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Abstract

Background Reliable control of rehabilitation and assistive devices using High-Density surface Electromyography
(HD-sEMG) remains limited by poor robustness to electrode shifts, changes in skin condition, and variability across
users.

Methods This study evaluates the performance of the Recursive Prosthetic Control Network (RPC-Net)/High-Density
Electrode Array (HDE-Array) system, defined in previous studies, under conditions that reflect real-life usage, including
electrode repositioning and cross-subject generalization. The first test evaluated whether the RPC-Net/HDE-Array
system maintained stable performance when trained without electrode repositioning and evaluated on data from

a different session with altered electrode placement. The study further examined whether explicitly incorporating
electrode repositioning during training mitigates the performance degradation typically observed when testing is
performed in a separate session. Finally, the effects of inter-subject training were assessed.

Results Experimental results demonstrate that the RPC-Net/HDE-Array system is highly sensitive to electrode
repositioning and skin condition variability when trained under static conditions. However, robustness improves
significantly when such variability is included during training. The results indicate that performance improves with an
increasing number of subjects in the training pool, provided the training set includes only data from subjects other
than the one tested, suggesting a strong dependency on subject-specific patterns

Conclusions These findings demonstrate that the RPC-Net/HDE-Array system can achieve robust performance
across sessions and users when trained under realistic conditions. This work represents a key step toward practical
deployment of muscle-computer interfaces.
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Introduction

Despite significant progress in prosthetic design and
control strategies, abandonment rates remain high, even
for state-of-the-art devices, frequently exceeding 30% [1,
2]. Users cite multiple reasons, including comfort, func-
tional performance, intuitiveness of control, and aesthet-
ics; however, no single factor has been identified as the
dominant contributor to abandonment [3-6]. A central
challenge is achieving natural control, characterised by
isolated finger movements, graded force, effortless daily
use, and integrated sensory feedback [7—9]. While hard-
ware has evolved to offer prosthetic hands replicating full
human kinematics and Functional Electrical Stimulation
(FES) systems targeting individual muscles, many com-
mercial devices still rely on outdated control paradigms,
often dating back decades [10-12]. Recent trends and
user feedback indicate that improved adoption depends
more on advancements in control strategies than on fur-
ther hardware enhancements [6, 13]. In this context, HD-
sEMG has gained attention for its non-invasiveness and
the richness of data it provides [14-16].

In previous studies, two components to address cur-
rent limitations in the control of rehabilitation devices
were developed and validated. First, a shallow neural
network, Recursive Prosthetic Control Network RPC-
Net, that maps High-Density surface Electromyography
(HD-sEMG) signals from the proximal forearm to hand
kinematics, was introduced [17]. Second, traditional gel
electrodes were replaced with the High-Density Elec-
trode Array (HDE-Array) and demonstrated the effec-
tiveness of the HDE-Array in combination with RPC-Net
[18]. While preliminary results are encouraging, further
validation is essential to confirm real-world applicability.

A critical issue concerns electrode repositioning. In
earlier work, as in most similar studies, training and
testing datasets were recorded within the same session,
typically by splitting a single large dataset. This ensures
identical electrode placement during training and testing.
However, for practical deployment, users must be able
to don and doff the device across sessions, possibly days
apart, without sacrificing control accuracy. This implies
that the system should maintain robust performance
even when trained and tested on data from different
sessions, where electrode positions, despite anatomical
landmark consistency, may differ. Changes in skin condi-
tion likewise affect HD-sEMG signals.

