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Abstract

Robotic devices have become increasingly important in upper-limb rehabilitation, as they
assist therapists, improve treatment efficiency, and enable personalised therapy. However,
the lack of standardised protocols and integrative tools limits their widespread adoption
and effectiveness. To address these challenges, a robotic framework was developed for
upper-limb rehabilitation in patients with acquired brain injury (ABI). The framework is
designed to be adaptable to various ROS-compatible collaborative robots with admittance
control and potentially adaptable to other types of control, and also integrates kinematic
and electrophysiological (EMG) metrics to monitor patient performance and progress. It
combines data acquisition through EMG and robot motion sensors, gamification elements
to enhance engagement, and configurable robot control modes within a unified software
platform. A pilot evaluation with eight healthy subjects performing upper limb move-
ments on an ROS-compatible robot from the UR family demonstrated the feasibility of the
framework’s components, including robot control, EMG acquisition and synchronization,
gamified interaction, and synchronised data collection. User performance through all
levels remained below the controller limits of force and velocity thresholds even in the
most resistive damping. These results support the potential of the proposed framework
as a flexible, extensible, and integrative tool for upper-limb rehabilitation, providing a
foundation for future clinical studies and multi-platform implementations.

Keywords: neurorehabilitation; collaborative robots; electromyography; physical
assessment; gamification

1. Introduction
Every year, 15 million people suffer a stroke, with 5 million of the survivors requiring

rehabilitation. Many of these individuals experience permanent motor disabilities such as
hemiparesis, which is characterised by the weakening of one side of the body. Rehabilitation
for these patients involves significant challenges due to the limited availability of human
resources and clinical personnel [1].

To address these challenges, robotic systems have been increasingly employed in
healthcare settings in the last two decades. From surgical to rehabilitation assistance, robots
play a crucial role in easing the patient’s recovery. In the rehabilitation domain, robotic
systems assist therapists during treatment routines, thereby augmenting the number of
patients that can be effectively managed by a single therapist. This capability is particu-
larly useful during the early stages of the rehabilitation, where providing immediate and
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personalised assistance is decisive for the success of the treatment [2]. Furthermore, the
need for rehabilitation due to acquired brain injury (ABI) has increased by over 63% in the
last decades [3], promoting the works addressing this issue.

End-effector robots intended for upper-limb rehabilitation can accomplish active and
passive motor skills training for the wrist, forearm, and shoulder; in addition, they can
increase the intensity and repeatability of rehabilitation protocols. There have been a
number of outstanding projects based on end-effector robots, including MIT-Manus [4],
MIME [5], GENTLE/s [6], ARM Guide [7], and reachMAN2 [8], leading to a breakthrough
in the field of rehabilitation robotics. In the last few years, collaborative robots with
end-effector tools have been extensively used for rehabilitation, particularly for patients
with upper limb disabilities [9,10]. These robots are specially prepared for human–robot
interaction and can assist motion in different modalities depending on the limb’s mobility
(passive, active, active-assistive, etc). The robot end-effector attachment point is connected
to the patient’s limb, and can guide it over a fixed path or apply assistance-as-needed
control for rehabilitation therapy [11].

In addition to robotic systems, the use of biosensors to evaluate rehabilitation per-
formance has been shown to be very beneficial. Biosensors can monitor a wide range of
information during therapy, including electrophysiological activity and motion perfor-
mance. In this context, so-called neuromechanical biomarkers can be used as metrics for
tracking motor function [12]. Effects on motor coordination [13], muscle strength [14], and
others can be monitored by using electromyography (EMG), while kinematics can also be
measured during robot-assisted rehabilitation [15]. From this information, the rehabilita-
tion therapy can be reoriented to fulfill its goals more effectively. An example of this was
presented in [16], where a motion sensor was used to capture hand kinematics and translate
them into game inputs within a rehabilitation environment while adjusting the difficulty
according to the patient’s progress. More recently, a personalized EMG-based feedback
training was applied together with a wearable device to adapt hand rehabilitation [17].

These therapeutic exercises are often integrated with serious games, which have
gained popularity due to their ability to engage patients more effectively in their therapy.
Gamification in rehabilitation typically includes features such as scoring systems, progress
summaries, and thematic elements that can enhance the gaming experience [18]. In addition,
the incorporation of robots and sensors along with serious games in rehabilitation contexts
not only enhances patient engagement through stimulating experiences but also improves
the accuracy and efficiency of data collection. Consequently, gamification is increasingly
being implemented in clinical practice to improve rehabilitation outcomes [19].

