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Hidden Markov Model-Based Shared Autonomy for
Grip Strength Regulation in sSEMG Driven Robot
Hand Control
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Abstract—The integration of robots into human environments is
advancing rapidly, driven by the demand for systems that combine
robot accuracy and repeatability with human flexibility and adapt-
ability. In this context, human-centered manipulation applications
must address uncertainties arising from human, robotic, and en-
vironmental factors. As a result, effective robotic manipulation re-
quires both accurate pregrasping motions and precise grip strength
control, especially in tasks where robotic devices are remotely
controlled to grip objects with fine, desired, and adjustable grip
force. The present work tackles the challenges posed by uncertain-
ties and nonideal conditions in surface electromyography-driven
human-in-the-loop (HITL) robot hand control applications. In this
regard, a novel probabilistic shared autonomy framework for fine
grip strength regulation is introduced, leveraging hidden Markov
models applied to tactile data to encode the HITL grasping action
into proper, probabilistically consistent phases. These phases are
then exploited to modulate the level of shared autonomy between
the human operator and the robot hand, enabling precise control
over grip strength. The presented shared autonomy framework
was evaluated under multiple experimental conditions, testing grip
force regulation performance with a group of 10+10 intact-limb
participants and a participant with amputation in both static
(fixed hand-object configuration) and dynamic (pick-and-place
and recipe preparation) grasping tasks, with differentiated goals
inspired by real-world requirements. Moreover, to explore gener-
alizability, experiments were conducted with both anthropomor-
phic and industrial robotic hands, properly equipped with tactile
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sensors. Experimental outcomes are supported by statistical anal-
ysis and show, for the considered sample, the effectiveness of the
proposed shared autonomy control architecture in achieving fine,
smooth, and controllable grip strength regulation with respect to
the baseline case in absence of our approach.

Index Terms—Human-centered automation, human detection
and tracking, human factors and human-in-the-loop (HITL),
surface electromyographic (SEMG).

1. INTRODUCTION

RASPING everyday objects—such as picking up a fruit

from a grocery shelf—requires accurate grip strength
regulation. Exerting too high force may damage the fruit, making
it unsuitable for consumption, whereas insufficient force may
cause the fruit to slip, resulting in grasp failure. This need for
accurate grip strength regulation extends beyond food industry
applications. For example, as the world’s population is slowly
aging, elderly care has become a paramount topic in research,
driving the development of service robots that can safely interact
with their care recipients. In this scenario, robots may need to
assist humans during motions, help them in feeding operations,
or even in grasping personal items. While humans can perform
these grasping tasks effortlessly and precisely, robot hands have
limited capabilities compared to the human toolbox, and there-
fore, it is essential to implement a control framework capable of
real-time force modulation. To achieve this, many works adopted
analytical solutions that take advantage of precomputed contact
models to determine the optimal grip strength [1]. However,
difficulties arise in case of partial knowledge of the object model,
or variability in its properties, such as size, shape, and weight, as
well as in case of uncertainties related to robots and humans. In
such circumstances, extensive use of sensor data is a promising
way to deal with real-life human, robot, and world uncertainties.
Indeed, as demonstrated in [2] and [3], feedback integration is
essential for appropriate grip force regulation, thereby ensuring
precise and adaptive control of the robotic device.

Several haptic solutions have been developed over the years
to address grasping tasks [4], [5], although they limit their as-
sistance to the reaching-to-grasp phase. Alternative approaches
aiding the operator during the interaction with the environ-
ments typically provide passive assistance for grasp stabi-
lization [6], or derive grip-strength information from surface
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electromyographic (SEMG) signals [7]. Nevertheless, these
supervised learning methods struggle to provide robust and
widely applicable solutions to the problem of grip strength
regulation, limited by infrastructure long preparation procedures
or little generalization capabilities. In addition, feedforward
force control is implemented in these approaches, which lacks
adaptability to real-world variability.

To overcome these problems, we address grip strength regu-
lation for human-in-the-loop (HITL) robot hand control appli-
cations in an unsupervised and nondeterministic way, relying
on feedback data to obtain information about grip strength and
using SEMG signals to control the robotic device, in order to
build a general and effective control technique that can handle
human, robot, and world uncertainties. To achieve this goal,
we apply hidden Markov models (HMMs) to tactile data to
decompose the grasping process into proper, probabilistically
consistent, phases. The probabilities of being in each phase are
then used to modulate how the user input is mapped to finger joint
velocity variations, to enable precise and continuous control
of grip strength. In particular, the task we aim to accomplish
involves using a robotic hand to grasp an object and tighten
the grip until we reach the desired strength level. This task is
common in everyday operations, and requires the user to perform
a precision grasp, wherein the fingertips, rather than the palm,
are in contact with the object’s surface.

Therefore, the novel contributions of this article can be sum-
marized as follows.

1) The use of HMMs to probabilistically model HITL grasp-

ing actions as stochastic process encoding of tactile data.

2) The development of a shared autonomy framework ex-

ploiting HMM-based probabilistic information related to
the different phases of the grasping process to modulate the
level of shared autonomy for fine, smooth, and controllable
grip strength regulation.

Two controlled experiments involving ten intact-limb partic-
ipants were initially conducted to systematically analyze the
proposed control strategy. Moreover, hardware generalizability
was experimentally investigated using both an anthropomorphic
hand and an industrial gripper, performing precise grip strength
regulation tasks with tripodal and parallel grasps, respectively.
Subsequently, a more realistic experiment was conducted with
an additional group of ten intact-limb participants and one
participant with upper limb amputation, to validate the strategy
in a task representative of real-life activities. Statistical analysis
of the experimental results revealed a significant and consis-
tent improvement in grip strength regulation within the tested
sample, compared to a control framework not employing the
presented shared autonomy solution. This is important in light
of the interesting possibilities that the suggested approach may
offer, both in terms of practical applications and possible future
research directions. In particular, the ability to modulate grip
strength via feedback-driven control could potentially enhance
the usability of robotic hands in everyday prosthetic appli-
cations, where careful interaction with objects is paramount,
as well as in assistive robotics applications, where feeding
assistance or dressing operations require phase-specific force
modulation. Furthermore, the unsupervised nature of the pre-
sented solution reduces training and calibration times, enabling
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rapid deployment in different and/or data-limited environments.
From a research perspective, we introduced a formal method
for the probabilistic, sensor-based description of the grasping
process, which could represent a basis for future investigations
in adaptive or shared robot control. In addition, other chal-
lenging tasks can be explored, including complex manipulation
operations, bimanual coordination, and sequential human—robot
interactions.

II. RELATED WORK

The mechanical complexity of modern robot hands, as well
as the presence of real-world uncertainties during robot—object
interaction, make human-centered manipulation operations par-
ticularly challenging. As a consequence, researchers have inves-
tigated a variety of strategies to assist humans during these tasks.
Such methods usually involve shared autonomy solutions that
blend human commands with robot autonomy to enhance the
effectiveness of the whole system. For example, in [4], the need
for a reliable control system capable of reducing mechanical
complexity at the operator side was addressed in robot-assisted
surgical applications via the development of a kinematic map-
ping between the human hand and the end-effector, alongside a
theoretical grasp force evaluation. However, kinematic consider-
ations alone are insufficient to guarantee effective control of the
robotic device. On the contrary, dynamic considerations, such
as grip strength regulation or grasp stability, are crucial when
interacting with the environment, for example, with fragile or
deformable objects.

In this regard, model-based solutions typically rely on pre-
computed contact or object models to calculate the required grip
strength for manipulation tasks [1]. Although effective, these so-
lutions often fail outside rigorous and well-known experimental
settings, due to factors, such as variable object characteristics,
dynamic environment conditions, and unpredictable events.

The use of sensor data to convey grasping information can par-
tially alleviate these problems, enabling an efficient interaction
with the environment. In such situations, providing the operator
with reliable and accurate information is a fundamental step to
achieve an effective control solution.

Research has already demonstrated the benefits of haptic feed-
back for myoelectric hand control [3], [8]. Motamedi et al. [9]
showed the promising role of haptic feedback with respect to
visual feedback during three common manipulation tasks: slip
detection, contact detection, and grasp control. Moreover, haptic
guidance was used in many shared control frameworks to assist
the operator during telemanipulation tasks [5], [10], [11]. In [5],
impedance control was adopted to guide the operator toward
the optimal grasp in order to reduce the frequency of needle
regrasping during suturing tasks. Analogously, haptic-assisted
telemanipulation strategies were developed in [10] and [11] to
aid humans in grasping objects within cluttered environments.
However, the shared control solutions presented in these works
primarily focused on assisting the operator during the reaching-
to-grasp phase, whereas the problem of modeling the interaction
between the robot and the environment during grasp was not
directly addressed. In this direction, an attempt to assist the
operator during interaction with the environment—not to adjust
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Proposed shared autonomy framework for grip strength regulation in HITL robot hand control applications. The user velocity intent ogp (), extracted from

physiological measurements (the sSEMG signals E(t)), is scaled, for each finger, through phase-dependent gains (A; (pi;(t), j=1,2,...np) fori =1,2,..., N).
These gain terms are a function of the finger grasping process phase probabilities p;;(t), j—1,2,...,Np. Which are computed from finger tactile measurements

(F5(¢t) fori=1,2,..

., IN) via an HMM-based grasping description phase [according to (2) and (3)]. The resulting scaled intents are mapped to joint velocity

commands Q(t) to operate the robotic hand. Finally, finger tactile measurements are also used to estimate grip strength fex;(¢), which is then encoded and conveyed

back to the user via a vibrotactile motor.

grip strength—was presented in [6]. This approach enhanced
grasp robustness by enabling the robot to automatically maxi-
mize the contact area between the hand and the object during
grasping. Nonetheless, real-time control of grip strength remains
essential in case of uncertainties in object characteristics or
environmental conditions, to enhance adaptability and ensure
efficient manipulation [12].

