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Analysis of electroencephalography (EEG) signals gathered by brain–computer

interface (BCI) recently demonstrated that deep neural networks (DNNs)

can be e�ectively used for investigation of time sequences for physical

actions (PA) classification. In this study, the relatively simple DNN with fully

connected network (FCN) components and convolutional neural network (CNN)

components was considered to classify finger-palm-hand manipulations each

from the grasp-and-lift (GAL) dataset. The main aim of this study was to

imitate and investigate environmental influence by the proposed noise data

augmentation (NDA) of two kinds: (i) natural NDA by inclusion of noise EEG data

from neighboring regions by increasing the sampling size N and the di�erent

o�set values for sample labeling and (ii) synthetic NDA by adding the generated

Gaussian noise. The natural NDA by increasing N leads to the higher micro and

macro area under the curve (AUC) for receiver operating curve values for the

bigger N values than usage of synthetic NDA. The detrended fluctuation analysis

(DFA) was applied to investigate the fluctuation properties and calculate the

correspondent Hurst exponents H for the quantitative characterization of the

fluctuation variability. H values for the low time window scales (< 2 s) are higher

in comparison with ones for the bigger time window scales. For example, H

more than 2–3 times higher for some PAs, i.e., it means that the shorter EEG

fragments (< 2 s) demonstrate the scaling behavior of the higher complexity

than the longer fragments. As far as these results were obtained by the relatively

small DNN with the low resource requirements, this approach can be promising

for porting such models to Edge Computing infrastructures on devices with the

very limited computational resources.

KEYWORDS

deep neural network, brain-computer interface, grasp-and-lift, physical action, data
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1 Introduction

Recently, deep learning (DL) methods based on deep neural networks (DNNs) were
effectively used for processing different data (LeCun et al., 2015). In healthcare and elderly
care, they become very popular for processing the very complex multimodal medical data
(Chen and Jain, 2020; Esteva et al., 2019). Usage of DL is especially important in the view
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FIGURE 4

Comparison of AUC values as a function of the number of samples for the di�erent physical actions (dotted lines) and their smoothed fits by

LOWESS-method (solid lines) for the o�sets imitating the natural noise addition: (A) 0, (B) 0.5, and (C) 1.
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FIGURE 5

Comparison of macro (A) and micro (B) AUC values as a function of the number of samples for the di�erent o�set values (colors) without the

synthetic noise (dotted lines) and with the synthetic noise σsynth = 0.2 (solid lines).

ThemeanAUC values (Figure 8) are evenmore higher for offset
= 0.5 than for other offset values (0 and 1) and significantly bigger
than standard deviation values also. The mean AUC values for
offset = 0 are even more higher than for offset = 1, but again these
differences cannot be considered as statistically significant and they
are in the limits of standard deviation values.

On the contrary, the range AUC values (Figure 9), which are
differences between maximal and minimal AUC values, are lower
for offset = 0.5 than for other offset values (0 and 1), and these
differences are significantly bigger than standard deviation values.
Similarly, the range AUC values for offset = 0 are lower than for
offset= 1, and these differences are also statistically significant and
beyond the limits of standard deviation values.

As it was seen from the previous Figure 9, the standard
deviation AUC values (Figure 9) are significantly lower for offset=
0.5 than for other offset values (0 and 1). Similarly, the standard
deviation AUC values for offset = 0 are significantly lower than
for offset= 1.

