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Optimizing Design and Control Methods
for Using Collaborative Robots
in Upper-Limb Rehabilitation

Dario Onfiani, Marco Caramaschi, Luigi Biagiotti, Fabio Pini

Abstract—In this paper, we address the development of a
robotic rehabilitation system for the upper limbs based on
collaborative end-effector solutions. The use of commercial col-
laborative robots offers significant advantages for this task, as
they are optimized from an engineering perspective and ensure
safe physical interaction with humans. However, they also come
with noticeable drawbacks, such as the limited range of sizes
available on the market and the standard control modes, which
are primarily oriented towards industrial or service applications.
To address these limitations, we propose an optimization-based
design method to fully exploit the capability of the cobot in
performing rehabilitation tasks. Additionally, we introduce a
novel control architecture based on an admittance-type Virtual
Fixture method, which constrains the motion of the robot
along a prescribed path. This approach allows for an intuitive
definition of the task to be performed via Programming by
Demonstration and enables the system to operate both passively
and actively. In passive mode, the system supports the patient
during task execution with additional force, while in active mode,
it opposes the motion with a braking force. Experimental results
demonstrate the effectiveness of the proposed method.

I. INTRODUCTION

In recent years, the use of robotic devices for post-operative
rehabilitation has become increasingly common due to their
numerous benefits. These devices are generally classified into
two main categories: end-effector devices and exoskeletons
[1]. The latter category is particularly advantageous because
it enables rehabilitation exercises to be performed with an ex-
ceptionally high level of repeatability by precisely controlling
each individual joint of the limb. Exoskeleton devices such
as ARMIN [2], Rupert [3], and NESM [4] serve as excellent
examples of this. However, these devices are hindered by their
highly complex structure, which can be challenging to design
effectively, and their limited adaptability to various exercise
routines. For these reasons, in this paper, we propose a solution
based on collaborative robot manipulators (cobots), which falls
under the end-effector category. End-effector solutions, such as
MIT-MANUS [5], GENTLE/S [6], REHAROB [7], PUParm
[8], and EULRR [9], offer several notable advantages. In
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occupational therapy contexts, the manipulators can guide the
patient’s limb along predetermined paths, replicating specific
activities of daily living (ADL) [10], [11]. More generally,
these systems allow for the free definition of the exercise
path, providing multiple options for therapists to choose from
while using the same device. Furthermore, these solutions offer
the opportunity to adjust the level of effort required during
rehabilitation, allowing adaptation of the exercise based on
the patient’s progress [12].

The integration of cobots in such types of systems can signif-
icantly simplify their implementation, thus reducing the time
required for clinical applications; however, it poses novel chal-
lenges. In particular, the design process must account for the
kinematic architecture of commercial cobots, which has been
developed for general-purpose applications, and their limited
payload. Additionally, to fully utilize the flexibility offered
by these robotic solutions, a suitable control architecture is
required to regulate the physical interaction between the robot
and the human.

In this paper, we present a novel end-effector rehabilitation
system that utilizes a collaborative robot connected to the
patient’s limb via a simple mechanical interface. A key con-
tribution of this work is the systematic integration of the robot
within a rehabilitation framework, significantly enhancing its
capacity to support and guide patient movements.

This contribution enables the development of a detailed,
structured approach for configuring the rehabilitation scenario.
Additionally, this approach facilitates the identification of the
optimal configuration within the robot’s workspace, allowing
clinicians to position the robot maximizing its effectiveness in
delivering the exercise.

Our primary contribution, however, is the design of an innova-
tive control architecture specifically tailored for rehabilitation
robots. The control algorithm we developed enhances the capa-
bilities of a general-purpose collaborative robot, transforming
it into a versatile rehabilitation tool that can work in different
modalities (standard, assistive, resistive) depending on the
patient’s needs and therapeutic goals.

The paper is organized as follows. In Sec. II, an analysis
of the relevant literature is provided, and the features of
a robotic rehabilitation system are identified. In Sec. III, a
procedure for optimizing the robot’s pose is illustrated. Then,
in Sec. IV, the novel control architecture of the robot for
executing the task demonstrated by the therapist is described.
In Sec. V, the experimental setup and the task specification,
which involve Learning by Demonstration (LbD), are detailed.



The experimental validation of the proposed methodology is
presented in Sec. VI. Finally, the conclusions of this research
work are presented in Sec. VIIL.

II. RELATED WORKS AND PAPER CONTRIBUTIONS

The design of the proposed control architecture has been
guided by an in-depth analysis of the literature, aiming to
identify the functional and technical features that contribute
to an effective and flexible rehabilitation system. From a
functional perspective, rehabilitation tools are categorized ac-
cording to the level of assistance they provide [11], ranging
from passive to active devices. This classification depends
on whether the devices only offer resistive forces or can
actively apply forces to the patient. Robotic devices enable
the adjustment of the resistance experienced by the user
during rehabilitation exercises and can incorporate an assist-
as-needed (AAN) mechanism to help the patient complete the
exercises [9], [13]. It is important to note that, in general,
the terms “active” and “passive” refer to the behavior of
the patient. In the context of rehabilitative robots, passive
therapy can be easily implemented because there is no need
for feedback by the patient, whose limb is simply moved
along predefined trajectories without the patient having to
exert any effort. Accordingly, from a control perspective,
this application involves simple trajectory tracking of a time-
dependent trajectory, possibly with different stiffness gains
along the free and constrained directions [14]. On the contrary,
active therapy requires the robot end-effector to constrain
the motion of the user’s limb along specific directions while
leaving movement free in other directions. In any case, it is
the patient, possibly aided by the system, who must apply the
force necessary to move the limb. In this scenario, the control
must implement a so-called guiding Virtual Fixture (VF),
which does not depend on time but only on the geometric
characteristics of the constraints [15], [16]. Basically, guiding
VFs can be implemented in two complementary ways:

1) The user interacts with the robot, which is subject to
a force/velocity field that tends to maintain it on the
desired path.

