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Abstract

Technology is transforming rehabilitative medicine by enhancing accessibility and personalisa-
tion. Robot-assisted rehabilitation uses robotic systems for recovery from physical and neurolog-
ical impairments, enabling intensive, repetitive training with real-time feedback. These systems
aim to restore motor function and mobility and to increase independence in daily life, needs that
are growing in light of population ageing. Rather than revisiting control algorithms or mechani-
cal design, this review aims to investigate the combined use of bio-signals and robotic rehabilita-
tion systems, and to discuss their potential in rehabilitation settings outside disease-specific clin-
ical frameworks. We reviewed studies published from 2020 through early 2025 to capture recent
advances in this rapidly evolving field. Our objective was to assess the relevance of these technolo-
gies to rehabilitation outcomes, such as improvements in motor function or other clinical met-
rics. We considered robot-assisted systems driven by biosignals such as electromyography (EMG),
electroencephalography, or electrocardiography and included only studies reporting measurable
rehabilitative outcomes. Following PRISMA guidelines, we searched Scopus, PubMed, and WoS
databases. Of 207 records screened, 15 met the inclusion criteria. Overall, the included studies
suggest that contemporary biosignal-controlled robotic rehabilitation, particularly EMG-driven
approaches, may support more intensive, personalised, and engaging therapy than conventional
care alone, although the current evidence remains preliminary. Preliminary findings indicate that,
by closing the loop among patient, device, and therapist, these systems may reduce muscle activity
and support improvements in motor performance; however, the evidence base remains heteroge-
neous and generally underpowered. To support future clinical adoption, the field needs adequately
sized, head-to-head trials with standardised outcome measures, longer follow-up, and transparent
reporting of adherence, adverse events, user experience, and implementation barriers, including
training and cost. These steps will be important to further assess efficacy and evaluate usability in
real-world settings.
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DoF - Degrees of freedom

ECG - Electrocardiography

EEG - Electroencephalography

EMG - Electromyography

FES - Functional electrical stimulation

FR - Frequency ratio

F/T - Force/torque

GMM - Gaussian mixture model

HRV - Heart rate variability

IoT - Internet of things

LSTM - Long short-term memory

MAC - Model accuracy classification

MAE - Mean absolute error

MAV - Mean absolute value

ML - Machine learning

MNF - Mean frequency

MNP - Mean power

MRAC - Model reference adaptive control

NN - Neural network

OSCS - Optimised stimulation control system
PAMs - Pneumatic artificial muscles
R-LLGMN - Recurrent probabilistic neural network
RFF - Random Fourier features

RLS NN - Recursive least squares neural network
RL - Reinforcement learning

RMS - Root mean square

RMSE - Root mean square error

RoM - Range of motion

sEMG - Surface electromyography

SSI - Simple square integral

SVM - Support vector machine

ULCDRR - Upper-limb cable-driven rehabilitation robot
VR - Virtual reality

XR - Extended reality

1. Introduction

By increasing treatment accessibility, customisation, and efficacy, technology-assisted solutions are chang-
ing rehabilitation medicine. Often equalling or surpassing conventional approaches in specific outcomes,
robotics, virtual reality (VR), wearable sensors, telerehabilitation, and smart assistive technologies are
now used to improve motor and cognitive rehabilitation [1, 2]. Robot-assisted rehabilitation, in particu-
lar, employs advanced robotic systems to support individuals in recovering from physical or neurological
impairments resulting from injuries, illnesses, or other conditions. This method represents a technolog-
ical advancement in the field of rehabilitation. By enabling high-dose, repetitive training with objective
measurement and real-time feedback, these systems are designed to support improvements in motor per-
formance, mobility, and, when translated into daily function, independence in activities of daily living
(3, 4].

Several studies report that robotic interventions can increase the amount of active participation or
voluntary effort during training compared with conventional therapy alone [5-7]. The integration of
traditional rehabilitation with robotic therapy enhances functional recovery, reducing recovery time by
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increasing treatment intensity [8] and personalising rehabilitation programs [9]. Beyond clinical out-
comes, in recent years, robotic rehabilitation has been discussed in relation to demographic challenges,
including population ageing and the growing prevalence of neurological disability [10, 11]. Many plat-
forms incorporate social and gamified elements, supporting patient engagement and ‘productivity’ [12,
13]. These interactive systems guide, enhance, stimulate, and facilitate the neuroplastic processes associ-
ated with motor learning [14]. In the context of post-stroke recovery, the use of robotic devices allows
for faster and more effective rehabilitation, compared to conventional training [15]. Despite the benefits
of automation, the therapist remains central. He should play a key role in administering robotic therapy,
including tasks such as adjusting the robot’s parameters, preventing the use of compensatory strategies
that could harm the patient, and finding the right balance between challenging tasks that promote reha-
bilitation and those that might discourage patients [16—18]. The implementation of robot-assisted ther-
apy platforms that require minimal supervision can increase the intensity of the therapy by allowing one
therapist to supervise multiple patients simultaneously, thereby reducing the therapist’s workload [4] and
supporting remote training through telerehabilitation [19]. In this context, IoT technologies allow for
smooth and as-needed communication between therapists, patients, and robotic systems, optimising the
therapy process and expanding access to care [20]. IoT technologies mark an important step forward in
robotic rehabilitation, with real-time data on patient performance and vital signs that could be collected
to monitor and adjust therapy protocols continuously [21]. This data-driven approach not only improves
the accuracy of robotic interventions but also supports more flexible and accessible remote rehabilitation.

Within this evolving landscape, robotic rehabilitation devices are commonly classified into two cate-
gories: end-effector systems and exoskeletons, based on how they support and interact with users’ limbs
[14]. Here’s an overview:

e End-Effector Devices: these systems interact with the user at a single distal contact point (e.g. hand or
foot), guiding the limb through a defined workspace [22]. Compared with exoskeletons, they gener-
ally offer a simpler mechanical structure and faster setup, and can be adjusted to accommodate differ-
ent body sizes and impairment levels [23];

e Exoskeletons are external robotic devices that are mounted on the body, providing motor support and
assistance to people with disabilities [17]. They can offer precise control of multiple DoF for complex
limb movements. These systems can be sub-classified into fixed exoskeletons, which operate within a
predefined space, and wearable exoskeletons, in which the mechanical structure moves in coordina-
tion with the user [24]. Wearable exoskeletons support user mobility and, when properly designed,
can improve comfort and efficiency and be adapted to patient-specific needs.

In addition to the mechanical classification, robotic rehabilitation devices can also be distinguished based
on the way they interact with the patient. Robotic devices can be classified into:

o Assistive/compensatory: these devices enhance the ability to perform an action or enable actions that
would otherwise be impossible [25];

o Interactive/rehabilitative: when the goal is to promote and accelerate the recovery of impaired func-
tion, for example, by enhancing neuroplasticity mechanisms, both in the acute and chronic phases.
These technologies are further classified based on the predominant context of their application: diag-
nostic (e.g. quantitative electroencephalography), therapeutic (e.g. transcranial direct current stimula-
tion), or combined diagnostic-therapeutic (e.g. VR) [17, 26].

A further distinction concerns the macro-function or body district that the robotic device aims to
assist/compensate, or rehabilitate. Systems are mainly distinguished by the upper and lower limbs:

e Upper limb rehabilitation is essential for helping individuals regain the ability to perform tasks like
reaching and manipulating objects [27]. It primarily targets coordinated control across the shoulder
(commonly modelled with 3 DoF), elbow flexion-extension (1 DoF), forearm pronation-supination (1
DoF), and wrist motion (typically 2 DoF), which together enable coordinate movements. This coordi-
nation is particularly important for those with motor impairments, as it directly impacts their ability
to perform everyday activities.
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Figure 1. Classification of robotic rehabilitation systems by type of assistance provided.

e Lower limb rehabilitation aims to improve hip, knee, and ankle/foot function to restore locomo-
tion and postural stability [28, 29]; Given their role in propulsion, balance control, and body sup-
port, lower-limb gains translate into improved gait and functional mobility, supporting greater inde-
pendence. This area of rehabilitation is particularly relevant in various clinical contexts, including
orthopaedic trauma, degenerative diseases, and neurological conditions.

A key advantage of robotic rehabilitation is the ability to actively involve the subject in therapy: the
robot can help active patient-initiated movement rather than passively moving a limb. Concerning the
assistance modes provided by the device [30, 31], those can be mainly classified as :

e Passive mode, active mode, assisted mode, active-assisted mode, mirrored mode, resistive mode,

as shown in figure 1.

To actively assist patients, modern rehabilitation robots often integrate biosignal inputs, i.e. mea-
surable physiological signals from the user, to detect the user’s movement intent and adjust assistance
accordingly.

With biosignal, we refer to measurable bioelectrical physiological signals generated by the human
body (e.g. neural, muscular, or cardiovascular activity) that can be acquired and processed to infer the
user’s state or intention and to control assistive or rehabilitative devices [32, 33].

