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Abstract: Stroke is a leading cause of long-term motor disability, inspiring research in the design of assistive and rehabilitation
technologies that work in situations with limited residual muscle activity. Brain–computer interfaces (BCIs) offer a promising non-
muscular pathway to translate brain activity into BCI commands. This paper presents the proof-of-concept end-to-end pipeline for the
use of binary grasp-and-release Electroencephalography-Brain Computer Interface (EEG-BCI) decoding in conjunction with low-cost
tendon-driven robotic hand actuation. The classification part of our pipeline has been trained on the publicly available WAY EEG
Grasp-and-Lift dataset. It includes EEG recordings of performed grasp-and-lift movements of healthy participants, instead of motor-
imagery movements. Eight EEG channels have been filtered, common average referenced, and normalized and then classified in a
subject-independent manner using the EEGNet network. The proposed EEGNet achieved a trial-level accuracy of 74.74%, outperform-
ing the baseline (60.38%) FBCSP + SVM classifier. In terms of hardware, the acknowledgment success rate was 98.18%, with 54 out
of 55 transmitted commands recieving an ACK response. The executed-movement EEG data have been used only as a demonstration
of engineering proof-of-concept for our decoding and robotic control pipeline. Motor-imagery EEG decoding, patients’ evaluation,
and clinical outcomes have not been considered in this study.

Keywords: brain–computer interface, EEG decoding, robotic hand rehabilitation, tendon-driven actuation, grasp-and-lift EEG

1. Introduction

Stroke remains a leading cause of death and long-term dis-
ability. The Global Burden of Disease 2021 estimates indicate
approximately 93.8 million prevalent stroke cases worldwide and
160.5 million disability-adjusted life years attributable to stroke
[1–3]. Advances in acute care have raised early survival to about
80%, so a large and growing population of survivors lives with
residual motor impairment that reduces independence and quality
of life. Upper-limb paresis is a principal target of rehabilita-
tion, yet restoration of usable motor control remains difficult,
particularly in the chronic phase [4, 5].

A clinically important subset of survivors is poorly served by
Electromyography (EMG)-driven systems. When the Fugl-Meyer
Assessment score falls below 20, residual voluntary muscle activ-
ity is often insufficient for reliable myoelectric control. Roughly
30–40% of chronic stroke patients fall into this severe cate-
gory and are therefore ineligible for EMG-based rehabilitation.
Brain–computer interfaces (BCIs) address this gap by bypass-
ing the damaged neuromuscular pathway and translating cortical
activity into device commands [6–9].

The relevance of EEG-based BCIs is due to their usefulness
for post-stroke applications because they offer a non-muscular
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pathway to control assistive devices [10–16]. Although there are
numerous papers devoted to BCI for Motor Imagery (MI) decod-
ing, this work deals exclusively with executed movements in the
form of the WAY EEG Grasp-and-Lift dataset [17]. Execution
of movements produces greater sensorimotor responses compared
to imagination and thus provides sufficient basis for prelimi-
nary validation of a BCI. The executed-movement EEG data are
applied strictly for validation of EEG decoding and actuation
algorithms; the MI paradigm and stroke patients are not involved.
It was decided to use EEGNet because of its small architecture
that implements temporal and depthwise separable convolution
in order to extract the features of EEG signals [18]. The primary
contributions of this research contain four main elements, which
include (1) a minimal-channel system for improved usability and
efficiency [19, 20], (2) EEGNet validation for subject-independent
classification, (3) low-cost hardware integration, and (4) an end-
to-end engineering proof-of-concept integrating EEG decoding
with low-cost robotic actuation.

The proposed solution combines preprocessing, subject-
independent classification with the use of EEGNet, decision
filtering, and cost-effective robotic command transmission. It was
tested only on the EEG data collected during performed move-
ments of healthy participants as anengineering proof-of-concept
motor imagery, stroke patients, and clinical assessment remain
areas of future research.
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2. Literature Review

Several EEG-based BCI systems have been explored for
motor rehabilitation and control of assistive devices. Traditional
solutions mainly focused on signal processing methods, including
common spatial pattern (CSP) + support vector machine (SVM)
and linear discriminant analysis (LDA), with studies reporting
moderate classification performance in finger- and motor-imagery
decoding tasks [21–23]. Deep learning approaches have subse-
quently been used to learn spatiotemporal EEG representations
directly from the signal [24, 25]. Subject-independent approaches
such as MIN2Net have specifically addressed inter-subject vari-
ability in motor-imagery EEG classification [26]. More recent
architectures such as AMEEGNet incorporate attention and mul-
tiscale feature extraction [27], while generative deep learning
approaches have also been explored for high-fidelity EEG genera-
tion [28]. Numerous works therefore demonstrate the continuing
transition from conventional feature-engineered methods toward
end-to-end and attention-based EEG decoding [24, 26, 27]. At
the same time, augmented-reality-based BCI provides high accu-
racy in pattern recognition [29]. Brain-signal decoding has also
been demonstrated for hand posture classification using cortical
recordings [30]. Various EEG-controlled exoskeletons, orthoses,
and robotic prostheses have been investigated for translating brain
signals into assisted hand movements [31–36]. Among clinical
studies and reviews, BCI-assisted rehabilitation has been evalu-
ated in stroke populations and summarized across clinical trials,
systematic reviews, and meta-analyzes [37–46]. Recent method-
ological developments have also addressed subject-independent
motor-imagery EEG decoding using end-to-end deep learning
approaches such as MIN2Net [47]. BCI-controlled hand-robot
training has further been evaluated for post-stroke upper-limb
motor recovery [48]. Complementary prosthetic-hand research
has characterized natural hand movements and grasp-force
requirements and evaluated the performance of commercially
available and 3D-printable prosthetic hands [49, 50].

EEG decoding for the study of movement decoding could
be divided into two major categories based on the behavioral
paradigm used to stimulate neural responses. Motor-imagery
studies investigate brain activity elicited by imagined movements
without the actual execution of the movements. Motor-imagery
decoding studies play an essential role in BCI applications,
especially in patients unable to execute voluntary movements.
However, executed-movement studies measure EEG signals dur-
ing the actual physical execution of the movements, thus eliciting
stronger sensorimotor responses, beneficial for initial algorithm
development and engineering validations. Stroke rehabilitation
studies form another category of executed-movement studies.
However, the population included in stroke rehabilitation studies
differs considerably from the population included in the present
study. Therefore, executed-movement EEG studies of healthy sub-
jects and motor-imagery EEG studies play the roles of initial
algorithm validations before implementing clinical applications.
The WAY EEG Grasp-and-Lift dataset utilized in the present
study consists of EEG recordings from healthy subjects during the
execution of grasp-and-lift movements. Therefore, all experiments
performed here use executed-movement EEG.

