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Context-Aware Semiautonomous Control for Upper-Limb

Prostheses

Gianmarco Cirelli, Enrica Stefanelli, Roberto Billardello, Christian Tamantini,*
Silvia Leonelli, Loredana Zollo, Luigi Pietro Cordella, and Francesca Cordella

High rejection rates in upper-limb prosthetics stem from limited usability and
excessive cognitive workload (CW), as traditional electromyographic (EMG)
control strategies suffer from signal variability and require continuous user effort.
Vision-based semiautonomous control strategies (SCS) are proposed to combine
user input with contextual information. However, these approaches often provide
limited user involvement in the loop and are not broadly validated in prosthetic
applications. Their performance in usability and subjective perception remains
unexplored. To address these limitations, an innovative SCS is proposed that
integrates EMG signals with visual perception to enhance prosthetic perfor-
mance, usability, and user experience, reducing CW. The proposed SCS allows
users to intentionally select a grasp via EMG signals, while computer vision
refines wrist orientation and adapts the grasp to the detected object, even in
complex scenarios involving multiple objects or conflicting inputs between EMG
and visual context. To assess performance, the proposed SCS is compared with
the traditional EMG-based control strategy. 10 able-bodied subjects participate in

1. Introduction

Upper-limb prosthesis rejection represents
a significant challenge, with reported rates
reaching up to 44%.I"! Despite notable
advancements in prosthetic technology,
many users prioritize cosmetic over pow-
ered prostheses, since they report frustra-
tion resulting from inaccurate control,
which decreases the usability.”*! Most of
the commercial devices use electromyogra-
phy (EMG) to decode motion intention
in prosthesis control. However, EMG
presents inherent drawbacks: its effective-
ness relies on maintaining a balance
between the number of gestures to be
classified and the overall stability of the sys-
tem!* while being hindered by algorithmic

comparative analysis. Results show that SCS achieves a 100% success rate
(97.69% for the EMG-based strategy) while reducing task completion time by up
to 52.66%. Usability increases (15-point improvement in the system usability
scale score), and CW decreases, evidenced by physiological and subjective

measures.
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constraints and the difficulty amputees face
in producing consistent muscle contrac-
tions.”) Over time, factors such as muscle
fatigue, sweating, and electrode shift
within the prosthetic socket positioning
can further compromise control reliability,
highlighting the urgent need for more
robust prosthetic control solutions.'*” To
overcome the limitations of EMG-based
control, in recent years, computer vision has been integrated
to enhance the reliability of prosthetic control and object manip-
ulation. In particular, vision-based control strategies have been
used to empower prostheses in environmental perception by
mimicking human vision. This approach aims at extracting
key features of the object to be grasped and optimizing the pre-
shaping of the prosthetic hand to enhance the robustness of the
systems and reduce the cognitive workload (CW) while maintain-
ing intuitive control.®

Going into details, several approaches in the literature have
proposed a semiautonomous control strategy (SCS) in which
EMG signals mainly function as triggers within the control pipe-
line to increase prosthesis functionalities. For instance, early
methods relied on RGB cameras and depth sensors to estimate
object geometry and autonomously select the hand gestures and
estimate wrist orientation® or on the use of cumbersome RGB-D
cameras.'” However, these approaches were unsuitable for pros-
thetic integration due to their high computational cost, reliance
on controlled experimental conditions, and the lack of sensor
integration into the prosthetic device (i.e., external ultrasonic
depth sensor and cameras). To increase the number of grasp
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classes and improve classification reliability, convolutional neu-
ral networks were employed for RGB image classification while
keeping computational costs low. Convolutional neural networks
were employed for RGB image classification,'""'? but relin-
quishing the estimate of the wrist orientation.

On the other hand, recent studies have explored the combina-
tion of EMG signals and visual sensors, not simply using EMG as
a trigger, but integrating both modalities to enhance prosthetic
control.'**! Despite their effectiveness, these systems have sig-
nificant limitations in real-world scenarios, as they do not
account for factors such as the complexity of the background
or the detection of multiple objects in the frame. Moreover, they
do not adjust wrist orientation based on the position and shape of
the object, and they lack quantitative details on system latency,
which is crucial for real-time prosthetic applications. In addition,
they have not yet been validated on a real prosthetic system and
with subjects, a crucial aspect for evaluating the usability of the
device.

