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Summary. The paper deals with hardware and software support for the interaction of human brain
activity with the dynamic movement of the part of its upper limb based on artificial intelligence and its parallel
programming using high-performance computer calculation on cluster mobile devices. The obtained results can
be used as a basis for the development of high-performance software and hardware for the effective operation of
brain-computer interaction neuro interfaces.
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Statement of the problem. The development of various types of neural interfaces for
brain-computer interaction is an urgent scientific problem.

The solution to this problem will make it possible to eliminate the daily suffering for
those people who experienced certain injuries to their bodies. For example, they can use various
kinds of bionic limb prostheses in case of loss of their own limbs, restore control over parts of
their own body in case of spinal cord injuries, etc.

Furthermore, the development of neural interfaces for brain-computer interaction makes
it possible to expand the functional abilities of human beings in terms of augmented and virtual
realities application.

Analysis of the available investigation research results. Since at present there is an
exponential increase in the number of investigations focused on the development of neural
interfaces for brain-computer interaction, we will mention as the examples only the most
famous ones. They include research by neurotechnology companies: «Neuralink» by Elon
Musk [1] and Brian Johnson's «Kernel» by Brian Johnson [2]. They develop invasive and non-
invasive brain-computer interfaces, respectively.

For the sake of justice, we note a number of promising results obtained in this area,
which are published in papers [3—-11].

The objective of the paper is to develop algorithmic software based on artificial
intelligence and software — hardware based on parallel programming using high-performance
computer calculations on cluster mobile devices for neurointerfaces of brain-computer interaction.

Statement of the problem. One of the important components in the development of
brain-computer neurointerfaces is the application of algorithmic and software - hardware. Their
importance is due to the fact that they determine the quantitative values of the quality metrics
of brain-computer interaction neurointerfaces, such as, the values of accuracy, reliability,
robustness, computational complexity, etc.

Improvement of these quantitative metrics: accuracy, reliability, robustness,
computational complexity, etc. is possible with the development of algorithmic software based
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on modern artificial intelligence approaches and software — hardware based on parallel
programming using high-performance calculation on cluster mobile devices.

Thus, the development of algorithmic software based on artificial intelligence and
software — hardware based on parallel programming using high-performance computer
computing on cluster mobile devices for neurointerfaces of brain-computer interaction is an
important scientific and practical task.

Presenting of the main material. The material of this paper is based on practical results
obtained on the basis of experiments.

The essence of the carried out experiments was as follows. The movement of the left
thumb was performed during two minutes and at this moment the electrical activity of the brain
was recorded on the basis of electroencephalographic (EEG) signals (Fig. 1). Then, the
movement of the right thumb was performed during two minutes and at this moment the
electrical activity of the brain was recorded on the basis of EEG signals as well (Fig. 2).
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Figure 1. Visualization of EEG signals caused by the  Figure 2. Visualization of EEG signals caused by the
movement of the thumb of the left hand movement of the thumb of the right hand

For visualization, the schematic illustration of EEG signals selection is shown in Fig. 3 [12].

In order to select EEG signals, 16-channel electroencephalographic complex
NEYROCOM produced by medical equipment manufacturer HAI-MEDICA was used in the
investigation (Fig. 4) [13].
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Figure 3. EEG and brainwaves [12] Figure 4. 16-channel electroencephalographic

complex NEYROCOM produced by medical
equipment manufacturer HAI-MEDICA [13]
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Further, we considered the task of binary classification. The neurointerface of brain-
computer interaction should decode EEG signals generated by the brain at the moments of the
left and right thumb movements. Then the neurointerface of brain-computer interaction should
transmit the output data to the microcontrollers of the left and right bionic prostheses for
performing movements with the prosthetic thumbs of the left and right hands.

The binary classification task was solved by means of artificial intelligence algorithm,
namely, the ensemble random forest algorithm. Thus, the ensemble random forest algorithm
was used as the basis of the operation of the brain-computer interaction neural interface.

The input data for the ensemble random forest algorithm were EEG signals, and the
output data were «0» codes for left thumb movement and «1» for right thumb movement.

The deployment of the ensemble random forest algorithm and software - hardware based
on parallel programming using high-performance computing on cluster mobile devices was
carried out in the following way:

- the ensemble random forest algorithm is implemented by software tools of Scikit-
Learn library;

- the software tools of Joblib library were used as the basis of the software tools of
Scikit-Learn library. They ensured parallelization of calculations on physical cores and their
flows of computers due to hyperparameter n_jobs=-1;

- scaling of parallelized calculations on physical cores and their flows of computers of
the cluster computer system is realized by means of Dask library software tools;

- the physical level of parallel and distributed calculations is carried out on remote
cluster computer system.

