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A Stable Model Reference Adaptive Controller
Developed for a Prosthetic Hand Wrist
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Abstract—Advanced control algorithms are essential for en-
hancing the functionality of prosthetic hands, enabling them
to operate in diverse conditions. This paper presents a Model
Reference Adaptive Controller (MRAC) developed for a tendon-
driven soft continuum wrist, integrated into the ’PRISMA HAND
I’ prosthetic hand. The primary objective of our research is to
design an adaptive controller that facilitates wrist movements
eliminating external disturbances while minimizing computa-
tional requirements. To achieve this, kinematic and dynamic
models of the wrist are developed based on the Piece-wise
Constant Curvature (PCC) hypothesis. The controller consists
of a reference model generated using the PCC model, and state
errors are evaluated by comparing the responses of the reference
model to those of the wrist model. These errors are reduced using
the MRAC approach to make the wrist’s behavior closely align
with that of the reference model. Stability of the closed-loop
system is ensured using the Lyapunov direct method, along with
the ’New Theorem of Stability’, a replacement for Barbalat’s
lemma, ensuring that the error between the reference model
and the actual system converges to zero and that the adaptive
gains stabilize to fixed values. The adaptive performance of the
controller is evaluated through experimental validations, where
the motions of the prosthetic hand attached to the wrist are
treated as unknown disturbances, and the mechanical stiffness
of the wrist is considered as an uncertain parameter, resulting
from the degradation of the internal springs.

Note to Practitioners - This study aims to develop an
adaptive controller suitable for soft continuum robots
operating in diverse environments and conditions. Im-
plementation of the proposed controller will enable soft
robots to operate effectively in the presence of unknown

disturbances.

Index Terms—Model reference adaptive controller, Piece-wise
Constant Curvature modelling, Prisma hand II, Dynamic mod-
elling, Soft continuum wrist

I. INTRODUCTION

ONTROL algorithms are integral to the operation of

prosthetic hands, enhancing their ability to perform
movements with greater precision and dexterity. These algo-
rithms empower users with improved control, enabling them to
engage more effectively in daily activities and tasks. The im-
plementation of advanced control strategies not only enhances
the performance of prosthetic hands but also contributes to
an overall better user experience, increasing comfort and
satisfaction for individuals who rely on these devices.
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In control systems, the implementation of a Model Ref-
erence Adaptive Controller (MRAC) [1] is of significant im-
portance [2]. This advanced control approach improves system
performance by adapting to variations in system dynamics and
external disturbances. By leveraging a reference model, the
MRAC adjusts its parameters dynamically to ensure that the
output of the controlled system closely follows the trajectory
set by the reference model [3]. This adaptability is crucial
in environments where system parameters are uncertain or
subject to change over time.

The MRAC’s key advantage lies in its ability to maintain
optimal performance despite uncertainties and system varia-
tions, something traditional control methods often struggle to
achieve. As the MRAC learns from the system’s behavior, it
makes necessary adjustments to control parameters, enhancing
the system’s robustness and reliability. This makes MRAC
an ideal solution for applications ranging from aerospace
to robotics. Furthermore, the MRAC contributes to greater
efficiency in control systems by minimizing errors between
the actual and desired outputs, which in turn reduces energy
consumption from corrective actions. This efficiency is par-
ticularly important in applications where energy is limited or
operational costs must be minimized.

In designing an effective control system for a prosthetic
wrist, it is crucial to account for gravitational and dynamic ef-
fects that significantly influence its movement [4]. A kinematic
model, which primarily considers geometric constraints and
motion relationships, falls short in addressing these continu-
ously changing forces. Gravity exerts variable torques depend-
ing on wrist orientation, introducing errors that a static model
cannot compensate during the motion. Additionally, wrist
movements generate inertia and velocity-dependent forces,
impacting tendon-driven actuation and requiring real-time ad-
justments for precision control. Without incorporating these
dynamic factors, the system would struggle to maintain sta-
bility during rapid motions. Thus, an adaptive control strategy,
such as the MRAC, is employed to ensure robust compensation
for these variations. By utilizing a dynamic model instead of
a kinematic one, we enhance performance, improve trajectory
tracking, and achieve more reliable functionality in practical
applications.

This paper focuses on the design of an adaptive control
system for a soft continuum wrist of a prosthetic hand.
The system employs a model reference approach, allowing
it to adjust its parameters during operation to accommodate
dynamic changes in user movements and the external en-
vironment. This is achieved by integrating a model of the
system derived from a Piece-wise Constant Curvature (PCC)
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approach. By utilizing this model reference framework, the
controller effectively emulates the desired behavior of a natural
wrist, thereby improving the functionality and responsiveness
of the prosthetic device. Additionally, we ensure the stability
of the proposed control system using Lyapunov analysis, in
conjunction with the "New Theorem of Stability’ proposed in
[5], replacing the classic Barbalat’s lemma. Our constructive
proof demonstrates the convergence of state errors to zero and
the stabilization of adaptive gains to fixed values, ensuring the
effectiveness and reliability of the control system.

The development of an adaptive controller that offers fast
dynamic response with minimal computational cost is crucial
for improving wrist motion systems. Our research aims to
optimize the trade-off between responsiveness and computa-
tional efficiency, ultimately enhancing the performance and
reliability of wrist motion control systems. The goal is to
provide a solution that meets the demands of real-world
applications requiring efficient and precise control of wrist
motions. We present a control strategy designed to leverage the
motion of a soft continuum wrist, effectively compensating for
the disruptive effects caused by the movement of an attached
prosthetic hand, which acts as a gravitational disturbance. Our
model also incorporates an uncertain parameter, the stiffness
of the springs used in the soft wrist. Notably, the wear
and degradation of these springs can lead to a deviation
of the stiffness from its nominal value, introducing further
uncertainty into the system. The major contributions of this
work include:

o MRAC formulation tailored to a tendon-driven PCC
wrist with explicit disturbance-channeling and para-
metric degradation: We introduce an MRAC that treats
the prosthetic hand as a persistent gravitational distur-
bance and the wrist’s spring stiffness as a time-varying,
degrading parameter. The controller is structured to ex-
plicitly route both effects through the reference-tracking
error, enabling online compensation without prior identi-
fication or disturbance observers.

o« Mapped soft-rigid dynamic bridge enabling
lightweight control design: We derive a four-element
RPPR Denavit-Hartenberg parameterization that maps a
PCC soft segment to an equivalent rigid—joint state-space
model. This bridge allows us to derive closed-form
mapped inertia, Coriolis/centrifugal, gravity, and tendon-
force relationships and to synthesize an adaptive law on
a reduced-order representation well-suited for embedded
real-time execution.

« Stability guarantee for configuration-dependent, time-
varying soft-wrist dynamics using the New Theorem
of Stability: We extend MRAC stability analysis to a
plant model whose matrices depend on configuration
and time, proving convergence of both tracking errors
and adaptive gains via a Lyapunov argument coupled
with the New Theorem of Stability. This removes the
uniform continuity requirement of Barbalat’s lemma in
the presence of disturbances and parameter drift, and to
our knowledge provides the first such guarantee for a
tendon-driven PCC wrist carrying a prosthetic hand.

o Two reference-model alternatives that trade accuracy
and effort, with a computationally efficient gain-
update pathway: We present and compare two scenarios
- (I) a PD-controlled reference model with constant
MRAC input, and (II) an open-loop reference model
with time-varying MRAC input embedding PD action.
We show that integrating the gain updates directly from
the error dynamics (rather than repeatedly recomput-
ing configuration-dependent matrices) preserves stability
while substantially reducing online computation, enabling
low-latency embedded control.