The issues of intra-subject consistency and robustness
to changes in electrode position and skin condition have,
in recent years, become a central focus within the HD-
sEMG community. Several studies quantifying the impact
of electrode displacement have reported substantial per-
formance degradation. Du et al. found that convolutional
neural network-based classification accuracy dropped by
30-50% when moving from intra-session to inter-session
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evaluation [19], a result later replicated by Ketyké et al.
[20]. Sun et al. further demonstrated that even a 10 mm
electrode shift can reduce classification accuracy to 20%
[21], with similar magnitudes of decline reported else-
where [22]. Additional studies consistently confirm that
spatial displacement of the electrode array has a major
impact on HD-sEMG accuracy [23-25]. While most of
these investigations evaluate intra- versus inter-session
performance without isolating the contribution of skin-
condition changes, some work specifically highlights
the detrimental effect of variations at the electrode-skin
interface on signal quality and model accuracy [26].
Importantly, nearly all of these studies concern classifica-
tion rather than regression, where signals are assigned to
discrete movement classes rather than mapped continu-
ously to limb kinematics. Only a small number of studies
examine inter-session robustness in regression models,
and these do so indirectly rather than as a primary objec-
tive [27]. Because many of the challenges that affect clas-
sification systems also apply to regression, this gap in
the literature presents an opportunity for contribution.
Collectively, these findings underscore the importance
of addressing inter-session consistency, which remains a
critical requirement for practical deployment of rehabili-
tation and assistive systems.

This line of inquiry naturally extends to the broader
question of how acquisition-related variability compares
with variability arising from inter-subject anatomical
differences. Far from being a theoretical consideration,
this issue is highly relevant in real-world settings: con-
structing a multi-subject training dataset that can later
be refined for individual users could substantially reduce
calibration time and improve usability [28, 29]. Con-
sequently, the effects of inter-subject variability, and
approaches for mitigating them, have also received
increasing attention in recent years. As with intra-subject
variability, much of this work focuses on classification
frameworks [30, 31]. Nevertheless, several studies now
also investigate inter-subject performance in regression-
based decoding, and this research area is growing rap-
idly [32]. One such study directly quantified inter-subject
degradation, reporting a decline from 93.1% intra-subject
accuracy to 69.8% when evaluated on unseen users [33].
Among the methods proposed to address both inter-
session and inter-subject variability, Transfer Learning
(TL) has emerged as a particularly promising approach
[34, 35]. TL is a machine-learning framework in which
a model trained on a source domain, such as data from
other users or sessions, is adapted to a target domain that
differs in distribution, enabling the model to maintain
high performance with reduced subject-specific training
data and improved generalization across users, sessions,
or acquisition conditions. This general principle can be
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implemented in various ways depending on the applica-
tion domain [34].

Given the importance of robustness to electrode shifts
and skin condition changes, as well as the potential of
multi-subject training, this work evaluates the RPC-Net/
HDE-Array system along these dimensions. Specifically,
robustness is assessed by comparing system performance
under two conditions: training without repositioning
and training with repositioning incorporated. Addition-
ally, the effect of inter-subject training was evaluated by
measuring performance when the system is trained on
data from multiple users. Four experimental hypotheses
regarding the RPC-Net/HDE-Array system were tested:

1. When electrode repositioning is not incorporated in
the training session, the accuracy of the RPC-Net/
HDE-Array system decreases when the model is
tested on data from a different recording session,
where variations in electrode placement occur,
compared to testing on data from the same session,
where electrode positioning remains constant

2. When the RPC-Net/HDE-Array system is tested on
data from the same session as the training data, its
accuracy remains unchanged regardless of whether
electrode repositioning is included during training

3. The performance degradation observed when the
system is trained without electrode repositioning
and tested on data from a different session can be
mitigated by incorporating electrode repositioning
during training

4. Including inter-subject data in the training set
improves the overall performance of the system,
providing a valid alternative to an increased amount
of subject-specific data

To test these hypotheses, a new dataset of HD-sEMG and
hand-position recordings was acquired, incorporating
electrode repositioning during training, and was comple-
mented with previously acquired datasets for compara-
tive analysis.

Materials and methods

This section describes the instrumentation and soft-
ware used in this study (Sect. "Instrumentation”) and
the experimental procedures employed to assess the
hypotheses (Sect. "Experimental Protocol”). All proce-
dures followed the Declaration of Helsinki and received
approval from the local ethics committee (CEP Unicamp,
Approval Reference: 34583120.2.0000.5404). All data
used in this study are available online [36].

