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Abstract

This paper presents the development of a fuzzy-PID control able to adapt to several
robot-patient interaction modes by monitoring patient evolution during the rehabilitation
procedure. This control system is designed to provide targeted rehabilitation therapy
through three interaction modes: passive; active-assistive; and resistive. By integrating a
fuzzy inference system into the classical PID architecture, the FPID controller dynamically
adjusts control gains in response to tracking error and patient effort. The simulation
results indicate that, in passive mode, the FPID controller achieves a 32% lower RMSE,
reduced overshoot, and a faster settling time compared to the conventional PID. In the
active—assistive mode, the FPID demonstrates enhanced responsiveness and reduced error
lag when tracking a sinusoidal reference, while in resistive mode, it more effectively
compensates for imposed load disturbances. A rehabilitation scenario simulating repeated
motion cycles on a healthy subject further confirms that the FPID controller consistently
produces a lower overall RMSE and variability.

Keywords: hand rehabilitation robot; fuzzy-PID controller; interaction modes; kine-
matic modeling

1. Introduction

Finger impairment represents a significant burden worldwide. Studies have revealed
that millions of patients worldwide require finger rehabilitation following neurological
conditions like stroke, multiple sclerosis, or peripheral neuropathies, but also local os-
teoarthritis, degenerative joint diseases, traumatic injuries, or surgical interventions [1,2].
The prevalence of neurological conditions such as post-stroke hemiparesis and complex
regional pain syndrome leads to a high demand for finger rehabilitation therapies that
rebuild neuronal paths, restore functional independence and, improve patients” quality
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of life [3,4]. Conventional approaches for hand and finger rehabilitation usually involve
manual therapy, passive and active-assisted exercises, repetitive motions, and functional
daily task training [5,6]. Classical rehabilitation techniques show considerable efficiency in
accessing neuroplasticity, restoring range of motion, and improving motor coordination.
These outcomes are limited by the variability of human-delivered therapy, fatigue, and
low quantitative feedback, thus often resulting in inconsistent treatment intensity and
variability between therapists [7,8]. Moreover, there is a shortage of physiotherapists, and
the time available for each patient is insufficient. Robotic rehabilitation systems emerged in
the last decade as a solution to the above limitations. Robotic exoskeletons and cable-driven
devices provide a valuable alternative to classical rehabilitation by delivering repeatable,
controlled, reproducible patterns for finger rehabilitation [9,10]. A rehabilitation robot
can deliver high-intensity, high-repetition training while ensuring progress assessment of
patients during the rehabilitation through integrated sensor systems, thus improving motor
recovery [11].

Robotic rehabilitation devices also present some limitations. Classical robotic systems
that rely on fixed-gain controllers struggle to adapt to patient-specific dynamics and non-
linearities introduced by actuation systems [12-16], and complex interactions between the
patient and the robot demand a high level of safety and adaptability [17-20]. To overcome
these limitations, advanced control strategies, such as PID variants, FPID controllers, and
Model Predictive Control (MPC) systems, have been developed over time [21-23].

Classical PID controllers have been widely used due to their simplicity and robustness
in a variety of applications [24]. Early developments on PID tuning [25] have laid the
groundwork for PID application in rehabilitation robotics, revealing that fixed parameters
can lead to performance degradation under nonlinear conditions. FPID controllers, devel-
oped by integrating fuzzy logic into the conventional PID framework, adapt control gains in
real time in order to effectively accommodate the system to uncertainties and dynamic vari-
ations during therapy [26,27]. Recent work describes the implementation of MPC schemas
for their ability to anticipate future errors and adjust control actions accordingly, enhanc-
ing response time and reducing overshoots in complex rehabilitation approaches [28-30].
Recent publications have reported significant performance improvements using these
adaptive control strategies, especially when integrated with comprehensive kinematic
models and cable tension management protocols [31-35]. Furthermore, recent advances
in robot-assisted therapies, like wearable robotic gloves, have demonstrated promising
therapeutic effects in enhancing hand function among chronic stroke patients, offering
clinicians an innovative tool for upper extremity rehabilitation [36].

Recent studies in intelligent systems and soft robotics further highlight the trend
toward incorporating adaptive, context-aware modeling into actuator and sensor design.
For instance, Peng et al. [37] proposed a cognitive computing framework to predict the flow
status of a flexible rectifier in unsteady conditions, demonstrating the power of intelligent
inference in nonlinear, dynamic systems. Similarly, Mao et al. [38] developed a multimodal
strain sensing system for accurate shape recognition in tensegrity structures, which are
inherently compliant and require robust feedback models. These contributions emphasize
the importance of integrating data-driven or fuzzy reasoning approaches with physical
modeling to improve prediction, control, and adaptation. Our study aligns with this
direction by embedding a fuzzy-PID control scheme into a cable-driven finger exoskeleton
to enable responsive, human-like motion under real-world uncertainties, such as friction,
backlash, and variable joint stiffness.

The aim of this paper is to develop an adaptive control system for a 4-DOF finger
rehabilitation robot. This robot employs paired servomotors with cable actuation to manage
both the flexion/extension movements of the fingers and the thumb. This actuation strategy
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assures that paired motors operate in opposite directions to maintain constant cable tension.
Furthermore, the robot incorporates a safety mechanism that monitors joint torques. When
a predefined torque threshold is exceeded, the system halts movement and awaits therapist
validation, offering options to continue, stop, or reverse the motion. In this context, we
compare a classical PID controller with a fuzzy-PID controller.