« Degradation-aware design that is robust in practice,
validated on the PRISMA HAND II wrist: We embed a
stiffness-degradation profile to capture wear-induced drift
and show that residual unmodeled effects are handled
adaptively. Experiments on the PRISMA HAND II wrist
demonstrate fast gain convergence, disturbance rejection
to external forces, and stable tracking under +20% stiff-
ness changes and increased payload confirming that the
theoretical guarantees translate to a lightweight, real-time
prosthetic system.

Collectively, these advances deliver a degradation-aware,
disturbance-robust MRAC for a tendon-driven soft contin-
uum wrist with a proof of stability tailored to configuration-
dependent dynamics, a soft-rigid dynamic map that enables ef-
ficient implementation, and an experimentally validated path-
way to practical embedded control.

The structure of this paper is as follows: Section II reviews
previous literature on the development of MRAC for soft
continuum mechanisms. Section III outlines the design and
modeling procedures. Section IV details the MRAC strategy.
Section V presents the stability analysis. Section VI provides
simulation and experimental results. Finally, Section VII con-
cludes the work.

II. BACKGROUND

The MRAC strategy is applicable to a diverse range of
robotic systems, encompassing both rigid [6] and soft robots
[7]1. MRAC control methodology is designed to enhance the
motion control capabilities of robots, allowing for improved
adaptability and precision in their movements. The adapt-
ability of the MRAC framework allows for the continuous
refinement of control laws, which is particularly beneficial in
environments where external disturbances or changes in the
operational context may occur.

Soft pneumatic actuators play a crucial role in enabling
robots to engage safely with intricate environments [8]. How-
ever, they frequently encounter issues related to imprecise
control and erratic dynamics [9]. Continell ez al. [10] presented
a hybrid control strategy for a tendon-driven soft robotic neck,
aiming to achieve accurate pose control across its workspace.
The work combined an analytical inverse kinematics model
based on constant curvature assumptions with a Multi-Layer
Perceptron (MLP) neural network that learned to correct pose
errors using IMU sensor feedback. The research addressed the
limitations of purely model-based approaches, which struggled
with the nonlinearities of soft materials, and purely data-driven
methods, which often lacked generalizability.
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Seghiri et al. [11] introduced a fractional-order MRAC
(FOMRAC) system for a single-degree-of-freedom flexible
robotic arm, designed to maintain performance under varying
payloads and joint friction. The control architecture featured a
dual-loop design, an inner PID loop compensated for friction
and coupling torque, while the outer loop used a fractional-
order MIT adaptation law to handle payload changes and
suppressed tip vibrations. The fractional calculus approach
allowed for more accurate modeling of the system’s dy-
namic behavior compared to traditional integer-order methods.
Through simulation, the work demonstrated that the controller
maintained stability and precision even under disturbances,
addressing a key gap in adaptive control for flexible manipu-
lators.

Huang et al. [12] proposed a hybrid modeling framework
for soft parallel robots, combining the Absolute Nodal Coor-
dinate Formulation (ANCF) with a multilayer neural network
(MLNN). The ANCF model captured the quasi-static behavior
of soft actuators, while the MLNN learned dynamic correc-
tions, including viscoelastic effects and actuation hysteresis.
This hybrid model was then used to design both feedforward
and feedback-linearization controllers, enabling sub-millimeter
tracking accuracy across a range of speeds. The approach
was scalable, invertible, and suitable for real-time control,
addressing the limitations of purely physics-based models
(which were computationally intensive and less accurate under
dynamic conditions) and purely data-driven models (which
often lack interpretability).

An MRAC proposed in [13], illustrated a technique that
adjusted an input to actuator parameters for ensuring its
behavior aligned closely with a predetermined dynamic model.
By utilizing adaptive control, the control scheme successfully
normalized the performance of soft actuators and mitigated the
inherent nonlinear characteristics. A hybrid control strategy
that integrated a Proportional Integral Derivative (PID) con-
troller with an MRAC applied to a manipulator was demon-
strated in [14]. This approach employed the Lyapunov’s theory
to guarantee asymptotic stability during the control of a 2
degrees of freedom (DoF) manipulator, which was actuated by
McKibben’s artificial pneumatic muscles. In this framework,
the MRAC functioned as a compensator for non-linearities,
while the PID controller was utilized during the transient
phase, as the performance of the MRAC was suboptimal
in this specific period. Liu er al. [15] introduced a novel
least-squares MRAC algorithm for multivariable systems. It
modified the control law to reduce the relative degree of the
error model to zero, enabling arbitrarily fast tracking while
maintaining parameter convergence. The work provided a full
Lyapunov-based stability analysis and demonstrate superior
tracking performance through simulations.

An MRAC developed for a pneumatically actuated soft
robot addressing system uncertainties by incorporating para-
metric variations and input limitations was presented in [16]. A
soft robot was represented as a second-order Linear Parameter
Varying (LPV) system, with the primary dynamics charac-
terized as a Linear Time-Invariant (LTI) system. The design
of the control scheme emphasized the significance of uni-
directional input constraints. Additionally, adaptive laws were

adjusted to mitigate the effects of parametric uncertainties
and unmodeled dynamics. Licher et al. [17] presented an
approach to control soft continuum robots by integrating
MRAC with nonlinear Model Predictive Control (MPC). The
method utilized a domain-decoupled physics-informed neural
network (DD-PINN) trained on Cosserat rod dynamics to
serve as a fast and accurate surrogate model. The controller
adapted online using an unscented Kalman filter to estimate
bending stiffness and internal states. The results showed real-
time control at 70 Hz with sub-millimeter accuracy and signif-
icant computational speed-up compared to traditional physics-
based simulations. However, the DD-PINN was trained offline,
which can limit adaptability to unforeseen dynamic changes
suggesting a future direction in online retraining or hybrid
learning integration.

Zhou et al. [18] developed a bidirectional pneumatic artifi-
cial muscle (PAM) actuator for soft hand rehabilitation and im-
plemented MRAC using a Radial Basis Function Neural Net-
work (RBFNN). The system was modeled using Lagrangian
mechanics and optimized for real-time control of grasping
motions. The experiments demonstrated improved grip accu-
racy and responsiveness, particularly in stroke rehabilitation
scenarios. While effective, the RBFNN controller required
manual tuning and lacks generalization across different users,
indicating a need for adaptive learning mechanisms that can
personalize control based on individual EMG profiles.

Conventional controllers are generally developed based on
the stability criterion stated by Lyapunov’s 2nd method. How-
ever, Lyapunov criterion depends mostly on global stability
and less focused on the tracking errors. A novel MRAC
methodology (not based on Lyapunov function) named Ro-
bust Fixed Point Transformations (RFPT) employed during
a master-slave task assignment was demonstrated in [19].
The proposed controller was able to simultaneously achieve
adaptability and order reduction with less computational ef-
fort. Another novel dynamic model based MRAC strategy
was presented in [20]. Similar to MRAC, Model Reference
Predictive Adaptive Control (MRPAC) effectively addressed
issues related to “parameter mismatch,” including scenarios
involving unknown inertia values. The findings indicated that
MRPAC possessed the capability to adapt to these discrepan-
cies, ensuring optimal performance even when certain param-
eters were not precisely defined or known. A study focused
on the creation of a myoelectric MRAC integrated with an
Adaptive Kalman filter, specifically designed for the regula-
tion of a cable-driven soft elbow exoskeleton was given in
[21]. The MRAC demonstrated its effectiveness in managing
both passive and active control scenarios for the soft elbow
exoskeleton. The performance metrics of the controlled system
revealed a Mean Absolute Error (MAE) of approximately 4.5°
in passive mode, while in active mode, the MAE was recorded
around 10°.