To analyze the metrics for the steady region for N in the
range from 1,000 to 10,000 samples, AUC (mean ± stdev) values
were calculated (Table 2) along with the other metrics such as
maximal AUC values and ranges (differences between maximal
and minimal AUC values) (Table 3). The bold font in Table 3
denotes the highest values for the same level of σsynth, and the
italic font does the lowest ones. HandStart action demonstrates the
highest AUC values, and FirstDigitTouch and BothStartLoadPhase
demonstrates the lowest ones. The important aspect is that for
different actions, implication of the natural noise (presented by
offsets) leads to the different consequences. For example, Replace
and BothReleased actions have the lowest AUC decrease and
highest AUC values for offset 0. As a possible explanation for
these results, Replace and BothReleased actions can have the higher
PAS-NR (in comparison with other actions) for offset 0 because
of the more EEG activity for “after” (post-process) part of the
relevant sampling. At the same time, mediocre performance for
FirstDigitTouch and BothStartLoadPhase can be explained by their
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FIGURE 6

Comparison AUC values as a function of the number of samples for the di�erent o�set values (colors) without the synthetic noise (A) and with the

synthetic noise σsynth = 0.2 (B).

coincidence in time (see Figure 1) that is the real drawback of the
GAL dataset used.

3.3 Detrended fluctuation analysis

Detrended Fluctuation Analysis (DFA) (Peng et al., 1993, 1995;
Bianchi, 2020) was applied to analyze fluctuations of AUC values
and the correspondent Hurst exponent values after eliminating
the temporal trend (Figure 13). For the time sequences, the
Hurst exponent value (H) can indicate whether a process is
persistent or anti-persistent, but here the Hurst exponent is used
for the other purpose, namely, for quantitative estimation of
fluctuations svariability.

In general, the Hurst exponent, H, is intrinsically related to the
fractal dimension, which quantifies the “roughness” or variability
of a time series (Hurst, 1956). Specifically, the value of H provides
insight into the degree of smoothness in the data: Sequences
that exhibit greater variability and are more irregular (i.e., more
jagged) are associated with lower values of H, approaching zero.

Conversely, smoother sequences yield values of H closer to
one. This relationship between H and the fractal dimension is
instrumental in characterizing the long-term dependence and self-
similarity in stochastic processes. The Hurst exponent can also
characterize a process (Bianchi, 2020) depending on the range of
the measured values: H in the range [0.0, 0.5) corresponds to a
very noisy process; the value H = 0.5 relates to uncorrelated
process; H in the range (0.5, 1.0] relates to persistency where long-
range correlations and relatively little noise can be observed; and
H > 1.0 characterizes a non-stationary process with stronger
long-range correlations. The correspondent open-source Python
package “fathon” was used for DFA and further analysis of metric
fluctuations (Bianchi, 2020).

4 Discussion

The results obtained show that different actions can be classified
with the quite different reliability. The different kinds of physical
activity take the different level of physical activation and the

Frontiers inNeuroinformatics 11 frontiersin.org

https://doi.org/10.3389/fninf.2025.1521805
https://www.frontiersin.org/journals/neuroinformatics
https://www.frontiersin.org


Gordienko et al. 10.3389/fninf.2025.1521805

FIGURE 7

Comparison of maximal AUC values as a function of the number of samples for the di�erent o�set values (colors) without the synthetic noise (A) and

with the synthetic noise σsynth = 0.2 (B). The error bars denote the standard deviation values.

correspondent EEG activity, for example, HandStart (fingers, palm,
forearm, and shoulder are activated) includes involvement of
more limbs than LiftOff (fingers, palm, and forearm) and Replace
(fingers, palm, and forearm), and even more than BothReleased
(several fingers and palm), BothStartLoadPhase (two fingers), and
FirstDigitTouch (one finger). It should be noted that the observed
performance of classification demonstrates some correlation where

the higher performance by AUC (Figure 4) corresponds to the
more pronounced physical activity in the following order from
the highest AUC values to the lowest ones: HandStart →

LiftOff → Replace → BothReleased → BothStartLoadPhase →

FirstDigitTouch (Figure 4).
In addition, for N values in the range [100, 1,500], HandStart

action demonstrates the asymmetric behavior with regard to the
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FIGURE 8

Comparison of mean AUC values as a function of the number of samples for the di�erent o�set values (colors) without the synthetic noise (A) and

with the synthetic noise σsynth = 0.2 (B). The error bars denote the standard deviation values.