Current Limitations of Available Technology

In recent years, exoskeletons and end-effector platforms have been introduced com-
mercially. However, as summarized in Table 1, in upper-limb rehabilitation the market
remains limited, with only a few available options. Commercial robots offer different
training modes (passive, active, assistive); while some robots incorporate multiple modes,
such as ReoGo [20], and Yidong-Arm1 [21], others such as ALEx S [22], ALEx RS [23]
and ArmeoPower [24,25] focus primarily on a single therapy mode and are restricted to
passive therapy. Even within similar modes, implementation strategies differ; Harmony
SHR [21] requires therapists to manually select assistive force, while REAPlan [25] and
InMotion Arm [26] adjust force adaptively during tasks. A significant drawback is that
available robots often omit resistive modes, which are essential for strengthening muscles
in intermediate and advanced therapy stages [27]. Moreover, robots such as Hocoma’s
Armeo series address specific rehabilitation stages, requiring multiple investments as the
patient progresses [25].
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Additionally, physical therapy assessment is often limited to kinematic parameters
(range of motion, trajectory, speed, execution time), overlooking critical EMG parameters
such as muscle fatigue and activation patterns. Currently, robots incorporating EMG are
mainly research-oriented and seldom clinically available [28].

Table 1. Commercial upper-limb rehabilitation robots.

Robot Aim 1 Training 2 Modes Gamification Data 3

ALEx S S-E P ✓ K
ALEx RS S-E-FA-W - +VR K

ArmeoPower S-E-H * P +VR -
ArmeoSpring S-E-H * - ✓ K
ArmeoSpring

Pro S-E-H * - ✓ K

Harmony
SHR S-E P + Ass - -

Nx-A2 S-E-H - +VR K
ReoGo S *-E-W P + Ass ✓ K

Yidong-Arm1 S-E-H P, A, M - -
REAPlan S-E Adap ✓ -

InMotion Arm S-E-H Adap ✓ IE-K
* If requested. 1 (S) Shoulder, (E) elbow, (H) hand, (FA) forearm, (W) wrist. 2 (P) Passive, (A) active, (M) mixed,
(Ass) assistive, (Adp) adaptative. 3 (K) Kinematic, (IE) intelligent evaluation.

Personalisation of therapy is a critical area for innovation that seeks to enhance patient
outcomes by adapting robotic systems to individual needs, abilities, and preferences. While
some systems support customisation, limitations such as restricted exercise durations
or limited degrees of freedom (DoF) continue to persist. For example, ReoGo supports
three-joint movement but has limited joint DoF, while Armeo and InMotion Arm require
additional wrist joints for full-range therapy [24,26].

Despite these advancements, a clear standardised protocol for rehabilitation robots
remains lacking [29]. This work seeks to specifically address these gaps by developing
a flexible, scalable, and interoperable robotic framework for upper-limb rehabilitation in
ABI patients. The proposed framework integrates real-time monitoring and performance
analysis using EMG systems and robot sensors, addressing limitations such as insufficient
integration of EMG parameters in clinical practice and the lack of adaptive difficulty
during therapy. It also incorporates gamification elements to enhance patient motivation
and provides diverse end-effector tools accommodating different gripping requirements,
thereby overcoming the need for multiple robot investments in different rehabilitation
stages. As a first approach, admittance control was chosen specifically because it provides
a natural interaction, is robust to varying levels of patient engagement, and allows for
dynamic adjustment of robot resistance, contrasting positively against impedance, force, or
hybrid control methods.

2. Robotic Framework Design
The software framework integrates an end-effector robotic platform based on the Uni-

versal Robot UR10e collaborative robot, which is equipped with an internal force/torque
sensor necessary for implementing admittance control. The end-effector is an ergonomic
handle specifically designed for ABI patients, and is synchronised with gamified activities
displayed visually. For EMG acquisition, eight Noraxon Ultium electrodes are used, pro-
viding real-time muscle activity monitoring. Figure 1 illustrates the complete hardware
setup, including the sensor placements and interactive interface.
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Figure 1. Setup with the robot, EMG sensors, screen, end-effector, and a participant.

2.1. Control System

Rehabilitation robots offer several advantages: they ensure consistent execution of
exercises, eliminate the need for therapist guidance in directing movements, and enable
collection of precise position and force data. To that end, a proper control needs to be
implemented in order to fulfill the task requirements. In this work, the rehabilitation
exercise involves manually gripping and moving the robot’s end-effector in the specified
directions. During the initial stages, the robot must not oppose any resistance to the
trajectory, facilitating a free arm movement for the patient. As rehabilitation progresses,
the robot should provide increasing resistance to movements for the purposes of adapting
the patient’s training and the game difficulty. To accomplish this, the control strategy
is implemented based on admittance control, which is selected due to its suitability for
providing safe and natural interactions during rehabilitation exercises [30].

Admittance control requires precise force/torque sensing, conditions that are fully
satisfied by the UR10e’s integrated sensors [30]. The force data from the robot’s end-
effector is processed using ROS, subtracting gravitational effects and computing the tool
centre point (TCP) velocity via a mass-damper-spring transfer function, as shown in the
following equation:

ẋdesired
i =

1
m + cuser

· Fnet,i. (1)

This equation computes the desired TCP velocity (ẋdesired
i ), where m = 10.9 Kg is the

maximum mass accepted by the robot, cuser is the damping value provided manually
through the user interface (UI) or by specific levels (see Section 2.4), and Fnet,i is the total
net force after the force threshold and validation logic:

Fnet,i =


|Fext,i| − Fth · γ, if Fext,i ≥ 0 and |Fext,i| > Fth · γ

−
(
|Fext,i| − Fth · γ

)
, if Fext,i < 0 and |Fext,i| > Fth · γ

0, if |Fext,i| ≤ Fth · γ

(2)
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where the scaling factor γ = Fth
|Fext,x |+|Fext,y |+|Fext,z | distributes the force threshold (Fth) between

the active axes of the external force (Fext,i). To guarantee safe interaction, forces are validated
within the range 2 ≤ |Fext,i| ≤ 200 N to remove low-level noise and saturating inputs
that exceed safe limits. Finally, a dual-rate low-pass filter is implemented to prevent
jolting motion:

ẋ f ilt
i = ẋprev

i + α(ẋdesired
i − ẋprev

i ) (3)

where ẋ f ilt
i is the final filtered velocity at the TCP and ẋprev

i is the previous TCP velocity.
The filter employs two gains α depending on motion phase: during acceleration ( 1

32 ) and
during deceleration ( 1

10 ). The complete system relationship can be represented as follows:

Ẋ f ilt
i (s) = Gtotal(s) · Fnet,i(s) (4)

where Gtotal(s) = α
s+α · 1

m+cuser
represents the combined transfer function of the admittance

controller and velocity smoothing filter. The first term α
s+α is the first-order low-pass filter

from Equation (3), while the second term represents the admittance gain. This cascade
configuration ensures smooth velocity profiles by filtering high-frequency components
while maintaining the force–velocity relationship dictated by the maximum mass accepted
by the robot.

While demonstrated specifically with the UR10e robot, this approach can be adapted to
other collaborative robots provided that they possess or integrate comparable force/torque
sensing capabilities and ROS compatibility. Adjustments necessary for integrating this
control strategy into other robot platforms primarily involve calibrating the sensor configu-
rations and adapting the transfer function parameters according to robot-specific dynamics.

2.2. Data Acquisition and Processing

The developed software framework is designed to gather data from various sources,
visualize these data, and create datasets to process them efficiently. To this end, the core
manager of the framework runs in Unity and the robot data and control run in ROS.
To visualise data in the UI and automatically create datasets, Unity and ROS require an
intermediate communication interface. On the ROS side, two threads are in charge of
the robot: one thread continuously publishes joint values, TCP position and speed, and
detected force and torque to the corresponding topics; meanwhile, another is responsible
for the robot control loop, which requires communication with Unity to update the robot’s
resistance to movement in real-time.

On the Unity side, the Unity Robotics Hub package has been imported, allowing for
the creation of custom scripts that act as ROS nodes. Consequently, two components have
been created: one for publishing data and another for subscribing data. This setup enables
ROS and Unity to communicate through topics. Robot data are published at a frequency of
100 Hz concurrently with the execution of the control loop at 500 Hz, thereby regulating
the velocity reference in the robot’s TCP. Unity retrieves and processes these data in real
time, displaying the values in the UI and storing them to construct a dataset with the robot
information. This dataset includes details such as the patient’s code, age, gender, arm to
rehabilitate, arm length, and robot resistance value. For each batch of robot data obtained
in Unity, information is stored in the following format: timestamp, joints, TCP position,
TCP speed, force, and the active target, which varies according to the selected game and its
corresponding set of targets.

Regarding the EMG sensors, they are managed through the official Noraxon software
(Noraxon MR 3.20.68 version). To obtain EMG data in Unity, the sensors placed on the
patient are activated to start publishing information about muscular activation in mV. These
data are captured via HTTP streaming with the help of Noraxon software carrying out



Appl. Sci. 2025, 15, 11007 6 of 20

HTTP requests. When a request is made, a batch of all the data stored between the previous
and current requests is received. For this reason, although the sensors publish data at
2000 Hz, Unity does not receive data at this frequency due to the slower HTTP request
process, necessitating further processing.

Synchronisation of both the robot and EMG datasets is achieved thanks to ROS
timestamps. Each collected batch is labelled with the latest ROS timestamp immediately
after the HTTP request, then resampled to 1500 Hz and interpolated to ensure sufficient
temporal equidistance for performance analysis. After collecting and processing EMG
data, a new dataset is automatically created. This dataset includes the original timestamp,
the interpolated-resampled timestamp, and information from the eight channels, where
the EMG signals are delivered in raw format to allow for maximum flexibility during
postprocessing. This approach enables the offline application of customised filtering,
rectification, and smoothing techniques tailored to the specific analysis objectives and
patient characteristics.

As a result of the previous processes, two datasets in CSV format are delivered to the
therapist after completing a rehabilitation routine, as depicted in Figure 2. The robot dataset
provides real-time information on the patient’s hand position, speed, and applied force,
while the EMG dataset contains information on the patient’s electrical activity. Furthermore,
the framework allows the user to select the export path and the information to be included
in the dataset. By default, all available information is exported.

Figure 2. Diagram of data acquisition.