Development of an adaptive force control strategy for soft
robotic gripping, aiming to improve handling of delicate and
irregularly shaped objects was demonstrated in [22]. A visual
force sensor trained on synthetic data derived from finite
element analysis (FEA) sensor was integrated with a non-
linear MRAC, forming a combined approach called virtual
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reference adaptive control (VRAC). The VRAC strategy en-
abled effective force control while minimizing the complexity
of integrating additional sensors, allowing the robotic gripper
to adapt to different objects with minimal training.

Stability analysis is a crucial aspect of the design of MRAC,
ensuring that the system behaves reliably and reaches desired
states. A comprehensive review of various MRAC methodolo-
gies and their associated stability considerations is provided
in [23]. One widely used technique for assessing stability
in nonlinear systems is the direct Lyapunov method. This
approach involves the formulation of a Lyapunov candidate
function, V' (z), which must be positive definite, differentiable,
and equal to zero only at the equilibrium point. For global
asymptotic stability, it is necessary for the derivative, V(:z:, t),
to be negative definite. However, deriving a Lyapunov function
with a negative definite derivative can often be challenging,
and in many cases, the derivative is only negative semi-
definite. This necessitates generalizations of Lyapunov’s di-
rect method. In MRAC systems, which are typically non-
autonomous and involve adaptive gains that vary over time,
Barbalat’s Lemma has been traditionally employed to demon-
strate global asymptotic stability. However, Barbalat’s Lemma
requires that V(ac, t) be uniformly continuous, a condition that
also extends to all system signals. This requirement becomes
problematic in the presence of disturbances or other disconti-
nuities, which can disrupt the stability analysis, as highlighted
in [24]. To overcome this limitation, a novel stability theorem
was introduced in [5], which relaxed the uniform continuity
condition. According to this theorem, for a non-autonomous
nonlinear system with a Lyapunov candidate function V' (z)
and a negative semi-definite derivative V(x, t), all limit points
of any bounded trajectory x(t) will lie within the domain
0= x|tl1'>r(7>zoV(X, t) =0, where () = 0 indicates that both
the expression and its higher-order derivatives are zero. This
generalized approach has proven effective in adaptive control
applications, with examples provided in [25] that demonstrated
the convergence of adaptive gains. Additionally, the theorem
has been applied to the stability analysis of MRAC systems,
including in [26], where it was used for an MRAC system
with a time-invariant plant.

III. DESIGN AND MODELLING OF THE WRIST

This section provides an overview of the components and
mechanical design of the wrist integrated into the prosthetic
hand. Additionally, the kinematic and dynamic modelings of
the wrist, employing the PCC method for analysis are also
included in this section.

A. Design of the Wrist

A soft continuum wrist section [28] was developed to
integrate with a prosthetic hand named 'PRISMA HAND II’
[8]. The final design of the wrist section was determined by
evaluating its load-bearing capacity alongside its ability to
facilitate movement in various directions, specifically ulnar,
radial, flexion, and extension. The integration of the wrist
with the PRISMA HAND II, along with the corresponding
motion directions, is illustrated in Fig. 1(a). The fabricated
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Fig. 1: Wrist section. (a) Conceptual model. (b) Fabricated
model.
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Fig. 2: Components of the fabricated model with dimensions
and motion capabilities

wrist assembly (shown in Fig. 1(b)) consisted of 5 rigid
discs, 5 springs, 5 tendons that were inserted through the
springs, and 4 motors. The manipulation of these tendons using
motors allowed for the execution of specific movements across
various directions. Four peripheral tendons (shown in Fig.
1) connected to motors were employed to control rotational
movements in four distinct directions. The dimensions of
the components of the wrist along with the prosthetic hand
motions are shown in Fig. 2. Tendons 1 and 2 were activated
to induce wrist rotation in the radial deviation direction, while
tendons 4 and 5 facilitated motion in the ulnar deviation
direction. Extension movements were achieved by actuating
tendons 1 and 4, whereas flexion was controlled through the
actuation of tendons 2 and 5. In relation to disc 5, the wrist’s
range of motion was established to span from -50° to +50°
across all axes as shown in Fig. 2. This configuration proved
sufficient for the PRISMA HAND II to execute various ma-
nipulation tasks effectively. This configuration of components
enabled the wrist section to also exhibit axial compression and
expansion capabilities as shown in Fig. 3.
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Fig. 3: Motion of wrist section in axial direction. (a) Initial
stage. (b) Compressed stage.

B. Kinematic Modelling of the Wrist Using PCC Method

In the realm of soft robotics, the PCC model serves as
a structured approach to comprehend the configuration of
robots by dividing it into distinct segments that demonstrate
continuous curvature (CC). This segmentation is essential,
as it mitigates the inherent complexity associated with soft
robots, which typically feature an infinite array of degrees of
freedom with respect to their flexible structure. By utilizing
a limited number of segments, the model not only improves
computational efficiency but also facilitates a clearer and more
intuitive description of the kinematic and dynamic behaviors
of the robot.

Consider a soft continuum robot characterized by n con-
tinuous curves (CCs) as illustrated in Fig. 4(a). Fig. 4(a)
visually conveys how motion propagates from one segment to
the next, forming the basis for dynamic modeling and control
strategies. It is essential to note that each segment of the robot
is associated with frames represented as Sy, S1, ....., S, . These
frames are systematically affixed to the terminal end of each
segment, thereby facilitating a comprehensive understanding
of the robot’s configuration and movement dynamics. The
transformation matrices that relate the n** frame to the zeroth
frame are denoted as °7y,'T5,...,” 'T,. These matrices
serve to describe the spatial relationships and orientations
between consecutive frames.

A depiction of a single segment of the soft continuum robot
is presented in Fig. 4(b). By isolating a single segment, the
Fig. 4(b) helps to clarify the role of localized bending in the
broader context of deformation transmission. It also supports
the derivation of dynamic equations that govern the segment’s
behavior under actuation. This segment, located in the ith
plane, comprises two inertial reference frames positioned at its
extremities, designated as S;_; and S;. The bending angles,
denoted as 6,,, are derived from the analysis of the relative
rotation occurring between these two inertial frames associated
with the segment. The two-dimensional homogeneous transfor-
mation matrix for the soft robot, represented as i—17" which
accounts for the section length /; extending from the (i — 1)
frame to the i*" frame within the i*" plane, is articulated in

(D).
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In this paper, we introduce a framework that demonstrates
a correspondence between the modeling approaches of soft
robots and rigid robots through the application of Denavit-
Hartenberg (DH) parameterization [29]. This framework aims
to bridge the gap between the two types of robotic systems,
highlighting the similarities in their kinematic representations
and providing a unified methodology for their analysis and
design. By leveraging DH parameters, we can effectively
characterize the motion and configuration of both soft and
rigid robots, thereby enhancing our understanding of their
operational dynamics and facilitating the development of more
versatile robotic applications. The conceptual connections that
can be established for a PCC soft continuum robot can be
derived from the frameworks of rigid robot topologies. By
employing the state-space representation of a corresponding
rigid robot, it is possible to develop an enhanced model that
accurately reflects the characteristics of a PCC soft continuum
robot. In this context, let 4 € R™*™ denote the augmented
configuration of the PCC soft robot, where m represents the
number of joints associated with each continuum segment.

The alignment of terminal points for each control curve
segment with the respective reference points of the rigid
robotic framework is guaranteed through the mapping process.
From a kinematic point of view, any enhanced representation
that meets the alignment criteria can be considered equivalent.
This equivalence is essential for upholding the integrity of
robotic motion, as it ensures that the kinematic relationships
remain consistent across various configurations. An equivalent
rigid robot, depicted in Fig. 4(c), is characterized by an RPPR
configuration, where R denotes revolute joints and P indicates
prismatic joints. To effectively model the mass distribution of
the central chord segment, a point mass, denoted as W, is
strategically placed at the midpoint of the main chord. The
Denavit-Hartenberg (DH) parameters for this equivalent rigid
body are detailed in Tab. I, where the parameters 64y, d, a,
and « represent the conventional DH notation used for robotic
kinematics.