2) The user interacts with a virtual point, called proxy, that
is constrained to move on the desired path, and then
the robot, possibly connected through a virtual spring,
tracks this point.

Both approaches have their pros and cons. Consider the
scheme of Fig. 1, where a generic guiding VF is defined by
the parametric curve ¢ (s). According to the former technique,
described e.g. in [17], [18], [19], it is necessary to compute at
each time-stamp the value of parameter s, that minimize the
distance between the curve ¢(s) and the end-effector position
x(t):

s* = arg min a(t) - o(s)]. (1)

s€[0,1]

The solution of (1) based on iterative methods can be compu-
tationally expensive, thus limiting the maximum sampling rate
of the digital control implementing the VF, with repercussions
on the stability of the system itself [20]. Furthermore, the
search for the nearest point on the path may yield more than
one solution [18]. For this reason, the approaches based on

Fig. 1: Guiding virtual fixture on a generic curve ¢(s)
parametrized by its arc-length, defining a rehabilitation task.

this type of solution are affected by singularities in the motion
representation, that may require the imposition of geometric
constraints on the reference curve, such as its curvature [21].
The latter method is more efficient from a computational point
of view and is not subject to singularity conditions due to
the specific parameterization of the curve (s). However, it
introduces into the system a new dynamics that may cause
instability and unwanted effects, such as additional elasticities.
The problem of stability for the overall system, composed of
the robotic device physically interacting with the human, is
crucial for guaranteeing the correct operation and safety of the
application. Our work provides rigorous stability proofs for the
control algorithms, a feature that is not always addressed in
other works. For instance, [22] and [13] do provide stability
proofs, but several other systems, such as [23] and [9], do
not explicitly demonstrate stability. The lack of proof may
pose risks in clinical applications, where patient safety is the
priority.

Another important feature of the system is the ability to
easily define motions related to specific rehabilitation tasks.
Obviously, the path ¢(s) can be expressed analytically. While
this approach enables the precise generation of movement
trajectories, it can be challenging for non-experts in robotics
to implement and may not be well-suited for defining complex
rehabilitation tasks. For this reason, the patient’s trajectory can
be defined using a LbD approach [24], [25]. In this paradigm,
the therapist guides the robot’s end-effector to record the
exercise path that the patient will perform. The recorded
trajectory is then encoded using parametric functions (e.g., B-
spline curves, NURBS, etc.) or Dynamic Movement Primitives
(DMPs) [26], resulting in a compact and smooth representation
of the user’s motion. Reviewing existing systems, some, like
[13], [9], [21] and [23] rely solely on analytic methods but lack
the flexibility provided by LbD. Conversely, [24] employs the
DMP architecture and relies exclusively on LbD but does not
benefit from the precision of analytic methods.

A final important functional distinction among the various
robotic rehabilitation systems proposed in the literature con-
cerns the type of Virtual Fixture (VF) implemented. Broadly,
these can be categorized as hard (or position-based) VFs,
which ensure the patient closely follows the desired trajectory
-making them valuable for tasks requiring high precision and



Ref. Interaction Curve Constraint Stability Singularity
Modes Definition Definition proved Free

Active Passive Analytic LbD Soft Hard

[13] v v v v v

[27] v v v v v

191 v v v

[21] v v v v

124] v v v v

[23] v v v v

[22] v v v v v

Our v v v v v v v 4

TABLE I: Main features of the control architectures for end-
effector type rehabilitation robots.

repeatability, or soft (or force-based) VFs, which allow the
patient to deviate from the desired path, with the advantage
of lower exchanged forces. Existing solutions, such as those
presented in [13], [27], [21], [9], [23], [22], primarily focus
on force constraints. These constraints are often based on
potential or velocity fields, guiding the patient’s motion along
the correct path by restricting their movements. Additionally,
[24] incorporates a form of position constraints designed to
minimize errors introduced by the user during task execution.
In Table I, some notable research works focused on the control
of end-effector type rehabilitation robots have been classified
according to the key features identified above. Many of the
proposed control architectures possess most of the desirable
characteristics that such a system must have, but not all of
them. The goal of the proposed research is to integrate all these
features into a single framework. The resulting solution is
an Admittance-type Virtual Fixture control that transforms the
system into a passive mechanical tool, which can be easily pro-
grammed by therapists through a Learning by Demonstration
approach. Additionally, our architecture facilitates adaptive
force application, enabling the robot to assist or resist the
patient as needed during the exercise. Interestingly, due to
the particular expression of the elastic function embedded in
the admittance model, it is possible to separately define the
restoring force level and the maximum deviation from the
reference curve, combining soft and hard constraints.