To effectively achieve force modulation, the choice of feed-
back modality is critical. Among the different options, vibro-
tactile stimulation has emerged as one of the most commonly
adopted approaches, thanks to its nonintrusiveness, ease of
integration, and resulting control effectiveness [3]. For example,
previous works demonstrated that vibrotactile feedback can
improve object stiffness discrimination [13], reduce the time
required to complete manipulation tasks [14], and even enable
an appropriate tuning of grip force [3].

Drawing inspiration from human motor control physiology,
other research groups predicted the intended grip force from
SEMG signals. In such applications, either the steady state, the
transient phase [15], [16], or the whole [ 7] SEMG signal envelope
was fed into machine learning algorithms (e.g., regression or
classification) to estimate the desired force output of the user.
For example, a neural network based-regression approach was
adopted in [7] to predict the intended grip strength from sSEMG
signals, which was then used within an admittance control ar-
chitecture to perform grasping tasks. Specifically, force sensors
were used in this approach for label construction, and a long
supervised training procedure was conducted to build the pre-
diction model. Similarly, a prosthetic hand control system using
a convolutional neural network for simultaneous recognition of
hand gestures and force levels was presented in [17]. While this
integrated approach may enhance the acceptance of prosthetic
devices—for which grip strength control is fundamental to in-
teract with daily-life objects—it limits users to execute only
discrete and prelabeled force levels.

In this work, we deal with the problem of grip strength regula-
tion in variable and uncertain environments, presenting a novel
shared autonomy framework that leverages HMMs, which have
been proven to be effective in dealing with uncertainties of ob-
servation [18]. HMMs have already been adopted in the context
of robot hand control. In [19], they were used to recognize grasp
sequences from a combination of glove data and tactile sensors.
Furthermore, the problem of correctly defying successful grasps
in cluttered environments was formulated as an HMM in [20],
and a particle filter was used to infer the optimal grasping motion
from video data. However, none of these solutions addressed
grip strength control, which is a fundamental requirement when
dealing with daily-life objects. Here, we use HMMs to model the
probabilistic distribution of tactile data to vary the level of shared
autonomy between the human and the robot during grasping
tasks, to obtain seamless and fine strength regulation.

III. METHODS

This section describes the HMM-based shared autonomy
architecture depicted in Fig. 1. In our framework, shared au-
tonomy refers to a control paradigm in which the robotic device
assists the human operator throughout task execution [21]. In the
specific application presented here, this assistance is achieved
through a variable mapping of control commands: the high-
level user velocity input is adaptively and continuously mapped
onto robotic finger joint velocity variations, enabling a more
efficient and seamless completion of HITL grasping tasks. In
this view, the suggested approach aligns more closely with the
policy blending formalism illustrated in [21], rather than with
autonomy scheduling. Indeed, human and robot control policies
are continuously blended, rather than allocated either to the
human operator or to the robotic system. To achieve this, the
HMM-based grasping description block uses tactile feedback
measurements to build a model of the grasping process (one



2252

Grasping
Process

Tactile-based
HMM

Finger States
Tactile Dat
i <
Xz

k; i k; ] k; ‘
573 g =
28 ki ky k1 k, k1 Ky
FEE \ » Ny Ny
EEE
=S8< High Low High Low High ./Low
Gain Gain Gain Gain Gain Gain

Fig.2.  Shared autonomy design intuition: The grasping process can be decom-
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phases, in turn, are associated with different finger control actions through the
associated gain terms k1,...,kj, ..., kNp , which vary the user’s contribution
to finger joint velocity variations.

for each finger). This model is then used in the high-level robot
hand control block to scale user inputs, extracted via an intent
estimation phase, to regulate robot finger motion. Finally, a
sensory feedback encoding stage conveys grip strength feedback
information to the operator.

Before describing each block separately, let us suppose the
control input of our architecture is represented by physiological
measurements gathered from a human operator, denoted as
E(t) € RIc (I, is the number of input channels), which are used
to regulate the opening/closing grasp velocity of a robot hand.
Indeed, the goal of our scheme is to control the grasp velocity of
arobot hand (intended here as any grasping device) with N fin-
gers, each described by a vector of joint velocities ¢; (t) € RMoims
withi € {1,2,..., N}, where Njoins is the number of joints of
each finger. Without loss of generality, we describe the behavior
of the shared autonomy framework for a single finger, eventually
extending the results to the whole robot hand. Accordingly,
we define as Fj(t) € R with i € {1,2,..., N}, the tactile
feedback measurements acquired by sensors placed on finger
1, where F is the number of feedback channels. For simplicity,
we assume that each finger has the same number of feedback
channels.

A. HMM-Based Grasping Process Description

Fig. 2 presents the design intuition behind the proposed shared
autonomy architecture. The grasping process—defined as the
process of reaching-to-grasp and grasping an object—can be
decomposed, for each finger, into distinct grasping process
phases, which can be identified by training an HMM on the
finger’s tactile data. Each phase is then associated with a specific
control action through corresponding gain terms. In detail, the
shared autonomy framework developed in this work modulates
the user’s contribution to finger joint velocity variations using a
variable gain that depends on the grasp phase probabilities and
their associated gain terms.

Note that the distinct behavior of each finger is captured
directly by its corresponding HMM. Indeed, we train a separate
HMM for each finger using the tactile data collected from that
finger during hand grasping operations, which are the same
movements then controlled by the proposed shared autonomy
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architecture. In this way, all fingers are treated equally from a
methodological point of view, while leaving functional differ-
ences to emerge from tactile data.

For clarity, we omit the subscript ¢ to indicate the ith finger
here, as the entire discussion will be done for a single finger
of the robot hand. Hence, let us suppose that each finger can
be in one of N, possible grasping process phases at each
instant of time, i.e., S = {s1,52,...,5n,} represents the set
of possible states of the finger model. Let us also suppose that
the tactile feedback measurements F(t) € R¥< represent the
continuous multidimensional observation signal generated by
the finger system. We assume that the observations generated
by each state s;, j € {1,2,...,N,}, are Gaussian distributed,
with probability density function b;(F'(t)) given by

F

(o) = (52) "l

1

X exp < — (F(t)

5 (F(®) = 1) TS (F(1)

- Hj)) (D
where 11; and X specify the mean vector and covariance matrix
of the multivariate normal observation distribution for state s;,
respectively.

While richer emission models (e.g., mixture of Gaussians)
might better capture the complex probabilistic distribution of
tactile data during real-world tasks, our goal is not to model the
full complexity of tactile interaction. Instead, taking inspiration
from the works of the authors in [22] and [23], we use HMMs
with multivariate Gaussian emission to identify general grasping
process phases, which can be leveraged to properly share the
control between human and robot.

Therefore, the time evolution of the grasping process for the
finger system can be described by an HMM, denoted by © =
(A, B,1I), with the following parameters [24].

1) The transition matrix A = {a;;} € RV»*Ne, with aj,

being the probability of moving from state s; to sy.

2) The observation parameters B = {15, %;}=1,2,...N,-

3) The initial probability distribution IT = {7'('] }i=1.2,....N,»

with 7; being the probability of starting in state s;.

Here, we train the HMM to learn the parameters of the
finger model, which best describes the time evolution of tac-
tile measurements. Specifically, the expectation—maximization
algorithm [25] is applied on a properly constructed training
dataset (see Section IV-B-1) to find the maximum likelihood
estimate of model parameters © = (A, B, TI). To this aim, the
transition probability matrix A and the observation parameters
B are randomly initialized, with the only requirement for the
grasping process to be described by sequential states (i.e., only
states close to each other have nonzero transition probabilities),
reflecting the inherent sequential nature of the grasping task.
Similarly, the initial state distribution 11 is defined in such a way
that the grasping process always starts in the first hidden state
of the sequence, a condition that can be easily met with a proper
design of the HMM training phase (e.g., starting the training
dataset recording with the open robot hand). Once trained, the
model can be used online to infer hidden state probabilities based
on new observations. Specifically, given the estimated parameter
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set © = (/1, B, f[) and a new window of tactile measurements
Fontine € R¥exTonine  we are interested in performing posterior
decoding for each state in the model at each time instant

A P(z(t :S‘aFonineé)
P<Z(t) = 3j|Fon1ine7@) - ( (])D(F J |él) ‘ )
online

2

where z(t) € S indicates the state of the system at time ¢. Within
this framework, we can define the probability of being in state
sjattimetas pj(t) = P(z(t) = s;), with j € {1,2,..., Np}.

State probabilities provide a compact representation of the
ongoing grasping process phase and are directly exploited for
control modulation. In detail, the contact interactions between
the robot fingertip and everyday objects are typically viscoelas-
tic and can be modeled as spring—damper systems in which
grip strength increases proportionally to the deformation of
the fingertip-object system. Consequently, given the same user
input, reducing its effect on the robot hand motion enables finer
regulation of grip strength. Our framework achieves this by using
state probabilities to adjust the mapping between user input and
finger joint velocity variations through a shared autonomy gain
A(t), given by

)»(t) = Zp k’jpj(t). (3)

Notably, we chose a linear combination of state probabilities
to guarantee smooth and continuous modulation of user input
throughout the grasping process, thus ensuring predictable be-
havior of the robotic hand. Indeed, as the state probabilities sum
to 1, the gain function turns out to be a convex combination of
the parameters k1, ks,..., k N, - Consequently, the resulting shared
autonomy gain is always between the minimum and maximum
gain values, and transitions between them occur smoothly. Fur-
thermore, the parameters are assigned to shape the behavior of
the robot hand while preserving fine manipulation capabilities.
In particular, our design approach is based on the definition of
the maximum &™#* and minimum £™" gains, regardless of the
number of hidden states, whereas the intermediate gains are
evenly spaced between the two extreme values. These two gains
are designed to meet two important requirements of modern
telemanipulation applications: reactivity and touch sensitivity,
which have been proven to be paramount for seamless and
accurate robot hand control [26], [27].