Instrumentation
Electromyography (EMG) was recorded on the surface
of the dominant forearm using the MEACS system, the
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EMG amplifier developed at LISiN (Politecnico di Torino,
Turin, Italy) [37, 38]. The system is made up of multiple
Sensor Units (SUs), each measuring 34 mm x 30 mm X
15 mm and sampling 32 channels at f; = 2.048 kHz (192
V/V gain, 16-bit resolution, 2.4 V dynamic range). The
modular system can connect to various electrode arrays
(e.g. HDE-Array, the array of dry electrodes developed
in earlier research and defined in our previous study)
[18]. Hand position data were acquired using a motion
capture system (Vicon Motus; Vicon Motion Systems,
Oxford, UK) sampling at 100 Hz. The setup included 12
infrared cameras (Vero v2.2) and 33 reflective markers.
EMG data were acquired using the MEACS system inter-
faced through BP, a proprietary desktop application. The
MEACS system streams raw EMG signals wirelessly to a
laboratory desktop computer, where the BP application
records, displays and processes them in real time. Motion
data were recorded with Vicon Nexus (v2.11, Oxford
Metrics plc). To synchronise the EMG and motion track-
ing data, the MEACS system incorporates a wireless
synchronisation unit linked to the Vicon Lock. When
motion tracking starts or stops, this unit emits a digital
signal recorded alongside the EMG data, facilitating the
alignment of the two data sets. A depiction of the instru-
mentation used for this study, including the HDE-Array
and the glove used for motion tracking, is shown in Fig. 1.
Subsequent data processing, including filtering and fea-
ture extraction, was performed using MATLAB (R2024a,
The MathWorks, Inc.), while custom algorithms were
implemented in Python, using BSD-licensed libraries.

Experimental protocol

The objective of the experiments was to assess the
hypotheses defined in Sect. "Introduction”. The follow-
ing subsections detail the data acquisition protocol, pre-
processing pipeline, network training strategy, testing
methodology, and performance evaluation metrics for
RPC-Net.

Data

Two datasets were used in this study, labelled as DS1 and
DS2, which are structurally similar but differ in several
key aspects [36]. DS1 was acquired for previous studies,
while DS2 was acquired specifically for this study [18,
39]. For clarity and conciseness, the data collection and
processing procedures used for DS2 are described and its
differences from DS1 are highlighted. For a more thor-
ough description of the procedures involved in the acqui-
sition of DS1, readers are referred to the relevant paper
[18]. Table 1 summarises the structure of the two data
sets and the difference between them
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Fig. 1 Experimental setup: a Motion tracking reflective markers embedded in glove. b HDE-Array configuration: The array is shown wrapped around the
participant’s forearm. Components are labelled. ¢ Full experimental setup is shown. Subject sits wearing the HDE-Array and the glove with embedded

markers

Table 1 Summary of differences between DS1 and DS2.a

DS1 DS2.a
Subjects 16 4
Date Nov-Dec 23 Jul-Aug 24
Sessions 2 2
Time between sessions  1-48 hrs <30 mins
EMG Channels 64 32
Electrode Repositioning  No Yes

Skin preparation Before each session  Between trials 4 and 5

DS2.a: joint EMG and kinematic data with electrode
repositioning

DS2 comprises two subsets, DS2.a and DS2.b, but only
DS2.a was used in the present study. As such, only the
procedures relevant to DS2.a are reported. DS2.a com-
prises data acquired at the Department of Orthopedics,
Rheumatology, and Traumatology, State University of
Campinas (SP, Brazil), between July and August 2024.
Four right-handed healthy volunteers, reporting no sur-
gical interventions on their dominant arm, participated
in the study (S29-S32; age: 21 to 28 years; weight: 75 to
90 kg; height: 180 to 195 cm; forearm circumference: 22
to 30 ¢cm). Written informed consent was obtained from
all participants. Each subject completed two sessions of
simultaneous HD-sEMG and hand kinematic data col-
lection, both performed on the right arm. During the
first session (DS2.a.s1), each subject completed six tri-
als; in the second session (DS2.a.s2), they completed two

additional trials, for a total of eight trials. During each
trial, subjects performed 16 hand poses: 4 wrist poses:
flexion, extension, adduction, abduction; 8 finger poses:
index finger metacarpophalangeal flexion and extension;
index finger proximal interphalangeal flexion and exten-
sion; flexion and extension of the middle, ring, and little
fingers; adduction and abduction of the index and mid-
dle fingers; 4 thumb poses: flexion, extension, adduction,
abduction.

