stage of selection included a preliminary screening based on titles and annotations, during which works that
were not related to the tasks of EEG signal classification or did not use machine learning or deep machine
learning methods were excluded. Review articles were also excluded, of which 24 were identified at the
initial stage, of which 17 remained after filtering. After conducting a full-text analysis of publications, 57
scientific articles devoted to the application of machine learning and deep learning methods for processing
and classifying EEG signals in neurointerface systems were included in the final review, devoted to the
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application of machine learning and deep learning methods for processing and classifying EEG signals in
neurointerface systems, in particular in the tasks of recognizing motor representations and movements of
the upper limbs. An effective system for classifying electroencephalography signals in neurointerfaces is
based on a sequence of interconnected data processing stages. The analysis of scientific studies allowed us
to identify a typical structure of the software system used in most works on EEG signal classification [1—
58]. Such a system usually includes the stages of signal registration, pre-processing, feature formation, and
subsequent signal classification using machine or deep learning algorithms (Fig. 1).

BeR

‘ EEG acquisition H Signal preprocessing Feature extraction Classification Decision / control

Fig. 1: Typlcal structure of an EEG analy51s system

Developing an effective EEG signal analysis system is a complex task, since most research focuses
on improving individual components of the system, in particular, signal preprocessing methods, feature
formation algorithms or classification models. This approach complicates a comprehensive assessment of
the effectiveness of the entire system as a whole. To determine the factors that affect the accuracy and
stability of EEG signal classification, it is advisable to consider the main stages of signal processing in
neurointerface systems in more detail.

Main stages of EEG signal processing in neurointerface systems:

1. EEG signal registration. At this stage, the number and location of channels are critical, since
they determine the completeness of the spatial representation of motor activity. In modern works for motor
imagery tasks, effective channel selection is separately studied as a way to reduce the redundancy of input
data without significant loss of information content [16].

2. Signal preprocessing. The main task of this stage is to reduce the impact of noise, artifacts, and
signal variability before further analysis. In the works of 2024-2025, it was shown that changing the
preprocessing scheme significantly affects the final classification quality, so the choice of filtering,
cleaning, and normalization is not an auxiliary, but a defining component of the system [3], [20].

3. Feature extraction and selection. At this stage, it is important to form a compact but
discriminative representation of the signal. For this, automatic feature selection, temporal, frequency, and
spatial representations, as well as schemes for weighting informative components are used, which allows
reducing data redundancy and increasing the stability of the model [17], [25].

4. Formation of a structured signal representation. For complex motor representation tasks, not only
the set of features is important, but also the method of representing the connections between channels or
frequency components. In modern works, multi-scale frequency features and graph representations are used
for this, which allows better consideration of the spatial-frequency structure of the EEG signal [8], [24].

5. Signal classification. The key at this stage is the choice of a model that is able to reconcile the
complexity of signal patterns with the available system resources. In the works of 2024-2025, both CNN
approaches with spatial-frequency analysis, as well as transformer and domain-generalization models
focused on increasing accuracy and intersubject generalizability are used [1], [4], [12].

6. Evaluation of results and system operation in conditions close to real-world conditions. Not only
the accuracy value is important, but also the ability of the system to operate stably in pseudo-online or
online mode. Therefore, modern studies increasingly consider evaluation schemes that are close to the real
use of the neurointerface, with analysis of generalizability, repeatability, and behavior of the model on
different data scenarios [20], [31].

A strategically important aspect of building neurointerface systems is the coordinated organization
of all stages of signal processing - from the registration of electroencephalographic data to the formation of
a control team. Analysis of the studies included in this review shows that most modern systems are built
according to a similar structure, which includes the stages of signal registration, pre-processing, feature
formation, classification and decision-making. The effectiveness of the system is determined not only by
the quality of individual algorithms, but also by how coherently these stages are integrated into the software
architecture of the neurointerface. Modern works have shown that changes at any of these stages can
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significantly affect the accuracy, stability and computational efficiency of the system, so most studies are
focused on improving individual components of signal processing, such as pre-processing methods, feature
formation or classification models [1-60]. At the same time, the lack of a standardized approach to the
integration of these components within a single software system makes it difficult to compare the results of
different studies and the reproducibility of the results obtained.