IIT. ROBOT-TRAJECTORY RELATIVE POSE OPTIMIZATION

A methodology for designing cobot-assisted rehabilitation
solutions is proposed. Based on the physiotherapist’s rec-
ommendations, the layout of rehabilitation exercises can be
designed by selecting the appropriate cobot and end-effector
and optimizing the placement of motion trajectories within
the workspace.Shifting the perspective, we aim to determine
the robot pose that maximizes a given design criterion, starting
with a specific type of exercise. In our previous work [28], the
optimization of the robot pose was based on the manipulability

index:
m(q) = \/det(J(q)J" (q))

where J(q) denotes the Jacobian Matrix of the manipulator.
Based on the index m(q), the cobot workspace is divided
into regions that guarantee a minimum value, identifying those
zones where the robot is capable of exerting forces in all
Cartesian directions without causing excessive values of the
joint torques. However, considering that the primary limitation
for the cobots available on the market is represented by the

(a) (b) ()

Fig. 2: Workspace maps based on the index P,(x;) with
fixed orientations: Flange Down (a), Flange Horizontal (b) and
Flange Up (c).

payload they can sustain, and that in the early stages of the
rehabilitation process, the patient can barely support the weight
of their arm, thus resulting in the main component of the force
acting on the cobot when they grasp the end effector being
in the vertical direction, a different index has been preferred.
Based on the above considerations, the new index evaluates
the maximum net force the robot can exert along the z axis
of the task space

Let us consider the Euler-Lagrange model of a robot manipu-
lator interacting with a human:

M(q)iq+Clq,9)qg+gl@)=7+JI (@F, ()

where q € R™ is the vector of the joint variables, q(q) is the
inertia matrix, C(q, q)q is the vector of Coriolis/centrifugal
torques, g(q) is the gravitational torques vector, 7T is the
actuator torque vector, and 7, = J'(q)F) are the joint
torques resulting from the external wrench F';, applied by the
patient to the end-effector.

In static conditions, i.e., when ¢ = ¢ = 0, and considering
that the force generated by humans is oriented along the —z
direction, F, = [0, 0, —F,, 0, 0, 0]7, the actuator torques
required to statically balance the robot at the configuration
q are given by

7 = J34(qQ)F. + 9:(q),

where J3;(¢q) is the element in position (3,4) of the robot
Jacobian, and g,;(¢) is the i-th component of the gravita-
tional torques vector. By imposing the actuation limits |7;| <
Tlim,i»»% = 1,...,n, a bound on the maximum vertical force
F, that the robot can resist is deduced as follows:
Fooo = min{Tlim,i —lg:(9)] } )
’ i |T3,:(q)]
The force F), max is a scalar function of the robot configura-
tion. By considering the inverse kinematic function g = IK(p)
of the manipulator, it can be used as an index for mapping the
robot workspace. The pose of the manipulator p = [T, 7]
is described by the position = and a minimal representation
~ of the orientation of the robot end-effector. The 3D space
is discretized with a finite number of points x;, and for a
given constant orientation 4, each pose p, is mapped into
the corresponding robot configuration g;, and finally to the
maximum force that the robot can apply at this point:

1=1,...,n

3)

T

,7:| — qi — Fz,maxi~

Powi): b= [



The function P, (-) is called payload index. A four-dimensional
dataset (x;, P.(x;)) is obtained. In Fig.2, a color scale is
associated with the payload values to create a 3D represen-
tation of the map for a given orientation of the flange. This
procedure can be repeated for multiple flange orientations to
obtain the desired maps. In the examples depicted in Fig.2,
three flange orientations have been considered: Flange Down
(a), Flange Horizontal (b), and Flange Up (c). They illustrate
the significant variation in payload capability resulting from
the different orientations within various regions of the robot’s
workspace.

Workspace optimization involves determining the optimal
placement of the desired trajectory relative to the cobot’s
base reference frame. For a given position j, the trajectory,
discretized by considering an ordered set of points ¢;, k =
1,...,n, is ranked based on the minimum value of the payload
index, denoted as 7; = miny, P,(¢,,). By iteratively exploring
various locations within the robot’s workspace (the trajectory
is translated in the x and y directions and rotated around its
“center of gravity”) and for different orientations of the end-
effector, the optimal configuration is identified as

Topt = mjax{wj}.

Once the layout is defined, and the cobot is installed with the
end-effectors in place, ensuring that the system is user-friendly
for the therapist and easily customizable becomes crucial. To
adjust exercises according to specific requirements or tailor
movements to the patient’s anthropometric dimensions, a LbD
methodology has been devised. This involves the physiothera-
pist guiding the cobot’s end-effector via kinesthetic interaction
along the desired trajectory.
IV. CONTROL ARCHITECTURE FOR HUMAN-ROBOT
INTERACTION

A novel control architecture that mixes admittance control
and guidance virtual fixtures is developed to constrain the
motion of the cobot’s end-effector along a 3D path specified by
the therapist without imposing a specific time law. In this way,
it is the patient connected to the robot’s end-effector who has
to impose the movement along the curve by applying forces
with the rehabilitated limb.

As mentioned in the introduction, the basic idea, which relies
on a virtual proxy [29], [15] affected by the force exchanged
with the user, is quite common in haptic and human-robot
interaction applications. However, the implementation we pro-
pose is novel and presents several advantages, which will be
discussed in the following.

Let us assume that the reference path, denoted as x4, has been
settled by the therapist using a LbD procedure, and is defined
by a parametric function:

xq = p(u). %)

Function () represents any curve with a proper degree of
continuity, i.e. at least of class Cl. In the experiments, we
consider cubic B-spline functions, obtained by interpolating
the points registered when the user executes the robotic
rehabilitation task according to a LbD approach.

In kinesthetic teaching, the independent variable u is typically
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Fig. 3: Working principle of the proposed control architecture

based on a constrained point-wise mass (a), and related block
scheme representation (b).

time (or some related function), ensuring that the trajectory
x4 precisely replicates the demonstrated motion. However,
since the proposed application aims to enforce a prescribed
geometric path without specifying how the path is tracked,
an arc-length parameterization should be considered. This can
be achieved by composing the function ¢(u) in (4) with the
function u = u(s), which defines how the independent variable
u changes with arc length s. The function u(s) can be obtained
by inverting the function

-

which can be easily computed numerically during the
interpolation procedure of the data points recorded from the
demonstrated trajectory [30], [31]. With a slight abuse of
notation, we denote ¢ (s) = ¢(u(s)).

