2024, Retos, 61, 616-625
© Copyright: Federacién Espaniola de Asociaciones de Docentes de Educacién Fisica (FEADEF) ISSN: Edicién impresa: 1579-1726. Edicion Web: 1988-2041 (https:/ /recyt.fecyt.es/ index.php / retos/ index)

Enhancing orthopedics and sports medicine with lower limb exoskeleton control in rehabilitation
using deep learning-based electromyography signal classification
Mejorando la ortopedia y medicina deportiva con el control de exoesqueletos de miembros inferiores
en rehabilitacion utilizando la clasificacion de sefiales de electromiografia basada en aprendizaje
profundo
Sayat Ibrayev, Bekzat Amanov
Joldasbekov Institute of Mechanics and Engineering (Kazakhstan)

Resumen. Este articulo de investigacion explora la aplicacion de técnicas de aprendizaje profundo para mejorar el control de exoes-
queletos de extremidades inferiores mediante la clasificacion de sefales de electromiografia (EMG). Utilizando redes neuronales con-
volucionales (CNNs) y redes neuronales recurrentes (RNNs), este estudio tiene como objetivo mejorar la precision y adaptabilidad de
los exoesqueletos utilizados en la rehabilitacion, particularmente en ortopedia y medicina deportiva. La metodologia involucra la reco-
leccion de datos EMG de diversos movimientos de piernas, que luego se procesan utilizando técnicas avanzadas de preprocesamiento
de sefiales para mejorar la precision de la clasificacion. Los modelos de aprendizaje profundo son entrenados y validados con estos datos,
demostrando mejoras significativas en la deteccion de movimientos y la respuesta del dispositivo. Los resultados del estudio indican
que la integracion de modelos de aprendizaje profundo no solo ofrece un control mejorado de los exoesqueletos sino que también
asegura interacciones mas naturales y eficientes con los usuarios. Esta investigacion resalta el potencial de integrar modelos compu-
tacionales sofisticados en dispositivos de rehabilitacion, allanando el camino para futuros avances que podrian mejorar significativamente
los resultados terapeuticos y la calidad de vida de individuos con discapacidades de movilidad. Los hallazgos subrayan la importancia de
continuar la innovacion en el campo de la tecnologia asistiva, sugiriendo caminos para futuras investigaciones en la integracion de
multiples sensores y sistemas de control adaptativos.

Palabras clave: aprendizaje profundo, electromiografia (EMG), rehabilitacion deportiva, exoesqueletos de extremidades inferiores,

clasificacion de movimientos, redes neuronales, robotica asistiva.

Abstract. This research paper investigates the application of deep learning techniques for enhancing the control of lower limb exo-
skeletons through the classification of electromyography (EMG) signals. Utilizing convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), this study aims to improve the precision and adaptability of exoskeletons used in rehabilitation, particularly
in orthopedics and sports medicine. The methodology involves collecting EMG data from various leg movements, which are then
processed using advanced signal preprocessing techniques to enhance classification accuracy. The deep learning models are trained and
validated with this data, demonstrating significant improvements in movement detection and device responsiveness. Results from the
study indicate that the integration of deep learning models not only offers enhanced control over exoskeletons but also ensures more
natural and efficient user interactions. This research highlights the potential of integrating sophisticated computational models into
rehabilitative devices, paving the way for future advancements that could significantly improve therapeutic outcomes and quality of life
for individuals with mobility impairments. The findings underscore the importance of continued innovation in the field of assistive
technology, suggesting pathways for further research in multi-sensor integration and adaptive control systems.

Keywords: deep Learning, electromyography (EMG), sports rehabilitation, lower limb exoskeletons, movement classification, neural
networks, assistive robotics.
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Introduction their effectiveness and adaptability to individual user needs.
In contrast, leveraging EMG signals — the electrical signals

Recent advancements in robotics and artificial intelli- generated by muscle contractions — enables a dynamic and

gence have revolutionized the field of rehabilitation, espe-
cially through the development of robotic exoskeletons de-
signed to enhance human mobility for individuals with
lower limb disabilities. The integration of deep learning for
clectromyography (EMG) signal classification has signifi-
cantly advanced the control mechanisms of these assistive
devices, providing a more intuitive and responsive way to
augment human motion, particularly in orthopedics and
sports medicine.

