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Abstract: The integration of neural networks into robotic exoskeletons for physical rehabilitation
has become popular due to their ability to interpret complex physiological signals. Surface
electromyography (sEMG), electromyography (EMG), electroencephalography (EEG), and other
physiological signals enable communication between the human body and robotic systems.
Utilizing physiological signals for communicating with robots plays a crucial role in robot assisted
neurorehabilitation. This systematic review synthesizes 44 peer-reviewed studies, exploring how
neural networks can improve exoskeleton robot assisted rehabilitation for individuals with
impaired upper limbs. By categorizing the studies based on robot assisted joints, sensor systems,
and control methodologies, we offer a comprehensive overview of neural network applications in
this field. Our findings demonstrate that neural networks, such as Convolutional Neural Networks
(CNN), Long Short-Term Memory (LSTM), and Radial Basis Function Neural Networks (RBFNN),
and other forms of neural network significantly contribute to patient specific rehabilitation by
enabling adaptive learning and personalized therapy. CNNs improve motion intention estimation
and control accuracy, while LSTM networks capture temporal muscle activity patterns for real-time
rehabilitation. RBFNNs improve human-robot interaction by adapting to individual movement
patterns, leading to more personalized and efficient therapy. This review highlights the potential of
neural networks to revolutionize upper limb rehabilitation, improving motor recovery and patient
outcomes in both clinical and home-based settings. It also recommends the future direction to
customize existing neural networks for robot assisted rehabilitation applications.

Keywords: CNN; RNN; LSTM; sEMG; RBENN; fuzzy and deep neural networks; motion
estimation; upper limb rehabilitation

1. Introduction

Physical disability refers to a condition that limits an individual’s ability to perform physical
activities due to impairments in mobility, dexterity, or endurance. The percentage of people with
disabilities is gradually increasing [1]. Stroke is a major cause of physical disability.
Neurorehabilitation accelerates physical recovery by utilizing brain’s special properties called
neuroplasticity [3, 4]. Neuroplasticity allows the brain to reassign functions from damaged areas to
healthy regions of the brain [4]. This process, known as functional recovery, enables other parts of
the brain to take over control of the affected limbs. Research indicates that consistent, intensive, and
targeted exercises maximize neuroplasticity and facilitate functional recovery [4]. Physical therapy
provides crucial exercises for neurorehabilitation, but it is often costly, time-consuming, highly
dependent on the therapist's expertise, and requires personalized approaches for each patient. Robot-
assisted rehabilitation has emerged as a viable alternative to traditional therapies [2],[3]. The current
Neurorehabilitation research challenge is to develop an intelligent rehabilitation exoskeleton system
that will provide personalized therapies with minimum human intervention. Achieving this goal
requires the ability to read and interpret physiological signals (e.g. surface electromyography
(sSEMG), electroencephalogram (EEG)) and interpret them for robot assisted control and recovery
assessment purposes.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Neural networks hold significant potential for analyzing and interpreting physiological signals
in robot-assisted physical therapy. These computational models, inspired by the structure and
function of the human brain, excel at identifying patterns, making decisions, and solving complex
problems. In rehabilitation robotics, neural networks are particularly effective at processing large and
complex physiological datasets.

Commonly used physiological signals include surface electromyography (sEMG),
electromyography (EMG), electroencephalography (EEG), and electrocardiography (ECG or EKG).
EMG signals provide valuable insights into a patient’s motor intent and abilities. This enables
exoskeleton systems to deliver personalized support tailored to the user's specific needs. Unlike
traditional therapy, which relies on therapists to subjectively adjust exercises and intensity based on
patient performance, neural networks empower robotic systems to adapt dynamically using real-
time data.

By enabling precise and objective measurements of motor recovery, neural networks enhance
the ability to monitor a patient’s progress over time. This technological advancement can significantly
improve the accuracy and personalization of rehabilitation therapy, leading to better outcomes [4].

Neural networks have shown great potential in proving the control, adaptability, and
intelligence of robotic systems. Different types of neural networks, such as convolutional neural
networks (CNNs), recurrent neural networks (RNNs), long short-term memory networks (LSTMs),
and deep neural networks (DNNs) models have been applied in various applications to enhance the
performance of rehabilitation devices [5].

The role of neural networks in robot assisted rehabilitation can be categorized into two domains,
controlling the robotic exoskeleton or device and evaluating the user’s motor performance to assess
motor recovery over time [4], [6].

One of the primary challenges in upper extremity rehabilitation is, accurately predicting the
user’s movement intent and providing appropriate level of assistance without causing excessive
fatigue or underutilization of the user’s residual motor capabilities [12]. Neural networks,
particularly RNNs and LSTMs [7], are well suited for this task due to their ability to analyze temporal
sequences of data. These models can learn patterns in the user’s movement history, allowing the
device to anticipate future movements and adjust its support accordingly [8].

The integration of neural networks in robot-assisted rehabilitation represents a transformative
step forward in the field of neurorehabilitation. By improving the control and adaptability of
rehabilitation devices, neural networks enable more personalized and effective therapy, boosting the
user's recovery experience and outcomes [9].

This systematic review aims to explore the various neural network models used in rehabilitation
robotics, highlighting their potential to revolutionize motor recovery in patients with neurological
impairments. By synthesizing current research, this review emphasizes how neural networks can
transform therapy approaches, advancing the field of neurorehabilitation toward more effective,
patient-centered care.

The organization of the article can be broadly divided into 6 sections. Section 1 introduced the
readers to neurorehabilitation, physical therapy, how robot assisted rehabilitation can contribute to
recovering physical impairments and the role of the neural network to establish the relation between
the robot and the user. Section 2 describes the existing literature, especially the recently published
review articles focusing on the application of neural networks in rehabilitation robotics, which help
to solidify the contribution of this article. Section 3 discussed systematic review, article selection
methodology including the formulation of research questionnaire, literature search strategy,
inclusion and exclusion criteria, study selection, data extraction and validation from the selected
articles. Section 4 classified the Neural network applications in robot assisted rehabilitation based on
the way they were used previously conducted research. Section 5 discussed the key findings,
highlighted the implications, and acknowledged the limitations. Section 6 describes the future
direction in the light of the reviewed articles and finally, Section 7 concludes the article.

2. Current State of Art
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Rehabilitation robotics has received significant research attention recently for its ability to
deliver various types of physical therapy across different stages of recovery. Over the past two
decades, researchers have focused on advancing this field by transitioning from traditional human-
assisted rehabilitation systems to robot-assisted alternatives. The current objective is to develop an
autonomous rehabilitation system capable of providing diverse therapies to a wide range of patients
with minimal human involvement.

Creating such a system requires continuous interaction between the user and the robotic
platform. Physiological signals, such as sEMG, EMG, and EEG, play a critical role in establishing this
connection. Neural networks are particularly well-suited to process and interpret complex
physiological data, enabling meaningful insights. Consequently, their use in physiological signal
processing has grown significantly, as evidenced by numerous research publications in the field.

The following section reviews recent critical reviews on the application of machine learning,
deep learning, and neural networks in enhancing robot-assisted rehabilitation systems. By examining
these studies, existing gaps are identified, and potential research opportunities are highlighted.

Ai et al. review the use of machine learning algorithms (MLAs) in robot-assisted upper limb
rehabilitation, focusing on their role in enhancing motor function recovery for stroke patients [10].
The paper examines the current state of rehabilitation robots, patient-robot interaction, and the
importance of intelligent control systems. It also explored the MLAs are employed for movement
intention recognition, human-robot interaction control, and quantitative assessment of motor
function. The study emphasizes patient involvement and highlights the potential for intelligent
robots to improve recovery through adaptive learning and data-driven personalization. The review
discusses recent advances in adaptive learning, allowing robots to customize rehabilitation programs
based on individual patient needs which enhances engagement and recovery outcomes.

However, the paper has several limitations. It relies heavily on theoretical concepts, with many
reinforcement learning approaches still confined to simulations, limiting their clinical relevance.
Although it explores key areas like intention recognition and interactive control, it does not
sufficiently address practical challenges such as computational complexity, lengthy training periods,
and the need for large datasets. Additionally, patient-specific variability and safety concerns in
human-robot interactions are briefly mentioned. While the paper suggests future research directions,
these recommendations remain broad and lack concrete strategies for practical implementation.
Furthermore, it overlooks the potential of advanced neural networks like CNNs, LSTMs, and
RBFNNSs in improving accuracy, adaptability, and personalized care.

Bardi et al. provide a systematic review of soft robotic wearable devices (known as exosuits) for
upper limbs rehabilitation. This article explores their potential as flexible alternatives to rigid
exoskeletons for everyday support [11]. The review examines 105 articles covering 69 different
devices, focusing on actuation methods, applications (rehabilitation, assistance, and augmentation),
and strategies for intention detection. The article concluded that pneumatic and cable-driven
actuation systems are the most common, typically offer only one or two degrees of freedom.The
review emphasizes the need for clinical trials to assess these devices' effectiveness in real-world
settings.

The main limitation of this article is its limited applicability to real-world scenarios, as many
devices remain in early development and have undergone limited testing on individuals with motor
disabilities. The absence of standardized experimental protocols across studies also complicates
comparisons of effectiveness. Furthermore, the review provides minimal practical solutions for
challenges related to force transmission, control, and ergonomics, although it highlights the
importance of user experience and portability, specific strategies for improving these aspects are
lacking. While they focus on actuation methods and device types, they miss how neural networks
enhance motion control, intention detection, and personalized therapy. Future research
recommendations are broad, stressing the need for more targeted clinical trials and real-world testing
to facilitate the practical adoption of exosuits.

The article “Myoelectric Control Systems for Upper Limb Wearable Robotic Exoskeletons and
Exosuits: A Systematic Review” explores the design and application of myoelectric control systems
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in wearable robotic exoskeletons. It focuses on key design elements, such as degrees of freedom,
portability, and various application scenarios. The study highlights the use of electromyographic
(EMG) signals to enhance human-robot interaction and adaptability during motion tasks [12, 13]. By
reviewing 60 selected articles, the authors analyze different myoelectric control systems and assess
their effectiveness through experimental studies.

The article identifies challenges in integrating these systems into everyday use, including issues
like user training and device comfort, and suggests future research directions to enhance usability
and functionality. While the review provides valuable insights, it has notable limitations. Much of
the technology is still in experimental stages, with limited clinical validation and a predominant
reliance on healthy subjects rather than individuals with motor impairments. Although the review
addresses device design and usability, it does not consider how advanced neural networks, such as
CNNs and LSTMs, could improve motion prediction and enable personalized rehabilitation.

Challenges such as calibration complexity, muscle fatigue, and electrode displacement are
discussed but remain inadequately addressed. Furthermore, the article offers limited solutions for
implementing multi-degree-of-freedom exoskeletons, which restrict their practical application. While
it proposes future research directions, these lack concrete strategies to transition from laboratory
research to clinical implementation. Overall, the article underscores the need for more targeted,
adaptive, and patient-centered solutions to advance the field.

The article titled “Review on Patient-Cooperative Control Strategies for Upper-Limb
Rehabilitation Exoskeletons” discusses patient-cooperative control strategies for upper-limb
rehabilitation exoskeletons, emphasizing the importance of adapting robot controllers to patients'
recovery stages [13]. It proposes a three-level classification system: high-level training modalities,
low-level control strategies, and hardware-level implementation. This classification aims to enhance
the adaptability and effectiveness of rehabilitation protocols, ensuring that each patient's unique
needs are met throughout their recovery journey. The study highlights the need for compliant control
strategies to enhance human-robot interaction and promote motor relearning. Various exoskeletons
are examined to illustrate the integration of these strategies, aiming to improve rehabilitation
outcomes for neurological patients.

This article offers valuable insights into control strategies for rehabilitation robotics but has
several limitations. It leans heavily on theoretical frameworks, with minimal empirical data or clinical
validation. Many of the strategies discussed are in early developmental stages, and the inconsistent
classification of control approaches across studies adds to the confusion. The proposed future
directions, though important, are broad and lack actionable strategies for practical implementation.

Although the article emphasizes the importance of patient-specific adaptation, it provides few
concrete solutions for addressing individual variability, patient engagement, and safety concerns.
While highlighting control strategies, it neglects to explore the potential of neural networks in
enhancing motion control and personalizing therapy for patients at various recovery stages.
Hardware challenges, such as actuator performance and sensor limitations-critical for real-world
application are also underexplored.

Additionally, the focus on affordability is vague, offering limited practical strategies to make
these technologies more accessible. Key challenges, such as aligning exoskeletons with human
biomechanics and ensuring user comfort, receive insufficient attention. While the article identifies
opportunities to improve quality of life, its future directions are imprecise, leaving a gap between
research and real-world implementation.

Gaudet et al. review the current trends and challenges in pediatric access to upper limb
exoskeletons, emphasizing the limited availability of these devices for children with upper limb
impairments [14]. The article categorizes exoskeletons into sensor-less and sensor-based types,
stressing the importance of sensor-based solutions for better adaptability to children’s growth and
specific needs.

The review highlights key pediatric diagnoses, such as Duchenne muscular dystrophy and
spinal muscular atrophy, that require assistive exoskeletons to support daily activities. While the
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article provides valuable insights, it has some limitations. It primarily focuses on theoretical
discussions, with many exoskeletons designs still in development and lacking clinical validation. Key
challenges, such as accommodating children’s growth and ensuring usability, are addressed but
without practical solutions.

Although the review discusses adapting exoskeletons to children’s growth, it does not explore
the potential of neural networks to enable real-time adjustments and personalized care. Furthermore,
the discussion on accessibility and affordability remains broad, underscoring a significant gap
between research advancements and practical applications. The study highlights the need for more
focused efforts to address these gaps and make pediatric exoskeletons more accessible and effective
in real-world settings.

The article “Wearable Upper Limb Robotics for Pervasive Health: A Review” provides a
comprehensive overview of wearable upper limb exoskeletons, focusing on both rigid and soft
designs for pervasive health applications [15]. It emphasizes the critical role of these technologies in
enhancing rehabilitation therapies, improving patients' quality of life, and boosting self-esteem.

The review explores technical challenges and opportunities in exoskeleton design, underscoring
the importance of comfort, biocompatibility, and ease of operation for long-term use. It also discusses
the integration of biological signals, such as electromyography (EMG), for control methods and
highlights the potential of soft exoskeletons across various healthcare settings.

While the review covers key design considerations and the use of EMG signals for control, it
does not delve into how neural networks could enhance these systems. Specifically, it misses an
opportunity to explore how neural networks could improve real-time control, adaptability, and
personalized therapy. Although it identifies challenges related to technical design and long-term
usability, a discussion on the potential of neural networks to address these challenges and advance
wearable robotics is notably absent.

Sarhan, Al-Faiz, and Takhakh's review in Heliyon examines advancements in EMG and EEG-
based control systems for upper limb rehabilitation robots designed for stroke patients, emphasizing
their importance in improving rehabilitation outcomes [16]. The article highlights the advantages of
non-invasive EEG techniques for monitoring brain activity and EMG signals for muscle control. The
findings suggest that combining EEG and EMG signals can enhance the accuracy of robotic
exoskeleton control, potentially reducing rehabilitation times and improving functional recovery.
Continuous development and clinical evaluation are recommended to maximize the effectiveness of
these systems.

While the review provides valuable insights, it has some limitations. It focuses primarily on
theoretical discussions, with minimal real-world validation or clinical trials. Although it underscores
the potential of EMG and EEG signals for robot control, it does not adequately address challenges
such as signal variability, muscle fatigue, and reliable signal acquisition in practical applications. The
review also lacks specific strategies for clinical integration, offering broad future research directions
without actionable recommendations.

Furthermore, while the article emphasizes the potential of hybrid EMG-EEG systems, it does not
sufficiently explore the complexities of synchronizing multiple signals for effective control. Although
the authors highlight the benefits of combining EEG and EMG, they overlook the role of neural
networks in enhancing motion prediction and enabling real-time, personalized therapy. This gap
suggests the need for more focused research on leveraging advanced algorithms to address these
challenges and improve clinical applicability.

Xu et al. provide a systematic review of upper limb rehabilitation exoskeletons (ULR-EXO) for
stroke patients, with a focus on execution and perception technologies [17]. The review examines the
anatomical and kinematic characteristics of the upper limb and highlights the necessity of human-
robot compatibility in rehabilitation. It categorizes perceptual signals and execution mechanisms,
addressing challenges in sensor applications and rehabilitation strategies. The importance of tailoring
ULR-EXO designs to meet the diverse rehabilitation needs of stroke patients at different treatment
stages is emphasized, offering guidance for future research and development in the field.
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The review presents a comprehensive overview of soft exosuits, though many devices discussed
are still in early stages of development and lack extensive real-world validation or clinical trials.
While it covers control strategies and actuation mechanisms, it does not adequately address practical
challenges such as reliable force transmission, alignment with human biomechanics, and preventing
device slippage. Although comfort and usability are highlighted as critical factors, the article offers
limited concrete solutions for achieving them.