TABLE I: DH parametrization table of equivalent rigid robot

Links Oan d a « Mass
I 0w /2 0 0| n/2 0
i
2 0 |[L¥=2 (0] o0 W;
3 0 [ fo| —m2| 0
4 0w /2 0 0 0 0

The parameterized configuration of an individual segment,
denoted as p;(0,), consists of four elements and is de-
rived through the application of Denavit-Hartenberg (DH)
parametrization, as articulated in (2). This configuration serves
as a crucial representation in the context of robotic kinematics,
encapsulating the geometric and positional attributes of the
segment in relation to its joint variables.

(0 — | 0. sin%” sineTw 0. T 2
UZ( w)— = l,‘ - lt 0; é‘ . ()

C. Dynamic Modelling of the Wrist

Dynamic modelling of the wrist was carried out using Euler-
Lagrange formulation. Transpose of Jacobian with respect to
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Fig. 4: Configuration. (a) Transformations. (b) Single segment. (c) RPPR.
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(4) is used in dynamic modelling procedure for mapping the
wrist section configuration to the 4-parameter configuration.
The dynamic model of the wrist incorporating mapping Jaco-
bian, J), with respect to a generalised joint parameter, 6., and
their derivatives (6., 6,,) is given in (5).

M(Ou)bu + (C(0u,00) + D) by + G(0) + KO, -
=7+ J7(0u)F,

where M (6,,) is the n X n mapped inertia matrix with respect
to the 4n x 4n generalised inertia matrix My (0y,), C(6., 6,)
is the m x m mapped centrifugal with respect to the 4n x 4n
generalised centrifugal Coriolis matrix Ct (6, 6,,), G(6,,) is the
n x 1 mapped gravitational field with respect to the 4n x 1
gravitational field G4 (6,,), D and K represent damping and
stiffness values respectively. M (6,,) is given in (6)

M(0w) = I, (0u) My(11(02)) Jpu(Ou)- (6)
C(0,,0,) is given in (7)
C (O, 0u) = Tt (0) Mo(1(0)) Jpu (O, 0) +
IE00) Do((0) T (00)00) T (0). (7
G(0y) is given in (8)
G(0w) = Jp; (Bw) Go(u(8))- ®)

7 is the n x 1 mapped actuation torque with respect to 4n x 1
mapped actuation torque, 7, given in (9)

T=J5(0w) To. )

The relation between 7, n x 1 tendon force (F}), 75, and
n X ng(ng:number of actuators) actuation matrix (Ap) is given
in (10)

Th ZAth. (10)

Tendon force, F; is obtained using the equation given in (11)

Fy =I5 (0,)A] . (1)

Jacobian, J is given in (12)

J = Jy(00) Ju(0). (12)

Jp maps external force to the joint torque values. In this
work, we explicitly consider spring stiffness, K as an uncertain
parameter due to potential degradation over time and variations
in material properties. To address this uncertainty, our dynamic
model incorporates spring stiffness as a variable rather than a
fixed value, allowing it to fluctuate within a defined range. This
approach ensures that the MRAC effectively adapts to changes
in stiffness, maintaining the stability and performance of the
prosthetic wrist. Instead of using a single stiffness value K,
we defined it as a varying parameter as given in equation 13

K(t) = Ky — AK(t), (13)

where K is the nominal stiffness and ¢ is the time. Change
in stiffness, AK(¢) is given in equation 14

K(t) = Ko(1 —e™ ), (14)

where « is the degradation rate (determined experimentally).
We measured the stiffness with response to tendon force during
experimentation and calculated the degradation rate. Although
stiffness is treated as a time-varying parameter, we must
account for residual uncertainty arising from the nonlinear and
potentially non-repeatable spring characteristics, which are not
fully captured by the degradation model and are thus handled
by the adaptive nature of the MRAC. Thus, in this work,
we consider spring stiffness as an uncertain parameter. The
dynamic model was employed in MRAC strategy to increase
the accuracy of control action. In the following, since we only
work with a single segment we will denote 6,, as the output
bending angle of the wrist.

IV. MODEL REFERENCE ADAPTIVE CONTROL STRATEGY

The MRAC approach employs a reference model to guide
the control system’s behavior, enabling dynamic adaptation to
variations in system dynamics or external disturbances. In the
case at hand, the wrist model presents a gravitational distur-
bance, due to the presence of the prosthetic hand at the top of
the wrist, and a parametric stiffness uncertainty resulting from
the natural degradation of the springs used in the soft wrist. By
comparing the actual system output to the reference model, the
adaptive control mechanism continuously adjusts the control
gains, ensuring that the system’s performance aligns closely
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Fig. 5: General control scheme.

with the desired reference model. This approach is particularly
advantageous in complex systems, where traditional control
methods may struggle to maintain optimal performance due
to changing or inaccurately modeled parameters. The MRAC
scheme developed to control wrist motion is illustrated in Fig.
5.

In this control strategy, a reference signal U, is given as the
input into the reference model block (RMB). To define the
reference model used, we start considering the following LTI
system:

X(t) = Az(t) + BU.(1), (15)
where the system state, @(t), is represented as:
SN H.r
=[] [2] a0

Here, 6, and 0, represent the position and velocity of the
reference system, respectively. The coefficient matrices, A and
B, are defined as:

0 1
A= {—M‘lK —M-1(0+D)} ' 17

(18)

The variables M = M () and C' = C(84,8,), as computed
in (6) and (7), define the matrices A and B that are time-
invariant and configuration-independent. 6; and 04 represent
the desired bending angles input to the reference model.
This results in an LTI system that approximates the internal
dynamics of the wrist system, as described in equation (5).
Notice that equation (15) does not yet describe the RMB; in
this paper we compare the performance of the controller using
two distinct reference models:

I) The first approach employs a reference model, the system
in equation (15) controlled by a Proportional-Derivative (PD)
controller, where the proportional K p and derivative K p gains
are determined from the system’s step response. The presence
of the PD controller is necessary to make the reference model
track the desired bending angle 4. The control input to the
MRAC block U, = 64 is constant and equal to the desired
bending angle;

II) The second approach uses the system described in equation
(15) in open loop as the reference model. In this case, as
the reference model in open loop is not guaranteed to track
the desired bending angle 6,4, U., must actively regulate the

reference model to track it. This requires a time-varying
control input, U, = Kp(6g — 6,) — KD(ér), where Kp
and Kp define the proportional and derivative control terms
for the reference model, respectively. The elaborated scheme

of the two control schemes is shown in Fig. 6. The key

Uc=6q (Casel) CaseI/ U,

Case IT

Uc(Case II

1
Uy = 64| 1

Fig. 6: Elaborated control scheme.

distinction between the two strategies lies in the MRAC input:
in case I, U, is constant and equal to 6, as the PD controller
is incorporated into the reference model. In case II, U, is
time-varying as the open-loop reference model described in
equation (15) is employed, with the PD action embedded in the
control law U.. In this framework, the MRAC is interpreted as
a means of forcing the nonlinear plant to follow the behavior of
the chosen reference model. Consequently, the control design
problem is shifted to ensuring that the reference model itself
is capable of tracking the desired bending angle. Since the
reference model is LTI, this objective can be readily achieved
using a simple PD control strategy.