This paper is organized as follows: The Introduction reviews the clinical need for
enhanced hand rehabilitation solutions and discusses the limitations of conventional control
strategies when applied to hand rehabilitation robots. In the Materials and Methods section,
we detail the design of a 4-DOF hand rehabilitation robot, providing a thorough derivation
of its kinematic model, and describe the implementation of fuzzy-PID (FPID) controllers.
The Results section presents comprehensive simulation data comparing the performance of
the FPID controller with respect to a conventional PID controller across three interaction
modes—passive, active-assistive, and resistive—including quantitative metrics such as
RMSE, overshoot, settling time, and error standard deviation. The Discussion section
analyses and interprets these findings, examining the advantages of the FPID controller
and its implications for patient safety and rehabilitation efficacy. Finally, the Conclusion
summarizes the key contributions of the study, outlines the limitations of the proposed
approach, and proposes directions for future research.

2. Materials and Methods

This section describes the methods used in the development of the control system for
the hand rehabilitation robot. The starting phase is represented by the definition of the
medical protocol for robotic-assisted hand rehabilitation.

2.1. Medical Protocol for Robotic-Assisted Hand Rehabilitation

The rehabilitation process starts with the initial evaluation of the patient, after receiv-
ing approval from the neurological doctor. The initial clinical assessment of the patient
includes an evaluation of the range of motion (ROM) for each joint of the finger using a go-
niometer. The values for the metacarpophalangeal (MCP), proximal interphalangeal (PIP),
distal interphalangeal (DIP) joints (for fingers), and the thumb’s carpometacarpal (CMC),
metacarpophalangeal (thumb MP), and interphalangeal (thumb IP) joints are recorded.
Figure 1 presents the lengths of the fingers and the targeted rehabilitation joints [39].

MCP

B>

T Index finger

Thumb
Figure 1. Joints and lengths of fingers and thumb.
Based on the interaction modes between the patient and the robot defined with respect

to the state of the patient, three different interaction modes are defined, with each interaction
mode requiring a personalized protocol:
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Passive Robotic-Assisted Interaction Mode Protocol (PRAIMP) refers to the acute state
of the patient (immediately after trauma) and has the objective of preventing joint con-
tracture, minimizing spasticity, and providing controlled passive motion. Active-Assistive
Robotic Interaction Mode Protocol (AARIMP) refers to the patient in sub-acute phase and is
designed to reactivate motor pathways by combining patient-initiated motion with robotic
assistance. Resistive and Strengthening Robotic Interaction Mode Protocol (RSRIMP) refers
to the patients in chronic phase and is intended to enhance muscle strength and control by
introducing graded resistance during movement. The robot is capable of adapting to the
patient’s performance, whether they are able to do more or less of the therapy. The above

protocols are each presented in Table 1.

Table 1. Robotic-assisted protocol for hand rehabilitation.

Protocol Parameter

PRAIMP

AARIMP

RSRIMP

15-20 min per session,

15-20 min per session,

15-20 min per session,

Sessions 3-5 sessions per week. 3-5 sessions per week. 3-5 sessions per week.
3 sets of 10-15 repetitions
Repetitions 2-3 sets of 10-15 repetitions ~ 2-3 sets of 10-15 repetitions  per movement cycle,

per movement cycle.

per movement cycle.

focusing on gradually
increasing resistance.

Motion execution

The robotic system moves
the fingers through
predefined arcs while
maintaining joint safety.
Also maintains the stretch
for 2 s to preserve ROM.

The patient initiates
movement while the robotic
device provides adjustable
assistance based on the
detected effort.

The device now introduces
graded resistance to
challenge the patient’s
muscles during active
movement.

Passive flexion up to 80-90°

Aim for active movement
toward 80-90° flexion (with

Active movement against
resistance, targeting the
same arc (flexion up to

MCP Joint and ec>)< tension to neutral assistance) and controlled 80-90° and return to
(0-10°). . .
return to neutral. neutral) with emphasis on
strength.
Active-assisted flexion Active flexion toward
. Flexion up to 90-100° and . o . 90-100° with resistance,
PIP Joint . ° targeting 90-100° with )
extension to 0-10 . o ensuring controlled
gradual extension to 0-10°. . o
extension to 0-10°.
Active-assisted flexion Active flexion of 60-70°
. oo ) . .

DIP Joint Flexion up to 60-70°. approachmg 60-70°, Wlth resistance to build
progressing toward fine motor control and
independent control. muscular endurance.

Oppositional movements: Assisted opposition and Resistance-based
Guide the thumb in abduction to achieve a 50° opposition and abduction
abduction and opposition, opposition angle, reinforcing  training to reinforce a 50°

Thumb . . R 2

aiming for contact with the  the initiation of opposition angle,
small finger (approximating  thumb-to-small finger promoting strength and
a 50° opposition angle). contact. fine control.
. . itor for si f
. . Closely monitor the patient’s M9n1tor O SIBNS ©
Monitor for discomfort or N fatigue, discomfort, or
. . .. initiation effort, movement . . .
signs of increased spasticity. improper technique; adjust
o ) ., smoothness, and any :
Monitoring Adjust the device’s speed resistance levels and

and range if any pain or
discomfort is reported.

discomfort; adjust the level
of robotic assistance as
needed to ensure safety.

provide feedback to
maintain proper
movement quality.
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2.2. Description of the Hand Rehabilitation Robot

The robotic solution for hand rehabilitation proposed within this paper is presented in
Figure 2 [40].

Cable tensioner 1 Lpce
3D printed
- ELF____. flexible
ERF \ components

IR A T

Extension cable

/ _FFE_
1

1

[

1

[

________

R FT Flexion cable
_______ Lymp

Cable tensionér4 '

Figure 2. The concept of the cable-actuated finger rehabilitation robot.

