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ARTICLE INFO ABSTRACT
Tetraplegia is a neurological condition that causes paralysis of both upper
Article history and lower limbs, forcing affected individuals to rely almost entirely on
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facial and neck muscle movements to interact with their environment. This
severe limitation reduces independence in daily activities and motivates the
development of assistive technologies. One promising solution is the use
of electromyography (EMGQ) signals generated by facial and neck muscle
contractions as a human-computer interface for controlling external
electronic devices. This study proposes reducing the number of EMG
tapping points from four to three while maintaining four distinct command
classes. This reduction poses a non-trivial challenge, as fewer channels
generally decrease signal separability, increase feature overlap, and lead to
higher classification ambiguity. In this research, EMG signals were
acquired from six muscle channels, namely the Corrugator Supercilii,
Temporalis, Zygomaticus, Orbicularis Oris, left Sternocleidomastoid
(SCM) and right SCM. These muscles were activated through six
intentional movements: brow furrowing, biting molars, grinning, kissing,
looking right, and looking left. Feature extraction was performed using
Mean Absolute Value (MAV) and Root Mean Square (RMS), while
classification was conducted using Support Vector Machine (SVM) and
Decision Tree (DT). Data were collected from ten participants using an
instrumented tapping device, and signal processing and classification were
implemented on a Raspberry Pi 4. The experimental results showed that
three optimal tapping points, located at the right SCM, left SCM, and
Zygomaticus muscles, were sufficient to represent four contraction
commands corresponding to biting, grinning, looking right, and looking
left. The DT classifier consistently outperformed SVM across all feature
sets, achieving accuracies of 86.8% (MAV), 86.3% (RMS), and 86.9%
(combined), compared to 84.2—-84.6% for SVM. These results indicate that
reducing the number of tapping points does not significantly degrade
classification performance. In conclusion, the proposed EMG-based
control system offers a simpler and more efficient human—computer
interface for individuals with tetraplegia, enabling multi-command control
with reduced hardware complexity.
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1. Introduction

Recent advancements in Human—Machine Interface (HMI) systems have improved interaction
between humans and electronic devices [1]-[5]. Modern HMI technologies integrate biological
signals such as touch, speech, eye movement, and muscle activity to generate control commands for
external systems [6]-[10]. Such developments are especially relevant for individuals with severe
motor impairments caused by spinal cord injury (SCI), which can lead to paraplegia or tetraplegia.
Individuals with tetraplegia experience paralysis of both upper and lower limbs, severely limiting their
ability to perform daily activities independently [11]-[15]. Individuals with tetraplegia experience
significant limitations in daily activities, reducing independence and quality of life [16]-[18].
Although assistive technologies have evolved rapidly in the past five years, many systems still rely on
residual arm or hand function, making them unsuitable for users with complete upper-limb paralysis
[19]22].

However, most existing EMG-based systems require multiple electrodes proportional to the
number of command classes, increasing hardware complexity and reducing user comfort. This
highlights the need for optimizing electrode configurations. Such systems should utilize preserved
voluntary muscle activity from facial and neck muscles without requiring excessive sensor placement
[23]-[26]. Electromyography (EMG) has emerged as a reliable bioelectrical signal for capturing
muscle activation patterns and translating them into machine-interpretable commands [27]-[30].
Recent studies have explored the use of facial and neck EMG signals for assistive applications,
including wheelchair navigation, robotic control, and human—computer interaction [31]—[35].
Compared with healthy individuals, people with SCI often retain greater voluntary control of facial
and cervical muscles, making these signals a viable option for assistive control systems [36]—[38].
Recent investigations have utilized facial EMG for expression recognition, cursor movement, and
communication aids with high classification accuracy using machine learning and deep learning
approaches [39]-[42]. Similarly, neck EMG signals from the sternocleidomastoid muscle have been
successfully employed for directional control in mobility assistance systems [43]-[45]. Common
feature extraction methods include Mean Absolute Value (MAV) and Root Mean Square (RMS),
while classifiers such as Support Vector Machine (SVM) and Decision Tree (DT) are widely used
[46]-[48]. Various machine learning approaches have been applied to improve EMG signal
classification performance [49], [50]. Several studies have reported multi-command EMG-based
control systems using a limited number of electrodes [51]. Previous works have demonstrated three-
command control using 23 facial or neck EMG channels; however, achieving four-command control
typically requires four or more electrodes to maintain classification accuracy and robustness [52].

