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Abstract— This study presents a novel semi-locked
myoelectric pattern recognition algorithm (Onset-Triggered
Vote-Locking or OTVL) to reduce misclassifications that
typically occur during transition phases of muscular con-
tractions for prosthetic hand control. It segments the
electromyographic signals in real-time by adaptively defin-
ing enabling and disabling conditions at the onset of a
muscular contraction in order to lock classifier predictions
only when they are considered stable. The segmentation is
based on signal standard deviation to improve robustness
and reduce the need for rest transitions between move-
ments. The proposed algorithm was implemented with a
standard Linear Discriminant Analysis (LDA). It was func-
tionally assessed by simulating activities of daily living and
compared against a continuous LDA classifier with two
conventional post-processing algorithms: Majority Vote
(MV) and Confidence Rejection (CR). Eleven able-bodied
participants executed ten repetitions of three Southampton
Hand Assessment Procedure (SHAP) tasks using a bypass
socket equipped with an active wrist and a multi-articulated
hand. The OTVL algorithm significantly outperformed CR
in terms of success rate (median:IQR; OTVL: 100.0%:0%;
CR: 10.0%:60.0%; p < 0.001). Compared to MV, OTVL signif-
icantly reduced total completion time (OTVL: 56.4s:20.6s;
MV: 62.2s:7.7s; p < 0.05) and the number of incorrect pre-
shapes (OTVL: 0.6:0.4; MV: 1.5:1.3; p < 0.01) that occurred
between tasks. The perceived workload, as assessed by
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the NASA Task Load Index, was also significantly reduced
compared to MV and CR (OTVL: 52:33.5; MV: 67:21.5;
CR: 95:36.3; p < 0.001). Therefore, the OTVL algorithm
represents a viable alternative to traditional continuous
classifiers, improving control stability and task execution.

Index Terms— Event detection, myoelectric control, pat-
tern recognition, prosthetics, signal processing.

I. INTRODUCTION

MYOELECTRIC upper limb prosthetics hold a wide
potential to restore user independence. However, their

control still represents a major challenge for users [1], lead-
ing to consistently high abandonment rates [2]. The most
widespread control technique is Amplitude and Threshold
Control or Direct Control (DC), in which a pair of sen-
sors decode electromyographic (EMG) signals from a pair
of agonist-antagonist residual muscles. This control can be
extended to multiple Degrees of Freedom (DoF) through myo-
electric switching strategies (e.g., hold open or co-contraction)
that cyclically select the desired DoF. Although straightfor-
ward and robust, this method hardly scales with increasing
DoFs or more complex tasks [3]. Pattern Recognition (PR)
techniques, instead, aim to improve the intuitiveness and
reliability of prosthetic control by decoding user intention,
based on the assumption that different desired movements
correspond to different and repeatable EMG patterns. After
the pioneering work of Wirta et al. [4], Englehart et al.
first implemented a continuous classifier that inferred user
intention from a constant stream of sliding EMG windows,
with latencies short enough to be perceived as in real time
[5], [6]. Since then, continuous classifiers have dominated the
literature, demonstrating a broader use of grips in unsupervised
environments [7], with systems based on this technology that
progressively reached commercialization [8], [9], [10]. How-
ever, several sources of interference can limit PR reliability,
such as arm posture [11], [12], [13], electrode reposition-
ing [14], and muscle fatigue [15]. Classifiers trained only
on the steady-state portion of the muscular contractions are
particularly prone to errors in the transient portions [16].
For instance, Linear Discriminant Analysis (LDA) classifiers
assume that the classes follow Gaussian mixture distributions,
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an assumption that is typically violated in the transition phases
of a muscular contraction. Although the stream of indepen-
dent predictions guarantees responsiveness and revisability of
wrong prosthetic outputs, it may lead to isolated mispredic-
tions [6]. To minimize the impact of these errors, various
post-classification algorithms–essentially low-pass filters on
the prediction - have been developed, such as the Majority
Vote (MV) [6], Ramp [17], and Confidence-based Rejection
(CR) [18].

Unlike continuous classifiers, locked predictors aim at
enhancing control stability by holding the classifier prediction
constant during the muscular contraction [19]. To lock the clas-
sifier predictions, the EMG waveform is usually “segmented”
by the definition of locking and unlocking criteria. Transient
algorithms, for example, lock the prediction by decoding the
onset of the muscular contraction and usually unlock when the
EMG intensity decreases to rest levels (EMG offset) [19], [20],
[21], [22]. This framework simplifies the control problem by
eliminating the need for an explicit rest class definition. Fur-
thermore, the onset of a muscular contraction anticipates the
steady-state phase [19], [20], [23], and has been demonstrated
to include relevant content to estimate grasp force [24], [25],
[26], grasps [20], and hand and wrist movements [21], [22],
[27]. However, transient algorithms require intensive training
for the user because only one sample is extracted for training
the model, for each movement repetition [21], [22]. Moreover,
if a misprediction occurs, the user must return to a rest state
before re-attempting the movement [20], [21].

To combine the unconstrained revisability of continuous
classifiers with the stability of locked predictors, Zhang et al.
[28] proposed a hybrid semi-locked approach. This method
detected the onset of a muscular contraction, collected EMG
signals for 600 ms, and then locked predictions to the most
voted class in this time interval. They proposed different onset
approaches, including one based on the EMG Mean Absolute
Value (MAV), and one based on the Teager-Kaiser Energy
Operator (TKEO). They compared them to a conventional con-
tinuous classifier and to its variant with Majority Vote. Eight
unimpaired participants plus two transradial amputees partic-
ipated in a virtual task that involved six active movements
and demonstrated semi-locked algorithms outperforming their
continuous counterparts.