This work addresses a critical gap in the current literature on
semiautonomous prosthetic control. Although numerous stud-
ies propose vision-driven or context-aware strategies and fre-
quently claim a reduction in user cognitive load, such
claims have not been quantitatively validated nor compared
against conventional EMG-based direct control. To tackle this
limitation, the present study introduces and evaluates a multi-
modal, context-aware SCS designed to enhance the reliability
and intuitiveness of prosthetic manipulation by jointly account-
ing for user motor intention and object-related contextual
information. The proposed method integrates the user directly
into the control loop to enable intentional grasp selection,
while the vision module autonomously regulates wrist orienta-
tion and compensates for potential EMG misclassifications,
thereby ensuring consistent and context-appropriate grasp exe-
cution, even in the presence of multiple objects or unstruc-
tured scenes.

A preliminary version of this architecture was previously
assessed in a constrained laboratory evaluation focusing on
the algorithmic design, operational principles, and technical per-
formance of the underlying components."® However, it had
never been implemented in a real prosthetic device nor examined
in comparison with standard EMG-based control. Building on
this methodological foundation, the current study embeds the
full SCS into a commercial hand-wrist prosthesis and performs
the first holistic validation against state-of-the-art EMG-based
strategies.["! Beyond functional and usability metrics, we intro-
duce an objective CW assessment, combining subjective ques-
tionnaires with physiological monitoring, to rigorously
quantify whether the proposed semiautonomous approach effec-
tively reduces user effort and improves interaction, as long
hypothesized but never empirically demonstrated.

In this way, the present contribution goes beyond founda-
tional proof-of-concept work, providing both a validated integra-
tion of multimodal sensing and a comprehensive experimental
framework for assessing its benefits and limitations. This estab-
lishes a concrete platform for subsequent advances in sensing
fusion methodologies and adaptive control strategies, while
already demonstrating measurable improvements in prosthetic
usability.
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2. Experimental Section

An overview of the experimental workflow is presented in
Figure 1, summarizing the four main phases of the process:
development of the control strategy, validation through task exe-
cution, and data processing. Each phase is described in detail in
the following sections.

2.1. Control Strategy

2.1.1. Semiautonomous Control Strategy

The proposed SCS integrates user intention with computer
vision through four key components: EMG gesture classifier,
object detection, grasp selection, and orientation estimation.

EMG Classifier: User motion intent was decoded using a
nonlinear regression (NLR) classifier,’® directly processing
raw EMG signals. The recorded EMG data were segmented into
200 ms time windows with a 50 ms overlap. The classifier output
comprised eight gesture classes (Ggmg), which can be grouped
into three categories: 1) nongrasping motions: rest and open
hand; 2) wrist motion commands: pronation and supination;
and 3) grasping macrocategories: power (medium wrap), pinch
(2-digits), pointing and lateral.

These gesture classes were selected to cover the essential func-
tional movements required for daily prosthetic use. Here, the
term “macrocategory” refers to a coarse functional grouping
of hand-grasping gestures. These categories represent the essen-
tial control primitives for prosthetic use, while finer, object-
specific grasp variations are introduced through the vision-based
module.

Moreover, to enhance prediction robustness, a majority voting
scheme was implemented,!"”) aggregating the 200 classifier out-
puts generated within each time window to determine the final
gesture prediction.

Object Detection: The object detection module relies on the
YOLOVSs model trained on the COCO dataset,!*® a large-scale
dataset containing 80 object classes. YOLO-based architectures
are known for their fast inference and robust performance even
in the presence of partially occluded objects, which makes them
suitable for real-time prosthetic control scenarios.™” For this
application, 13 object-related gesture classes (Gcy) were consid-
ered, focusing on objects frequently involved in activities of daily
living (ADLs).

Each detected object is semantically linked to a specific grasp
type, following the grasp taxonomy by Feix et al.*! By leveraging
this object-to-grasp mapping, the system facilitates context-aware
control, selecting grasps that align with the functional require-
ments dictated by the object properties. The strategy enables
the EMG classifier to maintain high accuracy by limiting the
number of directly recognized grasp classes to those previously
reported. At the same time, it expands the effective set of possible
grasps by combining EMG inputs with vision-based contextual
information, thus enhancing the prosthesis overall grasping
functionality. Specifically, it supports 13 gestures: 1) nongrasping
motions: rest and open hand; 2) wrist motion commands: pro-
nation and supination; and 3) object-specific grasps: medium
wrap, adducted thumb, fixed hook, lateral, pointing, 2-digit
pinch, 3-digit pinch, spherical, and parallel extension.
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Figure 1. Schematic representation of the experimental workflow, divided into three main phases: control strategy implementation, task execution, and
data processing. This workflow ensures a structured approach to evaluating the proposed SCS, by comparing it with an EMG-based strategy to highlight
the methodology used for assessing performance and usability. In the low-level control strategy block, V,,, is the back electromotive force, Q, is the

angular velocity of the motors, and Ky, is the voltage constant.