As shown in Fig. 3(a), a point-wise mass m is constrained
to follow the ¢(s) and moves subject to the force applied
by the user to the robot end-effector. Simultaneously, the
cobot needs to accurately track the position of the mass. In

dep(7)
dr

’dT



Fig. 3(b), a block-scheme representation of the overall control
architecture is depicted. The Admittance Guiding Virtual
Fixture is obtained by computing the forward dynamics of
the virtual mass, considering the measured force ﬁ‘h. This
approach allows us to obtain the instantaneous value of the
reference position, given by

za(t) = ¢(s(1))- (5)

Note that, given z4(t), its derivative can be easily computed
analytically as follows:

Tq(t) ©'(s)s(t)
Za(t) = ¢"(s)8(t) + ¢ (s)3(t)
where ¢’(s) = d‘z(:) and ¢’ (s) = dzdigs). In the following

the dynamic behavior of the proxy and the position control of
the robot are detailed.

A. Dynamic equation of the virtual mass

The dynamic model of the point mass m is deduced by
applying the standard procedure based on Lagrange equations.
With the basic assumption that the mass constrained to the
curve ¢(s) is not affected by gravity, the Lagrangian function
equals the kinetic energy

1 1
L=K= imcde:bd = §m$2, (6)

where the fact that, for the arc-length parameterization,
|[¢’(s)]] = 1 has been exploited. The Lagrange equation for
(6) with respect to s yields

ms + bs = F) 7

where the bs is a non-conservative term taking into account
the friction and F| is the component of force F, applied by
the user to the robot tool (and detected by a force sensor)
which is tangent to the curve, i.e.

Fj=¢'(s)" - Fa @®

where, because of the use of arc-length parameterization,
¢’ (s) represents the unit tangent vector to ¢(s), at a generic
point s.

The other components of the force F;L, that do not contribute
to accelerating the mass, are compensated by the constraints.
Note that if m ~ 0 a proportional relationship between the
tangent force and the velocity along the curve, which is
the most common solution for Admittance-type VF [15], is
obtained.

B. Cartesian impedance control of the robot

Consider the dynamic model of a robot manipulator inter-
acting with a human in (2). The control law

T=M(q)y+C(q,9)q+9(q) 9

with the auxiliary input

y=J7(q) (&0 - J(@a+ Kpa+ Fu@) (0
leads to the closed loop dynamics:
&+ Kpx+ Fl (&) = M ;' (q)F (11)

where & = & — x4 represents the Cartesian error with respect
to the desired pose x,4. Finally, assuming:

K}, = M(q);'Kp
(@) M(q) ;" Fa()

the impedance model of the robot in the Cartesian space
becomes:

(12)
13)

Ma(q)(q)Z + Kpx + F (%) = F), (14)

The matrix M 4(q) = J ;" (q)M(q)(q)J ;' (q) is the robot
inertia in the Cartesian space, K p > 0 is the desired damping
matrix and, finally, F.;(Z) is a generic elastic force, obtained
by differentiating a scalar (potential) function U (Z) > 0,
where U (Z) = 0 if and only if £ = 0:

Feo(z) = (W)T

As highlighted in [32], (14) represents a passive mapping
from the external force F, to the velocity error Z, ensuring
the stability of the system in feedback interconnection with a
passive environment.

Finally, note that the inclusion of the acceleration &4(¢) in
the control signal (10) justifies the adoption of second-order
dynamics in (7) to model the evolution of s(t), that otherwise
could lead to infinite values for this variable.

C. Stability Analysis

5)

As illustrated in Fig. 3(b), the overall control scheme is
composed of three subsystems, namely Patient, Admittance
Guidance VF and Controlled Robot. Its stability relies on the
basic assumption that humans behave in a passive manner, at
least when the position of their limbs is kept constant [33],
[34], [35]. We assume accordingly that the human operator
defines a passive velocity () to force (—F';,) map. To analyze
the dynamical system described by (7) and (14), with the state
vector & = [3, &, &]”, we define the storage function as:

S:(€) = gmd + L F M@k + Ua(@).  (16)

2
The selected storage function serves as a valid Lyapunov
function, allowing us to apply the Lyapunov theorem to assess
the system’s stability.
By noting that &4 = ¢'(s)$, & = & — @4, and assuming that
the measured force matches the actual force (i.e., Fh =F),
we derive:

S, (&) =—-bi? —xTKpx+ &' F),.
Given that b > 0 and Kp > 0,
S.(&) < ' Fy,.

a7)

Thus, the system is passive with respect to the pair (&, F').
D. Quasi-static behavior

Once it has been proven that the robotic system connected
to the user is stable, it becomes of interest to consider
the achievable performance in terms of position error and
exchanged forces while the human is interacting with it.
Assuming that velocities and accelerations involved in a
typical rehabilitation task are very small, we want to analyse



the behaviour of the controlled robot, when & ~ 0 and & ~ O,
that is close to an equilibrium state. Considering that the user
is exerting a constant force Fy,. equations (7) and (14) imply
that at equilibrium

FHZQO/(E)T-F}L =0
Fo(#) = Fy.

(18)
19)

Equation (18) shows that the force applied by the user at the
equilibrium must be orthogonal to the tangent vector to the
desired curve &, = ¢(5), while equation (19) indicates that it
must be counteracted by the elastic force acting on the robot,
which is caused by the deviation & from .