Before the start of the first session, electrodes and
markers were placed. Twenty-one reflective markers
were positioned on the dominant hand (embedded in
a glove), and 12 more on the upper limb and trunk, for
a total of 33 markers (Fig. 2). EMG was acquired using
one SU connected to the proximal row of HDE-Array.
This resulted in 32 dry electrodes arranged in a single
row around the forearm, for a total of N = 32 monopo-
lar EMG channels. An additional elastic band around the
HDE-Array secured the array and improved skin contact.
HDE-Array was positioned so that the proximal electrode
of column 1, as defined in Fig. 2, was located at 30% of
the distance between the lateral epicondyle and pisiform
bone. The reference electrode was placed on the lateral
epicondyle. A 10-second recording was performed to cal-
ibrate the Vicon system by instructing wrist movements.
Each trial consisted of 32 movements (16 poses repeated
two times). Participants were seated with their domi-
nant forearm on a vertical support at shoulder height. A
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Fig. 2 Subject setup: a HDE-Array placement around the forearm, showing the front and back views. Light blue and orange dots represent electrode
locations. The array is positioned with electrode 1 at 30% of the distance between the lateral epicondyle and the pisiform bone. b Placement of 12 infrared
markers on the subject’s body. c Placement of 21 infrared markers on the hand and 2 on the forearm, with each marker positioned proximally to a joint
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Fig. 3 Experimental Protocol Diagram. This figure shows the experimental procedure followed in both DS1 and DS2.a. The preparation steps and the

composition of each session is detailed

monitor prompted poses in random order every 6 to 8 s.
The interval between prompts was adjusted by the partic-
ipants for comfort, without a specified transition speed.
Each trial lasted 200 to 260 s, depending on the length
of the interval between prompts. To introduce variabil-
ity in electrode positioning, the HDE-Array was removed
and reapplied (following the same anatomical landmarks)
between each trial. Additionally, to introduce variability
in skin conditions, an abrasive paste was applied between
trials 4 and 5 to reduce skin impedance. Trials 1 to 6 con-
stitute the first session. After a break of less than thirty
minutes, participants completed two more trials, making
up the second session, following the same experimental
protocol. Electrodes were again repositioned between tri-
als, though no further skin preparation was performed.

These latter two trials constitute DS2.a.s2 as referenced
throughout the rest of this manuscript. This process is
summarised in Fig. 3.

DS1: joint EMG and kinematic data without electrode
repositioning

DS1 was acquired as the primary dataset for a previous
study [18]. The acquisition procedure is similar to that of
DS2.a, with the following key differences: 1) Data were
collected at the Laboratory of Motion Analysis (Politec-
nico di Torino) between November and December 2023.
Sixteen healthy right-handed volunteers (S13-S28; 8
males, 8 females; age: 20 to 26 years; weight: 55 to 90 kg;
height: 165 to 195 c¢m) participated. 2) EMG data were
acquired using two MEACS SUs connected to both the
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proximal and distal rows of the HDE-Array, yielding 64
dry electrodes arranged in a single circumferential row
around the forearm. When compared with data from
DS2.a, only the 32 proximal electrodes are considered.
3) No electrode repositioning was performed during the
first session. 4) Skin preparation was carried out before
the start of both sessions. 5) The interval between ses-
sions ranged from several hours to two days. 6) In the
second session, no electrode repositioning was per-
formed between the two trials. The first six trials, making
up session 1, will be referenced as DS1.s1, and the final
two (session 2) as DS1.s2.