Thus, the deployment of software - hardware for parallelized and distributed high-
performance computer calculations on remote cluster computer system has the form of
software — hardware computer calculation pipeline. Visualization of the typical example of
software — hardware computer calculation pipeline is shown in Fig. 5 [14].
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Figure 5. Software — hardware computer calculation pipeline [14]

To minimize the cost of calculation resources (processor time and memory) and
maximize the accuracy of the random forest ensemble algorithm, the optimal number of
decision trees was found. The optimization is performed due to the comparison of errors on the
training and test samples (Fig. 6) during cross-examination, similar to that one where the
detection of the beginning of the retraining effect is considered.

Evaluation of the robustness of the practical work for the developed algorithmic support
based on artificial intelligence (random forest ensemble algorithm) and software — hardware
based on parallel programming using high-performance calculation on cluster computer
systems was carried out by calculating the mean square deviation of the error during cross-
examination.

Quality metrics: accuracy, roc_auc, and f1 were used for visual interpretation, stability,
and complete characteristics of the practical operation accuracy for the developed algorithmic
support based on artificial intelligence and software — hardware on the basis of parallel
programming using high-performance calculation on cluster mobile devices.
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Figure 6. Evaluation of the optimal number of trees in the random forest algorithm

For visual interpretation of the accuracy of practical work characteristic, the accuracy
quality metric equal to 99.89% was used. The error matrix of the accuracy quality metric in
absolute values within both classes is shown in Fig. 7. The normalized error matrix of the
accuracy quality metric in relative values within both classes is shown in Fig. 8.
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Figure 7. Error matrix, without normalization Figure 8. Normalized error matrix

For stable interpretation of the accuracy of practical work characteristic, the quality
roc_auc metric equal to 99.89% was used. The roc curve with the area under it equal to 0.9989
is shown in Fig. 9.

For simultaneous characteristic of the practical work accuracy and completeness, we
used the quality metric f1, which was 99.89%.

Thus, the next follows from the above mentioned results. Based on EEG signals obtained
by experimental measurement of the brain electrical activity during the movement of of the left and
right hands thumbs, we obtained input and output data for training the ensemble random forest
algorithm, which was implemented by means of the software tools of Scikit-Learn library. Using
the software tools of Joblib library, it was possible to parallelize the calculations while training the
ensemble random forest algorithm on physical cores and their computer flows by setting the value
of n_jobs hyperparameter to -1. Based on the software tools of Dask library, parallel calculation
was distributed to the physical cores and their flows of the cluster computer system, which made it
possible to organize high-performance calculation for training the ensemble random forest
algorithm. As the result, the quality of the created algorithmic, software — hardware calculation
pipeline was evaluated based on quality metrics: accuracy, roc_auc, and f1. All this together made
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it possible to develop practice-oriented algorithmic and software — hardware for the practical
implementation of modern neurointerface for brain-computer interaction.

10 1

08 1

0ue 1

04 1

True Positive Rate

02 1

0.0 - — RandomForestClassifier (AUC = 1.00)

0.0 0.2 0.4 06 0.8 10
False Positive Rate

Figure 9. ROC curve

Conclusions. We have developed algorithmic software based on artificial intelligence

and software — hardware on the basis of parallel programming using high-performance
computer calculation on cluster mobile devices for neurointerfaces of brain-computer
interaction, characterized by high values of numerical quality metrics: accuracy=99.89%,
roc_auc=99.89%, f1=99.89% on experimental data and high computational efficiency due to
parallel and distributed calculations. All this together opens the opportunities for the application
of the obtained results in the practical industry.
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HEHUPOIHTEP®EHNC B3AEMO/III MO3OK-KOMIT'FOTEP HA
OCHOBI HITYYHOI'O IHTEJIEKTY TA MOI'O TAPAJIEJIBHOT'O
IMPOI'PAMYBAHHS 3 BUKOPUCTAHHSIM
BUCOKOINPOJAYKTUBHUX KOMIT'IOTEPHUX OBUUCJIEHb HA
KJACTEPHUX MOBLJIBHUX MPUCTPOSIX

Ouer Iacryx; Bacuiab Sluummun

TepHoninbcokuu HayioHanrbHUU mexHiyHuil ynigepcumem imeni leana Ilynios,
Tepnonins, Ykpaina

Pe3ztome. Poszenanymo npoecpamuo-anapamue 3abepnedents 0N peanizayii 83aemMooii axmueHocmi
MO3KY JIOOUHU 3 OUHAMIYHUM PYXOM HACTUHU ii 6EPXHbOI KIHYIGKU HA OCHOGI WIMYYHO20 [HMeENeKmy ma uo2o
napanenvHo20 Npocpamy6anHs 3 GUKOPUCIAHHAM GUCOKONPOOYKMUBHUX KOMN IOMEpHUX O00YUCNIeHb Ha
KAAcmepHUux MOOINTbHUX NPUCMPOSX.