Robotic exoskeletons are increasingly being recognized
as transformative tools in rehabilitation therapies. These
systems support and enhance limb movement, offering new
possibilities for patient care in orthopedics and sports med-
icine (Sun et al., 2022). Traditional exoskeletons often rely
on manual control or pre-defined algorithms that can limit
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adaptive control approach, aligning device function closely
with the user's natural movements (Tortora et al., 2023).
The complexity and variability of EMG signals pose sub-
stantial challenges in signal interpretation, requiring sophis-
ticated computational techniques to accurately translate
these signals into actionable control commands for exoskel-
etons. Deep learning models, particularly convolutional
neural networks (CNNs) and recurrent neural networks
(RNNs), have emerged as effective solutions in addressing
these challenges, offering substantial improvements in clas-
sification accuracy and system responsiveness (Altayeva et
al., 2014; Zhang et al., 2022; Omarov & Altayeva, 2018).
Recent studies have demonstrated the potential of deep
learning in enhancing the classification of EMG signals with
high precision, thus enabling more nuanced and precise
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control of robotic exoskeletons (Zongxing et al., 2024).
These advancements underscore a significant shift from
rigid, predefined movement patterns to more fluid and nat-
uralistic user experiences in rehabilitation devices. The
practical applications of such technology are vast, promising
enhanced mobility support and faster recovery times, which
are crucial in sports medicine and orthopedic interventions
(Chen, 2023).

The current research aims to bridge the gap between
deep learning technologies and their application in lower
limb exoskeletons for rehabilitation. By integrating state-
of-the-art EMG processing algorithms and robust deep
learning models, this study enhances the functionality of ex-
oskeletons, thereby supporting complex movement pat-
terns and adaptive learning algorithms that respond in real-
time to user intentions (Huang et al., 2023; Balcazar etal.,
2024).

Furthermore, the adaptability of EMG-based control
systems in exoskeletons allows for personalized therapy re-
gimes, which are essential in dealing with the varied re-
quirements of individuals undergoing rehabilitation. This
approach not only enhances the effectiveness of treatments
but also significantly contributes to the autonomy and qual-
ity of life of users, making it a critical development in clin-
ical practices (Pérez-Bahena et al., 2024).

Moreover, the integration of EMG signal classification
with deep learning facilitates the continuous evolution of
exoskeleton technologies through adaptive algorithms that
learn and predict user needs, ultimately leading to more ef-
fective and responsive rehabilitation tools (Carvalho et al.,
2023). These enhancements are pivotal in developing next-
generation rehabilitative devices that are not only support-
ive but also intuitive and seamless extensions of the human
body.

The confluence of deep learning and EMG classification
heralds a new era in rehabilitation sciences, particularly in
the context of sports medicine and orthopedics. This re-
search contributes to this evolving field by demonstrating
the practical applications of intelligent exoskeletons that are
capable of transforming the therapeutic landscapes of mo-
bility impairments.

Related Works

The field of robotic exoskeletons has seen considerable
growth due to advancements in technology and an increased
understanding of human biomechanics. Exoskeletons are
used extensively for rehabilitation, providing assistance to
individuals with impairments in limb movement, particu-
larly in the lower limbs (Asghar et al., 2022). The potential
of these devices in orthopedics and sports medicine has been
well-documented, emphasizing their role in enhancing pa-
tient mobility and expediting recovery processes (Sanchez-
Manchola et al., 2023).

Central to the development of effective exoskeletons is
the accurate classification and interpretation of electromy-
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ography (EMG) signals, which are pivotal for intuitive de-
vice control. EMG signals are inherently noisy and non-lin-
car, requiring sophisticated analysis techniques to decode
accurately (Chen et al., 2023; Anam et al., 2024). Tradi-
tional approaches have relied heavily on simple threshold-
based or linear classifiers, which often fail to capture the
complex patterns present in EMG data (Khader et al.,
2024).