From an intuitive user perspective, the system’s displacement,
denoted by &, should ideally align with the force causing it,
similar to a standard mechanical spring. To achieve this, we
can impose a specific structure on the elastic force function,
F.(z), as follows:

T

Fo(z) = fa(lzl) (20)

]|
where fe;(+) > 0 is a scalar function, such that f.;(0) = 0.
In this way, the elastic force is always directed along & and
its intensity is determined by f.;(-). However, the elastic con-
nection plays different roles along the tangent and orthogonal
directions to the curve. It needs to ensure minimal tracking
error along the curve while still allowing patients to deviate
from the planned path without encountering excessive forces.
To achieve this, the elastic force has been decomposed into
two complementary components:

Fel({i:) = Fel,H(iH) + Fel,L(iL) (21)
where
g = G T
. = (I1—¢(5)¢6)") 2

represent the tangent and orthogonal displacements to the
curve at point ¢(5), respectively. Functions F;(-) and
F; | (-) maintan the structure described in (20). From (21)
and (20), the potential function that defines F'.;(&) according
to (15) can be easily derived as:

Uet(@) = wer (12 []) + wer, (|2 L)

where e «(2) =
that e .(0) = 0.
If, for instance, it is assumed fel,*(z) = Kz where Kk is a
positive constant, the constitutive equation of a standard linear
spring is obtained, i.e.

fer,+(%)dz is the primitive of fc; .(-) such

Fel,*(i*) = Iiii*. (22)

This expression is used along the tangent direction, where a
large value of x helps ensure minimal tracking error. However,
due to equations (18) and (19), this component is not perceived
by the user when moving slowly along the curve.
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Fig. 4: Nonlinear elastic function fo(||ZL|]) = xﬂ%ll“z

for different values of parameter y (6 = 5 [mm]).

Fig. 5: Equivalent mechanical system of the proposed con-
troller in an equilibrium configuration.

A more effective way to define a fixture for rehabilitation
applications in the normal plane to the desired path is based
on the function:

2, 2
fel,*(z) = X(Szé;izg = Fel,*({c*) = X(52—6|i*”25}*
(23)
where x and ¢ are free parameters that respectively define the
stiffness for small deformations (z ~ 0) and the maximum al-
lowable displacement, as shown in Fig. 4. When z approaches
0, the magnitude of the elastic force tends to infinity. In this
way, the motion of the patient during the exercise is restricted
to a maximum distance § in the normal direction to the desired
geometric path.
Interestingly, the potential function derived from (23), i.e.

N 52 52
Uet () = XT 10g<52)7

R ey

has the same form as standard Barrier Lyapunov Functions
[36], used for preventing constraint violation in dynamic sys-
tems, as they grow to infinity when their argument approaches
the given limit §. In Fig.5, the behavior of the overall
system is illustrated by means of an equivalent mechanical
representation: while the human force F';, affects the robot,
only its tangent component moves the mass along the desired



path. At equilibrium, when this component is equal to zero,
the normal component F'; causes a deviation from the desired
geometric path along the normal direction. The control scheme
obtained with the elastic function defined by
- - 52 .
Fy(x)=rz)| + x52 — ||3~3L||2ml_

is a specific instance of a band-type controller. This type of
controller defines the boundaries of a virtual channel, where
the motion of the human limb is constrained by forces applied
in the normal direction [9], [37]. In the proposed architecture,
within the channel, there exists a residual elastic force towards
the reference trajectory whose intensity can be freely chosen
by adjusting x.
In this way, the movement of the human limb is not restricted
to a specific trajectory [22] or a velocity profile [38], [23],
but is determined by the interaction between the user and the
robot/virtual mass. The absence of a time constraint in the
execution of the exercise makes the duration of the motion a
useful parameter for estimating the functional ability of the
subjects.

Moreover, the proposed scheme, based on Admittance Guid-
ing Virtual Fixture, offers additional advantages, namely:

o The implementation, based on force-to-position causality,
does not require knowledge of the normal direction to
the desired reference path [39], whose estimation can
be computationally expensive and, in some cases, even
impossible since multiple solutions may exist, e.g., when
a path has an intersection.

o Help-as-needed mechanisms or, conversely, resisting
forces can be easily integrated into the control scheme
by adding an appropriate virtual force in Equation (7)
governing the mass dynamics.

V. EXPERIMENTAL SETUP AND TASK SPECIFICATION
USING LBD

The proposed methodology, which involves selecting the
optimal robot configuration, programming the rehabilitative
task through demonstration, and executing it via human-robot
interaction, has been tested using a Franka Emika Panda, a
collaborative robot with 7 degrees of freedom equipped with
an Axia80-M20 force-torque sensor mounted on its terminal
flange. Since the robot is redundant, a torque vector defined
in the null space of the Jacobian transpose, which maximizes
the distance from the joint limits, has been added to the
torque control defined by (9), see [40]. The experimental
setup is shown in Fig.6, where two possible end-effectors
are considered. Specifically, since the initial goal of the
experiments is to evaluate the impact of control parameters on
task execution—particularly the stiffness level y, the channel
radius §, and the implementation of additional assisting or
opposing mechanisms—a simple handle has been attached to
the force/torque sensor, as shown in Fig.6(a). In the second
phase of the experiments, to test the proposed architecture
during the assisted execution of Activities of Daily Living
(ADLs) [24], a purpose-designed constraining mechanism for
the patient’s wrist was installed on the robot, as shown in
Fig.6(b).

(b)

Fig. 6: Experimental setup for basic experiments on human-
robot co-manipulation tasks (a) and for the assisted execution
of Activities of Daily Living (b).