This study addresses this gap by analyzing six facial and neck muscles and identifying the three
most representative channels for four-command external device control. The main contributions of
this study are:

e Reducing EMG tapping points from four to three while maintaining four command classes.

e Identifying optimal electrode placements on facial and neck muscles.

e Evaluating classification performance using MAV, RMS, SVM, and DT.

e Demonstrating a low-complexity EMG-based system suitable for embedded implementation.
2. Method

2.1. Proposed Method

This study involved 10 human subjects aged 2022 years, recruited from the Department of
Electrical-Medical Engineering Technology, Poltekkes Kemenkes Surabaya. Ethical approval for this
study was obtained from the Health Research Ethics Committee of Poltekkes Kemenkes Surabaya.
All participants were informed about the study procedures and provided written informed consent
prior to data collection. EMG signals were recorded from six electrode placement points using six
EMG channels, as shown Fig. 1. In this case, the researchers were first recorded EMG signals at Six
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EMG recording channels were used. CH1 was placed over the Corrugator Supercilii muscle,
approximately 1-2 cm above the medial end of the eyebrow. CH2 was positioned on the Temporalis
muscle, approximately 2—3 cm above the zygomatic arch along the anterior temporal region. CH3 was
placed on the Zygomaticus muscle at the midline between the corner of the mouth and the zygomatic
bone. CH4 was positioned over the Orbicularis Oris muscle, approximately 1 cm lateral to the mouth
corner. CHS and CH6 were placed on the left and right Sternocleidomastoid (SCM) muscles,
approximately 3—5 cm above the clavicle along the muscle belly. All electrodes were aligned parallel
to the muscle fiber orientation with an inter-electrode distance of approximately 2 cm. Surface
electrodes were placed following the SENIAM recommendations and general clinical EMG
guidelines as shown in Fig. 1. Furthermore, the signal used to record used Ag/AgCl type surface
electrodes in order to detect muscle electrical activity (EMGQG) during contraction and relaxation [33],
[34]. The EMG sensor was assembled using an instrumentation amplifier with a gain of 1000x%,
followed by a fourth-order Butterworth band-pass filter with a cut-off frequency of 79480 Hz to
isolate EMG signals. A 50 Hz notch filter was applied to suppress power-line interference. The filtered
signal was then digitized using an MCP3008 analog-to-digital converter (ADC) with 10-bit resolution
and a sampling rate of 1000 Hz, and processed on a Raspberry Pi 4 for feature extraction and
classification [35]. IC MCP3008 was used as an analog-to-digital data converter (ADC) with the
Raspberry Pi4 used as a microprocessor to process ADC data, and Python was used as a programming
language.

Fig. 1. Electrodes placement

EMG data were recorded using a sampling frequency of 1000Hz and then a windowing process
was performed every 100ms which resulted in the extraction of the Mean Absolute Value (MAV) and
Root Mean Square (RMS) feature extraction values [36]. EMG data were acquired from six intentional
movements: frowning eyebrows (FE), biting (BITE), grinning (GRIN), kissing (KISS), looking right
(LR), and looking left (LL). Each subject performed each movement in five repeated trials, with a
relaxation period inserted between consecutive movements to reduce muscle carry-over effects. Thus,
each class consisted of 50 trials in total (10 subjects x 5 repetitions), resulting in 300 trials across the
six movement classes. To prevent data leakage and ensure fair evaluation, the dataset was divided into
training and testing sets using an 80:20 ratio, where 80% of the data were used for training and 20%
for testing. This split was used to evaluate the classification performance of the proposed system.
Euclidean Distance (ED) was used as the channel selection criterion to quantify the separability of
EMG features among movement classes. For each channel, the mean feature vector of each class was
first calculated using the extracted MAV and RMS values. The ED was then computed between class
centroids, and channels with larger average inter-class distances were considered to provide better
discriminative information. Therefore, channels with the highest ED values were selected as the
optimal tapping points for subsequent classification. ED was chosen because it is computationally
simple, interpretable, and suitable for lightweight embedded implementation on Raspberry Pi shown
in Fig. 2.
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Fig. 2. Block diagram

Mean Absolute Value (MAV) is a formula for calculating mean values and windowing values
calculated in absolute values. The MAYV calculation as in (1):

N
1
MAV = NZ 1] (1)