The integration of machine learning algorithms has
transformed the capabilities of EMG-based control systems.
Early works demonstrated the potential of using support
vector machines (SVMs) and decision trees for EMG signal
classification, offering improvements over classical methods
but still Struggling with the high dimcnsionality and varia-
bility of the data (Park et al., 2023). These limitations have
led researchers to explore more advanced machine learning
techniques, particularly deep learning models, which can
model high-dimensional data effectively (Low etal., 2023).

Deep 1carning has shown great promise in handling the
spatial and temporal complexities of EMG signals. Convo-
lutional neural networks (CNNs), for instance, have been
successfully applied to classify EMG signals for both pros-
thetic control and rehabilitation exoskeletons, demonstrat-
ing superior accuracy and adaptability (Katmah et al.,
2023). Furthermore, recurrent neural networks (RNNs),
inc]uding Long Short-Term Memory (LSTM) networks,
have been effective in modeling the time-series data of
EMG, capturing dynamic changes over time which are cru-
cial for real-time control (Siegel et al., 2024).

Research into the integration of EMG signals with exo-
skeletons has highlighted the importance of robust signal
processing pipelines. Effective feature extraction tech-
niques, such as wavelet transforms and spectral analysis,
have been critical in improving the performance of classifi-
ers by isolating relevant signal characteristics from the raw
EMG data (Wang et al., 2024). Additionally, the applica-
tion of transfer learning has been explored to adapt models
trained on one subject's data to another, helping to over-
come the challenge of inter-individual variability in EMG
signals (Mobarak et al., 2024).

The use of hybrid models that combine CNNs with
RNNs offers a promising approach to leverage both spatial
and temporal data dimensions, enhancing the accuracy of
intention detection in robotic exoskeletons (Hussain et al.,
2024). These models facilitate a deeper understanding of
muscle activity patterns, supporting more nuanced control
strategies that can adapt to the user's specific needs (Evans,
2024; Porras et al., 2024).

Adaptive control systems in exoskeletons have also ben-
cfited from the incorporation of EMG signals, enabling de-
vices to adjust their behavior based on real-time feedback
from muscle activities. This adaptability is crucial for user
comfort and effectiveness of the rehabilitation process, as it
allows the exoskeleton to synchronize with the user's natu-
ral movements (Wang et al., 2023).

Furthermore, multimodal approaches that combine
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EMG with other types of biosignals, such as inertial meas-
urement units (IMUs), have improved the robustness and
reliability of control systems in exoskeletons. These ap-
proaches reduce the dependency on a single type of data
source, thereby enhancing the system’s ability to cope with
the inherent unreliability of EMG signals due to factors like
electrode displacement or skin conditions (Cheng et al.,
2022).

The field has also seen advancements in user interfaces
for exoskeleton control, moving towards more intuitive
and user-friendly systems. This includes the development
of gesture-based interfaces where users can control the ex-
oskeleton through natural movements, further enhancing
the usability and accessibility of these technologies for reha-
bilitation (Dong et al., 2021).

Recent studies have emphasized the need for personal-
ized exoskeleton systems that can adapt to individual user
characteristics, such as gait patterns and physical condition.
Personalized models, trained on user-specific data, have
shown better performance in terms of comfort and effi-
ciency, making them more suitable for long-term rehabili-
tation (Khan etal., 2024).

Research into the biomechanical impacts of exoskeleton
use has also been critical. Studies have explored how these
devices affect muscle activation patterns and joint forces,
which is essential for designing safer and more effective re-
habilitation protocols (Di Nardo etal., 2022).

Looking ahead, the integration of deep reinforcement
learning (DRL) techniques promises to further enhance the
adaptability and performance of exoskeletons. DRL allows
systems to learn optimal control strategies through trial and
error, adapting continuously to the user's changing needs
and conditions (Hodossy & Farina, 2023).

The ongoing development of EMG-based control sys-
tems, combined with the advancements in deep learning
and personalized adaptive technologies, is set to revolution-
ize the use of exoskeletons in rehabilitation. These technol-
ogies not only promise enhanced mobility for users but also
pave the way for more responsive and effective therapeutic
tools in orthopedics and sports medicine.