Biosignals commonly employed in robotic rehabilitative systems (see figure 2) include:

e EMG provides direct information on muscle activation patterns, enabling the assessment of residual
motor function and voluntary effort during rehabilitation [34, 35]. EMG signals are widely used for
intention detection, human-robot interaction, and adaptive control strategies in assistive and rehabili-
tative robotic devices [34, 36-38].

o EEG measures changes in electrical potentials over the scalp with millisecond resolution using elec-
trodes on the skin surface [39, 40]. EEG is particularly important in rehabilitation scenarios involving
impaired voluntary movement, as it allows the detection of motor intention and mental workload,
supporting brain-computer interface-based control and neuroplasticity-oriented therapies [41-45].

e ECG captures cardiac electrical activity and can be used to derive indices such as heart rate and HRV,
which are commonly employed as indirect markers of autonomic modulation [46]. During rehabili-
tation sessions, ECG and HRV monitoring can support the assessment of the patient’s physiological
load and has been investigated in relation to fatigue and stress-related responses [47, 48]. Continuous
ECG monitoring allows safety and enables the adaptation of robotic training intensity according to
cardiovascular responses [49-51].
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Figure 2. Robotic rehabilitation device controlled by biosignals.

In addition to biomechanical signals, physiological signals are increasingly considered in the design
and control of robotic rehabilitation devices. Biosignals can provide insight into the user’s physiological
and cognitive state and can contribute to the estimation of movement attempt or intent. This enables
adaptive assistance strategies in real time, supporting protocol personalisation and continuous monitor-
ing of user responses. This strategy supports an interactive closed-loop therapy where the patient’s own
signals are used to bridge the gap between intention and execution, promoting motor relearning through
active participation. Among biosignals, EMG provides information about the status of the peripheral
nerves and muscles [52]. The electrical behaviour of muscle tissue during contraction provides infor-
mation on the innervation status and biochemical condition of the examined muscle [53]. Given the
strong relationship between muscle electrical activity and the force generated, sSEMG is widely used as
a non-invasive method to estimate the generated force and joint torque. It is also central in developing
control algorithms [54, 55] for robotic applications based on user intent, such as robotic arms [56-58],
exoskeletons [59, 60], and prosthetic devices [61]. The patients’ muscle activation is one main expression
of the rehabilitation efficacy [62]. Even in cases where patients cannot generate sufficient joint torques,
SsEMG can detect user intent and thus control exoskeletons, making it a valuable source for promoting
mobility and recovery outcomes [63].

However, biologically controlled rehabilitation robotics remains heterogeneous and rapidly evolving,
with substantial variation in sensing modalities, control architectures, and the level of clinical validation.
Prototypes and pilot studies have been reported across multiple patient populations and clinical condi-
tions. In detail, most prior reviews indicate that robot-assisted rehabilitation can be effective [10, 17, 61,
64, 65], but they often zoom in on a single disorder or a narrow class of technology [30, 66-69].

Given the available research, a systematic review evaluating the rehabilitative effects of biosignal-
driven robotic solutions is still lacking.

Existing reviews, surveys, and editorials predominantly focus on exoskeleton control strategies
[70-74] or on biosignal-based approaches [75-86], none of these works directly address the specific
focus of this study. This highlights the novelty and originality of the present review. Rather than focus-
ing on control algorithms or mechanical design features, this review synthesises evidence on rehabilita-
tion outcomes achieved using biosignal-controlled robotic systems. Indeed, our focus is on robot-assisted
systems driven by biosignals such as EEG, EMG, or ECG, as depicted in figure 2, rather than on techno-
logical feasibility, including control strategies or mechanical design. Accordingly, only studies reporting
the use of biosignals and rehabilitative benefits, for example, improvements in motor function, e.g. mus-
cle activation, Range of Motion (RoM), active torque, or other clinical outcomes, were included, with
particular emphasis on studies employing experimental designs to confirm their advantages.

To capture recent advances in this rapidly evolving field, we reviewed studies published between
January 2020 and early 2025.
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Ultimately, the novelty of this review lies in its emphasis on the integration of biosignals into robotic
control and on rehabilitative effectiveness within robotic solutions.

2. Methods

2.1. Goal and search strategy
The literature screening was conducted using the following inclusion criteria:

e Focus on studies assessing the relevance of technologies supported by robotic devices used in rehabili-
tation and controlled through biosignals.

e Select studies reporting improvements in rehabilitation-relevant outcomes resulting from the proposed
solution, including clinical and functional measures.

We included studies investigating robot-assisted systems for movement actuation (e.g. exoskeletons, end-
effector robots) in which the robot was controlled or modulated by biosignals. VR or other experiential
interaction systems were considered only when they were integrated into a robotic rehabilitation setup
(e.g. providing task scenarios or augmented feedback), but standalone VR-based interventions without a
robotic component were not included.

This review was conceived as a perspective on biosignal integration within robotic rehabilitation
systems, focusing on emerging biosignal-controlled robotic paradigms rather than on disease-specific
clinical protocols. Therefore, we did not aim to comprehensively cover the extensive literature on well-
established conditions such as stroke or Parkinson’s disease. This decision was motivated not only
because these disease-specific systematic reviews are already available [67, 87, 88], but also because
disease-specific characteristics, compensatory mechanisms, and clinical protocols could act as confound-
ing factors when the primary aim is to isolate and analyse the role of biosignals in robotic control. Such
a choice could have introduced confounding factors and unnecessarily expanded the review, thereby
reducing the specificity of our study aim. Instead, our eligibility criteria were defined in terms of the
presence of a biosignal-controlled robotic intervention and the reporting of rehabilitation-relevant out-
comes, irrespective of the underlying diagnosis. As a consequence, we did not systematically search for or
pool disease-specific evidence for these highly investigated conditions, which we explicitly acknowledge
as a limitation of the present review.

2.2. Information sources and database querying

To conduct this literature review, the PRISMA method (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) [89, 90] was followed, serving as a useful guide for systematic reviewers

to enhance the reporting phase. The search query entered into three databases, Scopus, PubMed, and
Web of Science, was a logical string containing the following keywords and their synonyms, which were
searched in the title, abstract, or keywords of indexed records: ‘robotic’ or ‘robot-assisted” in conjunc-
tion with the term ‘rehabilitation] and biosignals such as ECG, EMG, and EEG. Documents that were
not scientific articles published in specialised journals and records not in English were excluded. Here
the query used in Pubmed: Search: ((‘robotic’ OR ‘robot-assisted’) AND ‘rehabilitation” AND (‘EMG
OR ‘ECG’ OR ‘EEG’) NOT (‘ERG’ OR ‘Electroretinography’ OR ‘Electroretinogram’ OR ‘EGG” OR
‘Electroglottography’) NOT (‘Parkinson’ OR ‘Alzheimer’ OR ‘neurocognitive diseases’ OR ‘neurocogni-
tive disease’ OR ‘stroke’ OR ‘tetraplegia’ OR ‘quadriplegia’ OR ‘cancer’ OR ‘multiple sclerosis’ OR ‘spinal
cord’ OR ‘cerebral palsy’ OR ‘autism’ OR ‘acquired brain injury’ OR ‘neurological’ OR ‘neuromuscu-
lar’ OR ‘neurodegenerative’ OR ‘hemiplegia’ OR ‘consciousness’ OR ‘cognitive’ OR ‘randomised” OR
‘trial’ OR ‘paediatrics’ OR ‘paediatric’ OR ‘neonatal’ OR ‘imagery’ OR ‘image’ OR ‘images’ OR ‘imaging’
OR ‘elderly’ OR “elderly person” OR ‘elderly people’)) AND (2020’[Date—Publication]: 2025’ [Date—
Publication]) AND (English[Language]).

2.3. Time frame selection

Studies published between January 2020 and January 2025 were prioritised to ensure that the review
reflected the most recent phase of development in robotic rehabilitation and biosignal interpretation.
This choice was motivated mainly by the rapid evolution of the field. The main objective of the tempo-
ral restriction was to examine evidence that is more representative of current technological and method-
ological approaches.
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Figure 3. Workflow for screening of the articles following PRISMA guidelines.

2.4. Data extraction and study classification

First, basic bibliographic information was extracted for each record to be screened (i.e. authors, title,
publication year, DOI, and abstract). To reduce the risk of bias, three independent reviewers then
assessed the records against the predefined inclusion/exclusion criteria. Eligible studies subsequently
underwent full-text review and data clustering. Inter-rater agreement was assessed using Fleiss’ kappa,
yielding a value of 0.784, which indicates substantial agreement.

2.5. Screening flow

The following diagram in figure 3 shows the topics related to the included and excluded articles. The
search of the PubMed database returned 54 articles, the search in Scopus returned 146, and the search in
Web of Science returned 95, for a total of 295 records. After removing duplicates (n = 88), 207 records
remained. Next, titles and abstracts were screened, resulting in the exclusion of 140 records. In partic-
ular, records were excluded if they were reviews (n = 11), editorials (n = 4), or surveys (n = 3); did
not focus on rehabilitation (n = 21) and robotic solutions (n = 41); did not include biosignal-based
control (n = 15); were incorrectly indexed (e.g. classified as original articles but actually reviews), n

= 1; focused primarily on ergonomics (n = 15); had restricted or denied access (n = 8); addressed
passive rehabilitation only (n = 4); or fell outside the scope (n = 19). Thus, 65 full-text articles were
assessed for eligibility. Of these, 50 were excluded after full-text review due to the absence of (i) an
experimental rehabilitation protocol, (ii) rehabilitative outcomes, or (iii) evidence of performance
improvement attributable to the proposed solution, criteria that were essential for inclusion in this study.
Consequently, 15 articles were included in this systematic review. In each selected study, relevant infor-
mation was extracted to compare methods, populations, and results. In particular, the following data
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Figure 4. Number of studies included in the review per year of publication (2020-2025).

were collected: the included studies were grouped and discussed according to the following variables:
target joint, robotic device type and core technology used in the solution, the role of biosignals, the
signal acquisition hardware, the extracted features, and the rehabilitative application of the proposed
solution.