For both strategies, the output from the RMB is compared
to wrist model’s motion, and the error F, is defined as:

(& aw - er
E—M—h—ﬁ'

The MRAC block receiyes this error, along with the wrist
output motions 8,, and 6,,, and U, to generate a control law
U, which is structured as:

19)

U= K,U.— (K10y + K20.,) + G(0,), (20)
where the gains K, K5, and K, are time-varying and depen-
dent on the error E.

V. STABILITY ANALYSIS

This section extends the results presented in [26] to include
cases where the dynamic model controlled by the MRAC
involves configuration-dependent and, thus, time-varying ma-
trices. By considering the system described in (5) without
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external forces, and substituting the control input from (20),
we obtain the following system dynamics:

0. =

M(0) " K U= (M(00) 7 Ko + (C0u 0u) + D))
O+ — (M(0) ' K1 + K) 0. (21)

Defining the state error e as in (19), and differentiating it twice,
the resulting error dynamics are:

E+M 1 (C+D)é+M ke = (M(0,) 'K, — M~ ') U+

K,
¥ (M*l(c + D) — M(6y,) Ky — (C(Gw, b)) + D)) bt

K
+ (M_lk_M(euJ)_lKl_K) 0’(1)7 (22)

K
Here, we employ K,, K; and K, for compact notation. We
can express in state-space form by introducing the vector £ =

and defining the control term R as:

R = KU, + K30,y + K10,. (23)
Thus, the error dynamics are expressed as:
E = AE + B.R, (24)

where A is the same as in (17) and B, = f . The term R

represents a new control input in the dynamic system of the
error E. To analyze the stability properties of the closed-loop
system in (24), we use a Lyapunov candidate function given
by:

L =
2772 K 2

(25)
Here, P is chosen such that AT P4+ PA = —Q with Q being
symmetric positive definite (SPD) matrix. Differentiating V'
and using (24) along with the definition of R in (23), we
obtain:

o 1 1oy 1
V(E,K,,K,K>) = 5ETPE+ K24+ —Ki+

2y 2m

. (K,
V=-ETQE + K, ( + ETPBGUC> +

_ (K
+ K, (1

_ (K )
4 ETPBeaw> + K> (2 + ETPBeew> :
Al

2
(26)

The gain dynamics are determined to force the non-negative
terms in V, V to zero as follows:

K, = —vETPB.U..
Ky = —ETPB.0,,. @7)
Ky = - ETPB,6,.
Thus, we obtain the final result:
V =—-ETQE. (28)

Since V is negative semi-definite and V is positive definite, we
can conclude that the systems described in equation (24) and

equation (27) are stable (but not necessarily asymptotically),
and their states are bounded. To prove asymptotic stability, we
can use Barbalat’s Lemma, but in this work, we rely on the
results from the "New Theorem of Stability” proposed in [5].
According to this theorem, since V' is bounded from below
and V is negative semi-definite, the system’s state, defined as
W = E,I_(T,}_(lf(g]T,will converge to a region §2, where:
Q= W|tlirgo V(W,t) = 0}. Therefore, with reference to
(28), X has to converge so that E = 0 (E and its higher
order derivatives converge to zero). Then, due to the presence
of E in (27), we can conclude that K,, K; and K, also
converge to constant fixed values.

In relation to (22), it can be inferred that, barring any
singularities in J,,(6,,), the gains K, K1, and K> as indicated
in (20) also stabilize at constant values, provided that F
approaches zero and the reference model in (15) attains
convergence. In order to implement the control law in (20),
it is necessary to analyze the dynamics of the gains K.,
K1, and K in relation to K,, K, and K. This analysis
should incorporate their dynamics as outlined in (27), while
also taking into account that the wrist system matrices M (6,,)
and C'(0,, Gw) are configuration dependant. Therefore we have
two solutions to compute the variable gains for the control
input, namely:

1) Computing K,, K; and K, from their definition given

in (22) and substituting it in (27), we obtain K,, K, and
K5 as:

K. = M(6) (M(0.) "' M(00)M(6) ' K. — 7. BT PB.U.) .
Ky = M(0,) (M(0,)"*M(0,)M(0,)" 'K, + 1 ETPB.0,,) .
Ky = M(60.) (M(Hw)’l/U(HM):\J(QM)"[(2 — O, 00) + fygETPBuéu) .

(29)

Finally, we can perform the integration of (29) to obtain
the values of K,, K1, and K>.
Integrating (27) to obtain K,, K; and Ks, and then
using (22) to retrieve K,., K1 and Ko;

In our implementation we opted for the second solution, to
avoid computational time to calculate M (6,,) and C(6,, 6,,).

2)

VI. RESULT AND DISCUSSION

This study demonstrated the modeling and controller design
of a wrist part designed to support the payload and dexterous
movements of an existing prosthetic hand. A comparison was
made between the proposed MRAC scheme and other con-
trollers developed for the wrist section in the coming sections.
This section also includes simulation studies and experimental
validations of the MRAC to evaluate effectiveness of the
controller in real tasks.

A. Simulation Study

The MRAC was implemented and tested in the Simulink
environment, which is a component of MATLAB, running on
an Intel Core i7 processor and 16 GB of RAM. The wrist mo-
tions without carrying prosthetic hand in ulnar, radial, flexion,
and extension directions are shown in Fig. 7. The wrist was
simulated to bend from its initial position to a desired angle
0, = 30° in ulnar, radial, flexion, and extension directions
relative to disc 5, attached to the hand as shown in Fig. 8.
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Fig. 7: Motion of wrist in all directions (a)-(c)Ulnar (d)-
(fRadial (g)-(i)Flexion(j)-(1)Extension
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Fig. 8: Trajectory of wrist in all directions.

The proposed MRAC regulated wrist movements, as detailed
in Section IV, utilizing two strategies: controlled reference
model (strategy I) and open-loop reference model (strategy
IT). For the simulations, the gains for the PD controller were
set as Kp = 10 and Kp = 5 for both strategies. The
wrist’s damping and nominal stiffness were determined as
0.615 Nm and 0.105 Nms, respectively. The values of v, 2,
and v, were obtained as 2, 5, and 10 respectively. Initially,
we conducted simulations to analyze the motion of the wrist
sections independently, without including the hand segment.
Because the structure of the wrist is symmetric, meaning its
physical and mechanical properties are mirrored across an axis
and the dynamic response characteristics remained consistent
across different simulations. Specifically, the system demon-
strated uniformity in terms of gain convergence, settling time,
steady-state error, and general behavior. This indicates that the

5
% 0 |
O
—Ky,
— Ky,
K,
5 — K
0 1 2 3 4 5
Time [s]
Fig. 9: Evolution of gains K; and K.
0.02
5 0.01
F
o
0 4
— K3,
_K21
-0.01 . . . .
0 1 2 3 4 5
Time [s]

Fig. 10: Evolution of gain K.

system’s performance is predictable and stable regardless of
orientation or side. The variations in adaptive gains during
the simulation are shown in Figs. 9 and 10, confirming that
the adaptive gains converged to fixed values as stated in the
stability analysis in Section V. In Figs. 9 and 10, it is evident
that the gains converged to a fixed value around 2 s. The
key difference between the two strategies was that strategy
I (using the controlled reference model) resulted in lower
fixed values for K; and K5, and a higher regime value for
K,, while strategy II (using the open-loop system) achieved
higher values for these gains. The errors between the desired
and actual bending angles are shown in Fig. 11, where the
RMSE values for strategies I and II were 1.2 x 10~3 Rad and
1.4 x 1073 Rad, respectively. The settling times for strategies
I and IT were measured as 2.8 s and 3.2 s, with steady-state
errors of 1.3 1073 Rad and 1.6 x 10~3 Rad, respectively. All
values were within acceptable tolerance limits, with strategy
I performing slightly better as evident from steady state error
and settling time values. Furthermore, the variations in the
adaptive gains K., K| and K, for both control laws are shown

x1073

§ (04 — 0,)11 [rad/s]
° — (04 — 0)11 [rad]
= — (04— 0,)r [rad/s] |
@ —(0d — 0w)1 [rad]

4 5

Time [s]

Fig. 11: Steady state error during simulation.
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Fig. 12: Evolution of gains K,, K; and K>.

in Fig. 12. These gains converged in a time period within 2.5
s. As discussed in Section V, the system described in equation
(24) is proved to be stable. This implied that the term B.R
must asymptotically tend toward zero. Consequently, given the
definition of R in (23), the values of K and K5, weighting the
error e and its derivative é, respectively, converged to non-zero
values, as e and é tend towards 0. Conversely, K, associated
with the control input U., converged to a value near zero as
U. approached its non-zero steady-state value. The findings
substantiated the efficacy of the MRAC in attaining consistent
performance stability. Due to the symmetrical structure of the
wrist section, identical results were obtained in all directions.
To investigate the effects of incorporating a hand, additional
simulation studies were conducted.