The finger rehabilitation robot is designed as a flexible robot able to perform flexion
and extension of the fingers, having the innovative aspect of being customizable for each
finger based on the anthropometric characteristics of the patients’ fingers. The envelope
for one finger is 3D-printed into a single component, eliminating the need to use different
assembly components. The robot is composed of 5 3D-printed finger envelopes (little finger,
ring finger, middle finger, index finger, and thumb) designed as whole bodies, eliminating
the classical revolute joints that usually present rehabilitation robots. The robot allows for a
finger envelop configuration in order to perform two sets of motion: flexion and extension
of the thumb and the flexion—-extension of the rest of the fingers. For the little, ring, middle,
and index fingers, the motor M1 is used to perform the extension motion while the motor
M2 is used to perform the flexion motion. During the M1 motion, the M2 motor moves in
the opposite direction, and the same is applied during the M2 motion in order to maintain
the cable tension. The same principle is applied for the thumb. The cables from extension
of the little finger (ELF), extension of the ring finger (ERF), extension of the middle finger
(EMF), and extension of the index finger (EIF) are connected to the cable tensioner 1, which
slides along ql. The cable tensioner 1 is attached to the motor M1 through a cable that
threads around the pulley of M1. The cables from flexion of the little finger (FLF), flexion of
the ring finger (FRF), flexion of the middle finger (FMF), and flexion of the index finger
(FIF) are connected to the cable tensioner 2, which slides along q2. The cable tensioner 2 is
attached to the motor M2 through a cable that threads around the pulley of M2. The cable
from the extension of the thumb (ET) is connected to the cable tensioner 3, which slides
along 3. The cable tensioner 3 is attached to the motor M3 through a cable that threads
around the pulley of M3. The cable from the flexion of the thumb (FT) is connected to the
cable tensioner 4, which slides along q4. The cable tensioner 4 is attached to the motor M4
through a cable that threads around the pulley of M4.

The envelope for one finger is presented in Figure 3. The finger envelope is composed
of a single 3D part containing both flexible and rigid parts. The cable for the extension
motion is threaded through a series of tubular channels designed in the superior rigid
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envelope, while the flexion cable is inserted through a series of tubular channels designed

in the inferior part of the envelope.

Flexible envelope

Flexion cable

Rigid envelope

Tubular channels for flexion cable

Figure 3. Detail of the finger envelope (index finger).

Following the concept design description, the kinematic model of the robot is defined.

To simplify the problem, the kinematic model for the index finger and the one for the thumb

are presented. The notations from Table 2 are used to compute the kinematic model.

Table 2. Notation of geometric parameters.

Description

Ly
Ly
L3
qs3
q4

Lymp
D

MCP angle

PIP angle

DIP angle

length from MCP to PIP

length from PIP to DIP

length from DIP to fingertip
finger extension active joint
finger flexion active joint

from cable tensioner 1 and 2 to finger MCP
CMC angle

MP angle

IP angle

length from CMC to MP

length from MP to IP

length from IP to thumb tip
thumb extension active joint
thumb flexion active joint

length from cable tensioner to MP
pulley diameter

The input data for the forward kinematic model are represented by the values of the

active joints, the My, My, M3, and My motors, respectively. Motor M; rotates a pulley with

diameter D. Let g1 and g, represent the angular positions of the flexion and extension motor,

respectively. Although both motors operate pulleys of equal diameter D, the effective

cable displacement per motor angle differs due to path-dependent tensioning and friction,
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represented by efficiency coefficients for cable routing (flexor/extensor) accounting for
slack, friction, or path difference (11 and #,):

1
ALexi =125 - 9o @

{ ALpg=m% ¢
Let the nominal cable length from the cable tensioner to the MCP joint be denoted by
Lyicpo, when the motor rotates and pulls AL of cable, the new length becomes:

Lycp = Lmcpo — (ALf — ALext) )

Due to the geometry of the cable attachment and routing over a virtual arc, this change
results in flexion of the MCP joint. Assuming the neutral (fully extended) configuration
corresponds to 81 = 0, the joint angle increases with cable shortening:

01 = f(Lmce) ©)
For small angles or linear approximations, the relationship simplifies to:
01 ~ k1 - (Lmcpo — Lmcp) = k1 - (ALg — ALext)or, 01 ~ k1AL 4)

where k; is a geometry-dependent constant determined by the tendon routing configuration.

The motion of the PIP and DIP joints is coupled mechanically to that of the MCP
joint, meaning that the cable arrangement and the mechanical design impose a (nearly)
fixed distribution of rotation among the joints. One typical assumption is that the overall
bending is distributed proportionally over the three joints. Thus, one may set:

0 = kath
5
{ 05 = kst ®

where k; and k3 are constants that depend on the finger’s biomechanics and the design of
the rehabilitation robot and satisfy the relation 1 + k; + k3 = K, where K is a fixed factor that
matches the maximum achievable flexion of the entire finger.
Once the joint angles are obtained, the fingertip coordinates can be computed:
{ Xtip = L11cos b1 + L1z cos(01 + 02) + L1z cos(01 + 62 + 63), ©)
Ytip = L11sinfy + Lqp Sil’l(91 + 92) + L3 sin(91 + 6, + 93).

Using Equations (2) and (3), the inverse kinematics for the finger rehabilitation can

be determined: koD
=~ (n-qm =) 7)

61

Yielding:

1 2:0 (8)
02 =9~ KD

{ 0= gy (-1 =12 42)
The joint velocity is obtained in Equation (9) and the acceleration of the joint is

computed in Equation (10).

. ki-D ) .
0 = 12 (m-q1—1m2-4p) )
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where 0; represents the angular velocity of the joint and q,, 4, are the angular velocities of

the motors. LD
01 = 12 (g =2 4p) (10)

To determine the kinematics of the thumb, the same steps are applied with respect to
the geometric parameters of the thumb rehabilitation module.

Human finger joints exhibit complex, nonlinear mechanical properties that vary signif-
icantly across individuals and rehabilitation phases. Factors such as passive tissue stiffness,
joint viscosity, spasticity, and muscular effort introduce patient-specific dynamics that must
be accurately modeled to achieve clinically meaningful control. Unlike simplified kinematic
approaches, our model incorporates nonlinear joint biomechanics that respond to both the
position and velocity of the finger segments.