To summarize the approaches presented in the analyzed works, below are typical methods used at
the main stages of EEG signal processing systems in neurointerfaces:

. EEG acquisition: Use of standard public datasets (BCI Competition IV-2a and similar),
multichannel registration of EEG signals (16—128 channels), use of standard electrode placement schemes
(10-20, 10-10), fixed signal sampling rates (128-512 Hz), experimental sessions with motor imagery tasks,
optimization of the channel set (channel selection) [1], [4], [12], [20], [24], [4], [8], [16], [24], [31]

) Signal preprocessing: Band-pass filtering of the signal (band-pass filtering, different
ranges), notch filtering (notch filtering, 50—60 Hz), normalization and standardization of signals, artifact
removal (ICA, EOG correction), downsampling, signal segmentation (epoching / windowing) include DC
bias removal, logarithmization, PCA, wavelet-based denoising and other specialized approaches to improve
signal quality [3], [4], [5], [12], [15], [22], [23], [24], [30], [31], [32], [35], [36], [38], [39], [40], [41], [42],
[45], [46], [47], [48], [50], [S1], [52], [53], [54], [55], [56], [57].

. Classification: Classical machine learning methods (SVM, LDA, Decision Tree, Random
Forest, Extreme Learning Machine), deep convolutional neural networks (CNN, EEGNet, ResNet, multi-
scale CNN), hybrid models (CNN + LSTM, CNN + BiLSTM), models with attention mechanisms
(attention-based CNN), graph neural networks (GCN, GNN), transformer and hybrid architectures (CNN
+ Transformer), transfer learning and adaptive models, autoencoders, ensemble and combined approaches
(CNN ensemble, stacking), Riemannian and geometric models (SPD-based, Tensor-CSPNet) [1-57].

. Decision / control: Threshold decision making (threshold-based decision making), multi-
class classification (one-versus-all, softmax), decision smoothing and aggregation (majority voting, sliding
window), probabilistic approaches (trust-based selection), adaptive and online decisions (real-time decision
updates), control of external devices (robotic systems, exoskeletons, control interfaces), closed-loop
systems with feedback (closed-loop BCI), continuous control, ensemble decision-making approaches [21,
39, 53, 51, 22, 25, 34, 56, 48, 17].

Data and experimental scenarios: The selection of experimental data is the first stage that
significantly affects the outcome of model training and prediction based on new EEG signals of upper limb
motor movement. The dominant paradigm is motor imagery (MI), which is used in the vast majority of
works [1-4, 6, 8-9, 12, 14-15, 17-20, 23-27, 29-34, 36, 38-43, 4546, 48-58], which is due to its non-
invasiveness and suitability for rehabilitation and device control tasks. Alternative approaches are used
much less frequently, in particular SSVEP [35], as well as affective and emotional BCIs [5], [7], [10], [13],
[16], while some works combine several paradigms or consider extended scenarios (for example, MI +
EMG or multi-paradigm systems) [21], [37], which indicates a gradual expansion of the spectrum of
neurointerface tasks.