3. Results

3.1. Descriptive characteristics of the included studies
A total of 15 articles were included in the results of the systematic review. As shown in figure 4, there is
an increase in the publication of studies on the topic in 2022 and 2024.

Of the 15 included papers, 11 addressed upper-limb rehabilitation and 4 addressed lower-limb reha-
bilitation. The analysis was performed separately for the two groups; within each group, studies were
discussed in the following order: (i) description of the rehabilitative robotic solutions and integration
of biosignals (e.g. EMG) within the control architecture and/or feedback loop, and (ii) experimental
Protocol, study population and outcomes.

3.2. Upper limb rehabilitation
Table 1 summarises the included articles on upper limb rehabilitation, including the joint, the kind of
robotic device, the main technology used, the role of the biosignal, the acquisition device, the features
extracted and the rehabilitative relevance.

Whether through exoskeletons, soft/wearable exosuits (as actuated gloves), or hybrid systems that
incorporate FES, or IoT-based devices, robotic solutions are central in improving motor function and in
supporting recovery. The common points across these studies are:

e Use of robotic assistance: robotic systems are integrated into the rehabilitation program to support
motor function and recovery, improving real-time feedback;

e Real-time Feedback: sensors allow for adaptive responses that improve the effectiveness of rehabil-
itation, customising exercises or assistance based on individual needs. This aspect is also improved
thanks to the use of IoT-based solutions.

e Subject-specific customisation: these systems are designed to offer personalised rehabilitation pro-
tocols according to the subject’s condition. Using techniques such as pain detection, compensatory
movements, and tracking motion, the technology can adapt the rehabilitation process to the individ-
ual’s progress and limitations.

3.2.1. Rehabilitative robotic solutions and the integration of biosignals
Toro-Ossaba et al [91] presented a soft exoskeleton for the elbow, controlled by myoelectric signals using
a MRAC approach. This system was able to reduce the muscular effort (joint torque RMS) required by

8
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the subject during flexion-extension movements. EMG was acquired with two channels from the biceps
and triceps at 1024 Hz, providing a continuous estimation of the torque generated by the user. The raw
EMG was filtered using a 4th-order Chebyshev band-pass filter with cutoff frequencies 10-500 Hz to
attenuate DC offset and noise. The filtered signal was then segmented using a sliding-window approach
with window length WL = 200 samples and increment WInc = 100 samples. For each window, the
RMS was computed to obtain the RMS envelope. To further smooth the envelope and improve stability,
a lst-order Butterworth low-pass filter with a cutoff frequency of 1 Hz was applied. Finally, the result-
ing envelope was normalised by the maximum RMS value obtained during the calibration procedure. An
adaptive Kalman filter was employed (as part of an adaptive state estimator) to estimate the exoskele-
ton state (joint angle and angular velocity) from the exoskeleton input-output measurements. In active
mode, the estimated joint torque obtained from the processed biceps/triceps EMG (with an offset correc-
tion) was used as the reference-model input, enabling the exoskeleton to modulate assistance in real time
according to the user’s estimated torque need.

In another case, a rigid wrist exoskeleton was used to provide repetitive upper limb training [92].
The intended motion is estimated from EMG patterns and used to control both a wrist assist robot and
FES. EMG acquired at 1000 Hz was A/D-converted and preprocessed with a 2nd-order Butterworth
band-pass filter, full-wave rectification, and 2nd-order low-pass smoothing. The resulting signals were
baseline-corrected using rest EMG, normalised by each channel’s maximum value, and further nor-
malised so that the sum across channels equals one, yielding a muscle activation pattern vector. A R-
LLGMN, incorporating a Markov model and Gaussian mixture modelling, estimated in real time the
most likely intended movement. Based on the inferred intention, the system delivered robotic assistance
and applied FES to induce the corresponding wrist motion;the existence of the system drive is deter-
mined by a threshold value. In a subsequent extended study, the same hybrid robot-FES system was used
to investigate motor learning and retention effects associated with EMG-based hybrid instruction [93].
While the core technological architecture and EMG processing pipeline remain unchanged, the focus
shifted to the quantitative evaluation of learning outcomes, including movement accuracy, smoothness,
stability, and retention.

In addition to rigid exoskeletons, soft wearable robots and end-effector devices have been developed
for hand rehabilitation. Sierotowicz et al [94] presented a rehabilitation platform that integrates an actu-
ated soft glove controlled by an intention-detection system based on ML applied to muscular activity.
The actuated soft glove (Myo-glove) is designed to assist hand closure. The glove was lightweight and
compliant. Movement intention was detected through forearm EMG using ML techniques, specifically
Ridge Regression and RFE. The EMG sampled at 2 kHz was pre-processed to extract an activation enve-
lope, using a 35-350 Hz band-pass filter, full-wave rectification, and a 4 Hz low-pass filter; this enve-
lope served as input to ML models to continuously estimate the intended grasp force. The estimated
force was then integrated in a closed-loop control architecture to generate proportional assist-as-needed
actuation, leading to reduced muscular activation, particularly at medium-to-high force targets. Khan
et al [95] developed a soft robotic sleeve based on PAMs to assist flexion and extension of the elbow in
baseball pitchers. The system integrates a pump that supplies air to the actuators and EMG sensors to
enable an EMG-triggered active, providing pneumatic support only when the triceps or biceps exceed
the activation threshold. The EMG signals, acquired from the biceps and triceps at 1 kHz, were pro-
cessed through full-wave rectification and second-order Butterworth band-pass filtering (20-450 Hz) and
normalised to maximal baseline activation. Processed EMG was used both to trigger assistance and to
evaluate rehabilitation outcomes. This approach provided and enhanced rehabilitation. EMG was also
used to evaluate the reduction of muscle activation and the CCI. Osborn et al [96] report on a high-
tech, osseointegrated anthropomorphic prosthetic arm that was used extensively in a home setting by an
amputee. The device included 26 articulated joints and 17 actuators, providing an integrated human-
machine interface model for restoring upper limb function and offering therapeutic benefits. The EMG
control was advanced, relying on a linear discriminant analysis pattern recognition classifier applied
to 16 wireless EMG channels (Myo Bands) to enable simultaneous control of the fingers, wrist, and
elbow. EMG signals recorded at 1 KHz were processed using sliding windows (200 ms, 20 ms step), and
standard time-domain features (e.g. mean absolute value, waveform length, zero crossings, slope sign
changes) were extracted to classify movement intentions.

In the prosthetic domain, Yang and Liu [97] showed a myoelectric prostheses proposing a convolu-
tion neural network-based approach capable of decoding multi-DoF wrist movements directly from raw
EMG signals sampled at 1926 Hz, without manual feature extraction. A large dataset of SEMG signals
with 3D wrist kinematic labels was collected, and an end-to-end CNN was trained to map EMG pat-
terns to complex wrist movements across multiple axes in real time. The CNN operated directly on seg-
mented raw EMG signals, recorded from the forearm, without manual feature extraction, and provided
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Table 1. Table of studies included for upper limb rehabilitation. Abbreviations: MAV (mean absolute value), MAC (model accuracy classification), MAE (mean absolute error), SVM (support vector machine), GMM (Gaussian
mixture model), CNN (convolutional neural network), MRAC (model reference adaptive control), RFF (random fourier features), RLS NN (recursive least squares neural network), DoF (degrees of freedom), NN (neural network),
pneumatic artificial muscles (PAMs), co-contraction index (CCI), ULCDRR ( upper-limb cable-driven rehabilitation robot), R-LLGMN (a recurrent probabilistic neural network), ML (machine learning), FES (functional electrical

stimulation).

References Joint Device type Main technology Role of EMG Acquisition device Features Rehabilitative Relevance

[91] Elbow Soft elbow MRAC + RLS + Joint torque estimation from Harada sEMG + joint sensors MAE angle/speed, Elbow motor rehabilitation with assisted
exoskeleton Kalman filter EMG signals. RMS torque (est. + passive and active movements for

required) functional recovery.

[92] Wrist Assistive wrist robot Probabilistic NN Motor intention detection for AMPO04 EMG + FES Normalised muscle Rehabilitation of patients with upper

robot+FES. stimulators activation vector p(t) limb paralysis to improve motor
function and facilitate movement
relearning.

[93] Wrist Assistive wrist robot R-LLGMN + Motor intention decoding + AMP04 EMG + FES Normalised EMG Wrist rehabilitation for impaired

minimum jerk model passive learning with FES. stimulators amplitudes + control to promote motor learning and
coordination vector recovery.