Additionally, the review calls for shared evaluation metrics and increased clinical testing but
provides broad recommendations that lack specificity. It also overlooks how neural networks could
enhance motion control, adapt to patient needs in real time, and personalize therapy. These gaps
underscore the need for further research focused on practical, user-centered applications to advance
the development and implementation of ULR-EXO systems.

After compressive review of available research articles, it reveals that the available review
articles do not solely focus on the use of Neural network for physiological signal classification and
interpretation. Unlike previous reviews, which focus broadly on machine learning algorithms,
control strategies, sensor systems, or device design, our article specifically focuses on the critical role
of neural networks in enhancing exoskeleton-assisted rehabilitation. The emphasis of this article is
on recently developed Neural networks to use physiological signal interpretation, maneuvering the
exoskeleton system and learning about neurological recovery. This article also reviews the
application of various kinds of Neural networks like CNNs, LSTMs, and RBFNNSs in offering superior
performance in real-time adaptability, motion prediction, and personalized therapy.

The concept of systematic review and meta-analysis is followed to develop this research article.
The article selection methodology, review and analysis are presented in section 3.

3. Article Selection Methodology

Over the past decade, the use of artificial intelligence in robot assisted rehabilitation has gained
a lot of research attention due to its positive impact on recovering physical impairments. As research
efforts continue to grow, a vast body of literature has emerged, providing valuable insights into the
applications of Neural network in robot assisted rehabilitation. The increasing volume of studies also
presents challenges in terms of synthesizing the available evidence to guide clinical practice and
future research efforts.

This systematic review aims to address these challenges by critically examining and
summarizing the existing evidence on the use of Artificial Intelligence for rehabilitation robotics
applications. Our focus is on various types of Neural Networks, which play a key role in interpreting
physiological signals, determining motion intention, and assessing recovery. This systematic review
followed a structured and comprehensive approach to examine the application of various neural
network models in exoskeleton-based robot-assisted upper extremity rehabilitation. The review
process was conducted in five distinct stages: defining the research questions, identifying relevant
studies, selecting studies based on inclusion and exclusion criteria, extracting data, and analyzing the
findings. Figure 1 illustrates the systematic review article selection procedure.
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=
= Articles included in the review
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&

Figure 1. Flow Chart of the Search and Inclusion Process.

3.1. Research Question Formulation

The primary research question guiding this review was: "How are different neural network
models applied in exoskeleton-based robot-assisted upper extremity rehabilitation?" Sub-questions
included examining the types of neural networks used, their effectiveness, and the challenges they
address in rehabilitation technologies.

3.2. Literature Search Strategy

A systematic search was conducted using several electronic databases, including PubMed, IEEE
Xplore, Scopus, and Web of Science. The search terms included combinations of keywords such as

"non "non

"neural networks", "exoskeleton", "robot-assisted rehabilitation", "upper extremity", "CNN", "LSTM",
and "RBFNN". The search was limited to articles published in peer-reviewed journals and conference
proceedings between 2010 and 2023. To ensure thorough coverage, both backward and forward
citation tracking of selected articles was performed.

3.3. Inclusion and Exclusion Criteria

Studies were included based on the following criteria:
- Focused on upper extremity rehabilitation using exoskeletons
- Utilized at least one type of neural network model in the control or motion estimation processes
- Published in English

Articles from the initially collected articles were excluded based on the following criteria:
- Studies involving lower limb rehabilitation
- Papers not applying neural networks directly in rehabilitation processes
- Reviews, editorials, or commentaries without empirical data

- Insufficient methodological details
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- Incomplete data reporting

3.4. Study Selection

After conducting the database searches, duplicates were removed, and the titles and abstracts of
the remaining studies were screened by two independent reviewers. Full-text articles were then
assessed for eligibility based on the inclusion and exclusion criteria. Disagreements between
reviewers were resolved through discussion or a third reviewer when necessary.

3.5. Data Extraction and Synthesis

For the selected studies, data were extracted on the following parameters: type of neural
network, rehabilitation application, type of exoskeleton, data sources (e.g., sEMG, EEG), key
outcomes, and limitations. A qualitative synthesis was performed to analyze the findings and
categorize the neural network applications based on their functionality and impact on rehabilitation.

3.6. Quality Assessment

The quality of the included studies was assessed using a modified version of the Newcastle-
Ottawa Scale, customized for evaluating methodological rigor and applicability of neural network-
based rehabilitation research.

3.7. Data Analysis

The findings were synthesized to provide a comprehensive overview of the state-of-the-art
neural network applications in exoskeleton-based upper limb rehabilitation, categorizing the models
by their functionality, advantages, and limitations.

4. Exploring Neural Network Applications in Robot Assisted Rehabilitation

The application of neural networks in exoskeleton-based robot-assisted upper limb
rehabilitation has seen significant advancements in recent years. Neural networks, a subset of
artificial intelligence, have demonstrated effectiveness in modeling complex, nonlinear systems,
making them particularly suited for rehabilitation technologies [18]. In robot assisted rehabilitation
applications neural networks are used to interpret physiological signals, predict motion intention,
and improve control strategy of exoskeleton systems. Neural networks offer adaptive learning
capabilities, and these allow for personalized rehabilitation plans adapted to the unique needs of
patients recovering from conditions like stroke, spinal cord injury, and other neuromotor
impairments [19]. Currently, a variety of neural network architectures are available. The selection of
the neural network structure depends on the application. Commonly used neural network types for
movement prediction, motor function recovery, and patient-exoskeleton interaction are
convolutional neural networks (CNN), long short-term memory (LSTM) networks, radial basis
function neural networks (RBFNN), and deep neural networks (DNN).

Table 1 presents the neural networks classification based on their architecture and
functionalities.
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Table 1. Neural network classification and uses on rehabilitation.

Differences in aspect of rehabilitation
Category Sub-category robotics

Learns complex relationships and adapts
Back Propagation Neural ) ] ) )
weights iteratively for personalized

Network
rehabilitation.
Processes large datasets and captures non-
Feed Forward Deep Neural Network linear patterns for adaptive rehabilitation
neural Network therapy.
Handles uncertainty and non-linearity for
Fuzzy Neural Network

robust patient-specific control systems.

Radial Basis Function Neural =~ Adapts to individual movement patterns,

Network (RBFNN) enhancing human-robot interaction.
Convolutional Analyzes spatial data (e.g., SEMG signals)
Neural Network  CNN to improve motion intention estimation and
(CNN) accuracy.

Captures temporal patterns in muscle
Long Short-Term Memory . i o
activity for real-time movement prediction

Network (LSTM)
and control.
Recurrent Neural
Dynamically adjusts parameters for
Network
Adaptive Neural Network continuous and optimized rehabilitation
therapy.
Recurrent Neural Network Predicts sequential movements and
(RNN) anticipates user intent for dynamic support.
Support Vector Combines SVM decision boundaries with
Machine Neural = SVNN neural network learning for robust motion
Network (SVNN) control.

Section 4 will discuss different types of neural networks and their applications in robot-assisted
rehabilitation, based on insights from published research articles.

4.1. Convolutional Neural Networks (CNN)

A Convolutional Neural Network (CNN) is a specialized deep learning model designed for
processing structured grid-like data (e.g. images). CNNs have proven highly effective in enhancing
upper limb rehabilitation when integrated with robotic exoskeletons. Their key strength lies in their
ability to automatically learn and recognize complex patterns from data, making them ideal for
interpreting signals critical for exoskeleton control [20]. In rehabilitation, exoskeletons aid patients
by supporting their movements, and CNNs analyze data from various sources like surface
electromyography (sEMG) signals and video feeds to fine-tune this support [21]. These signals reflect
the patient’s muscle activity and movements and allow the CNN to dynamically adjust the
exoskeleton’s assistance in real time for a personalized therapeutic experience.

CNNs work through multiple layers, starting with the convolutional layer, where small filters
detect simple patterns, such as edges. As data moves through deeper layers, more complex features
like shapes and movement patterns are identified. Figure 2 illustrates a Convolutional Neural
Network (CNN) architecture. The input layer on the left receives data, which is organized into


https://doi.org/10.20944/preprints202411.0183.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2024 d0i:10.20944/preprints202411.0183.v2

10

channels for processing. The middle section contains multiple convolutional layers, where filters
(orange nodes) extract features by identifying spatial patterns such as edges, textures, and shapes.
Non-linear activation functions, like ReLU, and pooling operations are applied to reduce
dimensionality while preserving key features. In the final layer on the right, the extracted features
are flattened and passed through fully connected layers. These layers combine weights and
activations to generate the final output, such as class scores or predictions.

It allows the exoskeleton to respond more accurately to the user’s needs [22]. CNNs also
efficiently process large data volumes, recognizing subtle movement details. They can integrate
various sensor inputs, creating a comprehensive understanding of user actions. It enhances
rehabilitation outcomes by providing adaptive, real-time support [23]. Numerous studies have been
conducted on the use of CNNs to predict movements based on muscle activity. The following section
will highlight key representative works in this area.

Input Layer Output Layer

Figure 2. CNN Architecture.

Li et al. proposed a novel home-based exoskeleton system to improve upper limb stroke
rehabilitation [24]. This system aims to support early stroke recovery by enhancing patient-device
interaction while prioritizing affordability and safety. It uses a hybrid machine learning model that
combines convolutional neural networks (CNNs) and long short-term memory (LSTM) networks to
interpret surface electromyography (SEMG) signals.

Estimating movement intentions from sEMG signals is challenging due to subject variability. To
address this, the authors developed a subject-independent motion estimation method. CNNs are
used for feature extraction, while LSTMs capture temporal patterns in muscle activity, eliminating
the need for subject-specific calibration. Experiments demonstrated the model’s effectiveness,
achieving an estimation error of 10° and a delay of 300 ms. This highlights its ability to generalize
across sSEMG signal variability and its suitability for real-time control.

The CNN-LSTM model’s performance was evaluated using statistical metrics, showcasing its
effectiveness in subject-independent estimation of continuous movements. The Mean Absolute Error
(MAE) for three test subjects was 12.8540, 13.0131, and 11.3080, while the Correlation Coefficient (R?)
values were 0.9250, 0.9274, and 0.9347, respectively. These results demonstrate the model’s high
accuracy and strong generalization, emphasizing its potential for real-world application in home-
based upper limb rehabilitation systems.

Tryon et al. explored the application of wearable robotic exoskeletons for rehabilitation and
mobility assistance [25]. Their research focused on enhancing the human-machine interface by
combining electroencephalography (EEG) and electromyography (EMG) signals. Convolutional
Neural Networks (CNNs) were utilized to automatically extract and integrate information from these
signals, addressing the limitations of traditional machine learning approaches that rely on manual
feature extraction.
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EEG and EMG data were collected during elbow flexion-extension tasks, and CNN models were
trained using time-frequency and time-domain representations. The results demonstrated a mean
accuracy of 80.51% and an F-score of 80.74%, significantly outperforming the baseline accuracy of
33.33%. These findings highlight the ability of CNNs to effectively fuse EEG and EMG signals,
enhancing the control systems of exoskeletons and advancing rehabilitation technologies for
individuals with movement disorders.

The article, Path Planning and Impedance Control of a Soft Modular Exoskeleton for
Coordinated Upper Limb Rehabilitation, presents a novel approach to upper limb rehabilitation
using a soft modular exoskeleton powered by pneumatic artificial muscles (PAMs) [26]. The primary
focus is on improving joint coordination, a crucial aspect of stroke recovery. The study proposes a
hybrid convolutional neural network-long short-term memory (CNN-LSTM) model to capture the
coordination relationships between the elbow and wrist joints.

A coordinated training exercise (Task 1), such as the action of drinking water, is used to evaluate
the system. The model also generates adaptive, patient-specific trajectories for rehabilitation tasks,
such as touching the head. An impedance control strategy enhances safety by constraining the robot’s
movements within a virtual coordination tunnel.

Experimental results demonstrate that the CNN-LSTM model effectively quantifies joint
coordination. The impedance control approach improves movement coordination and rehabilitation
outcomes. This method emphasizes personalized training, patient engagement, and safety,
representing a significant step forward in stroke rehabilitation technology.

The study used R? and mean square error (MSE) values to evaluate the CNN-LSTM and BP
models. For Task 1, the CNN-LSTM model achieved an average R? of 0.926 for the elbow joint and
0.848 for the wrist, compared to 0.911 and 0.807, respectively, for the BP model. The CNN-LSTM also
achieved lower MSE values: 39.842 for the elbow and 10.492 for the wrist, compared to 47.834 and
13.398, respectively, for the BP model. These results highlight the effectiveness of the proposed
approach in enhancing joint coordination for rehabilitation.

Jiang et al. investigate the application of convolutional neural networks (CNNs) to recognize
shoulder motion patterns using surface electromyography (SEMG) signals from 12 upper limb
muscles [27]. The study aims to enhance motion pattern recognition, a critical component for assistive
devices and rehabilitation technologies.

The CNN model was tested under various conditions, including different motion speeds, subject
variability, and the use of multiple EMG recording devices. Results demonstrate the potential of
CNNs to process sSEMG signals effectively, improving motion recognition for rehabilitation and
assistive applications.

Accuracy was used as the primary evaluation metric for motion pattern recognition. The model
achieved an average accuracy of 97.57% (+ 0.21%) for normal-speed motion and 79.64% (+ 8.16%) for
fast-speed motion when tested on 40% of the EMG datasets. Furthermore, accuracy increased with
the inclusion of more subjects in the training dataset, highlighting the importance of diverse training
data in improving model performance.

Tang et al. introduced an innovative upper-limb rehabilitation exoskeleton system (VR-ULE)
that integrates motor imagery (MI) brain-computer interface (BCI) paradigms with virtual reality
(VR) for stroke rehabilitation [28]. The VR-ULE system employs MI electroencephalogram (EEG)
recognition models based on convolutional neural networks (CNNs) and squeeze-and-excitation (SE)
blocks. These models interpret patients' motion intentions, enabling them to control the exoskeleton
during rehabilitation exercises.

A notable feature of the system is its adaptability to individual EEG signals, as MI EEG features
vary among patients. SE blocks enhance rehabilitation by identifying the importance of different
feature channels and focusing on the most informative frequency bands for each patient. This
personalized approach improves treatment outcomes by tailoring rehabilitation to individual needs.
Additionally, the integration of MI cues into VR scenes promotes neuroplasticity and
interhemispheric balance, addressing the limitations of traditional MI-BCI systems, such as poor
adaptability.
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The system's performance was validated through offline training and online experiments,
demonstrating significant improvements. The study evaluated the models using precision, recall, and
F-score metrics. The CNN + SE model achieved a classification accuracy of 87.53% * 1.07%, compared
to 83.32% * 1.04% for the standard CNN model. These results highlight the VR-ULE system's
potential as an effective tool for stroke rehabilitation.

Bu et al. propose an innovative method to recognize limb joint motions and detect joint angles
directly from sEMG signals using an enhanced detection algorithm [29]. This approach eliminates the
need for traditional feature extraction, providing a more efficient and secure way to identify
movements.

The method combines MobileNetV2 with the Ghost module as the feature extraction network.
For target detection, it utilizes the Yolo-V4 algorithm, known for its accuracy and speed. Yolo-V4 is
applied to estimate upper limb joint movements and predict joint angles. Experimental results show
the algorithm achieves approximately 78% accuracy in movement identification, with a processing
time of about 17.97 milliseconds per image on a PC.

These findings highlight the potential of this method to enhance upper limb exoskeleton control,
particularly in rehabilitation applications.Bakri et al. introduce a robotic exoskeleton system designed
to assist patients with paralysis, enabling interaction with their environment with minimal effort [30].
The system combines Electroencephalogram (EEG) signals and computer vision technologies,
including Microsoft Kinect, for object detection and recognition. Its primary goal is to enhance the
independence of paralysis patients in daily activities, reducing reliance on caregiver support.

The system consists of four key components: an EEG module, an infrared depth camera, a 3D-
printed upper-limb exoskeleton, and a motorized wheelchair. The EEG module captures brain signals
when patients focus on objects, while the depth camera determines the 3D coordinates of these
objects. The exoskeleton, designed for various paralysis conditions, uses inverse kinematics to guide
its movements.

The hardware features a lightweight, flexible exoskeleton constructed from 3D-printed
materials, with motors selected based on torque requirements. Convolutional Neural Networks
(CNNs) are employed for object detection and recognition, significantly enhancing the system's
accuracy in classifying and interacting with objects. This integration demonstrates the potential of
the system to improve the autonomy of patients in real-world settings.