As highlighted in the literature, temporal coherence between
user input and robot movements is essential for intuitive inter-
action [28]. To maximize temporal coherence between the two
hands, we computed the maximum gain as

k™™ = arg min [T, — T, (k)] 4

where T}, and T, are the human and robotic hand closure time,
respectively, defined as the time required to go from the fully
open to the fully closed configuration (similar to the grasp cycle
time defined in [29]). In this specific application, given a ramp
velocity input profile (the operator control command is a ramp
that goes from O to a maximum value ¢™?* in a certain time
interval, which corresponds to the human hand moving from the
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open configuration to the closed configuration), the maximum
gain was computed as

max _ 2Aq
- SGo-maxTh

where Ag is the space covered by the robotic fingers during the
closing movement, and S is the grasp synergy matrix (which
we will explain in the next section).

On the other hand, the minimum gain is designed to ensure
delicate grasping when contact occurs between the hand and the
object. Therefore, we computed the minimum gain to maximize
touch sensitivity (defined in [29] as the smallest contact force
exerted by a robotic finger on an object). To this aim, follow-
ing this work, we commanded the robot hand to close on an
object at different joint velocities ¢ = kSgo™**, and measured
the corresponding peak force fP°* at the time of first contact
with the object. Finally, we computed k™" as the maximum
gain value that keeps the peak force below a certain sensor-
specific threshold fy,, which we chose according to sensor
resolution

(&)

EO = max{k | [P < f ). (6)

Note that this design is based on the satisfaction of two com-
plementary requirements, which are fundamental for human-
driven manipulation tasks. If the low gain (i.e., the one obtained
by satisfying the touch sensitivity requirement) is used in all the
states, then we would obtain a degradation of the performance
in terms of closure time. Vice versa, if we use the high gain in
all the phases, then we would obtain a degradation of the touch
sensitivity requirement. This last case is used as a baseline in all
the experiments described in the following.

These considerations are further supported by the gain analy-
sis presented in Section V-D. In particular, we analyze the effect
of different values of k™% and k™" on system performance,
qualitatively confirming the importance of having a tradeoff
between reactivity and touch sensitivity.

A key aspect of the HMM-based framework presented in
this section is its sensor-type independence, which is essential
for portability and generalizability. In fact, HMMs do not re-
quire specific feature extraction procedures or preprocessing to
model the temporal evolution of the grasping process. Therefore,
universality across different sensors is guaranteed by applying
HMMs directly to the raw sensor data. This allows us to cap-
ture grasping dynamics regardless of the sensing technology,
transmission frequency, or sensing area.

B. High-Level Robot Hand Control

In this block, the gain terms computed for each finger are used
to vary the level of shared autonomy between the operator and the
robotic device. Specifically, a synergy-based control technique
has been adopted to regulate joint velocities simultaneously with
a single control input, as illustrated by the following:

Q(t) = A(t)Scou(t) ™

where Q(t) = [¢7(t) GT(t) ... dG(8)T € RN Vo<1 i the
hand joint velocity command, og(t) € R is the deadband user
velocity intent derived from human physiological measurements
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(see Section II-D-1), while Sg = [S&, S&y ... SENIT €
RN-Nioimsx1 jg the hand grasp synergy matrix used to re-
duce the dimensionality of the control space, which contains
the synergy matrices of each finger Sg; € RNems*! with 4 €
{1,2,...,N}. These matrices are computed by taking the
difference between the two finger end-poses under consid-
eration, namely, the extended and closed configurations. Fi-
nally, A(t) = diag(A1(t),...,21(t),...,An(t),...,An(t)) €

Nioints times
is adiagonal matrix containing, for each finger,
the shared autonomy gain term computed as in (3).

Although (7) adopts fixed synergy matrices—which could, in
principle, limit the adaptability of the robotic hand—our control
framework, being independent for each finger, effectively adapts
the shape of the hand to the grasped object. Indeed, the finger-
specific shared autonomy gains dynamically modulate each
synergistic contribution, enabling real-time grasp adaptation.
This behavior parallels the soft-synergy model of [30], although
in our case, adaptation occurs at the control level, rather than via
mechanical compliance.

Nioings times
RN']Vjoims X N']Vjcinls

C. System Stability

In principle, abrupt variations of tactile sensor readings could
cause sudden changes in grasp phase probabilities. To prevent
this, we introduced an additional first-order exponential filter on
the grasp phase probabilities p;(t), ensuring that very fast vari-
ations or even discontinuities due to noise/interference cannot
generate a discontinuous probability profile. This filter does not
affect the frequency content of HMM probability signals, as it
is defined as

Py, ai(n) = ap;j(n) + (1 — a)pj, a(n — 1) (8)

where p;(n) and p; i (n) are the input and filtered grasp phase
probability signals at sampling time n, respectively, and the
coefficient o is selected to attenuate only high-frequency compo-
nents far behind the working bandwidth of the HMM probability
dynamics.

Eventually, note that this argument relies on a set of standard
and physically grounded assumptions, which we state explicitly
here for clarity. First, tactile sensor noise and disturbances are
assumed to be bounded. Second, computational and/or commu-
nication delays in the control loop are assumed to be limited and
sufficiently small with respect to the mechanical time constants.
Third, the exponential filter coefficient « is selected such that
no effective switching can occur at frequencies higher than the
filter bandwidth, thereby preventing arbitrarily fast variations
of the shared autonomy gain A(¢) and enforcing smooth phase
transitions even in the presence of noise or sensor disturbances.
Finally, we assume negligible gravity effects due to high joint
friction and limited backdrivability, as well as passive interaction
with the grasped object. Under these assumptions, therefore,
the proposed architecture guarantees practical stability under
typical operating conditions, in the sense that all relevant signals
remain bounded and no unstable switching behavior is induced
by the probabilistic modulation.
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D. Feedforward and Feedback Interfaces

This section presents the feedforward and feedback inter-
faces between the shared autonomy architecture and the human
operator. Specifically, we describe the intent estimation and
sensory feedback encoding blocks of Fig. 1. These blocks do
not represent the main core of our proposed approach but rather
they are the result of our implementation choices.

1) Intent Estimation: The opening and closing motion of the
robot hand is regulated using a velocity control input extracted
from human physiological measurements. We assume that these
measurements are the SEMG signals acquired from the user’s
forearm muscles. Hence, we denote as E(t) € R® the root mean
square (rms) value of the eight-channel forearm sEMG signal.
According to the generative model presented in [31], synergistic
muscles share the same activation signals, known as neural
drives. As a result, the rms value of the SEMG signals can be
approximated as a linear combination of the neural drives, which
can be interpreted as activation commands of the degrees of free-
dom (DoFs) involved in the motion. Although the assumption
of linear muscle synergies may oversimplify the complexity of
neuromuscular control, it aligns with prior works effectively
adopting linear regression approaches [e.g., ridge regression or
nonnegative matrix factorization (NMF)] for simultaneous and
proportional myoelectric control [32], [33]. Indeed, our main
goal is not multigrasp control—which would require a more
complex modeling of muscular organization—but rather the
development of an effortless and robust grip-strength control
strategy. In this context, linear control schemes represent a well-
established solution, thanks to their inherent predictability [32].

Furthermore, following the antagonistic actuation model, we
can express the opening/closing motion of the hand, as a single
controlled DoF, which is the result of the concurrent action of two
antagonistic muscle groups [33], namely, a group of extensors
and a group of flexors. Thus, E(¢) can be expressed as

ue(t)]
ug(t)

where syre, Spy € R8 are the extensors and flexors com-
ponents of the muscular synergy matrix Sy; € R®*2 and
ue(t), us(t) € R are the corresponding activation signals.

An estimation of the matrix S); is needed to extract neural
commands from SEMG to control the robot hand. This can be
achieved through a short calibration phase, after which the NMF
algorithm is applied to the recorded SEMG signals following
the semiunsupervised approach outlined in [33]. To be precise,
let us denote as Fiin, € R®*7T the rms value of the sSEMG
signal recorded during a training phase in which the user has
to perform two open/close motion of his hand for two times (7'
is the recording length). This signal matrix is factorized into the
product of two nonnegative matrices Fi,in = SpsUyain Via the
NMF algorithm. After that, the pseudoinverse of matrix Sy,
denoted as SX}, is used to online extract neural commands from
sEMG signals, as U(t) = Sy, E(t). To address the problem of
nonunique solutions given by the NMF algorithm, a check on the
sign of the output is performed, as it is the only indeterminacy
in the solution [33]. A further step is performed to get a single

E(t) = SyU(t) = |:5Me SMf] l )
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velocity closure command o(t) € R from the two antagonist
signals

o(t) = a(ue(t) —up(t) +b) (10)

where a and b are the multiplicative and additive factors used to
remap the signal into the interval [-0.5, +0.5] (to normalize the
overall signal excursion).

This pre-experiment calibration procedure is essential to
address intersubject variability. Indeed, due to physiological
differences, SEMG signals vary significantly from one sub-
ject to another. Therefore, as in common myoelectric control
practice (see, e.g., [31] and [34]), our framework extracts a
subject-specific muscular synergy matrix S, which captures
individual muscle activation patterns. The neural commands
derived from Sj; are then normalized into a single velocity
input signal, effectively mapping SEMG signals into a single
open/close command for the robotic hand. This procedure guar-
antees a similar device behavior across users, thereby obtaining
comparable performance.