[94] Fingers MyoGlove (soft ML (Ridge Estimates grip force for Delsys EMG + flex sensors EMG envelope values Task-oriented hand grasp training for
glove) Regression & RFF) assisted motion. used as ML input motor-impaired users, enhancing

agency and intuitive control for motor
recovery.

[95] Elbow Soft robotic-based PAMs SEMG used to detect PowerLab system Average EMG Portable soft robotic sleeve providing
elbow rehabilitation movement intention, monitor (ADInstruments) amplitude, Peak passive and active-assisted elbow
device muscle activation. EMG amplitude and rehabilitation for baseball pitchers by

CCI supporting flexion-extension while
reducing biceps/triceps load.

[96] Elbow, wrist, Modular Prosthetic Pattern recognition Residual EMG used to control Embedded EMG electrodes MAV + Functional rehabilitation for

fingers arm (EMG) fingers simultaneously. spatial/temporal upper-limb amputees using advanced
activation prostheses to improve daily activities
and personalised skill acquisition.

[97] Wrist Robotic arm/hand CNN Multi-DOF wrist decoding for EMG armbands Raw signals only (no Control of prosthetic and

intuitive control.

features)

supernumerary robotic limbs for
assistive tasks, with preliminary
amputee tests indicating motor
rehabilitation and functional restoration
potential.

(Continued.)
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Table 1. (Continued.)

[98] Arm ULCDRR GMM Decode 3D voluntary forces 8-channel EMG sensors 3D force from 8 Robot-assisted motor rehabilitation
for synchronisation. channels; RMSEx, with precise, compliant human-robot
RMS]J, IF interaction under muscle fatigue.
[99] Wrist Wrist rehab. robot Dual fuzzy logic + Contraction detection for EMG + Kinect camera EMG: RMS,SSI, Remote wrist rehab. with gesture-based
Kinect pain/adaptation estimation. v-order, LOG therapist control and fuzzy-logic pain
monitoring for safe home therapy.
[100] Wrist Wrist IoT Rehab. Fuzzy logic controller Estimates fatigue; real-time EMG sensors Mean freq., power, Remote-monitored wrist rehabilitation
Robot model adaptation for freq. ratio, power for fractured patients to improve motor
personalised therapy. spectrum ratio. function.
[101] Elbow-forearm Elbow exo. + FES Dual fuzzy logic Muscle contraction and pain Myoware EMG, AgCl EMG: LOG, SSI, Upper-limb motor rehab. and pain
system estimation for adaptive electrodes V-ORDER, RMS management for forearm fractures and

control.

elbow flexion/extension impairment.
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real-time predictions (6-8 ms latency) of wrist motion across multiple axes. The versatility of the model
was demonstrated through successful control of various devices (robotic arms, prosthetic hands, and
even a supernumerary robotic limb) during functional tasks (e.g. pouring liquids, screwing bolts, insert-
ing objects, building block structures). Furthermore, transfer learning techniques were used to adapt the
system to amputee users. Still within the field of upper-limb rehabilitation, Zheng et al [98] introduced
an admittance control system for an upper-limb cable-driven rehabilitation robot, in which the user’s
3D voluntary forces were estimated in real time from EMG signals using a GMM. The EMG pipeline
was explicitly feature-based rather than raw: signals were acquired at 1 kHz, notch-filtered at 50 Hz,
band-pass filtered (20-450 Hz), full-wave rectified, and low-pass filtered (4th-order Butterworth, 4 Hz)
to obtain amplitude envelopes. The envelopes were normalised to maximum voluntary isometric con-
traction, and RMS features were extracted using a 300 ms moving window. Dimensionality reduction
was then performed via Principal Component Analysis (retaining 99% cumulative variance) to form the
EMG predictor vector. In parallel, end-effector forces measured by a six-axis sensor were median-filtered
(5 ms) and min-max normalised to build the force feature vector. The GMM was trained to model the
joint probability distribution between processed multichannel EMG features and measured end-effector
forces, enabling real-time estimation of force magnitude and direction via Gaussian Mixture Regression.
The estimated forces were then employed as inputs to an admittance controller, allowing compliant
human-robot interaction based on the user’s exerted effort. Incremental learning was employed to com-
pensate for muscle fatigue: the GMM was periodically recalibrated during therapy (updating its statistical
parameters) to account for changes in the EMG-force relationship over time.

Another example of a hybrid approach enabling the detection of perceived pain through EMG was
presented by Bouteraa et al in 2021 [99]. The authors tested their telerehabilitation system, which inte-
grated an IoT-controlled wrist robot with pain detection capabilities, in a real clinical setting under the
remote supervision of a physiotherapist. From the extracted EMG signal, the following parameters were
used as inputs to a fuzzy logic system to estimate muscle contraction:

e EMG RMS: measures the strength of muscle contraction.

EMG SSI : estimates muscle energy.

e EMG vorder: estimates exerted muscle force.

EMG Logdetect: estimates exerted muscle force.

Information on signal-processing steps is not reported in the cited work. A second fuzzy logic module,
operating in cascade, estimated pain levels by combining data on muscle contraction, resistive force, and
RoM (from motion encoders). If high pain levels were detected but the patient had already achieved suf-
ficient RoM, the system could continue the exercise with reduced intensity. In remote tests, patient pain
thresholds were not exceeded thanks to automatic regulation via fuzzy logic. Physiotherapists were able
to monitor a ‘virtual’ pain level in real time through a human-machine interface. This proactive strategy
aimed to enhance therapy tolerability by preventing pain peaks that often disrupt or reduce engagement
in traditional rehabilitation sessions.

In the context of muscle fatigue monitoring, a further approach was described in the 2022 work by
Bouteraa et al [100]. In the study, EMG signals were acquired from the forearm during wrist exercises,
and through feature extraction (e.g. mean amplitude, spectral entropy) and classification, the patient’s
muscle fatigue level was estimated. This estimation was then used to update the dynamic model of the
wrist and redistribute torque between the patient and robot. When fatigue increased, the controller
reduced the load on the patient (increasing robotic assistance), ensuring exercises remained effective yet
sustainable. This enabled real-time personalisation of exercise intensity based on the patient’s physical
state, helping to prevent injury. In the 2022 study [100], an IoT-enabled wrist rehabilitation robot with
a dynamic mathematical model was presented to characterise both passive (inertia, damping, stiffness)
and active torque components. A cascaded fuzzy logic controller used the output of the fuzzy classifier
to compute and update the patient’s joint model based on the estimated level of fatigue. It was estimated
using four key EMG-based parameters, providing a more detailed analysis compared to the 2021 pain-
only model:

e MNF: indicates variations in the average frequency of EMG signal.

o MNP: evaluates muscle power.
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e FR: analyses the ratio of high to low-frequency bands, proposed to distinguish between contraction
and relaxation.

e Power spectrum ratio: reflects changes in the concentration of spectral power distribution around the
dominant peak.

These parameters were processed by the fuzzy classifier, which automatically adjusted robotic assistance
to yield a fatigue level. Other information on EMG signal processing is not provided. This fatigue esti-
mate is then incorporated into the wrist torque computation (including fatigue-related torque compensa-
tion) and used to adapt robot behaviour and assistance during the rehabilitation session. In a subsequent
study in 2024, Abdallah and Bouteraa [101] introduced an OSCS within an upper-limb rehabilitation
exoskeleton, integrating a fuzzy logic-based pain detection module to dynamically adjust FES intensity.
In this approach, fuzzy algorithms monitored patient biosignals, including EMG, to estimate pain lev-
els and adjust both the exoskeleton control parameters and FES levels in real time. Fuzzy rules defined
by experts were used to estimate muscle contraction. The resulting output was then used as input to a
second fuzzy system that assessed pain based on resistive torque, muscle contraction, and RoM. Pain
monitoring was essential in this context, since the exoskeleton modulated stimulation in response to
physiological signals, increasing the intensity of wrist exercise. Three stimulation modes, pain relief, mas-
sage, and relaxation, were implemented, with real-time feedback on RoM and angular velocity, ensuring
accurate exercise execution. The main controller adjusted the robot and stimulation parameters based
on real-time input, enabling the therapy to continue autonomously, under physiotherapist supervision.
SEMG signals were acquired at 100 kHz from the extensor digitorum longus and flexor digitorum longus
muscles using AgCl electrodes placed according to SENIAM guidelines and recorded through a MyoWare
sensor. The raw EMG signals were amplified and processed through a Butterworth band-pass filter (10—
2000 Hz) and a 50 Hz notch filter before feature extraction.

The system used four EMG features (RMS, SSI, V-order, and log-detect) as inputs to the fuzzy con-
troller to estimate pain and adapt therapy accordingly. In addition, current sensors captured changes in
muscle tension, while motion encoders quantified the achieved RoM.

3.2.2. Experimental protocol, study population and outcomes
Across the literature, rehabilitation designs vary substantially in duration, session frequency, partici-
pant type, and study aim. This heterogeneity reflects both technology maturity (prototype validation
in healthy volunteers vs evaluation in patients) and study design (feasibility vs clinical trials). Most stud-
ies are pilot investigations or feasibility trials involving a small number of subjects, often composed of
healthy volunteers, and mainly focus on demonstrating the system’s operational principles rather than
assessing its large-scale clinical effectiveness. Outcomes range from traditional clinical, functional met-
rics (for example joint RoM and stiffness) to quantitative indicators of motor performance or interaction
(muscle activation, pain level, etc), and patient-reported feedback. Overall, the results suggest positive
preliminary trends: functional improvements in the patients involved, greater efficiency in assisted move-
ments, and good acceptance of the technologies. However, the magnitude of these improvements varies
and is often assessed only in preliminary analysis.