Sedighi et al. propose a novel method for motion intention detection using surface
electromyography (sEMG) and deep learning techniques [31]. Their approach employs
Convolutional Neural Networks (CNNs) for spatial feature extraction and Long Short-Term Memory
(LSTM) models to capture temporal relationships. This combination is used to predict upper-limb
joint movements and control a pneumatic cable-driven upper-limb exoskeleton in real-time.

The system processes data from three SEMG channels and joint angle information to generate
motion trajectories, assisting users in various tasks. By integrating CNNs and LSTMs, the model
enhances the prediction of future movement intentions, allowing the exoskeleton to provide tailored
support based on the user’s muscle activity. The study also addresses practical challenges, including
variability in speed, payload, and electrode placement.

Extensive experiments demonstrate the model's robust performance, with an average root mean
square error (RMSE) of 0.069 m/s and a standard deviation of 0.005 m/s when following reference
trajectories. The system significantly reduces the user’s muscle effort, making exoskeleton a valuable
tool for rehabilitation and assistive applications. This research highlights the potential of combining
deep learning with sEMG to create more responsive and adaptable human-robot interaction systems.

Lee et al. present the design and implementation of an intent-driven robotic exoskeleton aimed
at improving upper-extremity strength [32]. The system uses Pneumatic Artificial Muscles (PAMs)
to mimic human muscle function by converting compressed air into mechanical motion. It offers a
high force-to-weight ratio and natural compliance, utilizing lightweight carbon fiber and aluminum
in its construction.

The exoskeleton is equipped with three PAMs to assist joint movements. The pneumatic
actuators operate within a pressure range of 10 to 60 psi, with a safety valve set at 70 psi to ensure
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safe operation. Advanced features include a cloud-based deep learning algorithm that predicts user
intent by classifying upper-extremity activities. Soft bioelectronic sensors monitor electromyography
(EMG) signals, which are processed through cloud computing to identify intended movements. This
results in notable reductions in EMG activity during elbow and shoulder flexion.

The exoskeleton is highly adaptable, featuring 3D-printed arm mounts and adjustable
components to accommodate various body sizes. It is lightweight, comfortable, and provides real-
time assistance with a response time of 500-550 ms. The study underscores the potential of this
technology for individuals with neuromotor disorders and its practicality in real-world applications.

Zhong et al. propose a new method for recognizing various upper-limb rehabilitation
movements using surface electromyography (sEMG) signals. The approach utilizes continuous
wavelet transform (CWT) to capture the time-frequency characteristics of these signals [33]. The
methodology outlines the data acquisition process and introduces a multiscale time-frequency
information fusion approach. A multiple feature fusion network (MFFN) is introduced by combining
DenseNet and Deep Belief Network (DBN) architectures to improve sEMG signal recognition and
extraction. By adjusting the DenseNet framework, the MFEN is designed to improve adaptability and
stability in identifying upper-limb movements across various rehabilitation exercises. It evaluates
time-frequency features bidirectionally. In the feature extraction stage, the MFFN considers both
current layer and cross-layer features within the convolutional neural network (CNN). It also
minimizes the loss of time-frequency information during the convolution process. The performance
analysis involves statistical evaluations, such as quartile difference, mean difference, and variance, to
assess the stability and uniqueness of the extracted features. The results show that the MFFN
effectively extracts stable and meaningful time-frequency features from complex sEMG signals. This
enables clear differentiation between various rehabilitation movements. The fusion learning
approach significantly enhances movement recognition.

The next section will explain the applications of Radial Basis Function Neural Networks for
upper extremity rehabilitation applications.

4.2. Radial Basis Function Neural Networks (RBFNN)

A Radial Basis Function Neural Network (RBFNN) is a type of artificial neural network that
utilizes radial basis functions as activation functions. RBFNNs excel in tasks such as pattern
recognition and signal processing. This makes them especially valuable for interpreting complex data
from biological signals. [40]. In robotic exoskeletons for arm rehabilitation, RBFNNSs process signals
like surface electromyography (sSEMG) to interpret muscle activity. By learning from these signals,
RBFNNSs enable the exoskeleton to respond to the user’s movements in real time and provide
personalized support during therapy sessions [41].

The network consists of three layers: an input layer, a hidden layer where radial basis functions
are placed and an output layer. The hidden layer captures the relationship between input signals and
the desired output, such as movement assistance.

Figure 3 shows the architecture of a Radial Basis Function Neural Network (RBFNN), commonly
used for function approximation, classification, and regression tasks. The network has three layers:
the input layer (left) transmits the input data, while the hidden layer (middle) applies Radial Basis
Functions (RBFs), such as Gaussian functions, to calculate distances between the input and
predefined center points. These transformations map the input into a new space, capturing complex
patterns. In the output layer (right), the weighted outputs from the hidden layer are combined using
a summation function to generate the final prediction or decision.
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Figure 3. RBFNN architecture.

A key advantage of RBFNN:Ss is their ability to quickly learn from small datasets, making them
ideal for rehabilitation scenarios where users’ movements vary, and the system needs to adapt.
RBFNNSs can also integrate data from different sources, such as SEMG sensors and motion tracking
devices. This adaptability leads to more responsive exoskeleton systems, resulting in better
rehabilitation outcomes and faster patient recovery [42]. The following section will present some
recently conducted representative research that used RBFNNs for rehabilitation robotics
applications.

Kong et al. presents a novel approach to upper-limb rehabilitation by developing a control
method for an exoskeleton that actively involves patients by recognizing their movement intentions
through surface electromyography (sSEMG) signals [34]. This method combines radial basis function
(RBF) and sliding mode impedance control with least-squares support vector machine (LSSVM) for
joint angle prediction. This combined method addresses critical challenges such as poor human-
machine coupling and compliance in rehabilitation. By using sEMG signals to detect patient
movement intentions, the exoskeleton operates in sync with natural movements. It enhances patient
engagement and makes rehabilitation more intuitive. A joint angle prediction model, based on
LSSVM, enables real-time integration between the user and the exoskeleton. Additionally, the
adaptive sliding mode controller, built on the RBF network, adjusts the motion trajectory dynamically
based on the interaction force between the user and the exoskeleton. This system improves
compliance by adapting to the user's physical condition and effort. Experimental results demonstrate
that the RBF-based impedance control method effectively reduces interaction force, enhances comfort
and safety, and stabilizes the system’s impedance characteristics. The authors mentioned that that
the experimental data closely aligned with the simulation results, with discrepancies attributed to the
unpredictability of human motion.

Zhang et al. introduces a novel upper extremity exoskeleton robot to provide passive
rehabilitation therapy. It combines iterative learning control (ILC) with sliding mode control to
address the complexities of operating a wearable system with six degrees of freedom [35]. The goal
is to improve rehabilitation by accurately replicating human motion while adapting to dynamic
uncertainties. Using motion data from a healthy subject via a VICON capture system, realistic joint
space trajectories are generated to mimic natural arm movements. To ensure precise tracking of these
trajectories, an iterative learning controller is developed. It estimates dynamic parameters and
removes the initial identical condition (i.i.c) requirement through a polynomial reconstruction
method. The control strategy also includes an adaptive law to manage non-periodic disturbances like
friction and tissue torques that affect the system stability. A sliding mode controller mitigates
chattering and maintains robustness. The stability of the system was proved through a composite
energy function. The proposed control system is validated through simulations and experiments. The
control system showed its ability to track trajectories accurately, handle disturbances and remain
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stable. The study used evaluation metrics that included position states, tracking errors, and torques
to assess tracking performance. The experiment spanned 40 iterations, with performance evaluated
at the first iteration (k=1) and the final iteration (k=40). Results showed improved tracking
performance and reduced errors by the 40th iteration, despite the presence of unknown human-robot
dynamics parameters. This makes significant advancement in sliding mode based adaptive control
strategies for rehabilitation exoskeletons.

Hasan S [36] focuses on the development of a radial basis function (RBF) neural network-based
controller for a human lower extremity exoskeleton robot. This controller is designed to manage the
complex dynamics associated with a seven degrees of freedom rehabilitation exoskeleton robot. The
study emphasizes the computational efficiency of the RBF network. It allows for the conversion of
sequentially structured robot dynamics into parallel architecture dynamics. This process enhances
performance without the need for high-speed CPUs or multicore processors. In this paper the training
performance of the RBF network is quantified by the mean square error, with a target set to prevent
overfitting and maintain a compact network size. The robustness of the developed controller to
parameter variations is analyzed using statistical analysis called ANOVA, and its effectiveness is
demonstrated through comparative studies with other control techniques, including the Sliding
Mode Controller, Computed Torque Controller, Adaptive Controller, and Linear Quadratic
Regulator. The paper also highlights the advantages of using RBF networks over conventional
techniques, particularly in terms of stability and computational efficiency. The use of a realistic
friction model for joint friction further enhances trajectory tracking accuracy. The RBF network
improved computational efficiency, requiring only 0.002 seconds of a 5.399-second simulation,
enhancing performance by nearly 220 times

Overall, the study presents a comprehensive approach to exoskeleton robot control, leveraging
the unique capabilities of RBF networks to address the challenges posed by complex robotic systems.

Guo et al. [37] propose a novel control strategy utilizing Radial Basis Function (RBF) neural
networks to enhance the accuracy and safety of upper-limb rehabilitation robots. This approach
addresses the limitations of traditional PID control systems. The effectiveness of the RBF-based
method is validated through rigorous MATLAB simulations, focusing on key factors such as
performance, safety, and stability. The results demonstrate significant improvements, including a 9°
enhancement in the mechanical structure's accuracy compared to conventional systems. Along with
increased control precision and safety, these findings suggest that the RBF neural network system
offers a more reliable treatment option for patients with hemiplegia, providing better outcomes and
reducing discomfort. By overcoming the shortcomings of traditional control methods, this research
advances rehabilitation robotics and underscores the need for ongoing innovation in control
strategies to ensure effective and safe interventions for stroke survivors.

Overall, this work paves the way for more advanced and patient-friendly rehabilitation
technologies, enhancing the quality of care for individuals undergoing upper-limb rehabilitation.

Xu et al. introduces a novel strategy for estimating joint torque using surface electromyography
(sEMG) signals to enhance exoskeleton control by accurately identifying motion intention [38]. This
advancement is essential in rehabilitation robotics, as accurately predicting a user's movement
intention can greatly enhance the functionality of exoskeletons. The proposed method introduces two
key advancements: system identification for elbow angle estimation and neural networks for
optimizing muscle activation factors. Unlike traditional methods that rely on angular transducers,
this approach estimates the elbow angle using a system identification technique. It simplifies the
system and reduces the hardware requirements. The estimated angle is then used in a Hill-type
muscle model to simulate muscle contractions. Additionally, neural networks are applied to refine
torque estimation by adapting to variations in sSEMG signals among different users. Experimental
validation showed improvements in torque estimation accuracy, with a 2-9% increase in correlation
coefficient and reductions in root-mean-square error (RMSE) by 0.2-2.5 Nm and decreasing the
normalized root-mean-square error (NRMSE) by 0.5-9.5%.

Wu et al. introduces a novel neural adaptive backstepping sliding mode control (NABSMC)
strategy designed for upper-limb exoskeletons in rehabilitation training [39]. The NABSMC
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algorithm represents a significant advancement in robot-assisted rehabilitation therapy. It is known
for aiding motor function recovery in individuals with disabilities. The proposed control strategy
integrates a radial basis function network (RBFN) to address dynamic uncertainties and external
disturbances commonly encountered in human-robot interactions. The control law of the NABSMC
system consists of three key components: the equivalent control term, the hitting control term, and
the disturbance compensation term, ensuring both robustness and precision. The stability and
boundedness of the closed-loop system are verified through the Lyapunov stability theorem. It
provides a strong theoretical foundation for the control approach. To assess the algorithm's
effectiveness, experiments were conducted with three volunteers. It compares the NABSMC to an
optimal backstepping sliding mode control (OBSMC) strategy. Results showed that the NABSMC
outperforms the OBSMC in terms of trajectory tracking accuracy, step response, and robustness
during repetitive passive training, making it a promising solution for improving rehabilitation
outcomes.

Wu et al. introduces an innovative approach to improve robot-assisted rehabilitation therapy for
individuals with upper-limb disabilities, such as those caused by stroke, spinal cord injury, or
orthopedic injury [40]. The study focuses on developing an adaptive admittance control strategy
combined with a neural-network-based disturbance observer (AACNDO) to enhance patient-robot
interaction. The AACNDO system addresses the limitations of traditional rehabilitation, which is
often labor-intensive, expensive, and unable to meet growing demands. By using a dynamics-based
adaptive admittance controller and a radial basis function network as a disturbance observer, the
system can dynamically adjust to the patient's motion intentions and recovery stage. It ensures
personalized and effective therapy. Experimental validation, including sinusoidal and circular
trajectory tracking and intention-based resistive training with volunteers, demonstrated the system's
effectiveness in delivering both passive and cooperative rehabilitation training. These results indicate
the potential of the AACNDO approach to significantly advance rehabilitative robotics and improve
patient outcomes.

Wang et al. introduces a novel framework aimed at enhancing motor learning in poststroke
rehabilitation through robot-assisted therapy [41]. This framework adjusts the reference trajectory
and robotic assistance in real-time. This also responds dynamically to the patient's level of active
participation. It ensures that the system continuously adapts to the user's input for more personalized
support. The system utilizes the minimum-jerk model to create smooth movement trajectories. It also
incorporates movement phases detected by an adaptive frequency Hopf oscillator (AFO) to align
with the patient's natural rhythm. Gaussian radial basis functions (RBFs) are employed to model the
patient's motor abilities, enabling the system to adjust its assistance accordingly. This approach
ensures the support remains both flexible and responsive to the patient's performance level.
Simulations validated the framework's effectiveness. The evaluation metrics included tracking errors
and root-mean-square (RMS) error. During simulations with square-wave force input, tracking errors
were limited to less than 0.0235 m along the x-axis and 0.0045 m along the y-axis. This shows its
capability to dynamically adjust assistance levels. It successfully adapts to patient fatigue or changes
in intention, ensuring continuous support. Future work aims to implement this framework in clinical
settings using the CASIA-ARM, with applications in both upper and lower extremity exoskeletons
and broadening the scope of rehabilitation tasks to accommodate various impairment levels.

Guo et al. presents a novel task performance-based adaptive velocity assist-as-needed
(TPAVAAN) control scheme for an upper limb exoskeleton. It is aimed at enhancing rehabilitation
training by providing appropriate assistance to subjects [42]. The TPAVAAN controller is structured
with an outer position and velocity-based double impedance control (PVDIC) loop and an inner
barrier Lyapunov function-based time-delay estimation controller with neural network
compensation (NN-BLFTDEC). The PVDIC loop calculates assistive force through a position-based
impedance controller for trajectory tracking and a velocity-based impedance controller to maintain
desired task velocity. The NN-BLFTDEC is designed to constrain tracking errors using a barrier
Lyapunov function, while a time-delay estimation method and radial basis function neural network
are employed to estimate uncertain exoskeleton dynamics. The controller adapts the assistance level
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based on the subject's motor capability, assessed through a task performance function that considers
position tracking error and assistive force. Co-simulation studies confirm the controller's
effectiveness. It reveals reduced tracking errors and enhanced task performance. As the subject's
motor capability improves, the system responds by increasing the desired velocity accordingly. The
TPAVAAN controller is shown to be more effective than previous methods, promoting active
participation and improving rehabilitation outcomes.

Wau et al. presents a novel approach to robot-assisted rehabilitation by introducing a soft elbow
exoskeleton designed to enhance the rehabilitation training of disabled patients [43]. The primary
focus is on integrating active patient involvement and voluntary participation into the rehabilitation
process to improve therapy outcomes. This paper presents an adaptive cooperative control strategy
that enhances joint torque estimation and incorporates a time-delay sliding mode control approach.
The exoskeleton uses surface electromyography signals from the biceps and triceps to estimate
human elbow joint torque and motion intention. These signals are processed through a Hill-type
musculoskeletal model and a Gaussian radial basis function network to provide accurate estimations.
The paper discusses the design of the soft elbow exoskeleton and the enhanced method for joint
torque estimation. It also outlines the development of an adaptive cooperative control system with
improved joint torque estimation (ACC-IJTE). Experiments conducted with healthy volunteers and
stroke patients demonstrate the effectiveness of the proposed control strategy. The results show that
the scheme ensures accurate joint torque estimation and precise position control. This allows patients
to actively influence the training path according to their motion intention, adjusting for varying
training intensities.