In this way, the multimodal approach combines high EMG
decoding accuracy with vision-based contextual adaptation,
enhancing the overall grasping functionality of the prosthesis.

Grasp Selection: The grasp selection module is responsible for
resolving ambiguities between the user motor intention, decoded
via EMG signals, and the contextual information provided by the
vision system. Specifically, the EMG classifier predicts a macro-
category of grasp, while the vision system suggests object-specific
grasps based on the detected object. The module compares these
two sources to determine the most appropriate grasp to execute.
The aim is to identify the object most likely intended by the user
and determine the most appropriate grasp to execute.

This decision-making process is governed by a heuristic pro-
cedure detailed in Algorithm 1. When no objects are detected in
the scene, the system defaults to a rest state, assuming the user is
not attempting to grasp anything. If the camera frames one or
more objects, the system evaluates whether the gestures

Algorithm 1. Grasp selection

Input: {Gcy (i), p;, score(i)} fori=1, ..., N;Ggmc; image center ¢
Output: Gc

1: if no object is framed then
2 Gc < Rest

3 else

4 if Gey (i) € Geme, Vi€ {1, ..., N} then
5: k < arg max;score(i)
6 Ge < Gey(k)

7 else if Ak € {1, ...,N}:Gey(k) = Geme then
8 Ge < Gey(k)

9: else

10 givenC={ie{1,...,N}||lp; — || <&}
1 L—{i € C|Gey(i) C Gemc}

12: k < arg max;, score(i)
13:  Gc « Gey(k)

14:  end if

15: end if
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predicted by the vision module (Gcy(i)) are consistent with
the gesture inferred from the EMG classifier (Ggyg). In the
absence of an object that is compatible with the gesture, the sys-
tem selects the object with the highest confidence score and
assigns the corresponding visual gesture as the final command.
In instances where a single object exhibits a gesture that precisely
aligns with the EMG prediction, the system will select that object
with a high degree of confidence and proceed accordingly.

If multiple candidate objects are associated with gestures com-
patible with the EMG prediction, the system restricts the analysis
to those located within a central region of the image, defined as
the set of objects whose centroid positions P; lie within a radius §
from the image center c, that is, ||p; — ¢|| < 8. This reflects the
assumption that objects appearing near the center of the visual
field are more likely to be the user’s intended targets. Among
these central objects, the system selects the one with the highest
confidence score whose associated visual gesture Gey(i) is a sub-
set of the EMG prediction Ggyg. The corresponding gesture is
then selected as the final grasp command G¢ and transmitted to
the prosthesis controller.

This strategy allows the system to prioritize agreement
between user input and contextual cues, promoting intuitive
and context-aware control. Moreover, it supports robust interac-
tion in dynamic environments by resolving conflicts between
EMG and vision in a deterministic and explainable way. The
combination of gesture compatibility filtering and confidence-
based ranking ensures that the prosthesis responds to the most
relevant and intention-consistent object in the scene, ultimately
enhancing usability and control efficiency.

Orientation Estimation: The orientation estimation module
determines the optimal wrist orientation, specifically the prona-
tion/supination (P/S) angle, by analyzing the geometry of the
selected object using principal component analysis (PCA).
This process is applied exclusively to the region of interest
(ROI), defined by the bounding box of the object selected through
the grasp selection procedure, thereby reducing computational
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cost and minimizing the influence of background noise. The P/S
angle is computed as the angle between the first principal com-
ponent vector and the horizontal axis, and the resulting orienta-
tion estimate is then used to configure the wrist angle prior to
grasp execution. In parallel, visual feedback is provided to the
user via light-emitting diodes (LEDs), indicating the presence
of detected objects and potential mismatches between the
EMG-based classification and the computer vision outputs.
This simple yet effective solution was chosen to enhance system
transparency and user awareness during operation. LEDs offer a
lightweight, low-cost, and nonintrusive feedback mechanism,
making them ideal for real-time communication without inter-
fering with the user’s natural interaction with the prosthesis.

The described control pipeline is activated whenever the user
performs a grasp gesture and remains active as long as objects
are detected in the scene for at least five consecutive frames.
Given that the analysis frequency is 2.07 frames per second,!"”!
the average execution time for this detection process is ~2.4s.
Once this condition is fulfilled, the computer vision system
(CVS) is turned off to minimize energy consumption and
enhance the overall efficiency of the algorithm, particularly in
its communication with the prosthesis. After grasping the object,
the user can either rotate the hand or release it by performing the
open-hand gesture, while all other hand gestures are not trans-
mitted as input to the prosthesis. This allows the subject to adopt
a rest configuration during task execution without maintaining
muscle contraction, thereby reducing fatigue.