The joint torque is represented as:

Tjoint = Ié + B(G) ’ 9 + K(Q)(Q - 90) + Tnuscle (11)

where [ is the moment of inertia of the finger segment; 0 is the angular acceleration of the
joint; B(#) is the damping function representing viscous resistance, denoting the increase in
resistance during large-amplitude or faster motions, computed in Equation (12); and K(6)
is the stiffness function, accounting for passive elastic tissues. This nonlinearity reflects
the saturation behaviour during flexion—extension and the exponential resistance near
joint limits.

As defined in Equation (13), 6y represents the neutral joint position (full extension);
and Tysce = A - p(t) is the time-varying external torque representing tone, reflex activity,
or voluntary contraction, where A is an amplitude scaling factor and p(t) is a control
disturbance function (step, burst, noise).

B(6) = By + By 6| (12)

K(0) = Ko + K - tanh(a - ) (13)

By adjusting Ky, K;, By, B;, A, and «, this model can emulate various clinical
profiles—from flaccid paralysis (low tone, low stiffness) to hypertonic spasticity (high
stiffness, high damping, strong involuntary torque). These dynamics provide a foundation
for simulating personalized rehabilitation scenarios, evaluating controller robustness, and
eventually adapting parameters in real time based on motor torque feedback.

In tendon-driven robotic systems, such as the one proposed in this study, the trans-
mission of torque from the actuator to the joint is mediated by flexible cables routed over
pulleys and through sheaths. While cable-driven actuation offers advantages in terms
of compactness, safety, and compliance, it introduces significant nonlinear mechanical
behaviour that must be explicitly modelled to achieve precise, stable, and adaptive control.

Failure to account for these nonlinearities—especially in clinical rehabilitation—can
lead to degraded performance, overshoot, unintended joint motion, and poor patient safety.
The most prominent non-idealities in cable transmissions are elasticity, backlash, hysteresis,
and friction. Each of these phenomena are described in detail below, with corresponding
mathematical formulations.

Cables made from materials like steel stretch under tension. This elasticity results in
delayed or reduced joint movement in response to actuator rotation. The cable behaves like
a linear spring with stiffness k.:

Folast = kC(AL - ALO) (14)
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where AL represents the current elongation of the cable; ALy represents the resting cable
length (when there is no tension in the cable); and k. represents the stiffness of the cable
in N/m.

This force translates to a torque at the joint via the pulley radius r:

Telast = 1 Felﬂst =r- kC(AL - ALO) (15)

Cable elasticity causes compliance in the transmission path, introducing a phase lag
between motor command and joint response, which affects the stability of the controller,
especially during fast or high-torque motions.

Another factor that influences the functionality of the controller is backlash. Back-
lash refers to a region of zero-torque output despite cable movement, usually caused by
mechanical looseness or clearance in pulleys, slack of the tendon path, worn-out cables,
or tensioning errors. Mathematically, the backlash is modelled as a dead zone using

Equation (16).
0, |AL| <6
= 16
Tk { r+ke- (AL —sign(AL) - ), otherwise (16)

Backlash introduces discontinuities in the input-output mapping, which may con-
fuse derivative-based controllers like PID or FPID. It also prevents smooth bidirec-
tional transitions in torque delivery, which is particularly problematic during alternating
flexion—-extension cycles in rehabilitation.

Hysteresis in tendon transmissions manifests as a history-dependent response: the
cable force depends not only on current elongation but also on the previous state of
the system. This is often due to frictional drag between the cable and sheath, internal
material damping, or micro-bending losses. The hysteresis is modelled using a first-order
memory filter:

thst<t) = ,B ) FPT’EU + (1 - ;B> * Felast (17)

where Fpe, represents timestep force output, and g € [0, 1] represents hysteresis weighting
factor.

This memory effect leads to asymmetric force generation during loading and unload-
ing phases. In practice, hysteresis causes the system to lag more during release than during
pulling, resulting in positional overshoot, longer settling times, and potential unintended
motions during rehabilitation exercises.

Friction in cable-driven system can arise from multiple sources, like the cable rubbing
against the pulleys or guides, sheath deformation, or bearing friction on the pulley system.
In this case, the friction is assumed to be the sum of static and dynamic terms:

T = T¢ - sign(q) + by - 4 (18)

where 7¢ represents the Coloumb (static) friction torque, which is independent of velocity;
b, represents the viscous (dynamic) friction coefficient; and g represents the angular velocity
of the pulley.

Friction creates an offset torque that must be overcome before motion begins (stiction),
leading to a delay in the control response and difficulty achieving small, precise movements.
For rehabilitation, this may impair gentle assistive support during passive or semi-active
therapy modes.

The combined torque applied by the cable to the joint includes all the above effects:

Teable = Telast + Tock + 7 thst — T (19)
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Thus, the final actuator output torque is:
Tact = Tjoint T Tcable (20)

This torque must be calculated or estimated at each control cycle to ensure accurate
force tracking and disturbance compensation in the fuzzy-PID (FPID) controller.

2.3. Robot—Patient Interaction Modes

With respect to the medical protocol defined in Section 2.1, three interaction modes
between the robot and the patient are defined. These interaction modes apply to different
phases of the neurological disease (acute, subacute and chronic).

a. Passive rehabilitation mode: the robot is responsible for moving the finger through
a predefined trajectory, with minimal or no patient effort. Key characteristics of this
mode include that patient input is minimal, meaning that the robot drives the motion;
the controller follows a precomputed trajectory (position or joint angle profile); and
the system continuously monitors the torque (via servomotor encoder) and intervenes
if excessive force is detected to protect the patient.

b.  Active-Assistive Rehabilitation Mode: the patient initiates movement, and the robot
helps to complete or smooth the motion. The key aspects are as follow: a measurable
patient-generated force or a small change in joint angle signals to the controller that
assistance is needed; the controller must sense when the patient has begun moving
and then provide an “assisting” torque to help overcome any insufficiencies; and the
controller monitors both the deviation from the desired trajectory and the patient’s
applied force.

c.  Resistive Rehabilitation Mode: resistive mode is used to help build muscle strength.
Here, the robot intentionally opposes the patient’s movement: the control output
includes a resistance component that increases the required patient torque; the magni-
tude of resistance is tuned to provide safe yet challenging forces; and the controller
monitors the patient’s applied torque so that the resistance can be adjusted in real time.