4.3. Back Propagation Neural Network (BPNN)

Backpropagation Neural Networks (BPNNs), a type of Multilayer Perceptron (MLP), are highly
effective at learning from data over time, making them ideal for interpreting complex signals. This
capability enhances the exoskeleton's ability to adapt efficiently to user movements by analyzing and
responding to patterns in the input signals [44]. BPNNs consist of three primary layers: an input
layer, hidden layers, and an output layer. The input layer receives data, such as muscle signals, which
are processed in the hidden layers through weighted connections and activation functions to extract
meaningful patterns. The output layer then generates predictions, such as movement guidance or
adjustments in the exoskeleton's assistance. The architecture of a BPNN is shown in Figure 4.

A core feature of BPNNSs is their training process, which uses backpropagation to minimize
errors and improve performance. During training, the network compares the predicted output with
the actual result and calculates the error. This error is propagated backward through the network to
adjust the connection weights, typically using optimization techniques like gradient descent. This
iterative process allows the BPNN to become more accurate over time [44].

One significant advantage of BPNNss is their ability to handle large datasets and learn complex
patterns, enabling them to adapt to individual users. By analyzing specific movement data, BPNNs
provide personalized and effective rehabilitation therapy, which is essential in addressing the varied
needs of patients [44]. Additionally, BPNNs can integrate information from multiple sources, such as
muscle sensors and motion tracking devices, to create a more comprehensive understanding of user
movements. This integration enhances the exoskeleton's capacity to deliver precise, real-time
assistance, ultimately improving rehabilitation outcomes and patient recovery.

By combining adaptability, learning efficiency, and the ability to integrate diverse data, BPNNss
represent a critical advancement in rehabilitation robotics. Their application ensures smarter
exoskeleton systems capable of meeting the complex and dynamic needs of users while delivering
safe and effective therapy.
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Figure 4. Architecture of a BPNN.

Li et al. introduces a real-time control method for upper limb exoskeletons. This method aimed
at enhancing stroke rehabilitation through an active torque prediction model [45]. Traditional
rehabilitation therapies often face limitations such as high costs and the need for one-on-one care,
compounded by a shortage of physiotherapists. The proposed solution addresses these challenges by
using electromyography (EMG) signals and elbow joint angles as control inputs. These signals are
processed to extract relevant features, which are then fed into a backpropagation (BP) neural network
to predict active elbow torque. The BP neural network, chosen for its ability to model complex
nonlinear dynamics. Developed Neural Network consists of three layers with a hidden layer using
the tansig activation function. Principal component analysis (PCA) is applied to reduce the input
features to a five-dimensional vector. This improves the accuracy of the torque predictions. The
network undergoes training with up to 3000 sessions, employing techniques like momentum and
adaptive learning rates to enhance performance. Experimental results confirm the model's suitability
for real-time applications, achieving a high output frequency of 31.80 Hz. It also demonstrates an
accuracy of 94.98% and a root mean square error (RMSE) of 0.1956 Nm. With a real-time delay of just
40 milliseconds, this model greatly enhances adaptability in exoskeleton-assisted rehabilitation
therapy. It provides a personalized and precise approach, particularly benefiting stroke patients.

The paper titled “Glenohumeral Joint Trajectory Tracking for Improving the Shoulder
Compliance of the Upper Limb Rehabilitation Robot” addresses the challenge of enhancing the
compliance of upper limb rehabilitation robots by accurately tracking the trajectory of the
glenohumeral joint (CGH) [46]. Accurate CGH trajectory tracking is critical, as variations in the joint's
center among patients can affect the effectiveness of exoskeleton-based rehabilitation training. The
study introduces a real-time prediction model based on a backpropagation neural network. This
model considers shoulder motion and shoulder width, improving the coupling compliance between
the user and the exoskeleton.

To measure the motion characteristics of the humeral head, the research utilizes a biplane X-ray
system, which offers advantages such as lower radiation exposure, reduced cost, and shorter
computation time compared to CT scans. Although slightly less accurate than CT, the biplane X-ray
system provides sufficient precision for tracking the humeral head's movement. The results were
evaluated by measuring the matching distance between the rehabilitation robot and the human
shoulder joint, with an average distance of 7.72 cm maintained. This ensured safe and effective
interaction between the robot and the user.

The findings demonstrate that the proposed real-time prediction model significantly improves
the alignment between the exoskeleton and the human shoulder joint, enhancing both comfort and
safety during rehabilitation training. While this study focused on healthy young subjects, it
establishes a foundation for future research involving stroke patients, highlighting the potential for
broader applications in rehabilitation robotics.
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“An upper-limb power-assist exoskeleton using proportional myoelectric control” explores the
creation and testing of an upper-limb power-assist exoskeleton that uses proportional myoelectric
control [47]. It's designed to increase arm strength and help with rehabilitation for people with
physical disabilities or older adults. The exoskeleton facilitates movements of the shoulder, elbow,
and wrist, offering comprehensive support. It is user-friendly and suitable for use in both home and
clinical settings. It has a simple one-degree-of-freedom mechanism for the shoulder and elbow and
is attached to the arm with adjustable carbon fiber braces.

The control system simplifies user adjustments by directly linking nervous system activity to the
exoskeleton’s movements via air pressure changes. Tests of this method showed that a four-second
movement duration achieved the best prediction accuracy, with lower errors and more precise
alignment between intended and actual movement angles, compared to shorter or longer durations.
However, the study identified challenges with the exoskeleton's pneumatic muscles, including a
limited range of motion and a bulky air supply system, which reduces portability. Future models
could address these issues by adopting alternative technologies like servo motors or hydraulic
cylinders.

The research highlights the potential of proportional myoelectric control for real-time and
adaptive operation. However, further refinement of the control systems and EMG technology is
needed to better manage complex movements. Prediction performance was assessed using Root
Mean Square Error (RMSE) and the coefficient of determination (R?). For the four-second duration,
RMSE was 9.67 and R? was 0.87, outperforming the two-second period (RMSE: 10.70; R?: 0.83) and
the eight-second period (RMSE: 12.42; R 0.79). These findings demonstrate the system's effectiveness
for medium-duration movements while highlighting areas for continued improvement.

The paper “An Intention-Based Online Bilateral Training System for Upper Limb Motor
Rehabilitation” introduces the development and evaluation of an upper-limb power-assist
exoskeleton that uses proportional myoelectric control [48]. This device is designed to enhance arm
strength and support rehabilitation for individuals with disabilities or the elderly. It facilitates
shoulder, elbow, and wrist movements and is suitable for use in both home and clinical settings. The
exoskeleton employs a straightforward one-degree-of-freedom mechanism and attaches to the arm
using adjustable carbon fiber braces. Its control system links muscle signals to exoskeleton
movements, allowing users to adapt easily.

Tests revealed that a four-second movement cycle achieved the highest accuracy, with fewer
errors and a closer match between intended and actual movements compared to two- or eight-second
cycles. However, the study identifies limitations of pneumatic muscles, such as a limited range of
motion and bulky air supply equipment, which reduce portability. Future iterations could address
these issues by replacing pneumatic muscles with servo motors or hydraulic systems, enhancing
flexibility and usability.

The research highlights the promise of proportional myoelectric control for real-time
adaptability but acknowledges challenges in handling more complex movements. The proposed
system outperformed conventional systems, with offline RMSE values significantly lower for the
multi-feature vector (20.44 degrees) compared to single-feature vectors (26.18 and 26.32 degrees).
These results demonstrate the system's potential for improving rehabilitation outcomes while
emphasizing the need for further development to address remaining challenges.

4.4. Fuzzy Neural Network (FNN)

Fuzzy Neural Networks (FNNs) are highly effective in enhancing upper limb rehabilitation
when integrated with robotic exoskeletons. By combining the learning capabilities of neural networks
with the reasoning power of fuzzy logic, FNNs excel at managing uncertain and imprecise data, such
as sensor readings commonly used in rehabilitation [49]. Exoskeletons rely on inputs from sources
like surface electromyography (sEMG) and motion sensors to interpret user movements. FNNs
process this data, enabling the exoskeleton to provide real-time, personalized support tailored to the
user’s specific needs.
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A major advantage of FNNs is their ability to handle uncertainty and inconsistent inputs, which
is crucial in rehabilitation where user movements or muscle signals may vary. The adaptability of
FNNs allows them to make sense of unclear data and deliver accurate assistance, improving the
overall effectiveness of therapy [50]. Additionally, FNNSs can integrate data from multiple sensors,
such as muscle signals and motion trackers, to create a comprehensive understanding of user
movements. This capability ensures that the exoskeleton can respond to subtle changes in user
actions, providing precise and adaptive support for more effective rehabilitation and improved
patient outcomes.

Figure 5 illustrates the architecture of a Fuzzy Neural Network (FNN). The input layer receives
features, which are transformed into fuzzy values in the hidden layer using fuzzy membership
functions. These values represent the degree to which inputs belong to specific fuzzy sets. The max
layer filters the most significant activations, eliminating less relevant information. Finally, the output
layer combines these activations using fuzzy rules to produce a final decision or prediction. This
architecture highlights how FNNs integrate fuzzy logic with neural networks to manage data
uncertainty and imprecision, making them ideal for rehabilitation applications.

Input Layer Output Layer

Figure 5. Architecture of an FNN.

Xu G, Song A & Li H presents an innovative adaptive impedance controller for upper-limb
rehabilitation robots [51]. It utilizes an Evolutionary Dynamic Recurrent Fuzzy Neural Network
(EDRFNN). This controller is designed to adjust the desired impedance between the robot and the
impaired limb in real-time, based on the limb's physical recovery condition. The EDRFNN
incorporates dynamic feedback neurons. It improves its dynamic control performance compared to
traditional FNNSs, which struggle with dynamic and uncertain systems. The controller uses a hybrid
learning approach, combining genetic algorithms (GA), hybrid evolutionary programming (HEP),
and dynamic backpropagation (BP) to optimize the DRFNN parameters offline and fine-tune them
online. This hybrid approach aims to overcome the limitations of the BP algorithm, which can get
trapped in sub-optimal solutions. The system's convergence is ensured using a discrete-type
Lyapunov function, guaranteeing global convergence of the tracking error. Simulation results
demonstrate that the proposed controller offers robust dynamic control performance, effectively
adapting to changes in the impaired limb's condition without significant tracking errors or force
overshoots. However, the paper notes that the applicability of this control algorithm in clinical
settings remains to be tested.

Mushage B., Chedjou J., and Kyamakya K. present a controller design for a 5-degree-of-freedom
(DOF) upper-limb exoskeleton robot developed for passive rehabilitation therapy [52]. The robot
faces several challenges, including uncertain nonlinear dynamics, disturbance torques, unavailable
full-state measurements, and various actuation faults such as loss of effectiveness and bias faults.
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To address these issues, the authors propose an adaptive nonlinear control scheme that
incorporates a novel reaching law-based sliding mode control strategy. This scheme employs a high-
gain state observer with a dynamic high-gain matrix and a fuzzy neural network (FNN) to estimate
the state vector and the robot's unknown dynamics. The proposed control strategy aims to enhance
performance by delivering a chattering-free control signal, ensuring good tracking accuracy,
reducing control torque amplitudes, and improving energy efficiency.

The study demonstrates the scheme's ability to handle FNN approximation errors, disturbance
torques, and actuation faults without requiring prior knowledge of bounds or additional fault
detection and diagnosis components. Simulation results validate the scheme's effectiveness, showing
faster response times, fewer oscillations during transient phases, and improved tracking accuracy.
The maximum tracking error observed is approximately 0.5 units, a significant reduction compared
to previous methods.

The authors also outline future research directions, including the development of efficient
observer-based adaptive fault-tolerant controllers for uncertain multi-input multi-output (MIMO)
strict-feedback nonlinear systems. This work will focus on addressing unknown control directions
and constrained inputs to further enhance the robustness and applicability of the proposed control
design.

Razzaghian A. introduces a novel control strategy for upper-limb rehabilitation exoskeleton
robots [53]. The method integrates a fractional-order Lyapunov-based robust controller with a fuzzy
neural network (FNN) compensator to ensure the exoskeleton's tracking error converges to zero
within a finite time. This strategy enhances system robustness against uncertainties and external
disturbances.

The control design is based on a finite-time fractional-order nonsingular fast terminal sliding
mode control (FONFTSMC) method, which achieves finite-time stability for the closed-loop control
system. Stability is validated through the Lyapunov stability theorem, supported by an adaptive law.
The FNN compensates for model uncertainties and external disturbances by approximating them,
allowing for real-time adjustment of fuzzy rules and improved adaptability and performance.

To demonstrate the effectiveness of this approach, a case study involving an upper-limb
exoskeleton robot is conducted. The simulation results highlight the superiority of the FNN-
FONFTSMC method in robust trajectory tracking for rehabilitation. The evaluation metrics include
position and velocity tracking errors, convergence rate, and reaching time. The proposed method
achieves faster convergence and a shorter reaching time than other controllers, with position tracking
errors converging to zero in under 0.8 seconds. Additionally, the method eliminates chattering in
input torques, reducing the risk of actuator damage.

This study underscores the potential of the FNN-FONFTSMC method to significantly enhance
the performance and reliability of exoskeleton robots for rehabilitation purposes, ensuring precise,
robust, and safe trajectory tracking.

4.5. Deep Neural Network (DNN)

Deep Neural Networks (DNNs) are highly effective in rehabilitation systems due to their ability
to learn complex patterns from large datasets. They are particularly well-suited for processing data
from multiple sensors, such as muscle activity and motion tracking, and for integrating this
information to provide a comprehensive understanding of the user’s movements [54]. This makes
DNNs ideal for applications that require adaptive and precise rehabilitation.

Figure 6 depicts the architecture of a DNN. A DNN begins with an input layer that receives raw
features or data. This input is passed through multiple hidden layers, where neurons apply weights,
biases, and activation functions (e.g., ReLU, sigmoid, or tanh) to transform the data non-linearly. The
use of stacked hidden layers enables the network to learn hierarchical features, moving from basic to
more complex representations. Finally, the output layer generates predictions or classifications based
on the features learned during training.

The hierarchical structure of DNNs allows them to model intricate data relationships effectively,
making them a valuable tool for improving the adaptability and precision of rehabilitation systems.
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This capability enables exoskeletons to dynamically adjust their support, enhancing the overall
rehabilitation process. By incorporating DNNs, exoskeletons become more intelligent, resulting in
better therapy outcomes and faster recovery for patients.
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Figure 6. Architecture of a DNN.

Mikotajewski et al. examine the potential of 3D-printed exoskeletons and their ability to be
customized on a large scale, a development that could transform healthcare [55]. The study
introduces the concept of 4D printing, where printed objects can adapt and change over time, offering
even greater personalization and efficiency. The authors emphasize that developing personalized
medical devices requires collaboration across multiple disciplines, including research, engineering,
and clinical practice. They also highlight the importance of establishing new business models to
ensure these innovations are accessible.

To maintain quality and transparency in the development of personalized exoskeletons, the
study uses the AGREE II tool. Artificial intelligence, including traditional artificial neural networks
and deep learning models, is employed to support the customization and optimization of exoskeleton
designs. These neural networks analyze and interpret complex data related to hand and arm
movements, aiding in early diagnosis and rehabilitation.

By extracting useful movement markers and improving the efficiency and safety of exoskeletons,
the application of neural networks contributes significantly to the creation of more effective and
personalized rehabilitation tools. This integration of advanced technologies paves the way for
innovative, patient-specific solutions in healthcare.

Wang et al. [56] present a novel approach to enhance the control and interaction of upper-limb
rehabilitation exoskeleton robots. The study focuses on a motion intensity perception model that
integrates data from the robot’s movements and the patient’s heart rate. This model improves
trajectory control, which is crucial for effective training and human-robot interaction during
rehabilitation.

The researchers propose a bionic control method combined with a motion intensity classification
technique using multi-modal information. By merging movement signals from the robot with the
patient’s heart rate into a vector, the model employs a deep learning framework for control. The paper
emphasizes the importance of maintaining moderate motion intensity during rehabilitation.
Excessive intensity can damage motor function, while moderate intensity promotes recovery and
prevents injuries. The model can classify motion intensity in real time, dynamically adjusting tasks
to match the patient’s condition.

Experimental results demonstrate that the deep neural network (DNN)-based model
significantly enhances human-robot interaction and rehabilitation outcomes. The model achieved a
recognition accuracy of 99.0% during training and 95.7% during testing. Additionally, the motor
control cycle operates efficiently at 200 Hz. Future research aims to incorporate electromyogram
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(EMG) signals into the framework, further improving control and tailoring rehabilitation to meet
individual patient needs, ultimately supporting better recovery outcomes.