2.3. User Interaction

Developing accurate robot control and acquiring data from the hand’s position, applied
force, robot parameters, and EMG data would be pointless without proper interaction
between the therapist, patient, and system. It is essential to equip the therapist with the
necessary tools to understand how these data correlate with the conducted routine as well
as to enable the system to receive inputs from the therapist to customise the exercises.
Additionally, visual feedback is provided to the patient in order to facilitate the association
between movements in the real space executed through the robot and the movements of
objects in the games. Consequently, a comprehensive UI of the software framework has
been developed in Unity.
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2.3.1. User Interface

The main UI, integrated in C# within Unity, serves as the principal link between all
the framework components: the robot, EMG sensors, therapist, and patient. It handles
core data processing, synchronisation, and routine management in the back-end, while the
front-end provides the therapist with all the necessary configurations to set up the routine.

Regarding the front-end, it has been designed with a minimalist and user-friendly
style, as providing an intuitive interface can ease the therapist’s experience while using the
framework. It is divided into two main scenes. The first scene contains the login screen
(Figure 3), where it is possible to register a new patient or initialise a session. The benefit
of having a login interface is that it allows the storage of repetitive data across different
sessions with various patients, such as name, age, exercise, or robot configuration. These
data are only accessible by the therapist, who logs in with a unique ID and password for
each patient. Additionally, because the proposed framework supports the use of various
robots, the UR3 (as described in [31]) and UR10e models (available in the lab) can be seen in
the image. Therefore, the login screen also offers the possibility of choosing a robot among
the displayed options.

Figure 3. Login screen in the proposed framework.

After logging in, the second main scene displays all available configurations and
games included in the framework. It is subdivided into four tabs according to the content
section. The first tab (Figure 4a) presents a mosaic of all serious games for the therapist
to choose from and start the rehabilitation process. Each game has been developed in a
separate scene, allowing for future expansion of the serious games repository. Although
the games are presented in separate scenes, they all share the components responsible
for managing the robots and the sensors, which were developed intentionally to enable
switching between games within the same session.

The second tab (Figure 4b) offers a real-time view of all data stored in the datasets,
including data related to the robot’s position in Cartesian and joint space, velocity, force
at the TCP, and values from the EMG sensors. Additionally, the recording of data can be
started and stopped through this tab without selecting a serious game; doing so initialises
the admittance control and data exchange without gamification, leaving the therapist in
charge of indicating the movements.

The third tab (Figure 4c) contains configurations related to the robot and admittance
control. Here, the therapist can select the level of resistance the robot will apply, which
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communicates with the controller in ROS and adjusts the system’s damping value. There is
also a button for calibrating the robot. This button measures the force and torque while
the robot is stationary in order to subtract it from the real force in the admittance control.
Moreover, the default admittance control operates in free space; however, certain serious
games may require restricting motion to one axis. Consequently, a drop-down menu has
been added to this tab in order to select the plane in which the robot should move (XY, YZ,
or XZ), using the robot’s base as the reference system. For reference, a visual representation
of the selected plane is shown just below the menu.

Figure 4. Different tabs of the user interface.

The last tab (Figure 4d) allows for the configuration of parameters related to the
patient’s data and the datasets’ export path. It is possible to add or remove information
from these datasets prior to their creation; for example, the joint position or a certain muscle
can be excluded from the dataset generation. These configurations are automatically stored
for each patient, and do not need to be re-entered in subsequent sessions with that patient.

Using the previous tabs, the therapist can navigate through the framework, customise
the exercises according to the patient’s needs, and record data freely without following any
game. There is no need to worry about starting the robot or storing the dataset, as these
tasks are managed automatically. Regarding user interaction, all buttons and pressable
items provide feedback, such as changing colour or enlarging. Additionally, messages
inform the therapist about the current state of the systems. If the robot is not calibrated
and a data recording is initiated, startup is not allowed and the therapist is informed of this
through a pop-up message.

2.3.2. Gamification

Even though the main UI provides basic interaction with the framework, its primary
objectives are to verify the correct functionality of the system, configure data related to the
patient and routines, and select the serious game that will be used. The actual rehabilitation
exercises are based on one of the provided serious games, which can be selected in the first
tab and redirect the user to a new Unity scene (see Figure 4a). Currently, the application
offers three games:

• Odyssey is based on a centre-out approach [32] in which the patient moves the end-
effector to reach targets shown on the screen. Eight targets are placed along a circular
path, with one target in the centre, making for a total of nine targets. The objective is to



Appl. Sci. 2025, 15, 11007 9 of 20

move from the centre target to one of the targets on the circumference and then return.
Depending on the user, the order of these targets can be randomised or arranged in
a clockwise sequence, an option that can be selected in the game’s UI. If the user is
a healthy individual, targets can be either randomised or set in a clockwise order.
Randomising the targets prevents the user from learning patterns and keeps them
constantly focused on the exercise. The target order is set clockwise if the user is
an upper-limb rehabilitation patient, since a known sequence is easier to follow and
ensures the same number of repetitions in all eight directions. There are three skins
for this game: Lunar Odyssey, Car Odyssey, and Dragon Odyssey (Figure 5).