These promising results were later questioned by
Raghu et al., who found that a MAV-based semi-locked
method significantly underperformed when compared with
continuous classifiers and post-processing algorithms [29].
Their work involved 43 able-bodied participants performing
rapid transitions among six hand and wrist movements,
following a visual computer prompt. The poor performances
were associated with the dynamic nature of the task, in
which movements were not followed by rest periods, i.e., the
usual offset condition of locked and semi-locked predictors.
Indeed, the need for a rest state was the claimed reason why
Englehart and Hudgins moved from transient algorithms to
continuous classifiers [5], [6], and proved to be a limiting
factor of following locked predictors [22], [28].

Building on these early studies, in this work, we pro-
pose a novel semi-locked algorithm (Figure 1), namely

Onset-Triggered Vote-Locking (OTVL) algorithm applied to
a traditional LDA classifier, to improve prosthetic control
by reducing misclassifications that typically occur during
the transition phases of a muscular contraction. The OTVL
algorithm included a segmentation algorithm based on Stan-
dard Deviation (STD) peaks that adapts, at the onset of a
contraction, the thresholds associated with the offset, and the
onset of possible following fast contractions. Then, a Decision
Algorithm locks the classifiers’ outputs once the predictions of
the LDA are considered stable, thereby minimizing erroneous
transitions between states. We hypothesized that this mecha-
nism would result in a significant improvement in prosthetic
control and a reduction in misclassifications, compared to
traditional continuous classifiers (LDA) with standard post-
processing (MV and CR). To quantify these improvements,
we evaluated success rate, total completion time, number of
incorrect preshapes, and NASA Task Load Index (NASA-
TLX) perceived workload from eleven participants while
performing activities of daily living of the Southampton Hand
Assessment Procedure (SHAP). This served as a preliminary
step, although further experimentation must be conducted with
the target population to reach clinical validation. The OTVL
algorithm significantly outperformed CR in terms of suc-
cess rate (median:IQR; OTVL-100.0%:0%; CR-10.0%:60.0%;
p < 0.001). Furthermore, the OTVL significantly reduced
the median total completion time by ∼9% (OTVL-56.4s vs.
MV-62.2s; p < 0.05) and the median number of incorrect
preshapes by 60% (OTVL-0.6 vs. MV-1.5; p < 0.01) rela-
tive to the Majority Vote approach, while also yielding the
lowest perceived user workload (OTVL-52:33.5; MV-67:21.5;
CR-95:36.3; p < 0.001).

II. ALGORITHM DESCRIPTION

The proposed Onset-Triggered Vote-Locking algorithm can
be decomposed into two sub-algorithms. The Segmentation
Algorithm identifies locking and unlocking criteria, while the
Decision Algorithm determines the final prediction based on
the temporal evolution of the continuous classifier stream. To
describe the algorithm, we first define the relevant terminology.
Let EMG ∈ RNs xCxMxR be the EMG dataset used for calibrating
the OTVL algorithm, where Ns is the number of samples, C is
the number of channels, M is the number of movements, and
R is the number of repetitions. During each movement (m) and
repetition (r), the EMG signals corresponding to a muscular
contraction beginning and ending in a rest state are recorded
through conventional pre-amplified and rectifying myoelectric
electrodes (Myobock, Ottobock, Germany). From this EMG
dataset, MAV ∈ RNiTW xCxMxR and S T D ∈ RNiTW xCxMxR are
computed over sliding windows of the EMG signal (where
NiTW is the number of incremental time windows). Then, the
average MAV (aMAV ∈ RNiTW xMxR) and the average STD
(aS T D ∈ RNiTW xMxR) are computed across channels.

.A. Segmentation Algorithm
To segment muscular contractions in real-time, a novel

algorithm was developed by leveraging aS T D peaks to derive
a subject-specific threshold (aS T Dpeak onset min) for detecting
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Fig. 1. Onset-Triggered Vote-Locking (OTVL) framework. a) OTVL Scheme: the segmentation algorithm determines muscular contraction onset
and offset. If no onset is detected, a rest state is determined. Otherwise, the decision algorithm determines the output from the continuous classifier.
Predictions within the transient region (150 ms after onset detection) are ignored. After this time interval, predictions are streamed continuously
until the stability condition is met, defined as 8 consistent predictions out of the last 10. The corresponding class is then locked and maintained until
the end of the muscular contraction or a new rapid movement are detected by the segmentation algorithm. b) Online implementation of the OTVL
algorithm. The top two panels show the average Mean Absolute Value (aMAV) and average Standard Deviation (aSTD) signals with the detected
onset and offset (orange vertical lines) and the conditions used to determine contraction termination. aMAV values lower than the aMAV threshold
correspond to the end of the muscular contraction, while aSTD peaks greater than the aSTD threshold correspond to the start of a new movement.
Colored curves represent MAV and STD from individual EMG channels, while the black line indicates the average across channels. The bottom
panel shows the classification outputs of the OTVL, compared to a typical continuous classifier. Different predictions of the decision algorithm are
highlighted with colored regions. The blue vertical line represents when the stability condition is determined.

the contraction onset. Indeed, sliding windows of signal vari-
ance, normalized by the variance computed during previous
rest states, were shown to reliably detect EMG muscular
contractions onsets [30], [31]. In the current implementation,
aS T D peaks were leveraged to remove the normalization
from rest states, thus facilitating rapid transitions between
movements.

The peaks of aS T D were identified by sign changes in
the first derivative of the aS T D time series. Candidate peaks
(aS T peak candidates,m,r) were selected based on the following
conditions: (i) they occurred in the first half of the rep-
etition, (ii) they were within a region where aMAV was
increasing (i.e., a positive derivative), and (iii) their amplitude
exceeded six times the median aS T D during rest, as in a
similar onset detector [22], to minimize possible false positive
detections. The earliest aS T Dpeak candidates,m,r in each repetition
was selected as the aS T Dpeak,m,r, while aS T Dpeak onset min

was defined as the minimum of aS T Dpeak,m,r across all rep-
etitions and movements, ensuring high sensitivity also for
weaker EMG contractions [22]. This value served then as the
reference threshold for detecting contraction onsets in both
offline classifier training and real-time control. The global
threshold was paired with the conservative amplitude thresh-
old for identifying candidate onsets (six times the median
aS T D during rest) to balance robustness and movement
detection.