Among the types of electrode systems, non-invasive EEG systems based on electrode caps (EEG
cap) with Ag/AgCl electrodes and a standard 10-20 or 10—10 scheme prevail, which are used both in public
datasets and in our own experiments [4], [15], [58], [57]. Specialized systems such as BrainAmp, Biosemi
ActiveTwo and Emotiv EPOC+ are also common, and some studies use extended configurations with
additional EOG or EMG channels, which allows to improve signal quality and expand the functionality of
the system [54], [39], [53], [48], [56]. Most of the analyzed studies use public datasets, among which the
BCI Competition [V-2a dominates (9 participants, 288—576 trials per subject), as well as PhysioNet (up to
109 subjects), OpenBMI / KU-MI (54 subjects), DEAP and SEED, which ensure the reproducibility of
results and the possibility of inter-study comparison [1-17, 19, 20, 23, 24, 26-28, 30-33, 36-38, 40-52, 55-
57]. At the same time, a significant part of the studies is based on their own experimental data (from 4 to
54 participants, up to 21,600 trials), which allows modeling specific application scenarios, but limits the
generalizability of the obtained results [18, 21, 22, 25, 29, 34, 35, 39, 53, 54]. In most of them, the
experiment was conducted with the participation of healthy subjects - 55 such works were identified [1-20,
22-57]. At the same time, only a few studies are focused on patients with motor disorders, in particular in
works [21], [22], which indicates a limited representation of clinical scenarios and potential difficulties in
transferring the obtained results to real rehabilitation applications. The number of EEG channels varies
from 3-9 channels in low-power or simplified configurations to 62—118 channels in high-resolution
experimental systems, with a typical value of 22-32 channels, typical for standard datasets (in particular,
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BCI Competition IV-2a) [2], [53], [45], [54], [38], [4], [17], [20], [27], [29], [34]. An increase in the number
of channels provides a more complete spatial representation of brain activity, but is accompanied by an
increase in computational complexity, therefore, in a number of works, channel selection methods (up to
20 or less) are used, which allows preserving the informativeness of the signal while reducing resource
costs [41], [46], [49], [55], [14]. This indicates a trade-off between classification accuracy and system
efficiency, which is critical for implementing neurointerfaces in real time and on low-resource devices. The
number of classes varies from 2 to 40, but the most common are 2-class (left/right hand) and 4-class tasks
(left, right, legs, tongue) [29], [4], [20], [58]. Less commonly used are 3-class scenarios or extended
versions with 5-7 classes, as well as high-dimensional SSVEP tasks (up to 40 classes), which significantly
complicates classification [53], [49], [35].

System architectures and implementation: Most works use high-level software [1-20, 22-57],
while hybrid solutions with hardware integration are used only in isolated cases [21]. The use of local
system architecture prevails [1-38, 40-58], while hybrid approaches with a combination of local and
embedded components are presented only in individual works [39], and edge-oriented solutions are found
singly [16]. Hardware-oriented architectures (FPGA/SoC, embedded solutions) are used only in individual
works [53], [34], [39], while most studies do not detail the type of hardware implementation, focusing on
the algorithmic part. Separately, single hybrid approaches focused on edge computing and integration with
hardware platforms are highlighted [16], [21]. The graphical user interface (GUI) is the main type of
interaction in most implementations of neurointerfaces [3—13, 17-25, 27-58], while in some works the type
of interface is not detailed [1], [14], [26], which limits the assessment of convenience and practical
integration of systems. The dominant purpose of the systems is the classification of EEG motor
representations [1-4, 6, 8-9, 12, 1415, 17-20, 23-24, 26-33, 36, 4043, 45-50, 52, 55-58], while some
works are focused on device control (robots, carts, smart systems) [25], [34], [39], [53], [2], as well as
rehabilitation applications and emotion recognition [21], [22], [5], [7], [10], [13], [16].

Models and learning approaches: The basis of the approaches is convolutional neural networks
(CNN) and their modifications (multi-scale, EEGNet, ResNet, multi-view, attention) [4], [45], [46], [52],
[42], [41], [55], [50]. To take into account the temporal dynamics of the signal, hybrid models
CNN+LSTM/BIiLSTM and CNN+Transformer are used [53], [18], [12], [32], [10], [43]. Transfer learning
and intersubject learning are used to increase the generalization ability of the models [50], [48], [26], [17],
[6], [43], [52], [21]. Specialized architectures are used separately: GNN, attention-based models and
geometric approaches (Riemannian, SPD) [9], [44], [42], [15], [57], [3]. Classical methods (SVM, LDA,
Decision Tree, ELM) are used as basic or auxiliary [34], [25], [24], [1], [21]. Tutored learning is the main
one, supplemented by transfer learning, adaptive approaches and separate RL solutions [53], [39], [54],
[58], [14].

Feature extraction in the analyzed works is based on a combination of classical signal methods and
deep learning. Time-frequency and spectral features (STFT, wavelet, Superlet, PSD, spectrograms) are used
[35], [38], [50], [23], [4], [7], as well as spatial approaches based on CSP and its modifications [34], [29],
[20], [40], [55], [49], [19]. Additionally, Riemannian features (SPD-space) [6], [24], [57], [3] and graph
representations (GCN) [5], [9], [44] are used. A significant part of the models uses automatic feature
extraction using CNN, including attention and multi-scale approaches [53], [39], [18], [41], [45], [46], [52],
[48], [30], as well as hybrid architectures (CNN+LSTM, CNN+Transformer) [12], [36], [10], [2].