Lastly, the input o(t) is further manipulated to allow the
user smoothly maintain the desired pose while muscles are not
contracted, via the introduction of a “deadband.” Thus, we can
define the deadband user velocity intent oy (t) as

O'(t) - 0_'inf O'(t) S 5'inf
Odb(t) = 0 Oinf < J(t) < C_Tsup (11)
o(t) —asp 0(t) > Tap

where i, and G are two thresholds used to shape the dead-
band region according to user preferences. Hence, whenever the
closure signal falls between these two values (i.e., when muscles
are at rest), the robot hand keeps its position since the deadband
user velocity intent is zero.

2) Sensory Feedback Encoding: Driven by the positive re-
sults on the effectiveness of vibrotactile feedback for grip
strength control, this framework adopts vibrotactile stimulation
applied to the skin of the upper arm to convey sensory feedback
of grip strength to the user. Importantly, we chose to provide the
user with vibrotactile feedback rather than directly modulating
grasp stiffness based on slip detection and object stiffness esti-
mation. This choice was motivated by the objective of ensuring
generality and hardware independence, without relying on pre-
computed models that can easily fail in case of uncertainty and
variability.

To this aim, we defined the grip strength as an estimate of the
internal forces on the grasped object (i.e., those forces applied
at the contact points with zero net force on the system). While
the exact estimate of these internal forces depends on the me-
chanical structure of each robotic hand, it can be easily obtained
from simple geometric considerations on finger positions (see
Section IV-A-4 for details on the specific hardware adopted in
our experiments).

However, relying on raw sensor data would compromise
universality, as sensing technologies differ significantly across
robotic hands in terms of operating principle, sensing range,
and sampling frequency. To address this issue, sensor indepen-
dence is achieved by representing grip strength as the norm of
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tactile measurements F'(t), and subsequently mapping it to a
normalized feedback signal y(¢) € [0, 1], which modulates the
“ON” phase of the vibration motors via a pulsewidth modulation
(PWM) strategy. This approach yields a single scalar quantity
that combines information from all sensor readings, thus miti-
gating differences across sensing technologies. As long as each
sensor produces a signal that increases monotonically with the
applied force, the norm of sensor readings offers a reasonable,
albeit approximate, estimate of grip strength.

IV. EXPERIMENTS

The goal of our experiments was to validate the proposed
shared autonomy framework and assess users’ ability to finely
regulate grip strength in HITL robot hand control applications.
Research has already extensively investigated the effectiveness
and benefits of haptic feedback for myoelectric control, and
in particular, the importance of vibrotactile stimulation for
appropriate grip strength regulation. Accordingly, vibrotactile
feedback is treated here as an established component of the
control loop, and it is consistently used across all experimental
conditions. Therefore, the evaluation focuses on the benefits in-
troduced by the variable-gain shared autonomy approach rather
than on the benefits of vibrotactile feedback itself.

A. Experimental Setup

The framework outlined in this study was implemented in
Python, using the hmmlearn library for HMMs learning and
using Robot Operating System to handle the communication
between blocks.

1) Subjects: Ten intact-limb participants (aged 30 £ 4.0
years, seven males, and three females) took part in the first
two experiments. A second group of ten intact-limb participants
(aged 28.2 =+ five years, seven males, and three females) and a
participant with upper limb amputation participated in the third
experiment (experiments were performed at an Italian prosthetic
center, approval ID 84-2025-SPER-AUSLBO). Informed con-
sent was taken before starting the experiment, in accordance
with the Declaration of Helsinki, together with a description of
the tasks to be done.

2) Robot Hands and Sensor Equipment: To showcase the
generalization capabilities of our approach, which is hardware-
independent, an anthropomorphic robot hand and an industrial
gripper were used to conduct experiments.

2) a) Anthropomorphic Hand: The AR10 robot hand by
Active8 Robots is a commercial anthropomorphic hand with
five fingers and 10 DoFs (two for each finger). The hand was
configured to execute a tripodal grasp of various objects through-
out our tests. Hence, three force sensors (OMD-20-SE-40N by
Optoforce) were placed on the thumb, index, and middle finger-
tips, to estimate contact forces along the z, y, and z directions for
each finger. During dataset generation and the first experiment,
the AR10 hand was secured to a fixed setup [see Fig. 3(a)]. This
setup consisted of a set of firmly grounded metal profiles, which
allowed us to generate repeatable experiment conditions. The
object to grasp was placed on a constant location using a fishing
line fixed above the setup.
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Fig. 3.
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()

Setup for the experiment with fixed hand—object configuration for (a) the AR10 robotic hand and (b) the industrial gripper. In both configurations, the

user wears a myoelectric armband to control the robotic device with the presented shared autonomy strategy and receives vibrotactile feedback on the upper part
of the same arm. Finger tactile sensors provide real-time measurements used for grip strength estimation and phase prediction. To complete the task, the user is
instructed to myocontrol the robot hand to grasp an object (a plastic ball of diameter 6 cm for the AR10 and a plastic cylinder of diameter 3 cm for the industrial

gripper) and reach a desired strength.

Fig. 4.

(b)

Setup for the pick-and-place experiment for (a) the AR10 robotic hand and (b) the industrial gripper. In both configurations, the user wears a myoelectric

armband to control the robotic device with the presented shared autonomy strategy and receives vibrotactile feedback on the same arm. Finger tactile sensors
provide real-time measurements used for grip strength estimation and phase prediction. To complete the task, the user is instructed to perform pick-and-place of
nine objects of varying sizes and weights (three cubes, three cylinders, and three spheres, each in three different dimensions) without exceeding a desired strength

value.

2) b) Industrial Gripper: The 2F-85 adaptive gripper from
Robotiq was used in the experiments. Each finger was equipped
with a tactile sensor consisting of a 5 x 5 grid of taxels relying
on optoelectronic technology [35]. During all experiments, the
industrial gripper was fastened as end-effector of the collabora-
tive 7 DoFs Panda Robot [see Figs. 3(b) and 4(b)].

3) Myoelectric Signals Acquisition and Processing: In our
study, both the anthropomorphic robot hand and the industrial
gripper are controlled using forearm sEMG signals. To this
aim, raw myoelectric signals were acquired at 1 kHz using the
OYMotion GForce-Pro wearable armband, a bracelet equipped
with eight differential dry electrodes, which streams the signals
to anearby computer using a low-power Bluetooth interface. The
bracelet was placed at approximately 5 cm from the elbow, in
correspondence with the main muscles involved in the opening
and closing of the hand (i.e., the Flexor Digitorum Superficialis

and Extensor Digitorum Communis). A sequence of filtering and
processing steps was adopted to use SEMG signals for control
purposes. Specifically, a 50-Hz notch filter was applied to re-
move power-line noise, while baseline noise was attenuated via a
20-Hz high-pass filter. Finally, the rms value on a 200-ms sliding
window was computed and used as input for the intent estimation
block (see Section III-D-1). Recall that a pre-experiment calibra-
tion phase is performed in this block, during which the subject is
requested to execute two opening/closing motions of the hand.
The acquired dataset is then used to extract a subject-specific
synergy matrix and, consequently, a single normalized input
signal, thereby standardizing control across participants.

4) Wearable Vibrotactile Motor: A two-piece armband con-
sisting of two vibration coin motors (Grove Vibration Motor
Module, Seed Technology Co., Ltd.; coin-type ERM DC motor,
rated at 3 V and operating up to 5 V, providing a nominal
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Fig. 5. Schematic diagram of tactile dataset generation and HMMs training.
Hand motion inputs were obtained by combining ten closure levels (from
0% to 100% with 10% increments) with four joint velocities, resulting in 40
grasp executions per robotic hand. Each trial generated a continuous temporal
sequence of tactile measurements, later used to train and evaluate the HMMs
through a fourfold nCV.
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vibration frequency of about 150 Hz at full drive, with integrated
driver for PWM control) was developed to convey feedback
information to the user [see Fig. 6(b)]. Vibration motors were
controlled at a frequency of 20 Hz via an Arduino platform using
a PWM strategy with a period of 0.5 s (which is a standard value
used in vibrotactile stimulation studies, such as [36]). The duty
cycle of the PWM was modulated by a normalized feedback
signal (t) € [0, 1], obtained as a function of the estimated grip
strength fex((2).

As outlined in Section III, the estimated grip strength was
defined as a measure of the internal forces on the grasped object.
For the AR10 hand, following the virtual finger model in [36],
we can approximate the action of the index and middle fingers
during tripodal grasp as the action of a single finger located
at an intermediate position between the two and opposing the
thumb. In this scenario, the force exerted by the thumb can be
approximated as equal and opposite to the force of the virtual
finger. On the other hand, a two-finger grasp is performed with
the industrial gripper. Therefore, the actions of the two fingers
can be approximated as equal and opposite.

We recognize that this assumption results from the specific
hands used and their configuration. To obtain a more general
solution, grip strength could be estimated from measurements
of all fingers, as proposed in [37]. However, the main objective of
this work is to demonstrate that the proposed shared autonomy
architecture can improve HITL robot hand control applications.
In this context, the choice of the thumb and the gripper finger as
references for grip strength represents a practical simplification,
functional to the experimental validation of the framework. For
this reason, tactile feedback measurements from the thumb and
the gripper finger were used to estimate grip strength.

Finally, to obtain a device-independent scalar value suitable
for vibrotactile feedback encoding, we represented grip strength
as the norm of the measured signals. Given the force feedback
measurements of the thumb, F(t) = [f,(t) f,(t) f-(t)]" €
R3 (F. =3 for each finger), the ARIO grip strength was
estimated as

foult) = B2 + £, (02 + L()2 € R (12)
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Similarly, given the tension feedback measurements F({) =
[f1(t) fa(t) ... fas(t)]T € R? (F. = 25 foreach finger), the
grip strength of the gripper was calculated as

el =/ 502 <R

It is important to note that gripper feedback values are ex-
pressed in Volts, whereas AR10 feedback values are expressed
in Newtons. While this mismatch may generate ambiguity, it
does not affect our approach. Indeed, as explained in [35],
gripper voltage readings are directly related to the force applied
to the pad. This point is crucial for the generalizability of the
proposed framework, which can be applied to different sensing
technologies, as long as they provide information related to the
force exerted on the object.

