IMPLEMENTATION AND VALIDATION OF A PID-CONTROLLED
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ABSTRACT

Weakness in the arm after a stroke often makes everyday tasks hard to manage. Because robotic sleeves
can guide repeated motions, they may help regain movement over time. A new approach is presented in
which one limb takes charge and the second follows, tied together by a digital twin that adjusts motion
with rapid response control. Instead of operating independently, the stronger side sets the movement
while the weaker side copies it, with real-time corrections. Trials were conducted twice—first in
simulation, then again on physical hardware to repeat the test. In the open-loop condition, the tracking
error was substantial, reaching a maximum deviation of 76%. Once PID control was introduced, the
error was reduced to thirteen digits calm Overshoot was also reduced, to approximately four or five
percent. The system settled more quickly, with improved response. Building models in MATLAB
Simulink demonstrated the feasibility of the system, with each component controlling the elbow joint
smoothly. Tuning the controller parameters ensured that motion remained fluid across repeated trials.
This kind of linked robotic arm, with a leader guiding a follower, might support long-term rehabilitation
at home or in remote clinics. In future work, researchers plan to integrate more advanced control
strategies and evaluate their real-world impact on people recovering from stroke.

Keywords: exoskeleton arm, elbow rehabilitation, PID control, bilateral training, master-slave system,
MATLAB Simulink, stroke therapy

1. INTRODUCTION

One major reason people struggle after a stroke is difficulty voluntarily moving their arms, which may

be severe in some cases. Because the elbow does not function properly, reaching or lifting can become
difficult, making everyday activities more challenging. Instead of relying only on standard rehabilitation
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methods, engineers have developed robotic braces that help restore movement. These devices carefully
guide the arm through repeated motions to support the recovery of motor control. When intelligent
control strategies are incorporated into these machines, adjustments can be made smoothly based on the
user's movement. A different approach to movement support involves linking two limbs so that one
guides the other during recovery. When the healthy arm or limb leads the motion, therapy can become
more balanced and active. Still, if timing slips or movement paths drift apart, coordination can
deteriorate under shifting loads or external forces. Systems that send signals forward without checking
the results may miss their targets, resulting in overshoot, delayed responses, or inaccurate positioning.
Instead of operating without feedback, continuous error monitoring allows constant adjustments. Here,
a method using proportional, integral, and derivative corrections helps fine-tune responses through
continuous monitoring.

The PID controller was chosen because it handles disturbances well while reducing steady-state errors
without excessive overshoot. Testing was conducted in two ways: first through simulations in MATLAB
and then directly on physical equipment to evaluate the behavior of each setup. The first setup ran freely,
the second was locked but unadjusted, and the third used a tuned PID loop. This study presents the
development and validation of the robotic arm control system, focusing on the specific objectives of the
research.

2. RELATED WORK

Machines that help people move again have become more common, mainly because they offer steady,
measurable support during recovery from movement problems. Such tools can deliver precise and
repetitive motion without fatigue. One type of device, worn on the arm, has helped patients recovering
from stroke regain movement and strength through repeated practice. Instead of guessing progress,
therapists see real data from each session. While results differ, many find better control when using
these devices regularly. These devices commonly focus on elbow flexion, forearm movement, and the
gradual restoration of lost function.

Getting the elbow moving well again matters a lot when regaining arm function. Devices like MIT-
Manus and ARMin help by guiding patients through bending and straightening motions, offering
powered support along the way [1], [2]. Instead of fixed settings, they adapt - giving more or less push
depending on how far someone has come. Cost becomes a barrier though; many people cannot afford
them, especially for use at home. That keeps these tools out of reach despite how useful they might be.
Most of these gadgets struggle to track movement precisely - particularly for people whose muscles
respond unpredictably. Because of that, effective control systems now must be built right into
exoskeletons, making them safer and more effective at the job they do.

One approach to rehabilitation uses a setup in which one arm guides the other during therapy. When the
unaffected arm moves, it guides the affected arm in a synchronized manner. Research suggests that
bilateral movement training can support motor recovery following stroke [3]. Repeated symmetrical
movements may promote coordination between the limbs and improve motor control [4]. However,
achieving precise coordination between two components remains a common challenge in master—
follower configurations, where delays and trajectory misalignment can occur [5], [6]. Real-time
feedback can improve synchronization between the limbs and reduce motion drift [7], [8].