• Skyward Stride consists of an aeroplane that flies through an infinite world in a
2D environment with obstacles to be avoided. The user can change the height of
the aeroplane to deal with the obstacles, obtain bonus items, and finish different
levels with variable difficulty. For upper-limb rehabilitation, the movements can be
controlled by linear displacements on a plane (arm reaching) or commanded by single
joint movements of the wrist or elbow.

• Kora Game allows for rehabilitation of the upper limb as the patient moves the end-
effector of the robot with admittance control. In this game, the movements of the
robot are mapped to a 2D hand that collects apples and pears appearing randomly in
a forest, which is as large as the robot’s working space. Different difficulty levels can
be set by changing the number of fruits that appear or the maximum time for the user
to grasp them.

Figure 5. Different tabs of the game interface.

2.4. Configuration

There are a total of six different parameters that can be used to properly tune the
rehabilitation activities in Odyssey:

1. The first parameter is the user’s arm length, which is essential for adjusting the robot’s
targets to match the user’s maximum arm reach. This measurement is entered into the
game, which automatically adjusts the robot’s targets to ensure that the arm is fully
extended and not flexed when reaching a target. The targets are mapped in an elliptic
shape that allows for full arm extension when reaching them in the movement, where
left–right movements have a greater range than forward–backward movements. This
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design ensures that the patient performs the exercise and stretches the arm to the
maximum range in order to reach each target.

2. The second personalisation parameter is the robot’s plane of work. Odyssey can be
used in two different planes, namely, the transverse and the frontal planes, with the
human body as the frame of reference. This allows the rehabilitation exercise to be
executed with either horizontal or vertical movements. In both planes, targets are
adjusted according to the arm length.

3. Third, the damping value for the admittance control is adjusted for each patient.
This parameter can be adjusted from 0 to 600 Ns/m in individual exercises or in
consecutive exercises with a specific damping for each level. For healthy individuals,
it can be set to a high value, causing the robot to provide significant resistance to
movement. For rehabilitation patients, the resistance can initially be set to zero and
gradually increased as rehabilitation progresses. This refinement and selection of the
damping value is modified by the person in charge of the rehabilitation routine, and
can be updated at any time during the exercises. When exporting data, the current
damping value during the exercise is also stored.

4. Another relevant parameter is the number of repetitions required to complete the
current game level. One repetition consists of two movements: one from the centre to
the active target on the circumference, and a second from the target back to the centre.
Visual feedback is implemented in a progress repetition bar (see Figure 5, right side of
the visual interface). The number of repetitions depends on the exercise’s purpose
and the patient’s resilience, and must be configured by the therapist.

5. The damping value and number of repetitions alone are not enough to define the
specific speed at which the exercise should be performed. Consequently, the reaching
time for each target is constantly measured, and can also be modified. If the user does
not reach the target in time, it turns red and a message appears indicating the need to
increase speed for the next repetition. When a target is not reached, it is not counted
as a successful target. The total number of achieved or failed targets is stored in the
generated robot dataset.

6. Keeping the patient motivated is an essential aspect of rehabilitation. For this reason,
the sixth personalisation parameter is the game skin. Three different themes have
been designed: a space adventure (Figure 5a), a driving journey (Figure 5b), and a
skin inspired by the Dragon Ball anime show (Figure 5c). This allows the user to
choose the theme they prefer before starting rehabilitation.

Furthermore, the game provides two modes of play: level-based and fully customised.
The level-based mode consists of six levels with all parameters pre-set except for one, which
changes with each level. For example, when evaluating the speed, the time allowed to
reach the targets decreases with each level. The number of repetitions and the damping
value can also be adjusted through the levels. It is the responsibility of the person in charge
of the therapy to adapt the levels to the patient. The benefit of the level-based mode is its
gamification, providing rewards for succeeding in each level. Therefore, the second gaming
mode is the personalised mode, in which all parameters can be modified in real time.

2.5. Safety and Hardware Requirements

As the developed framework communicates via ROS and the robot controller, safety
stops and parameter limits are configured directly on the robot controller, in this case the
UR10e teach pendant, which is installed on the same computer as the framework. Certain
parameter limits are configured directly in the robot controller program. These limits
include workspace plane thresholds related to the user’s arm length, the target location,
and the maximum force and velocity thresholds (107 N and 250 mm/s). When any of these
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limits is reached, a safety stop occurs within 200 ms. The robot can be restarted through
the controller, and the framework resumes when communication is restored. When a
communication loss of more than 250 ms is detected or power loss occurs, the framework
console displays warning and error messages and the robot stops at the last detected
coordinate position. The robot can be resumed through the controller. The only safety stop
that requires restarting both the robot and the framework is the one triggered manually by
the Z-stop.

System requirements for installing the proposed framework include an Ethernet con-
nection on the same network used for both the robot and the computer station. The
computer station should run Ubuntu 20.04.6 LTS and ROS for robot control and visualiza-
tion. For the EMG acquisition system, the software should be compatible with the operating
system on the computer station. If this is not the case, another computer can be used to
handle the communication. It also needs to be connected to the same network as the main
computer station through Ethernet or WiFi.