Preprocessing includes bandpass and notch filtering, normalization [53], [29], [20], [52], [41],
artifact removal (ICA, EOG, DC bias) [34], [25], [31], [40], [3], downsampling [54], [50], [46], [48], [42],
and signal segmentation [15], [19], [40], [23], [51]. Filter banks, p-rhythm, and noise reduction methods
(PCA, wavelet, VAE) [53], [43], [49], [38], [47] are also used.

Dimensionality reduction is most often performed using PCA [34], [29], [18], [25], [17], [6], [33],
[31], [20], [26], [36], [3], [5], [27], [28], [10], [7], [21], less often mRMR [43] and t-SNE [58], [57]. In
deep models it is integrated through pooling, 1x1 convolutions and feature fusion [41], [46], [47], [44], [2],
[54].

Evaluation metrics and performance: Model evaluation is based mainly on the metrics accuracy,
F1-score, precision, recall and Cohen’s kappa [39], [18], [20], [42], [41], [45], [52], [58], [43], while for
SSVEP systems ITR is additionally used as an indicator of the information transfer rate [35]. Typical
accuracy values for motor imagery tasks are in the range of 80-90% [29], [12], [36], [4], [27], [28],
however, the use of deep and hybrid models allows achieving results above 90% and even 95% [18], [50],
[40], [47], [44].

© Pastukh O., Stefanyshyn V.



290 Hayxosuil acypran "KoMIT I0TepHO-IHTETpOBaHi TEXHOJIOTIi: 0CBiTa, HAyKa, BAPOOHUITBO"
Jhywk, 2026. Bunyck Ne 64

The works take into account intersubject variability, which is manifested in a significant spread of
results, and also compare subject-dependent and subject-independent learning modes [53], [52], [54], [48],
[14], [57]. To increase the generalization ability, transfer learning and data augmentation are used, which
provides improved accuracy and stability of models [19], [58], [43]. Additionally, computational
characteristics are analyzed, in particular, processing time and response delay, which is critical for real-
time systems [1], [51], [53].

Statistical analysis is implemented through cross-validation (in particular 10-fold CV), t-tests,
ANOVA and Wilcoxon test [53], [38], [50], [43], [52], [42], [45], [48], [57], as well as through comparison
with existing methods and the use of confusion matrices [39], [15], [19], [40], [23]. Some studies use
statistical significance tests (p-value), corrections (Bonferroni) and visualization of results (t-SNE, scatter
plots) [54], [46], [41], however, in some works the analysis is limited to basic metrics or is absent [36],
[27], [28].

The phenomenon of BCI illiteracy and individual user variability are also taken into account [18],
[17], [26], [24], [21]. Overall, the results confirm the effectiveness of current approaches, but their
performance largely depends on data quality, system configuration, and user characteristics.

Real-time and computational aspects: The calculations in most works are performed on local
resources using CPU and GPU (TensorFlow, PyTorch, MATLAB, Keras) [35], [54], [38], [50], [19], [52],
[41], [48]. Some approaches use specialized hardware solutions, in particular FPGA/SoC and embedded
platforms (Jetson Nano), which allows to reduce delays and power consumption [53], [39].

The inference time in many systems is at the level of milliseconds or fractions of a second, which
provides the possibility of real-time operation: ~62.5 ms [39], ~0.5-0.75 s [53], [25], [17], <1 s [35], [34].
At the same time, model training is much more resource-intensive and lasts from seconds [1] to hours or
more for complex DL models [50], [48], [55].

Real-time support is implemented mainly in applied BCI systems (robot control, human-machine
interfaces) [35], [53], [39], [34], [17], [51], as well as in lightweight solutions [16], [30], [22]. Other works
remain offline due to high computational complexity [29], [18], [50], [52], [42], [41], [57].

Optimization for low-power and edge is rare and is associated with the use of FPGAs or compact
models (e.g., EEGNet) [53], [51], as well as specialized lightweight solutions [34], [16], [30]. Most
approaches do not take into account resource constraints, which limits their practical application in
embedded systems.

In general, modern BCI systems provide fast inference and potential real-time operation, but the
main computational costs fall on the training stage, and optimization for the edge environment remains an
open problem.

Limitations and challenges: Some approaches demonstrate stable results within individual
datasets, as confirmed by low variance of metrics and multi-session experiments [35], [50], [17], [42], [39],
[52], [46].