PID control is widely used in robotic systems because it can continuously adjust the system response
based on the control error [9]. Although relatively simple, the PID approach remains effective,
particularly for systems with moderate control complexity. Tuning the individual PID components
allows engineers to adjust the system response based on the current error and its accumulated and
changing behavior. In rehabilitation wearables, this combination can help maintain the desired motion
while reducing oscillations and positioning errors. The resulting response can remain close to the
desired trajectory under varying operating conditions [10].
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Mavroidis and colleagues [11] used an exoskeleton with PID control to help people move their elbows
properly again, making it easier to follow correct joint positions. Moreover, Hussain and colleagues
[12] explain that combining the exoskeleton with PID control can reduce muscle effort during therapy
movements. In addition, new techniques such as the Ziegler-Nichols rules use computer-based methods
that combine fuzzy logic with standard PID designs, with the aim of achieving faster responses without
interruptions [13], [14], [15]. By focusing on the three main values of K, K; and K, determining the
exact values can be challenging because body motion can vary spontaneously and disturbances may
occur unexpectedly during real-time operation.

Some research has explored PID tuning through simulations or trial-and-error techniques, leading to
clear gains in how well systems operate [15]. When open-loop and closed-loop setups are measured
against each other, results often favor PID controls - especially in rehab equipment. Systems guided by
PID usually show less long-term deviation, smaller peaks during response, along with quicker
stabilization after disturbances. Under shifting loads, their behavior stays steadier compared to
alternatives. Because of these traits, engineers lean toward embedding PID logic into robotic therapy
tools where precision and reliability matter most. Price tags and access hurdles still block broad use of
rehab robots. These days, researchers have started using 3D-printed components [16], along with freely
shared blueprints such as those based on Arduino or ESP32 development modules and low-cost sensors,
helping cut expenses without losing performance. Instead of custom hardware, studies by Wang’s lab
and separately by Tagliamonte’s crew found that regular servomotors combined with plastic joints made
from PLA have demonstrated suitability in exoskeletons [17]. Real-time tracking plays a key role in
rehabilitation sessions [18]; it helps prevent injury while ensuring patients stick to prescribed
movements [19], [20]. When testing affordable robotic systems quickly, platforms such as LabVIEW
appear frequently, just like MATLAB-Simulink, particularly when actual devices run within simulated
environments.

Although robotic rehabilitation systems and PID-based control strategies have been investigated
separately, their integration into a single affordable system capable of real-time operation remains
limited. In particular, the integration of master—slave mirrored motion, PID-based control, and
comparative evaluation under simulated and experimental conditions requires further investigation.
Therefore, this study develops and evaluates an elbow rehabilitation exoskeleton in which a controlled
arm follows the motion of a lead arm using PID control. The system performance is evaluated by
comparing configurations with and without feedback control under both simulation and experimental
conditions.

3. METHODOLOGY

The powered arm brace was developed with mechanical components and control systems to monitor
and support arm movement. The system consists of sensors and motors that enable one arm to follow
the movement of the other during operation. When the healthy arm bends or straightens, the electronic
system records the joint angle in real time. This data is transferred to the processing unit, which adjusts
the supporting arm accordingly. Movement is controlled through successive corrections based on the
tracking error. Instead of relying on predefined movements, the system uses continuous feedback to
adjust the motion at each instant. A mathematical control rule determines the response of the system,
helping to maintain the desired motion and reduce the difference between the expected and actual
positions. Elbow movements are therefore maintained through continuous sensing and automatic
adjustment.

3.1 System Overview

The developed robotic exoskeleton arm is designed to support elbow flexion and extension, with a
motion range from 0° to approximately 180°. The system uses Feetech motors, while the frame is
constructed from lightweight 3D-printed components. A sensor measures the joint angle and provides
real-time feedback to maintain accurate and responsive movement. The system operates in a master-
slave configuration, in which the healthy arm provides the reference movement and the affected arm
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follows the corresponding motion. The receiving arm adjusts its position through a feedback control
loop. A microcontroller processes the signals between the sensors and actuators, while software tools
support the overall system operation. MATLAB Simulink was used for system modelling, tuning, and
simulation, while real-time implementation was achieved using hardware-in-the-loop control with
Arduino and LabVIEW for data visualization.