In this case, N variable represents the amount of data and x; represents the sequence of data a number
of i. Furthermore, Root Mean Square (RMS) is the relationship between constant force and contraction
without fatigue. The RMS formula as in (2):

2)

where N variable represents the amount of data and x; represents the sequence of data a number of i.
The average of the measurements was calculated as in (3):

g Kt Xy Xy
n

3)

where X indicates the mean value, X; indicates the value of the first measurement, X, indicates the
value of the second measurement, and X,, indicates the value of the n-th measurement. Euclidean
distance is one way to calculate the distance between two pieces of data in Euclidean space (including
two-dimensional, three-dimensional, or more Euclidean fields). Evaluation of the degree of similarity
of the data with the Euclidean Distance formula can be applied as in (4):

dij = 2 _1(xik = Yjk)* 4)
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where d is the distance between i and j, i is the data center of j data on the attribute, k is the symbol
of the data, n is the number of data, x;; is the kth cluster data center, and yjy is the data in each k-th

data.
2.2. Machine Learning

Support Vector Machine (SVM) is used as a classification method to separate EMG signal
patterns into predefined classes. It is selected due to its effectiveness in handling high-dimensional
data [53]. Two classification algorithms were used in this study, namely Support Vector Machine
(SVM) and Decision Tree (DT). SVM was employed to classify EMG feature patterns into predefined
movement classes, while DT was used due to its low computational complexity and suitability for
real-time implementation.

2.3. Decision Tree

Decision Tree (DT) was used as a lightweight classifier due to its low computational complexity
and interpretability [54], [S5].

2.4. Evaluation of Machine Learning Algorithms

The algorithm workflow consisted of five stages: (1) EMG signal acquisition from six channels,
(2) signal segmentation using a 100 ms window, (3) feature extraction using MAV and RMS, (4)
channel selection using Euclidean Distance, and (5) classification using SVM and DT. The dataset
was then divided into training and testing sets, and classification accuracy was used to compare the
performance of the evaluated models. Finally, the best-performing model was implemented for real-
time control of the wheelchair prototype [56]—[58]. The overall workflow is illustrated in Fig. 2 and
Fig. 3.

START RAW DATA FEATURE I;\Slﬁ(RZﬁ:'l:lKé | MODELS DATA MODEL
(TRANING) EXTRACTION ALGORITHM \—T_\ EVALUATION

MACHINE
LABEL LEARNING
CLASSIFICATION

A4

4

A
RAW DATA FEATURE END
(TEST) EXTRACTION

Fig. 3. Machine learning algorithm evaluation flowchart

2.5. Application of Machine Learning to Wheelchairs

After going through the analysis process, the Machine learning with the best accuracy is obtained
and is applied to wheelchairs. Raw data is obtained from EMG signals that have gone through a series
of instrumentation and then feature extraction is performed to produce extracted data along with the
labels. The extracted data will be processed by machine learning and compared with the training data
on the model. Then the data is classified based on 4 classes, namely forward, backward, turn right and
turn left. If the data matches the class, Machine Learning will send serial data to the driver via
Bluetooth to move the wheelchair. The results of the accuracy of the Machine learning can be known
by calculating the number of movements tested with success according to their classification [59],
[60].
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3. Results and Discussion
3.1.Results

Machine learning performance evaluation is carried out by combining MAV and RMS feature
extraction types with SVM and DT classification where the MAV&RMS-DT combination produces
the highest accuracy of 86.9%. These results indicate that the proposed three-channel configuration is
sufficient to achieve reliable multi-command classification while reducing hardware complexity
compared to conventional multi-channel systems. The results of the machine learning model were
tested directly to move the wheelchair forward, backward, turn right and turn left resulting in a total
average accuracy of 84.8%. The real-time wheelchair testing was conducted using a total of 20 trials
for each command. The success rate was calculated as the ratio of correctly executed commands to
the total number of trials. The system achieved an average success rate of 84.8%, indicating reliable
real-time performance. This result can be explained by the functional roles of the selected muscles.
The sternocleidomastoid (SCM) muscles (CHS and CH6) are primarily responsible for head rotation,
which produces distinct EMG activation patterns for left and right movements. Meanwhile, the
Zygomaticus muscle (CH3) is strongly associated with facial expressions such as grinning. These
distinct physiological activation patterns reduce overlap between classes, allowing three channels to
preserve sufficient discriminative information for four-command classification.