The main limitation remains intersubject variability, which manifests itself in a significant spread
of accuracy between users (e.g., 44.8-91% or SD up to £12.5%) [56], [49], as well as the dependence of
the results on the channels, frequency ranges and the way of representing the signal [54], [23]. Even modern
DL models do not completely eliminate this problem.

Variability reduction is achieved through transfer learning, data augmentation and attention
mechanisms [19], [58], [43], however, the generalization ability of the models remains limited. A
significant part of the work takes into account the phenomenon of BCl illiteracy and individual differences
of users [53], [39], [54], [52], [42], [48], [57], but this aspect is not always analyzed systematically [29],
[20], [9], [27], [28].

Additional limitations are sensitivity to signal quality and artifacts, as well as the dependence of
performance on model parameters and data representation [1], [23].

Another challenge is the limited interpretability of models: most approaches have a medium or low
level of explainability due to the use of DL architectures [35], [53], [50], [52], while only individual
solutions provide increased transparency (e.g., explainable models) [41], [3], [24].

Therefore, the key problems remain intersubject variability, limited generalizability, and low
interpretability, which complicates the creation of universal and reliable BCI systems.

Practical applications and future directions: The analyzed works demonstrate the practical
implementation of BCI primarily in tasks related to motor representations and control of the upper limbs.
In particular, the possibility of controlling robotic systems based on EEG has been confirmed, including
the control of a hexapod robot in real time [53] and a robotic arm in a virtual environment [25]. The
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effectiveness of BCI for controlling wheelchairs, which is important for patients with impaired motor
functions, has also been shown [39].

A key area is the rehabilitation of the upper limbs, where EEG signals are used to control
exoskeletons and restore motor functions after a stroke [2]. Multimodal BCI systems further increase the
efficiency of movement restoration by integrating different data sources [21], and self-paced approaches
allow the system to be adapted to the individual characteristics of the patient [22].

In applied systems, the generalizability of models plays an important role. The use of subject-
independent approaches, transfer learning, data augmentation and attention mechanisms allows to reduce
dependence on a specific user and to increase the stability of motor representation classification [54], [6],
[19], [48], [52], [58], [43]. Additionally, channel selection is used, which allows to reduce the number of
electrodes without losing accuracy, which is critical for practical systems [15], [49], [55].

Approaches that take into account the spatiotemporal structure of EEG signals are promising, in
particular graph and geometric models, which improve the stability of motor representation classification
[5], [44], [3], [57]. The use of explainable architectures is important for medical applications, as it allows
to interpret the decision-making process [41]. Multi-scale and multi-view models provide increased
accuracy in motor representation recognition tasks [45], [46], [50].

Thus, the development of BCI for upper limb control is aimed at increasing generalizability,
reducing calibration time, optimizing for real-world conditions of use, and improving the interpretability
of models, which is necessary for their implementation in clinical practice.

Modern software systems and AutoML solutions for EEG/BCI

Software systems for EEG/BCI processing: Modern software systems for processing EEG signals
(EEGLAB, MNE-Python, OpenViBE, BCI2000, Emotiv) provide a full set of tools for working with
biosignals, including their loading, cleaning, analysis, classification and visualization. Such solutions are
widely used both in scientific research and in applied BCI systems, forming the basic software environment
in this field. EEGLAB and MNE-Python are focused on flexible processing of raw EEG data and provide
a wide range of methods for preprocessing, spectral analysis and working with features. They integrate well
with modern machine learning libraries, but require significant user participation in setting up and
organizing the computational process. OpenViBE and BCI2000 systems provide support for real-time
operation and integration with hardware devices, which makes them suitable for creating interactive BCI
applications, but limits the flexibility in using modern algorithms and their configuration. Commercial
solutions such as Emotiv simplify access to BCI technologies through ready-made interfaces, but
significantly limit the possibilities of customization and control over the signal processing process.

Despite their functional completeness, most existing systems have common limitations. Working
with them is largely based on manual parameter settings and selection of methods, which makes the results
dependent on the user's experience. There are no mechanisms for automation and consistent tuning of
different processing stages, which complicates the repeatability of experiments and comparison of results.
In addition, the integration of different approaches and tools often requires additional implementation,
which reduces the effectiveness of using such systems in complex tasks.