Hasan S. [57] focuses on the development of a deep learning-based controller for exoskeleton
robots. These are gaining attention for their potential to enhance human capabilities and improve
rehabilitation methods. The research integrates various engineering disciplines and emphasizes the
importance of precise motion control systems in robotics. The study addresses the challenge of
controlling nonlinear robot dynamics. These are influenced by factors such as mass, inertia, and joint
friction. A model-based control approach is highlighted for its systematic method of managing
nonlinear dynamics, though it faces challenges like real-time computation delays. To overcome these,
the paper proposes a deep neural network-based controller that leverages parallel processing to
estimate joint torque requirements efficiently. This controller is designed for a 7 degrees of freedom
human lower extremity exoskeleton robot.

The neural network model is trained using an analytical model-based data generation technique,
and a PD controller is used to correct prediction errors. The paper demonstrates the controller's high
trajectory tracking performance and stability through simulations. Additionally, a comparative study
shows that the developed controller performs on par with conventional controllers while maintaining
minimal trajectory tracking errors. The robustness of the controller towards parametric variations is
further validated through an analysis of variance (ANOVA).

The article “Design and Verification of a Human-Robot Interaction System for Upper Limb
Exoskeleton Rehabilitation” [58] presents a novel approach to enhance human-robot interaction in
upper-limb exoskeleton robots for rehabilitation. The core innovation is a motion intent recognition
system that utilizes an altitude signal sensor to predict the user’s movements during exercises. A key
contribution of this study is the integration of a modified model, which reduces noise and time delays
in signals. This ensures safe and effective rehabilitation by minimizing errors and preventing safety
risks caused by mis-triggers.

The research includes the development of an experimental platform to test the position control
of a single-joint exoskeleton arm. Results demonstrate that the method effectively tracks predicted
motion intent while improving the robot’s control system. The filtering algorithm is validated using
an angle sensor to monitor joint angles and an improved combined filtering method to analyze noise
amplitude under dynamic conditions, accounting for real-world influences.

Simulation results show that the adaptive filter combined with clipping filtering produces
smoother and more accurate motion trajectories compared to clipping filtering alone. These findings
highlight the potential of this system to improve rehabilitation outcomes by enhancing both accuracy
and safety in human-robot interactions.

4.6. Long Short-Term Memory Networks (LSTM)

Long Short-Term Memory (LSTM) networks are specifically designed to process sequential data,
making them ideal for analyzing time-based signals such as muscle activity and movement patterns
[59]. This capability is particularly valuable in rehabilitation, as LSTMs can retain important
information from previous steps, enabling the exoskeleton to adapt in real time and provide
personalized support. Unlike traditional neural networks that handle data as individual instances,
LSTMs work with sequences of data, allowing them to understand and respond to patterns that
unfold over time [60].

LSTMs achieve this through specialized units known as "memory cells," which can store
information for extended periods. These cells use internal mechanisms, such as forget gates, input
gates, and output gates, to regulate the flow of information, determining what to retain, update, or
discard. This ability to capture both short-term and long-term patterns is critical in rehabilitation,
where understanding the progression of a user’s movements is more important than analyzing
isolated actions. By recognizing these changes, LSTMs enable exoskeletons to deliver more accurate
and adaptive support during therapy sessions.

Figure 7 illustrates an LSTM network, which processes sequential data. The input layer receives
data at each time step and passes it to the hidden layers, which consist of LSTM cells. These cells
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manage information flow using their gating mechanisms to effectively learn from sequential patterns.

The output layer then generates results, such as predictions or classifications, based on the knowledge
gained from the sequence. This structure makes LSTMs an essential tool for enhancing the

effectiveness of rehabilitation systems.
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Figure 7. Architecture of a LSTM Network.

Ren et al. [61] propose a deep learning-based motion prediction model for controlling an upper-
limb exoskeleton robot in rehabilitation. The model is applied to the NTUH-II exoskeleton, an 8
degrees-of-freedom system designed to facilitate robot-assisted training (RAT) by synchronizing
movements between the robot and the human arm. The approach combines inertial measurement
unit (IMU) and surface electromyography (SEMG) signals to capture both human arm dynamics and
muscle activity, leveraging the strengths of both data types to improve motion prediction.

The proposed model, a Multi-stream Long Short-Term Memory (LSTM) Dueling network,
predicts the user's motion trajectory in real-time. This enables more accurate and timely
synchronization between the human and robot arms, reducing mean absolute error and average
delay time, and improving the overall coordination experience for users. The study details the process
of acquiring and preprocessing IMU and sEMG signals, estimating human arm dynamics, and
implementing the model on a robotic arm.

Experimental results show that the proposed model outperforms other deep learning and
traditional regression models in accuracy. It achieved a normalized mean absolute error (MAE) of
0.29 degrees for horizontal abduction/adduction and 0.19 degrees for elbow flexion/extension—
significantly lower than traditional models. This work highlights the potential for integrating the
model into various rehabilitation tasks and robot arms capable of independent multi-joint movement,
offering promising advancements in the field of robot-assisted rehabilitation.

Kansal et al. [62] presentsa detailed approach to developing a low-cost, high-functionality upper
limb prosthesis controlled by Electroencephalogram (EEG) signals. The prosthetic arm, designed for
amputees, emulates complex human arm movements with three degrees of freedom. The study
introduces an innovative end-to-end pipeline that integrates a Genetic Algorithm (GA)-optimized
Long Short-Term Memory (LSTM) deep learning model to classify upper limb motion intentions
from EEG data.

The authors emphasize the use of non-invasive EEG techniques as a safer alternative to invasive
methods like electromyography (EMG), which require surgical electrode implantation. EEG data is
collected using the EPOC Flex 32-Channel EEG headset, with signals processed for accurate motion
classification. The methodology incorporates various data cleaning and denoising techniques, such
as bandpass and digital notch filters, to enhance signal quality and interpretation.

The study also highlights the importance of affordability in prosthetic design, referencing
previous works that explored 3D-printed, low-cost solutions. Results demonstrate the prosthetic
arm’s ability to replicate complex human motions in real-time. The GA-LSTM model achieved an
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accuracy of 89.5%, along with a precision, recall, and F1 score of 89%, indicating high effectiveness in
predicting arm movements from EEG signals.

The paper concludes by discussing future improvements, including increasing the prosthetic
arm's degrees of freedom (DOF) and incorporating multimodal data sources to further enhance the
model's accuracy and response time. This research underscores the potential of combining advanced
machine learning techniques with non-invasive EEG technologies to create cost-effective and
functional prosthetic solutions for amputees.

4.7. Adaptive Neural Network (ANN)

Adaptive Neural Networks (ANNSs) are designed to dynamically adjust their learning
parameters, enabling them to adapt to changing data patterns [63]. This capability makes ANNs ideal
for interpreting signals from sensors, such as muscle activity and movement data, which are critical
in rehabilitation. Figure 8 illustrates the architecture of an ANN. In robotic rehabilitation,
exoskeletons use data from biosensors to monitor the user’s movements. ANNs process this data in
real time, allowing the exoskeleton to adapt its behavior and provide personalized assistance. This
real-time adaptability is particularly beneficial in rehabilitation, where a user’s movements can
change or improve over time. A significant advantage of ANNSs is their ability to handle dynamic,
real-time data and respond effectively to variations in the user’s movements [64]. This adaptability is
crucial in rehabilitation, where movements are often unpredictable, and the exoskeleton must adjust
accordingly to ensure effective and responsive assistance.

Input Layer Output Layer

Figure 8. Architecture of an ANN.

The article “Saturated Adaptive Control of Antagonistic Muscles on an Upper-Limb Hybrid
Exoskeleton” introduces an innovative control strategy for an upper-limb hybrid exoskeleton by
developing an adaptive position controller that addresses input saturation in the user’s muscles [65].
The exoskeleton integrates functional electrical stimulation (FES) with motorized actuators to
improve rehabilitation outcomes for individuals with mobility impairments, such as those caused by
strokes.

The proposed controller uses a feedforward component, generated by a neural network, to
stimulate the user’s biceps and triceps. At the same time, a robust feedback controller operates the
exoskeleton’s motor. A key feature of the system is its ability to handle stimulation input saturation,
ensuring user comfort and safety. Excess input is redirected to the exoskeleton’s motor rather than
being discarded, optimizing the system's functionality.

The study includes a Lyapunov stability analysis, confirming that the closed-loop position error
system is uniformly ultimately bounded. Experimental validation was conducted with four
uninjured participants, demonstrating the effectiveness of the proposed control approach. Future
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research will involve testing the system with participants who have neurological injuries and further
refining the design and control methods to enhance the exoskeleton’s performance.

Rahmani et al. [66] introduce an innovative control approach for a 7-degree-of-freedom (DOF)
exoskeleton robot named ETS-MARSE, developed to assist individuals with upper limb impairments
caused by neurological disorders. The primary objective is to improve trajectory tracking control, a
critical component for passive rehabilitation exercises. The ETS-MARSE robot replicates human
upper limb joint articulations and faces challenges such as external disturbances and unknown
dynamics, including friction forces and backlash.

To address these challenges, the study proposes an adaptive neural network fast fractional
integral terminal sliding mode control (ANFFITSMC) approach. This method is designed to manage
modeling uncertainties and enhance the robot's performance in delivering passive arm movement
therapy. A key feature of the approach is the integration of an adaptive radial basis function neural
network (ARBFN) with fast fractional integral terminal sliding mode control (FFITSMC). This
combination effectively mitigates the chattering phenomenon commonly observed in control
systems.

The stability of the proposed controller is validated using Lyapunov theory, and simulation
results demonstrate its effectiveness in reducing chattering and improving trajectory tracking
performance. The ANFFITSMC method achieved a trajectory tracking error reduction of
approximately 35% compared to FFITSMC. Additionally, the chattering amplitude was reduced by
about 40%, further enhancing the system’s smoothness and efficiency.

The study underscores the advantages of the proposed control approach, which does not require
an accurate dynamic model of the robot. This adaptability makes it suitable for a wide range of users
with varying degrees of upper limb impairment, offering a promising solution for personalized
rehabilitation therapy.

He et al. [67] propose a novel control method for a multi-degree-of-freedom (n-DOF) upper-limb
exoskeleton that addresses challenges such as uncertainties, external disturbances, and input dead
zones. The method leverages an adaptive neural network sliding mode control approach based on a
fractional-order ultra-local model. This approach simplifies the complex system dynamics while
accounting for input dead zones.

To stabilize the system, the proposed method integrates fractional-order sliding mode control
with time-delay estimation and neural networks for disturbance estimation. This leads to the
development of a fractional-order ultra-local model-based neural network sliding mode controller
(FO-NNSMCQ). A distinctive feature of the method is its adaptive treatment of control gain. Initially
considered constant, the control gain is later handled as an unknown parameter to prevent
performance degradation due to improper selection. The inclusion of the Nussbaum technique
ensures system stability, resulting in a fractional-order ultra-local model-based adaptive neural
network sliding mode controller (FO-ANNSMC).

Stability analysis, conducted using Lyapunov theory, confirms the robustness of the proposed
approach. Its effectiveness is validated through co-simulations on a virtual prototype of a 7-DOF
upper-limb exoskeleton and experiments on a 2-DOF model. The FO-ANNSMC controller achieved
superior performance, with an ITAE index of 0.0015—the smallest among the methods compared.
These results underscore the potential of the FO-ANNSMC controller in improving control accuracy
and robustness for upper-limb exoskeletons.

4.8. Recurrent Neural Networks (RNN)

Unlike traditional neural networks, which process each data point independently, Recurrent
Neural Networks (RNNs) have connections that enable them to remember past inputs. This allows
RNNss to process sequences of data, making them ideal for analyzing how movements change over
time [68]. Figure 9 illustrates the architecture of an RNN. RNN processes sequential data through
interconnected layers. The input layer feeds data step-by-step into the network, representing each
time step as an input feature. The hidden layers are the core of the RNN, where each neuron has
recurrent connections, allowing information to loop back and influence future steps. This mechanism
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enables the network to retain context and learn temporal patterns from previous inputs. Finally, the
output layer processes the learned features from the hidden layers to produce predictions or
classifications for the sequence.

In rehabilitation, this ability to recall previous information is essential, as it helps the exoskeleton
interpret the continuous flow of a user’s movements and respond appropriately. A key feature of
RNNs is their feedback loops, which pass information from one step to the next. This allows past data
to influence current predictions, making RNNs effective for tasks such as movement prediction and
muscle signal analysis.

By leveraging RNNs, exoskeletons gain the ability to better understand and adapt to dynamic,
time-dependent changes in a user's movements. This enhances their capacity to provide
personalized, real-time assistance during rehabilitation exercises. The following section will
introduce with the recent usages of RNN network for human upper extremity rehabilitation.

————
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Figure 9. Architecture of an RNN.

Gu et al. [69] review the current advancements in hand function rehabilitation systems that
incorporate hand motion recognition devices and artificial intelligence. The study emphasizes the
significant impact of strokes on hand function, which greatly affects patients’ ability to perform daily
tasks. It examines hardware developments, including gesture recognition devices based on computer
vision and wearable sensors, as well as software advancements, particularly the use of Recurrent
Neural Networks (RNNs) to enhance the functionality and effectiveness of rehabilitation robots.

The paper identifies key challenges, such as the need for improved recognition algorithms and
the limitations of current devices and suggests future research directions to address these issues.
Among the approaches discussed, RNNs are highlighted for their effectiveness in recognizing
dynamic gestures. When combined with Long Short-Term Memory (LSTM) networks, RNNs
significantly improve the accuracy of gesture recognition, achieving an average accuracy of 91.44%
for nine distinct gestures. This combination proves especially effective for real-time recognition of
isolated dynamic gestures, demonstrating its potential to advance hand function rehabilitation
systems.

4.9. Support Vector Machines Neural Networks (SVNN)

Support Vector Neural Networks (SVNNs) integrate support vector machines (SVMs) with
neural networks. This combination makes them highly effective for classification and regression
tasks. They are particularly useful for analyzing muscle activity and movement patterns [70]. SVNNs
use support vectors to define decision boundaries that separate data classes. This approach allows
them to identify patterns in complex, high-dimensional data, such as muscle signals from sensors.
The neural network component further refines these classifications by learning from errors and
improving performance over time. This combination equips SVNNs to handle non-linear
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relationships between input data and output results, making them suitable for complex tasks like
movement recognition.

Figure 10 illustrates the architecture of an SVNN. The input layer (left) receives input features,
which are passed to the hidden layers (middle). In the hidden layers, SVM principles are integrated
with neural network learning. Neurons in the hidden layer often use kernel-based transformations
(similar to those in SVMs) to map input data into a higher-dimensional space. This allows the network
to learn complex patterns and create optimal decision boundaries for classification or regression
tasks. The output layer (right) aggregates these results and produces predictions, completing the
process.

Input Layer Output Layer

Figure 10. Architecture of a SVNN.

The article “Design of Human Adaptive Mechatronics Controller for Upper Limb Motion
Intention Prediction” introduces an innovative approach to enhancing Human Adaptive
Mechatronics (HAM) systems by improving upper limb motion prediction and response time [71].
This research is particularly beneficial for elderly individuals with disabilities who depend on devices
like exoskeletons for daily tasks. The methodology involves extracting features from
electromyography (EMG) signals using both time and frequency-based techniques. These features
are then used to predict optimal controller parameters for HAM systems.

The study employs a Modified Lion Optimization (MLO) algorithm to select the best control
parameters, coupled with a Support Vector Neural Network (SVNN) for motion prediction at
different time points. The proposed model achieves 96% accuracy in predicting movements,
validated through the integration of advanced optimization techniques and EMG signal data. The
research also explores the use of Recurrent Neural Networks (RNNs), including Long Short-Term
Memory (LSTM) and Gated Recurrent Units (GRU), for real-time analysis of HAM motions. These
neural networks demonstrate comparable accuracy in processing EMG data for motion prediction.

The MLO-SVNN classifier outperforms traditional methods, achieving a prediction accuracy of
96.56%, which surpasses other classifiers such as Support Vector Machines (SVM), Neural Networks
(NN), K-Nearest Neighbors (KNN), and Bayesian classifiers. This study highlights the potential of
combining optimization algorithms with advanced neural network architectures to significantly
improve the performance of HAM systems in upper limb rehabilitation applications.

4.10. Multi-Layer Neural Network (MLNN)

Multilayer Neural Networks (MLNNSs) consist of multiple layers of neurons, often referred to as
hidden layers, enabling them to learn complex patterns from data such as muscle activity and
movement signals. A key strength of MLNNSs is their ability to model non-linear relationships
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between inputs and outputs, which is particularly important for interpreting physiological signals
that are inherently non-linear. Figure 11 illustrates the architecture of an MLNN.