In the current implementation, patient effort is indirectly estimated by monitoring joint
torque via the servomotor’s integrated encoder. This method provides a non-invasive and
hardware-integrated means of approximating user-applied force by analysing deviations
in motor torque during motion. While not a direct measure of biological effort such as
EMG, encoder-based torque monitoring offers a reproducible and scalable solution for
robotic rehabilitation systems, especially in early development and testing phases. This
approach also enables the real-time adjustment of control parameters within the fuzzy
logic framework.

2.4. Design of the Fuzzy-PID Controller

For the hand rehabilitation robot, a fuzzy controller or fuzzy inference system (FIS) is
used to modify the PID controller’s action to adapt to the nonlinearities and uncertainties
in robot-patient interactions. With respect to the rehabilitation interaction mode, the FPID
controller adjusts the error signal based on the following factors:

e  Tracking error (¢): the difference between the desired and actual joint angle.

e  Effort (ey): a measure of patient generated effort.

e  Output Adjustment (Au): the output of the fuzzy controller is used as a gain scheduling
signal for PID gains such as Kj, K;, and Kj.

For both the inputs and the output, the same linguistic labels are defined: Negative
Big (NB), Negative Small (NS), Zero (ZE), Positive Small (PS), and Positive Big (PB). The
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Degree of
Membership

Degree of
Membership

Degree of
Membership

universe of discourse for e is [—Eyay, Emax], and triangular membership functions are
defined as follows:

NB: centred at —Esx, with support [—Eax, —Emax/2]
NS: centred at —E;5x /2, with support [—Ejax, 0]

ZE: centred at 0, with support [—Eax/2, Enax/2]

PS: centred at Ej;qx /2, with support [0, Ejax]

PB: centred at Ey;uy, with support [Ejax /2, Epax]

Similar membership functions are defined for the ez input, with the specification that
the universe of discourse for this input is defined as [—Fux, Fuax]-

The universe of discourse for the output function is defined as [—Uuax, Umax], and the
membership function uses the following linguistic variables:

e NB:large negative adjustment.
e NBS: small negative adjustment.
e  ZE:no adjustment.

e  PS:small positive adjustment.

e  PB:large positive adjustment.

The membership function for the input and output functions are presented in Figure 4.
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Figure 4. Membership functions for input and output functions.

While the membership functions for error, effort, and output shown in Figure 4 appear
to be visually similar, each set is defined over a distinct range and physical unit. The
tracking error input () is measured in radians, typically ranging from -0.2 rad to +0.2 rad,
corresponding to joint angle deviations. The estimated effort input (e,) is derived from
encoder torque estimation and ranges from 0.5 Nm to +0.5 Nm, capturing patient-applied
torque. The fuzzy controller output (Au) is a dimensionless control signal used to modulate
PID gains and is normalized between -1 and +1 or as specified by a scaling factor U_max.

The choice to use symmetric triangular membership functions with evenly spaced
overlap was made to ensure intuitive rule construction, smooth transitions between labels,
and real-time computational efficiency. Although this results in similar visual profiles
across all variables, the distinct units and ranges ensure that each fuzzy input/output
accurately reflects its physical role in the control architecture.

The fuzzy rule base consists of a set of if-then rules that map the combinations of
input linguistic labels to an output linguistic label. Rules can be defined to cover the full
range of inputs. A common approach is to form a matrix of rules with e along one axis
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Reference

and e along the other. The matrix representation of the rules is presented in Table 3. The
reading method of the table is presented in the following way: If e is NB and e, is P’S then
Au is NS.

Table 3. The FIS Rules.

e/eeit NB NS ZE PS PB
NB NB NB NB NS ZE
NS NB NB NS ZE PS
ZE NB NS ZE PS PB
PS NS ZE PS PB PB
PB ZE PS PB PB PB

The FIS above is implemented in a Simulink block, which receives the error and
the effort signals, processes them according to the defined membership functions and
rules, and outputs a control adjustment signal Au. The output signal is then combined
using a Summing block, with the original error before being fed to the PID controller.
With respect to previously defined robot—patient interaction modes, 3 FPID controllers
are defined. Figure 5 presents the FPID controller for the passive mode, where the fuzzy
controller processes the tracking error and outputs an adjustment signal that is summed
with the original error before the PID control intervenes. This mode does not require
torque monitoring because the motion is performed by the robot. Figure 6 presents the
active-assistive mode, where the controller uses additional patient effort information. In
this mode, the FIS block processes both the tracking error and the signal representing patient
effort. Its output is combined with the tracking error and then fed into the PID controller.

num(s)
PiD(e} _/_ den(s)

ErrgPAdj PID Plant

. 4y
fen
FuzzyPID

or
PID Plant
Ce

Figure 5. Passive FPID model.

+
EndAd)

num(s)
o |l /ol me .

y

data  fen
FuzzyPID

PatientEffort dEffort

Figure 6. Active—Assistive FPID model.
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Figure 7 presents the resistive mode where the controller adds an opposing (resistive)
signal based on a comparison between a desired resistive torque and the patient’s mea-
sured torque. Here, the FIS block processes the torque error signal and outputs resistive
adjustment that is subtracted from the overall error before the PID controller intervention.

7]

Reference

num(s)
den(s) ||

Plant

¥
+
+
Tror

PatientTorque

ResistiveRef

PID

TorqueGain FuzzyPiD

Torqd¥Error

Figure 7. Resistive FPID model.