Recent advancements in the field of motor-based BCIs
using EEGs have involved improvements in subject-independent
decoding, reducing the number of EEG channels, and inte-
gration with assistive and rehabilitation technologies. Wang
et al. [19] discussed recent approaches to motor BCI involv-
ing upper-limb movements, highlighting the increasing use
of EEG-based systems in restoring and controlling motor

movements [19]. Subject-independent deep learning has been
explored to address inter-subject variability, as demonstrated by
MIN2Net [26]. Recent developments in EEGNet-style architec-
tures include multi-branch, attention, and multiscale mechanisms,
as demonstrated by AMEEGNet [27]. The trend is therefore
clearly evident in moving from compact convolutional EEG
models toward architectures designed to address inter-subject
variability and richer feature representations.

Parallel to the trend of advancements in EEG decoding
techniques, researchers are integrating them with wearable and
robotic rehabilitation. Fu et al. [43] demonstrated a portable BCI
intervention for recovery of motor hand functions after stroke
[43]. Low-cost EEG-based control of robotic hand prostheses
and exoskeletons has also been demonstrated [31, 33, 36, 41,
42]. More recently, Zhang et al. [29] developed a robotic-hand
prosthesis controlled using an EEG-based Augmented Real-
ity - Steady-State Visual Evoked Potential (SSVEP) paradigm,
center-Extended Canonical Correlation Analysis (ECCA-SVM)
classification, and machine-vision assistance, while Ding et al. [35]
demonstrated real-time EEG-based robotic hand control at the
level of individual fingers [29, 35]. These studies illustrate the pro-
gression from proof-of-concept EEG-controlled devices toward
more sophisticated robotic and assistive interfaces.

Nevertheless, despite these advancements, direct compari-
son between recently developed BCI systems becomes challenging
due to different EEG paradigms used, differences in datasets,
subject-independent evaluation, classification goals, and different
hardware setups. Successful systems tend to use the motor-
imagery paradigm, SSVEP, subject-dependent calibration, or
more advanced neural architecture designs, while robotic research
tends to focus on online control of robots without indepen-
dent evaluation of the EEG decoding process. The current
research can be regarded as an engineering proof-of-concept
involving a relatively compact eight-channel EEG setup, subject-
independent evaluation on the WAY Grasp-and-Lift dataset,
binary classification of Grasp/Release commands using EEGNet,
and implementation of a low-cost tendon-driven robotic hand. In
contrast to works demonstrating continuous online EEG decod-
ing, the current research utilizes pre-recorded EEG for classifier
training and evaluation and then command transmission and
robotic execution. This feature allows for separating the contri-
bution into three distinct parts and evaluating it in terms of EEG
classification, command transmission, and robotic actuation sep-
arately without claiming to have a complete continuous real-time
EEG-BCI system.

3. Research Methodology

The proposed system integrates offline EEG signal processing
with a custom-built robotic hand forGrasp/Release command gen-
eration and online robotic actuation. The overall workflow involves
EEG signal preprocessing, machine learning (ML)-based classi-
fication, decision filtering, command transmission, and robotic
execution. Figure 1 shows a representation of the system architec-
ture. The proposed system combines EEG signal processing and a
tendon-driven robotic hand as the proof-of-concept for grasp-and-
release command generation. All EEG classification experiments
were performed using EEG recordings from the WAY EEG
Grasp-and-Lift dataset. There were no motor-imagery recording
and stroke patient recording used in the present study. In terms
of the entire procedure, it includes the steps of EEG prepro-
cessing, window-based EEGNet classification, decision-making,
command transmission, and robotic actuation. The classification
was evaluated offline based on subject-independent data, whereas
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Figure 1
System architecture workflow for tendon-driven robotic hand actuation through BCI

the robotic command and actuation pathway represented the
hardware part of the prototype. It includes EEG signal process-
ing, ML-based classification, hardware implementation, command
creation, and robotic execution.

3.1. EEG dataset and signal preprocessing

3.1.1. Dataset description
The EEG data employed in this research come from the

freely accessible WAY EEG Grasp-and-Lift dataset that consists
of multichannel EEG signals acquired at 500 Hz from 12 healthy
subjects doing grasp-and-lift tasks [17]. The dataset consists of 96
EEG files and includes event markers that correspond to the var-
ious stages of the grasp-and-lift task. In the current experiment,
eight EEG channels (FC5, FC1, C3, Cz, C4, CP1, CP2, and CP6)
were chosen because they provide coverage of sensorimotor areas
associated with the EEG signals for hand movements [20].

It should be noted that the WAY EEG Grasp-and-Lift
dataset used in the current experiment includes EEG signals
recorded while the subject is physically executing the movements
rather than when the subject is making mental imagery of the
movements. Thus, all classification experiments reported in this
paper pertain to the executed-movement EEG decoding. The
dataset does not contain motor-imagery recordings or record-
ings of stroke patients. Executed movement was chosen to assess
the feasibility of the proposed pipeline for EEG preprocessing,
classification, decision-generation, and robot actuation from the
engineering perspective. Despite that executed movement provides
relatively strong EEG responses from sensorimotor cortex, the
performance obtained in this way cannot be taken as performance
in motor-imagery decoding. Motor-imagery EEG validation in
the clinical population is thus left for future work. An eight-
channel montage was selected to see if the proposed decoding
pipeline would work with a relatively compact EEG setup. How-
ever, a reduced montage may result in reduced spatial resolution

compared to a high-density montage. This issue can be explored
further via ablation studies.