In order to analyse the performance of the controllers to
an external force when the wrist section was carrying the
prosthetic hand, a constant force of 1N is applied to the mid
section of prosthetic hand perpendicular to the direction of
motion as shown in Fig. 13 and the responses were obtained
as shown in Fig. 14. Since the force acts in a time period of

o
®

Force(N)
S
>

o
i

. | I
0 1 2 3 4 5 6 7 8
Time(s)

Fig. 13: Constant force applied to prosthetic hand

1 second to 5 s, the gains K3, Ko, K3, and the error values
fluctuate in this time period. However, the gains and error
converged as shown in Fig. 14 around 6.2 s (average of two
methods). An impulsive force of 1 NV is applied to the wrist
section for a time duration of 0.5 s starting from 1 s as shown
in Fig. 15. K, K, K3, and the error values of ¢ and 11™?
methods were obtained as shown in Fig. 16. During the time
interval between 1 and 1.5 s, the system is subjected to an
external force, which results in fluctuations in the controller
gains Ky, Ko, and K3, as well as the corresponding error
values. This dynamic response is expected, as the system
adjusts to the applied load. Despite these initial variations,
both the gains and errors of two methods gradually converge,

achieving stability at approximately 5.275 s (average of two
methods).

To investigate the impact of varying spring stiffness on the
system’s behavior, a simulation study was conducted by ad-
justing the stiffness values within a £20% range relative to the
nominal value. This variation is visually represented in Fig. 17
and 18. Fig.17 illustrates the system’s response to two methods
when the stiffness parameters—namely K, K5, and K, were
decreased by 20%. The graph includes the corresponding error
values recorded during the motion of the wrist section, which
was simulated while carrying the prosthetic hand. In contrast,
Fig. 18 presents results from increasing the same stiffness
values by 20%, again monitoring the same system parameters
during wrist motion. Throughout the simulation, the system
exhibited noticeable variations in dynamic behavior due to
these stiffness changes. Initial fluctuations in performance
were observed; however, the system eventually reached a
stable state. The responses converged at approximately 1.66
s for both of the cases for two controllers, demonstrating
the system’s ability to adapt to stiffness modifications while
maintaining steady performance over time. Additionally, a
stability test was performed by increasing the load on the
hand by 50% to assess the controllers’ robustness under higher
external forces. The resulting behavior remained consistent
with previous findings, the system maintained stability, and
converged around 1.35 s as shown in Fig. 19.

Simulation-based Evaluation of MRAC Performance

To comprehensively evaluate the dynamic behavior of the
wrist section under various conditions, the results obtained
during simulation studies were compared. The analysis encom-
passed wrist motions in four primary directions: ulnar devia-
tion, radial deviation, flexion, and extension. Each directional
motion was examined using two distinct control methodolo-
gies, resulting in two simulation outcomes per direction. The
simulation scenarios were designed to explore the system’s
performance under varying external conditions. Specifically,
we investigated: (i) varying load magnitudes, (ii) modifications
in spring stiffness within #20% of the nominal values, (iii)
application of constant external forces, and (iv) response to
impulsive force inputs. For each simulation run, the system’s
performance was quantitatively assessed by recording three
key metrics: root mean square error (RMSE), settling time,
and steady-state error as shown in Table II.

The simulation results presented in Table II provide a
comprehensive assessment of the Model Reference Adaptive
Controller (MRAC) under various external force conditions,
stiffness variations, and load disturbances. Each scenario was
evaluated using two methodologies: Method I, representing
closed-loop performance, and Method II, reflecting open-loop
control behavior. Under constant force conditions, MRAC
maintained exceptional precision. Method I yielded an impres-
sively low RMSE of 1.0 x 10~* Rad, with a steady-state error
of just 5.0 x 10~° Rad. Method II demonstrated a slightly
higher RMSE of 2.8 x 1073 Rad and steady-state error of
1.3 x 1073 Rad, with corresponding settling times of 6.1 s
and 6.3 s, respectively. These results highlight the controller’s
consistency and resilience under sustained external loading.
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TABLE II: Comparison study

Simulation study RMSE(Rad) Settling time(s) | Steady state error(Rad)
Constant force-I | 1.00 x 10~ 6.10 5.00 x 10~°
Constant force-II | 2.80 x 103 6.30 1.30 x1073
Impulse force-I | 1.10 x 1073 5.20 9.00 x10~4
Impulse force-II | 1.30 x 10~3 5.35 1.30 x1073
-20% stiffness-I | 8.00 x 10—% 1.60 5.00 x10~4
-20% stiffness-II | 1.20 x 10~3 1.70 1.10 x10~3
+20% stiffness-1 | 1.00 x10~3 1.62 2.10 x10~4
+20% stiffness-II | 1.20 x10—3 1.75 1.20 x10~3
+50% load-1 9.00 x10—* 1.30 3.00 x10—4
+50% load-II 2.81 x1073 1.40 2.70 x10~3
' ' 1073 Rad and 1.3 x 1073 Rad for Methods I and II, respec-
T i tively. Both approaches showed settling times below 5.5 s
08l i and steady-state errors under 1.3 X 10—2 Rad, indicating the
controller’s strong capability to suppress transient perturba-
2% il tions effectively. In the context of decreased stiffness by 20%,
H MRAC achieved rapid responses, with settling times of 1.6 s
0.4 i .
and 1.7 s for Methods I and II. The closed-loop configuration
oaf maintained a lower RMSE of 8.0 x 10™* and a steady-state
error of 5.0 x 10~* Rad. Conversely, increasing stiffness by
o 20% resulted in RMSEs of 1.0 x 1072 Rad (Method I) and
0 g 2 3 ¥ 5 6 1.2 x 1073 Rad (Method II), with both methods maintaining

Time(s)

. 15: Impulsive force applied to prosthetic hand

When subjected to impulsive force disturbances, MRAC
continued to perform reliably. The RMSE values were 1.1 x

settling times under 2 s and acceptable steady-state errors.
These outcomes suggest strong adaptive capability to changes
in system rigidity. Under a 50% increase in load, Method
I achieved an RMSE of 9.0 x 10~% Rad, settling time of
1.3 s, and steady-state error of 3.0 x 10~* Rad. Method
IT showed a slightly faster response (1.40 s), though with
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Fig. 16: Simulation results during an application

higher error values—RMSE of 2.8 x 103 Rad and steady-state
error of 2.7 x 1073 Rad. In summary, the MRAC framework
demonstrated robust adaptability and stability across diverse
dynamic scenarios. Method I generally offered finer precision,
while Method II excelled in responsiveness and control under
closed-loop operation, confirming the controller’s suitability
for real-time prosthetic applications with uncertain dynamics.