To transition between rehabilitation modes (passive, active—assistive, and resistive)
in real time, an adaptive switching mechanism was implemented based on joint torque
estimation. The estimated torque, derived from motor encoder data, serves as a proxy for
patient effort during interaction with the rehabilitation robot.

A MATLAB R2024bFunction block titled SelectRehabMode was created in Simulink to
classify the current rehabilitation mode based on the magnitude of the estimated torque.
The switching logic is driven by two empirically determined thresholds: a lower bound
(T_passive) used to detect patient-initiated motion, and an upper bound (t_resistive) to
indicate sustained voluntary effort requiring resistive training. To prevent rapid mode
toggling due to noise or transient fluctuations, a hysteresis band (£7_hys) was applied
around each threshold.

The decision logic follows a finite state paradigm, with three persistent modes:

e Passive Mode (Mode 1): active when the estimated torque remains below T_passive.
The robot executes pre-programmed trajectories without assistance from the patient.

e  Active-Assistive Mode (Mode 2): triggered when torque exceeds t_passive + T_hys,
indicating voluntary motion initiation. The robot provides assistive force proportional
to patient input.

e  Resistive Mode (Mode 3): engaged when torque exceeds T_resistive + T_hys, signaling
the ability to handle load-bearing tasks. The controller applies graded resistance to
strengthen musculature.

Transitions between modes occur dynamically, based on the torque measurement at
each control step. The logic is summarized as follows:

If in Passive and | 7| > T_passive + hys: switch to Active-Assistive.

If in Active—Assistive:

| T| > T_resistive + hys: switch to Resistive

| T| < T_passive — hys: revert to Passive

If in Resistive and | 7| < 7_resistive — hys: revert to Active—Assistive

This mechanism allows the system to adapt to the patient’s evolving motor capability
during a session, enabling uninterrupted transitions between therapy modes without
manual intervention. The controller thus maintains therapeutic relevance throughout the
rehabilitation process while minimizing the risk of over- or under-assistance.
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3. Results

In order to test the FPID controllers for each interaction mode, equivalent PID con-
trollers were developed without integrating the FIS systems. The conventional PID con-
troller was compared against the developed FPID controller. The comparisons were made
across the interaction modes: passive, active—assistive, and resistive.

In passive mode, the robot executes a predefined trajectory without relying on patient
intervention. The goal is to track the reference trajectory with minimal overshoot and fast
settling. Figure 8 below compares the PID and FPID controller responses for the passive
mode. For the passive mode, the comparison returned RMSE values of 0.083 for PID and
0.056 for FPID, overshot of 0.107 for PID and 0.065 for FPID, and a settling time of 8.34 s for
PID and 6.12 s for FPID, revealing better adaptability of the FPID controller for the passive
interaction mode.

i Passive Mode: PID vs FPID
E T T T T

Joint Angle (rad)
T
'

o
(4]
T
|

- - -Reference
—PID

—FPID

|
0 1 2 3 4 5 6 7 8 9 10
Time (s)

Figure 8. FPID vs. PID for the passive interaction mode.

In active-assistive mode, the patient initiates movement, and the robot assists in
completing the motion. The controller should rapidly correct any lag due to insufficient
patient effort. Figure 9 compares the PID and FPID responses when a sinusoidal reference
(representing active motion) is tracked. For this comparison, similar results were obtained:
RMSE 0.072 (PID), 0.048 (FPID), overshot 0.085 (PID), 0.052 (FPID) and settling time 7.89 s
(PID), 6.45 s(FPID). The time response plot shows that the FPID controller tracks the
sinusoidal reference more closely, with less lag and a smaller overshoot compared to the
conventional PID controller.

In resistive mode the robot actively opposes the patient’s voluntary motion to build
strength. The controller must superimpose a resistive force while still tracking the refer-
ence. Figure 10 shows the simulated performance for resistive mode. A constant reference
(representing a target joint angle) is imposed, and a resistive disturbance is superimposed.
Statistical data are then extracted to evaluate tracking quality under this load. The com-
parison returned similar results: RMSE 0.072 (PID), 0.051 (FPID), overshoot 0.109 (PID),
0.063 (FPID), and settling time 8.21 s (PID) and 6.75 s (FPID). The results show that the FPID
controller is more effective in compensating for the resistive disturbance, as evidenced by
lower RMSE, reduced overshoot, and shorter settling time compared to the conventional
PID response.
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Active-Assistive Mode: PID vs FPID
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Figure 9. PID vs. FPID in Active-assistive interaction mode.
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Figure 10. PID vs. FPID in resistive mode.

To validate the functional capability of the rehabilitation robot, a composite simulation
scenario was designed. In this scenario, a healthy subject performs repeated motion cycles.
The prototype of the hand rehabilitation robot is presented in Figure 11.

The simulation is segmented into three intervals corresponding to the passive,
active-assistive, and resistive modes. Figure 12 illustrates the composite joint angle track-
ing over 20 s for the conventional PID and the FPID controller, respectively. On each
subplot, three time segments are labeled by vertical dashed lines, marking the approximate
boundaries between the interaction modes. The “Passive” phase (roughly 0-6 s) is where
the robot actively moves the finger through a step-like or gentle motion, with minimal
patient input. The “Active-Assist” phase (around 6-12 s) is where the patient is initiating
motion, and the device assists in completing it if the patient’s effort is insufficient. The
“Resistive” phase (approximately 12-20 s) introduces a controlled opposing force to the
patient’s movement, requiring the patient to exert additional effort to maintain the target
trajectory. In the top subplot (PID controller), one can see noticeable overshoot during
the initial passive phase and higher variability in the active—assist and resistive phases,
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particularly as the system adapts to the combined effects of patient effort and disturbances.
Conversely, the bottom subplot (FPID controller) demonstrates less overshoot in the pas-
sive segment, as well as reduced oscillations and deviations during the active-assist and
resistive segments. The FPID response appears smoother overall, indicating that the fuzzy
logic component helps adapt the control signal to changing conditions—namely, transitions
between modes and varying patient input.