3.2 System Modelling and Parameter Identification

Selecting appropriate system parameters is important for achieving suitable motion performance in an
exoskeleton arm. Experimental input-output data were therefore used with the MATLAB System
Identification Toolbox to determine the system parameters. The identified parameters were
subsequently used to develop and evaluate the control system.

Step 1 Data Collection: First, input-output data was collected from the DC servo motor by applying a
known input signal and recording the output position or speed of the motor over time as shown in Figure

Figure 1. MATLAB R2021b interface with simulink model script and workspace data

Step 2: Load Data into MATLAB: The collected data was loaded into MATLAB in a suitable format,
typically as time-series data.

Step 3: Importing Data into the System Identification Toolbox: The system identification toolbox was
opened, and the data was imported through the Import Data option by selecting Time Domain Data.
Then, load the iddata object created earlier, as shown in Figure 2.

Step 4: Model Estimation: The Estimate option was selected to estimate the system model. The desired
model type, such as a transfer function, state-space, or ARX model, was then selected, and the
corresponding model structure was specified. For the transfer function model, the number of poles and
zeros was defined, and the appropriate continuous-time or discrete-time estimation option was selected.
Finally, the Estimate button was used to obtain the system model based on the experimental data.

Step 5: Model Validation: The estimated model was validated by comparing its output with the actual
measured output using the Compare option in the toolbox.

Step 6: Model Export: After satisfactory model performance was obtained, the identified model was
exported to the MATLAB workspace for further analysis and control design.
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Figure 2. MATLAB system identification toolbox- import data dialog box

3.3 Control Strategy and PID Implementation

The adjustment was conducted to measure the difference between master and slave arm angles. The
signal from controller is moved toward the motor to track the error and the reactions form from the
controller. A PID controller was implemented to enable the motor to track the target angle while
maintaining system stability. The controller content based on a few parameters need to focus based on
the PID controller which is u(t) equals k,, times e(t), k; multiplying with the integral of e(t) over time,
k4 scaling the rate of change in e(t). The u(t) functions are to detect the signal and moves straight into
the actuator while e(t) detects the degree of the joint angles. Moreover, the k,, also reacts with speed
while k; use to show the error and k, role to soften the reaction. The changes are mostly based on
observation during each test by repeating the small changed motion without any delays or overshoot.
This is because the main focus is for the signal stability.

3.4 Block Diagram and System Flow

This study builds on a conventional PID setup and incorporates continuous user feedback as shown in
Figure 3. When the robotic limb deviates from the intended position, a correction is initiated
immediately after the deviation is detected. The difference, known as tracking error, triggers a corrective
signal. The signal is sent directly to the motor to guide the motion back toward the target position. The
PID controller consists of proportional, integral, and derivative terms, where the proportional term
responds to the current error, the integral term accounts for past errors, and the derivative term responds
to changes in the error. The resulting control signal, u(t), derives the actuator, while e(t) represents the
difference between the actual and target joint positions. The proportional term provides a rapid response,
the integral term reduces persistent offsets, and the derivative term helps counteract sudden changes.
The controller parameters were tuned based on the observed motion behaviour to reduce overshoot and
response delays. Stability was given priority throughout the tuning process. Even when the arm motion
changed unexpectedly, the method maintained stable performance and remained straightforward to
adapt during operation.

0.04232

TF(s) =
(8) = 737071165 + 0.07393

1)

Up to 0.004804 could affect the upper values, while the initial straight segment may shift by as much
as 0.080695, followed by a variation of only 0.006935 near the base readings. Eq. (1) forms the basis
of the controller implemented in MATLAB/Simulink. The real-time data flows through the block
diagram, illustrating how the input signals are processed to generate the control actions required for the

NED UNIVERSITY JOURNAL OF RESEARCH, VOL 23, Special issue on Icon3E’25, 2026 278



self-correcting PID setup. These control adjustments regulate the motion of the exoskeleton-style
robotic limb with greater precision.

Exoskeleton arm Step 2: Load data Step 3:Estimate
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Figure 3. Block diagram of the PID-controlled master-slave exoskeleton arm
4. RESULTS AND DISCUSSION

The presence of the PID controller demonstrates the difference between the target position and the
actual motor angle. The exoskeleton robotic arm setup consists of the developed components, including
a DC servo motor, together with real-time monitoring of the actual movement. The resulting
measurements provide feedback to the summing junction, thereby forming a closed loop. Each loop
cycle works to improve accuracy by gradually reducing the error. At the beginning, the “In” block
receives the reference signal, which is directed toward the “Out” block that represents the system output.
The transmitted data are displayed directly on the Scope block, allowing the movement of the
exoskeleton arm to be observed. The entire system operates continuously, with the output varying over
time.