offset values 0 and 1 (Figure 4C), namely: AUC values grows much
faster with N for offset = 1 (the dotted and smoothed red lines in
Figure 4A) than for offset = 0 (the dotted and smoothed red lines
in Figure 4C). It means that the related brain activity measured
as “before” (pre-process) part of the correspondent EEG time
sequences is more pronounced than “after” (post-process) part. As
a result, this phenomenon allows us to classify HandStart before

the actual physical action even as it was assumed in our previous
studies (Gordienko et al., 2021c,b; Kostiukevych et al., 2021). It is in
contrary to the kinds of activities that demonstrate similar behavior:
similar growth of AUC values for N values in the range [100, 1,500]
the offset values 0 and 1, and decay for N > 1500.

In general, AUC values are higher for the offset value 0.5 (in
comparison with the offset values 0 and 1), steadily for N values in
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FIGURE 9

Comparison of range AUC values as a function of the number of samples for the di�erent o�set values (colors) without the synthetic noise (A) and

with the synthetic noise σsynth = 0.2 (B). The error bars denote the standard deviation values.

the range [100, 1,500] and nearly constant for N > 1, 500 for all
kinds of activities (Figure 4B) as it was also shown in our previous
studies (Gordienko et al., 2021c; Kostiukevych et al., 2021). That is
why labeling by the offset of 0.5 seems to be the more significant for
the classification problem. It should be noted that the uncertainty
of AUC values estimated as their standard deviations decreases
with an increase of N up to N = 2, 000 for offset = 0.5 and up

to N = 3, 000 for offset = 0 and offset = 1. It should be noted
the visually very pronounced fluctuations of all these metrics with
N can be explained by the influence of the non-relevant (to the
current physical activity) regions of the increased time sequence
under investigation.

It should be noted that application of the natural NDA by
increasing N leads to the better micro and macro AUC values for
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TABLE 2 AUC (mean ± stdev) (Figures 8, 10) values for the steady region (Figure 4) from 1,000 to 10,000 samples.

o�set = 0

Noise (σsynth) 0 0.01 0.1 0.2

HandStart 0.845± 0.036 0.845± 0.033 0.850± 0.034 0.844± 0.035

FirstDigitTouch 0.716 ± 0.025 0.719± 0.029 0.719± 0.033 0.714± 0.032

BothStartLoadPhase 0.720± 0.022 0.720± 0.026 0.719± 0.029 0.717 ± 0.031

LiftOff 0.780± 0.040 0.781± 0.038 0.778± 0.044 0.773± 0.042

Replace 0.828± 0.022 0.824± 0.023 0.827± 0.019 0.821± 0.025

BothReleased 0.820± 0.021 0.820± 0.022 0.819± 0.026 0.819± 0.025

o�set = 0.5

Noise (σsynth) 0 0.01 0.1 0.2

HandStart 0.946± 0.011 0.945± 0.011 0.945± 0.013 0.942± 0.012

FirstDigitTouch 0.806 ± 0.023 0.804± 0.023 0.802± 0.022 0.801± 0.023

BothStartLoadPhase 0.800± 0.019 0.801± 0.019 0.801± 0.019 0.797 ± 0.020

LiftOff 0.875± 0.015 0.875± 0.016 0.878± 0.016 0.871± 0.016

Replace 0.900± 0.016 0.902± 0.014 0.900± 0.016 0.902± 0.014

BothReleased 0.888± 0.019 0.888± 0.018 0.886± 0.016 0.885± 0.019

o�set = 1

Noise (σsynth) 0 0.01 0.1 0.2

HandStart 0.743± 0.059 0.741± 0.062 0.736± 0.062 0.727± 0.062

FirstDigitTouch 0.669± 0.048 0.673± 0.042 0.671± 0.046 0.661± 0.048

BothStartLoadPhase 0.668± 0.041 0.668± 0.043 0.670± 0.040 0.660± 0.047

LiftOff 0.694± 0.055 0.700± 0.051 0.698± 0.060 0.691± 0.054

Replace 0.816± 0.037 0.822± 0.037 0.813± 0.038 0.810± 0.039

BothReleased 0.809± 0.032 0.806± 0.035 0.805± 0.032 0.800± 0.039

The bold font denotes the highest values for the same level of the noise, and the italic font does the lowest ones.