3.1.2. Label definition and event-based mapping
The WAY EEG Grasp-and-Lift database is annotated at

the finest granularity level according to the phases of the grasp-
ing process, such as handStart, objectContact, loadPhase, liftOff,
replace, and release. In the case of developing real-time appli-
cations for prosthetics, however, the functional description of
motor intent is more appropriate than classifying actions at differ-
ent phases of the grasping process. In this regard, the multiclass
labels have been translated into a binary labeling scheme con-
sistent with the operational requirements of the system. In this
experiment, epochs were extracted based on the occurrence of
handStart events for grasping, while for release actions, the epoch
was based on the replace event. Although we only utilized the
single event onsets, the selected epoch window (-0.5 s to +
1.5 s) covers the entire action sequence of grasping and lifting
objects. As such, an epoch contains subsequent phases such as
objectContact, loadPhase, and liftOff, providing an efficient rep-
resentation of continuous movements without combining several
events to obtain a labeled epoch. This binary mapping (Grasp vs.
Release) is functionally relevant for prosthetic control, although
it simplifies the rich multi-phase annotation of the original
dataset.

Inclusion of forearm rotation in the actuation scheme does
not qualify as another separate class but rather is considered
a continuation of the process of grasping itself. Biomechani-
cally, human grasping is a coordination of the wrist and forearm
movements, especially at the moment of lift-off. Rotation is not
specifically modeled like other events; it was included within each
event’s time window. This is due to the nature of motor-related
EEG activity, being continuous rather than characterized by
phase transitions. There is evidence from previous studies show-
ing similar characteristics of Event-Related Desynchronization/
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Event-Related Synchronization (ERD/ERS) in both µ and 𝛽
bands in relation to grasp phases [50].

The WAY-EEG-GAL dataset is annotated at fine-temporal
granularity across grasp-and-lift phases, including HandStart,
FirstDigitTouch (object contact), BothStartLoadPhase, LiftOff,
Replace, and BothReleased [17]. The robotic prototype used here,
however, accepts only two functional commands—Grasp and
Release. Multi-phase labels were therefore mapped to a binary
scheme aligned with this actuation interface rather than retained
as a six-class phase decoder.

Event onsets served only as temporal anchors for epoching,
not as instantaneous classification targets. Grasp epochs were
locked to HandStart, which marks the onset of reach toward the
object. Release epochs were locked to Replace, which marks the
start of object return and hand withdrawal. Each epoch spanned
−0.5 s to + 1.5 s relative to the selected onset. Consequently,
a HandStart-locked Grasp window still contains the subsequent
contact, load, and lift-off activity, and a Replace-locked Release
window contains the following release and retraction. This pre-
serves the continuous sensorimotor EEG associated with the
action sequence and avoids treating each annotated phase as a
separate class.

The binary mapping (Grasp vs. Release) is coarser than
the original multi-event annotation, but it matches the com-
mand set required for prosthetic-style control. Consequently, the
forearm rotation was programmed in the robotic prototype and
not decoded as a separate EEG classification class. Thus, the
activity related to rotation was included in the corresponding
event-centered epoch. This choice is consistent with the contin-
uous character of movement-related cortical activity: ERD/ERS
in the µ and 𝛽 bands evolves across grasp phases rather than
switching at discrete event boundaries [50].

3.1.3. Preprocessing pipeline
A standardized preprocessing pipeline was applied uniformly

across all subjects and runs. The preprocessing order follows
the neurophysiologically motivated sequence: band-pass filtering,
common average reference (CAR), and z-score normalization.
Application of band-pass filters (4–40 Hz, order 4 Butterworth
Infinite Impulse Response (IIR)) enables identification of µ
(8–12 Hz) and 𝛽 (13–30 Hz) rhythms, retaining the relevant
frequency range during motor-related components. This filter
reduces low-frequency drifts and high-frequency noise, including
muscle artifacts. CAR was performed on the chosen 8 channels
in order to remove noise components common to all channels.
Following that, trials were normalized using channel-wise z-score
normalization. Segments or epochs were created from continu-
ous EEG signals based on event markers, with each epoch being
sampled at 500 Hz. Epochs were extracted based on events in the
range of − 0.5 to 1.5 seconds, providing 2-second-long epochs
containing 1000 samples each. The subject-level partitioning of
the WAY EEG dataset into training, validation, and test sets is
summarized in Figure 2.

In total, 6240 epochs from 96 EEG files belonging to 12 sub-
jects were used in this research, including equal numbers (3120) of
grasp-and-release trials. It should be highlighted that the quantity
of epochs is greater than the quantity of trials conducted during
the recording of the WAY EEG Grasp-and-Lift dataset. The rea-
son behind this is that a single trial may have several events, and
in the current case, epochs are extracted based on the handStart
and replace events. This event-related epoch extraction proce-
dure is quite common in EEG analyzes to capture temporally
distinct neural responses. For subject-independent evaluation of

Figure 2
Partitioning of the WAY EEG dataset into training, validation,

and test subjects

results, 7 subjects (3640 epochs) were randomly assigned to train-
ing sets, 2 subjects (1040 epochs) were set aside as the validation
set, and 3 subjects (1560 epochs) were allocated as the test set.
Such a division guarantees that no data leakage occurs. Five-fold
cross-validation was applied only to the training subjects;
test subjects remained completely unseen during the whole
cross-validation process.

3.1.4. Sliding window segmentation
Segmentation into 5 overlapping windows with a window

length of 1 second (i.e., 500 data points) was applied to each trial,
thus increasing the size of the dataset and taking into account
temporal features. The stride (i.e., step size) between windows is
set at 125 data points (75% of the window length). Thus, using
the sliding window technique, the number of training windows
amounted to 18,200, validation windows amounted to 5,200, and
test windows amounted to 7,800. Each window kept the origi-
nal label of its trial. To prevent data leakage, sliding windows
were generated independently within each subject’s data after the
subject-level train/validation/test split.

For trial-level evaluation, each trial of the EEG recording
was divided into 5 overlapping windows and processed inde-
pendently with EEGNet for obtaining the class prediction and
the corresponding confidence value. If the confidence value of a
certain window prediction is below the threshold, the window pre-
diction is not included in the decision-making process. Majority
voting is then applied to the list of predictions that have passed
the confidence threshold to obtain the final trial-level decision
between the classes of Grasp and Release. This technique helps
reduce the impact of isolated erroneous predictions on the overall
trial-level decision result. In case of an equal number of window
predictions from both classes, the class selection rule uses the
class index ordering implementation and selects the lower-indexed
class in this case. The trial-level decision-making process based
on confidence thresholding and majority voting is illustrated in
Figure 3.