Pre-processing

The pre-processing procedure is intended to transform
the acquired data into suitable inputs for RPC-Net. Raw
EMG signals were first converted from bits to volts, then
offset-corrected, rectified, and transformed into Root
Mean Square (RMS) values using a sliding window of
w; = 200 samples (97.7 ms). The window slide w, was
adjusted based on prompt duration, as defined in Sect.
"DS2.a: Joint EMG and Kinematic Data with Electro-
deRepositioning™: 25 samples for 8 s, 29 for 7 s, and 33
for 6 s, ensuring consistency in sample number across
subjects. Given an electromyographic signal that is L
seconds long and N-dimensional, the output of the post-
processing procedure is [ = floor(%:“”) + 1 samples
long and N-dimensional. The resulting RMS values were
divided by 10~* to bring the data into a standardised
range suitable for RPC-Net training, resulting in unit
variance.

64-channel EMG
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Vicon marker positions were processed using a 20th-
order moving average filter and subsequently mapped
into a 29-dimensional joint-angle space using the Inverse
Kinematic Algorithm (IKA). To prepare the joint-angle
data for network training, rest angles were subtracted,
and the resulting values were normalised by dividing
by 45 degrees, centring the data at zero and resulting in
unit variance. Finally, linear interpolation was applied
to align the sampling rates of the EMG and joint-angle
data, ensuring synchronised, time-matched input—out-
put pairs for RPC-Net training. Given an L-second long
signal, the output of the post-processing procedure is
= flomﬂ(%:“”) + 1 samples long and J-dimensional.
Pre-processing was identical for DS1 and DS2.a. The pre-
processing procedure is depicted in Fig. 4.

Kinematic model

RPC-Net requires joint angles as input and returns those
in output, so the IKA was developed in a previous study
to translate 3D marker positions, as captured by the
motion capture system, into 29 hand joint angles [18].
The core of the IKA is an optimisation process designed
to identify the 29 joint angles (one per kinematic Degree
of Freedom (DoF)) that best approximate the marker
positions, executed for each frame captured by the Vicon
system. The IKA projects from a 3D space to a J-dimen-
sional joint angle space (J/ = 29, number of joints). A
Forward Kinematic Algorithm (FKA) was developed to
convert joint angles into marker positions.

3-D Position Out
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Fig. 4 Processing pipeline diagram. This figure shows the procedure followed in this study to pre-process the data, train RPC-Net, and post-process the
data. The green arrow in the top-right indicates the comparison made for performance assessment
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RPC-net training and post-processing

RPC-Net, as defined in our previous study, is a neural
network that estimates hand position from HD-sEMG
signals acquired on the proximal forearm, refining esti-
mates recursively based on prior values [17]. The version
of RPC-Net used in this study processes inputs from 64
(or 32) EMG channels and 29 joint angles. Each sub-
network, responsible for a specific joint angle, excludes
its corresponding input channel, using the remaining 28
angles instead. This setup creates a robust recursive loop
between EMG signals and past angles. During training,
actual joint angles replace past estimates. During the test-
ing phase, joint angles produced by the RPC-Net undergo
processing via a fourth-order low-pass Butterworth filter
(with a cutoff frequency f. = 1 Hz) to eliminate high-fre-
quency fluctuations and are subsequently mapped back
into 3D space using the FKA.

In this study, two versions of RPC-Net were used:
RPC-Net-32, which uses 32 EMG channels as input, and
RPC-Net-64, which processes 64 channels. RPC-Net-32
is used in the part of the study evaluating the system’s
robustness to electrode displacement and skin condition
variability, while RPC-Net-64 is used in the second part,
which assesses the impact of multi-subject training. Both
versions were implemented in PyTorch. On an Intel(R)
Xeon(R) Platinum 8268 Central Processing Unit (CPU)
at 2.90 GHz, RPC-Net-32 achieves an average Inference
Time (IT) of 1.3 ms (standard deviation: 0.2 ms) across
10° iterations. The network was trained with the Adam
optimiser (in its PyTorch implementation), learning rate
=107% ¢ =10"12%; B; = 0.9; B2 = 0.99; batch size = 2000;
loss criterion = MSELoss. The model was trained for 200
epochs. During the training of RPC-Net, the joint angle
input data were from the recording, and the recursion
loop was not used. RPC-Net-64 achieved an average IT
of 4.2 ms (standard deviation: 0.2 ms). Given the larger
input size and dataset used for the second part of the
study, a batch size of 10,000 was adopted for training.