4.1 PID Controlled System Simulation

The block labelled “PID” receives the error, which is the difference between the actual and desired
positions, and processes this error to generate a control signal that drives the motor toward the target
position. The “Exoskeleton robotic arm plant” represents the system dynamics, incorporating
components such as a servo motor and real-time feedback of the limb position. The feedback signal is
returned to the summing junction, where it is compared with the reference input. This closed-loop
process continuously works to reduce the error and improve positioning accuracy. The “In” section
receives the input commands, while the “Out” section provides the system output for analysis or display.
The subsystem output is then connected to a Scope component, enabling real-time monitoring of the
system response. Thus, the movement of the exoskeleton arm can be observed as the input signals
change over time.

The block parameters of the PID controller used in the Simulink model are shown in Figure 4. The
controller is configured as a PID controller operating in continuous-time form with a parallel structure.
The proportional gain is set to 8.1760, determining the response to the current error, while the integral
gain is set to 26.07589, determining the response based on the accumulation of past errors. No derivative
effect is present because the derivative gain is set to zero. When required, smoothing can be applied;
however, the default filter coefficient is set to 100. The PID Tuner App was used to adjust the controller
parameters. Zero-crossing detection is enabled to detect changes in the sign of the error. The system
was tested at target positions of 40°, 90°, and 120°. After each step change, the system response was
observed to determine how quickly the output reached and stabilized at the desired position.
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Based on Figure 5, the red line appears to overlap the blue line. The blue line quickly reaches 40° and
remains stable. In Figure 6, the target position is 90°. The system demonstrates a fast response with
minimal overshoot and a smooth settling response. In Figure 7, the target position is 120°. The system
also reaches the target position with a precise and stable response. Thus, each target angle demonstrates
a similar and consistent response, indicating that the PID controller was able to stabilize the system at

the specified target angles.

Based on Table 1, the performance of the reference and PID controllers is compared at three target
angles: 40°, 90°, and 120°. The key parameters considered include overshoot, settling time, rise time,
setpoint, and achieved angle. At 40°, the reference model exceeds the target by approximately 2%. The
system takes approximately 8 seconds to fully stabilize. The rise time is approximately 2 seconds as the
system transitions from the initial value to the target. Once the system settles, the final value remains
stable. At 90°, the overshoot slightly increases to 2.1597%, with a settling time of 8.3327 seconds, a
rise time of 2.00814 seconds, and zero steady-state error. For the 120° position, the overshoot is
2.1616%, the settling time is 8.3669 seconds, the rise time is 2.0797 seconds, and there is no steady-

state error.
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Figure 5. The closed loop PID controller step response at 40°

In contrast, the PID controller shows different performance characteristics. At 40°, the overshoot is 5%,
the settling time is 19.12 seconds, the rise time is 2.007 seconds, and the steady-state error is 1.3500 x
1013, For the 90° position, the overshoot decreases to 4.4%, with a settling time of 20.45 seconds, a rise
time of 3.003 seconds, and a steady-state error of 7.389 x 10713, At 120°, the PID controller has an
overshoot of 4.2%, a settling time of 21.77 seconds, a rise time of 3.02 seconds, and a steady-state error
of 1.0374 x 10712, The results demonstrate that the two control approaches exhibit different dynamic
responses. The reference system maintains a relatively stable response, whereas the PID-controlled
system exhibits greater overshoot before reaching the final value. The response characteristics also vary
according to the target position, demonstrating the influence of the control method on the overall motion

response.
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Table 1. PID-controlled simulation performance

Controllers  Setpoint (°) Achieved (°) Steady-State Error (°) Overshoot (%) Settling Time (s)
Reference 40 40 0 2.1437 8.3026
Reference 90 90 0 2.1597 8.3327
Reference 120 120 0 2.1616 8.3669

PID Controller 40 40 1.3500 x 1071 5.0000 19.1200
PID Controller 90 90 7.3896 x 10713 4.4000 20.4500
PID Controller 120 120 1.0374 x 10712 4.2000 21.7700