In the context of wrist rehabilitation, Toro-Ossaba et al [91] proposed a myoelectric MRAC approach
for elbow flexion-extension, tested in passive mode where the exoskeleton moved the user’s arm along
a predefined trajectory, and active-assisted mode, where the user attempted the movement while the
exoskeleton assisted with the required torque to follow the reference. Ten healthy participants (6 male,
4 female; 18-30 years) performed repeated tasks to build EMG/kinematic datasets for training a muscle
torque estimation model. The controller’s performance was then evaluated over multiple sessions (passive
vs active, with and without recalibration). In active-assisted mode, the torque required by the user was
reduced by 34%-40% RMS, indicating substantial assistance. In terms of precision, the average track-
ing error was approximately 4.5° in passive mode and around 10° in active-assisted mode. While this
increase was expected due to user-induced variability in active mode, a 10° error remained within func-
tionally acceptable limits for elbow motion.

Extending this perspective to wrist rehabilitation, Takenaka et al in 2023 [92] introduced a hybrid
rehabilitation system that combines robotic assistance with FES. In their study, six healthy partici-
pants were divided into two groups: three received training with the hybrid robot+FES system, and
three formed a control group that trained with only visual feedback. The training involved wrist point-
ing tasks. Both groups showed similar improvements in task performance, indicating that the hybrid
approach was at least as effective as conventional visual-feedback-based training. Notably, differences
emerged during the retention test performed seven days later: the hybrid group retained their motor
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improvements to a greater extent than the control group. This suggested that combining external
sensory-motor feedback (via robotics) with internal muscle activation (via FES) promoted more durable
motor learning. Hence, the hybrid system not only facilitated movement execution during training but
might also have induced stronger motor adaptations, with possible rehabilitation effects similar to those
observed during motor learning in healthy subjects.

A 2024 follow-up study by the same authors [93] presented an EMG-controlled hybrid system that
integrated a wrist orthosis and FES, all driven by the EMG signals of the users. This system was evalu-
ated in a cohort of twelve healthy male subjects who trained using a serious-game interface designed for
wrist pointing tasks. Participants were divided into two groups: one trained with the EMG-robot-FES
hybrid system, and the other used visual feedback only. All participants performed the same point-to-
target wrist movement over a training schedule that included baseline tests, 20 sessions, and follow-up
evaluations (pre-, mid-, post-training, and retention one week later). The hybrid group received real-
time multimodal feedback triggered by EMG signals, while the control group relied solely on visual
guidance. Both groups improved in accuracy, stability, and smoothness; however, the hybrid group
demonstrated better retention and maintained performance gains after one week. These findings demon-
strate the potential of EMG-driven hybrid systems in achieving long-term motor rehabilitation outcomes.

In a related direction, the EMG-driven ML approach by Sierotowicz et al [94] introduced an exoglove
that was evaluated on six healthy participants during a single experimental session. Each subject per-
formed grip tasks under three different assistance conditions: no assistance, control via Ridge Regression,
and control via RFF, with variable grip forces (5 N, 10 N, 15 N). The results revealed that both ML-
based control strategies reduced muscle activity, particularly in the abductor pollicis brevis and flexor
digitorum, by up to 50% at higher force levels (>10N). The controllers demonstrated good predictive
accuracy (R? ~ 0.8 for Ridge Regression; ~0.73 for RFF) and rapid response times (with a 200-300 ms
delay), suggesting potential use in patients with motor deficits. A long-term application of myoelectric
control systems was illustrated by Osborn et al [96], who described an amputee using an advanced myo-
electric prosthesis at home as part of daily activities over several months. This continuous use acted as
a form of functional therapy, promoting motor adaptation. Across the observation period, the EMG
amplitude required to achieve the same control performance decreased by up to 34.7%, without sacri-
ficing performance. This is consistent with a progressive optimisation of motor command, potentially
driven by task-specific motor learning.

In [95], five healthy male baseball pitchers (ages 20-24) tested a soft robotic sleeve under two oper-
ating modes: steady passive mode and Active Surge Flex Mode. In steady passive mode, elbow flexion/ex-
tension was continuously assisted by PAMs with no voluntary activation required. In Active Surge Flex
Mode, PAM assistance was triggered only when EMG exceeded predefined thresholds (0.45 mV for
biceps, 0.25 mV for triceps). Each participant performed 10 pitching actions without the device (base-
line), followed by 10 in steady passive mode and 10 in Active Surge Flex Mode. Both modes reduced
muscle activation during elbow flexion/extension. Specifically, in steady passive mode, biceps activation
decreased by 60% and triceps activation by 40%. In Active Surge Flex Mode, where assistance was
triggered by EMG thresholds, further reductions were observed: biceps activity decreased by 50% and
triceps activity by 30%. The CCI also decreased from 0.31 to 0.12, reflecting a substantial reduction
in unnecessary co-activation of antagonistic muscles and suggesting more efficient movement. So, the
results suggest that the soft robotic sleeve improved movement efficiency, reduced muscular strain, and
may support rehabilitation, alleviating fatigue during repetitive pitching motions.

In [97], the authors collected sSEMG data from 14 healthy subjects to train and evaluate a CNN-
based framework. The model was then tested online for teleoperation of a robotic arm during represen-
tative daily tasks (e.g. pouring, turning a key/screw-like action, and object insertion), showing that EMG-
driven DL can be used for real-time command generation in multi-step manipulation tasks. In a sepa-
rate demonstration, an upper-limb amputee controlled a virtual prosthesis during motor rehabilitation
training. The participant was able to control each DoF with notable precision, suggesting potential reha-
bilitative benefits, although combined movements were reported as difficult, possibly due to the extended
post-amputation period. In addition to this approach, Zheng et al [98] proposed an Upper limb EMG-
based cable-driven robotic system that was tested in a protocol where participants performed tracking
movements using the robot’s end-effector under active-assisted control. Here, the robot’s assistance was
modulated based on the estimated voluntary force from EMG. The system was tested on eight healthy
individuals, including the induction of muscle fatigue, to evaluate controller adaptability. The proposed
calibrated model GMM reduced EMG activity, especially in muscles such as the biceps brachii, triceps
(long and lateral heads), and medial/posterior deltoid, compared to the initial model, demonstrating
superior adaptation under fatigue and reducing its impact.
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While the previous work has focused on healthy populations, recent studies have shifted toward
clinical subjects and extended therapy durations, providing a more comprehensive assessment of
rehabilitative outcomes. Bouteraa et al in 2021 [99] tested a smart telerehabilitation system in a real clin-
ical setting with six subjects recovering from wrist fractures (within one week of cast removal). The 10-d
protocol focuses on wrist abduction/adduction and was based on a remotely operated IoT robotic sys-
tem. The physiotherapist guided the movements, which were reproduced by the robot in real time, tilt-
ing the hand of the patient in one direction and maintaining the position for 5 s. This is repeated for
three sets of 12 repetitions. The workflow can be described in three different phases:

1. Setup and configuration: The subject remained passive during configuration of the session on the
human machine interface of the therapist, including the setting of the safety threshold for pain on
the therapist interface. The desired wrist motion was derived from Kinect-based gesture recognition,
while the performed joint position/RoM was measured via encoder feedback.

2. Therapeutic exercises with pain monitoring: EMG features, motor current (as resistance proxy), and
performed RoM are fused through a cascaded fuzzy logic system to estimate pain. The pain estimated
was displayed to the therapist and given into the control loop for safe robot actions.

3. Progress assessment and therapy adjustment: to generate rehabilitation reports including session data
(iterations, desired/obtained RoM) are stored and used to generate rehabilitation reports, including
the Rehabilitation Progress Factor. A 2-DoF robot and a dynamic model were used for personalised
assistance.

Rehabilitation performance showed a recovery of the wrist RoM of up to 73% of the physiological
RoM in the best-performing subject, confirming the effectiveness and adaptability of the system, espe-
cially when combined with telemonitoring for remote adjustment.

In a 2022 follow-up study by the same authors [100], the emphasis was on adapting therapy under
muscle fatigue conditions. The protocol involved three subjects with a recent wrist fracture. The rehabili-
tation program was performed for ten days. The exercise was repeated three times, resulting in a total of
12 sets. The structure of the rehabilitation protocol was based on three phases:

1. Initial evaluation: Passive assessments were used to characterise joint biomechanics (e.g. passive stiff-
ness and inertia). The robot was fully active while the patient remained passive.

2. Assisted therapy with adaptive resistance: Participants then performed the target movements with
robotic support, while real-time monitoring based on EMG adjusted resistance levels automatically.

3. Active training for full recovery: In the final stage, patients executed the movements largely indepen-
dently, with only minimal robotic assistance.