A contraction was considered to begin (onset) at the
first instance of a new peak of aS T D that exceeded
aS T Dpeak onset min (1) in a region of increasing aMAV ,
reflecting increased signal variability associated with muscle
activation. The end of the contraction (offset), adapted for
each muscular activation, was based on one of two alter-
native criteria, defined empirically from preliminary testing
(Figure 1b). Either condition was sufficient to determine the
end of the contraction. The first condition was satisfied when a
subsequent aS T Dpeak exceeded the peak observed at the onset.
This condition was consistent with either the termination of the
contraction or the initiation of a new rapid movement without
returning to a rest state. The second condition applied when
the aMAV fell below the aMAV immediately preceding the
onset, reflecting a return to a low-activity or resting state (2).

Onset:

aS T Dpeak,n, j > aS T Dpeak onset min and
aMAVn, j > aMAVn−1, j

With n: 50 ms control cycle j:EMG wave f orm (1)

End:

aS T Dn, j > aS T Dnonset , j or
aMAVn < aMAVnonset−1, j (2)
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Fig. 2. Experimental setup to evaluate real-time prosthetic control.
(a) Customized textile-based EMG bracelet of eight Myobock pream-
plified electrodes. (b, c, d) The three functional tasks used in the
experimental protocol were selected from the Southampton Hand
Assessment Procedure (SHAP). (b) Carton pouring (cylindrical grasp),
(c) Page turning (pinch grasp), and (d) Rotate key (lateral grasp).

.B. Decision Algorithm

Once an onset was detected, the EMG signal was classified
in a continuous way, starting 150 ms after the onset to exclude
the initial unstable portion of the EMG signal [20]. The
predicted class was then locked once a stability condition was
met. Similar to a majority-vote scheme that determines the
output as the most frequent class among the last predictions
[6], the stability condition was satisfied when 8 of the 10 most
recent classifications were consistent. The locked prediction
was then maintained until one of the offset criteria was met
(Figure 1b).

III. MATERIALS AND METHODS

.A. Experimental Setup

The OTVL algorithm was compared against two alternative
and consolidated post-processing methods: Majority Voting
(MV) and Confidence Rejection (CR), frequently employed
as benchmarks [29]. A standard LDA continuous classifier,
commonly adopted as a robust baseline in myoelectric control
due to its computational efficiency and proven performance
in unsupervised environments [32], was used. It served as a
consistent baseline to compare the three algorithms (OTVL,
MV and CR) without confounding factors from exploiting
different classifiers. The LDA was fed through features widely
used in the field (MAV, Waveform Length, modified Zero
Crossing, Slope Sign Change [3], [33]) extracted from 200 ms
time windows with 150 ms overlap. STD was similarly
extracted to train the OTVL Segmentation Algorithm. The MV
was implemented over five decisions of the LDA continuous
classifier (five windows) [17], which introduced a 150 ms
delay between class transitions, as in the proposed OTVL
implementation, thereby balancing classifier stability and user-
perceived delay. CR was set with a 97% rejection threshold
(lower estimated confidence resulted in the rest class), in
alignment with previous literature evidence [18], [29], [34],
[35].

The test was conducted on 11 able-bodied participants
enrolled by convenience sampling (age 26.3 ± 1.8, 4 females,
10 right-handed). All participants gave their informed consent
to participate in the study, according to the Declaration of
Helsinki. The study was approved by the local ethical com-
mittee of the Scuola Superiore Sant’Anna, Pisa, Italy (ref.
10/2023). Eight commercial Myobock electrodes were placed
around the participant’s forearm in a cuff configuration using
a custom-made elastic band. The band was placed 2 cm distal
from the epicondyle, trying to avoid the ulnar bone with
the electrodes. The elastic band was realized with a modular
design, alternating 3D-printed solid cases for housing the EMG
electrodes with elastic textile segments to secure wearing
comfort and adaptability (Figure 2a). EMG samples were
acquired through a custom device [33] at 1000 Hz, transmitted
through Bluetooth, and labelled on the connected computer
(CPU: 11th Generation Intel Core i7-11700 2.50 GHz, RAM:
32 GB). Each participant performed the experiment using a
custom prosthesis bypass, simulating a transradial amputation.
For this, participants wore an orthopaedic arm brace adapted
to hold a prosthetic wrist (Electric Wrist Rotator, Ottobock,
Germany) and a multi-articulated prosthetic hand (MIA Hand
[36], Prensilia, Italy). This adapter allowed the free motion of
the intact wrist and hand, while giving the possibility to block
the elbow to reduce the forearm load. The combined weight
of the bypass adapter and transradial prosthesis prototype
was approximately 1.5 kg. The prosthetic components allowed
participants to perform six movements: two wrist movements
(wrist pronation and wrist supination), and four hand motions.
Among them, there were three grasps (cylindrical, pinch, and
lateral), and an open movement that opened the current grasp.
The MAVs of the EMG signals of each movement were
visually inspected, and the gain of each channel was software-
adjusted to maximize class separability. All procedures were
executed using a custom interface programmed in MATLAB
2023b.

.B. Recording Session

For each of the six movements under test, the maximum
voluntary contraction (MVC) and a calibration dataset were
collected. The latter included three sessions at different arm
height angles (with the elbow flexed at 45◦, 90◦, 135◦) to
improve robustness against arm position changes [13]. Each
session included two repetitions of 5 s of contraction and
1 s of rest for each of the six movements. The participants
were asked to perform gestures that mimicked prosthetic hand
preshapes and wrist rotation. In particular, they performed a
fist contraction for the cylindrical grasp, a tridigital grasp for
the pinch grasp, a thumb up contraction for the lateral grasp,
a palm-down for wrist pronation, and a palm-up for wrist
supination (Figure 3).