4.2 PID-Controlled Real-Time System

A Simulink setup is shown in Figure 8, representing a rehabilitation-focused robotic arm exoskeleton.
The system is referred to as the “Exoskeleton robotic arm for rehabilitation” and uses a PID controller
to improve its response. The Stepl block generates a step signal that represents the target position for
the device. This input initiates the response of the entire control loop. The step input is connected to a
transfer function block that represents the system dynamics and the desired behavior of the exoskeleton
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arm. A summing junction compares the desired position with the feedback signal representing the actual
position of the exoskeleton arm. The resulting error is then fed into the PID controller to minimize the
difference between the desired and actual positions.

CLOSED LOOP SYSTEM WITH PID
CONTROLLER

— e ok i iy P ~[:]
Ij g \-‘+2-(::+S:: e "c 1 L »

EXOSKELEON ARM BLOCK

Figure 8. The closed-loop with PID controller step response for 120°

Figure 9 details the subsystem labelled “Servo Motor with Analog Feedback,” which forms part of the
exoskeleton robotic arm plant shown in the first image. The subsystem receives an input signal qd,
representing the desired position. The signal is fed into an Arduino block (Pin 3) to control the servo
motor. Feedback from the servo motor is obtained through another Arduino block (Pin A1), which reads
the actual motor position. This feedback signal is then compared with the desired position by subtracting
a constant value of 60 and dividing the result by a constant value of 2 to normalize the feedback value.

Servo Motor with Analog Feedback

ARDUINO ARDUING

o FAVAN i

od ) Pin: A1 -
]

Figure 9. Exoskeleton arm simulation model

As shown in Figure 10, the controller operates in continuous time using a parallel PID configuration.
The proportional gain is set to 8.1760 and responds to the current error. The integral gain is set to
26.0758 and accounts for accumulated past errors. Since the derivative gain is set to zero, no derivative
action is applied. The filter coefficient is set to 100; however, it does not affect the system because the
derivative term is inactive. The PID Tuner App was used to determine the controller parameters based
on the system transfer function. Zero-crossing detection remains enabled throughout the operation to
improve the detection of changes in the error signal. Within the closed loop, the step input establishes
the target position, which passes through the mathematical model representing the system dynamics.
The difference between the desired and actual positions is processed by the PID controller to generate
the control signal for the robotic arm motor. The feedback signal continuously updates the controller
output, allowing the system to reduce the positioning error and approach the desired trajectory. A Scope
window displays the system response in real time, providing an indication of the overall control
performance.

The system response was evaluated at three target positions: 40°, 90°, and 120°. In Figure 11, the real-
time output, represented by the solid blue line, initially fluctuates and exceeds the target before
gradually approaching the target represented by the red dashed line. This response indicates the behavior
of the PID-controlled system during real-time operation. At 90°, as shown in Figure 12, the measured
output initially exhibits overshoot before gradually approaching the desired level. Similarly, Figure 13
presents the closed-loop response for a 120° target. The output initially exceeds the target and exhibits
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fluctuations before gradually approaching the desired position. These results demonstrate the real-time
response of the PID-controlled exoskeleton arm to different target positions.
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Figure 11. The PID-controlled system and uncontrolled system (real-time) step response for 40°

Table 2 compares the performance metrics of the reference system and the closed-loop PID-controlled
system for different target positions (40°, 90°, and 120°). The key performance indicators include
overshoot, settling time, rise time, and steady-state error. For the 40° position, the reference system
shows no overshoot, a settling time of 2.4983 seconds, a rise time of 0.7462 seconds, and zero steady-
state error. In contrast, the PID-controlled system exhibits an overshoot of 68.5714%, a settling time of
11.6937 seconds, a rise time of 0.4455 seconds, and a steady-state error of 2°. For the 90° position, the
reference system maintains similar performance metrics, with no overshoot, a settling time of 2.4983
seconds, a rise time of 0.7462 seconds, and zero steady-state error. The PID-controlled system shows
an overshoot of 47.3469%, a settling time of 10.6861 seconds, a rise time of 0.6190 seconds, and a
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steady-state error of 0.7407°. For the 120° position, the reference system continues to exhibit no
overshoot, a settling time of 2.4983 seconds, a rise time of 0.7462 seconds, and zero steady-state error.
The PID-controlled system demonstrates an overshoot of 76.4228%, a settling time of 11.0852 seconds,
a rise time of 0.4439 seconds, and a steady-state error of 1.267°.
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Figure 12. The PID-controlled system and uncontrolled system (real-time) step response for 90°
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Figure 13. The PID-controlled system and uncontrolled system (real-time) step response for 120°