13)

B. Experimental Protocol

An HMM training phase and three sets of experiments were
carried out to evaluate the proposed architecture. After an
initial hyperparameter optimization, a first experiment with a
fixed hand—object configuration was conducted to systemati-
cally compare our shared autonomy architecture with different
numbers of hidden states (namely, 2—4) against a constant-gain
architecture (i.e., a control scheme with constant gain in the
high-level robot hand control block). Second, a pick-and-place
experiment was conducted to investigate generalization capabil-
ities. Finally, a third experiment validated participants’ ability
to modulate grip strength during a more realistic recipe prepa-
ration task, involving deformable and slippery object grasping,
robot—human handover, and grip strength adjustment.

1) HMMs Training: A preliminary step was conducted to
build the HMMs training dataset. The goal was to collect a
representative set of measurements capturing the evolution of
tactile data during grasping operations. To this aim, ten different
robot hand closure levels and four different joint velocities
were properly selected based on the joint motion and velocity
ranges, and the hands were programmed to execute a grasp
with each possible combination of these parameters. All training
sequences were collected during a single acquisition session,
in which the robotic hands were maintained in a fixed pose
while repeatedly grasping a single object [see Fig. 3(a) and (b)],
s0 as to minimize external sources of variability while focus-
ing on capturing the intrinsic temporal structure of the grasp
execution. Moreover, grasp executions were completely robot-
driven, with preprogrammed closure levels and joint velocities,
and no human control during data collection, ensuring high
repeatability.

Notably, the ten closure levels were chosen to span the full
motion range of the robot hands, from the fully open configu-
ration (0%) to the fully closed (100%), with 10% increments.
This resulted in grasps with progressively increasing strength,
which is essential to ensure that the HMMs can generalize
across different grasp executions. In absolute terms, these values
corresponded to a movement between 7900 (0% closure) and
2500 (100% closure) (servo position units) for the AR10 hand,
and between 0 (0% closure) and 255 (100% closure) (gripper
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Fig. 6.
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Wearable AR10

(b)

Recipe preparation experiment with the AR10 robotic hand. (a) To complete the task, the user is instructed to sequentially grasp a series of objects with

different strength levels—denoted as LOW, MEDIUM, and HIGH—to perform a recipe preparation task. To accomplish this, (b) the user wears a myoelectric
armband to control the robotic device with the presented shared autonomy strategy and receives vibrotactile feedback on the same arm. Finger tactile sensors
provide real-time measurements used for grip strength estimation and phase prediction.

command units) for the parallel gripper. Similarly, the four joint
velocities were chosen to cover the relevant operating range
of the actuators, corresponding to 500, 1200, 1900, and 3600
(servo position units/s) for the AR10 hand, and 50, 100, 150, and
200 (gripper commands units/s) for the parallel gripper, thereby
capturing the variability of grasp execution.

The resulting tactile dataset included 40 grasping motions,
each representing a specific working operation. Although rel-
atively compact, the dataset design is consistent with previ-
ous works that successfully adopted HMMs with small-sized
temporal sequences, such as [38]. In our application, ten clo-
sure levels and four joint velocities were selected to cover
the desired modeling space without introducing redundancy.
Moreover, the relatively low model complexity (with a max-
imum of four hidden states) limits the number of parameters
to be estimated and, therefore, the need for large training
datasets.

Thereafter, we tested our shared autonomy architecture with
three possible numbers of hidden states (i.e., 2-4). To select
the best set of parameters ©* = (A*, B*, II*) for each model,
an ad hoc nested cross-validation (nCV) was carried out. Im-
portantly, to better organize the nCV, the tactile dataset was
organized into four distinct sets, each consisting of ten grasps
(with ten different closure levels) performed at the same speed,
asillustrated in Fig. 5. Therefore, the nCV consisted of four outer
loops, each considering a different velocity level as the outer test
set.

For each iteration, the outer training set was further split into
three folds, and a threefold CV was performed to select model
hyperparameters (each time one of the three remaining velocity
level sets was considered as the validation set). Finally, for each
outer partition, the corresponding test set was used to evaluate
the model selected in the inner CV, resulting in four model
evaluations for each nCV (see Section V-B for the results of
the HMM training).

2) Experiment With Fixed Hand—Object Configuration: The
goal of the first experiment was to systematically evaluate
the performance of the proposed architecture in terms of grip
strength regulation. In particular, four models were compared:
the shared autonomy architecture with 2—4 hidden states, and
the constant-gain architecture, in order to determine the best-
performing model.

In daily-life grasping activities, the ability to precisely
modulate grip strength is fundamental not to exceed the critical
strength value for which the objectis crushed. Therefore, to com-
plete the task, the participant was instructed to myocontrol the
robot hand to grasp an object (a plastic ball of diameter 6 cm for
the AR10 and a plastic cylinder of diameter 3 cm for the indus-
trial gripper) and reach a desired strength. Specifically, three tar-
getstrength levels were selected ( fox; equalto 1.0, 1.5, and 2.0
N for the AR10 hand and f.,, equal to 1.0, 1.5, and 2.0 V
for the industrial gripper), to ideally represent threshold values
above which the object is ruined. To define these values, we
equally divided the range of force variation (that we empirically
proved to be consistent with the capabilities of the robotic hand),
so as to perform appreciable force modulations. To account for
sensor noise, a tolerance zone was defined within a region of
fext £ 0.1, and the two vibrotactile motors were used to encode
the distance from this zone. One motor encoded distance from
above and one motor from below. For both, a higher distance
led to an increased duty cycle of the motor. Finally, to overcome
variability among users, participants were explicitly instructed
to execute a smooth grasping motion and gradually increase
grasp closure throughout the experiments. When instructed,
the participant had to close the robot hand to reach the desired
strength level. Task success was confirmed if the user remained
within the error-bound region for 5 s, moving to the next
level afterward. We refer to Section V-C for the results of this
experiment.

3) Pick-and-Place Experiment: In the previous experiment,
we systematically compared all models in a controlled envi-
ronment, in which our evaluation metrics, which we present in
Section V-A, are not affected by contingent factors (e.g., the
relative position between the hand and the object, undesired
object/hand movements during grasping, etc.). Therefore, in this
experiment, the variable-gain model showing the best perfor-
mance in the experiment with fixed hand—object configuration
was compared with the constant-gain architecture in a more
realistic scenario, to validate our grip strength regulation strat-
egy and to provide evidence of its generalization capabilities.
Specifically, we asked participants to perform pick-and-place
of nine objects of varying sizes and weights (three cubes, three
cylinders, and three spheres, each in three different dimensions)
without exceeding a desired strength value. Ideally, we aimed
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at mimicking the common situation in which the user has to
grasp and move a fragile object without crushing it. In this
scenario, the control side of the architecture plays an essential
role, as it is almost impossible to avoid force overshoot (i.e.,
object damage) without a proper control action (it will be evident
from the comparison with the constant-gain architecture, which
has the same feedback modality). To perform pick-and-place,
the AR10 was mounted on a wearable structure, allowing the
participant to move the hand while grasping [see Fig. 4(a)].
Therefore, we asked participants to perform the following se-
quence of motions, from the starting position: 1) move the
hand to reach the desired object; 2) grasp the object using a
tripodal grasp; 3) lift and move it above a 10-cm high cartoon
wall; 4) place it carefully on the other side of the wall; and
5) return their hand back to the starting position. Differently,
the Robotiq gripper was secured as end-effector of the Panda
Robot, and the participant was instructed to myocontrol the
gripper to grasp and hold the item while the robot relocated
it [see Fig. 4(b)].

To enforce robustness, three different strength levels ( ﬂx;
equal to 1.0, 1.5, and 2.0 N) were selected for each object,
ideally representing the values above which the object would be
crushed. Unlike the previous experiment, we marked as failed
any repetition in which the user exceeded the target value. The
same feedback modality used in the previous experiment was
provided to the participant, using a single vibration motor, as
forces greater than the threshold were not considered in this
experiment.

Although we recognize that prior knowledge of grip strength
is not present in a realistic scenario, we believe that the consis-
tency established by asking participants to perform a predefined
strength level ensures that differences in results are due to
the system itself rather than to participants’ behavior. In real
situations, regardless of whether the exact force level is known
or not, the ability to finely regulate grip strength can help users
avoid crushing objects more easily. We refer to Section V-F for
the results of this experiment.

4) Recipe Preparation Experiment: As real-world applica-
tions are definitely more complex and rich in dynamic effects,
the last experiment drew inspiration from everyday activities,
such as preparing a recipe, to further validate our approach
in a more realistic scenario. In this context, participants were
instructed to sequentially grasp a series of objects with different
strength levels, denoted as LOW, MEDIUM, and HIGH, to
ideally represent the broad spectrum of possible forces a user
may want to exert on objects during everyday tasks. Using the
wearable AR10 equipped with Optoforce sensors, participants
performed the following sequence of operations [as illustrated
in Fig. 6(a)].

1) Grasp the slippery lid of a jar with HIGH strength, then

unscrew it and open the container.

2) Gently (LOW strength) grasp a small, lightweight ball and

place it inside the jar.

3) Grasp a deformable bottle with MEDIUM strength to

unscrew the cap.

4) Increase the strength applied to the bottle to the HIGH

level and pour its contents into the jar.
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Fig. 7. Setup for the recipe preparation experiment performed by the partic-
ipant with upper limb amputation, using the Hannes CE-marked commercial
prosthetic hand. The user wears a myoelectric armband to control the robotic
device with the presented shared autonomy strategy and receives vibrotactile
feedback on the same arm.