During the procedure, the aMAV from all EMG channels
was displayed to the participants as a biofeedback signal
during the training. More in detail, the aMAV was displayed as
a moving line plot showing the percentage of current signal
intensity between rest and the MVC (0-100% intensity) of
that specific movement. The participants were asked to follow
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Fig. 3. Prosthesis operation (consistent across control algorithms). Once the prosthetic hand is in a specific preshape, a classifier prediction
incoherent with that preshape does not provide a prosthetic output. To change the grasp, it is necessary to fully open the current grasp and rest.
After this condition, one grasp prediction is sufficient to change the hand preshape.

with their aMAV a trapezoidal ramp displayed on the screen.
The reference shape was composed of a rest phase (5% at
the beginning and 5% at the end), a ramp-up phase (30%),
a static contraction phase at 70% of the MVC (40%), and a
ramp-down phase (20%).

.C. Training of the Classifiers
The LDA classifier combined with the MV and CR was

trained with a conventional data-cropping [37], [38]. This
technique aimed to remove any transitory portion in the
EMG, maximize the separability between rest and movement
contractions, and ultimately comply with the Gaussian mixture
distributions hypothesis. For this, 35% and 25% of EMG were
removed from the beginning and the end of each movement
recording, respectively. Instead, the LDA classifier combined
with our OTVL algorithm was trained with only movement
data directly provided by the proposed Segmentation Algo-
rithm, thus from EMG samples extracted between the detected
onset and offset. To address the consequent class imbalance
caused by the Segmentation Algorithm that does not guarantee
uniform sizes across classes, the Synthetic Minority Oversam-
pling Technique (SMOTE) was applied to OTVL LDA [39],
whereas the fixed trim percentage guaranteed class balance for
the reference algorithms.

.D. Assessment Procedure
A modified version of the Southampton Hand Assessment

Procedure (SHAP [40]) was employed to compare the perfor-
mance of the three controllers. The test was similar in structure
to that used in [41], and consisted of three grasp-related
tasks that also required wrist involvement: Carton Pouring
(cylindrical grasp, Figure 2b), Page Turning (pinch grasp,
Figure 2c), and Rotate Key (lateral grasp, Figure 2d) (S1). The
SHAP test is commonly used to assess upper limb prostheses,
and its performance metrics are based on the execution time
of a set of tasks (the faster, the better) [7], [42], [43], [44]. The
time for hand preshaping and the wrist prepositioning are not
explicitly included in the original test protocol, allowing off-
timer adjustments before starting each task. However, here, we
deemed these times of interest and thus we allowed preshaping
and prepositioning only at the beginning of each sequence (i.e.,
once every three tasks).

Each participant performed 10 repetitions per algorithm,
with 1-2-minute breaks between repetitions to minimize mus-
cular fatigue. Additionally, they were allowed to test the full
task sequence once with each algorithm before the formal
evaluation. The order of both the tasks and the algorithms
was pseudo-randomized within each repetition to minimize
learning bias and muscular fatigue effects. Participants were
blinded with respect to the control algorithm, although all
conditions (OTVL, MV, CR) were clearly explained at the
beginning of the experiment.

.E. Prosthesis Operation
During the execution of the modified SHAP, the prosthesis

operation was consistent across control algorithms (Figure 3).
The switch among grasps was activated only if the current
grasp was fully opened and after a rest classification. During
grasp transitions (around 1 s), the output of the classifiers
was ignored by the prosthesis to avoid conflicting preshape
commands that could damage the device. This scheme bal-
anced the potential desire to remain in a grip even if the hand
was fully open, similar to the scheme used by Simon et al.
[7], prioritizing user control. Indeed, our primary goal was to
minimize erroneous grasp switching, since an unintended grip
change during a task could be disruptive to the user experience.
Within a specific preshape, a classifier prediction coherent with
the current preshape allowed closing the current grasp, while
an incoherent prediction did not produce a prosthetic output.
The speed of each prosthetic movement was set proportionally
to the EMG channel with the highest Signal-to-Noise Ratio
(with respect to the rest state), recorded during training [33].
For example, if channel 1 resulted in the strongest Signal-
to-Noise Ratio EMG during the “Wrist Pronation” training,
then an amplitude of the same channel equivalent to the MVC
would result in 100% speed of pronation, while lower values
would be mapped proportionally.

To summarize real-time operation: EMG samples were
collected in 200 ms windows with 150 ms overlap, yielding
an LDA prediction every 50 ms, approximately 3 ms after
data acquisition, processing, and feature classification [33].
CR introduced no additional delay. MV introduced a 150 ms
delay between class transitions (including the rest class).
OTVL introduced a fixed 150 ms delay after detection of
a relevant STD peak; during this period, predictions were
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ignored. Immediately after, the prosthesis moved according
to the continuous LDA predictions every 50 ms. In parallel,
the OTVL algorithm monitored the prediction stream. Once
8 out of the last 10 predictions were consistent (a minimum
observation of 400 ms), the output was locked (Figure 1b).
This locking did not impose any additional user-perceived
delay, because the prosthesis was already responding to the
continuous stream. Instead, the lock was designed to primarily
stabilize the end of contractions, where muscular fatigue and
EMG offset might otherwise cause misclassifications, without
compromising real-time responsiveness.