By utilizing MLNNSs for interpreting physiological signals, exoskeletons can provide more
precise and personalized assistance [72]. This enables exoskeletons to provide more responsive, real-
time adaptive support, resulting in improved rehabilitation outcomes and faster patient recovery.
The following section discusses notable studies that have employed MLNNs in robot-assisted
rehabilitation.

Figure 11 depicts the structure of an MLNN, a type of feedforward neural network with multiple
layers of neurons. The input layer receives raw features and includes bias nodes to enhance the
network's learning capability. Hidden layers, consisting of interconnected neurons, compute
weighted sums of inputs, apply bias terms, and use activation functions to introduce non-linearity.
These layers allow the network to model intricate patterns and relationships in the data. The final
output layer generates results such as classifications, predictions, or regression outputs, showcasing
the versatility of MLNNs in rehabilitation applications.

[
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Input Layer Output Layer

Figure 11. Architecture of a Multi-Layer Neural Network.

Wang et al. [73] present an innovative upper-limb rehabilitation robot aimed at aiding motor
function recovery. It is specifically designed for stroke survivors in need of long-term, high-intensity
therapy. The robot features a three-degree-of-freedom system, integrating a five-bar parallel
mechanism with a wrist exoskeleton module. The first two joints operate in torque control mode,
while the wrist joint functions in velocity control mode. All joints are driven by surface
electromyography (sEMG) signals.

The control framework is customized to address the unique characteristics of each component.
For the first two joints, an impedance controller is implemented, which regulates current and torque
through a Jacobian transformation from the end-effector workspace to joint space. This ensures that
the robot provides appropriate assistance or resistance during rehabilitation exercises. The wrist
module utilizes an admittance controller that adjusts motor velocity based on estimated wrist torque
derived from sEMG signals.

The study emphasizes the potential of robot-assisted rehabilitation to promote neural plasticity
and accelerate functional recovery compared to traditional manual therapy. The proposed sEMG-
driven control framework demonstrated significant adaptability to diverse rehabilitation needs.
Recognition accuracy was the primary metric used to evaluate the perception model's performance,
achieving an average of 99.0% on the training dataset and 95.7% on the test dataset. These results
highlight the effectiveness of the robot in enhancing rehabilitation outcomes.

Resquin et al. [74] investigate the development and evaluation of a hybrid robotic system
designed to assist in the rehabilitation of reaching movements in patients with brain injuries. The
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study primarily focuses on assessing the system's usability in a clinical setting based on a Feedback
Error Learning (FEL) scheme. The research is divided into two parts: the first demonstrates the
technical feasibility and learning capability of the FEL controller, which is essential for executing
coordinated shoulder-elbow joint movements. The second evaluates the system's usability with brain
injury patients, assessing their performance, satisfaction, and emotional response to the intervention.

The system employs the minimum jerk trajectory method to generate tracking references, a
widely used and well-established technique in rehabilitation devices. The hybrid robotic system
incorporates a FEL controller to adaptively learn the inverse dynamic model of the arm, adjusting
assistance levels based on user capabilities. This adaptive approach ensures that the system provides
personalized support tailored to individual patient needs.

The results reveal high patient satisfaction and acceptance, indicating that the system effectively
increases therapy dosage while enhancing patient engagement and motivation. Metrics such as Root
Mean Square Error (RMSE), Performance Rate (PR), and Task Completion (TC) index were used to
evaluate the system’s effectiveness, demonstrating significant improvements in task performance.
User satisfaction scores increased from 62.5% to 83%, and patients provided positive feedback on the
system's usability. The study concludes that the hybrid robotic system is both technically feasible and
effective in supporting 3D reaching movement rehabilitation, offering significant potential for clinical
application.

Medina et al. [75] present the design and evaluation of a hybrid upper-limb orthosis that
integrates a functional electrical stimulation (FES) system for rehabilitation. The device supports both
active and assisted upper-limb movements by combining electrical stimulation with real-time
electromyographic (EMG) signal processing. EMG signals are collected from the trapezius and
deltoid muscles and classified using a static multilayer artificial neural network trained with the
Levenberg-Marquardt algorithm to infer the user’s movement intentions.

The orthosis was manufactured using 3D printing and includes electronic components, enabling
it to function as a fully actuated robotic system. It employs a decentralized control system with state
feedback algorithms, specifically proportional-derivative (PD) controllers. For trajectory tracking of
each actuated joint, the study introduces an interpolation method based on sigmoidal functions,
utilizing estimated time derivatives of tracking errors calculated by discretized super-twisting
differentiators.

The device was tested through simulations and experimental trials with four volunteers,
demonstrating effective performance across various scenarios. Results showed that the system
successfully supports rehabilitation therapy by tracking predefined reference trajectories while
delivering electrostimulation to targeted muscles. Performance metrics included tracking error and
convergence time. The system achieved a maximum tracking error of 2% and convergence to a
bounded region in under 0.3 seconds. The PD + AST (Adaptive Super-Twisting) controller achieved
trajectory convergence in approximately 75 ms, significantly faster than the classical PD controller's
150 ms. These findings highlight the orthosis's potential as a robust tool for upper-limb rehabilitation
therapy.

The study “Study on ANN-based Upper Limb Exoskeleton” explores the development and
application of an exoskeleton designed to assist individuals with impaired arm mobility [76]. This
research contributes to the increasing adoption of exoskeletons to restore mobility in patients affected
by accidents or diseases. A key innovation is the use of non-invasive EMG sensors to detect
movement intentions, even in patients who cannot express them through conventional means. This
capability allows the exoskeleton to adapt to specific medical conditions, enabling everyday use.

This study introduces a method where users can train the exoskeleton using active muscle
groups, even if movement intentions are undetectable in the affected arm. This feature, combined
with the exoskeleton's ability to mimic arm movements like a shadow, supports users who cannot
sustain independent movement. EMG signals are processed to determine shoulder and elbow angles,
which are then analyzed by a multilayer neural network. Additionally, IMU sensors are incorporated
during training to ensure precise synchronization between the human and robotic arm movements.
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The paper also reviews existing technologies, such as Myo armbands with EMG channels and
IMU sensors, highlighting the superior performance of the MSLSTM Dueling model over traditional
regression and other deep learning models in predicting arm movement. The evaluation metrics
included overall regression and mean square error (MSR). The neural network achieved an
impressive overall regression of ( R = 0.997) and an MSR of (3.106), underscoring its effectiveness in
assisting users with impaired mobility.

Aktan et al. [77] detail the development of an intelligent controller for DIAGNOBOT, a
rehabilitation robot designed for diagnosing and treating wrist and forearm conditions. The
controller incorporates a decision support system powered by a multilayer neural network, which
combines traditional statistical methods and database analysis to process biomechanical data from
patients. This data is used to evaluate joint range of motion (ROM) and force/torque deficiencies,
providing personalized therapeutic exercise recommendations and robotic settings.

A key innovation highlighted in the study is the controller’s ability to perform both diagnostic
assessments and therapeutic recommendations, marking it as a first in the field of rehabilitation
robotics. Tests conducted with voluntary patients demonstrated the controller's high accuracy in
generating both diagnostic evaluations and therapy plans. For instance, differences in ROM
measurements between physician assessments and the robotic system ranged from 2.3% to 10% for
the first patient, indicating strong alignment with clinical standards.

The research emphasizes plans to further enhance the controller by expanding the existing
healthy human database and integrating deep learning algorithms to improve diagnostic precision
and therapeutic suggestions. Biomechanical measurements were used to evaluate the controller's
performance, focusing on percentage differences in ROM and joint force measurements between
physician and robotic assessments. These advancements underscore the potential of DIAGNOBOT
to transform rehabilitation practices through intelligent, data-driven diagnostic and therapeutic
solutions.

Jebri et al. [78] present an adaptive control system for exoskeletons that integrates a Brain-
Computer Interface (BCI) based on Steady-State Visual Evoked Potentials (SSVEP) to assist in
tracking position and velocity trajectories. The BCI interprets EEG signals to detect user intentions
and generate desired movement trajectories, enabling intuitive and effective control.

To ensure robust operation, the system combines a continuous neural network (NN) with a
sliding mode controller (SMC). This approach provides resistance to approximation errors and
external disturbances by leveraging known parameter bounds. Adaptive neural networks are
employed to model the dynamic interaction between the exoskeleton and the human body,
eliminating the need for an exact dynamic model by continuously updating synaptic weights. The
sliding mode controller guarantees global asymptotic stability for both trajectory tracking and neural
network approximations, with stability validated using the Lyapunov method.

Real-time experiments conducted with a 2-degree-of-freedom upper limb exoskeleton
demonstrated the system’s effectiveness in rehabilitation scenarios. The study highlights the potential
of the proposed control system to improve rehabilitation outcomes. Future research aims to enhance
the controller by eliminating its reliance on prior knowledge of parameter bounds required in the
current design, further advancing its adaptability and usability.

Wu et al. [79] propose an advanced control strategy for a soft wearable exoskeleton designed to
assist the elbow joint. The system is aimed at improving power efficiency for individuals with motor
dysfunction caused by aging or neurological conditions. The exoskeleton mimics the human skeletal
structure and features tendon-sheath actuators, soft wraps, and a waist brace. It incorporates sensors,
such as inertial measurement units (IMUs) and force sensors, for control and feedback.

The study introduces a Neural-Network-Enhanced Torque Estimation Control (NNETEC)
strategy, which integrates a joint torque estimation module based on surface electromyography
(sEMG) signals with a neural network that interprets the user’s motion intentions. A PID controller
with hybrid position/torque feedback ensures precise and adaptive assistance during movements.
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Experiments conducted with healthy volunteers lifting dumbbells demonstrated that the
NNETEC method significantly improved efficiency compared to traditional control strategies. The

results highlight its potential for enhancing user support while conserving power. Future research

aims to incorporate a fuzzy algorithm to further optimize the balance between force and position

control, enhancing overall system performance and adaptability. Table 2: summarizes the above

reviewed articles.

Table 2. Summary of Reviewed Articles.

Bod Control Hybrid Sensor
Reference NN Tool Motion Y DOF Actuator Contro :
segment Mode 1 Configuration
Sliding
[30] CNN  Grasping Motion Arm, 3 DC Motor mode MU, EEG, IR
Hand Depth
control
. Flexion of Sliding EEG
[78] Multi- Shoulder and Shoulder, 2 DC Motor mode yes (Electroencephal
Layer . Elbow
Elbow Joints control ogram)
. Hand, Impedance Six Axis
[41] RBFNN Horizontal Plane Elbow 2 DC Motor control YeS  porce /Torque
Multi- . . Torque
[73] Layer NN Horizontal Plane ~ Wrist 3 DC Motor Control yes Rotary Encoders
multi-mode
Variab Shape grasping
[55] DNN Stair Climbing Hand memory . yes FSR, EMG
le . assistance
wire
control
[34] RBFNN Flexion Shoulder 1 Servo  RBF sliding SEMG
Motors mode
Reaching Functional Feedback
[74] Multi- Movement in 3D Elbow Electrlc.al Errqr Yes Angular position
Layer NN space Stimulation Learning transducer
P (FES). (FEL)
Multi- Wrist & horizontal . Decentralize
[75] Layer NN flexion Wrist 5 DC Motors d Yes EMG
Servo Real-time Inertial
[24] CNN Elbow Flexion  Elbow 2 Motors low-level yes  Measurement
control Unit (IMU)
[65] ANN Rotational Blgep S 1 DC Motors Adaptive yes encoder
Triceps Control
(61] LSTM synchronization of Arm PID Bilateral yes SEMG
movement controlar Mode
oft
Elbow pneumatic intent-driven Thin film
[32] CNN Flexion ’ 2 artificial control yes
Shoulder sensors
muscles mode
(PAMs)
[76] Multi- Abductl.on/Adduct Arm 3 N/A Adaptive yes EMG, IMU
Layer ion Control
. . Proportional .
Trajectory Pneumatic . Optical
311 CNN Tracking Elbow 3 cable -Derivative  yes Encoders, sSEMG

(PD)
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Hybrid
Referenc NN Tool Motion Body DOF Actuator Control Contro Sensor.
segment Mod 1 Configuration
compliant Cﬁfag:;:’iee
[39] RBENN flexionofelbow Elbow 1  tendon- ool oY SEMG
Control
sheath
strategy
. compliant .
[79] Multi flexion of elbow  Elbow 1 tendon- Active yes sEMG, IMU
Layer control
sheath
. Elbow, Impedance
[26] CNN coordinated . 2 PAM Yes sEMG, PAM
Wrists control
[62] LSTM  GrabRelease ~ Wrist 3  oovo  Realtime . EEG
Motor control
Real time
[45]  BPNN flexionofelbow Elbow 0-120 5™ activetorque no ~ Lhio» Angle
Motor o Sensors
prediction
133] CNN, Flexion, Feeding Shoulder, 12 N/A myoelectric yes SEMG
return Elbow control
[58] (DNN) Flexible Wrist 6 Stepper trajectory es  motion signal
pP control Y &
. BP Neural
[46] BPNN T{f;igﬁ” Shoulder 3 N/A N/A N/A  Network Input
& Sensors
Task
Performance
Adaptive -based Motion Capture,
[42]  (RBFNN) Assistance Forearm 7 DC Motor Adaptive yes Velocity Sensor
Velocity
control
Abduction, Multip Linear Closed Loop
[27] CNN Resting Shoulder le actuator Control no EMG
Soft
actuator Sliding optical fiber
[69] LSTM  Flexion of Hand  Hand 15 embedded mode yes curvature
with optical ~ control Sensors
fibre
Pnematic proportional
[47] BPNN Elbow flexion = Elbow 7 Muscle myoelectric  yes Myoscan
control
. online
28] CNN Unilateral Hand Wrist s servo moto hybrid yes FEG
Movement gear
control
cable-
driven real-time
48] BPNN B11ate?ra}1 arm Elbow 5 powered bilateral yes SEMG
training variable- control
stiffness  processing

device
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RBF Neural
[37] RBFNN Rotatl'on‘, . Elbow 3 EC-max network no potentiometer
Telescopic joint motor control
system
Hybrid
Referenc NN Tool Motion Body DOF Actuator Control Contro Sensor .
segment Mode 1 Configuration
. . Brushless Sliding .
[35] RBFNN Sagittal Fl XION - Forearm 3 Servo Mode yes VICON Motion
Rotation capture system
motor Control
. . . Impedance
[77] Lall\/ISrltIl\}N Ulngei?iﬁidlal FZ\I]'ESI“[I,H N/A N/A Control, PID yes Torque, Encoder
Y Control
Electromec Adaptive Position sensors
[57] DNN  Flexion/extension Elbow 2 hanical v Yes
actuators control and force sensors
abduction/adducti
on, Elbow, sliding mode
[52] Fuzzy NN flexion/extension, Wrists, 5 N/A co I%trol yes  Position sensors
internal/external shoulder
rotation
Flexion and Shoulder, Sliding
[53] Fuzzy NN . elbow, 5 N/A mode es osition sensors
y extension y p
and wrist control
flexion/extension, Shoulder, slidine mode Position and
[66] ANN radial/ulnar elbow, 7 N/A & yes
deviation and wrist control force sensors
flexion/extension, Elbow SsEMG- clec trsclllilf;g;aph
[29] CNN pronatloélri supinati Wrists 3 N/A Cli;stigl no y (SEMG)
sensors
Elbow Surface
VNN Flexion and . ’ Servo  EMG-based electromyograph
[71] & ) extension erlls;;lgnd 6 motors control yes y (sSEMG)
sensors
shoulder, Electromec nr;::;r(;arlk Position and
[67] ANN  Flexion/extension elbow, 7 hanical . yes
and wrist actuators sliding mode force sensors
control
(38] RBENN Flex10n‘ and Elbow 1 N/A Torque yes Angle, sEMG,
extension control Encoder
Adaptive
: . Hand, backsteppin
[40] RBEFNN Flex1on/extf?n51on Elbow, 7 Servo o sliding  yes Rgtary
and rotation Motor potentiometers
Shoulder mode
control
Hand, Servo AC Adaptive dis If;::;lent
[79] RBFNN Flexion/extension Elbow, Admittance  yes p
motors sensors, angular
Shoulder Control
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Torque Position sensors
. shoulder, control ’
internal/external force/torque
[25] CNN rotation clbow, 7 Servo mode and es sensors, and
. - and motor position Y ’
flexion/extension rotary
forearm control .
mode potentiometers
oo Sl oo
exion/extension oW mode no
[36] RBFNN Flexion/ ion Elb 1 d p
motors control Sensors
Hybrid
Referenc NN Tool Motion Body DOF Actuator Control Contro Sensor .
segment Mode 1 Configuration
Flexion/extension, force and
[51] Fuzzy NN abductlgﬁ/adductl Wrist 3 N/A In(l:poﬁigf ¢ yes displacement
. > Sensors
flexion/extensions

Table 3 outlines the application of various neural networks in robot assisted rehabilitation based

on the reviewed prospective, along with the rationale for selecting each network.