The results in Table 2 demonstrate the significant influence of the PID controller on the system
response. Although the PID-controlled system exhibits considerable overshoot during the initial
response, it subsequently approaches the desired target. The overshoot may be attributed to the
combined effects of the controller gains, motor inertia, and limited damping in the physical system.
Further tuning of the proportional, integral, and derivative parameters may help reduce the overshoot
and improve the overall transient response.

4.3 Comparison between Simulation and Real-Time PID Performance

The PID control method was evaluated through both simulation and real-time experiments at target
positions of 40°, 90°, and 120°. Four performance parameters were considered: steady-state error, peak
overshoot, settling time, and target-position accuracy. The simulation results are presented in Table 1,
while the experimental results are presented in Table 2. In the simulation results, angle tracking
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remained very close to the target values, with residual errors ranging from 1.35 x 103 to 1.04 x 1072,
while overshoot remained below 5%. The settling time ranged from 19.12 to 21.77 seconds. These
results indicate accurate target tracking under simulated conditions. The real-time experiments
produced less consistent results. Although the system generally approached the desired target angles,
deviations were observed, particularly at higher target positions. The maximum overshoot reached
76.42% at the 120° target position. The settling time in the real-time experiments ranged from 10.69 to
11.69 seconds. Therefore, the real-time system exhibited faster settling but considerably greater
overshoot than the simulation.

Table 2. Closed Loop system with PID controller (real-time)

Controllers Setpoint Achieved Steady State Error Overshoot Settling Time
a0 @) (%) (s)
40 38 0 0 2.4983
Reference 90 90.02 0 0 2.4983
120 120.01 0 0 2.4983
40 38 2 68.5714 11.6937
PID Controller 90 90.02 0.7407 47.3469 10.6861
120 120.01 1.267 76.4228 11.0852

The difference between the simulation and real-time results may be attributed to several practical
factors, including sensor noise, servo motor dynamics, mechanical disturbances, hardware limitations,
and signal-processing delays. These factors are not fully represented in the idealized simulation model
and can affect the performance of the physical system. Therefore, further controller tuning and
hardware-level improvements may be required to achieve more consistent real-time performance.

The use of a basic servo motor provides a cost-effective approach for initial development of the robotic
arm. Such motors are widely available and relatively simple to integrate; however, their performance
may limit the system as the complexity and requirements of the robotic arm increase. Future
developments may therefore consider higher-performance actuators and more advanced control
strategies. The use of a physical servo motor also provides a practical link between the simulation model
and the real-world robotic system, which is particularly relevant for rehabilitation-assistive applications.

Although the system demonstrated functional performance during laboratory testing, further
improvements may be required for reliable field operation. Future work could investigate adaptive
control strategies or fuzzy-logic-based control to improve performance under varying operating
conditions. Additional filtering techniques may also be applied to reduce the influence of sensor noise
and sudden signal variations.

5. CONCLUSION AND RECOMMENDATION

This study aimed to develop an affordable robotic arm to assist in post-stroke rehabilitation. Instead of
relying on costly equipment, the system used readily available components and was configured as two
units, with each unit attached to an arm. During operation, motion data were exchanged between the
two units, allowing one side to follow the movement of the other through a feedback control loop. The
PID controller was implemented to improve motion control and positioning accuracy.

The simulation results demonstrated very small steady-state errors and relatively low overshoot for the
tested target positions. However, the real-time experiments showed greater overshoot and variations in
system response, highlighting the differences between ideal simulation conditions and practical
hardware implementation. The results demonstrate the potential of a master-slave configuration for
rehabilitation-oriented robotic applications, while also indicating the need for further controller tuning
and hardware improvements.
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Future work should focus on improving real-time control performance, particularly by reducing
overshoot and improving response consistency. More advanced control strategies, improved sensors,
and higher-performance actuators may be investigated to enhance the accuracy and reliability of the
proposed system. These improvements could support the development of more practical and accessible
robotic rehabilitation systems.
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