AutoML in EEG/BCI tasks: Automated Machine Learning (AutoML) is an approach aimed at
automating the construction of machine learning models, including the selection of algorithms, tuning
hyperparameters and evaluating their effectiveness. In EEG signal processing tasks, it is especially relevant
due to the high complexity of the analysis and the large number of possible method configurations. The
main advantage of AutoML is the automatic selection of models and their parameters, which allows
avoiding laborious manual selection of options, speeds up experiments and reduces the influence of the
human factor.

At the same time, existing AutoML solutions have significant limitations when applied to
EEG/BCI. They do not support working with raw signals and are focused on tabular data, which requires
manual preprocessing outside the system. Optimization is performed only for ready-made features, without
controlling the entire computational structure. Additionally, a single-objective approach (mainly accuracy)
is used, without taking into account processing time, resources and stability. Intersubject variability and
signal non-stationarity are also not taken into account, which limits the generalizability of the models. The
reproducibility of experiments is partial due to the lack of complete preservation of configurations and
intermediate results.

Existing AutoML platforms: Among the current AutoML solutions for analysis, H2O AutoML,
AutoGluon, and Google AutoML were selected as the most widespread and functionally developed
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platforms. Despite their effectiveness in classical machine learning tasks, their application to EEG/BCI is
limited:

1. H20 AutoML provides automatic model selection, hyperparameters and ensemble
building, which is its main advantage. The system supports a wide range of algorithms and allows you to
get high results without deep user intervention. At the same time, it does not have built-in tools for
processing raw EEG signals and works only with prepared data. Customization of the process is limited to
standard settings, and optimization is performed without taking into account the specifics of EEG.

2. AutoGluon is focused on tabular data and computer vision tasks, providing effective
automatic model selection and their ensemble. Its advantage is ease of use and high performance on
standard data sets. However, for application to EEG, it is necessary to first form features manually, since
the system does not support processing of temporal signals. Integration of preprocessing stages is implicit,
and customization capabilities are limited by the platform structure. In addition, AutoGluon is mainly
focused on local execution.

3. Google AutoML is a cloud service that provides a fully automated model training process
with minimal user intervention. Its advantages are scalability and ease of use. At the same time, the system
has a limited level of control over the training process and data transformations. It does not support specific
EEG processing stages and does not allow the integration of custom preprocessing methods. Dependence
on the cloud environment makes it difficult to adapt to local or hybrid scenarios.

In general, none of the considered platforms provides explicit representation and control of the
complete EEG signal processing process. They do not support an EEG-oriented pipeline, have limited
customization capabilities, and depend on a specific runtime environment, which significantly limits their
application in EEG/BCI tasks.

Requirements for EEG-oriented AutoML systems: Analysis of existing AutoML solutions shows
that they have systemic limitations when applied to EEG/BCI tasks. The model search process is poorly
interpreted, since the user does not have access to the internal logic of configuration selection. The
scalability and portability of solutions are limited by the dependence on the execution environment (local
or cloud), which complicates their integration into various scenarios. In addition, adaptation to new datasets
is difficult due to the need to manually re-configure preprocessing and features.

Taking into account the identified shortcomings, the following requirements are imposed on
AutoML systems for EEG processing:

1. support for the full cycle of EEG signal processing, including work with raw data

2. modularity and extensibility for integration of various processing and classification
methods

3. multi-criteria optimization taking into account accuracy, processing time and resource
usage

4. support for various execution environments (local, cloud, edge)

5. full reproducibility of experiments with preservation of all configurations and results

6. consideration of intersubject variability through appropriate validation procedures

Thus, an effective AutoML system for EEG/BCI must go beyond classical approaches and take
into account the specifics of biomedical signals, ensuring flexibility, controllability, and generalizability of
models.

Directions for improvement and future systems: Analysis of existing approaches shows the need
to move to specialized AutoML systems focused on EEG/BCI tasks, in particular upper limb motor
classification. The main areas of development include:

1. Support for the full cycle of EEG signal processing. Integration of all stages (preprocessing,
feature extraction, classification, evaluation) within a single system.

2. Formalized representation of the processing process. Use of structured models to describe
dependencies between stages and ensure correct configurations.