N values beyond the physical action duration which is ∼ 0.3 s
(that is equal to ∼ N=150 samples, see Figure 1) and up to ∼3
s (N = 1,500) for offset = 0.5. For example, micro and macro
AUC values are equal to ∼ 0.65 for sampling length N = 200
samples (that corresponds to ∼ 0.4 s), and increase of N up to N

= 1,500 leads to the better micro and macro AUC values equal to
∼ 0.87 (Figures 5, 6). But to the moment it is unclear whether this
improvement caused by the availability of EEG signals relevant to
the physical action beyond action itself or by natural NDA. The
additional interesting aspect is that micro and macro AUC values
are much lower for the offset 0 and 1 (in comparison with offset
= 0.5), but AUC values are improving with N (Figures 5, 6) up to
∼6–7 s (N = 3,000) for offset= 0 and offset= 1. It means that heavy
bias of labeling is not useful because it leads to distortion of PAS-NR
due to the lower signal and higher noise values. Application of the
synthetic NDA (Figures 5, 6) in the wide range of noise levels (σsynth
from 0.001 up to 0.2) demonstrates the general stability of the DNN
used for classification of all activities with the similar micro and
macro AUC values in the limits of their fluctuations.

AUC fluctuations caused by the added synthetic NDA, shown
in Figures 11, 12, are not significant in comparison with AUC
fluctuations without synthetic NDA due to increase of sampling
size N.

To characterize AUC fluctuations (Figures 11, 12) with regard
to the added synthetic NDA, the DFA was applied and analyzed
for original (non-added noise) EEG time sequences (Figure 13A)
and ones with NDA (Figure 13B). From DFA point of view,
some very intensive actions (such as HandStart and LiftOff)
demonstrate the very high stability to noise data augmentation
with negligible changes of fluctuation amplitudes measured like
differences (Figure 13) between the correspondent AUC fluctuation
values for original (without added noise) (Figure 13A) and noise-
augmented EEG time sequences (Figure 13B).

For FirstDigitTouch, BothStartLoadPhase, and Replace
activities, the synthetic NDA actually lead to decrease of the AUC
fluctuations (Figure 13C) with slow decay of this improvement
with increase of N (due to above mentioned non-relevant
noisy neighboring regions, i.e., the natural NDA). In contrary,
for HandStart and BothReleased activities, the synthetic NDA
actually lead to increase of the AUC fluctuations (Figure 13C)
with slow decay also. Liftoff activity does not demonstrate any
significant changes.

The measurements of the Hurst exponent values Hfull (the full
range of window scales with n < 10, 000, time < 20 s), Hlow (the
low window scales with n < 1, 000, time < 2 s), and Hhigh (the
bigger window scales with n > 1, 000, time > 2 s) were performed
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TABLE 3 Maximal and range AUC values for the steady region from 1,000 to 10,000 samples (Figures 4, 11, 12).

o�set = 0

AUC (max) AUC (range)

Noise (σsynth) 0 0.01 0.1 0.2 0 0.01 0.1 0.2

HandStart 0.899 0.909 0.908 0.901 0.140 0.146 0.150 0.154

FirstDigitTouch 0.771 0.787 0.795 0.767 0.126 0.131 0.143 0.137

BothStartLoadPh 0.763 0.767 0.781 0.769 0.097 0.115 0.126 0.159

LiftOff 0.844 0.861 0.848 0.844 0.180 0.186 0.245 0.181

Replace 0.872 0.873 0.867 0.869 0.094 0.101 0.094 0.136

BothReleased 0.874 0.876 0.871 0.875 0.107 0.112 0.132 0.109

o�set = 0.5

AUC (max) AUC (range)