3.1.5. Baseline model
For comparison purposes, the conventional baseline of

Filter-Bank Common Spatial Pattern (FBCSP) features and
the SVM classifier was developed. Four frequency bands were
independently filtered out (4–8 Hz, 8–13 Hz, 13–30 Hz, and
30–40 Hz). Four CSP components were retained in each of the
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Figure 3
Trial-level decision-making using confidence thresholding and

majority voting

filter banks, and log-variance features were extracted from the
CSP projections. The features from the filter banks were concate-
nated and normalized using the StandardScaler and classified by
the Radial Basis Function (RBF)-kernel SVM with class balanc-
ing. The SVM used the fixed regularization parameter of C = 1.0
and gamma = ‘scale’; the separate grid search and hyperparameter
tuning were not performed.

For the final evaluation, the training and validation sets
were used together for model fitting, whereas the three held-
out test subjects were reserved for testing. Therefore, the models
of FBCSP + SVM and EEGNet baselines were evaluated on
the same independent test subjects. While the two methods use
their specific parameterization strategies rather than identical

hyperparameter tuning procedures, the test subjects were not used
for model fitting. Log variance values for each CSP component
were obtained, and the same preprocessing approach (band-pass
filter followed by normalization) was conducted to achieve
fairness while comparing with EEGNet.

3.2. Design and fabrication of robotic arm

The robotic hand was designed in Autodesk Fusion 360 as
a five-fingered anthropomorphic structure. Six independent servo
motors actuate: thumb rotation, thumb flexion, index, middle,
ring, and pinky finger flexion, and forearm rotation. Each finger
comprises three rigid polylactic acid (PLA) segments connected by
a tendon-elastic mechanism: a fishing-line tendon routed through
the palmar side drives flexion upon servo retraction, while a
polyester elastic cord along the dorsal side provides passive exten-
sion return. This eliminates rigid mechanical hinges, reducing
fabrication complexity and weight.

All structural components of the robotic hand were fabri-
cated by fused deposition modeling (FDM) 3D printing using
PLA, with a layer height of 0.3 mm and an infill density of 20%.
Polyester elastic cord was selected as the passive extension element
on the basis of its elasticity and its suitability for repeated tendon-
driven finger motion, whereas fishing-line tendons were employed
to transmit flexion. The assembled robotic hand was controlled by
an ESP32 DevKit V1 microcontroller interfaced with a PCA9685
16-channel pulse-width-modulation (PWM) servo driver, which
independently commanded six servo motors. MG90S servos were
assigned to finger actuation, and MG996R servos were assigned
to wrist and forearm movement. The complete prototype was
realized at a materials-and-components cost of less than USD
30. This cost comparison reflects only prototype material and
component expenditure and should not be interpreted as a
comparison of clinical functionality, safety, sensing capability,
certification, or rehabilitation performance. The resulting 3D-
printed robotic hand prototype is shown in Figure 4. Following
offline inference with EEGNet, the resulting binary Grasp/Re-
lease predictions were transmitted over a Universal Asynchronous
Receiver-Transmitter (UART) link operating at 115200 baud to
the ESP32, which then generated the corresponding servo com-
mands through the PCA9685. The servos were programmed to
travel to pre-calibrated joint positions with smooth interpola-
tion so that grasp-and-release sequences could be executed in a
continuous manner.

3.3. EEGNet architecture

The EEGNet model was modified to conform to the sam-
pling frequency of 500 Hz adopted for this research. Based on
the design rules of the EEGNet model, the temporal convolu-
tion kernel size is half of the sampling frequency (sfreq/2). As
such, the length of the temporal convolutional kernel will be 250
samples (0.5-second receptive field), ensuring that low-frequency
components of the EEG are filtered efficiently μ (8–12 Hz) and𝛽 (13–30 Hz). The first convolutional layer carries out tempo-
ral filtering, while depthwise convolution learns spatial filters
through convolution in the spatial channel. The use of sepa-
rable convolution with a filter size of 50 samples (0.1 second)
captures fine-temporal components. Moreover, average pooling
operations are modified to (1 × 10) and (1 × 25). Other aspects
of the model include batch normalization, Exponential Linear
Unit (ELU) activation, and dropout (0.5) for regularization. The
model receives inputs in the form of an array with a dimension
of (8 × 500) representing eight EEG channels and one-second
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Figure 4
3D-printed robotic hand prototype

temporal length. The training process utilizes the Adam opti-
mization function with a learning rate of 0.001, a categorical
cross-entropy loss function, a batch size of 64, and early stopping
criteria of 15 epochs.

3.4. EEG decoding and robotic control pipeline

The suggested framework involves two temporally separated
pipelines—the offline EEG classification pipeline and the online
robotic command execution pathway. Such separation is neces-
sary because EEG data were collected beforehand and used for
building the model and validation. Meanwhile, further command
transmission and robotic actuation were performed online.

Step 1: Offline EEG preprocessing: The previously recorded
EEG signals underwent the same preprocessing procedures as
those described in Section 3.1—band-pass filtering, common aver-
age referencing, and channel-wise normalization. EEG epochs
were split into overlapping windows for EEGNet classification.

Step 2: Offline EEGNet inference: Preprocessed EEG win-
dows were fed into the trained EEGNet model in order to
get binary predictions (Grasp/Release). Model performance was
tested using independent held-out test subjects. Therefore, due
to the offline nature of EEG recording, the current classification
step is an example of offline EEG inference, but not online EEG
decoding.

Step 3: Online command transmission: After obtaining
classification results, the generated Grasp/Release decision was
translated into the corresponding command that was transmitted
through the serial interface to the ESP32 controller. The commu-
nication process included command acknowledgment in order to
check the transmission and execution status.

Latencies are taken into account for characterizing the
temporal properties of the implemented pipeline. Software-
side latency components include EEG preprocessing, EEGNet
inference, and decision filtering, whereas hardware-side latency
includes serial command transfer and servo actuation. The total
system latency is defined as the time elapsed between the avail-
ability of an EEG processing window and the completion of
the corresponding robotic actuation. The programmed servo-
motion sequence requires approximately 540–600 ms, depending
on the commanded motion. These values represent controller-side
implementation timing specifications rather than experimentally
measured physical settling times. Where direct experimental mea-
surements of individual latency components were not available,
the corresponding values are therefore reported as implementa-
tion specifications and should not be interpreted as experimentally
measured latency or settling-time values.