B. Experimental Validation of MRAC

Experimental validations were carried out using a fabricated
model of the wrist (shown in Fig. 1(b)) to analyse perfor-
mance of the proposed controller. The presence of an ArUco
marker affixed to the wrist allowed for precise tracking of the
movements of disc 5 throughout the experimental procedures.
Desired motions were fed into the controller as input, which
subsequently generated the desired force outputs. To ensure
the reliability and repeatability of the experimental results,
each target trajectory was executed (5 times) under identical
conditions. These outputs were then transformed into motor
torque values, which were further converted into PWM signals.
These signals were sent to an Arduino Mega 2560, which
was interfaced with two stepper motors via a microstep driver
(DM542). To enhance the efficiency of the operation, an
Arduino module was incorporated with Simulink to facilitate
the transmission of the computed input signals, while a ROS
module was utilized to communicate the data from the ArUco
markers back into the Simulink framework.

Time[s]

of impulsive force (a)K; (b)Ks (c)K, (d)Error

To provide concrete validation, we have included real-time
computational performance metrics measured on the Arduino
Mega 2560. Specifically, we report a control cycle time of
15 ms, a processing latency of 5 ms, and a CPU utilization
of 35% during execution. The PWM update frequency has
now been explicitly documented at 1 kHz, illustrating how
the controller maintains real-time responsiveness. This ensured
that motor control remained stable and precise under varying
load conditions. Our experiments showcased an execution
time of 8 ms per cycle, ensuring efficient performance. Addi-
tionally, preliminary results from ROS-based implementations
indicated a latency of 12 ms, demonstrating the feasibility of
real-time deployment.

The configuration of the experimental setup, which encom-
passes all relevant interfaces, is illustrated in the accompanying
Fig. 20. Initially, the wrist motions without carrying hand
were recorded in the ulnar, radial, flexion, and extension
directions. The experimental setup revealed that the RMSE
for the bending angles, settling time, and steady-state error
were obtained as 0.057 Rad, 3.5 s, and 0.013 Rad respectively.
The variations in the adaptive gains and the errors associated
with the hand’s motion are displayed in Figs. 21 - 23, where
the convergences of the gains are clearly visible. K; and K,
gains converged around 5 s, whereas K, converged around 3
s. The time taken for converging was higher as compared to
simulation study results, since real time experimentations were
carried out on the wrist carrying a prosthetic hand. The weight
of the prosthetic hand was acting as an unknown gravitational
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disturbance throughout the experimentation process. Addition-
ally, the wrist stiffness K and damping D were uncertain, as
continuous use led to wrist degradation, causing deviations
of these parameters from their nominal values. However, the
convergence of the gains showcased the effectiveness of the
controller to adapt to unknown external disturbances and
parametric uncertainties. Comparing the values of settling
time and steady state error from the experimental phase with
the simulation study, it was observed that the values were
notably higher in the experimental trials. This discrepancy was

primarily attributed to the reduced stiffness of the springs in
the wrist segment, as well as the increased and unmodeled
mass of the upper hand structure. Despite this, the wrist was
able to successfully support the payload, maintaining stability
throughout the motions.

After evaluating the motions of wrist section, we inte-
grated the prosthetic hand to the wrist section to analyse
the performance of the proposed controller in presence of
prosthetic hand load. The motions of the wrist section along
with prosthetic hand implemented using two methods in ulnar,
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Fig. 19: Simulation results considering 50% more load (a)K; (b)K2 (c)K, (d)Error

radial, flexion, and extension directions are shown in Figs. 24
and 25. K1, K», K, gains and errors during experimentations
are given in Figs. 26 - 29 respectively. Gains and errors
converged around 2.7 s showcased the effectiveness of the
controller in maintaining the motions along with the load of
prosthetic hand. RMSE, settling time and steady state errors
obtained during I°! method were determined as 0.052 Rad,
4.01 s, and 0.021 Rad respectively . However, RMSE, settling
time and steady state errors obtained during 77™¢ method were

showcasing higher values and determined as 0.060 Rad, 4.68
s, and 0.032 Rad respectively.

To validate the adaptiveness of the controller under external
unknown forces, an external disturbance was manually applied
using a human hand while the wrist without carrying hand was
performing motions, as shown in Figs. 30- 33. Variations in
K1, Ko, and K, are shown in Figs. 34 - 36 respectively. Al-
though there are some initial fluctuations due to the application
of force at the 0.5 -1. second mark, the gains are shown to
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Fig. 20: Experimentation setup with all components
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Fig. 22: Evolution of gain Ks.

be converging before 3 s. The resulting motion errors during
the disturbance are presented in Fig. 37. An average RMSE
values of 0.047 Rad and 0.061 Rad were recorded for I°* and
II™® methods respectively during this period. These results
demonstrate the controller’s capability to adapt effectively,
as evidenced by the significantly reduced RMSE. Although
fluctuations are observed during the application of external
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006l /
005/ |
004

0.03 1

State errors

0.02

y/d
pi

0.01 ¢

Time(s)

Fig. 23: Steady state error during experimentation.

force around the 2-second mark, the gains show a clear trend
of convergence. Additionally, the error values gradually reduce
and stabilize, with convergence observed around 3 s. Settling
time for methods I and II were obtained around 3s. Similiarly,
steady state errors were obtained as 0.049 rad and 0.0399 Rad
for methods I and II respectively.

C. Comparative Study With Other Controllers

The performance of the MRAC was compared with other
controllers developed for the wrist section. RMSE, settling
time and steady state error were compared to determine a
better controller for the desired tasks as given in Tab. IIL
Comparison of the proposed MRAC with an L-MRAC [27], a
Geometric Variable Strain based Controller (GVSC) [28], and
a Conventional PID based controller [28] developed for the
wrist to control motion in all directions are given in Tab. III.

The evaluation considers three key performance met-
rics—Root Mean Square Error (RMSE), Settling Time, and
Steady-State Error—across four distinct wrist motions: ulnar,
radial, flexion, and extension.

In terms of RMSE, the MRAC demonstrated consistent
accuracy, with values ranging from 1.28 x 10~3 (radial) to
1.47 x 1072 (flexion). L-MRAC yielded slightly lower errors
across all motions, for example 5.78 x 10~* in flexion and
6.14 x 10~* in ulnar motion. This precision indicated L-
MRAC’s strength in nominal, well-modeled environments.
However, MRAC achieved a comparable level of performance
while offering improved adaptability to uncertainty and ex-
ternal disturbances. GVSC and PID controllers recorded sig-
nificantly higher RMSEs in every motion, with PID showing
peak errors up to 0.0055. The settling time analysis revealed
that MRAC is responsive and stable across all axes, stabilizing
between 2.70 s (ulnar) and 3.20 s (radial). These values were
generally better than PID, which exhibits sluggish behavior
with settling times as high as 5.74 s. Although L-MRAC
showed competitive timings—for instance, 2.95 s in extension,
its performance varies more widely. GVSC showed moderate
settling performance but lacks the adaptiveness necessary for
uncertain environments.