3. Support for different models and architectures. Integration of a wide range of approaches
(CNN, RNN, Transformer, GNN, hybrid models, geometric methods), which allows adapting the system
to different types of EEG tasks and increasing generalizability.

4. Multi-criteria optimization. Simultaneous consideration of accuracy, response time and
resource usage, which is critical for real-time systems.
5. Support for low-resource (edge) devices. Focus on efficient models with low memory and

computing resources consumption for use in portable BCls and prosthetic control systems.
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6. Distributed and parallel computing. Using cluster and parallel computing approaches to
accelerate model training and search for optimal configurations.

7. Cloud services integration. Using cloud infrastructure for scalable training, storing
experiments, and ensuring system availability.

8. Support for different execution environments.

9. Saving all parameters and results to ensure repeatability and analysis.

10. Support for subject-aware validation. Taking into account intersubject variability and
signal non-stationarity.

11. Orientation to practical BCI applications. Providing real-time work for movement control

tasks, in particular in upper limb rehabilitation systems.

Thus, future systems should combine automation, scalability and adaptability to the specifics of
EEG, which will allow to effectively solve the problems of motor control in real conditions. The analysis
shows that the use of distributed computing, in particular the use of cloud technologies, can help in the
implementation of adaptive modern neurointerfaces and make it possible to use them on devices with
different degrees of power. The analysis of existing software systems and AutoML solutions, as well as
the formalization of the problem of EEG signal processing and model selection, confirm the need to
develop specialized software neurointerfaces focused on automated construction and optimization of
models. This justifies the feasibility of further research in the direction of creating intelligent
neurointerfaces capable of providing the system with work with EEG signals for the tasks of upper limb
motor classification in real conditions of application.

Conclusions

The study analyzed the main stages of EEG signal processing — from signal registration and pre-
processing to feature formation, classification, and evaluation of results within modern software
neurointerface systems. It was found that the efficiency of such systems largely depends not only on the
choice of the classification model, but also on the method of signal representation, pre-processing
parameters, and the organization of the entire software pipeline for data analysis. A significant part of
modern approaches requires manual parameter adjustment, which complicates the reproducibility of results
and the transfer of models between different users and data sets. A separate problem remains intersubject
variability, due to which models trained on some users demonstrate unstable results on others. An additional
effect is caused by noise and non-stationarity of EEG signals, which reduces the stability of software
neurointerfaces under conditions close to real-world operation.

It is shown that modern software neurointerfaces use a wide range of approaches — from classical
machine learning methods to deep neural networks and hybrid software architectures. At the same time, the
architecture of most systems is formed without a clearly defined software structure and largely depends on
implementation-specific solutions. In many cases, the interaction between signal processing components,
classification models, and the computing environment is not formally described, which is why
neurointerface systems are implemented as a set of separate software modules rather than as an integrated
software solution. Insufficient integration of cloud and distributed computing technologies further limits
the scalability of such systems and complicates the adaptation of models to work on low-resource and edge
platforms.

In addition, with the increase in complexity of models, the level of their interpretability decreases,
while simpler approaches often do not provide the necessary classification accuracy. Analysis of modern
software systems for EEG signal processing showed that most existing solutions are focused on solving
individual tasks and do not provide full integration of all stages of EEG signal processing, model execution,
and evaluation within a unified software environment. Such systems require an individual combination of
software tools, have limited support for streaming data processing and real-time operation, as well as
insufficient flexibility in configuring analysis and evaluation processes. The lack of full-fledged
mechanisms for reproducibility of experiments, software orchestration, and support for heterogeneous
computing environments further reduces the portability and scalability of existing solutions.As a result of
the analysis, a generalized vision of the structure of modern software neurointerfaces for tasks of
classification of motor representations of the upper extremities was formed and the feasibility of using a
systems approach to their construction was substantiated. Key requirements for promising systems were
determined, including modularity of architecture, support for working with raw EEG signals, the ability to
function in real time, adaptability to intersubject variability, support for cloud and distributed computing,
as well as ensuring reproducibility of experiments. The results obtained can be used as a basis for further
design of software neurointerfaces, EEG-oriented AutoML systems and adaptive EEG signal analysis
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systems for tasks of neurocontrol, rehabilitation and intelligent interaction of a person with technical
systems.
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