Step 4: Online robotic actuation: Upon receiving a valid com-
mand, the ESP32 controller triggered the PCA9685 servo driver
and corresponding servo motors to perform the predetermined
robotic handmovement. The tendon-driven robotic hand then exe-
cuted the grasp-and-release motion. Hence, hardware execution
of the command represents the online component of the robotic
command execution pathway following offline EEG classification.
The complete offline EEGprocessing, command transmission, and
online robotic execution pathway is summarized in Figure 5.

The robotic hand controller is comprised of an ESP32
DevKit V1 communicating with the desktop runtime using
UART at 115,200 baud. The ESP32 communicated with the
PCA9685 16-channel PWM servo driver via I²C to individually
control six servo motors. MG90S miniature servos were employed
for the fingers’ motion, while MG996R servos were applied for
the wrist and forearm motions. The tendon-driven hand incor-
porated PLA-printed finger segments with fishing-line tendons
for flexing and polyester elastic cords for passive extension. The
entire prototype was built for less than USD 30 in terms of the
cost of materials and components. The tendon-driven robotic
hand performing grasping and forearm rotation is shown in
Figure 6.

The complete hardware configuration and specifications of
the robotic arm are summarized in Table 1. Therefore, this paper
does not show an example of continuous EEG acquisition and
real-time EEG decoding. On the contrary, it shows how offline
EEG classification can be paired with the online robotic command
execution pathway as an engineering proof-of-concept.

4. Results

The presented EEGNet architecture obtains an accuracy of
74.74% per trial and 68.76% per time window, thus significantly
exceeding the accuracy obtained using the baseline FBCSP +
SVM classifier (60.38%). This finding is supported by multiple
studies suggesting that an end-to-end deep learning architecture
outperforms manually selected features in EEG classification due
to its ability to discover the hierarchy of spatiotemporal repre-
sentations. The higher information transfer rate (ITR) of 4.43
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Figure 5
Detailed system architecture of offline EEG processing and
online robotic command transmission and execution pipeline

bits/min as against 0.75 bits/min for FBCSP+SVM implies higher
information flow. The ITR was computed using:

ITR = ( 60

T
) × [log2 (N) + P log2 (P)+ (1 − P) log2 ( 1− P

N− 1
)] (1)

where N = number of classes, P = classification accuracy, and
T = trial duration (2.5 seconds).

Figure 6
Tendon-driven robotic hand prototype and its operation:
(a) grasping demonstration, and (b) forearm rotation

demonstration

(a)

(b)

The discrepancy between the accuracy from cross-validation
(66.04% ± 0.62%) and the accuracy from the final held-out
test (74.74%) is due to the stage at which both accuracies were
evaluated. The cross-validation was used to evaluate the model
accuracy within the folds of the training subjects, while the final
test accuracy was evaluated using the three new test subjects.

Table 2 presents the comparison between EEGNet and the
traditional FBCSP + SVM baseline method for grasp-release
classification. It lists accuracy and ITR as key measures. The
results clearly show that EEGNet outperforms the baseline,
achieving higher accuracy and ITR. Those results show that
EEGNet demonstrates better classification performance than the
FBCSP + SVM baseline for the executed-movement Grasp/Re-
lease EEG task. In comparison with the FBCSP + SVM baseline,
the trial-level accuracy reached by EEGNet was 74.74%, which is
60.38% for the baseline. This resulted in an absolute improvement
of 14.36 percentage points.

In order to compare the predictions of EEGNet and
FBCSP + SVM on the same set of 1,560 held-out test trials, a
paired exact McNemar test was carried out. The test yielded a
statistically significant difference between the two classifiers (p <
0.001). In total, 680 trials were discordant, where EEGNet classi-
fied 452 trials correctly, which had been misclassified by FBCSP +
SVM, while FBCSP + SVM classified 228 trials correctly, which
had been misclassified by EEGNet. Consequently, the obtained
value of the paired discordance effect measure is Δ = 0.3294.
Table 3 depicts the FBCSP + SVM predictions on held-out trials,
where the McNemar test was performed.
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Table 1
Hardware configuration of the robotic arm

Component Specification

Microcontroller ESP32 DevKit V1
Serial communication UART, 115,200 baud

Servo driver PCA9685, 16-channel PWM

Driver interface I²C
Number of servo motors 6
Finger servos MG90S

Wrist/forearm servos MG996R
Structural material PLA, FDM 3D printing

Layer height 0.3 mm

Infill 20%
Tendon Fishing-line tendon

Extension mechanism Polyester elastic cord

Prototype fabrication cost < USD 30

Table 2
Performance comparison between EEGNet and the baseline

method

Method Accuracy (%) ITR (bits/min)

FBCSP + SVM 60.38 0.75
EEGNet
(window-level)

68.76 4.99

EEGNet (trial-
level)

74.74 4.43

Table 3
Paired contingency table for EEGNet and FBCSP + SVM

predictions on the held-out test set

FBCSP + SVM
Correct

FBCSP + SVM
Wrong

EEGNet
correct

714 452

EEGNet wrong 228 166

Diagonal entries are trials where both classifiers were in
accordance with the ground truth or both have produced an error
in classification. Off-diagonal entries are used for the McNemar
test and represent discordant predictions.

For a more thorough analysis of the binary Grasp/Release
classification quality, several additional class-wise and aggregated
metrics were evaluated using the holdout test set. These included
precision, recall, specificity, F1-score, ROC-AUC, and balanced
accuracy. Precision refers to the fraction of true predictions
among all positive predictions. Recall represents the fraction of
positive examples that were classified correctly. Specificity refers
to the ability of the classifier to reject the opposite class. The F1-
score calculates the harmonic mean of precision and recall. This
metric can be particularly useful when false positives and false
negatives have the same importance. Balanced accuracy refers
to the arithmetic mean of sensitivity and specificity. Hence, bal-
anced accuracy can be useful when the class distributions are
unbalanced. ROC-AUC represents the discriminative ability of
the classifier regardless of the decision threshold. The comprehen-
sive class-wise and overall classification performance of EEGNet
is summarized in Table 4.