Performance assessment

The performance of RPC-Net was assessed as its ability
to estimate the position of the hand from the electromyo-
gram. The performance was measured with two indica-
tors: Mean Pearson Correlation Coefficient (MPCC) and
Mean Distance (MD), both computed for the test trial
only. MPCC is the mean of the individual Pearson Cor-
relation Coefficient (PCC) obtained from comparing the
actual and predicted joint angle values for each of the 29
Degrees of Freedom (DoFs) considered, over the whole
test trial. MD is the mean, over the whole test trial, of
the distances between index, middle, and thumb tips and
their estimates. A thorough definition of MD and MPCC
is included in our previous study [17].
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Assessment of robustness to electrode shifts and skin
conditions
To evaluate Hypotheses 1 to 3, the performance of the
RPC-Net-32/HDE-Array system under different training
and testing conditions was compared. Specifically, it was
varied whether electrode repositioning was introduced
during training, and whether the system was tested on
data from the same session or from a separate session.

Two main assessment configurations are defined: 1)
Intra-session assessment: RPC-Net-32 was trained on 5
out of the 6 trials (a 5:1 train-test split) within the same
session, namely DS2.a.s1 or DS1.s1, and tested on the
remaining trial from that session. 2) Extra-session assess-
ment: RPC-Net-32 was trained on the same 5 trials from
DS2.a.s1 or DS1.s1 but tested on one of the two trials
from DS2.a.s2 or DS1.s2, respectively. In this case, the
same subset of 5 trials used for the Intra-session assess-
ment was used, without adding the sixth one to the train-
ing data.

Because DS2.a included electrode repositioning and
DS1 did not, these two assessment types yield four dis-
tinct cases, defined with a two-letter abbreviation:

1. Intra-session with repositioning (DS2.a): IR.

2. Extra-session with repositioning (DS2.a): ER.
3. Intra-session without repositioning (DS1): IN.
4. Extra-session without repositioning (DS1): EN.

Comparing system performance across these four cases
addresses Hypotheses 1 to 3. Additionally, to explore
how the amount of training data affects performance
(Hypothesis 2), intra-session performance of the system
(with and without repositioning) was assessed using sub-
sets of 1, 2, 3, 4, and all 5 training trials, while holding
the same test trial fixed. An average was then performed
across all possible trial combinations to minimise selec-
tion bias.

Assessment of generalised training via inter-subject data
This experiment was conducted exclusively using DSI.
Since no direct comparison with DS2.a was required, all
64 HD-sEMG channels recorded from the forearm were
used. Only intra-session data were considered (6 trials
per subject). The goal was to evaluate the generalization
capability of RPC-Net-64 when trained on data from
multiple subjects. The dataset was split into subsets of 2,
4, 8, or 16 subjects. For group sizes of 2, 4, and 8, subjects
were randomly selected into non-exhaustive groupings.
Specifically, 8 random groups of 2 subjects, 4 groups of 4
subjects, and 2 groups of 8 subjects were evaluated.

Four training combinations (0, 1, 3, and 5) were consid-
ered. For combinations 1, 3, and 5 the training protocol
consisted of using all data from subjects in a subgroup
(training subjects) except one (testing subject) to train
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RPC-Net-64. Additionally, a number of training tri-
als (corresponding to the combination identifier) from
the testing subject were also included during training.
These never included the test trial, which remained the
same across all combinations, and was used in the testing
phase to assess performance. Regardless of group size,
simulations were run such that each subject served as
the test subject once per group size. This meant that, for
each group size considered, 16 versions of RPC-Net-64
were trained. For each combination, 64 versions of RPC-
Net-64 were trained (four group sizes x 16 subjects).
Results were averaged across group sizes (16 data points
per size). To contextualize performance, a within-subject
baseline in which RPC-Net was trained exclusively on
data from the test subject using the same number of trials
(i.e., 1, 3, or 5, depending on the combination) was also
evaluated. The objective of this assessment is to evaluate
if data from other subjects can effectively substitute, dur-
ing training, data from the testing subject. The aim was to
evaluate if, for example, the performance observed when
training the system on 5 trials from the testing subject
can be replicated by training on just one trial, and supple-
menting with data from different subjects.