Materials and Methods

This section outlines the comprehensive approach em-
ployed in this study to develop and validate a deep learning-
based electromyography (EMG) signal classification system
for controlling lower limb exoskeletons. This section de-
tails the materials used, including the EMG acquisition
equipment and computing resources, and the methodolo-
gies implemented, encompassing data collection, prepro-
cessing, model architecture design, training procedures,
and evaluation metrics. By providing a detailed account of
the experimental setup and the analytical techniques, this
section aims to ensure the reproducibility of the study and
to offer insights into the rigorous processes underpinning

the development of the proposed model.
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Data Collection

This study involved the participation of eight individu-
als. Three types of leg movements were examined: leg lift,
leg descent, and leg movement. Electromyography (EMG)
signals corresponding to these movements were recorded.
To capture these signals, the MyoWare 2.0 muscle biosen-
sor was selected due to its ease of use and compatibility with
Arduino, which is widely regarded for its universal connec-
tivity (Figure 1).

Figure 1. MyoWare 2.0 sensor for electromyography signal detection.

For real-time foot movement signal acquisition, the
Bluetooth module XM-15B was employed to start and stop
the recording. The module facilitated the transmission of
digital signals via a mobile phone; a signal of 1 initiated the
recording, while a signal of O terminated it. Figure 2 illus-
trates a segment of the setup used for recording EMG sig-
nals.

Figure 2. Hardware for recording IMG signals.

The EMG signals were recorded specifically from the
biceps muscle area using non-invasive, dry sensors. These
sensors are advantageous because they can detect the elec-
trical potential generated during muscle contraction with-
out requiring conductive gels, thereby simplifying the setup
process and minimizing skin irritation. The typical fre-
quency range for EMG signals lies between 0 and 500 Hz,
with a voltage range of 0 to 10 mV. To enhance signal clar-
ity and significantly reduce noise interference, a bandpass
filter with a cutoff range of 20-150 Hz was utilized. This
filter effectively minimized the impact of non-significant
frequencies, allowing the dominant frequencies of the EMG
signals from the biceps to be captured accurately. These fre-
quencies are crucial for analyzing movement and processing
the signals within the context of this study. Figure 3 depicts
the data collection process using the EMG sensors.
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Figure 3. Data collection process.

Data Preprocessing

The preprocessing of EMG signals is a critical step to
ensure accurate and reliable data for subsequent analysis and
classification. In this study, preprocessing involves the ex-
traction of time-domain features using the Short-Time Fou-
rier Transform (STFT) and spectrogram analysis.

Short-Time Fourier Transform (STFT)

The Short-Time Fourier Transform (STFT) is employed
to convert the time-domain EMG signals into the time-fre-
quency domain (Hao et al., 2024). This transformation al-
lows for the analysis of the signal's frequency content over
time, which is essential for capturing the dynamic nature of
muscle activities. The STFT is defined as follows:

X(t,f)= Ix(r)- wr —t)-e " dr
Where X(T 5 is the EMG signal, W(T -1 ) is a window

—j2nT

function centered at time f, and € is the complex

exponential representing the frequency component. The
window function W(T —t ) is typically chosen to be a Ham-
ming or Hann window, which provides a good balance be-

tween time and frequency resolution.

The STFT produces a complex-valued matrix X (l , f )
, where the magnitude |X (t ,f 1 represents the amplitude

of the frequency component f attime ? . This information
is crucial for identifying the dominant frequencies associ-
ated with different muscle contractions.

Spectrogram Analysis. The spectrogram is a visual rep-
resentation of the STFT, depicting the magnitude of the fre-
quency components as a function of time. It provides a de-
tailed time-frequency analysis, which is particularly useful
for distinguishing between different types of movements
based on their spectral characteristics. The spectrogram
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S (t f ) is computed as follows:

S(e.£) =X (e 1)

This squared magnitude of the STFT coefficients pro-
vides a power spectral density estimate, which highlights
the energy distribution across different frequencies over
time. The spectrogram can be expressed in decibels (dB) for
better visualization, using the following equation:

S (t’f) =10log, (S(t,f))

The preprocessing pipeline involves segmenting the
EMG signals into overlapping windows, applying the STFT
to cach segment, and then generating the corresponding
spectrograms. The choice of window length and overlap
percentage is critical; typically, a window length of 256
samples with a 50% overlap is used to balance the trade-off
between time and frequency resolution.