Table 3. Various types of neural networks and their unique features from the perspective of robot

assisted rehabilitation

Neural . L .
Role in Rehabilitation Reason for Choosing
Network
CNNs excel at analyzing spatial
CNN Improves motion intention data like physiological signals
estimation and control accuracy. (e.g., SEMQG) for precise motion
control.
Enhances human-robot interaction RBFNNs provide adaptability and
RBFNN by adapting to individual smooth mapping between input
movement patterns. signals and robotic responses.
Learns complex relationships o .
) BPNNs optimize learning by
through backpropagation to L . . .
BPNN ) e adjusting weights iteratively to
improve rehabilitation T T
minimize prediction errors.
performance.
Handles non-linear relationships FNNs efficiently model non-linear
FNN for functional mapping and signal dependencies, = making them
processing. suitable for rehabilitation tasks.
_ DNNs can process large datasets to
Models  complex,  non-linear ) _
i enable highly adaptive and
DNN dependencies for advanced ) .
customized rehabilitation

learning and personalized therapy.

approaches.

doi:10.20944/preprints202411.0183.v2


https://doi.org/10.20944/preprints202411.0183.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2024

36

Captures temporal patterns in

LSTMs address the vanishing
gradient problem, allowing better

LSTM muscle activity for real-time .
. learning of long-term temporal
movement prediction.
patterns.
Provides adaptability for general ANNSs are versatile and can learn
ANN pattern recognition and decision- patterns in diverse rehabilitation

making tasks.

scenarios.
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. . RNNs are effective for time-series
Predicts user movement intent by _ ) .
RNN . . data, enabling real-time dynamic
analyzing sequential data. i .
motion prediction and control.

SVNNs combine SVM strengths
with neural networks to improve

Optimizes decision boundaries for
SVNN e
robust rehabilitation control. L

precision in control tasks.

5. Discussion

This systematic review underscores the crucial role of neural network models in advancing
exoskeleton robot-assisted upper limb rehabilitation. Neural networks such as Convolutional Neural
Networks (CNNs), Long Short-Term Memory (LSTM) networks, and Radial Basis Function Neural
Networks (RBFNNSs) have greatly enhanced motion intention estimation, real-time control, and the
adaptability of rehabilitation systems. These improvements pave the way for more personalized and
effective therapeutic interventions for individuals with motor impairments.

A significant strength highlighted in this review is the capacity of neural networks to process
complex  physiological signals, including surface electromyography (sEMG) and
electroencephalography (EEG). By accurately interpreting these signals, neural networks enable
precise control of exoskeletons, improving synchronization between the patient’s intentions and the
robotic assistance. This synchronization is vital for the effectiveness of the therapy and the overall
patient experience. Additionally, the ability of LSTM networks to capture temporal patterns in
muscle activity further enhances the dynamic and responsive nature of rehabilitation systems.

Despite these advancements, several challenges remain. A major limitation is the computational
complexity of implementing neural networks in real-time clinical applications. Analyzing large
volumes of bio-signals, such as EEG or sEMG, requires significant processing power. Additionally,
the adaptability of these systems is often limited by patient response variability and the need for more
advanced algorithms to manage such differences. Current systems face difficulties in generalizing
across diverse patient populations and adjusting to changing motor capabilities during rehabilitation.

The integration of multimodal data sources, such as combining kinematic data from inertial
measurement units (IMU) with EMG signals, shows promise but has not been extensively explored.
Future research should focus on developing hybrid models that incorporate multiple data types to
improve the robustness and accuracy of motion intention estimation. Such models could also address
the shortcomings of single-signal systems, which may fail to capture the full range of motor
impairments experienced by patients.

Improving the transparency and interpretability of neural network models in rehabilitation
robotics remains a critical challenge. Clinicians need tools that clearly explain how these models make
predictions and decisions. Without such transparency, the widespread adoption of neural network-
based exoskeletons in rehabilitation could face resistance. Solutions might include developing user-
friendly interfaces or incorporating explainable AI frameworks into the design of these systems.

While neural network models have shown great potential to transform upper limb
rehabilitation, further research is necessary to overcome current limitations. Priorities should include
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enhancing real-time processing capabilities, creating more adaptive algorithms, and integrating
multimodal data to improve the robustness and personalization of therapy. These advancements
could lead to better clinical outcomes, expand access to home-based rehabilitation, and significantly
enhance patient care.

6. Future Directions

The future of neural networks in exoskeleton-assisted upper limb rehabilitation offers significant
potential to enhance patient care. A key priority is developing pre-trained neural networks optimized
for rehabilitation tasks. These models, trained on datasets such as EMG and EEG signals, can be fine-
tuned for specific patients or activities. Using standardized models can minimize training time and
accelerate deployment in clinical settings, leading to more consistent results and better therapy
outcomes.

However, specialized hardware is essential for accurate, real-time processing of physiological
signals like EMG and EEG. Many current systems struggle with latency and precision due to the
complexity of signal processing. Future development should focus on hardware tailored for real-time
neural signal analysis, integrated with lightweight neural networks. This will ensure fast
computations with minimal latency, enabling rehabilitation devices to quickly adapt to patient
movements and signals.

Another promising avenue is reinforcement learning (RL), which allows systems to learn from
patient feedback and dynamically adjust therapy protocols. This personalized approach ensures that
treatments evolve in response to individual progress, making rehabilitation more effective and
patient centered.

To further accelerate progress, it is crucial to make pre-trained neural networks accessible to
researchers globally. This would enable scientists to build existing models rather than starting from
scratch, fostering collaboration and innovation. Open access to these models would also promote
standardization across studies, facilitating easier comparison of results and driving the field forward
more efficiently.

7. Conclusion

This systematic review examines the application of various neural network models in
exoskeleton-based robot-assisted upper limb rehabilitation. Neural networks, including
Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTM) networks, Radial Basis
Function Neural Networks (RBFNNs), and Recurrent Neural Networks (RNNs), have significantly
advanced rehabilitation by enhancing movement intention estimation, real-time control, and
personalized patient care. These models effectively process complex physiological signals, such as
surface electromyography (sEMG) and electroencephalography (EEG), which allows effective robot
user communication.

The review emphasizes how neural networks improve motion recognition accuracy, minimize
synchronization errors, and enable personalized rehabilitation by adapting to patient-specific needs.
Their ability to capture temporal dependencies and generate real-time predictions has made
exoskeleton systems more responsive and effective. Additionally, these networks play a crucial role
in evaluating patients' recovery progress by interpreting physiological signals and monitoring
rehabilitation outcomes.

Despite these advancements, challenges persist, particularly in reducing computational
complexity and ensuring real-time processing suitable for clinical applications. Future research
should aim to refine algorithms, integrate multimodal data, and develop hybrid models that further
enhance adaptability and performance.

In conclusion, neural networks are essential for creating intelligent, adaptive exoskeletons that
offer personalized rehabilitation and improve motor function. Their continued development holds
significant potential for enhancing rehabilitation outcomes and improving the quality of life for
individuals with motor impairments.


https://doi.org/10.20944/preprints202411.0183.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2024 d0i:10.20944/preprints202411.0183.v2

38

Author Contributions:

Nafizul Alam: literature review, methodology design, data curation, data analysis, figure preparation,
manuscript drafting, revision and rewriting.

SK Hasan: conceptualization, manuscript drafting, figure preparation and revision and rewriting.

Gazi Abdullah Mashud: manuscript drafting, revision and rewriting.

Subodh Bhujel: conceptualization, data curation, data analysis, revision and rewriting.
Each author has read and approved the final version of the manuscript and agrees to be accountable for all
aspects of the work.
Funding; This research received no specific grant from any funding agency in the public, commercial, or not-
for-profit sectors
Acknowledgement: The authors would like to express their gratitude to the Mechanical and Manufacturing
Engineering Department, College of Engineering and Computing, Miami University for providing the resources
and facilities necessary for this research.
Conflicts of Interest: The authors declare that they have no known competing financial interests or personal
relationships that could have appeared to influence the work reported in this manuscript.

References

1.  A.Houtenville and S. Bach, “Annual Report on People with Disabilities in America: 2024,” University of
New Hampshire, Institute on Disability, Durham, NH, 2024.

2. S.Bhujel and - Sk Hasan, “A comparative study of end-effector and exoskeleton type rehabilitation robots
in human upper extremity rehabilitation,” Human-Intelligent Systems Integration 2023 5:1, vol. 5, no. 1,
pp- 11-42, Jun. 2023, doi: 10.1007/542454-023-00048-Y .

3. M. A.Gull, S. Bai, and T. Bak, “A Review on Design of Upper Limb Exoskeletons,” Robotics 2020, Vol. 9,
Page 16, vol. 9, no. 1, p. 16, Mar. 2020, doi: 10.3390/ROBOTICS9010016.

4. C.]. Hasson, J. Manczurowsky, E. C. Collins, and M. Yarossi, “Neurorehabilitation robotics: how much
control should therapists have?,” Front Hum Neurosci, vol. 17, 2023, doi: 10.3389/FNHUM.2023.1179418.

5. L. Alzubaidi et al., “Review of deep learning: concepts, CNN architectures, challenges, applications, future
directions,” Journal of Big Data 2021 8:1, vol. 8, no. 1, pp. 1-74, Mar. 2021, doi: 10.1186/S40537-021-00444-8.

6. A.D.Banyaiand C. Brisan, “Robotics in Physical Rehabilitation: Systematic Review,” Healthcare 2024, Vol.
12, Page 1720, vol. 12, no. 17, p. 1720, Aug. 2024, doi: 10.3390/HEALTHCARE12171720.

7. S. M. Al-Selwi et al,, “RNN-LSTM: From applications to modeling techniques and beyond —Systematic
review,” Journal of King Saud University - Computer and Information Sciences, vol. 36, no. 5, p. 102068,
Jun. 2024, doi: 10.1016/].JKSUCI.2024.102068.

8.  B.Ren, Z.Zhang, C. Zhang, and S. Chen, “Motion Trajectories Prediction of Lower Limb Exoskeleton Based
on Long Short-Term Memory (LSTM) Networks,” Actuators 2022, Vol. 11, Page 73, vol. 11, no. 3, p. 73, Feb.
2022, doi: 10.3390/ACT11030073.

9. R.Fareh, A. Elsabe, M. Baziyad, T. Kawser, B. Brahmi, and M. H. Rahman, “Will Your Next Therapist Be a
Robot? — A Review of the Advancements in Robotic Upper Extremity Rehabilitation,” Sensors 2023, Vol.
23, Page 5054, vol. 23, no. 11, p. 5054, May 2023, doi: 10.3390/523115054.

10. Q. Ai, Z. Liu, W. Meng, Q. Liu, and S. Q. Xie, “Machine Learning in Robot-Assisted Upper Limb
Rehabilitation: A Focused Review,” IEEE Trans Cogn Dev Syst, vol. 15, no. 4, pp. 2053-2063, Dec. 2023, doi:
10.1109/TCDS.2021.3098350.

11. E.Bardi, M. Gandolla, F. Braghin, F. Resta, A. L. G. Pedrocchi, and E. Ambrosini, “Upper limb soft robotic
wearable devices: a systematic review,” ] Neuroeng Rehabil, vol. 19, no. 1, pp. 1-17, Dec. 2022, doi:
10.1186/512984-022-01065-9/FIGURES/3.

12.  J. Fu, R. Choudhury, S. M. Hosseini, R. Simpson, and J. H. Park, “Myoelectric Control Systems for Upper
Limb Wearable Robotic Exoskeletons and Exosuits—A Systematic Review,” Sensors 2022, Vol. 22, Page
8134, vol. 22, no. 21, p. 8134, Oct. 2022, doi: 10.3390/522218134.


https://doi.org/10.20944/preprints202411.0183.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2024 d0i:10.20944/preprints202411.0183.v2

39

13. S. Dalla Gasperina, L. Roveda, A. Pedrocchi, F. Braghin, and M. Gandolla, “Review on Patient-Cooperative
Control Strategies for Upper-Limb Rehabilitation Exoskeletons,” Front Robot Al, vol. 8, p. 745018, Dec.
2021, doi: 10.3389/FROBT.2021.745018/BIBTEX.

14. G. Gaudet, M. Raison, and S. Achiche, “Current Trends and Challenges in Pediatric Access to Sensorless
and Sensor-Based Upper Limb Exoskeletons,” Sensors 2021, Vol. 21, Page 3561, vol. 21, no. 10, p. 3561, May
2021, doi: 10.3390/521103561.

15. M. Dezman et al., “Wearable upper limb robotics for pervasive health: a review,” Progress in Biomedical
Engineering, vol. 5, no. 3, p. 032003, May 2023, doi: 10.1088/2516-1091/ACC70A.

16. S. M. Sarhan, M. Z. Al-Faiz, and A. M. Takhakh, “A review on EMG/EEG based control scheme of upper
limb rehabilitation robots for stroke patients,” Heliyon, vol. 9, no. 8, p. e18308, Aug. 2023, doi:
10.1016/].HELIYON.2023.E18308.

17. P. Xu, D. Xia, J. Li, J. Zhou, and L. Xie, “Execution and perception of upper limb exoskeleton for stroke
patients: a systematic review,” Intelligent Service Robotics 2022 15:4, vol. 15, no. 4, pp. 557-578, Aug. 2022,
doi: 10.1007/S11370-022-00435-5.

18. H. Robinson, S. Pawar, A. Rasheed, and O. San, “Physics guided neural networks for modelling of non-
linear dynamics,” Neural Networks, vol. 154, pp. 333-345, Oct. 2022, doi: 10.1016/]. NEUNET.2022.07.023.

19. M. Kotyrba et al., “Proposal of neural network model for neurocognitive rehabilitation and its comparison
with fuzzy expert system model,” BMC Med Inform Decis Mak, vol. 23, no. 1, Dec. 2023, doi:
10.1186/512911-023-02321-1.

20. A. Szczesna, M. Blaszczyszyn, and A. Kawala-Sterniuk, “Convolutional neural network in upper limb
functional motion analysis after stroke,” Peer], vol. 8, Oct. 2020, doi: 10.7717/PEER].10124/SUPP-1.

21. A.Ben Haj Amor, O. El Ghoul, and M. Jemni, “Sign Language Recognition Using the Electromyographic
Signal: A Systematic Literature Review,” Sensors (Basel), vol. 23, no. 19, Oct. 2023, doi: 10.3390/523198343.

22.  O.A.M.Lépez, A. M. Lépez, and Dr. J. Crossa, “Convolutional Neural Networks,” Multivariate Statistical
Machine Learning Methods for Genomic Prediction, pp. 533-577, Jan. 2022, doi: 10.1007/978-3-030-89010-
0_13.

23. M. M. Taye, “Theoretical Understanding of Convolutional Neural Network: Concepts, Architectures,
Applications, Future Directions,” Computation 2023, Vol. 11, Page 52, vol. 11, no. 3, p. 52, Mar. 2023, doi:
10.3390/COMPUTATION11030052.

24. H. Li, S. Guo, D. Bu, H. Wang, and M. Kawanishi, “Subject-Independent Estimation of Continuous
Movements Using CNN-LSTM for a Home-Based Upper Limb Rehabilitation System,” IEEE Robot Autom
Lett, vol. 8, no. 10, pp. 6403-6410, Oct. 2023, doi: 10.1109/LRA.2023.3303701.

25. ]J.Tryon and A. L. Trejos, “Evaluating Convolutional Neural Networks as a Method of EEG-EMG Fusion,”
Front Neurorobot, vol. 15, p. 692183, Nov. 2021, doi: 10.3389/FNBOT.2021.692183/BIBTEX.

26. Q.Liu etal., “Path Planning and Impedance Control of a Soft Modular Exoskeleton for Coordinated Upper
Limb Rehabilitation,” Front Neurorobot, vol. 15, Nov. 2021, doi: 10.3389/fnbot.2021.745531.

27. Y. Jiang et al., “Shoulder muscle activation pattern recognition based on sSEMG and machine learning
algorithms,” Comput Methods Programs Biomed, vol. 197, Dec. 2020, doi: 10.1016/j.cmpb.2020.105721.

28. Z. Tang et al.,, “An Upper-Limb Rehabilitation Exoskeleton System Controlled by MI Recognition Model
With Deep Emphasized Informative Features in a VR Scene,” IEEE Transactions on Neural Systems and
Rehabilitation Engineering, vol. 31, pp. 43904401, 2023, doi: 10.1109/TNSRE.2023.3329059.