For combination 0, no data from the testing subject
were included in training. This combination represents a
boundary case, and aims to determine how well the sys-
tem can perform when trained on data from other sub-
jects only. As per combinations 1,3 and 5, regardless of
group size, simulations were run such that each subject
served as the test subject once per group size. This meant
that, for each group size considered, 16 versions of RPC-
Net-64 were trained. Results were averaged across group
sizes (16 data points per size).

Hypothesis testing

Four hypotheses to evaluate the performance of the RPC-
Net/HDE-Array system under varying experimental con-
ditions were tested:

1. When electrode repositioning is not incorporated in
the training session, the accuracy of the RPC-Net/
HDE-Array system decreases when the model is
tested on data from a different recording session,
where variations in electrode placement occur,
compared to testing on data from the same session,
where electrode positioning remains constant. To
test this hypothesis, system performance in the IN
and EN conditions, as defined in Sect. "Assessment of
Robustness to Electrode Shifts and SkinConditions"
was compared. A one-sided paired t-test was used
to assess whether the mean performance across
subjects differed significantly between conditions,
using both MD and MPCC as evaluation metrics.
The null hypothesis assumed equality between
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conditions, while the alternative hypothesis reflected
the expectation that intra-session performance
would be superior. Specifically, the hypotheses tested
were Ho : pury > pen vs. Hy @ purn < pgn for
MD, and Hy : prny < pipn vs. Hy @ v > pen

for MPCC. This reflects the fact that lower MD

and higher MPCC indicate better performance.
Normality of the distributions was verified with a
Shapiro-Wilk test.

. When the RPC-Net/HDE-Array system is tested on

data from the same session as the training data, its
accuracy remains unchanged regardless of whether
electrode repositioning is included during training.
To test this hypothesis, the performance of the
system under IN and IR conditions was analysed,
across increasing numbers of training trials. For each
condition, performance curves were constructed

by fitting a non-linear regression model of the form
y=a+b- e(e®) where x is the number of training
trials and y is the corresponding performance metric
(MD and MPCC). Each curve was fit using 80

data points (16 subjects x 5 training trial counts).
Parameter estimates are reported, and the coefficient
of determination (R?) was used to assess goodness
of fit. To assess whether the IN performance curve
generalised to the IR condition, the fitted model

was applied to the repositioning data and compared
the distributions of residuals using Levene’s test. A
non-significant result was interpreted as evidence
that the variability in model fit was consistent across
conditions, supporting generalizability. As a formal
test of performance comparability at full training
exposure, a one-sided unpaired t-test on the 5-trial
condition was conducted. The alternative hypothesis
assumed that performance without repositioning
would be superior. Specifically, hypotheses tested
were: Hyg : urn > prr and Hy @ pury < prg for MD;
Hy:piy < prgpand Hy 2 pry > prg for MPCC.
Normality was verified with a Shapiro-Wilk test.

. The performance degradation observed when the

system is trained without electrode repositioning
and tested on data from a different session can be
mitigated by incorporating electrode repositioning
during training. To evaluate this hypothesis, a one-
sided paired t-test comparing IR and ER performance
was performed. The alternative hypothesis was
that IR performance would be superior, reflecting
a degradation in performance when transitioning
across sessions. Specifically, the hypotheses tested
were: Hy : urp > pgrand Hy @ urr < ppr for
MD; Hy : pirr < ppr and Hy @ prr > pgr for
MPCC. To assess whether repositioning-aware
training mitigates this degradation, the results

of this test were compared to the corresponding
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no-repositioning case. Additionally, a one-sided

unpaired t-test to directly compare ER and EN

was performed. The alternative hypothesis was

that training with repositioning would result in

better generalization across sessions. Specifically,

the hypotheses tested were: Hy : tgr > 1EN

and H1 UER < WEN for MD; HO UER < UEN

and H; : ppr > pen for MPCC. Together, these

analyses test whether training with electrode

repositioning improves the system’s robustness

to session-to-session variability. Normality of the

distributions was verified with a Shapiro-Wilk test.
4. Including inter-subject data in the training set