3. Validation Methodology
To demonstrate the feasibility of the proposed framework, a pilot evaluation was

conducted involving eight healthy participants performing upper limb movements using
the UR10e robot. The primary goal of this pilot was to assess the correct functioning of the
framework components, robot control, EMG acquisition, gamification interface, and data
synchronisation rather than to test a particular clinical hypothesis.

3.1. Experiment Protocol

In this experiment, the participants (Table 2) performed reaching movements while
seated upright with feet flat on the floor and the elbow positioned at 90°. The task involved
moving an object from a central position to one of eight radial targets arranged in clockwise
order, then returning to the centre in the x–y plane. Following a one-minute resting
baseline and a familiarization trial at 100 Ns/m, which were excluded from the analysis,
each participant completed one repetition set of the eight movements at three damping
levels of 200, 400, and 600 Ns/m (D200, D400, D600 respectively), with a one-minute rest
period between damping levels. Participants were asked to try to maintain consistent
velocity throughout all movements and damping levels. The experiment started with
measurement of the participant’s dominant arm length. The chair was adjusted so that
when the participant grasped the end effector, the arm was aligned with the central target
of the centre-out tasks depicted in Figure 5.

Table 2. Description of the healthy subjects.

Subject ID Sex Age Arm Length (mm) Sleep Time

S01 F 22 540 7 h
S02 F 27 460 7 h
S03 M 24 560 7 h
S04 F 23 490 7 h
S05 M 39 560 7 h
S06 M 47 580 7 h
S07 M 21 530 7 h
S08 F 24 460 <5 h

All participants were right-handed.

Eight EMG sensors were placed on the skin surface over the following muscles: Middle
Trapezius (MT), Anterior, Middle, and Posterior Deltoid (AD, AM, AP), Biceps Brachii
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(BB), Brachioradialis (BR), Extensor Digitorum (ED), and Extensor Carpi Ulnaris (CUE). An
example of recorded EMG signals for one set of movements is shown in Figure 6.

Figure 6. EMG data synchronization of eight different muscles activity (blue) during the movement
execution of the eight different targets (black) on the first level.

The game was then configured according to each participant’s data, particularly arm
length. Each participant selected a preferred game skin to perform the task. The reaching
time was set to 5 s; otherwise, it was considered a failure. Visual feedback of target failure
was presented with a failure message appearing at the target to reach; the colour and shape
of both the target and the avatar icon changed, the progress bar did not count the failed
target, and at the end of the session the progress bar showed only the total number of
targets reached. To minimize variability and initial fatigue, participants were asked to
abstain from caffeine on test day, avoid upper limb exercise the day before, and ensure at
least seven hours of sleep before testing (see Table 2). The protocol was approved by the
Research Ethics Committee of the University of Alicante, with file number UA-2023-01-23 2.

3.2. Data Analysis

Because the framework provides two datasets, namely, kinematics and EMG, we
performed two offline analyses. For the kinematic data, the system recorded the TCP
positions, velocities, and forces in the x–y plane as well as the active target at each time
point. The first milliseconds of each recording were discarded in order to remove initial
adaptation to the robot’s movement. The data were then segmented into eight movements
(M) for each damping level. The absolute magnitudes of force and velocity were calculated
for all segments. The comparison of mean force across participants was normalised to
the 95th percentile of force across all damping conditions. Time was measured as the
total duration required to complete a movement, from centre to target to centre. For TCP
positions, trajectory segments were compared with an ideal path, defined as the shortest
path between the centre point and the objective target. Based on this comparison, errors
were calculated and normalised to the corresponding movement distance: mean absolute
error (MAE), maximum error (MaxE), and percentage root mean square error (PRMSE).
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For the EMG data, the signals underwent multistage processing. First, outliers ex-
ceeding three times the standard deviation were removed and replaced with the median
value of the window using a Hampel filter with a temporal window of 0.05 · f s. Baseline
noise was subtracted, then a fourth-order Butterworth notch filter was applied to remove
power line interference at 50 Hz and its harmonics. Cardiac noise in the back and shoulder
channels (MT, AD, MD, PD) was subtracted from the signal using an adaptive filter. Finally,
a 20 to 350 Hz bandpass filter was applied to remove low and high frequency noise. To
segment muscle activity for each movement, kinematic data were interpolated and then
aligned with the corresponding timestamps. Muscle activation periods were detected from
the signal envelope whenever the amplitude exceeded two times the standard deviation
for at least 500 ms. Within the active periods of each repetition, the root mean square
(RMS) and the mean frequency (MNF) were computed using a 250-ms sliding window
with 50% overlap.

4. Results
Validation of the proposed rehabilitation platform was performed with the Odyssey

game. To support personalized therapy for each individual, the system incorporates
different personalisation parameters that can be updated in both the main UI and within
the game. The developed framework was preliminary tested with eight healthy subjects in
order to validate the data acquisition process and overall system functionality as well as to
assess possible kinematic metrics for evaluating user performance.