Improvements were observed in abduction/adduction movements. In the patient showing the best
rehabilitation outcomes, active muscle torque rose up to 2.09 Nm. Passive wrist stiffness decreased
across patients: for Patient 1, it decreased from 0.26 Nm to 0.21 Nm, while the lowest value of 0.09 Nm
was recorded for Patient 3. These findings are consistent with a rehabilitative effect of the proposed
approach and suggest a potential increase in therapy efficiency. The integration with telerehabilitation
further improved the treatment, enabling remote monitoring and allowing real-time adjustments of reha-
bilitation parameters. Although the small sample size and the absence of a control group, this study
introduced a personalised rehabilitation protocol, which suggested a move from technical feasibility to
clinical validation.

Continuing the line of personalised robotic rehabilitation, Bouteraa et al in 2024 [101] introduced an
OSCS, incorporating both pain monitoring and real-time EMG-driven adjustment, enhancing efficiency
and adaptability in rehabilitation. As in earlier studies, the physiotherapist began the therapy through a
LabVIEW-based interface, entering subject-specific data (for example, pain threshold, stimulation inten-
sity). The system offered:

e Manual mode: Therapist sets stimulation before motor activity (one of: pain relief/massage);

e Automatic mode: A fuzzy classifier autonomously adjusted stimulation and robotic assistance based
on EMG, torque sensors, and RoM encoders. From this information, pain is estimated;

e Relaxation phase: the system automatically switches to a relaxation stimulation mode after each ses-
sion for recovery.

15



10P Publishing

Prog. Biomed. Eng. 8 (2026) 032005 V Santoriello et al

After two weeks of therapy on a subject with a forearm fracture, the elbow’s RoM increased from 60° to
110° (483%). Improvements were reported in elbow flexion/extension performance (the platform also
supports forearm pronation/supination exercises). Passive joint torque decreased by approximately 30%,
facilitating joint movement and dynamic therapy adjustment based on pain, facilitated by telemedicine.
These results underscore the ability of the system to prevent overload, enhance motor function, and
facilitate remote rehabilitation, ideal for patients post-stroke. Although still at the pilot-study stage, these
developments highlighted the potential of these systems for more personalised, adaptive, and remotely
manageable rehabilitation, although evidence remains at a pilot stage.

3.3. Lower limb rehabilitation

The four studies integrate robotic systems into rehabilitation solutions, emphasising the increasing

role of technology in supporting the recovery of movements for patients. The devices analysed adopt
advanced control strategies, including ML, predictive models, adaptive control algorithms, and biofeed-
back based on EMG signals to improve motor recovery. In fact, among the studies included, one of the
main approaches identified is the use of EMG for the control of exoskeletons and the personalisation
of rehabilitation therapy. A crucial advantage of EMG-based methods is that, regardless of the subject’s
inability to generate sufficient joint torques, it is still possible to detect the user’s movement intention
and consequently control the exoskeleton. The reviewed studies examine how biosignal-driven robotic
systems contribute to maximising subject engagement and improving rehabilitation efficacy through
adaptive control, emphasising how robotic devices can reduce therapist engagement and improve the
efficacy of the treatment. Nevertheless, some differences regard the use of the technologies employed.
Table 2 summarises the results from the literature analysis concerning lower limb rehabilitation, fol-
lowing the same approach used for the upper limb. The sensors integrated into the proposed solutions
include EMG electrodes for detecting muscle signals, force sensors to measure mechanical interactions
between the user and the device, and inertial measurement units to track movement. EMG signals are
processed to extract features such as muscle activation intent and minimum activation thresholds. The
analysed studies describe different rehabilitation approaches designed for specific goals, with differences
in experimental protocols and outcomes.

3.3.1. Rehabilitative robotic solutions and the integration of biosignals

Chen et al [102] introduced a control method based on a two-layer admittance algorithm that uses the
EMG signal of the user to adjust the gait trajectory of the lower extremity exoskeleton, promoting a
more active participation in rehabilitation.

This method assigns different impedance levels to the two layers: the outer layer, characterised by
lower impedance, acts as an adaptive layer for gait trajectory, while the inner, stiffer layer provides
fine-tuning adjustments. Through this strategy, participants were able to operate the exoskeleton to
alter walking pace and step timing, adjusting stride length and duration, modifying trajectory ampli-
tude and cycle period. This resulted in changes in walking speed (ranging roughly from 0.110 ms™! to
0.120 ms™!). sSEMG signals were acquired from the quadriceps femoris and hamstring muscles using a
wearable and multi-channel Myo thigh-band. The signals were pre-processed, including filtering using
a particle filter, normalised to each participant’s maximum voluntary EMG, and converted into mus-
cle activation levels. An EMG-based intention signal was then computed, combining antagonist mus-
cle activation and further processed across successive strides to isolate the active component used in the
admittance control law. By using this EMG-based intention input instead of traditional interaction-force
sensing, the system enabled users to adapt gait patterns even when they could not produce sufficient
joint torque. The rehabilitation setup included a treadmill, a body-weight support module, a lower-limb
exoskeleton with four DoF in the sagittal plane, EMG sensors, and a VR screen providing continuous
feedback. The display was placed in front of the user and supplied step-by-step guidance in real time,
helping the subject to reproduce defined gait patterns. Additionally, the activation levels of the quadri-
ceps femoris and hamstring muscles were visualised above the instruction panel.

Similarly, studies such as that of Han et al [103]. proposed a control model based on adaptive oscil-
lators and admittance control to synchronise the knee exoskeleton’s movement with the subject. EMG
signals were collected during a learning mode phase, in which the subject performed knee flexion and
extension movements while the exoskeleton provided no assistive force, thereby creating a predictive
model of the movement. In this phase, surface EMG signals from the quadriceps femoris and biceps
femoris muscles were acquired at 1000 Hz, processed using RMS extraction, which has a good corre-
lation with the strength of muscle contraction and more sensitive to muscle fatigue. Butterworth low-
pass filtering, normalisation, and associated with the phase of the knee motion estimated via an AFO.
A locally weighted regression algorithm was then used to learn a phase-dependent EMG envelope. Once
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Table 2. Lower limb rehabilitation solutions. Root mean square error (RMSE), reinforcement learning (RL), force/torque (F/T), -long short-term memory (LSTM), degrees of freedom (DoF), series elastic actuator (SEA), extended
reality (XR), adaptive frequency oscillator (AFO).

Reference  Joint Device type Main technology Role of EMG Acquisition device Features Rehabilitative Relevance
[102] Hip and Knee  Exoskeleton EMG-based admittance Real-time motion intention Myo thigh-band EMG Stride count, mean muscle Lower limb rehabilitation for patients
control recognition for assistance activity, RMSE with motor impairments.
[103] Knee Knee exo-skeleton ~ Admittance control + AFO EMG used to model torque in ~ EMG sensors, torque sensors,  EMG RMS, joint angles, Assistive technology designed to
training phase Nano-AHRS torque, AFO phase/freq support and enhance lower limb gait
rehabilitation, aimed at individuals with
motor impairments or age-related
mobility limitations.
[104] Knee 1-DoF exo-skeleton ~ Model Predictive Control + Real-time joint torque Surface EMG, encoders, SEA EMG envelopes, torque Assist-as-needed control for a knee
Fuzzy Logic estimation for adaptive actuator estimation via antagonist exoskeleton, intended to support
support model lower-limb rehabilitation in populations
with partial motor capacity
[105] Ankle and foot  XR headset system  XR sim + remote reha. Controls virtual limb using Intan RHD2216, Azure Kinect, Binary EMG detection, 3D Lower limb amputee rehabilitation,

feedback

residual EMG

Arduino, RPi

joint coords, EMG fluctuation

facilitating remote interaction between
patients and experts, and improving
motivation and muscle memory during
rehabilitation training.
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Figure 5. Composition and actual operation of XR system. Reproduced from [105]. CC BY 4.0

the learning phase was complete, the reconstructed EMG envelope was used to scale the assistive torque
within an admittance control framework, while the user’s movement intention was implicitly captured
through the motion phase estimated by the adaptive oscillator, thereby optimising swing-phase assistance
of the limb.

Caulcrick eral [104] proposed a model predictive control system combined with fuzzy logic to
dynamically adapt the assistance provided by a knee exoskeleton based on the user’s muscle activity
(specifically, the vastus medialis). SEMG signals acquired from the vastus medialis and biceps femoris
muscles at 2048 Hz were processed to estimate the human joint torque using a linear agonist-antagonist
human torque estimation model. The EMG signal was band-pass filtered (10-100 Hz), followed by rec-
tification and low-pass filtering (2 Hz) to extract the EMG envelope. The estimated human torque was
then employed to account for user effort during trajectory optimisation and by the fuzzy logic algo-
rithm, together with reference joint velocity, to infer the appropriate assistance mode. The system was
capable of adjusting the assistance level in three modes, responding in real time to variations in the sub-
ject’s muscle activity, thereby preventing excessive support and encouraging active participation in move-
ment. In fact, the fuzzy logic algorithm detected whether the user is cooperating with the assistance or
resisting the motion, and accordingly adjusted the support level.