The calculation of the ED value was carried out using Python on the Raspberry Pi4 where the six
movements on each channel were compared one by one so that the ED value of each movement was
obtained with 15 movement combinations for each channel. The ED value later was used to show the
movement relationship in each channel. The greater the ED value, the greater the separation of the
two variables.

The ED value at CH 1 as presented in Fig. 4 shows that the FE movement had a large value
compared to other movements with a mean value of 2301.44 (MAV) and 2461.65 (RMS). On the
other hand, the BITE movement also had a large value compared to other movements with an average
of 1116 (MAV) and 1296.51 (RMS) but it was not greater than the FE movement and had data that
was quite significantly separated from the FE movement (FE-BITE), namely 1692.78 (MAV) and
3127.68 (RMS).

CHI1
6000
5000
4000
3000 |
2000 ‘ B | s MAV
AU | o
, Chbnb . .
FE- FE- FE- FE- FE- BITE BITE BITE BITE GRIN GRIN GRINKISS -KISS - LR -

BITE GRIN KISS LR L - -KISS-LR -LL -KISS -LR -LL LR LL LL
GRIN

Euclidean Distance

"—

Motion

Fig. 4. Euclidean distance channel 1

Fig. 5 is the ED value of CH 2 where the BITE movement had a very large value compared to
other movements. the average ED value obtained in the BITE movement in CH 2 is 4496.41 (MAV)
and 5779.96 (RMS). Since no other movement has a high ED value, the BITE Movement is the
dominant move in this CH2. The value of ED CH 3 which can be seen in Fig. 6 shows that the GRIN
and BITE movements had a large value compared to other movements with GRIN movement averages
0f2521.53 (MAV) and 3178.33 (RMS) and BITE movements 0f 2222.43 (MAV) and 2772.84 (RMS).
This proved that in CH 3, 2 movements produced EMG signal activation, namely the GRIN and BITE
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movements with the GRIN movement having a more dominant position than the BITE movement that
can be seen from the larger ED value. Although CH 3 was affected by 2 different movements, the
GRIN and BITE movements still had significant separate data with ED values 2017.26 (MAV) and
2502.11 (RMS) so that they can be easily classified using machine learning.
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Fig. 5. Euclidean distance channel 2
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GRIN

Euclidean Distance

Motion

Fig. 6. Euclidean distance channel 3

Fig. 7 is the ED value of CH 4 where the KISS and GRIN movements had a large value compared
to other movements with KISS movement averages of 3864.60 (MAV) and 4786.97 (RMS) and GRIN
movements of 3172.21 (MAV) and 3941.27 (RMS). This proved that in CH 4, 2 movements produced
EMG signal activation, namely the KISS and GRIN movements with the KISS movement having a
more dominant position than the GRIN movement that can be seen from the larger ED value. Although
CH4 was influenced by 2 different movements, the GRIN and BITE movements still had significant
separate data with ED values of 2974.38 (MAV) and 3709.29 (RMS) so that they can be easily
classified using machine learning. This confirms that optimized feature selection directly improves
classification reliability for assistive interfaces. However, at CH 4 only 3 out of 10 respondents had
an EMG signal activation value with GRIN movement which made the GRIN movement in CH 4 not
appear significant even though the movement had a large ED value compared to other movements.

The same thing as CH 2 can be seen in CHS as Fig. 8, the ED value of CH 5 where the LR
movement had a very large value compared to other movements. the average ED value obtained in
the LR movement in CH 5 is 3602.86 (MAV) and 4511.11 (RMS). Since no other movement has a
high ED value, the LR Movement is the dominant move in this CHS. Fig. 9 shows the ED value of
CH 6 where the LL movement had a very large value compared to other movements. the average ED
value obtained in the LL. movement in CH 6 is 4035.28 (MAV) and 5015.59 (RMS). Since no other
movement has a high ED value, the LL Movement is the dominant move in this CH6.
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Fig. 9. Euclidean distance channel 6
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From the graphs on CH 1 to CH 6 it is found that the channels that have 2 dominant movements
are CH 2, CH 3, and CH 4. The experimental results using 10 respondents in CH 4 for the 6 movements
given. Of the 10 respondents, there were 4 respondents who succeeded in showing results against the
KISS and GRIN movements.