.F. Metrics
For each repetition and participant, the total completion time

(TCT) for the three-task sequence, the completion time of each
individual task (CT), and the number of incorrect preshape (IP)
activations were recorded. TCT and CT were tracked using a
digital timer that the experimenter pressed at the beginning
and end of each task, while the IP was determined as the
count of wrong hand preshape transitions in the change from
one task to the following, regardless of the control algorithm.
For each metric, the representative value for each participant
was computed as the average across the repetitions. Moreover,
a repetition was considered successfully completed if the
participant was able to complete all three tasks (carton pouring,
page turning, and rotate key) within a time limit of 50 s per
task. This time limit was established by halving the traditional
SHAP threshold for each unsuccessful task execution (100 s)
to minimize participants’ fatigue [45]. If any task exceeded
the time limit, the trial was interrupted and considered failed.
Based on this, the success rate (SR) was defined for each
participant as the percentage of completed trials. CT, TCT and
IP were computed only considering completed trials. Indeed,
they were not recorded for interrupted sequences, as they were
not comparable with completed trials. However, their impact
is reflected in the SR metric, which mitigates the risk of bias
in the overall comparison. To assess potential learning effects
across task repetitions, a linear mixed-effects model was fitted
with the TCT of each repetition.

Furthermore, to investigate whether the hand and wrist
prepositioning influenced single-task performances, the CT
was differentiated among the trials when prepositioning was
allowed (1st task) or not (2nd and 3rd).

Finally, to assess and compare the subjective perception
of the different control strategies, participants completed the
NASA-TLX questionnaire at the end of the 10 repetitions. The
perceived workload (PW) score was computed as the sum of
the scores across the six NASA-TLX questions [46], [47].

.G. Statistical Analysis
All statistical analyses were performed in MATLAB

R2023b (MathWorks, US) using built-in statistical func-
tions. Data normality distribution was assessed using the
Shapiro–Wilk test. A non-parametric Friedman test was used
to analyze differences across repeated measures in the case of
non-normal distributions. When significant main effects were
detected, post hoc pairwise comparisons were conducted using

the Wilcoxon signed-rank test with Bonferroni correction for
multiple comparisons. Wilcoxon signed-rank tests were addi-
tionally used for paired comparisons between experimental
conditions. Linear mixed-effects models were used to assess
the effect of repetition while accounting for inter-subject
variability. The model included repetition as a fixed effect
and participant as a random effect to account for inter-subject
variability. A nominal significance level of α = 0.05 was
adopted for all statistical tests. Results are presented as median
and interquartile range (IQR).

.H. Offline Analysis
The 150 ms transient window was based on previous studies

[20], and both the window length and the onset detector were
verified and optimized in pilot studies. To further validate
these design choices, the training distributions across all
subjects, sessions, movements, and repetitions were analyzed
a posteriori. Specifically, the grand-average aMAV and aS T D
profiles were computed and compared against the reference
trapezoidal shape.

Similarly, the training distributions from each participant
were used as a post-hoc analysis to validate the data cropping
before training the reference LDA classifiers. Specifically, a
structured two-fold cross-validation was performed for each
participant. Thus, the LDA classifier was trained for each
fold using one of the two repetitions for each arm angle
and using the other as the test set. We evaluated two train-
ing conditions: i) the LDA was trained on all data from
the recorded contraction, including the ramp-up, steady-state
plateau, and ramp-down phases; ii) the LDA was trained only
on the steady-state plateau, after removing 35% from the start
and 25% from the end of each contraction. To provide a
nuanced view of performance, we segmented the test data
into three distinct phases based on the intended trapezoidal
contraction profile that participants were asked to follow:
I) Rest phase: the period at the beginning and end of the
trial, where participants were instructed to be at rest. Only rest
predictions were counted as correct. II) Transient (ascending
and descending) phases: the ramp-up and ramp-down phases,
where the muscle activity is changing. Both rest and specific
movement predictions were counted as correct. III) Steady-
State (plateau) phase: the sustained contraction period. Only
specific movement predictions were counted as correct.

.I. Online Analysis
To further validate the Decision Algorithm, we ana-

lyzed participants’ performance across SHAP repetitions to
characterize pre-locking stability (and thus the locking dura-
tion) and to quantify locking benefits. For each segmented
EMG waveform between detected onset and offset, we
categorized contractions as: (a) shorter than the 8-sample
locking criterion (i.e., insufficient length to achieve stability);
(b) sufficiently long but failing to reach the stability condition
before offset; or (c) those that reached the 8/10 stability
condition. For each category, the classifier stability was com-
puted considering as ground truth the mode over the available
predictions (a) and (b), or the locked prediction (c).
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Fig. 4. Performance metrics across control strategies. a) Success rate: percentage of successfully completed trials within the 150 s threshold per
task, compared across Confidence-based Rejection (CR), Majority Vote (MV), and the proposed Onset-Triggered Vote-Locking (OTVL). b) Total
completion time (n = 10) of the completed trials: Time required to complete the full task sequence, compared between MV and OTVL. c) Linear
mixed-effects model analysis of the Total Completion Time across repetitions for MV and OTVL. Solid lines represent fixed-effect trends; shaded
areas indicate 95% confidence intervals. Dots represent the median total completion time across participants at each repetition for each algorithm.
Boxplots are represented with median and IQR. Statistical significance is shown with “∗” when p < 0.05 and “∗∗” when p < 0.01.

A weighted overall stability was then computed for each
repetition, considering the number of waveforms per category
and their stability. For category (c), we also computed: (i) the
stability of the pre-locking continuous stream, (ii) the time to
lock the predictions, and (iii) the stability that the prosthesis
would have executed without locking (i.e., considering only
the LDA predictions). Results were averaged among the rep-
etitions for each participant.

IV. RESULTS

The total time required to complete the evaluation was
approximately 30 minutes per algorithm, resulting in a total
experiment duration of about 2 hours, including the electrode
placement, donning of the device, algorithm training, and
assessment. Overall, participants achieved the most stable
and efficient performance when using the OTVL algorithm.
Compared with the other control strategies, OTVL enabled
consistent task execution across all subjects, faster completion
of the task sequence, fewer control errors, and lower perceived
workload. All distributions resulted in non-normality. Detailed
results for each outcome measure are presented below.