Noise (σsynth) 0 0.01 0.1 0.2 0 0.01 0.1 0.2

HandStart 0.969 0.967 0.972 0.965 0.050 0.054 0.058 0.056

FirstDigitTouch 0.862 0.855 0.850 0.848 0.102 0.122 0.100 0.108

BothStartLoadPh 0.847 0.842 0.839 0.847 0.094 0.082 0.087 0.106

LiftOff 0.915 0.913 0.916 0.910 0.075 0.076 0.086 0.078

Replace 0.930 0.932 0.932 0.926 0.104 0.080 0.091 0.079

BothReleased 0.918 0.914 0.914 0.919 0.100 0.092 0.076 0.101

o�set = 1

AUC (max) AUC (range)

Noise (σsynth) 0 0.01 0.1 0.2 0 0.01 0.1 0.2

HandStart 0.852 0.842 0.841 0.833 0.228 0.238 0.249 0.278

FirstDigitTouch 0.762 0.758 0.749 0.747 0.243 0.183 0.193 0.228

BothStartLoadPh 0.738 0.749 0.740 0.751 0.158 0.221 0.223 0.211

LiftOff 0.796 0.809 0.791 0.775 0.288 0.289 0.261 0.229

Replace 0.882 0.886 0.883 0.875 0.168 0.158 0.167 0.191

BothReleased 0.859 0.870 0.853 0.874 0.141 0.168 0.143 0.276

The bold font denotes the highest values for the same level of the noise, and the italic font does the lowest ones.

for various actions and levels (standard deviations σsynth = 0) of the
synthetic noise (Table 4). H values are rounded to 2 decimal digits
in Table 4 because the bigger number of significant digits seems to
be statistically insignificant.

The general tendency is that for the low window scales (n <

1, 000, time< 2 s),Hlow values are higher in comparison withHhigh

values for the bigger window scales (n > 1, 000, time> 2 s) that can
be seen from the slope of curves in Figure 13 and Table 4. It means
that EEG fragments with the duration of scale n < 1, 000 (time < 2
s) demonstrate the scaling behavior of the higher complexity than
the fragments n > 1, 000 (time > 2 s), i.e., Hlow > Hhigh (Table 4).
It should be noted that step-like increases in the middle and in the
end of all curves in Figure 13 can be explained by overlapping with
the next portion of PAS data related to the other trial of recorded
physical activities which are contained in the whole timeline of the
experimental EEG data.

Despite the previously mentioned findings, the study has
several limitations that should be taken into account in future
works. First, the use of a single epoch for training (which was

observed to be enough for saturation of the training process of
the relatively small DNN with the quite small capacity) may limit
the model’s overall performance. In future research, the multiple
training epochs for the more complex DNN should be employed
to potentially improve model performance and generalization
with attention to the impact of hyperparameter tuning (e.g.,
learning rate, batch size) on model performance and convergence.
Second, the focus on feasibility analysis rather than maximizing
performance might have constrained the exploration of more
complex DNN architectures. In the next stage of the investigation,
the more complex DNN architectures (such as deeper CNNs,
recurrent neural networks, and transformer models) should be
performed with a more comprehensive hyperparameter search
to optimize model performance to potentially achieve higher
classification accuracy. Third, the study relies mainly on the GAL
dataset, which may not fully capture the variability and complexity
of real–world EEG signals. In the extended version, this study
should include investigation of the model’s performance on other
publicly available EEG datasets with different characteristics in
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FIGURE 10

Comparison of standard deviation AUC values as a function of the number of samples for the di�erent o�set values (colors) without the synthetic

noise (A) and with the synthetic noise σsynth = 0.2 (B).