Visual feedback and augmented reality emerge as complementary tools to enhance rehabilitation
effectiveness. Shim et al [105] presented an XR rehabilitation system, as shown in figure 5, that inte-
grated EMG signals for patients with lower-limb amputations, combining VR, using two HoloLens 2
headsets, with EMG-mediated control of a virtual robotic prosthesis, thus increasing patient engage-
ment and promoting motor activation. Furthermore, the therapist could supervise and adjust prosthetic
parameters in real time via HoloLens 2. The patient wore the headsets and, while performing residual
muscle movements, the software classified the EMG signal to move a virtual prosthetic limb in a game-
like exercise. The aim was to support residual-muscle training and potentially enhance muscle move-
ment memory within an XR environment. Surface EMG signals were acquired from residual muscles at
the amputation site at a sampling frequency of 1 kHz and pre-processed through a 60 Hz notch filter to
remove power-line interference, followed by high-pass filtering at 75 Hz and low-pass filtering at 5 Hz to
extract a smoothed activation signal. The EMG signal variance was used to discriminate between static
and dynamic muscle activation. In addition, a bidirectional LSTM network was evaluated for EMG-based
motion detection. The EMG signals:

e Detect residual muscle activation in the amputated area;
e Enable control of the virtual prosthesis based on signal intensity;

e Support the measurement of the patient’s improvement in terms of strength and motor control.
Meanwhile, joint movement monitoring:

o Tracked the position of limbs in real time;

e Recorded the range and quality of the movement to evaluate recovery progression.
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3.3.2. Experimental protocol, study population and outcomes

In the study by Chen et al [102], six healthy subjects (mean age: 24 years, range: 22—30 years) took part
in the tests. After the setup and calibration phase, the training was conducted on a treadmill using a
lower-limb supportive exoskeleton. Six gait adaptation schemes were evaluated, including an increase/de-
crease in step length, step duration, and walking speed. Between each adaptation phase (five strides
with a fixed trajectory), a normal walking phase was included to restore baseline conditions. Each sub-
ject completed three training blocks. Each block consisted of 13 walking trials, with a total duration

of approximately 10 min per block. A 5-min rest period was provided between blocks. During the gait
adaptation phase, muscle activation was significantly higher compared to walking with a fixed trajectory
(p < 0.05).

In the study by Han et al [103], two male subjects participated in tests while wearing a knee
exoskeleton. The participants performed knee flexion and extension movements, first in unassisted mode
and then in assisted mode. The exoskeleton was attached to the leg using a soft strap, and the move-
ment was controlled at an oscillation frequency of 1 Hz. Before data collection, the subject practised to
become familiar with the motion. The average EMG of the quadriceps femoris and biceps femoris mus-
cles decreased by 57% and 58% in subject 1, and by 58% and 55% in subject 2, respectively. The exper-
imental results showed a reduction in EMG activity during assisted mode compared to unassisted mode.
This approach enables detection of the user’s movement intention and generates personalised assistive
torque, improving the naturalness of movement, while responding dynamically to variations in mus-
cle activity. In the solution by Caulcrick et al [104], three healthy subjects were involved to evaluate the
system’s behaviour in various assistance modes. The knee exoskeleton was used in a seated position to
perform flexion-extension movements. Two EMG sensors were placed on the vastus medialis and biceps
femoris to estimate muscle torque. Subjects performed sinusoidal knee movements at 0.25 Hz for six
cycles, each lasting 4 seconds. Five involvement conditions were tested:

1. Relaxed (robot-dominant, relaxed subject);

2. Extension assistance (subject actively participates in extension);
3. Extension resistance (subject actively resists extension);

4. Flexion assistance (subject actively participates in flexion);

5. Flexion resistance (subject actively resists flexion),

which mapped onto three controller assistance modes (passive, active-assist, safety). Data showed that
in the active and assistive modes, the contribution of the user’s joint torque was greater than in the pas-
sive mode. This allows for more effective and targeted rehabilitation, avoiding complete dependence on
the exoskeleton. The human-to-robot torque ratio (Rh), which represents the contribution of human
effort, was very low in the passive mode (0.036 in extension and 0.042 in flexion) and higher in the
assistive modes (0.46 for the extension phase of extension assist and 0.18 for the flexion phase of flexion
assist. This supports that the controller operated as ‘assist-as-needed’: in assistive mode, the robot trans-
ferred part of the workload to the subject. Under ‘resistance’ conditions, when the patient intentionally
opposed the movement, Rh increased (0.23 and 0.59 for extension and flexion phases, respectively).

In the end, in the solution presented by Shim ez al [105], the system was tested and evaluated by fif-
teen users: eight able-bodied individuals (control group) and seven lower-limb amputees (real patients),
aged between 30 and 60 years. In the initial EMG recognition and muscle activation phase, patients per-
formed ‘Ankle Up’ and ‘Ankle Down’ movements to evaluate muscular control. The system distinguishes
between static (no signal) and dynamic (muscle activation) states, and the presence of EMG activity
above a threshold was used to determine the response of the virtual prosthesis. The system counted a
movement as successful only if it was performed correctly within a predefined time window, requiring
patients to exceed a minimum muscle strength threshold to complete an exercise. Each amputee was
asked to complete a total of 10 movements. The system guided patients through the exercises by display-
ing a ‘Complete’ message after each successful action. The results indicated that patients could reactivate
their residual muscles and use EMG signals to control the virtual prosthesis. Muscle contraction recog-
nition improved over time, allowing for greater precision and control of the prosthetic limb. Analysis of
EMG signal variation revealed a progressive reduction in motor response latency. The study shows the
feasibility of using EMG signals acquired at the amputation site to drive the virtual prosthesis actions in
the XR environment. The system and its reactivity/usability were evaluated by the users, and the experi-
ment was reported as highly rated in terms of perceived muscle rehabilitation effect and motivation.
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4, Discussions and conclusions

This review highlights the innovation of biosignal-controlled robotic rehabilitation, emphasising its
potential to improve rehabilitative processes.

Robotic rehabilitation technologies are increasingly used in the care of individuals with motor
impairments and have been studied across several clinical populations. Although not part of the stud-
ies included in this systematic review, different papers reported benefits as:

e Improved outcomes. Improvements on functional and clinically relevant outcomes are reported in
[106-108];

e Safety. Most systems are generally reported as well tolerated and have shown a good safety profile in
patient use [109];

e Personalisation. Assistance level and task difficulty can be adjusted to the individual’s deficits and
goals, allowing graded progression over the course of therapy [110];

o Accessibility. These systems can be configured for different care settings, including inpatient clinics,
outpatient services, and even home-based use [111, 112].

A recurring objective across recent studies is to deliver repetitive, intensive, and individualised practice,
features that can be difficult to achieve consistently with conventional therapy alone.

The literature spans different timescales and aims: from immediate assistive control (e.g. MRAC or
ML-based systems) to longer-term motor reorganisation (e.g. hybrid or home-based solutions), suggest-
ing an integrated framework in which robotic systems not only assist movement but also support pro-
cesses associated with neuroplasticity. It should also be noted that this review was intentionally scoped
to examine biosignal-controlled robotic rehabilitation systems across emerging technological paradigms
rather than to provide a disease-specific synthesis. Accordingly, highly investigated disease-specific popu-
lations, such as stroke, spinal cord injury, and other neurological or neuromuscular conditions, were not
systematically pooled because disease-specific impairments, compensatory mechanisms, and rehabilitation
protocols could confound the analysis of the role of biosignals in robotic control.

Most of the included studies consist of exploratory or proof-of-concept trials involving a limited
number of participants, often healthy volunteers, and primarily aim to demonstrate the system’s func-
tional principles rather than evaluate its large-scale clinical effectiveness, as initial testing on healthy sub-
jects represents an essential step in the development and validation of biosignal-controlled robotic strate-
gies prior to clinical translation.

From a technical point of view, the analysed technologies here, including model-based controllers
(Toro-Ossaba et al [91]), robot-FES hybrids (Takenaka ef al [92, 93]), ML-driven exoglove systems
(Sierotowicz [94]), and extended prosthesis use (Osborn et al [96]), converge on a shared design ratio-
nale: reduce physical effort (e.g. lower EMG amplitude, lower required torque, reduced co-contraction)
while preserving motor learning and functional recovery. Although these systems address different reha-
bilitation contexts and stages, the overall pattern suggests that combining robotic assistance with user-
driven intent and meaningful feedback is more likely to support durable improvements than assistance
alone. A key point across these systems is the integration of the user into the control loop via biosig-
nals, mainly sSEMG. In this paradigm, the subject is not treated as a passive recipient of motion but
as an active contributor to control. This represents a shift from the earlier generations of rehabilita-
tion robots [113, 114], which successfully provided passive motor support [115], but did not necessar-
ily promote voluntary motor relearning. In contrast, more recent approaches recognise the importance
of combining assisted movement with voluntary (or at least stimulated) muscle activation. All EMG-
based systems, although through different methods, are designed to promote active participation, either
through intention-driven signals (e.g. movement initiation) or through modulation based on internal
states (e.g. fatigue, pain) [99], which are detected by the robot and used to dynamically adapt the ther-
apy. The common goal is to fine-tune the intervention to the subject’s specific needs. Nevertheless, EMG
control is not without problems, including electrode displacement, noise sensitivity, response latency,
and intra/inter-subject variability [23, 116, 117]. To overcome these limitations, some systems may incor-
porate additional biosignals, such as HRV and electrodermal activity, to estimate user states, including
stress, fatigue, or attention. These signals can act as adaptive feedback parameters [39, 118], leading
to more personalised rehabilitation approaches. In the study by [119], the ECG signal is not used to
directly control the robot through biosignal, but to estimate the user’s energy consumption related to
walking intensity. Regarding EEG signals, none of the articles screened considered them directly in a
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rehabilitation context. During the screening phases, several studies involving EEG were analysed; how-
ever, they mainly emphasised system performance rather than rehabilitation outcomes, as seen in brain-
computer interface applications [120, 121], or they focused on classification parameters derived from
EEG data, as in [122-124]. Modularity and portability are other common priorities among the reviewed
systems. Several prototypes, such as the one of [95] and home-use prostheses [96], are designed to

be compact and usable outside the hospital, aligning with trends in telerehabilitation and home care.
Patient compliance was high, with some users even expressing enthusiasm, particularly in long-term
prosthesis use [96]. Between studies, notable differences emerge, reflecting different technological matu-
rity levels and approaches. These include:

e Device complexity: From multi-joint exoskeletons (e.g. anthropomorphic prosthetic hands [96]) to
simpler systems targeting a single joint (e.g. wrist actuators [100] or manual resistance plates [125]).
This naturally impacts the scope, which ranges from complete upper-limb recovery to more localised
goals (e.g. improving wrist strength vs hand dexterity).