.A. Objective Metrics
1) Success Rate: The OTVL algorithm provided consis-

tently reliable control (Figure 4a). All participants successfully
completed the majority of trials under this condition, indicating
robust and stable task execution. A similarly high level of
consistency was observed with the MV algorithm, although
performance showed slightly greater variability, and one par-
ticipant was not able to complete any trial within the allowed
timeout. Thus, for this participant, CT, TCT, and IP were not
computed for any conditions (n = 10). In contrast, performance
in the CR condition was markedly poorer: several participants
were unable to complete the task sequence, resulting in
substantially lower success rates. Quantitatively, the median
success rate was 100% (IQR = 0%) for both OTVL and MV,
compared to only 10% (IQR = 60%) for CR. The effect of
the control strategy on success rate was statistically significant
(p < 0.001). Post hoc analyses confirmed that both OTVL

and MV achieved significantly higher success rates than CR
(p < 0.001), whereas no difference was found between OTVL
and MV (p > 0.05). Statistical comparisons involving the other
objective metrics for CR were not conducted due to the limited
number of successful trials with CR.

2) Total Completion Time: Task execution was faster when
participants used the OTVL algorithm. On average, partici-
pants completed the three-task sequence more rapidly with
OTVL than with MV, indicating more efficient execution of
coordinated movements (Figure 4b). Median total completion
time was 56.4 s (IQR = 20.6 s) for OTVL and 62.2 s
(IQR = 7.7 s) for MV. This reduction in execution time was
statistically significant (p < 0.05).

3) Learning Effect: Across repeated trials, a mild learning
effect was observed for both OTVL and MV (Figure 4c).
With OTVL, participants showed a gradual reduction in total
completion time over the 10 repetitions, corresponding to an
estimated slope of −0.71 s per repetition. A similar but slightly
steeper trend (−1.22 s per repetition) was found with MV.
Although these linear fits did not reach statistical significance
(OTVL: p = 0.058, R2 = 0.50; MV: p = 0.083, R2 = 0.18), the
downward trend suggests that both control strategies supported
a modest degree of motor adaptation over time.

4) Task Completion Time: When using OTVL, participants
executed individual tasks more rapidly when hand and wrist
pre-positioning was possible, corresponding to the first posi-
tion in the task sequence (Table I). The same pattern was
observed with MV, indicating that pre-positioning facilitated
execution for both control strategies (Table I). Statistical anal-
ysis confirmed a significant effect of task sequence position for
both OTVL and MV (p < 0.001). For each algorithm, tasks
performed in the first position were completed significantly
faster than those in the second and third positions (p < 0.01),
whereas no significant difference was observed between the
second and third positions.

5) Incorrect Preshape Count: Participants made fewer incor-
rect preshape activations when using OTVL compared with
MV, indicating more precise control and fewer unintended
activations (Figure 5a). The median number of incorrect acti-
vations was 0.6 (IQR = 0.4) for OTVL and 1.5 (IQR = 1.3)
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Fig. 5. Incorrect preshape count and perceived workload evaluation across control strategies. a) Incorrect preshape count (n = 10) of the completed
trials, compared between Majority Vote (MV), and the proposed Onset-Triggered Vote-Locking (OTVL). b) Perceived workload: Overall NASA-TLX
scores reported by participants for each strategy (Confidence-based Rejection (CR), MV, OTVL). Boxplots are represented with median and IQR.
Statistical significance is shown with “∗” when p < 0.05 and “∗∗” when p < 0.01.

TABLE I
MEDIAN AND INTERQUARTILE RANGE (IQR) OF TASK COMPLETION

TIMES (IN SECONDS) ACCORDING TO INDIVIDUAL TASKS (CARTON

POURING, PAGE TURNING, ROTATE KEY) AND FOR ALL TASKS

COMBINED (ALL TASKS). VALUES ARE SHOWN FOR EACH ALGORITHM

AND TASK POSITION (1ST WHEN REPOSITION WAS ALLOWED, AND

2ND AND 3RD WHEN REPOSITION WAS NOT ALLOWED)
USING THE FORMAT MEDIAN: IQR

for MV. This reduction in activation errors with OTVL was
statistically significant (p < 0.01).

.B. Subjective Metrics

1) Perceived Workload: OTVL was also associated with a
lower perceived workload compared with the other control
strategies (Figure 5b). Median NASA-TLX scores were 52
(IQR = 33.5) for OTVL, 67 (IQR = 21.5) for MV, and 95
(IQR = 36.3) for CR, indicating that OTVL required less
cognitive and physical effort than MV and CR. Differences
were statistically significant: post-hoc comparisons showed
that workload with OTVL was significantly lower than with
MV (p < 0.01) and CR (p < 0.001), and that workload with
MV was significantly lower than CR (p < 0.01).

.C. Offline Analysis

The peak of the aS T D grand averaged across subjects,
sessions, movements, and repetitions occurred, on average,
200 ms before the beginning of the plateau of the reference

Fig. 6. Ensembled grand average of the normalized (as percentage)
aMAV (blue) and aSTD (orange) across all participants, sessions,
movements, and repetitions, with the trapezoidal visual prompt (violet).
The shadows represent the standard deviation. The vertical straight line
marks the detected aSTD peak, which occurs, on average, 200 ms
before the ramp plateau (highlighted with a dashed vertical line).

TABLE II
LDA CLASSIFICATION ACCURACY (MEAN ± STD) [%] ON DIFFERENT

PHASES OF THE TEST DATA, WHEN TRAINED ON EITHER THE FULL

CONTRACTION OR THE CROPPED, STEADY-STATE PORTION. FOR THE

REST PHASE, ONLY REST PREDICTIONS WERE COUNTED AS

CORRECT; FOR THE TRANSIENT PHASES, BOTH REST AND

CLASS-SPECIFIC PREDICTIONS COUNTED AS CORRECT;
FOR THE STEADY-STATE, ONLY THE CLASS-SPECIFIC

PREDICTIONS COUNTED AS CORRECT

ramp (Figure 6). Thus, validating the onset detector and the
choice of rejecting predictions for 150 ms after the detected
onset.
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The results of the offline analysis demonstrate that for
the baseline LDA (which includes the Rest class), training
on cropped, steady-state data is superior (Table II). It yields
higher overall accuracy and, critically, more accurate classi-
fication during the Rest and Transient phases. This confirms
our cropping strategy was optimal for the baseline.