the other controlled and realistic environment to improve the
generalizability of the findings. Fourth, the analysis is limited to
a specific set of NDA techniques, and the impact of other noise
sources or more sophisticated DAmethods should be also explored.
Moreover, the impact of other NDA techniques (mentioned in
the introductory part of the study, such as generative training
and others) will be necessary to improve model robustness and

explore the impact of physiological noise (e.g., muscle artifacts,
eye blinks) and environmental noise on model performance.
In addition, assessing the additional metrics particularly with
regard to Structural Similarity Index (SSIM) and Peak Signal-
to-Noise Ratio (PSNR) in future research stages will be highly
intriguing and valuable. SSIM could provide insights into the
structural similarity between original and noise-augmented EEG
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FIGURE 11

Noise influence on AUC values for o�set = 0.5: (A) HandStart, (B) FirstDigitTouch, and (C) BothStartLoadPhase.
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FIGURE 12

Noise influence on AUC values for o�set=0.5 (continued from Figure 11): (A) LiftO�, (B) replace, (C) BothReleased.
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FIGURE 13

Fluctuations vs. the number of samples (N) in the input for various actions and levels (standard deviations) of the synthetic noise: (A) σsynth = 0 (no

noise), (B) σsynth = 0.2, (C) di�erence of fluctuations from previous regimes without and with noise. The legends contain Hurst exponent values.
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TABLE 4 Hurst exponents Hfull, Hlow , and Hhigh (rounded to 2 decimal digits) for various actions and levels (by standard deviations σsynth) of the synthetic

noise.

σsynth = 0 (no noise) σsynth = 0.2 (noise)

Hurst exponent Hfull Hlow Hhigh Hfull Hlow Hhigh

HandStart 0.42 0.78 0.43 0.40 0.67 0.41

FirstDigitTouch 0.32 0.92 0.29 0.40 0.64 0.40

BothStartLoadPhase 0.26 0.92 0.23 0.38 0.67 0.37

LiftOff 0.24 0.87 0.21 0.25 0.67 0.22

Replace 0.35 1.07 0.28 0.41 0.72 0.42

BothReleased 0.32 0.77 0.30 0.28 0.50 0.24

signals, helping evaluate how natural noise preserves critical signal
features. Meanwhile, PSNR could serve as a measure of distortion,
indicating how much the augmented signals deviate from the
original ones, which is crucial for maintaining signal integrity in
classification tasks.

5 Conclusion

This research contributes to the field of EEG-based BCI
by investigating the impact of different types of noise on the
classification of physical activities by the following main novel
aspects and contributions: systematic investigation of natural
noise, quantitative analysis of noise impact, and analysis of offset
effects. The study introduces the concept of “natural noise”
by considering EEG data from neighboring regions, simulating
real-world scenarios with varying levels of background EEG
activity. The researchers utilize metrics such as AUC and DFA to
quantitatively assess the impact of both natural and synthetic noise
on classification performance, providing valuable insights into the
model’s robustness. By analyzing the impact of different label offsets
(0, 0.5, 1), the study provides valuable insights into the optimal
time window for EEG signal analysis and classification. These novel
aspects contribute to a better understanding of the challenges and
limitations of EEG-based BCI systems in real-world scenarios and
provide valuable guidance for future research in this area.

The following key aspects of the methodology contribute to
achieving the goal: DA by natural NDA and synthetic NDA, varying
NDA parameters including input sequence length, and thorough
performance evaluation including DFA Analysis. The introduction
of both natural and synthetic noise during DA helps the model to
become more robust and generalize better to real-world scenarios
with varying levels of noise. As to the natural NDA by including
EEG data from neighboring regions, the model learns to handle
variations in EEG signals due to temporal shifts and contextual
influences. As to the synthetic NDA, adding Gaussian noise
increases the model’s tolerance to random fluctuations and noise in
the EEG data. The use of input sequences with varying lengths (N)
allows the model to assess its performance under different levels
of “natural noise” introduced by the inclusion of irrelevant EEG
data. This helps to understand how the model’s performance is
affected by the amount of surrounding EEG data. For performance
evaluation, the use of multiple metrics, including AUC (micro and