Table 4
Comprehensive EEGNet classification performance

Metric Grasp Release Overall

Precision 79.60% 71.26% 75.43%
Recall 66.54% 82.95% 74.74%
Specificity 82.95% 66.54% 74.74%

F1-score 72.49% 76.66% 74.57%
Balanced
accuracy

— — 74.74%

ROC-AUC — — 86.40%
Accuracy — — 74.74%

Alongside accuracy, the performance of the classifica-
tion was measured by precision, recall, specificity, F1-score,
ROC-AUC, and the confusion matrix. These complementary
measures allow us to assess the binary Grasp/Release classifica-
tion results at the class level and at different decision thresholds.
The trial-level confusion matrix for the EEGNet Grasp/Release
classification is shown in Figure 7.

Figure 7
Confusion matrix for EEGNet grasp/release classification

The trial-level confusion matrix also gives more insight into
the classification mistakes made. Of the 780 trials for the Grasp
class, 519 trials were classified as Grasp, while 261 were falsely
classified as Release. Out of 780 trials for the Release class, 647
trials were classified as Release, and 133 were falsely classified as
Grasp. This shows that the recall for the Release class is higher
(82.95%) as compared to Grasp (66.54%), implying that more tri-
als of the Grasp class were falsely classified. For robotic control
applications, false-Grasp predictions can cause unintended hand
closing and grasping, while false-Release can cause premature
release of the grasp. Both kinds of errors are important in safe
assistive robotic control applications, but the former kind is par-
ticularly more important as it can cause any physical interaction
with the environment through the robot. The overall trial-level
EEGNet accuracy and its 95% Wilson confidence interval are
presented in Table 5.

The EEGNet accuracy at the trial level was 74.74% (1166
correct classifications out of 1560 test trials), with a 95% Wil-
son confidence interval of 72.53–76.84%. The confidence interval
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Table 5
EEGNet trial-level accuracy and 95% confidence interval on the

held-out test set

Evaluation metric EEGNet result
Correct predictions 1,166

Total test trials 1,560

Accuracy 74.74%

95% confidence interval (Wilson) 72.53–76.84%

quantifies the uncertainty in pooled held-out test accuracy
estimation. The ROC-AUC curve for the EEGNet Grasp/Release
classification is shown in Figure 8.

Figure 8
ROC-AUC curve for EEGNet grasp/release classification

The additional metrics allow for obtaining a more elab-
orate assessment of the classifier performance in comparison
with overall accuracy. The precision and recall values demon-
strate how correctly Grasp-and-Release predictions are made
considering false positive and false negative errors. The F1-score
is especially important in BCI-based assistive control since it rep-
resents the combination of precision and recall and hence the
balance between missing commands and false commands. Speci-
ficity additionally characterizes the ability of the classifier to
reject the opposite command. Balanced accuracy represents the
aggregated measure taking into account both classes. Receiver
Operating Characteristic – Area Under the Curve (ROC-AUC) is
a threshold-independent metric that describes the class separabil-
ity. Thus, all those metrics provide a more thorough assessment
of the EEGNet performance on the holdout subjects. The subject-
level EEGNet performance for the three held-out test subjects is
presented in Table 6.

EEGNet performance at the individual level for each subject
category among the three test subjects that were withheld, showing
inter-subject variability and stability of overall test accuracy.

The serial communication protocol provided a communica-
tion success rate of 98.18%, since out of 55 commands, 54 got
an ACK response. No NACK responses were found, and only
one command did not get any ACK, as shown in Table 7. Thus,
the reported 98.18% communication success rate is a ratio of
transmitted commands to commands that have got an ACK

Table 6
Subject-level EEGNet performance on the held-out test subjects

Test subject Number of trials Accuracy (%)

Subject 1 520 79.42

Subject 7 520 71.92

Subject 8 520 72.88

Mean ± SD 520 per subject 74.74 ± 4.08

Table 7
Serial communication and hardware reliability

Metric Value

Total commands 55
Successful (ACK) 54

Failed (NACK) 0

No response/timeout 1

Reliability (%) 98.18

response and cannot be interpreted as physical execution
accuracy.

To characterize the robotic prototype quantitatively within
the limits of the available measurements, Table 8 summarizes
the principal hardware specifications, programmed servo-motion
timing, communication settings, and observed command-
transmission results. Six servos were driven from anESP32 through
a PCA9685 interface over UART at 115 200 baud. Firmware
advanced the servos in 3° steps every 10 ms, giving nominal pro-
grammed durations of about 600 ms for Rest to Grasp and 540 ms
for Grasp to Release. Of 55 transmitted commands, 54 received an
ACK (98.18% communication reliability). These figures describe
the implemented controller and serial link. The 540–600 ms inter-
vals are firmware timing specifications and should not be read as
experimentally measured mechanical settling times.

Although the prototype executed the intended grasp, release,
and forearm rotation sequences, the present study did not include
a quantitative mechanical characterization. Grasp force, pay-
load capacity, positional accuracy, cycle-to-cycle repeatability,
physical servo settling time, and long-term mechanical reliability
were not measured. Consequently, the reported communication
reliability and the programmed 540–600 ms servo intervals must
not be taken as evidence of actuation accuracy or repeatability.
Those quantities require a dedicated mechanical protocol in future
work, based on repeated actuation cycles, controlled payloads,
and appropriate force and displacement sensors.

The measured latencies on the software side were 1.6668 ms,
which includes EEG preprocessing (0.8954 ± 0.1734 ms), EEGNet
inference (0.7695 ± 0.0363 ms), and decision filtering (0.0019 ±
0.0021 ms). These latencies characterize the computational part of
the implemented pipeline and cannot be considered the full end-
to-end system latency. UART communication latency and servo-
actuation latency were not remeasured due to the unavailability
of the ESP32-based hardware used previously in this study for
experiments. Therefore, the total physical EEG-to-robot latency
is not provided. The individual software processing latencies
and the programmed servo-motion interval are summarized in
Table 9.

The implemented firmware operates the servo incrementally
at 3° every 10 ms. According to the programmed angular tra-
jectories, the nominally specified controller-side movement takes
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Table 8
Quantitative characterization of the robotic hand prototype

Parameter Value
Characterization
type

Number of servo
motors

6 Hardware
configuration

Finger servo model MG90S Hardware
specification

Wrist/fore-
arm servo
model

MG996R Hardware
specification

Microcontroller ESP32 DevKit V1 Hardware
specification

Servo driver PCA9685, 16-
channel PWM

Hardware
specification

Serial com-
munication
rate

115,200 baud Communication
specification

Servo incremental
motion

3° every 10 ms Firmware
specification

Nominal Rest-to-
Grasp movement
time

~600 ms Programmed
timing

Nominal Grasp-
to-Release
movement time

~540 ms Programmed
timing

Prototype
fabrication cost

< USD 30 Material/
component cost

Commands
transmitted

55 Experimental

Commands
acknowledged

54 Experimental

Communication
reliability

98.18% Experimental

Physical movement
accuracy

Not measured Limitation

Mechanical
repeatability

Not measured Limitation

Grasp
force/payload

Not measured Limitation

Physical servo
settling time

Not measured Limitation

approximately 600 ms from Rest to Grasp and about 540 ms from
the programmed Grasp-to-Release positions. This information is
based on firmware timing specifications rather than experimental
measurements of the physical settling time of the servos.