.D. Online Analysis

Across participants, a median of 45 EMG waveforms was
segmented. Among these, a median of 2 waveforms (less
than 5%) fell into category (b)–sufficiently long but failing
to reach stability. The weighted overall stability of OTVL
(accounting for all waveforms) was 91.03% (IQR: 4.52%). For
waveforms that reached the stability condition (median: 29),
(i) the median stability of the pre-locking continuous stream
was 91.65% (IQR: 4.88%) with an average of 1 misprediction
occurring before lock per contraction. (ii) The median locking
window was 452 ms (IQR: 35 ms). Critically, the locking
mechanism itself improved stability by 5.56%: locked stability
was 92.45% (IQR: 6.94%), compared to (iii) 86.89% (IQR:
7.35%) of the continuous stream without locking.

V. DISCUSSION

This study proposed a novel semi-locked algorithm for
myoelectric prosthetic control that automatically segments
muscular contractions and locks its predictions once a stability
criterion is met. Its performance was evaluated and compared
with a continuous classifier (LDA) with two common post-
processing strategies (CR and MV) in a functional assessment
that resembled activities of daily living. Eleven able-bodied
participants performed ten repetitions of a sequence of tasks
that involved hand and wrist movements (Cartoon Pouring,
Page Turning, and Rotate Key).

.A. Performance Comparisons

Our proposed semi-locked algorithm considerably outper-
formed the other two testing conditions (continuous LDA with
MV and CR), arguably providing a more stable prosthetic
control as confirmed by the high success rate and the lowest
total completion time (Figure 4). We limited the comparison to
these two robust and well-established post-processing strate-
gies to maintain a controlled experimental design; evaluating
further post-processing conditions (e.g., [29]) would have
required additional effort for the participants (≈ 30 minutes
per algorithm), risking the exacerbation of confounding factors
such as fatigue and learning effects. Therefore, our results
support the conclusion that OTVL is a promising alternative
to conventional LDA-based continuous classifiers with tradi-
tional post-processing algorithms, but do not claim general
superiority for stable multi-DoF prosthetic control.

On the contrary, Confidence Rejection performed the worst.
Indeed, unexpectedly, most of the participants struggled to
complete the task sequence within the allowed timeout due
to frequent unwanted movement rejections, which limited
smooth prosthetic control [18]. The fixed rejection threshold
of 97% confidence was selected based on previous work [18],

[29], [34], [35]. However, these studies were conducted in
offline or virtual assessments; therefore, this threshold did not
likely consider possible variations in the classifier confidence
caused by factors such as muscle fatigue. Probably, the use
of online adaptive rejection thresholds would have improved
CR robustness in real-life applications [29]. Furthermore, in
the original paper by Scheme et al. [18], the LDA classifier
was trained using all data from the ramp contraction, while in
the tested implementation, only the steady-state portions were
exploited.

Considering the MV post-processing, one participant was
not able to perform any task due to continuous misclassi-
fications. Others reported prosthetic instability during task
execution due to continuous mispredictions. The MV buffer of
five windows was based on previous studies [17], and to keep
consistency with the 150 ms delay introduced by the OTVL
algorithm. A longer MV buffer (e.g., 7-time windows) would
have probably mitigated this instability at the cost of longer
movement transition (i.e., 200 ms) [17], [48]. Similarly, the
rejection of classifier predictions for 150 ms after onset deter-
mination was intended to prioritize movement stability over
minimum response time, although close to the optimal con-
troller delay of 100-125 ms [49]. As expected, performances
improved with time for both OTVL and MV (Figure 4b),
probably due to task learning [50], [51]. The lowest TCT,
especially in the first repetitions, may also suggest that the
proposed OTVL immediately benefits prosthetic control.

We argue that the modifications introduced to the orig-
inal SHAP protocol (continuous sequence of actions) are
more representative of activities of daily living because they
include and record the time needed to reposition the prosthesis
(Table I). However, these modifications limit direct comparison
with the previous vast SHAP literature and are meaningful
only with those that reported completion times of individual
SHAP tasks. For instance, the results presented here align
with the literature when a task was the first in sequence.
Indeed, Resnik et al. [52] reported the time of page turning
of the Jebsen Taylor Hand Function test of two participants
with a transradial amputation at intervals of one hour. In the
first hour of the training, participants completed the task, on
average, in 13.06 s. Furthermore, Amsuess et al. [53] reported
average completion times for carton pouring (14.66 s), page
turning (9.47 s), and rotate key (4.61 s) in two individuals
with transradial amputation. The increased completion time
of the key rotation task observed in our experiment was likely
due to the added torque resistance introduced by the prosthetic
bypass.