The data that has been taken will be labeled according to the movements carried out then split
with a percentage of 80% as test data and 20% as training data taken from the total data. Next, the
extracted features were used to train machine learning models using two classification algorithms:
Support Vector Machine (SVM) and Decision Tree (DT). The SVM classifier employed a Radial
Basis Function (RBF) kernel with default regularization parameters, while the Decision Tree classifier
was configured with a maximum depth of 10 to prevent overfitting. Model performance was evaluated
using 5-fold cross-validation to ensure robustness and generalization. Class distribution was balanced
during training to avoid bias toward dominant classes. The results of machine learning performance
measurements can be seen in the following Table 1. presents the classification performance results.
While an ablation study comparing six-channel, four-channel, and three-channel configurations would
provide a more comprehensive evaluation, the current work focuses on identifying an optimal
minimal-channel configuration. Therefore, a detailed ablation analysis will be considered in future
work to further validate the effectiveness of channel reduction.

It should be noted that the reported accuracy is based on a subject-dependent data split, which
may lead to optimistic performance estimation due to potential overlap of subject-specific patterns
between training and testing data. To validate the robustness of the proposed model, cross-validation
was performed using repeated random splits of the dataset. The results showed consistent performance
across different splits, indicating that the model is stable and not significantly affected by data
partitioning.

In addition to overall accuracy, class-wise performance was evaluated using confusion matrix
analysis. The results indicate that directional commands (LR and LL) achieved higher classification
accuracy compared to facial expression-based commands due to more distinct muscle activation
patterns. Misclassifications primarily occurred between facial expressions such as GRIN and BITE,
which share partially overlapping muscle activations.

Table 1. Machine learning accuracy results 80% Training Data 20% Test Data
MAYV (%) RMS (%) MAV-RMS (%)

Test DT SVM DT SVM DT  SVM
Mean 868 845 863 842 869 84.6
Standard Deviation 0.8 0.7 0.5 0.4 0.7 0.7

The data that was trained amounted to 12016 data from 80% of the data from 10 respondents (8
sets of movements for each respondent). While the test data amounted to 3005 data from 20% of the
data from 10 respondents (2 sets of movements for each respondent). The test data will be entered into
the machine learning algorithm to be classified by each method and repeated 10 times. The results of
machine learning accuracy using different feature extraction methods are shown in Fig. 10. The
Decision Tree (DT) classifier achieved higher performance compared to SVM across all feature sets,
with the highest accuracy obtained using the combined MAV-RMS features. While these results
demonstrate promising classification performance. A statistical comparison using ANOVA or t-tests
would provide further validation of the significance of performance differences. Additionally, a
comparative ablation analysis across different channel configurations (e.g., 6-channel, 4-channel, and
3-channel) would further strengthen the evaluation. These analyses will be considered in future work.

3.2. Discussion

The relationship of the separateness of the movement data on each channel can be analyzed using
ED calculations to find the relationship between movements to the channel because the ED method
was a simple method to find the relationship of data separation [38]. Research showed that the
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movement that has been done can produce EMG activity in one or two channels. This can be seen in
Table 2.

Machine learning Accuracy 80% Training Data 20% Test Data

100

mDT mSVM
95
& 90 86.8 863 86.9
> 84.5 84.2 84.6
@ 85
>
o 80
<
75
70
MAV RMS MAV-RMS
Feature Extraction
Fig. 10. Machine learning accuracy 80% Training Data 20% Test Data
Table 2. Dominant motion on each channel based on ED value
Channel CH1 CH2 CH3 CH4 CHS5 CHé6
Motion FE BITE BITE GRIN BITE KISS GRIN LR LL
(dominant)
AV&rﬁf]fD 230144 1116 4496.41 2521.53 222243 3864.60 317221 3602.86 4035.28
AV(‘?S\%[‘;;ED 2461.65 1296.51 5779.96 317833 2772.84 478697 394127 4511.11 5015.59
ED Value
Between Motion 1692.78 - - 2017.26 - 2974.38 - - -
(MAV)
ED Value
Between Motion 3127.68 - - 2502.11 - 3709.29 - - -
(RMS)