Feature Extraction. From the spectrograms, several
time-domain features can be extracted to serve as inputs for
the classification algorithms. These features include:

S (t’f) =10log, (S(t,f))

The preprocessing pipeline involves segmenting the
EMG signals into overlapping windows, applying the STFT
to each segment, and then generating the corresponding
spectrograms. The choice of window length and overlap
percentage is critical; typically, a window length of 256
samples with a 50% overlap is used to balance the trade-off
between time and frequency resolution.

Deep Model for Lower-limb EMG Signal Classifica-
tion

The proposed model for EMG signal classification lev-
erages a deep convolutional neural network (CNN) archi-
tecture to effectively analyze and interpret the complex pat-
terns inherent in electromyography (EMG) signals. This
section details the architecture and the role of each layer in
processing the EMG data. Figure 4 demonstrates architec-
ture of the proposed model for EMG signal classification.

Input
(4000x16)

n
(2000x15)x3 Dense

Convi
(2000x16)x8
Conv2
o) Convd
MaxPool Dense
(2000x16)x8 MaxPooil 1000x16)x8
1000x16)x8 Sutput
l ' (500x16)x8 MaxPool P
I l I (250x16)x8.
BatchNorm

BaichNorm (500x16)x8

BatchNorm (1000x16]xE

BatchNorm (2000x16)x8

(2000x16}x8

Figure 4. Proposed model.

The input to the network is a 2D matrix representing
the EMG signals, with dimensions 4000X 16, where 4000 is
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the number of samples per channel and 16 represents the
number of channels. This input matrix captures the raw
EMG signal data, which is then processed through the net-
work.

The convolutional layers form the backbone of the
CNN, responsible for feature extraction from the input
EMG signals. The operation performed by each convolu-
tional layer can be mathematically expressed as:

Y, =o(W, * X +b,)

Where Y, is the output feature map, O is the activa-
tion function (ReLU in this case), Wi is the convolutional
kernel, X is the input to the layer, bi is the bias term, and

* denotes the convolution operation. Each convolutional
layer is designed to detect various local patterns and fea-
tures in the input EMG data by applying multiple filters
across the signal.

Following each convolutional layer, batch normalization
is applied to stabilize the learning process and accelerate
convergence. The batch normalization process is defined

Where Zi is the normalized output, £/ is the mean,

o? s the variance, and & 1is a small constant to avoid
division by zero. This normalization helps in mitigating in-
ternal covariate shift, ensuring that the distribution of in-
puts to each layer remains stable throughout training.
Max-pooling layers follow the batch normalization lay-
ers, performing a down-sampling operation to reduce the
spatial dimensions of the feature maps while retaining the
most salient features. The max-pooling operation is given

by:

P =max(Y[k:k+m—1,0:1+n-1)

where Pl represents the pooled output, and the max

function is applied over a window of size MX7n with a
stride that determines the pooling step. This operation re-
duces the computational load and helps in extracting domi-
nant features by focusing on the regions with the highest ac-
tivations. The hierarchical structure of convolution, nor-
malization, and pooling layers enables the model to pro-
gressively capture higher-level abstractions of the input
EMG signals. Finally, the feature maps from the last max-
pooling layer are flattened into a single vector and passed
through a dense layer for classification. The dense layer is

defined by:

D =o(W, - Flatten(P.)+b,)
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where D is the dense layer output, W, and b 4 are
the weights and biases of the dense layer, respectively, and
O is the activation function (typically softmax for the out-
put layer). The dense layer utilizes the softmax activation
function to convert the output logits into a probability dis-
tribution over the classes:

z

e J

>
k=1

where z ; are the input logits, and K is the number of

Softmax| z; =

classes. This results in a probabilistic output that can be in-
terpreted as the predicted class probabilities. The proposed
CNN architecture effectively captures and processes the in-
tricate patterns within EMG signals. By combining convo-
lutional, batch normalization, max-pooling, and dense lay-
ers, the model extracts robust features and performs accu-
rate classification. This deep learning approach ensures re-
liable interpretation of EMG signals, enhancing the control
and functionality of assistive exoskeletons.