Flexion cables

Extension cables Finger Envelope

Thumb envelope

A

Figure 11. Prototype of the hand rehabilitation robot.
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Figure 12. Complex simulation of the two controllers.
From these plots, it is evident that the FPID approach yields improved tracking

accuracy and robustness compared to the conventional PID controller, thus underlining the
benefits of incorporating fuzzy logic in a rehabilitation robot context.
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4. Discussion

The simulation results clearly demonstrate that the fuzzy-PID controller (FPID) outper-
forms the conventional PID controller across the three defined interaction modes: passive,
active—assistive, and resistive.

In passive mode, where the robot performs movements autonomously without re-
quiring patient effort, the FPID controller exhibited a substantial improvement in all key
performance metrics. Specifically, it reduced the root mean square error (RMSE) from
0.083 (PID) to 0.056, overshoot from 0.107 rad to 0.065 rad, and settling time from 8.34 s to
6.12 s. These enhancements are critical in a clinical context, where precision in replicating
target trajectories ensures safer therapy and minimizes unintended joint stress. The lower
overshoot and faster settling further suggest that the FPID’s dynamic gain adjustment
contributes to smoother and more controlled joint actuation, preventing abrupt or jerky
motions that could cause patient discomfort or anxiety.

In active-assistive mode, where the robot supplements patient-initiated movements,
the controller must detect insufficient voluntary input and respond rapidly to provide
assistance. The FPID controller again demonstrated superior performance: RMSE was
lowered from 0.072 to 0.048, and overshoot dropped from 0.085 rad to 0.052 rad. These
improvements were accompanied by a shorter settling time, allowing the robot to adapt
more fluidly to the patient’s varying input. This responsiveness is especially important
in post-stroke rehabilitation, where motor control is inconsistent and often delayed. The
fuzzy logic module within the FPID system allows for real-time assessment of patient effort,
ensuring that assistance is proportionally applied—supporting the patient when needed,
yet avoiding overcompensation that may reduce patient engagement.

The resistive mode presents a more complex control challenge, as the robot is required
to apply controlled resistance to voluntary movement in order to stimulate muscle strength-
ening. In this scenario, the FPID controller maintained better stability and performance than
the conventional PID. The recorded RMSE was 0.051 versus 0.072 for PID, and overshoot
was reduced from 0.109 rad to 0.063 rad. The FPID also settled faster (6.75 s vs. 8.21 s).
These metrics suggest that the fuzzy logic adaptation enables real-time modulation of
resistance forces based on patient input and motion profile, helping ensure safety while
delivering effective resistance training. Importantly, the FPID approach avoids the pitfalls
of fixed-gain PID controllers, which can fail under the rapidly shifting torque dynamics
typical in resistive rehabilitation.

To evaluate system performance under more realistic conditions, a combined rehabilita-
tion scenario was simulated, in which the interaction modes were successively transitioned
dynamically. This test aimed to replicate a full therapy session with varying levels of
patient involvement and robot assistance. Across all phases—passive, active—assistive, and
resistive—the FPID controller maintained better trajectory fidelity, reduced tracking vari-
ability, and smoother transitions. The conventional PID controller, in contrast, showed some
instability at mode transition points, with higher oscillations and overshoot, highlighting
its limited ability to generalize across variable conditions.

From both the technical and clinical perspectives, these results offer credit for the
FPID controller in robot-assisted rehabilitation. The controller’s adaptive nature, driven
by real-time evaluation of error and patient effort, ensures consistent performance despite
nonlinearities, model uncertainties, or patient variability. Such adaptability is crucial for
maintaining engagement and safety in therapy sessions, especially in populations with
fluctuating motor capacity.

This study reinforces the growing trend toward intelligent control systems in re-
habilitation robotics. While various soft robotic gloves and exoskeletons exist for hand
rehabilitation [36], few implementations have rigorously compared advanced control strate-
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gies under realistic therapy conditions. Moreover, most studies to date involve limited
clinical evaluation, with small sample sizes and a lack of protocol standardization [41-44].

In this context, the presented fuzzy-PID framework contributes a novel, validated
control approach that is simulation-proven, adaptable, and immediately implementable
in hardware. Complementary to this, recent experimental validations of wearable gloves
featuring individualized finger actuation have shown improvements in range of motion
and grasping capability [45]. Our future work builds on these foundations, focusing on
hardware integration, pilot studies, and clinical trials to assess therapeutic efficacy in stroke
patients and other individuals with upper-limb impairment. In our setup, this assessment
relies on real-time joint torque data extracted from the motor encoders, providing an
efficient and repeatable estimate of patient interaction force. Although more complex bio
signals like EMG may offer finer granularity, the encoder-based approach ensures clinical
scalability and avoids additional sensor overhead during early-stage deployment

To further contextualize our control strategy, we compared it against representa-
tive advanced methods in the literature. Barfi et al. [46] implemented an EMG-driven
fuzzy-PI controller for a 15-DOF robotic hand, achieving an average RMSE of 1.61°, sig-
nificantly better than conventional PI (5.01°). Hu et al. [27] proposed a fuzzy adaptive
passive controller that dynamically adjusted assistance based on task performance and
impulse—demonstrating enhanced initiative and safety in upper-limb tasks. More recently,
Xao et al. [47] reported a DDPG-PID (deep reinforcement learning-augmented PID) applied
to a hydraulic servo system, with an RMSE reduction of over 60% compared to fuzzy-PID
and rapid convergence. Finally, He et al. [48] employed a SAC-PID (soft actor-critic tunable
PID) on hydraulic systems, enabling periodic online tuning and outperforming classical
PID in trajectory tracking.