5. Discussion

5.1. Interpretation of classification performance

The present hardware evaluation quantifies communication
reliability and controller-side motion timing; it is not a complete
mechanical performance study. The 98.18% ACK rate records
successful reception of serial commands and does not establish
that the hand executed those commands accurately. Likewise,
the 540–600 ms servo intervals are programmed controller

Table 9
Software latency characterization of EEG decoding

Stage Latency (ms)

EEG preprocessing 0.8954 ± 0.1734

EEGNet inference 0.7695 ± 0.0363

Decision filtering 0.0019 ± 0.0021

Software processing subtotal 1.6668

Servo-motion sequence ~540–600 ms

trajectories, not measured physical settling times. Future hard-
ware validation should therefore report grasp force, payload
capacity, positional repeatability, cycle-wise actuation success,
and physical response time under representative loads.

Under subject-independent offline evaluation, EEGNet
reached a trial-wise accuracy of 74.74%, 14.36 percentage points
above the FBCSP + SVM baseline. The gain is consistent
with end-to-end representation learning: depthwise and separable
convolutions estimate spatial–temporal filters from the EEG
directly, without hand-tuned, subject-specific filter banks that
often fail to generalize in CSP pipelines. The corresponding ITR
increased from 0.75 bits/min for FBCSP + SVM to 4.43 bit-
s/min for trial-level EEGNet. Window-level EEGNet yielded 4.99
bits/min. Both ITR values are offline estimates derived from clas-
sification accuracy and trial duration; they are not measured
online bit rates.

5.2. Comparative analysis with traditional deep
learning approaches

The results need to be benchmarked against other MI-
BCI accuracy ranges in the literature, which can vary greatly
depending on the methods used and the classification task per-
formed. Traditional ML algorithms that employ CSP followed
by SVM/LDA typically have accuracy scores ranging between 60
and 80% [10, 21–23, 44]. Deep learning-based models are known
to deliver improved results. Lawhern et al.’s [18] EEGNet is able
to get binary accuracy rates of 77.12%, while other compact
and attention-based EEG architectures have reported competitive
performance [18, 26, 27].

Importantly, the proposed architecture was evaluated in a
subject-independent setting within the WAY EEG Grasp-and-
Lift dataset, with training and testing performed on completely
different subjects without any subject-specific fine-tuning. Subject-
independent evaluation of the system represents a more rigorous
evaluation of cross-subject generalization and is important for
translation of EEG-based assistive systems in the future [12, 37].
To compare it with the classical FBCSP + SVM model, the two
models have been evaluated based on the same subject-based
training and test split. The accuracy of the FBCSP + SVM model
was found to be 60.38%, while that of the EEGNet model was
74.74%, implying an absolute improvement of 14.36%. Although
the WAY EEG Grasp-and-Lift dataset records executed move-
ments (stronger signals than pure MI), this proxy validation
represents an initial engineering step toward future evaluation of
MI-driven systems for users who are unable to execute voluntary
movements.

Because the present study uses executed-movement EEG
rather than motor-imagery EEG, direct numerical comparison
with studies using MI paradigms should be interpreted cautiously.
Differences in task paradigm, participant population, dataset,
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preprocessing, and evaluation protocol can substantially influence
classification performance.

The executed-movement classification experiments presented
in this work must not be directly compared to motor-imagery
performance since there exists a considerable difference between
the two paradigms concerning the sensorimotor response elicited.

5.3. Methodological considerations and performance
interpretation

The preprocessing steps were applied in a neurophysio-
logically motivated order: band-pass filtering (4–40 Hz), CAR,
and then z-score normalization. Baseline temporal selection
can also influence ERD/ERS analysis in motor-imagery BCI
studies [50]. Spatial referencing was therefore confined to the
motor-relevant band, which sharpens the lateralization of sen-
sorimotor patterns. Subjects were first partitioned at the subject
level into seven training, two validation, and three test partic-
ipants. Cross-validation was then leakage-free: after this split,
trials were windowed independently inside each fold of the train-
ing subjects only. This prevents temporal contamination between
training and validation windows and avoids inflated performance
estimates associated with inappropriate windowing before data
splitting.

A subject-level 7/2/3 partition was used throughout. Five-fold
cross-validation was applied only to the seven training subjects; the
two validation subjects and the three test subjects were held out
of every fold. Windowing was performed separately within each
fold after this subject-level division. The resulting cross-validation
accuracy was 66.04% ± 0.62%. After hyperparameter selection,
the model was retrained on the combined training and validation
subjects (n = 9) and evaluated once on the three subjects that had
remained unseen. That held-out test accuracy was 74.74%. The
two figures therefore reflect different stages and different subject
sets; they are not interchangeable.

The inter-subject variability was evaluated by running a test
of the final EEGNet model on held-out subjects (Subjects 1, 7,
and 8) independently. The independent subject split was preserved
throughout, and trial-level decisions were made with the same
five-window majority vote as in the case of the pooled test set.
Each subject produced 520 trials. Thus, the trial-level accuracies
were 79.42% for Subject 1, 71.92% for Subject 7, and 72.88% for
Subject 8, resulting in a mean subject-wise accuracy of 74.74% ±
4.08% (mean ± SD). It may be concluded that there is a mea-
surable inter-subject variability. However, it does not seem that
the pooled accuracy is biased toward one of the particular sub-
jects. Since only three independent test subjects were available
for the study, the results obtained should be treated as prelim-
inary evidence of the generalization ability of the model across
subjects.