Experiment Results

The following section presents the experimental results
obtained from evaluating the proposed deep learning-based
EMG signal classification system integrated into a lower-
limb exoskeleton. This evaluation was conducted to assess
the model's performance in accurately interpreting EMG
signals and translating them into effective mechanical ac-
tions for enhanced mobility. The experiments were de-
signed to rigorously test the model's classification accuracy,
precision, recall, and Fl-score across different movement
types (Palacio et al., 2024; Omarov etal., 2016; Nguyen et
al., 2023; Tursynova et al., 2022). Additionally, visual rep-
resentations such as confusion matrices, spectrograms, and
training-validation accuracy and loss curves are provided to
offer a comprehensive understanding of the system's capa-
bilities and its practical applicability in real-world scenarios.
The results underscore the robustness and efficiency of the
model, highlighting its potential for improving assistive
technologies for individuals with mobility impairments.

Model Performance

The spectrogram outputs for the three categorized clas-
ses of leg movements (leg move, leg up, leg down) are de-
picted in the Figure 5. Each spectrogram represents the
time-frequency domain transformation of the EMG signals,
providing a detailed visualization of the signal's spectral
characteristics over time. The Short-Time Fourier Trans-
form (STFT) was applied to the EMG signals to generate
these spectrograms, revealing distinct patterns for each
movement type. For the "leg move" class, the spectrogram
indicates a concentration of higher frequency components
around the initial time intervals, followed by a more dis-
persed frequency distribution. The "leg up" class shows a
relatively uniform distribution of frequencies throughout
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the time window, with noticeable peaks indicating con-
sistent muscle activation. Conversely, the "leg down" class
exhibits a denser frequency band at the onset, tapering off
towards the latter part of the time window. These visual

STFT Magrwiude (dE| of movng g

requency (F
Frequency [Hz)

B

Teme () ]

STFT Magriude [db) of u leg

distinctions in the spectrograms underscore the effective-
ness of the STFT in capturing the unique temporal and spec-
tral features associated with each leg movement, which are
crucial for accurate classification by the proposed deep
learning model.

STFT Magritate (95 of down lng

Frequancy (Hz)

Figure 5. Feature representation.

The confusion matrix in Figure 6 presented above pro-
vides a detailed evaluation of the model's performance in
classifying the three leg movement categories: move,
down, and up. The matrix displays the proportion of cor-
rect and incorrect predictions, with the diagonal elements
representing the correctly classified instances. The model
achieved a high classification accuracy, with 91% of the
"move" instances correctly identified, 100% accuracy in the
"down" category, and 92% accuracy for the "up" category.
Misclassifications are minimal, with 9% of "move" in-
stances incorrectly classified as "up," and 8% of "up" in-
stances misclassified as "down." There were no misclassifi-
cations between "move" and "down," indicating the mod-
el's robustness in distinguishing between these movements.
The overall high accuracy across all categories underscores
the efficacy of the deep learning model in accurately inter-
preting EMG signals for the control of lower limb exoskel-
ctons. This detailed confusion matrix analysis highlights the
model's strengths and areas for improvement, providing
valuable insights for future enhancements.

Figure 7 illustrates the training and validation accuracy
of the proposed model over 100 learning epochs. The graph
shows the model's performance in terms of accuracy, with
the training accuracy represented by the blue line and the
validation accuracy by the orange line. Initially, both train-
ing and validation accuracies exhibit significant fluctuations
as the model learns the underlying patterns in the EMG
data. However, after approximately 20 epochs, both accu-
racies stabilize and converge, consistently achieving high
values close to or above 90%. The occasional dips and peaks
observed throughout the epochs indicate the dynamic ad-
justments in the learning process, reflecting the model's ef-
forts to generalize well across the dataset. The overall trend
demonstrates a strong alignment between training and val-
idation accuracies, suggesting that the model is not overfit-
ting and is capable of maintaining high performance on un-
seen data. This stability and high accuracy across epochs
highlight the robustness and effectiveness of the proposed

deep learnjng model for EMG signal classification.
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Figure 7. Training and validation accuracy of the proposed model.