While these strategies demonstrate the power of adaptive and learning-based
methods—achieving high accuracy and fast response—they also introduce significant
computational complexity and require substantial training or offline setup. In contrast, our
fuzzy-PID controller with real-time torque-based mode switching provides a lightweight
yet adaptive solution that balances tracking performance (~0.015 rad RMSE, ~4.3% over-
shoot) with interpretability and suitability for rehabilitation contexts.

While this study demonstrates the feasibility and effectiveness of the FPID controller
through extensive simulations and testing on a healthy subject scenario, we acknowledge
the limitation that experimental validation on patient populations has not yet been con-
ducted. The use of a healthy subject allowed us to evaluate the system under controlled
conditions and ensure safety, consistency, and baseline performance before advancing to
real-world deployment. Clinical scenarios present additional challenges, such as irregular
patient effort, spasticity, and variability in motor control, to which the controller must adapt.
As a continuation of this work, we are actively preparing for hardware integration and
pilot clinical trials involving stroke patients and individuals with hand motor impairments.
These studies will provide the necessary validation to assess therapeutic efficacy, patient
engagement, and safety under actual rehabilitation conditions.

We acknowledge the limitation of this study based on the use of healthy subjects to test
the control system, while during patient clinical trials the passing between the interaction
modes would not be possible due to the patient state and the motion pattern would not
be that regulated. By refining fuzzy logic rule sets and integrating more physiological
feedback (e.g., EMG, torque thresholds), we aim to develop a controller that is not only
robust but also personalized—supporting patient-specific therapy and further aligning
rehabilitation robotics with principles of precision medicine. The FPID may also be inte-
grated with multimodal artificial intelligence agents to adapt to various inputs, such as
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patient expression, patient state, and integration, with serious gaming based on daily tasks
in order to improve the efficiency of the treatment.

While the current fuzzy-PID controller uses manually designed rule sets and gain
values tailored to each rehabilitation mode, we recognize that personalization is crucial for
maximizing therapeutic outcomes. To that end, future work will explore the use of machine
learning techniques such as reinforcement learning (RL) and genetic algorithms (GA) to
automatically optimize both the fuzzy inference rules and the PID gain parameters.

These approaches can dynamically tune control strategies based on feedback
from: patient-specific joint torque and motion patterns; therapeutic progress indicators
(e.g., reduced error, increased voluntary effort); and sensor data trends over time.

In a reinforcement learning framework, the controller could learn optimal control
actions through a reward system that penalizes high tracking error and promotes smooth,
patient-initiated movement. Alternatively, genetic algorithms could be used offline or in
periodic updates to evolve fuzzy rules and PID weights that maximize a defined objective
function (e.g., therapy compliance, accuracy, effort).

This would enable a closed-loop adaptation where the control system is not only
reactive but also progressively refined according to the patient’s rehabilitation trajectory,
enabling precision therapy aligned with individual needs.

Before initiating clinical trials, the authors plan to validate the fuzzy-PID (FPID)
controller using a hardware-in-the-loop (HIL) setup. This test bench will integrate the
actual robotic hardware with a simulated human hand model and programmable synthetic
disturbances. The goal is to assess the real-time performance, safety, and adaptability of
the controller under realistic operating conditions.

The HIL setup will include: real-time motor and cable dynamics from the rehabilitation
robot; synthetic torque profiles mimicking various patient impairments (e.g., spasticity,
flaccidity, reflex bursts); sensor feedback (encoder, torque estimates) processed through the
same fuzzy-PID logic; and adaptive mode switching using the torque-based controller.

This platform allows us to emulate unpredictable patient behavior and evaluate
control robustness under non-ideal conditions, such as sensor noise, mechanical backlash,
or latency. It also serves as a safe intermediary validation step before engaging with clinical
populations, ensuring system reliability and responsiveness without patient risk.

5. Conclusions

A fuzzy-PID (FPID) controller for a 4-DOF hand rehabilitation robot was devel-
oped and evaluated and compared with a conventional PID controller under passive,
active—assistive, and resistive interaction modes. The simulation results showed that the
fuzzy-PID (FPID) controller consistently outperformed the conventional PID controller across
all defined interaction modes—passive, active-assistive, and resistive—demonstrating supe-
rior tracking accuracy, lower RMSE, reduced overshoot, and faster settling times. These
findings confirm that the fuzzy-PID controller actively governs the robot’s real-time opera-
tion across all therapeutic scenarios. The integration of fuzzy logic into the conventional
PID framework has been shown to substantially enhance the robot’s capacity to manage
nonlinearities and uncertainties associated with patient variability. By adapting control
gains in real time based on instantaneous tracking errors and estimated patient effort,
the FPID controller addresses critical limitations of fixed-gain systems, improving both
safety and therapeutic efficacy. It is important to note that, although the simulation re-
sults are promising, experimental validation with patient populations is a crucial next
step. Future work will focus on real-time testing in clinical environments to assess the
controller’s adaptability and effectiveness under realistic rehabilitation conditions. The
integration of additional physiological feedback, such as electromyographic (EMG) signals,
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is also planned to improve personalization and support dynamic patient needs. Future
work will focus on physical hardware implementation and comprehensive experimental
validation, including usability testing, real-time trials on healthy subjects, and pilot clinical
trials to evaluate the effectiveness, safety, and patient acceptance of the FPID-controlled
rehabilitation robot in real-world healthcare settings. Future development will also explore
the integration of richer physiological signals, such as EMG, to complement the current
torque-based effort estimation. This would enhance the personalization of therapy while
maintaining the scalability and real-time responsiveness demonstrated through motor
encoder-based feedback. Additional research will also explore the refinement of fuzzy rule
sets and the integration of physiological feedback, such as electromyography (EMG) or
bioimpedance, to further personalize control actions and optimize therapeutic impact.
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