Steady-state error performance again underscores the ro-
bustness of MRAC, which maintained values below 2 x 103
for all motions. L-MRAC delivered comparably low final
errors, such as 10.12 x 10~% in flexion and 13.12 x 10~ % in
ulnar movement. In contrast, GVSC showed higher residual
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Fig. 24: Motions of wrists section carrying hand(a)-(c)Ulnar; (d)-(f)Ulnar;; (g)-(i)Radial; (j)-(k)Radial;;

Fig. 25: Motions of wrists section carrying hand(a)-(c)Flexion; (d)-(f)Flexion;; (g)-(i)Extension; (j)-(k)Extension;

drift, reaching 0.019 in extension, while PID suffers the most,
with steady-state errors exceeding 1.2 in all cases. In summary,
while L-MRAC achieved slightly lower RMSE and steady-
state errors in ideal conditions, MRAC provided a more bal-
anced and resilient performance across all metrics, especially
in the face of dynamic disturbances and uncertain parameters.
This made MRAC a highly promising approach for real-

time prosthetic control, where adaptability and precision are
paramount. The RMSE, settling time and steady state error
obtained using MRAC are found to be less as evident from
Table. III. Hence, the proposed MRAC scheme was found to
be more efficient in controlling the given task with fewer errors
using lower computational efforts.

Similarly, when experimental results were compared, the
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TABLE III: Comparison study of simulation results

Parameters MRAC L-MRAC [27] GVSC [28] PID [28]
RMSE:
Ulnar 1.35 x 1073 | 6.14 x 10~% | 4.20 x10~3 | 5.20 x10~3
Radial 1.28 x 1073 | 5.99 x 10=% | 5.20 x10~3 | 550 x10~3
Flexion 1.47 x 1073 | 5.78 x 10=% | 2.70 x10~3 | 3.30 x10~3
Extension 1.29 x 1073 | 6.30 x 104 | 420 x10=3 | 4.60 x10~3
Settling time:
Ulnar 2.70 3.05 3.18 5.74
Radial 3.20 3.24 341 5.33
Flexion 3.07 3.40 2.81 4.24
Extension 3.18 3.27 2.46 491
Steady state error:
Ulnar 1.05 x 1073 | 1.31 x 10=3 | 1.40 x10~2 | 2.11 x10~2
Radial 1.01 x 1073 | 1.61 x 1073 | 1.50 x10~2 | 2.26 x10—2
Flexion 1.75 x 1073 | 1.01 x 1073 | 1.10 x10~2 | 2.07 x10—2
Extension 1.95x 1073 | 1.71 x 1073 | 1.90 x10~2 | 2.04 x10—2
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proposed MRAC showcased better performance compared to
GVSC and PID in terms of RMSE, settling time, and steady-
state error. L-MRAC exhibited lower RMSE and steady-state
error values; however, its settling time was comparatively
higher. This enhanced precision in L-MRAC can be attributed
to the fact that it was developed using the MRAC control
framework as a baseline, with its parameters optimally tuned
based on extensive simulation and system characterization. As
a result, L-MRAC inherently benefited from the foundational
strengths of MRAC, which contributes to its favorable out-
comes in both simulation and experimental trials.

Flexion, e UlaT

= Flexion |

Ulnar,

Error(Rad)

0 0.5 1 1.‘5 2 25 3
Time [s]
Fig. 29: Error obtained during experimentation including pros-
thetic hand

The performance of the proposed MRAC has been evaluated
and compared with various controllers designed for soft robots,
based on error obtained from both simulations and experimen-
tal studies, as presented in IV. The errors exhibited by MRAC
implemented on various systems are in the range of 10™* to
10'. The average value of errors exhibited by the proposed
MRAC were in the range of 1073 and in the tolerance
range. Additionally, the errors obtained across various soft
robotic control using PCC modelling studies highlight the
differences between simulation-based assessments and experi-
mental validations. In the study on dynamic task space control
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Fig. 30: Motions of wrists section carrying hand (a) -(b)Motions in ulnar direction-I (c)Application of external force-I
(d)Recovery from force-I (e)-(f)Motions in ulnar direction-II (g)Application of external force-II (h)Recovery from force-II

Fig. 31: Motions of wrists section carrying hand (a) -(b)Motions in radial direction-I (c)Application of external force-I
(d)Recovery from force-I (e)-(f)Motions in radial direction-II (g)Application of external force-II (h)Recovery from force-1I

Fig. 32: Motions of wrists section carrying hand (a) -(b)Motions in flexion direction-I (c)Application of external force-I
(d)Recovery from force-I (e)-(f)Motions in flexion direction-II (g)Application of external force-II (h)Recovery from force-II

Fig. 33: Motions of wrists section carrying hand (a) -(b)Motions in extension direction-I (c)Application of external force-I
(d)Recovery from force-I (e)-(f)Motions in extension direction-II (g)Application of external force-II (h)Recovery from force-1I
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of external disturbances
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Fig. 35: K, gains obtained during experimentation in presence
of external disturbances
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TABLE IV: Comparison study

Controllers Error
Taret al. [19] +0.1 Rad
Hyatt et al. [20] —-0.0009 Rad
Skorina et al. [13] > 0.1 Rad
Azizkhani et al. [16] 0.0721 Rad
Ossaba et al. [21] > 0.1 Nm
MacDonald & Dubay [22] 1.004 N
Proposed controller- method I 0.052 Rad
Proposed controller - method II 0.060 Rad

031

025 ﬂ

02

Extension,

Flexion,
Radial,
= Ulnar,

Extension,

Flexion,
Radial |

Ulnar,

Error(Rad)

0 0.5 1 15 2 25 3
Time [s]
Fig. 37: Errors obtained during experimentation in presence
of external disturbances

[35] of a redundant pneumatically actuated soft robot, the
trajectory tracking error increased from 2.5 mm in simulation
to 4.1 mm in experiments due to actuator delays and external
disturbances. Similarly, the tendon-driven extensible soft robot
[36] exhibited a simulation error of 3.0 % of its total length,
rising to 5.2 % in experiments as a result of tendon slack and
stiffness variations. The underwater continuum manipulator
demonstrated [37] a 4.8 % spatial deviation in simulation,
which increased to 5.0 % when subjected to water currents in
real-world testing. The force control error in the environmental
contact study [38] grew from 0.35 N in simulation to 0.52 N
in experiments, influenced by material compliance and envi-
ronmental interactions. Lastly, the tendon-driven continuum
robot with a non-linear model predictive task-space controller
[39] recorded a simulation error of 1.8 mm, increasing to 3.2
mm in experimental trials due to tendon elasticity and external
forces. These results consistently show that simulation errors
are lower than experimental errors, primarily because real-
world uncertainties such as environmental interactions and
actuator limitations introduce additional variability in robotic
performance.

The errors observed across these studies indicated that
simulation results generally exhibit lower deviations compared
to experimental trials. This discrepancy is largely due to real-
world factors such as actuator delays, environmental distur-
bances, and material compliance. The underwater manipulator
study showed the highest experimental error due to fluid
dynamics, while the tendon-driven continuum robot exhibited
the lowest simulation error, benefiting from predictive control
strategies.

VII. CONCLUSION AND FUTURE WORKS

The development of an advanced control framework is
essential for improving the operational efficiency of soft
continuum robots. This study presented an MRAC designed to
provide dynamic control over a soft continuum wrist integrated
into a prosthetic hand. By leveraging the MRAC methodol-
ogy and a 4-element parametrized PCC model, the system
effectively maintained the desired motion trajectories despite
changes in the robot’s physical characteristics and external
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conditions. The New Theorem of Stability was demonstrated
to be a powerful tool for assessing the asymptotic stability of
both tracking errors and adaptive parameters, eliminating the
need for the uniformly continuous signal condition typically
required by Barbalat’s lemma. Simulation results showed that
the MRAC outperformed both the GVSC and PID controllers
in terms of RMSE, settling time, and steady-state errors. The
MRAC consistently exhibited lower RMSE, faster settling
times, and smaller steady-state errors compared to the other
control strategies. However, in experimental trials, the RMSE
values were higher than those observed in simulations, primar-
ily due to variations in spring stiffness. Future work will focus
on redesigning the wrist structure to improve its robustness and
refining the control strategies by integrating real-time sensor
feedback to further enhance motion accuracy.
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