()

A. Path Generation via LbD

In order to define the geometric path for an exercise, the
therapist guides the robot’s end-effector, which in this case is a
simple handle, within its operational range and the sequence of
points, sampled with period T, are recorded. These points are
then interpolated with a B-spline curve, i.e. a parametric curve
@(u) ¢ [tmin, Umax] — R defined as linear combinations of
control points p; € R3 weighted by B-spline basis functions
of degree p, BY (u):

N
QO(U) = ZPJB;)(U)’ Umin S U S Umax- (25)
7=0

The vectorial coefficients p;, j = 0,..., N, determine the
shape of the curve and are computed by imposing approxima-
tion conditions on the samples q;, j = 0, ..., n of the recorded
trajectory. In particular, to suppress unwanted movements that
affect the user’s motion, smoothing B-splines are considered
since they minimize the cost function:

Umax

9 2
d(;p(;’)’ dr. (26)

n

J =Y willeu) —ajl* + A

j=0 Umin
Therefore, they represent a trade-off between the squared ap-
proximation error with respect to the demonstrated trajectory
and the smoothness of the resulting curve. The parameter
A > 0 can be freely chosen to govern this trade-off, while
w; > 0 is a parameter used to selectively weight the contri-
bution of the squared error at a particular point q;. Since the
selection of individual weights w; is not feasible for general
applications without human intervention and a trial-and-error
procedure, and finding the right trade-off between smoothness
and approximation precision by adjusting only the parameter
A may prove impossible, a constrained approach for defining
¢(u) has been adopted, as suggested in [41]. Accordingly, the
control points p; in (25) are computed by minimizing the cost
function J in (26), subject to the constraint:

lp(uj) —q;ll <€

where ¢ is a scalar value. This approach allows imposing the
desired tolerance ¢ between the data points recorded from
the demonstrated trajectory and the resulting approximating
function ¢ (u). In Fig. 7, the B-spline functions obtained from
the same demonstrated trajectory with two different values of
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Fig. 7: Approximation of the demonstrated trajectory using

a constrained smoothing B-spline with A 0.01 and a

maximum tolerance of € = 0.01 [m] (a) and £ = 0.002 [m]

(b), respectively. The gray zone represents the feasible region

within the prescribed tolerance ¢ from the recorded data points.

¢ are shown. For clarity, a planar motion in the z-z plane
has been considered. It is worth noting that the path exhibits
an intersection at a certain point. Consequently, while there
is no uncertainty regarding the position along the path, the
normal direction at this point is not uniquely defined. As a
final note, it is worth highlighting that in these experiments, the
orientation of the end-effector was kept constant and aligned
with the axes of the base reference frame. However, although
the mechanism for Human-Robot interaction is solely based
on position—where the variable s represents the arc-length
along the spatial curve ¢p—it is possible to define a function
©,(s) that provides a minimal representation of the orientation
as a function of progress along the path. This curve can
be obtained by interpolating the orientations imposed by the
therapist during the demonstration, in the same way as the
position.

VI. EXPERIMENTAL RESULTS AND DISCUSSION

To validate the proposed control architecture and evaluate
the impact of the control parameters on system performance,
we conducted several tests under various control conditions.
These tests emulated a rehabilitation exercise along the pre-
defined path shown in Fig. 7. During these tests, we collected
the forces exchanged during Human-Robot Interaction and
measured the user’s deviation from the reference path.

A. Technical Validation of the Control Parameters

In the initial experiments, a healthy user with experience
conducted tests to analyse how different control parame-
ters influenced the system’s performance. We first focused
on the parameters' y € {100,500,2500} [N/m] and § €
{0.01,0.02,0.03} [m], resulting in 3 x 3 different scenarios
depicted in Fig. 8.

For all these tests, mass dynamics parameters were fixed
at m 5[kg] and b = 15[Ns/m]. As x increased, users
experienced stronger guiding forces toward the center of
the channel, helping them stay aligned with the path. Con-
versely, increasing & while keeping x constant weakened the
guiding force, allowing more lateral movement before users
encountered resistance, creating a “wall” effect at the channel

baundaries. ) ) ) )
The three values considered are representative of low, medium, and high

levels.

100[N/m)]

X

2500[N/m]
7 [m]
2 m]

X

Fig. 8: Executions of the rehabilitation task defined in Fig. 7
recorded under different values for x and .

B. Trade-Off Between Stiffness (x) and Radius ()

Figure 9 illustrates the deviation magnitude from the refer-
ence path in the orthogonal direction (||Z, ||) for each (x,J)
combination. The results indicate that higher x values enhance
path-following precision, while ¢ affects the maximum permis-
sible lateral displacement. However, for high x values, J has
minimal impact on the average deviation.

By comparing these results on the tracking errors with the
normal forces exerted by the user during the motion, shown
in Figure 10, it clearly emerges the importance of haptic
cues for the human to stay close to the desired path. In fact,
variations in ¢ do not significantly influence these forces, while
increasing x slightly raises the average force, which in any
case remains about 5-6 N throughout the experiment. This
suggests that this is the minimum level of force necessary to
guide a healthy and collaborative? user along the path. As a
consequence of the different parameter values, this level of
force is then translated into a greater or lesser distance from
the reference curve. Interestingly, if the peak forces applied in
each experiment (Fig. 11) are analyzed, they reveal that lower
values of ) result in higher peak forces. This phenomenon
is particularly pronounced for smaller § values, where users
tend to “bounce” between the virtual channel walls, leading to
sudden force spikes. In conclusion, the stiffness y and radius
0 mainly affect the user’s ability to accurately reproduce the
planned motion but not the exchanged forces. High levels
of x tend to smoothly guide the user without producing
jerky behaviors, which are instead caused by small radii §
in conjunction with low levels of stiffness . When used with

The task required of the subject involved in the experiments was to track
the virtual path.
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Fig. 9: Deviation with respect to the reference path in the
orthogonal direction, obtained in the experiments shown in
Fig.8 for different values of parameters y
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Fig. 10: Normal forces exchanged in the experiments shown
in Fig.8 for different values of parameters y and 6.

unhealthy subjects (not tested in the present study), sufficiently
large values of § should be considered to allow the limb with
limited mobility to deviate from the prescribed path without
excessive forces. At the same time, an adequate level of y
should be imposed to guide the user in performing the correct
movements.