5.4. Executed movement as a proxy for motor imagery

It is important to note that the EEG data used in this
research refer to executed grasp-and-lift movements and not to
motor imagery. This distinction must be made while analyzing
the classification performance obtained in this work. Specifically,
executed movements are known to elicit both motor cortex activ-
ity and movement-related neural responses, as well as feedback
from muscles, tendons, and joints involved in the movement.
These additional processes can make the executed movement
classification more successful than motor imagery because it
is characterized by a higher signal-to-noise ratio. Therefore,

the 74.74% trial-level accuracy obtained in this work should
not be taken as indicative of expected performance for motor
imagery.

The use of executed movement EEG was designed merely to
test an engineering proof-of-concept with regard to EEG process-
ing, decoding, command generation, and robotic actuation. While
the resulting pipeline serves as a good base for further research,
the present results do not represent generalization for motor-
imagery decoding, stroke subjects, and clinical rehabilitation.
Future works should analyze the same pipeline on motor-imagery
EEG datasets and then on datasets from people with motor
impairment.

5.5. Limitations and clinical relevance

The present study used the EEG recordings of 12 healthy
subjects, which is a rather small number of participants and
might reduce the statistical power and generalizability of the
achieved classification results. Specifically, the inter-subject vari-
ability of the EEG properties might not be covered with this
sample. Despite the subject-independent evaluation method pro-
viding an independent evaluation with held-out subjects, it
would require further validation on a larger and more diverse
dataset, including patients with motor impairments, to prove its
clinical applicability. Future research work will focus on investi-
gation of the suggested solution using multi-subject and patient
EEG data.

Several limitations should be acknowledged. First, the
current system operates in an open-loop regime and lacks propri-
oceptive or haptic feedback, factors that the literature shows are
important for enhancing neuroplasticity and user experience in
BCI-controlled rehabilitation [20]. Second, the study used offline
EEG data collected from the WAY EEG Grasp-and-Lift dataset
that involved executed grasp-and-lift actions rather than motor
imagery in healthy volunteers [17, 33, 36]. Third, the binary
grasp/release classification, while pragmatically suited to pros-
thetic control, does not yet discriminate between different grasp
types (e.g., power, pinch, tripod) [35, 47, 48].

However, the reliability of command transmission, cost-
efficient hardware construction, and robotic movement manip-
ulation indicate the feasibility of the proposed system as an
engineering proof-of-concept. Nevertheless, the rehabilitation
effectiveness remains an unexplored aspect of the current work,
and future studies will have to address it through the use of
EEG collection in real time, motor-impaired patients, sensory
feedback, and clinical assessment. Another limitation is that the
measurements of mechanical repeatability and payload capac-
ity were not performed to be updated in the current revision.
Although the prototype was successfully integrated and operated
during the original hardware experiments, these characteristics
are therefore not reported as newly obtained measurements of
quantitative performance parameters in the present revision. In
future works, servo positioning repeatability, grasp force/payload
capacity, and long-term mechanical reliability will be evaluated
experimentally.

The present study characterized the robotic prototype pri-
marily as a proof-of-concept platform for command execution.
Quantitative measurements of physical movement accuracy,
grasp force, mechanical repeatability, long-term cycle endurance,
and mechanical failure rate were not performed; consequently,
the reported hardware results should not be interpreted as a
comprehensive mechanical performance evaluation.
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6. Conclusion

This study developed a proof-of-concept end-to-end EEG-
BCI pipeline for grasp intention decoding using the EEGNet
architecture. Trained on the WAY EEG Grasp-and-Lift dataset
(executed movements), the model achieved a trial-level accu-
racy of 74.74% in a subject-independent setting, outperforming
the FBCSP + SVM baseline. The robotic command execution
pathway implementation involved online command executions
after the offline EEG classification phase. The developed proto-
type involves a tendon-driven 3D-printed robotic hand capable
of performing programmed grasp, release, and forearm rotation
actions upon reception of control commands. It is essential to
mention that EEG classification was conducted based on the
execution-movement EEG data recorded in healthy participants.
This research involved a technical feasibility demonstration of
the developed EEG decoding and robotic command pipeline.
The results cannot be applied directly to BCI-based motor
imagery or stroke rehabilitation applications without proper
experimental validation. Although the current prototype uses
offline training on executed movement data and open-loop
control, the demonstrated end-to-end pipeline, superior subject-
independent performance, and low-cost hardware integration
provide a basis for future investigation of fully wearable, closed-
loop soft exoskeletons with real-time sensory feedback for stroke
neurorehabilitation.

7. Future Works

In summary, the current research involves the creation of
a tendon-driven robotic hand prototype to evaluate the efficacy
of EEG decoding and robotic command pipeline integration.
Classification was conducted based on execution-movement EEG
data acquired from healthy subjects and not motor-imagery EEG.
Future studies should focus on validating the entire pipeline on
motor-imagery EEG data and conducting extensive analysis on
individuals with motor impairment. Other aspects that require
investigation include the online acquisition of EEG signals, real-
time decoding, closed-loop control, and assessment of the robotic
hand repeatability. In light of the abovementioned feasibility of
the BCI pipeline, one important direction is transitioning the
current rigid prototype design into a wearable soft robotic hand
exoskeleton to aid in stroke patients’ rehabilitation. Compared
to the current rigid design, a soft robotic exoskeleton would be
directly worn on the paralyzed hand, allowing for real-world actu-
ation of the patient’s limb through decoded motor intentions. By
following the soft robotics approach, using pneumatically-driven
or tendon structures based on flexible materials, the proposed
exoskeleton will not only adapt to the anatomical features of the
human hand but also prevent potential harm to the joints in case
of spasticity.

BCI-driven soft exoskeleton represents a potential future
approach in assistive technology. Once validated successfully,
further investigations will examine the possibility of utilizing
a BCI-driven soft exoskeleton in individuals with severe stroke
impairment with minimal voluntary muscle activity. The future
clinical trials may investigate whether a closed-loop system com-
bining motor-imagery EEG decoding, robotic movements, and
sensory feedback helps in improving motor learning and rehabil-
itation outcomes. In addition, the next generation of the product
will include sensors for the feedback of sensations like pressure or
finger bending to complete the loop for the benefit of the patients’
proprioceptive senses. On the algorithmic level, more research can

be done on real-time EEG input as a replacement for training
based on datasets and decoding multiple classes of grasp, as well
as designing an attention-based and a transfer-learning model.
Finally, the effectiveness of the system in severe stroke patients
needs to be confirmed by clinical trials.
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