2.1.2. Low-Level Control of the Hand—Wrist Prosthesis

As shown in Figure 1, the low-level control received the class to
be performed by the SCS. As outlined in 2.1.1, the SCS managed
nine grasp classes, reported in Figure 2, together with rest and
open-hand gestures, and wrist pronation-supination, based on
the visualized object. Wrist orientation refers to the optimal posi-
tion of the wrist before the grasping is performed. In particular,
the wrist class is provided for a fixed time interval calculated from
the wrist rotation speed, set at 30° per s, that is, the average value

&
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calculated on subjects without physical impairments performing
ADLs.”!

A velocity controller was implemented to control the wrist
motor and the degrees of freedom of the hand. In particular,
the hand motors independently controlled the movements of
the fingers: the adduction/abduction and flexion/extension of
the thumb and the flexion/extension of the index, middle, ring,
and little fingers. The voltage error was calculated for each finger
and wrist motor (j) as

&, =V — Vi, (1)

where V,,, is the back electromotive force and Vp is the refer-
ence voltage.[* V', is obtained by multiplying the angular veloc-
ity of the motors (Q,,), and the voltage constant (Ky ), which
depends on the wrist and fingers physical building details.

2.2. Experimental Validation

To assess the performance and the usability of the proposed con-
trol strategies, an experimental validation was conducted. In
accordance with the ethical guidelines and regulations governing
research involving human subjects, this study was deemed
exempt from approval by a relevant review board, as it presents
minimal risk to participants and primarily involves observation
without any invasive or potentially harmful procedures.
A detailed description of the experimental protocol and setup,
including the procedures followed and the equipment used to
evaluate the system effectiveness, is provided in the following.

2.2.1. Experimental Protocol

A comparative analysis with the EMG-based control strategy was
conducted. Specifically, the EMG-based approach is relying on
the gesture classifier described in Section 2.1.1. The output of
the classifier—one of the eight possible classes—is provided
as input to the prosthetic device.

4

Spheric Parallel Extension 3-digits

Power (Medium wrap) K

)

y

Fixed hook Adducted Thumb/

Figure 2. List of the hand-grasping gestures used in the EMG-based control strategy (left) and those introduced in the multimodal SCS (right). The
objects associated with each hand gesture are: keyboard (pointing), spoon and fork (lateral), cup (2-digit), phone and remote (medium wrap), ball
(sphenic), book (parallel extension), banana and wine glass (3-digits), suitcase and backpack (fixed hook), and bottle (adducted thumb).
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10 able-bodied subjects (equally divided between males and
females, average age = 27.6 + 2.8 years) were recruited to per-
form a pick & place task with 12 selected objects and a typing
task using a keyboard. Objects are reported in Figure 2.

The experimental sessions were conducted in a randomized
order across subjects. However, to ensure balance, half of the
subjects began with the semiautonomous strategy, while the
other half started with the EMG-based one. Moreover, the 13
tasks were performed randomly within each experimental ses-
sion, with three repetitions per task, resulting in a total of 39
repetitions.

The objects were positioned on a 70 cm high table and were
displaced 30 cm to the right from their initial location during
the pick & place task. In this task, subjects were instructed
to reach the object, grasp it, move it to a designated target posi-
tion on the table, release it, and then return their hand to the
initial rest position. Positions remained fixed and consistent
across subjects and sessions, while object orientations on the
table were intentionally randomized across trials to evaluate
the capability of the vision module to generalize grasp classifi-
cation and orientation estimation under different viewpoints. In
the typing task, subjects were instead required to type a five-
letter word (“hello”) on a standard keyboard, using the prosthe-
sis to press the keys sequentially.

At the beginning of each experimental session, participants
were instructed to perform each gesture five times, holding
the position for 5s while freely moving their arm within the
workspace. Allowing arm movements during gesture execution
aimed to capture the natural variability in muscle activation
caused by changes in limb posture, thereby improving the
robustness of the classifier across different positions within
the workspace. During this phase, EMG signals were continu-
ously recorded. Subsequently, the NLR classifier was tested off-
line using a simple hold-out approach (10% test, 90% training)
and trained for the online test using all the subject-collected data.