C. Influence of Virtual Mass Parameters (m, b)

Additionally, we examined the impact of the virtual mass
parameters m and b on system dynamics, emphasizing their
role in defining human-robot interaction through the paral-
lel force component (F) during task execution. As shown
in Fig. 12, reducing the parameters to m 1[kg] and
b = 3[Ns/m] decreased the user-applied tangential force
component, thereby lowering the physical effort required for
task completion. This result highlights how tuning m and b
effectively adapts the virtual mass dynamics to accommodate
different user profiles and physical conditions, directly impact-
ing the practical usability of the system by reducing fatigue
and improving comfort during prolonged use.

Furthermore, Figures 12 and 13 illustrate that the paral-
lel force component remains independent of the constraint
parameters and is influenced solely by changes in virtual
mass parameters or additional assistive or resistive forces. In
particular, Fig. 13 demonstrates how the introduction of a
41N virtual force can provide either assistive (positive) or
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Fig. 11: Peak values of the normal forces exchanged in the
experiments shown in Fig.8 for different values of parameters
x and 4.
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Fig. 13: Tangential forces exerted by the user with the appli-
cation of 1 N assistive or resistive force.

resistive (negative) support, directly modifying the tangential
forces exerted by the user. This feature offers a customizable
assistive mechanism, allowing the system to dynamically adapt
to the user’s capabilities and needs.

This result underscores the system’s high modularity and
adaptability, enabling adjustments to task complexity and
assistance levels without compromising the integrity of the
constraint. By allowing precise tuning of m and b, the system
ensures optimal practical usability across a range of user
profiles and rehabilitation goals. This flexibility supports ef-
fective assistance under various operating conditions and facil-
itates personalized rehabilitation pathways tailored to patient
progress and recovery needs.

D. Statistical Analysis of User Perception and Evaluation

To further validate the system, we evaluated user percep-
tions of task execution and interaction with the robot. We
recruited 10 healthy participants (7 males, 3 females, aged
24 to 65 years, mean age 32 years) with no prior experience
with robots.

A concise questionnaire, adapted from the NASA-
TLX (Task Load Index), was administered to assess user
experience under different control parameter configurations
(see Fig. 14). Participants rated statements on Physical
Demand, Performance, Effort, and Frustration using a 6-point
scale (1 = Very low, 6 = Very high). Six conditions from
Fig. 8 were selected, starting with initial settings of xy = 100
[N/m] and 6 = 0.01 [m], and incrementally increasing x and 4.

To complement the evaluation, we performed a one-way
ANOVA to analyze subjective ratings across conditions, ap-
plying a significance threshold of p < 0.05. Post-hoc Tukey
tests were conducted for significant results.

e Physical Demand (p = 0.7547): No significant differ-

ences were observed across conditions.

o Performance (p 0.000009): Significant differences
emerged, particularly with higher y. Group 1 (xy = 100
N/m, 6 = 0.01 m) differed notably, indicating improved
performance with increased x.
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Fig. 14: Users’ opinions about Physical Demand, Performance,
Effort, and Frustration related to the tests in Fig. 8.

o Effort (p = 0.0055): Higher x values reduced perceived
effort. Group 3 (x = 2500 N/m, 6 = 0.01 m) was rated
as less effortful than Group 1.

o Frustration (p = 0.0084): No significant differences,

indicating y and 9 did not strongly influence frustration.

These findings corroborate the technical results, confirming
that higher Stiffness (x) values improved perceived perfor-
mance quality, as users reported fewer execution errors and
felt more efficient following the path. Higher x also reduced
perceived effort, as the stronger guidance toward the path
decreased the effort required. In particular, as highlighted in
the previous subsection VI-C, Physical Demand did not show
any variation with changes in x or § because it is strictly
dependent on the combination of the virtual mass dynamics
parameters m and b.

Furthermore, increasing the Channel Radius (§) allowed
greater freedom in task execution, reducing frustration as users
felt less constrained. Users experienced improved performance
due to more manoeuvring space within the channel boundaries,
especially at higher  values.

Despite the limited sample size, the observed trends are
well-defined and statistically supported, as confirmed by the
results of the ANOVA and post-hoc Tukey tests. The patterns
are consistent across participants and exhibit minimal vari-
ability, reinforcing their reliability. Additionally, no anomalies
were detected, further validating the robustness of the trends.
E. Performance Comparison

To evaluate the advantages of our proposed solution over a
widely used method in the rehabilitation field, we conducted a
comparative study. Specifically, we compared our method with
the approach presented in [24], which is based on the Dynamic
Movement Primitives (DMP) formulation and applied to a
typical rehabilitation task for daily living activities. This
approach was selected because it explicitly utilizes a Learning
by Demonstration procedure to define the rehabilitation task,
which is one of the main features of our method. In this
scenario, the robot assists the patient in reaching and picking
up a bottle from a table, as illustrated in Fig. 6(b).