Figure 8 illustrates the training and validation loss over
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100 epochs. The training loss (blue line) consistently de-
creases, indicating effective learning. The validation loss
(orange line) shows higher variability but generally follows
the trend of the training loss. Both losses stabilize at lower
values, demonstrating the model's robust performance and
good generalization to unseen data.

Training and Validation Loss
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Figure 8. Training and validation loss of the proposed model.

Figure 9 provides a comprehensive comparison of the
evaluation metrics—Accuracy, Precision, Recall, and F1-
Score—across different movement classes: leg move (red),
leg down (orange), and leg up (yellow), alongside the over-
all performance (blue). The model demonstrates a high
overall accuracy, approaching 1.0, indicating its robust per-
formance in classifying EMG signals. Precision is consist-
ently high for all classes, with leg move and leg down
achieving perfect precision, while leg up slightly lags, indi-
cating a few false positive predictions. Recall metrics show
a similar trend, with leg move having the lowest recall, re-
flecting some false negatives, whereas leg down and leg up
maintain perfect recall, showing no missed positive in-
stances. The F1-Score, which balances precision and recall,
mirrors these findings, underscoring the model's overall ef-
fectiveness in accurately and reliably classifying EMG sig-
nals across different movement types. These results collec-
tively highlight the model's high reliability and precision,
particularly in recognizing leg down and leg up movements,
with slightly reduced performance in detecting leg move.
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Figure 9. Performance results.
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Exoskeleton Control

Figure 10 illustrates a practical application of the pro-
posed lower-limb exoskeleton, showcasing its capability to
enhance mobility for users by responding to bioelectrical
signals from the lower limbs. The images depict a user fitted
with the exoskeleton, demonstrating its ergonomic design
that harmonizes with human body movements. This exo-
skeleton interprets EMG signals through the proposed deep
model, translating the signals into mechanical actions. The
visual representation underscores the exoskeleton's func-
tionality in executing complex tasks such as walking and
climbing, driven by real-time bioelectrical feedback. This
operational validation confirms the model's high accuracy,
precision, recall, and F-score in classifying EMG signals,
emphasizing the practical applicability of deep learning in-
tegrated assistive technology in real-world scenarios. The
effective performance of the exoskeleton in enabling con-
trolled movements highlights its potential for improving
mobility in individuals with disabilities, signaling a signifi-

cant advancement in intelligent rehabilitation devices.

Figure 10. Proposed exoskeleton in use.

Discussion

This research has explored the integration of deep learn-
ing models for the classification of EMG signals within the
control systems of lower limb exoskeletons, demonstrating
significant advancements in the responsiveness and adapta-
bility of these devices for rehabilitation in orthopedics and
sports medicine. The discussion below outlines the key
findings of this study, the implications for future research,
and the broader impact on the field of rehabilitative tech-
nologies.

Effectiveness of Deep Learning Models

The results from this study confirm that deep learning
models, specifically convolutional neural networks (CNNs)
and recurrent neural networks (RNNs), provide a robust
framework for interpreting the complex and dynamic na-
ture of EMG signals. The models achieved high accuracy
rates in classifying different types of leg movements, which
is crucial for the precise control of exoskeletons. This aligns
with findings from previous studies (Kendzhaeva et al.,
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2020; Lu et al., 2024; Omarov et al., 2024), which have
highlighted the superiority of deep learning approaches over
traditional machine learning techniques in handling the var-
iability and high dimensionality of EMG data.

The integration of CNNs and RNNs enabled the capture
of both spatial and temporal patterns in the EMG signals,
enhancing the system’s ability to adapt to new or variable
gait patterns during rehabilitation sessions. This adaptive
capability is particularly important in a clinical setting,
where exoskeletons need to accommodate a wide range of
mobility impairments and recovery trajectories.

Challenges in EMG Signal Classification

Despite the successes, several challenges remain in the
classification of EMG signals for exoskeleton control. One
of the main issues is the inherent noise and susceptibility of
EMG signals to interference, which can lead to inaccuracies
in signal interpretation (Liu et al., 2022). This study ad-
dressed these challenges through advanced preprocessing
techniques, such as wavelet transforms, which improved
the signal-to-noise ratio and enhanced the reliability of the
classification outcomes.