CW is often assessed through subjective questionnaires such
as NASA Task Load Index (NASA-TLX)?* and SUS.1** However,
physiological measurements offer the possibility of quantifying
CW through objective, continuous indicators. Among the avail-
able physiological metrics, galvanic skin response (GSR) is par-
ticularly suitable for capturing rapid, dynamic variations in
workload, making it well aligned with the temporal structure
of the tasks considered in this study.”>~*"! Other cardiorespira-
tory indicators, such as heart rate, heart rate variability, and res-
piration rate, are also commonly employed in workload
assessment, but their most reliable features typically require lon-
ger temporal windows than those available in our experimental
design.”® Moreover, these measures are generally more sensi-
tive to physical rather than purely cognitive load.*’!

Given the suitability of GSR for capturing rapid fluctuations in
CW, the signal was further processed to ensure comparability
across participants. To normalize GSR data with respect to a rest-
ing condition, a 2 min baseline was recorded before the start of
the experimental session. Each GSR time series was then nor-
malized by subtracting the mean baseline value and dividing
the result by the same baseline mean, yielding a dimensionless
signal that captures relative variations with respect to each par-
ticipant’s physiological resting level.*%

Adv. Intell. Syst. 2026, €202501043 €202501043 (5 of 11)
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2.2.2. Experimental Setup

Figure 3 shows the experimental setup of both experimental
sessions.

The user intent was decoded using a bracelet with six equally
spaced 13E200 Myobock electrodes (Ottobock). Signal acquisi-
tion was performed via an NI USB-6002 DAQ, with a sampling
rate of 1 kHz. To minimize crosstalk from the biceps brachii and
optimize signal acquisition, the armband was placed on the fore-
arm, 4 cm below the elbow, in accordance with the standard
placement used in prosthetic devices.*"

The CVS consists of a single board computer (SBC) as a com-
puting unit, that is, the Raspberry Pi 4B (8 GB RAM), paired with
aminiature 16 MP RGB camera with autofocus (Arducam 16 MP
IMX519). The camera was placed in the ventral part of the pros-
thetic wrist, as it ensures the lowest level of occlusion due to the
presence of the hand with respect to the other possible camera
placements, that is, dorsal, internal, and external. In particular, a
level of occlusion lower than 15% of the total number of pixels
was calculated considering images acquired from 10 able-bodied
subjects wearing camera in the four different configurations.!"”!
The resolution of the camera was set to 320 x 240 pixels, as pre-
vious works have demonstrated that it guarantees an optimal
trade-off between the inference time and object detection.!”
Remote access to the SBC desktop was provided via virtual net-
work computing, while a portable 5 V DC/3 A USB-C power bank
supplied power, ensuring portability.

The prosthetic device, which includes the Touch Bionics
RoboLimb hand (Ossur) and the wrist rotator 10S17 (Ottobock),
was powered by a bench power supply capable of delivering 7.4 V
and 3 A. A custom nylon support, manufactured using additive
technology (selective laser sintering), was attached to the sub-
ject’s prosthetic-hand side with Velcro.

The GSR was measured using the Shimmer3 GSR+ unit,
which assesses skin conductivity through two reusable electrodes
placed on the index and middle fingers of the right hand with a
sampling frequency of 52 Hz.

Prosthetic device

EMG sensors

Computer Vision System

Figure 3. lllustration of the experimental setup, including the prosthetic
system, EMG acquisition setup, GSR acquisition system, CVS, and task
execution environment.
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2.3. Data Elaboration

The extracted data and key performance indicators (KPIs) used to
evaluate both system performance and user CW are presented
below. The analysis includes physiological responses derived
from GSR signals, subjective perceptions, and performance met-
rics related to task execution.

2.3.1. Physiological Response

The raw GSR signal was processed using a low-pass filter with a
cutoff frequency of 5 Hz to remove noise. In the first step, the
baseline was computed, corresponding to the subject’s resting
period. The mean baseline value was then used to normalize
the data, minimizing intersubject and intersession variability
and ensuring comparability of the results. The signal was seg-
mented for each trial and decomposed into its main components,
that is, the skin conductance level (SCL) and skin conductance
response (SCR), using a fourth-order Butterworth low-pass filter
with a cutoff frequency of 0.1 Hz and a fourth-order Butterworth
high-pass filter with the same cutoff frequency, respectively. For
each trial, the following parameters were computed, as they are
considered indicative of cognitive load:***% 1) number of peaks
(NumPeaks[-]), which corresponds to the total number of
responses detected from the SCR component during each task.
According to the literature, a peak is typically characterized by an
increase in the SCR signal exceeding 0.01-0.05 pS. In this study,
the threshold for peak detection was set at 0.03 pS;*? 2) mean
SCL (SCLMean[-]), which represents the mean value of the tonic
component throughout the entire task and reflects the slow vari-
ation in skin conductance; and 3) mean power of the spectrum of
the GSR signal (MeanPower[-]), evaluated within the 0-1Hz
band, where the most significant spectral variations were
observed.?! It is computed as

mean(P(w)) = mean (% Y(a))Y*(w)),a) € [0,1]Hz (2)

where P represents the power spectrum, w denotes the fre-
quency, N is the signal length, and Y and Y* correspond to
the frequency spectrum and its complex conjugate, respectively.