29. D. Bu, S. Guo, and H. Li, “sEMG-Based Motion Recognition of Upper Limb Rehabilitation Using the
Improved Yolo-v4 Algorithm,” Life, vol. 12, no. 1, Jan. 2022, doi: 10.3390/1ife12010064.

30. A. Al Bakri, M. Y. Lezzar, M. Alzinati, K. Mortazavi, W. Shehieb, and T. Sharif, “Intelligent Exoskeleton for
Patients with Paralysis,” 2018 IEEE 9th Annual Information Technology, Electronics and Mobile
Communication Conference, IEMCON 2018, pp. 189-193, Jul. 2018, doi: 10.1109/IEMCON.2018.8614867.

31. P. Sedighi, X. Li, and M. Tavakoli, “EMG-Based Intention Detection Using Deep Learning for Shared
Control in Upper-Limb Assistive Exoskeletons,” IEEE Robot Autom Lett, vol. 9, no. 1, pp. 41-48, Jan. 2024,
doi: 10.1109/LRA.2023.3330678.


https://doi.org/10.20944/preprints202411.0183.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2024 d0i:10.20944/preprints202411.0183.v2

40

32. J. Lee et al,, “Intelligent upper-limb exoskeleton integrated with soft bioelectronics and deep learning for
intention-driven augmentation,” npj Flexible Electronics 2024 8:1, vol. 8, no. 1, pp. 1-13, Feb. 2024, doi:
10.1038/s41528-024-00297-0.

33. T.Zhong, D. Li, ]. Wang, J. Xu, Z. An, and Y. Zhu, “Fusion Learning for sEMG Recognition of Multiple
Upper-Limb Rehabilitation Movements,” Sensors 2021, Vol. 21, Page 5385, vol. 21, no. 16, p. 5385, Aug.
2021, doi: 10.3390/521165385.

34. D. Kong, W. Wang, Y. Shi, and L. Kong, “Flexible Control Strategy for Upper-Limb Rehabilitation
Exoskeleton Based on Virtual Spring Damper Hypothesis,” Actuators, vol. 11, no. 5, May 2022, doi:
10.3390/act11050138.

35. G. Zhang, J. Wang, P. Yang, and S. Guo, “A learning control scheme for upper-limb exoskeleton via
adaptive sliding mode technique,” Mechatronics, vol. 86, Oct. 2022, doi:
10.1016/j.mechatronics.2022.102832.

36. S.K. Hasan, “Radial basis function-based exoskeleton robot controller development,” IET Cyber-Systems
and Robotics, vol. 4, no. 3, pp. 228-250, Sep. 2022, doi: 10.1049/CSY2.12057.

37. S. Guo, W. Gao, and D. Bu, “Radial Basis Function Neural Network-based Control Method for a Upper
Limb Rehabilitation Robot,” Proceedings of 2019 IEEE International Conference on Mechatronics and
Automation, ICMA 2019, pp. 1327-1332, Aug. 2019, doi: 10.1109/ICMA.2019.8816340.

38. D. Xu, Q. Wu, and Y. Zhu, “Development of a sSEMG-Based Joint Torque Estimation Strategy Using Hill-
Type Muscle Model and Neural Network,” ] Med Biol Eng, vol. 41, no. 1, pp. 34-44, Feb. 2021, doi:
10.1007/s40846-020-00539-2.

39. Q. Wu, B. Chen, and H. Wu, “RBFN-Based Adaptive Backstepping Sliding Mode Control of an Upper-
Limb Exoskeleton with Dynamic Uncertainties,” IEEE Access, vol. 7, pp. 134635-134646, 2019, doi:
10.1109/ACCESS.2019.2941973.

40. Q. Wu, B. Chen, and H. Wu, “Adaptive admittance control of an upper extremity rehabilitation robot with
neural-network-based disturbance observer,” IEEE Access, vol. 7, pp. 123807-123819, 2019, doi:
10.1109/ACCESS.2019.2938566.

41. C. Wang, L. Peng, and Z. G. Hou, “A Control Framework for Adaptation of Training Task and Robotic
Assistance for Promoting Motor Learning With an Upper Limb Rehabilitation Robot,” IEEE Trans Syst Man
Cybern Syst, vol. 52, no. 12, pp. 7737-7747, Dec. 2022, doi: 10.1109/TSMC.2022.3163916.

42. Y. Guo, H. Wang, Y. Tian, and D. G. Caldwell, “Task performance-based adaptive velocity assist-as-needed
control for an upper limb exoskeleton,” Biomed Signal Process Control, vol. 73, p. 103474, Mar. 2022, doi:
10.1016/].BSPC.2021.103474.

43. Q. Wu and Y. Chen, “Adaptive cooperative control of a soft elbow rehabilitation exoskeleton based on
improved joint torque estimation,” Mech Syst Signal Process, vol. 184, p. 109748, Feb. 2023, doi:
10.1016/].YMSSP.2022.109748.

44. M. Li, “Comprehensive Review of Backpropagation Neural Networks,” Academic Journal of Science and
Technology, vol. 9, no. 1, pp. 150-154, Jan. 2024, doi: 10.54097/51Y16R47.

45. J. Liang et al, “A Real-Time Control Method for Upper Limb Exoskeleton Based on Active Torque
Prediction Model,” Bioengineering 2023, Vol. 10, Page 1441, vol. 10, no. 12, p. 1441, Dec. 2023, doi:
10.3390/BIOENGINEERING10121441.

46. Y. Tang et al., “Glenohumeral joint trajectory tracking for improving the shoulder compliance of the upper
limb rehabilitation robot,” Med Eng Phys, vol. 113, Mar. 2023, doi: 10.1016/]. MEDENGPHY.2023.103961.

47. Z.Tang, K. Zhang, S. Sun, Z. Gao, L. Zhang, and Z. Yang, “An Upper-Limb Power-Assist Exoskeleton
Using Proportional Myoelectric Control,” Sensors 2014, Vol. 14, Pages 6677-6694, vol. 14, no. 4, pp. 6677—
6694, Apr. 2014, doi: 10.3390/5140406677.

48. Z.Yang, S. Guo, Y. Liu, H. Hirata, and T. Tamiya, “An intention-based online bilateral training system for
upper limb motor rehabilitation,” Microsystem Technologies, vol. 27, no. 1, pp. 211-222, Jan. 2021, doi:
10.1007/500542-020-04939-X/FIGURES/13.

49. R.]J. Wai and R. Muthusamy, “Design of fuzzy-neural-network-inherited backstepping control for robot
manipulator including actuator dynamics,” IEEE Transactions on Fuzzy Systems, vol. 22, no. 4, pp. 709-
722, 2014, doi: 10.1109/TFUZZ.2013.2270010.


https://doi.org/10.20944/preprints202411.0183.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2024 d0i:10.20944/preprints202411.0183.v2

41

50. P.V.de Campos Souza, “Fuzzy neural networks and neuro-fuzzy networks: A review the main techniques
and applications used in the literature,” Appl Soft Comput, vol. 92, p. 106275, Jul. 2020, doi:
10.1016/].ASOC.2020.106275.

51. G. Xu, A. Song, and H. Li, “Adaptive impedance control for upper-limb rehabilitation robot using
evolutionary dynamic recurrent fuzzy neural network,” Journal of Intelligent and Robotic Systems: Theory
and Applications, vol. 62, no. 34, pp. 501-525, Jun. 2011, doi: 10.1007/S10846-010-9462-3/METRICS.

52.  B.O.Mushage, J. C. Chedjou, and K. Kyamakya, “Fuzzy neural network and observer-based fault-tolerant
adaptive nonlinear control of uncertain 5-DOF upper-limb exoskeleton robot for passive rehabilitation,”
Nonlinear Dyn, vol. 87, no. 3, pp. 2021-2037, Feb. 2017, doi: 10.1007/511071-016-3173-7/FIGURES/4.

53. A. Razzaghian, “A fuzzy neural network-based fractional-order Lyapunov-based robust control strategy
for exoskeleton robots: Application in upper-limb rehabilitation,” Math Comput Simul, vol. 193, pp. 567—
583, Mar. 2022, doi: 10.1016/] MATCOM.2021.10.022.

54. W.Liu, Z. Wang, X. Liu, N. Zeng, Y. Liu, and F. E. Alsaadi, “A survey of deep neural network architectures
and their applications,” Neurocomputing, vol. 234, pp. 1126, Apr. 2017, doi:
10.1016/]. NEUCOM.2016.12.038.

55. D. Mikolajewski, I. Rojek, P. Kotlarz, J. Dorozynski, and J. Kopowski, “Personalization of the 3D-Printed
Upper Limb Exoskeleton Design—Mechanical and IT Aspects,” Applied Sciences 2023, Vol. 13, Page 7236,
vol. 13, no. 12, p. 7236, Jun. 2023, doi: 10.3390/APP13127236.

56. W.D. Wang, J. B. Zhang, X. Wang, X. Q. Yuan, and P. Zhang, “Motion intensity modeling and trajectory
control of upper limb rehabilitation exoskeleton robot based on multi-modal information,” Complex and
Intelligent Systems, vol. 8, no. 3, pp. 2091-2103, Jun. 2022, doi: 10.1007/S40747-021-00632-2/TABLES/2.

57. B. S. Hasan, “Deep Learning Technology-Based Exoskeleton Robot Controller Development,” Sep. 2022,
Accessed: Oct. 09, 2024. [Online]. Available: https://arxiv.org/abs/2209.12133v2

58. W. Wendong et al, “Design and verification of a human-robot interaction system for upper limb
exoskeleton rehabilitation,” Med Eng Phys, vol. 79, pp. 19-25, May 2020, doi:
10.1016/]. MEDENGPHY.2020.01.016.

59. M. Ghislieri, G. L. Cerone, M. Knaflitz, and V. Agostini, “Long short-term memory (LSTM) recurrent neural
network for muscle activity detection,” ] Neuroeng Rehabil, vol. 18, no. 1, p. 153, Dec. 2021, doi:
10.1186/512984-021-00945-W.

60. G. Van Houdt, C. Mosquera, and G. Napoles, “A review on the long short-term memory model,” Artif
Intell Rev, vol. 53, no. 8, pp. 5929-5955, Dec. 2020, doi: 10.1007/510462-020-09838-1/TABLES/1.

61. J. L. Ren, Y. H. Chien, E. Y. Chia, L. C. Fu, and J. S. Lai, “Deep learning based motion prediction for
exoskeleton robot control in upper limb rehabilitation,” Proc IEEE Int Conf Robot Autom, vol. 2019-May,
pp- 5076-5082, May 2019, doi: 10.1109/ICRA.2019.8794187.

62. S.Kansal, D. Garg, A. Upadhyay, S. Mittal, and G. S. Talwar, “DL-AMPUT-EEG: Design and development
of the low-cost prosthesis for rehabilitation of upper limb amputees using deep-learning-based
techniques,” Eng Appl Artif Intell, vol. 126, p. 106990, Nov. 2023, doi: 10.1016/]. ENGAPPAI.2023.106990.

63. L. Ding, S. Li, Y. ]. Liu, H. Gao, C. Chen, and Z. Deng, “Adaptive neural network-based tracking control
for full-state constrained wheeled mobile robotic system,” IEEE Trans Syst Man Cybern Syst, vol. 47, no. 8,
pp- 2410-2419, Aug. 2017, doi: 10.1109/TSMC.2017.2677472.

64. S.S.Ge,]. Zhang, and T. H. Lee, “Adaptive neural network control for a class of MIMO nonlinear systems
with disturbances in discrete-time,” IEEE Transactions on Systems, Man, and Cybernetics, Part B:
Cybernetics, vol. 34, no. 4, pp. 1630-1645, Aug. 2004, doi: 10.1109/TSMCB.2004.826827.

65. J. B. Aldrich and C. A. Cousin, “Saturated Adaptive Control of Antagonistic Muscles on an Upper-Limb
Hybrid Exoskeleton,” Proceedings of the American Control Conference, vol. 2022-June, pp. 43974402,
2022, doi: 10.23919/ACC53348.2022.9867814.

66. M. Rahmani and M. H. Rahman, “Adaptive Neural Network Fast Fractional Sliding Mode Control of a 7-
DOF Exoskeleton Robot,” Int J Control Autom Syst, vol. 18, no. 1, pp. 124-133, Jan. 2020, doi:
10.1007/512555-019-0155-1/METRICS.


https://doi.org/10.20944/preprints202411.0183.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2024 d0i:10.20944/preprints202411.0183.v2

42

67. D. He, H. P. Wang, Y. Tian, and Y. Guo, “A Fractional-Order Ultra-Local Model-Based Adaptive Neural
Network Sliding Mode Control of n-DOF Upper-Limb Exoskeleton With Input Deadzone,” IEEE/CAA
Journal of Automatica Sinica, vol. 11, no. 3, pp. 760-781, Mar. 2024, doi: 10.1109/JAS.2023.123882.

68. Z.C. Lipton, J. Berkowitz, and C. Elkan, “A Critical Review of Recurrent Neural Networks for Sequence
Learning,” May 2015, Accessed: Oct. 09, 2024. [Online]. Available: https://arxiv.org/abs/1506.00019v4

69. Y.; Gu et al, “A Review of Hand Function Rehabilitation Systems Based on Hand Motion Recognition
Devices and Artificial Intelligence,” Brain Sciences 2022, Vol. 12, Page 1079, vol. 12, no. 8, p. 1079, Aug.
2022, doi: 10.3390/BRAINSCI12081079.

70. R. Guido, S. Ferrisi, D. Lofaro, and D. Conforti, “An Overview on the Advancements of Support Vector
Machine Models in Healthcare Applications: A Review,” Information 2024, Vol. 15, Page 235, vol. 15, no.
4, p. 235, Apr. 2024, doi: 10.3390/INFO15040235.

71. R.Joshua Samuel Raj, J. Prince Antony Joel, S. Alelyani, M. S. Alsager, and C. Anand Deva Durai, “Design
of Human Adaptive Mechatronics Controller for Upper Limb Motion Intention Prediction,” Computers,
Materials & Continua, vol. 71, no. 1, pp. 1171-1188, Nov. 2021, doi: 10.32604/CMC.2022.021667.

72. L. Maler, “Neural Networks: How a Multi-Layer Network Learns to Disentangle Exogenous from Self-
Generated Signals,” Curr Biol, vol. 30, no. 5, pp. R224-R226, Mar. 2020, doi: 10.1016/].CUB.2020.01.030.

73. C.Wang, L. Peng, Z. G. Hou, L. Luo, S. Chen, and W. Wang, “SEMG-Based Torque Estimation Using Time-
Delay ANN for Control of an Upper-Limb Rehabilitation Robot,” 2018 IEEE International Conference on
Cyborg and Bionic Systems, CBS 2018, pp. 585-591, Jul. 2018, doi: 10.1109/CBS.2018.8612261.

74. F. Resquin et al., “Adaptive hybrid robotic system for rehabilitation of reaching movement after a brain
injury: A usability study,” ] Neuroeng Rehabil, vol. 14, no. 1, Oct. 2017, doi: 10.1186/s12984-017-0312-4.

75. F.Medina, K. Perez, D. Cruz-Ortiz, M. Ballesteros, and I. Chairez, “Control of a hybrid upper-limb orthosis
device based on a data-driven artificial neural network classifier of electromyography signals,” Biomed
Signal Process Control, vol. 68, p. 102624, Jul. 2021, doi: 10.1016/].BSPC.2021.102624.

76. M. Risteiu, M. Leba, O. Stoicuta, and A. Ionica, “Study on ANN based Upper Limb Exoskeleton,” 20th IEEE
Mediterranean Electrotechnical Conference, MELECON 2020 - Proceedings, pp. 402-405, Jun. 2020, doi:
10.1109/MELECON48756.2020.9140691.

77. M. E. Aktan and E. Akdogan, “Development of an intelligent controller for robot-aided assessment
andtreatment guidance in physical medicine and rehabilitation,” Turkish Journal of Electrical Engineering
and Computer Sciences, vol. 29, no. 1, pp. 403-420, Jan. 2021, doi: 10.3906/elk-2007-24.

78.  A.Jebri, T.Madani, and K. Djouani, “Neural adaptive integral-sliding-mode controller with a SSVEP-based
BCI for exoskeletons,” 2019 19th International Conference on Advanced Robotics, ICAR 2019, pp. 87-92,
Dec. 2019, doi: 10.1109/ICAR46387.2019.8981615.

79. Q. Wu, B. Chen, and H. Wu, “Neural-network-enhanced torque estimation control of a soft wearable
exoskeleton for elbow assistance,” Mechatronics, vol. 63, p. 102279, Nov. 2019, doi:
10.1016/]. MECHATRONICS.2019.102279.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.


https://doi.org/10.20944/preprints202411.0183.v2