Moreover, the variability in EMG signals among differ-
ent individuals poses another significant challenge, as high-
lighted by Tortora et al. (2023). The study utilized transfer
learning techniques to mitigate this issue, enabling the mod-
els to generalize better across users without extensive re-
training. While effective, these strategies require continu-
ous refinement to handle the broad spectrum of physiolog-
ical differences among users.

Implications for Rehabilitation Practices

The application of deep learning-enhanced exoskeletons
has profound implications for rehabilitation practices, par-
ticularly in the domains of orthopedics and sports medicine.
The ability of these systems to provide tailored support and
adaptive feedback can significantly improve the rehabilita-
tion process, offering more personalized and effective ther-
apy options.

For instance, the real-time adaptation of the exoskele-
tons to user movements can help in promoting correct gait
patterns and preventing the reinforcement of detrimental
compensatory behaviors, which are common in traditional
rchabilitation regimes (Khiabani et al., 2021). This proac-
tive approach not only speeds up the recovery process but
also enhances the overall efficacy of rehabilitation, leading
to better long-term outcomes for patients.

Future Research Directions

This study opens several avenues for future research.
First, further exploration into hybrid models that integrate
additional biosignals, such as inertial measurement units
(IMUs) or pressure sensors, could enhance the robustness
and accuracy of the control systems (Sedighi et al., 2023;
Tursynova et al., 2023). These multimodal approaches
could provide a more comprehensive understanding of user
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intent and motion, facilitating even finer control of the ex-
oskeletons.

Secondly, the development of real-time adaptive learn-
ing systems, where the exoskeleton can learn and optimize
its responses during actual use, represents a promising area
of research. Techniques from the field of deep reinforce-
ment learning, as suggested by Blanco-Diaz et al. (2024),
could be pivotal in achieving this goal, enabling exoskele-
tons to better support complex and varied user needs dy-
namically.

Finally, clinical trials involving a broader participant
base would help in validating the efficacy of these systems
across a more diverse population. Such studies are essential
to ascertain the practical benefits and potential limitations
of deep learning-based control systems in real-world reha-
bilitation settings.

Broader Impact on Rehabilitative Technologies

The integration of advanced computational models into
rehabilitative devices signifies a shift towards more intelli-
gent and responsive healthcare technologies. As these sys-
tems become more sophisticated and user-friendly, they
hold the potential to drastically improve the quality of life
for individuals with mobility impairments, not only by en-
hancing physical mobility but also by offering greater inde-
pendence and social participation.

In conclusion, the findings from this research under-
score the transformative potential of deep learning in ad-
vancing exoskeleton technologies for rehabilitation. By
continuing to refine these models and address the existing
challenges, future developments can provide even more ef-
fective and adaptable solutions, fundamentally changing the
landscape of rehabilitation medicine.

Conclusion

This study has demonstrated the potential of deep learn-
ing models to significantly enhance the control and func-
tionality of lower limb exoskeletons through advanced
EMG signal classification. By employing convolutional and
recurrent neural network architectures, our research has
addressed the intricate challenges of interpreting the dy-
namic and complex nature of EMG signals, leading to im-
proved accuracy and adaptability in the control systems of
rehabilitative exoskeletons. The integration of these models
into exoskeleton technology not only facilitates more natu-
ral and responsive movement support but also promises to
revolutionize rehabilitation practices, particularly in ortho-
pedics and sports medicine. However, challenges such as
signal variability and noise interference persist, necessitat-
ing further research and refinement of the models to ensure
robust performance across diverse user groups. Future in-
vestigations will focus on multimodal sensor integration and
real-time adaptive learning algorithms to enhance the pre-
cision and user-specific functionality of these devices. As
this field progresses, it is anticipated that the continual in-
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tegration of deep learning technologies will lead to ground-
breaking advancements in the design and application of re-
habilitative devices, ultimately improving mobility and
quality of life for individuals with physical impairments.
This study contributes to a growing body of knowledge that
supports the development of more intelligent, adaptive,
and personalized rehabilitation technologies.
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