2.3.2. Subjective Perception

Subjective perception was assessed by administering two ques-
tionnaires, the NASA-TLX?®® and the system usability scale
(SUS),** at the end of each experimental session, since they
are gold-standard tools for assessing subjective workload and sys-
tem usability, respectively. Furthermore, each subject was given
a customized questionnaire to identify, for both control strate-
gies, the macrocategory of hand gesture they found easiest to
manage and the one they found most challenging.

2.3.3. Performance

For the performance assessment, the success rate (SR) and the
time to accomplish the task (TAT) were considered as KPIs.
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2.3.4. Statistical Analysis

The Wilcoxon paired-sample test was performed for both the
involved KPIs and questionnaires to analyze the differences
between the two different control strategies, that is, the SCS
and the EMG-based one, with a significance level set at
p — value = 0.05.

3. Results and Discussion

Figure 4 presents the results for the selected KPIs across both
control strategies. The data is grouped into grasp macrocatego-
ries to enhance interpretation and readability. Although both
control strategies resulted in high SR, the EMG-based control
achieved an average SR = 97.69%, while the SCS approach out-
performed it by reaching an SR =100%. This result highlights
how the integration of visual information in the SCS strategy can
effectively compensate for EMG misclassifications, showing that,
when users rely on the vision-based system in cases where EMG
decoding fails, overall reliability increases.

Figure 4a shows the TAT values for the four macrocategories
of grasp. It is evident that the TAT is statistically significantly
lower in the SCS condition compared to the EMG-based control.
This difference is particularly noticeable in the more complex
typing task (pointing gesture), where the median TAT is
50.49s (33.80, 80.16) for the EMG-based control and 26.59s
(21.86, 37.24) for the SCS approach. This result highlights
how the EMG-based control, in the presence of limb movements
(such as during repositioning or manipulation), suffers from an
increased risk of misclassification due to the inherent variability
in EMG signals under dynamic postural changes. Conversely, the
SCS approach retains the previously classified grasp until an
open-hand gesture is detected, thereby providing more robust
and stable control.

Regarding the parameters extracted from the GSR, the num-
ber of peaks observed in the SCR shows a statistically significant
difference between the two sessions, as reported in Figure 4b.
This reduction in the number of peaks suggests that the pro-
posed SCS leads to a more efficient distribution of cognitive
resources, as indicated by the decrease in physiological
responses.?® Instead, the median SCLMean value, which reflects
the overall activation of the sympathetic nervous system, does not
show significant variations between the two sessions (see
Figure 4c), suggesting that the tonic activation is not substantially
influenced by the control strategy. Lastly, the median spectral
power shows a slight decrease in the SCS session compared
to the EMG control one, as illustrated in Figure 4d. Although
a reduction in spectral power is observed across all gesture cate-
gories, a statistically significant difference emerges only in the
pinch macrocategory. This result is particularly noteworthy, as
low-frequency spectral power is often associated with the nervous
system’s ability to adaptively respond to external stimuli.**
Hence, the observed reduction with the proposed SCS may
reflect a decrease in signal complexity, which is in line with a
reduced cognitive load. Moreover, the localized significance in
the pinch gesture might reflect the higher sensorimotor
demands or fine motor precision required in this condition,
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SCL (SCLMean), and d) mean power of the spectrum of the GSR signal (MeanPower). Asterisk denotes statistically significant differences

(p — value = 0.05).

making it more sensitive to changes in cognitive or neuromus-
cular load.

Figure 5 shows the results obtained from the administration
of the questionnaires. Concerning the NASA-TLX questionnaire,
the SCS outperformed the EMG-based approach, with a signifi-
cant decrease for mental demand (MD), physical demand (PD),
effort (E), and frustration (F). No statistically significant differen-
ces were found for either temporal demand (TD) or performance
(P). Specifically, the result obtained for the P aligns with the SR,
which remains comparable between the two tested strategies.