Poscopmanns  npoepamno-anapamnozo  3a0e3neueHHs — po3napaneienux — ma  po3noOileHux
BUCOKONPOOYKMUBHUX KOMN TOMEPHUX 00UUCIeHb HA 8I00AIEHOMY Kiacmepi MOOIIbHUX NPUCMPOI8 OP2AHi308AHO
¥ 8U2nA0i KOHBEEPA NPOSPAMHO-ANAPAMHUX KOMN TOMEPHUX 00YUCTEeHD.

3a ocnosy ancopummiunoco 3abesneuenHs 8 pamKax WMYYHO2O iHMENEeKmy SUOPAHO THOYKMUGHUU
nioxio (nioxi0 Ha OCHOBI MAWUHHOZO HABYAHHS), WO BUKOPUCIOBYE TOSIYHY NAPAOUSMY, 30KpeMd, ai20pUumm i3
cimeticmea ancambaegux arzopummie — eunaoxosuil jic. Oyineno AKicmb pobomu 0aHO20 ANCOPUUMMY, AKA
XapaxmepuzyemvCs GUCOKUMU 3HAYEHHAMU YUCIOBUX MEMPUK HA EKCNepUMEHMANbHUX OAHUX ma 6UCOKOIO
00UUCTIOBANLHOIO eheKMUBHICINIO 3A80AKYU NAPATENLHUM MA PO3NOOINEHUM 00UUCTIeHHAM. 30Kpema, O HAOUHOT
inmepnpemayii xapaxmepucmuxku mo4Hocmi npaKmu4Hoi pobomu UKOPUCINAHO MeMPUKY AKOCMI AdCCUracy, axka
oopisniosana 99,89%,; onn cmilxoi inmepnpemayii xapakmepucmuxu MOYHOCMI npakmuyHoi pobomu
BUKOPUCTNIAHO MemPUKY sakocmi YOC_auc, sika oopisuiosana 99,89%, 0ns oonouachoi xapakmepucmuxku mo4Hocmi
ma nogHomu npakmuunoi pobomu euxopucmarno mempuxy axocmi t1, axa oopienreana 99,89%.

Aneopumm 6unadxosuil ic peanizosano 3a 00NOMO2010 NPOSPAMHUX iHcmpymenmie 6idriomexu SCikit-
Learn. Bukopucmosyrouu npoepamui incmpymenmu dibniomexu Joblib, edanocsa posnapanenumu o6uucients npu
HABYAHHI ANeOpumMy GURAOKOGUL JNiC NO Qi3uyHuUX A0pax ma ix NOMOKAX O0OYUCTIOBATLHO2O MOOIIbHO2O
RPUCIPOIO, 6CMAHOBUSWIU 3HAYeHHs cinepnapamempa N_jobs y cman, wo oopienrwe -1. Ha ocnosi npocpamuux
incmpymenmis 6ioniomexu Dask suxonano posnoodinenns napanenvhux obuuciens na Qizuuni 10pa ma ix nomoxu
6 Kknacmepi MOOINbHUX OOHUCTIOBANbHUX NPUCMPOIE, WO 040 3MO2Y Op2aHi3yeamu 6UCOKONPOOYKMUGHI
00uUCIeHHA 01 HABYAHHS ANIOPUMMY BUNAOKOBUIL JIiC.

Ompumani pezynbmamu MOxCymsb Oymu HOKIAOEHi 8 OCHOGY pO3POOIEHHS BUCOKONPOOYKMUBHO20
npoOSPaAMHO-Anapammuo2o 3abe3neuentns O0as egekmugnoi pobomu Helpoinmepgelicie 63acMo0ii MO30K-
KoMmn tomep.

Knwuoei cnoea: neiipoinmepdghetic 83acmo0dii MO30K-KoMn'tomep, wimyuHuil inmenekm, napaieivhe
nPoOSpamy8ants, 6UCOKONPOOYKMUGHI KOMN I0mepHi 0OuUCTeH s, KiacmepHi MOOLIbHI npucmpoi.
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