4.1. System Usability

To validate system’s usability in real-life scenarios, maximum forces and velocities
were obtained. Figure 7 shows the maximum force (A) and velocity (B) values across all
movement tasks. As mentioned in Section 2.5, force and velocity have limit thresholds to
ensure correct robot functionality. Maximum force values for almost all subjects remained
within safe limits. Notably, S06 (the subject with the longest arm length) and S07 (the
youngest male subject) both showed peak values close to the force threshold. In both cases,
the maximum force was observed at D400 and the lowest velocity at D600, while S06 also
reported the highest velocity at D400 and S07’s velocity decreased with increasing damping,
as expected. In the case of S07, this may be because the highest velocity was observed
at D200, which was considerably faster than any other subject; from this initial damping
level, the subject tried to maintain the same velocity across all damping levels, inducing
more force than necessary through the robot. In addition, all male subjects showed higher
variability in velocity, which may be due to different velocities across movements. This
phenomenon may improve with a reminder to the subjects to maintain constant velocities,
thereby reducing force peaks.

Figure 7. Boxplots showing the maximum net force (A) and net velocity (B) detected in all eight
subjects for each damping level. The x-axis shows the subject ID, while the y-axis shows the corre-
sponding metric and units. All plots show D200 in blue, D400 in orange, and D600 in green.
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Figure 6 shows muscle synchronization with kinematic targets for all eight muscles.
Certain targets activate muscles at the beginning of the task (centre-target), while others
produce more activation at the end of the task (target-centre) and still others maintain
muscle activation through the entire reach. For example, as expected, DM and DP ac-
tivated at the beginning of M5, as the subject performed a downward rotation of the
shoulder, while AD became more active in the middle of the task as the user performed a
shoulder abduction.

4.2. User Performance

To show the trajectory performance, Figure 8 displays the expected and real TCP
trajectories for all eight movements at each damping condition in the x–y plane for S02.
The blue plot corresponds to the first damping level (D200), the yellow plot corresponds
to the middle level (D400), and the green plot corresponds to the last level (D600). In all
three plots, the dark line is the ideal trajectory. To differentiate the eight movements, each
direction is represented with a gradient of its corresponding colour. In this subject, at D200
the trajectories appear inaccurate in almost all directions, while at D400 they show more
precise movements with straighter paths.

Figure 8. End-effector trajectories at all three damping levels for user A.

To measure the movement performance in the eight trajectories, kinematic metric plots
were generated to compare movements, as shown in Figure 9. To maintain consistency
between figures, results for D200 are shown in blue, for D400 in orange, and for D600 in
green. Figure 9A shows a bar plot of the mean total time for each movement across all
subjects. In general, time increases with higher movement resistance generated by the
robot, as expected. It is important to note that while M5 and M8 have the lowest times, the
difference between these two is nearly double. This is because the movement performed in
the last direction was only centre-to-target, resulting in approximately half the time relative
to the other movements, which were centre–target–centre. In addition, the movements with
the highest times were M3 and M7, which correspond to the lateral targets, as described in
Figure 8.

Regarding force values, Figure 9B shows a box plot of the normalised force across
all movements. Force medians are clearly separated by damping condition, as expected:
D600 > D400 > D200, which confirms that the framework applies graded mechanical
resistance. The results for force also shows a directional pattern, with lateral and diagonal
targets (M2, M3, M4, M6, M7, and M8) having higher values compared to vertical targets.

Performance was also analysed using movement errors. Figure 9C shows the plots
for the PRMSE, mean error, and maximum error. The PRMSE values are small overall,
typically between approximately 5 to 15% of the movement distance. In most directions,
the PRMSE tends to be slightly lower at D600 and the movement accuracy varies between
directions, with vertical targets showing the largest errors. The mean error is clustered
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around 0.05 to 0.12, with minimal separation between resistance levels. Interestingly, all
subjects reported that M3 and M7 were the most difficult movements, yet these have the
lowest errors across metrics, while M1 and M5 were reported as the easiest but have the
highest errors and highest variability between subjects.

Figure 9. Kinematics plots of the subjects’ performance across the different movements and damping
conditions, showing the average time to complete a target movement (A), the normalised net force
used in each movement (B), and the mean normalised errors (PRMSE, mean error, and maximum
error) obtained in each movement (C). The x-axis represents the movement number, and all plots
show D200 in blue, D400 in orange, and D600 in green.

For the eight-muscle channel EMG data, normalised RMS values between 0 and 1
were computed, with values near 1 representing the session maximum. Figure 10 shows
heatmaps for the three damping conditions of the normalised RMS values. The x-axis
corresponds to the movement number and the y-axis to the muscles. As expected, the
normalised RMS increases with damping across all directions. The proximal shoulder
muscles show anatomically consistent directional tuning. The AD peaks in anterior and left
anterolateral reaches (M1, M7, and M8), while the MD and PD peak in lateral movements
(M3, M4, M6, and M7). The MT peaks in right lateral reaches (M2, M3, and M4) and in
the left lateral movement (M7). This pattern is preserved as the load increases. Elbow
flexors (BB, BR) show moderate diagonal biased recruitment that scales with damping,
with the exception of M8. Distal extensors (ED, ECU) increase broadly, which indicates
wrist and hand stabilization through co-contraction. Overall, M3, M6, and M7 activate all
muscles more in the higher damping conditions. Figure 11 shows the mean MNF values
for S02 across the three damping conditions, scaled to the maximum MNF value recorded
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during the protocol for each muscle. As the protocol was not sufficiently demanding
to induce fatigue, no significant changes in MNF values were consistently observed in
all subjects.