The median SUS score is significantly higher in the SCS con-
dition compared to the EMG-based control condition. According
to established SUS score rankings, the multimodal condition
falls within the “Good/Excellent” usability range, while the
EMG-based condition corresponds to the “OK/Poor” range, indi-
cating a notably better user experience with the multimodal
approach.**

The custom questionnaire results, based on participants’ sub-
jective perceptions, revealed differences in grasp difficulty
between control methods. With EMG control, the lateral grasp
was perceived as the most challenging (7 out of 10 subjects),
whereas SCS did not highlight a specific difficulty (7 out of 10
subjects). For the easiest grasp, users predominantly favored
the power grasp for the EMG-based control (7 out of 10), while
the same users showed a more balanced distribution when
using the semiautonomous approach, still leaning toward power
(4 out of 10). These findings suggest that SCS offers more

Adv. Intell. Syst. 2026, €202501043 €202501043 (7 of 11)

uniform perceived performance, reinforcing its advantages in
real-world applications, while challenges with EMG-based con-
trol may arise from the effectiveness of the NLR classifier, with
a subjective tendency for the lateral grasp.

Taken together, these findings support the main hypothesis of
this work, namely that augmenting EMG-based control with
context-aware vision leads to more efficient and less demanding
interaction than purely EMG-based direct control. In the proposed
SCS, EMG provides the user intentional input, while vision con-
tributes object-related information and wrist orientation cues that
refine and stabilize grasp execution. The grasp selection module
was specifically designed to integrate these two sources of infor-
mation in a structured way, ensuring that coherent EMG-vision
combinations are reinforced and that conflicting cases are handled
through deterministic rules that preserve consistency and support
the user’s intended action. A detailed technical validation of the
system’s ability to handle the different conditions that naturally
arise in real-world use was already presented in a previous work.["!
Specifically, the grasp selection module can correctly manage:
i) coherent situations, in which the grasp inferred from the user’s
EMG signals matches the grasp associated with the object detected
in the visual scene, including cluttered environments where mul-
tiple objects are present; and ii) noncoherent situations, in which
EMG and vision propose conflicting actions, such as when the
user produces the intention to grasp that does not match the
one suggested by the vision system, framing the object. In both
cases, the proposed grasp selection approach applies explicit

© 2026 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH

5B SUOLIWIOD) BANEB.D) 3[qedl|dde U} Aq PousBA0 9.8 SILE YO ‘88N J0SINI 10} AIGIT BUIIUO AB|IM UO (SUOTIPUOD-PUE-SWLRIALICO"AB |1 AIRIGIBUIUO//SCIY) SUOIPUOD P SWi | 841 39S *[9202/20/TT] Lo Akeiqiauiiuo AS1im * coipawoig sndwed 0181 - INILNYINYL NVILSIMHO Ad E70T0S5202 ASB/200T OT/10p/LIc0" A8 |1 AIeIq1pul |Uo-peoUepe//Sdiy Woa popeojumod ‘0 *29G0v9e


http://www.advancedsciencenews.com
http://www.advintellsyst.com

ADVANCED
SCIENCE NEWS

www.advancedsciencenews.com

www.advintellsyst.com

NASA TLX

EMG-based [ SCS

* | —
[ —

801

Value[%)]

201

MD PD D
SuUs

100 —

o T

80

70 AL

60

Pin

Value[-]

50

40

sus

Most challenging hand gesture
Power

Lateral Pointing

Easiest hand gesture
Power

Pin

Lateral Pointing
*Number of responses

Figure 5. Results from subjective evaluations of CW (NASA-TLX), usability (SUS), and user perception of grasp difficulty across the two control strategies.
The NASA-TLX items are: MD, PD, TD, P, E, and F. Asterisk denotes statistically significant differences (p — value = 0.05).

decision rules to identify and produce the most plausible and
context-appropriate prosthesis command. The present study
builds upon that foundation by demonstrating that this integration
strategy not only operates reliably at the algorithmic level but also
results in measurable benefits for users during real prosthesis
interaction.

The improved SR, reduced task completion times, and lower
physiological and subjective indicators of CW observed in this
study show that combining user intention with contextual visual
information achieves a more intuitive and reliable control expe-
rience. These results confirm, for the first time through quanti-
tative evidence, a reduction in cognitive demand, an advantage
frequently claimed in the literature for semiautonomous strate-
gies but never empirically demonstrated in direct comparison
with traditional EMG-based control.