5) Grasp a plastic glass with LOW strength and pour the

contents of the jar into it.

6) Increase the strength applied to the plastic glass to

MEDIUM and deliver the glass to an external user.

No explicit value was assigned to each strength value. Instead,
we left the interpretation of these values to the participant, who
modulated the applied strength based on vibrotactile feedback,
in which the motor duty cycle was proportional to the estimated
grip strength. To complete the experiment, the participant was
instructed to steadily grasp each object to the value he or she
deemed correct and then continue the task. A repetition was
marked as failed if the object was not grasped firmly enough,
if a regrasp was required, or if an excessive force led to de-
formation of the bottle. As in the pick-and-place experiment,
the three-state shared autonomy architecture (the one with the
best performance in the static experiments) was compared to the
constant-gain baseline. We refer to Section V-G for the results
of this experiment.

5) Extension of the Recipe Preparation Experiment to a
Participant With Amputation: To further assess the framework’s
applicability in a realistic prosthetics scenario, the same exper-
imental protocol was extended to a participant with upper limb
amputation (see Fig. 7). Since the AR10 is not a certified medical
device, the Hannes hand' —an anthropomorphic, CE-marked
medical device with only 1 DoF for opening/closing— was
used and firmly secured on a perch. Importantly, this platform
introduces substantially more restrictive actuation and sensing
constraints, thus providing a rigorous test of the robustness
and generalization capability of the proposed framework. Grip
strength was estimated using a single Optoforce sensor placed
on the thumb, as the resultant grip strength can be reasonably
approximated by the force exerted by the thumb, with the

' [Online]. Available: https://rehab.iit.it/hannes.
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other fingers providing an opposing force consistent with the
virtual fingers model. To complete the task, the objects were
sequentially brought close to the hand, and the participant was
instructed to grasp each object with the required strength, fol-
lowing the same protocol adopted for intact-limb participants. A
total of ten repetitions were performed. We refer to Section V-G
for the results of this experiment.

V. RESULTS AND DISCUSSION
A. Metrics

Completion time, grip strength overshoot, and muscular effort
were adopted as metrics to evaluate the performance of the
shared autonomy architectures and the constant-gain one in the
experiment with fixed hand—object configuration. Specifically,
the aforementioned metrics are defined as follows.

1) Completion time: Time to complete the task

71(: = Tend - Tinit 5

where Tini; € R is the grasp starting time and Typg € R is
the grasp ending time (i.e., the success time).

2) Grip strength overshoot: Maximum amount of overshoot
with respect to the target value

fos = max(fext(t) - fext) 5

where fo(t) and fey are the estimated and target grip
strength values, respectively.

3) Muscular effort: Approximate measure of user’s muscular
activation, defined as

Tcnd
M, = / o ()t
,I‘ini[

where o(t) is the user velocity intent. This metric is
based on the well-established assumption that the inte-
gral EMG provides one of the most reliable estimates
of total muscular effort [39]. In our study, instead of
integrating the average SEMG activation—as in recent
myoelectric control applications [40], [41]—we rely on
the recorded user velocity intent. Indeed, both the average
sEMG and the velocity intent capture the intensity and
duration of muscular activity. In particular, the NMF al-
gorithm provides an instant-by-instant estimate of flexion
and extension muscular activity, which are then subtracted
to compute the user’s velocity input. Therefore, by inte-
grating the absolute value of this term, while excluding
cocontraction events, we obtain a measure comparable
to that obtained by integrating the average SEMG signal.
Note that although SEMG signals are not explicitly nor-
malized with respect to maximum voluntary contraction,
the normalization of the user’s velocity input [as defined
in (10)] ensures reliable and comparable results across
participants.

Differently, the average success is used to analyze the results
of the pick-and-place experiment. In detail, the average success
AS € R is defined as the average number of correctly executed
pick-and-place operations, where a correct pick-and-place is
characterized by the absence of evident object slippage and no
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TABLE I
HMMS GENERALIZATION PERFORMANCES: AVERAGE NUMBER (AND
STANDARD DEVIATION) OF CORRECTLY IDENTIFIED GRASPING ACTIONS

Two states | Three states | Four states
AR10 8.67+1.54 | 9.33+1.02 | 5.50 £+ 1.37
Gripper | 8.75+3.06 | 8.754+2.32 | 9.00 £ 1.12

target overshoot. Incidentally, this definition reflects practical
performance criteria commonly adopted in everyday manipula-
tion tasks.

B. Offline Evaluation of HMMs

The results of the nCV, reflecting the generalization per-
formance of the HMMs for both the AR10 and the gripper
(considering 2—4 hidden states), are summarized in Table I.
As can be seen, the number of correctly predicted grasping
sequences in the test set of the nCV was adopted as evaluation
metric. This is because the primary goal of our architecture is
to modulate the user’s shared autonomy based on the predicted
grasp phase. Therefore, a correct probabilistic description of the
grasp is essential to enable smooth and reliable assistance. In
detail, given the sequential nature of the grasping process—often
evolving through distinct phases—we assumed a correct hidden
state prediction as the one describing the grasping process as
a progression through adjacent states in the HMM, each corre-
sponding to a different phase of the grasp. Therefore, Table I
reports the mean number (and standard deviation) of correctly
identified grasping actions, averaged among the four outer loops
of the nCV (note that each outer test set consists of ten grasps;
hence, 10 is the maximum number of correctly identified grasps
in each set).

A nonparametric Friedman test was conducted on these results
to investigate the effect of the factor Model Type (two states,
three states, and four states) on HMMSs’ performance. For the
ARI10 hand, the test revealed a statistically significant influence
of the factor Model Type on the number of correctly identified
grasps (x2(2) = 11.526 and p = 0.003). Therefore, a post hoc
Wilcoxon signed-rank test with Bonferroni correction (adjusted
significance threshold o = 0.05/3 = 0.0017) was performed
for pairwise comparison, revealing that the two-state and three-
state models significantly outperform the four-state model. This
suggests that an increase in model complexity is not beneficial
in terms of grasp sequence identification, introducing overfit-
ting rather than capturing the essence of the data. In contrast,
the Friedman test conducted on gripper results did not show
a statistically significant difference among the three models.
A possible explanation for this mismatching behavior can be
attributed to the structural and implementation simplicity of the
industrial gripper, whose repeatable behavior limits the variabil-
ity of grasp sequences. Consequently, even a simple model, such
as the two-state model, can capture the simple dynamics of the
gripper.

To better understand these results, a qualitative visualization
of the optimal HMM parameters obtained through the nCV
procedure, 6r = (121*, B*, fI*), is illustrated in Fig. 8(a) for the
AR10 and in Fig. 8(b) for the parallel gripper. Both figures show
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Fig. 8. Qualitative visualization of the optimal HMM parameters obtained
through fourfold nCV for (a) the AR10 hand and (b) the parallel gripper. For
each model configuration (2—4 states), the transition probabilities of the best
performing model over the four outer loops are aggregated for the different
fingers and represented as boxplots. The Gaussian emissions parameters are
visualized in terms of estimated mean p* and covariance 3*, separately for
each finger. Note that gripper features are reported in Volts, which is used as a
proxy for contact forces.

the learned transition matrices A* and Gaussian observation
parameters B* = {y*, £*}, providing an overview of how mod-
els encode the temporal evolution of tactile data. In detail, for
each model configuration, the transition matrices of the best per-
forming model over the four outer loops are aggregated across
the different fingers and represented as boxplots. Similarly, the
Gaussian emissions parameters are visualized for each state in
terms of estimated mean p* and covariance ¥*, separately for
each finger (for visualization purposes, only the features I, and
F, are shown for the AR10 hand).

C. Experiment With Fixed Hand—Object Configuration

Statistical analysis was conducted to investigate the results of
the experiment with fixed hand—object configuration in terms of
grip strength overshoot, completion time, and muscular effort.
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Fig. 9. Boxplots of aggregated results for the experiment with fixed hand—

object configuration, for the (a), (c), and (e) AR10 hand and (b), (d), and (f) the
industrial gripper. First row: strength overshoot f,s. Second row: Completion
time 7¢. Third row: Muscular effort M. Colors correspond to different control
architectures: Constant-gain (violet), two-state shared autonomy (blue), three-
state shared autonomy (red), and four-state shared autonomy (green). Symbol
“xx” indicates a statistically significant difference.

The outcomes are shown in the boxplots in Fig. 9. For each of the
presented metrics, a nonparametric Friedman test was conducted
for the factor Model Type (constant-gain, two states, three states,
and four states), since the Shapiro—Wilk test reported that the
considered data groups violated the normality assumption. The
test conducted on the overshoot measures revealed a statistically
significant influence of the factor Model Type for both the AR10
(x?(3) = 41.280 and p < .001) [see Fig. 9(a)] and the indus-
trial gripper (x?(3) = 34.920 and p < .001) [see Fig. 9(b)].
Therefore, a Wilcoxon signed rank test with Bonferroni correc-
tion (adjusted significance threshold « = 0.05/6 = 0.0083) was
performed for pairwise comparison, revealing that the three-state
shared autonomy architecture performed significantly better in
terms of overshoot avoidance than the constant-gain baseline
and the shared autonomy architectures with two and four states
(which are, in turn, significantly better than the constant-gain
one). This improvement in overshoot avoidance can be attributed
to the particular structure of the three-state architecture, which
can optimally handle the extent of user contribution to joint
velocity variations, enabling a smooth transition between states
and avoiding excessive reactivity.
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Fig. 10.  Experiment with fixed hand—object configuration for the AR10 hand.
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gain architectures with two (blue), three (red), and four (green) hidden states.
Bottom: Hidden state evolution diagram for the three variable gain architectures.
Success is marked with a star.