Based on Table 3, the Corrugator Supercilli (CH 1), Zygomaticus (CH 3) and Orbicularis Oris
(CH 4) muscles produced 2 dominant movements with a higher ED value than the other movements.
the two dominant movements in each channel are searched for the relationship of separation using the
ED value. From this it can be seen that the relationship of the greatest separation between the two
dominant movements is shown in CH 4. because it has the largest ED value between the two dominant
movements. CH 4 had greater separation of the 2 dominant movements than CH 1 and CH 3. After
but not all of the respondents resulted in activation of the GRIN movement in CH 4. In addition, the
Temporal (CH 2), Left SCM (CH 5), and Right SCM (CH 6) only had 1 dominant move with a large
ED value compared to other moves. CH 2 is dominant with the BITE movement. CH 5 is dominant
with the LR movement. CH 6 is dominant with the LL movement. The same thing was also found in
Hess’s research which showed that the Corrugator Supercilli, Zygomaticus, and Orbicularis Oris
muscles were affected by facial expressions when happy, sad, disgusted, and angry. Movements and
expressions generated from these facial muscles can be distinguished using machine learning
classification. Furthermore, the classification can be implemented into the Human-Computer Interface
(HCY).

The main findings of this study demonstrate that RMS-based feature extraction produces higher
Euclidean Distance (ED) values than MAV, indicating greater class separability and improved
classification performance. This suggests that RMS features are more effective in distinguishing
muscle activation patterns, thereby facilitating more accurate machine learning classification.
Furthermore, the results confirm that three optimized EMG tapping points—Ilocated at the right
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sternocleidomastoid, left sternocleidomastoid, and zygomaticus muscles—are sufficient to represent
four distinct command classes. This reduction in the number of sensing channels simplifies hardware
requirements and improves user comfort without compromising system accuracy. These findings are
consistent with previous research, which also reported superior performance of RMS features
compared to other time-domain features such as MAV, VAR, and SSI for EMG-based motion
classification.

Table 3. Total ED value of each channel

Ch | Feature Extraction
AN TNAV. RMS
CH1 15985.28 16615.03
CH2 24327.50 31593.66
CH3 2445734  30803.71
CH4 32858.58 40925
CHS5 20531.97 25955.40
CH6 24509.33  30768.07
Total 142670 176661

The implications of these findings suggest that efficient feature selection and optimized sensor
placement can significantly enhance the practicality of EMG-based assistive technologies. By
reducing the number of electrodes while maintaining classification accuracy, the proposed approach
improves usability and supports the development of more compact and comfortable assistive devices
for individuals with tetraplegia. The strengths of this study include the successful implementation of
a simplified EMG configuration and validation using embedded machine learning on a low-cost
platform. However, the study has several limitations such as this study did not analyze muscle fatigue
effects and only involved healthy participants, which may limit generalizability. Muscle fatigue,
which may influence EMG signal characteristics, was not analyzed in this work. Additionally, the
experimental data were obtained from healthy participants rather than individuals with tetraplegia.
Future research should address these limitations by incorporating fatigue analysis and validating the
system with target users to ensure real-world applicability and robustness.

4. Conclusion

This study demonstrates that three EMG channels from facial and neck muscles are sufficient to
represent four control commands, achieving a classification accuracy of 86.9%. This result confirms
that channel reduction can be achieved without significantly degrading classification performance.
However, this study has several limitations. First, the evaluation was conducted using healthy
participants rather than individuals with tetraplegia, which may limit the applicability of the results to
the target population. Second, the current system is not yet suitable for safety-critical applications
such as direct wheelchair control, as misclassification may result in unintended movements.
Therefore, practical deployment requires additional validation, improved classification reliability, and
the integration of fail-safe control mechanisms. Future work will focus on subject-independent
evaluation using cross-validation, testing on individuals with tetraplegia, and the development of more
robust classification strategies, such as adaptive feature selection and real-time error correction
mechanisms.

The theoretical contribution of this study lies in demonstrating that optimized EMG channel
selection, combined with lightweight feature extraction and machine learning, can achieve reliable
multi-command control while reducing sensor requirements. This approach contributes new
knowledge toward the design of efficient and user-friendly EMG-based assistive technologies.
However, this study has several limitations, including the absence of muscle fatigue analysis and the
use of healthy participants rather than individuals with tetraplegia. Future work should incorporate
fatigue evaluation, explore additional feature extraction and deep learning techniques, and validate the
proposed system using participants with tetraplegia to ensure real-world applicability and robustness.
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Further investigation into adaptive algorithms and long-term usability is also encouraged to support
the development of practical assistive solutions.
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