As expected, the proposed OTVL resulted in a significant
reduction of the incorrect preshapes (Figure 5a). This reduction
may be related to a better handling of the transient portions of
the EMG signal. Indeed, the switch among grasps was acti-
vated only when the current grasp was fully opened and after
a rest classification. This choice was made to reduce erroneous
switching while opening the hand, similar to Simon et al
[7], prioritizing user control over raw speed. The overall
improvement of prosthetic control is likely the main reason
why the perceived workload assessed by the NASA-TLX index
was the lowest with the presented algorithm (Figure 5b).
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Theoretically, the brief observation period (8 / 10 time
windows) to confirm the user’s intent before locking might
create an unstable control phase between onset detection and
vote-locking, during which the output could rapidly fluctuate
as new labels arrived. However, our experimental results
suggest that it did not create problematic instability in practice.
Specifically, only a small fraction (<5%) of sufficiently long
contractions failed to reach the stability condition, and the pre-
locking phase achieved high stability (91.65%) with a median
of only one misprediction before lock. Thus, the Decision
Algorithm did not significantly impact real-time usability, as
the prosthetic device followed user intention correctly even
during the pre-locking phase, while isolated mispredictions
minimally impacted prosthetic control. Moreover, the locking
criterion provided substantial benefit at the end of contractions,
where muscular fatigue and EMG offset would otherwise
introduce instability, as evidenced by the 5.56% stability drop
without locking. These findings, together with the significant
reduction in incorrect preshapes and the lower perceived
workload observed with OTVL (Figure 5) indicate that this
observation period effectively filters spurious misclassifica-
tions without adding significant cognitive burden. Similarly,
the use of a global minimum (aS T Dpeak onset min) for detecting
muscular contractions might have increased sensitivity (and
possibly false onsets). For this reason, it was paired with
the conservative amplitude threshold for identifying candidate
onsets (six times the median aS T D during rest) to balance
robustness and movement detection.

.B. Benefits of the Proposed Framework

The most similar semi-locked approach available in the
literature is the one proposed by Zhang et al. [28]. A direct
performance comparison is hard to draw, as Zhang’s algorithm
was tested in a virtual environment. Nevertheless, our potential
improvements can be listed here. Our implementation required
a shorter onset (150 ms instead of 600 ms) and did not
require a fixed time period to lock predictions but relied on the
consistent prediction output, avoiding locking unstable pros-
thetic outputs. Finally, the proposed Segmentation Algorithm
facilitated movement transitions without the rest constraint of
Zhang’s proposal, by leveraging the STD for both onset [54],
[55] and offset conditions [31].

Compared with traditional methods with onset detection
based on MAV thresholds, here, STD was leveraged to
improve robustness to real-life noise sources [28], [29].
Indeed, if an electrode breaks, its unchanging output results in
a null STD value, minimizing the risk of false onset detections.
Interestingly, STD is suggested to be more robust to muscular
fatigue due to the relative compensation of the increase in
EMG amplitude and reduced frequency [15]. Other state-of-
the-art onset detectors based on energy, such as the TKEO
[56], were not considered here because of incompatibility with
rectified and low-passed pre-amplified electrodes. Indeed, the
very low frequency output of these electrodes would result in
high TKEO values only in the proximity of the EMG peak.
Although the presented Segmentation Algorithm was only
tested with premplified Myobock electrodes, similar results

are expected to be achieved for electrodes with equivalent
bandwidth or with proper digital filtering [54], [57].

The training datasets were not matched across the pro-
posed method and the comparators. Specifically, the compared
methods were trained after removing 35% and 25% from the
beginning and end of each trial, respectively [37], [38], while
the developed method was trained on samples selected by
the proposed Segmentation Algorithm. This asymmetry was
necessary for the need of the traditional LDA to have an
explicit rest class definition. Therefore, any transitory portions
in the EMG were eliminated to maximize the separability
between rest and movement contractions. This design choice
is supported by the performed offline analysis (Table II),
which represents the trimmed version as the optimal baseline.
Although not directly quantifiable from the performed experi-
ment, the broader training distribution could have impacted
users’ functional performances, the main objective of the
study. Indeed, some groups suggested that including the
transient portion in the training set could improve real-time
performances [58], [59], [60], albeit resulting in a higher
number of rest false positives [58] and false negatives [59].
We argue that the rest class mispredictions reported by these
groups might be related to an increased overlap between rest
and active classes’ distributions after the inclusion of the
transient portions. Therefore, we decided to include transient
portions only in the presented algorithm, in which no explicit
rest class for the classifier is provided during classifier training.
If having access to a broader training distribution positively
impacted user performance, that would constitute a crucial
advantage of the proposed framework, which represents an
effective alternative to automatically determine transient and
steady-state portions (Figure 6). Indeed, traditional screen-
guided training was shown to suffer from user temporal
compliance with the screen prompts, leading to a decrease in
offline [61] and online [62] performances. Similarly, timing
issues were reported by Simon et al during unsupervised
prosthesis-guided-training [7].

Finally, although we applied this method to improve the
LDA performance, compared to traditional post-processing
strategies, the framework is generalizable. Indeed, it can be
integrated with other classifiers and sensing modalities, such
as sonomyography [63] or myokinetic control [44], once a
reliable onset is assessed.

.C. Limitations and Future Work

This study is not free from limitations. First, the experi-
ment employed a bypass prosthesis operated by able-bodied
participants. This approach has been widely used in prosthetic
research to preliminarily assess solutions via the emulation of
upper-limb amputation [64]. Although similar performances
are expected, considering the above comparison of completion
time from the targeted demographic [52], [53], future investi-
gations must include individuals with upper-limb amputations
to reach clinical validation. Second, the algorithm requires
sustained EMG activity after the onset to avoid premature
offset detections. Although this requirement of prolonged and
high EMG signals might seem restrictive, we argue that it



PERO et al.: OTVL FOR STABLE MYOELECTRIC CONTROL OF MULTI-DoF PROSTHETIC HANDS 3947

is not a limiting factor. Indeed, modern prosthetic devices
can cover their whole range of motion in less than a second
[36], [65], and signals with a small signal-to-noise ratio are
generally less reliable. Furthermore, future studies may fine-
tune some OTVL parameters (e.g., the number of STDs
that determine candidate peaks for the OTVL training or
a short MV approach in the OTVL continuous stream to
further enhance stability) or may investigate the benefits of
individually tuned parameters that might account for inter-
individual variability. Finally, future studies may integrate
information from the onset portion of the signal into Bayesian
estimators to support the continuous assessment of the steady-
state part.
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