For this study, a custom-designed end-effector was devel-
oped to securely connect the user’s wrist to the robot’s terminal
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Fig. 15: Forces recorded during the comparison between our
method and the DMP-based approach.

flange, ensuring both comfort and effective interaction. This
specialized end-effector facilitates precise task execution and
enables efficient force transfer between the user and the
manipulator during rehabilitation exercises.

After demonstrating the task by guiding the robot under
gravity-compensation conditions, both algorithms were ap-
plied, and the results are presented in the following figures.

As shown in Fig. 15, the forces exerted during task execu-
tion using the method proposed in [24] were generally higher
than those recorded with our method. The force magnitudes
are plotted to emphasize their relative intensities.

An additional key observation relates to the nature of patient
interaction. In the DMP-based approach, the patient operates
exclusively in a passive mode, often resulting in forces being
applied in the opposite direction to the desired motion. By
contrast, our method enables a broader range of rehabilitation
modes, from fully passive assistance in the early stages to more
active participation as the patient’s abilities progress, thereby
eliminating the rigid passivity of DMP-based systems.

The comparison between our Admittance Guidance Virtual
Fixture control and the DMP-based method highlights several
key advantages that have direct implications for real-world
rehabilitation applications:

o Enhanced patient comfort: Our approach significantly
reduces interaction forces compared to the DMP-based
method. This is due to the adaptive compliance of the
virtual fixture, which accommodates natural variations in
patient movement without generating excessive corrective
forces, thereby enhancing user comfort and reducing
fatigue.

o Active user engagement: Unlike the DMP-based ap-
proach, which enforces predefined movement patterns
(and remains limited to passive rehabilitation), our
method allows controlled deviations within a virtual path.
This fosters greater patient participation, making rehabil-
itation more engaging and motivating, which is crucial
for long-term adherence.

« Improved adaptability: The stiffness level () and chan-
nel width (§) can be dynamically adjusted to match dif-
ferent rehabilitation phases, allowing a smooth transition



from guided exercises in early rehabilitation to more
autonomous movements in later stages.

A crucial distinction of our approach is its flexibility in
trajectory execution. Unlike DMP-based methods, which im-
pose rigid timing constraints, our system allows patients to
regulate their movement speed autonomously, supporting a
more natural rehabilitation process. This adaptability facilitates
both passive and active rehabilitation scenarios, adjusting the
level of assistance based on the patient’s progress.

Moreover, our system enables further customization by al-
lowing the application of assistive or resistive forces, tailoring
the rehabilitation experience to the individual’s specific needs.
This ability to dynamically modulate task difficulty contributes
to a patient-centered approach that enhances both comfort and
effectiveness in rehabilitation.

These findings highlight that our method is particularly
advantageous for progressive rehabilitation, where the required
assistance level evolves over time. By offering greater flexibil-
ity in guidance and effort modulation, our approach supports
a structured transition from externally guided movements to
self-initiated motor execution. This structured adaptation is es-
sential for maximizing motor learning during the rehabilitation

process.
VII. CONCLUSIONS

This paper presents a layout optimization method and a
novel control architecture for collaborative robots applied
to upper limb rehabilitation. The system offers therapist-
friendly programmability through Programming by Demon-
stration (PbD) and incorporates an admittance-type Virtual
Fixture control.’> This control strategy allows the robot to act
as a supportive guide for the patient’s movements. A key
objective of our study was to validate the system’s applicability
within upper-limb rehabilitation, demonstrating its potential to
replace multiple tools with a single, versatile solution.

A unique feature of this approach is the combination of
passive and active control modes within the framework of
admittance control. By leveraging virtual fixtures, the robot
can provide tailored resistance or support, adapting exercise
difficulty to the patient’s progress. These capabilities are fur-
ther enhanced by an optimization methodology that maximizes
the robot’s effectiveness in the workspace, considering payload
constraints and manipulability indices.

Experimental validation involved the execution of tasks
generated using a constrained smoothing B-spline approach,
enhanced by the Virtual Fixture mechanism. The results
demonstrated the method’s robustness across varying control
parameters, including stiffness (y) and channel radius (9).
Higher stiffness values improved trajectory precision, while
the channel radius determined the allowable deviations, en-
abling flexible guidance. Statistical analysis from user studies
further revealed that these parameters significantly influenced
perceived performance and effort, aligning well with the
technical results.

The proposed system introduces significant technical inno-
vations along with several practical benefits. It offers dynamic

3Watch a  video explaining the link:

https://youtu.be/mTbwHzUQS_g.

procedure  at  this

adaptation to patient needs by modulating assistance levels
in real-time, supports personalized assistance/resistance strate-
gies, and ensures ease of integration into clinical environments
through a Learning by Demonstration approach that simplifies
task programming. Additionally, by adjusting key parameters
(m, b, x, and §), the system effectively modulates task
difficulty to progressively challenge patients.

Future work will focus on expanding the evaluation of
the proposed system to strengthen its clinical applicability.
Specifically, the participant pool will be extended to include
rehabilitation patients to assess the system’s effectiveness in
clinical settings. A comparative study will evaluate differences
between healthy subjects and patients, analyzing the impact
of cognitive and psychological factors on rehabilitation per-
formance. In the scenario, the optimization of parameters (m,
b, x, and 9), whose effects on general human-robot interaction
have been studied in this work, will address the specific needs
of the therapeutic action to personalize the therapy for a
given patient and a specific phase of the rehabilitative process.

Another future direction involves integrating physiological
metrics, such as electromyography (EMG), to complement
subjective user evaluations and provide a more detailed as-
sessment of patient effort and motor adaptation. EMG sig-
nals will be directly integrated into the system to enhance
the therapeutic action through an EMG-based assistance-as-
needed mechanism.
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