The same test conducted on completion time results indicated
that the adopted model did not have a significant impact on the
time required to succeed in the experiment, for both robotic
devices [see Fig. 9(c) and (d)]. This suggests that although a
reduction in gain may decrease hand responsiveness, such a
decrease does not affect completion time.

Finally, statistical analysis of muscular effort outcomes re-
vealed different trends for the AR10 and the industrial gripper.
While no significant effect of the factor Model Type was found
on gripper results [see Fig. 9(f)], the test conducted on AR10 re-
sults revealed statistically significant differences in effort means
(x%(3) = 43.400 and p < .001) [see Fig. 9(e)]. A further post
hoc comparison with Bonferroni correction (adjusted signifi-
cance threshold o = 0.05/6 = 0.0083) showed that both the
constant-gain and the three-state shared autonomy architecture
significantly reduced the muscular effort required to complete
the task with respect to the two-state architecture (with no
statistically significant difference observed between the two).
The constant-gain architecture also outperformed the four-state
architecture, while no statistically significant difference was
observed between the three-state and four-state architectures,
indicating that increasing model complexity beyond three states
offers no additional benefits. These results can be viewed in
light of the mechanical complexity of the two end-effectors.
The mechanical simplicity of the industrial gripper allows users
to maintain similar effort levels regardless of the control frame-
work, whereas the higher complexity of the AR10 causes differ-
ent control models to have different impacts on muscular effort.
In particular, both the constant-gain and the three-state shared
autonomy architecture reduce the physical effort required to
control the ARI10.

To further understand these results, Fig. 10 reports the time
evolution of the estimated grip strength during the experiment
conducted by Participant 10 with the AR10 hand. For each
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sequence of three levels (i.e., for each model tested), the time
axes are stretched to superimpose the starting and ending times
of each level (denoted as Start; and End; with ¢ =1,2,3).
This normalization provides an intuitive visualization of state
evolution during the grasping process, enabling direct visual
comparison across different models. It can be noted that the
overshooting behavior that characterizes the constant-gain base-
line [see Fig. 10(a)], with abrupt fluctuations of the estimated
grip strength, is highly attenuated with the shared autonomy
architectures—either with 2—4 states—[see Fig. 10(b)]. In ad-
dition, the bottom part of Fig. 10(b) presents the hidden state
evolution diagram for the three shared autonomy architectures.
The behaviors illustrated in the figure provide relevant insights
to understand boxplot results. For instance, the delayed iden-
tification of state two in the two-state model, the less smooth
state transitions in the four-state model, along with the fact that
the last state (labeled as s4 in the figure) is identified in two out
of three target strength levels, can cause abrupt changes in the
estimated grip strength, resulting in a significant overshoot.

D. Gain Effect Analysis

To qualitatively analyze the effect of gain parameters on
system performance, we repeated the static experiment per-
formed with the AR10 hand while systematically varying the
gain values. In detail, we investigated two different scenarios:
the effect of varying the maximum gain £™** while keeping
the minimum gain E™in constant, and, vice versa, the effect of
varying the minimum gain k™" while keeping the maximum
gain k™ constant. Therefore, in the first scenario, we kept
E™in fixed at 0.1 (the value used in previous experiments) and
varied £™?* between 1 and 3. In the second case, we kept £™?*
fixed at 2 (again, the value used in previous experiments) and
varied k™™ (0.001, 0.01, 0.1, 1, 2).

As in the original Experiment with fixed hand—object config-
uration, we programmed the robotic hand to reach the three
target force levels (fuy equal to 1.0, 1.5, and 2.0 N) and
remain within the tolerance zone for 5 s. In addition, to ensure
repeatability, we replaced human control with a constant-speed
reference (o = 0.1), in order to make the experiment reliable
and not affected by human errors or variability.

Results are reported in Fig. 11. Fig. 11(a) and (b) illus-
trates the effect of varying k™% in terms of completion time
and strength overshoot, respectively, while Fig. 11(c) and (d)
illustrates the corresponding effect of k™", As can be seen,
increasing k£™®* causes a sensible reduction of completion time
[see Fig. 11(a)]. However, this improvement comes at the cost
of a higher strength overshoot [see Fig. 11(b)]. On the other
hand, reducing £™?* decreases strength overshoot, albeit it may
slow down the system. Differently, reducing k™" is beneficial
in terms of strength overshoot reduction [see Fig. 11(d)], but it
may increase completion time [see Fig. 11(c)], as the system
moves more slowly once contact is reached.

Note that we did not perform statistical analyses on these
results, as their primary goal is to provide a qualitative view
of how k™® and k™" influence system behavior. From a
qualitative point of view, the median values and spread of the
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Fig. 11.  Gain effect analysis: Impact of varying k™% (first row) and k™
(second row) on the performance of the three-state shared autonomy architecture,
expressed in terms of (a) and (c) completion time and (b) and (d) strength
overshoot. The red boxes represent the gains used in our architecture.

boxplots confirm these trends, with higher gains affecting re-
sponsiveness and lower gains affecting contact sensitivity. In this
regard, our shared autonomy architecture effectively captures
this dual behavior, ensuring responsive yet precise performance.

E. Grasp Quality

To assess the effectiveness of the proposed strategy in terms
of grasp quality, we denoted as risk of instability index R;(t) =
|fr(t)|/|fn(t)] € R the ratio between the norm of tangential
|fr(t)] € R and normal forces |fn(t)] € R measured by the
Optoforce sensors. This ratio has previously been used in [42]
to detect slippage of the grasped object, thereby identifying the
need for grasp adjustment. Following this work, we use it here as
a quantitative measure of grasp quality, as it provides an estimate
of how close the resultant force of each finger involved in the
grasp is to the limit of the friction cone. In particular, the lower
this value, the farther the resultant force is from the limit of the
friction cone, and therefore the more stable the grasp.

We subsequently analyzed the results of the experiment with
fixed hand—object configuration using the newly defined metric.
To provide an initial qualitative understanding, we computed
the risk of instability index along the whole three-level grasp
sequence for a representative subject participating in the exper-
iment. As can be seen in Fig. 12(a), the risk of instability index
for the three-state shared autonomy architecture (which had the
best performances in the static experiment) starts decreasing as
soon as the hand establishes contact with the object and settles
when the estimated grip strength stabilizes to a constant value.
Furthermore, we can see that the index settles on decreasing
values as the grip strength level increases. This aligns with
expectations and indicates that as grip strength increases, forces
normal to the contact surface increase more than tangential
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Fig. 12.  Grasp quality: Time evolution of the est. grip strength fex;(¢) (blue)
and of the thumb risk of instability index Ry(t) (orange) for a sequence
of three-level grasps for (a) the three-state shared autonomy architecture and
(b) the constant-gain architecture.

forces. Consequently, the resultant force moves away from the
limit of the friction cone, leading to an increase in grasp quality.
Incidentally, note that the initial index value undergoes a vari-
ability with respect to the three repetitions because it is subject
to some nonrepeatability/nonideality (elasticity of the hand,
nonuniformity of the object surface, and exact contact point) and,
during contact establishment, also to measurement/resolution
noises of the tactile sensors, as the index in that phase is given
by the ratio of very small values.

In contrast, the behavior of the risk of instability index during
the three-level grasp sequence for the constant-gain architecture
[see Fig. 12(b)] is characterized by large oscillations, which
may degrade grasp quality. Indeed, a high value of the risk
of instability index translates into a resulting force closer to
the limit of the friction cone. Therefore, it is desirable to keep
these oscillations limited to reduce the risk of moving toward an
unstable grasp.

Statistical analysis supported these results. A nonparametric
test conducted on the aggregated results (we collected the final
value of the risk of instability index for each grip strength level
over the ten participants) showed a statistically significant differ-
ence in the mean values of the risk of instability index depending
on the level considered (y?(2) = 14.600 and p < 0.001 for
the thumb, y?(2) = 18.200 and p < 0.001 for the index, and
x2(2) = 18.200 and p < 0.001 for the middle). A further post
hoc comparison with Bonferroni correction (adjusted signifi-
cance threshold « = 0.05/3 = 0.0017) showed that all levels
(denoted as L1, L2, and L3) were statistically different from
each other (see Fig. 13).

Finally, to quantify the efficiency of our shared autonomy
framework compared to the constant-gain baseline, in terms
of reducing the risk of going toward an unstable grasp, we
computed the maximum value of the risk of instability index
Rpmax € R for each grasp repetition (to be as much conserva-
tive as possible, we started the analysis from the instant the
estimated grip strength first crossed the lower bound of the
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indicates a statistically significant difference.

target reference). Statistical analysis revealed a significantly
lower maximum risk of instability for the three-state architec-
ture (x%(1) = 7.12and p < 0.01), demonstrating its superior
performance in stability preservation (see Fig. 14).

F. Pick-and-Place Experiment

Fig. 15 illustrates the average success AS of the pick-
and-place experiment—defined in Section V-A as the av-
erage number of correctly executed pick-and-place (over
three repetitions)—across the ten participants, comparing the
constant-gain baseline with the three-state shared autonomy
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grip strength values (LOW, MEDIUM, and HIGH) for (a) the constant-gain
and (b) the three-state shared autonomy architecture for the experiments per-
formed by intact-limb participants. Second row: Boxplot of normalized grip
strength values for the experiments performed by the participant with amputation
[(c) Constant-gain architecture, (d) Shared autonomy architecture]. Symbol “xx”
indicates a statistically significant difference.

architecture. On these results, a Wilcoxon signed-rank test was
performed to investigate the effect of the factor Model Type
(constant-gain, three-state) on the success of the task, since
normality of data cannot be assumed. The tests revealed a statis-
tically significantly higher average success for the three-state
shared autonomy architecture compared to the constant-gain
architecture for all objects considered in the experiment. In
contrast, both frameworks demonstrated good generalization
across different objects (no statistically significant difference
was found); hence, the shape/weight of the object did not affect
the success of the task for both the constant-gain and the shared
autonomy architecture.