macro), accuracy, and loss, provides a comprehensive evaluation
of the model’s performance. For DFA, analysis helps to quantify
the variability and complexity of the AUC fluctuations, providing
insights into the model’s behavior under different noise conditions.
By incorporating these techniques, the authors aim to understand
the feasibility and limitations of classifying EEG signals related to
physical activities in the presence of noise, which is crucial for the
practical application of BCI systems in real-world settings.

The results obtained allow us to conclude that the relatively
simple DNN with components of FCN and CNN even can
be effectively used to classify physical activities (namely, hand
manipulations) from the GAL dataset. Application of natural and
synthetic noises imitates the possible influence from environment.
It should be noted that synthetic noise influence (due to Gaussian
NDA with higher σ values) has the lower impact on the general
ability to provide the better reliable classification of physical
activities than natural noise influence (due to increase of the
sampling size N) that can significantly improve the performance
with reaching the stable metric values after some noise increase.

AUC fluctuations caused by the added synthetic NDA are not
significant in comparison with AUC fluctuations without synthetic
NDA due to increase of sampling size N. It should be emphasized
that application of the natural NDA by increasing N leads to the
better micro and macro AUC values forN values beyond the action
duration which is ∼ 0.3 s and up to ∼ 3 s (N = 1,500) for
offset = 0.5. But to the moment the open question is whether this
improvement caused by the availability of EEG signals relevant to
the physical action beyond action itself or by natural NDA. This
aspect should be resolved by further investigations and on other
open EEG datasets.

Application of the synthetic NDA in the wide range of noise
levels (σsynth from 0.001 up to 0.2) demonstrates the general
stability of the DNN used for classification of all activities
with the similar micro and macro AUC values in the limits of
their fluctuations.

DFA allows us to investigate the fluctuation properties and
calculate the correspondent Hurst exponents for the quantitative
characterization of their variability. As a result of this research,
some PAs can be divided in separate groups of actions that
can be characterized by complexity and the feasibility of
their classification: the easiest (HandStart), medium (LiftOff,
Replace, and BothReleased), and hardest (BothStartLoadPhase and
FirstDigitTouch) classification.
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A general trend is observed in the behavior of the Hurst
exponent H across varying time window scales in EEG data.
Specifically, for shorter time window scales (i.e., < 2 s), the values
of Hlow tend to be significantly higher than those for longer time
window scales (i.e., > 2 s), denoted as Hhigh. This suggests that
EEG segments with durations shorter than 2 s exhibit greater
scaling complexity than those of longer durations. In particular,
Hlow can exceed Hhigh by a factor of 2 to 3 during certain physical
actions, indicating a marked increase in complexity for these
shorter time-scale fragments.

In general, this approach of adding natural noise by extending
sampling size for small DNNs can be used during porting such
models to Edge Computing infrastructures on devices with the very
limited computational resources because the statistically reliable
results were obtained by the relatively small DNN with the low
resource requirements (Kochura et al., 2019; Gordienko et al., 2020,
2021a). The additional possible improvement can be obtained due
to analysis of the optimal configuration for training and inference
stages of the whole workflow that is especially important for
distributed infrastructures (Kochura et al., 2017b; Taran et al., 2017;
Gordienko et al., 2021a; Kochura et al., 2017a). Similar research
could be also useful for classification of GAL-like and any other PAs
before their actual start when some predictionwith PA classification
can be performed on the EEG activity before PA even. By this
approach, the human EEG activity can be estimated with some
proactive feedback such as continuation of PAs which were initiated
by brain only, but unfortunately the PAs were not continued due
to fatigue or some limited physical abilities, but the future detailed
investigation should be performed to take into account the more
various kinds of PAs.
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