Figure 10. Mean normalised RMS values for all subjects across the eight muscles, eight movements,
and three damping levels.

Figure 11. Mean MNF values for subject S02, scaled to the maximum value for each muscle across all
eight movements and all three damping levels. The x-axis corresponds to the movement number and
associated damping level. Black zones indicate periods with no detected muscle activation.

5. Discussion
The primary objective of the pilot study was to assess the feasibility of the proposed

framework in a real environment with different subjects and subject characteristics. For this
reason, the analysis focused primarily on the visualisation and interpretation of the data
generated by the system rather than on a detailed evaluation of the participants’ perfor-
mance. Within the context of the present study, the most relevant aspects were the correct
synchronisation of data, effective communication between the various system modules
(Unity, ROS, and EMG), and functional validation of the complete framework. Preliminary
results, particularly the RMS values obtained from the EMG signals, demonstrated that the
system responds appropriately: as damping increases, there is a proportional rise in muscle
activation, accompanied by an increase in the applied forces and an expected reduction
in execution speed. With respect to trajectory errors, a decreasing trend was observed
as the damping level increased. However, because only one set of eight movements was
performed per damping level, this trend could be attributed either to motor adaptation or
to the possibility that higher damping facilitates the execution of more stable and linear
trajectories in the absence of fatigue.

The developed framework enables linear movements in the x–y and y–z planes,
allowing tasks with up to four degrees of freedom. This primarily targets the shoul-
der and elbow, although the wrist may also benefit to some extent. Moreover, the sys-
tem can be extended to support three-dimensional movements provided that compati-
ble skins are developed to accommodate this functionality. In comparison with other
robotic rehabilitation platforms for the upper limb, the present system offers capabili-
ties similar to recent technologies that support 3D interaction, such as the Armeo fam-
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ily [25], Gentle/s, and Proficio devices. In contrast, earlier systems such as ARM-Guided
and MIT-Manus are limited to movements with one or two degrees of freedom, respec-
tively [33]. A key aspect to consider is post-session feedback. Most current rehabilitation
robots provide only basic kinematic metrics; some offer performance indicators at the
end of the therapy session, as is the case with the Proficio [34]. However, EMG sig-
nals are typically excluded from this type of performance analysis, being used mainly
for device control rather than as quantifiable indicators of the patient’s condition or
progression [28].

Future Work and Current Limitations

While this work has demonstrated the technical feasibility of the proposed frame-
work in controlled settings with healthy participants and ROS-compatible collaborative
robots from the UR family, further studies are required to fully validate its applicability
in broader rehabilitation contexts. Future work should focus on conducting clinical trials
with at least ten ABI patients with a minimum of three hours per week and a total of five
sessions [33] in order to assess the effectiveness of the framework in real rehabilitation
scenarios. This study would include assessment of impact on motor recovery outcomes,
user engagement, and therapist usability. Analysis of both kinematic data and EMG record-
ings should be addressed in order to provide patients with a complete overview of the
therapy sessions, which should include movement performance with error metrics such as
PRMSE, MaxE, and MAE along with muscle strengthening with force and velocity metrics
for the kinematic analysis and fatigue and muscle power for the EMG analysis. At the
end of the therapy, a complete report including patient score and improvement should
be provided.

Additionally, further experiments are planned to implement and validate the frame-
work on other ROS-compatible robots beyond the Universal Robots family. This would
help to confirm the framework’s adaptability to diverse hardware platforms and configura-
tions. To support wider adoption, collaborative efforts with external research groups are
envisioned, allowing independent teams to deploy and evaluate the system in different
environments. Furthermore, we intend to expand the gamification module with more
personalized and adaptive tasks as well as to integrate biosignal processing pipelines for
user feedback, since one of the main limitations of the current framework is the lack of
real-time feedback. At present, only time feedback is provided through changes in target
colour, a failure message, and a progress bar that does not count missed targets. Markers
such as fatigue detection, large increases in error, and messages about force and velocity
when values approach their limits are key objectives for future online analysis. A kinematic
report should also be provided at the end of the session instead of raw kinematic and
EMG data. Finally, regarding data privacy and long-term management, measures should
include implementation of end-to-end encryption and multifactor authentication across
data capture, transmission, and storage as well as integration of automated pseudonymiza-
tion and legally compliant retention policies supported by immutable audit trails for
full traceability.

6. Conclusions
This paper has presented a robotic framework designed for upper-limb rehabilitation

in ABI patients. The proposed framework offers an adaptable solution for rehabilitation
exercises integrating data acquisition, serious games to enhance patient engagement, and
flexible robot control options. A technical validation of the framework was carried out
in a controlled setting with eight healthy participants and three different damping condi-
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tions with an ROS-compatible collaborative robot from the UR family, demonstrating the
feasibility and functionality of the proposed framework as a proof of concept.
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