G. Recipe Preparation Experiment

Since the architecture has already been tested in the previous
experiments in terms of grip strength overshoot, completion
time, muscular effort, and generalizability to different objects,
in the recipe preparation experiment, we focused on the ability
to effectively regulate grip strength in a more complex and
realistic scenario. Therefore, the first row of Fig. 16 reports
the aggregated grip strength values obtained by intact-limb
participants across the three target levels (LOW, MEDIUM,
and HIGH), for both the constant-gain [see Fig. 16(a)] and
three-state shared autonomy architecture [see Fig. 16(b)]. To
enable comparisons, results were normalized with respect to
each participant’s maximum recorded value.

As can be observed, trials performed with the constant-gain
architecture exhibit larger variability (especially at the MEDIUM
level), suggesting less accurate control over grip strength. In
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contrast, the levels obtained with the three-state shared auton-
omy architecture present distinct distributions, indicating more
effective and repeatable control of the robotic device.

Statistical analysis supported these results. In detail, a non-
parametric Friedman test was conducted to investigate whether
the produced grip forces differed significantly across the three
target levels (LOW, MEDIUM, and HIGH), since the Shapiro—
Wilk test reported that the considered data groups violated
the normality assumption. The analysis revealed a statisti-
cally significant difference across strength levels, for both the
constant-gain (y?(2) = 28.778 and p < 0.001) and the three-
state shared autonomy architecture (x?(2) = 38.100 and p <
0.001). However, a further post hoc pairwise comparison with
Bonferroni correction (adjusted significance threshold o =
0.05/2 = 0.025) provided additional insights. Specifically, for
the constant-gain architecture, only the LOW grip strength value
resulted significantly different from the other two, whereas no
significant difference was observed between the MEDIUM and
HIGH levels. This indicates that the constant-gain framework
lacks sufficient sensitivity to allow participants to distinguish
and control medium and high force levels. Differently, all grip
strength levels differed significantly for the three-state shared
autonomy architecture, supporting our claim of improved con-
trol precision.

The experiment performed by the participant with amputation
revealed a more pronounced trend. Results are shown in the
bottom row of Fig. 16, for both the constant-gain [see Fig. 16(c)]
and three-state shared autonomy architecture [see Fig. 16(d)].
For the three-state shared autonomy architecture, the Friedman
test revealed a statistically significant difference across strength
levels (x?(2) = 20.00 and p < .001). A further post hoc least
significant difference comparison with Bonferroni correction
indicated significant differences between all groups, suggesting
effective control over grip strength. In contrast, the Friedman test
conducted on the results of the constant-gain architecture was not
significant (x2(2) = 5.60 and p < .061), indicating that partic-
ipants were unable to consistently modulate their force output.

Results of the failure analysis showed an overall higher num-
ber of failures for the constant-gain architecture, especially when
grasping the slippery jar lid and the deformable plastic bottle. In
detail, for intact-limb participants, finger slippage while grasp-
ing the jar lid occurred three times with the shared autonomy
architecture compared to five times with the constant-gain one;
plastic bottle crumpling or slippage occurred three times with
the shared autonomy architecture versus seven times with the
constant-gain architecture; while glass regrasp due to excessive
force occurred three times for both architectures. In the exper-
iment with the participant with amputation, finger slippage oc-
curred three times for both architectures, whereas plastic bottle
crumpling or slippage occurred six times versus 11 times for the
shared autonomy and constant-gain architectures, respectively.
Finally, no glass failures occurred for either architecture.

Overall, the shared autonomy architecture resulted in a lower
number of failures during the experiment, suggesting that the
modulation obtained with the shared autonomy gain term en-
ables finer regulation of interaction forces, even with deformable
or slippery objects.
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TABLE II
QUALITATIVE EVALUATION OF THE ARCHITECTURE

Average score Average score

Outcome
¢ Statement + Std. Dev. + Std. Dev.
e . .
P Pick-and-Place Recipe task
It was easy to modulate the grip strength
PE with the shared autonomy approach. 6.5+ 0.53 6.1+0.57
1 think the shared autonomy approach
PU allows to regulate the grip strength 6.7 +0.48 6.3 +0.47
to different target levels.
1 liked to modulate the grip strength
E using the shared autonomy approach. 6.340.28 6.0+0.5
It was appropriate to have the vibrotactile
C feedback on the upper arm. 5.8 4 0.42 5.8 +0.63

H. Subjective Evaluation of the Architecture

To qualitatively evaluate the proposed shared autonomy ar-
chitecture, we asked participants to fill out a questionnaire in
which some statements about the tested framework had to be
rated on the basis of a Likert scale from 1 (entirely disagree) to
7 (entirely agree). Specifically, the questionnaire included four
statements related to the perceived ease (PE) of use, perceived
usefulness (PU), emotion (E), and comfort (C) in regulating
the grip strength with the proposed framework. As can be
seen in Table II, all average scores but the one regarding the
vibrotactile feedback are greater than or equal to 6, showing a
qualitative positive evaluation of the proposed shared autonomy
architecture in allowing users to regulate grip strength. On the
contrary, participants do not completely agree on the ease of
vibrotactile feedback interpretation for grip strength regulation.
Indeed, the statement regarding the appropriateness of vibro-
tactile feedback received a relatively low score (5.8 £ 0.42 for
the pick-and-place experiment and 5.8 + 0.63 for the recipe
preparation experiment), indicating less confidence in the in-
terpretation of vibrotactile feedback data. This may be due to
different factors, such as subjective variability in participants’
sensitivity to vibrotactile stimuli, excessive mental workload in
associating vibration with grip strength modulation, or even me-
chanical factors, such as different motor placements or different
motor—arm contact quality.

VI. LIMITATIONS

SEMG-Related Limitations: A well-known limitation of
SEMG-based control solutions is their sensitivity to various
external factors, such as electrode shift, fatigue, and motion
artifacts. These aspects have not been systematically analyzed in
this work, whose primary objective is to validate the feasibility
of the presented shared autonomy control architecture, rather
than its long-term usability.

Experimental Design and Sample Size: Another limitation of
our approach is the relatively limited sample size adopted in our
experiments. To investigate the statistical significance of our re-
sults, we performed a sensitivity analysis on our within-subjects
design using the software GxPower to determine the smallest
effect size our study can detect, given the sample size (N = 10),
alpha (o = 0.05), and power level (1 — 5 = 0.8). The analysis
indicated a minimum detectable effect of f = 0.397 for overall
comparisons and d, = 0.996 for pairwise comparisons, suggest-
ing that our design is sensitive to moderate-to-large effects. On
the other hand, small-to-medium effects would likely remain
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undetected with such a limited sample size. To detect medium
effects (effect size d, = 0.5 based on Cohen’s rule) while main-
taining the same alpha and power level, approximately N = 34
participants would have been required.

Control Gain Dependence: A key limitation of the proposed
solution is its dependence on the selected control gains. Indeed,
the performance of the overall framework is highly sensitive
to the chosen gain values. To address this aspect, we identified
two critical working requirements that are essential for human-
driven manipulation tasks: reactivity during noncontact phases
and sensitivity during in-contact phases. These requirements
were used to develop a systematic and repeatable approach
to gain selection, in order to obtain consistent performances
across tasks. Furthermore, a gain effect analysis was presented
to support the proposed approach.

VII. FUTURE WORKS

Future works will address extended usage scenarios and
associated challenges to evaluate the robustness and stability
of the system over time. Furthermore, since a small popu-
lation of 10+10 intact-limb participants and one participant
with upper limb amputation was considered in this study, fu-
ture studies will involve a larger number of users to create a
broader dataset for analysis. Future works could also address
the control gain dependence by exploring adaptive gain-tuning
strategies or learning-based approaches to dynamically adjust
control parameters in real-time, further enhancing the robustness
and versatility of the system. Another future research direction
involves the integration of user intention and joint velocity
information into the HMM formulation. This enhancement aims
to improve prediction capabilities and make the user an active
part of the control. Other sensing equipment and robot hands will
be explored to test our framework and provide further evidence
of its robustness across different hardware solutions.

VIII. CONCLUSION

This article presented a novel shared autonomy framework for
grip strength regulation in HITL robot hand control applications
to address the limitations of state-of-the-art approaches, which
typically rely on lengthy supervised training procedures and
deterministic solutions for grasping tasks. To address real-world
uncertainties, HMMs were used to model the probabilistic dis-
tribution of tactile data during grasping tasks. The resulting
phase probabilities were used to define the level of shared
autonomy between the human operator and the robot hand.
Three experiments were conducted for validation purposes. The
first experiment systematically compared different shared au-
tonomy architectures (i.e., architectures with a different number
of hidden states) to identify the best performing model. The
second experiment aimed to assess generalization capabilities
with respect to objects of different sizes and shapes. Finally,
the last experiment validated participants’ ability to modulate
grip force during a more realistic recipe preparation task, which
involved deformable and slippery object grasping, robot—human
handover, and grip strength adjustment. Vibrotactile feedback,
whose benefits have been demonstrated in previous works, was
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consistently used across all experimental conditions, allowing
us to specifically evaluate the effects of the variable-gain de-
sign. Overall, results show statistically significant improvements
in our sample, suggesting the potential of our variable-gain
shared autonomy approach to improve HITL robot hands con-
trol. Moreover, the inclusion of a participant with amputation
provides preliminary evidence of the framework’s robustness
and transferability to highly constrained prosthetic platforms,
highlighting its potential for real-world deployment.
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