e Control system: systems that include EMG interfaces report improved motor control and reduced per-
ceived effort [126, 127].

e Rehabilitation outcomes: results range from variation in muscle activation, expressed via SEMG,
which is one of the main expressions of the rehabilitation efficacy [128], to the achieved RoM, active
torque and the reduction of passive stiffness [91, 100].

In upper-limb applications, improvements have been observed both in performance metrics and in indi-
cators consistent with reduced user contribution during assisted movement. For instance, during elbow
training, a myoelectric adaptive controller reduced the user torque by approximately 34%-40% (RMS),
while maintaining tracking errors of 4.5° in passive conditions and 10° during active-assisted trials,
suggesting a lower mechanical load without a major loss in functional accuracy [91]. This pattern is con-
sistent with reduced loading without a proportional loss of task accuracy. An EMG-driven ML controller
implemented in a soft exoglove reduced muscle activity by up to 50% at higher force levels (>10 N),
supporting the idea that proportional myoelectric assistance can reduce effort and maintain voluntary
engagement [94]. Similarly, a soft elbow sleeve tested during repetitive pitching showed decreased bicep-
s/triceps activation (60% and 40% in steady passive assistance and by 50% and 30% in EMG-activated
assistance). The CCI also decreased from 0.31 to 0.12, suggesting improved muscular coordination rather
than pure passive unloading [95]. Importantly, hybrid approaches that combine robotic support with
FES appear to produce more durable learning-related effects than single-modality feedback, as indicated
by better retention in wrist pointing tasks when training included robot+FES compared with visual-
feedback-only control conditions (two independent studies by the same group, with retention assessed
up to one week) [92, 93]. These findings are consistent with a motor learning-oriented rehabilitation
framework, in which assisted movement paired with endogenous and/or exogenous muscle activation
may enhance sensorimotor coupling and support consolidation of motor memory, particularly under
multimodal feedback conditions. The clearest clinically oriented evidence within the upper-limb domain
comes from telerehabilitation studies in fracture subjects, where EMG-driven adaptive control was asso-
ciated with large improvements in RoM. In a clinical cohort undergoing a 10 d remote protocol, wrist
RoM increased by up to 73 % [99]. A subsequent protocol reported an increase in RoM after 10 days,
with concurrent changes in joint mechanics (e.g. passive stiffness reduced from 0.26 to 0.09 Nm, pas-
sive resistance reduced by 30%) and, in the best-recovering patient, active torque increasing from 0.93
to 2.09 Nm, possibly indicating an increase in muscle activation as therapy progressed through active
functional participation [100].

Lower-limb systems also show similar benefit in terms of motor function and physiologically rele-
vant changes. For example, during treadmill training with an exoskeleton controlled via EMG-driven
admittance, subjects modulated gait parameters, with walking speed varying from 0.110 to 0.120 ms™
under trajectory adaptation; during these phases, muscle activation was significantly higher than fixed-
trajectory walking (p < 0.05), indicating also increased user engagement rather than fully passive
guidance [102]. In a knee exoskeleton study, results showed reductions in the EMG of quadriceps and
biceps femoris during assisted motion (about 55%-58% reduction, depending on subject and muscle),
consistent with unloading effects [103]. In fact, the results suggest a reduction of muscle effort dur-
ing assisted movement, with possible application to patients with knee weakness during swing. Along
the same line, an ‘assist-as-needed’ controller showed a human-to-robot torque ratio 3%—4% in pas-
sive mode but increased up to 46% (extension) and 18% (flexion) in assistive modes, illustrating how
biosignal-guided control can limit over-assistance and promote active participation. Finally, an XR-based
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amputee rehabilitation platform [105] tested in 7 amputees showed improved EMG recognition across
repeated trials (10 movements), reduced latency for motor responses, and higher engagement, supporting
usability and adherence-related factors, which may serve as important contributors to long-term func-
tional outcomes. In fact, the test was highly rated in terms of muscle rehabilitation effect and motiva-
tion. Repetitive training can help at maintaining/increasing muscle movement memory. In conclusion,
the direction of effects is promising, but the current state of clinical evidence remains preliminary: many
studies involve small samples and/or healthy participants, there is no standardised reporting of outcome
measures, and long-term follow-up is rarely con.ducted beyond simple retention tasks

Some systems are clearly in early prototype phases (e.g. small sample sizes, tests on healthy volun-
teers, primarily engineering metrics), while others have begun clinical translation. Pain-adaptive telere-
habilitation systems, for example, have already been tested in real-world clinical settings [99]. A fur-
ther distinction lies in the use, or omission, of additional stimulation. Only a minority of systems (e.g.
Abdallah & Bouteraa’s OSCS [101], Takenaka et al [92, 92]) combine robotic actuation with FES, aiming
to simultaneously engage both muscles and joints. Most studies, however, focus on mechanical assis-
tance combined with voluntary intent, employing adaptive or assist-as-needed myoelectric controllers to
stimulate intrinsic activation without external stimulation. While robotic systems augmented rehabilita-
tion using technique as FES have shown encouraging performance, reporting outcomes comparable to
voluntary training [93]), they also introduce additional technical complexity. Nevertheless, the therapist
remains central to the intervention, overseeing device calibration, guiding task execution, and evaluating
progress.

Artificial intelligence has also been explored to improve control accuracy and adaptive assistance,
with ML and DL methods increasingly applied to biosignals and kinematic data. In particular, DL
applied to EMG has been proposed to enhance human—robot interaction and fine motor control [97].
These models can learn from the inputs of the therapist to detect when assistance is needed, using
the analysis of time-series of movement trajectories to predict and deliver timely support [129, 130].
However, many studies were conducted on young, healthy volunteers, so the systems were not tested in a
clinical setting or with conditions such as spasticity, muscular weakness, or pathological movement pat-
terns. Most of the authors highlight the need for future trials on clinical populations to better validate
these systems and guide their refinement. Another promising potential direction is the use of VR and XR
environments [105]. These technologies aim to increase motivation, engagement and motor outcomes,
offering immersive, interactive, and customisable therapy [131-134]. VR can increase motor learning
without requiring the patient to wear a physical rehabilitative device, offering an alternative method for
functional training. In parallel, several of the analysed articles [99, 100] rely on IoT-based architectures
to enable remote and distributed rehabilitative applications. For the studies included in this review, loT
is not treated as an independent therapeutic component but rather as an enabling infrastructure that
facilitates a constant transmission of data among patients, robotic devices, and therapists. This connec-
tivity supports real-time monitoring of biosignals, remote supervision of sessions, and adaptive tuning of
the rehabilitation parameter.

In conclusion, the 15 reviewed studies in general show the rapidly evolving field in robotic rehabil-
itation, with different but converging strategies that support the shift toward more intelligent, patient-
centred therapy. In addition, the screened literature mainly supports feasibility, early clinical applicabil-
ity, and promising preliminary trends. A common theme is that robotic systems increase the quantity
and quality of therapy, and that biosignal integration, particularly EMG, allows more adaptive, person-
alised interventions, facilitating both guided movement and motor relearning.

Despite differences in device type (exoskeleton vs glove vs end-effector), control strategy (e.g. fuzzy
logic vs DL), development stage (feasibility vs clinical application), and rehabilitation metrics, the avail-
able evidence suggests promising but still preliminary effects. Improvements in strength, muscle acti-
vation, RoM, coordination, and reductions in perceived effort and pain have been reported, potentially
associated with the real-time adaptability of these technologies.

Nevertheless, robust clinical validation has not yet been achieved; so that, future directions include
large-scale, controlled clinical trials comparing robotic solutions with standard therapy, the integration
of additional biosignals (e.g. EEG for detecting motor intention in patients with no residual EMG activ-
ity), and improvement in usability for routine clinical and home use. The integration of engineering and
clinical expertise, evident throughout this body of research, will be key to helping to inform the future
development of clinically applicable robotic rehabilitation solutions, with the potential to significantly
improve motor recovery and independence for people with neurological conditions.
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