On the other hand, it is worth noting that the task execution
times observed in this study are considerably longer than those
typically reported for able-bodied individuals performing compa-
rable pick & place and typing tasks. In the literature, healthy sub-
jects generally accomplish similar actions in ~3 s.*'**l Figure 6
shows the complete timeline of a representative trial, illustrating
the sequence of events from object framing to task completion.
In this example, the object detection block accounts for ~#97% of
the vision processing time, confirming that detection is the most
computationally demanding stage of the pipeline. This suggests
that optimizing or accelerating the detection module could sub-
stantially reduce perceptual latency.

Adv. Intell. Syst. 2026, €202501043 €202501043 (8 of 11)

Nevertheless, the overall task duration is largely dictated by the
user’s physical interaction with the object and by the mechanical
execution of the grasp, rather than by computational delays.
While the proposed SCS mitigates the well-known limitations
of EMG-based direct control—thereby facilitating prosthesis
use and improving the fluidity of the interaction—execution
times remain substantially higher than physiological values.
This gap reflects both the cognitive and motor demands associ-
ated with operating an artificial device and the current limits of
prosthetic hardware. Future work should therefore address not
only algorithmic and multimodal control improvements but also
advances in actuation and embedded computation to move
toward prostheses capable of delivering more natural speed
and responsiveness.

3.1. Limitations

Despite the promising results, some aspects of this study warrant
consideration. First, experiments were conducted exclusively
with able-bodied participants. Although the proposed semiauton-
omous, context-aware control strategy showed reductions in CW
and improved functional performance, further investigations
involving individuals with upper-limb loss will be important to
confirm the generalizability of these findings, given the distinct
motor and cognitive demands they may experience.

Second, the experimental tasks focused on isolated pick &
place and typing actions. Although these tasks are widely used
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Figure 6. Timeline of user intention, vision system, and prosthesis activity during the execution of a representative grasping task using the proposed SCS.
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view highlights the internal processing stages of the computer vision pipeline (i.e., object detection, grasp selection, and wrist orientation estimation),
showing their contribution within the first seconds of the task. The upper frame sequence illustrates key moments of the interaction, from object framing

to grasp completion.

benchmarks in prosthetic research, they only partially capture the
diversity and richness of daily-living activities. Additionally, par-
ticipants operated using predefined grasp types; for some objects,
alternative grasps may be equally viable depending on the
approach direction. This constraint allowed for controlled evalu-
ation but may limit ecological realism.

From a technological perspective, the system relies on a
trained object detector (YOLOvS5s), whose performance is
bounded by the training dataset. Consequently, objects that
are visually complex, severely occluded, or not represented in
the training set may be more challenging to recognize, poten-
tially affecting the generation of contextual commands in highly
unstructured scenarios.

4, Conclusion

This study proposes and validates a SCS that integrates EMG sig-
nals with visual perception to enhance the usability, the effi-
ciency, and the reliability of upper-limb prosthetic control.
Unlike previous approaches that rely solely on EMG signals or
fully autonomous vision-based systems, the proposed method
enables users to intentionally select grasp types while leveraging
computer vision to refine wrist orientation and provide contex-
tual adjustments. Importantly, this multimodal control strategy
has been successfully implemented within a commercial pros-
thetic system, demonstrating its practical applicability and readi-
ness for real-world use.

To evaluate its effectiveness, the SCS was compared to an
EMG-based control strategy in terms of performance, usability,
and CW. Experimental results with able-bodied participants dem-
onstrated that the proposed SCS outperforms the EMG-based
approach, achieving an SR =100% and reducing the median
TAT by 52.66%.

Usability was higher with the SCS, as reflected in a 15-point
increase in the SUS score. CW also appeared lower in this
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condition, as indicated by physiological and subjective measures.
The multimodal approach resulted in a fewer number of
responses detected from the SCR component of the GSR during
tasks and a lower median GSR power spectrum, suggesting
reduced autonomic activation. This trend was further supported
by NASA-TLX scores, which showed a statistically significant
reduction in MD, PD, E, and F.

By addressing the limitations of traditional EMG-based con-
trol and integrating vision for enhanced adaptability, this work
contributes to the development of more intuitive and effective
prosthetic control strategies.

Future efforts will be devoted to evaluating the usability and
robustness of the proposed approach in ecologically valid scenar-
ios, progressively moving toward autonomous at-home use by
end-users, that is, the amputees. Assessing the system outside
controlled laboratory conditions, over longer and more natural-
istic sessions, will also enable the integration of additional unob-
trusive physiological measurements of the CW. Moreover, from a
technological perspective, future work will aim to extend the
vision algorithm to handle objects that afford multiple grasp
types, adapting the suggested grasp according to the approach
direction and viewpoint of the prosthetic user.
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Supporting Information is available from the Wiley Online Library or from
the author.
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