improves the overall performance of the system,

providing a valid alternative to an increased amount

of subject-specific data. To evaluate this hypothesis,

Spearman’s rank correlation test was performed

to assess whether system performance exhibited

a monotonic trend with respect to the number

of training subjects. This analysis was conducted

separately for each of the four experimental

combinations (cases 0, 1, 3, and 5), defined by

the number of additional training trials from the

test subject. For all cases, the hypothesis tested

was Hg : p=0and H; : p # 0. The result was

then interpreted to assess whether the monotonic

trend was increasing or decreasing. To support

the interpretation of monotonic trends, linear

regression models of the form y = ax + b were also

fit for each case, where x represents the number

of training subjects and y the performance metric.

Finally, to provide a direct comparison of the effects

of generalised training, the results observed for

combination 5 with 15 additional subjects and with

no additional subjects were compared. A two-sided

paired t-test: Hy : 15 = p1 and Hy @ 15 # pq was

used for both MD and MPCC. Normality of the

distributions was verified with a Shapiro-Wilk test.

Results

This section presents the results of the experimental eval-
uations outlined in Sect. "Hypothesis Testing". Specifi-
cally, it examines the impact of electrode repositioning
and skin-condition variability on system performance, as
well as the effectiveness of incorporating such variabil-
ity during training. Additionally, the section assesses the
influence of inter-subject training on the generalization
capabilities of the RPC-Net/HDE-Array system.

Robustness of RPC-net against electrode repositioning

To evaluate whether the performance of RPC-Net
decreases when electrode repositioning is included in
the testing phase, as posited in Hypothesis 1, EN and IN
results were compared. Figure 5 displays performance
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for four experimental configurations: intra-session and
extra-session testing, both with and without electrode
repositioning during training. The comparison between
intra- and extra-session results without reposition-
ing reveal a substantial deterioration in performance.
The MD increased from 31.5 mm to 65.1 mm, while the
MPCC dropped from 0.69 to 0.34. Both differences were
statistically significant, as confirmed by one-tailed paired
t-tests (MD: H1: u;n < pgn, p = 4.1-107%; MPCC: HI:
WIN > pEN, p = 1.5:107%). As a result, Hypothesis 1 is
supported: RPC-Net does not maintain consistent per-
formance across sessions in the absence of repositioning-
aware training. Summary values for all conditions are
provided in Table 2.

Effect of repositioning on intra-session learning

Including electrode repositioning during training was
evaluated for its influence on learning dynamics of RPC-
Net under intra-session conditions. Specifically, it was
assessed whether performance trends as a function of
training set size differ in IR and IN. Figure 6 illustrates
system performance across increasing numbers of train-
ing trials, reported in terms of MD and MPCC. In both
the no-repositioning and repositioning conditions, per-
formance improves consistently with additional train-
ing data. A relatively stable performance gap is observed
across all training set sizes; approximately 5 mm in MD
and 0.05 in MPCC, with the no-repositioning condi-
tion achieving slightly better absolute values. How-
ever, both trends appear to follow similar trajectories in
shape. To quantify these trends, the performance data
were fit with a non-linear exponential model of the form
y = a+b- e, where x denotes the number of training
trials and y the performance metric. For all conditions
and metrics, the R? goodness of fit values were computed
(MD, no-repositioning: R? = 0.27; MPCC, no-reposition-
ing: R? = 0.21; MD, repositioning: R? = 0.44; MPCC,
repositioning: R? = 0.29) and Spearman’s rank corre-
lation test gave: MD, no-repositioning: p = 7.5-10733;
MPCC, no-repositioning: p = 6.9-10~22; MD, reposition-
ing: p = 4.5.10716; MPCC, repositioning: p = 6.5-107°.
These results confirm the presence of a statistically mean-
ingful learning trend with increasing data. Although the
fixed-effects curves explain only a modest proportion of
pooled variance (R? = 0.21-0.44), this is expected given
the design: values were computed on cross-subject data
at only five training-set sizes, where large baseline differ-
ences between subjects dominate total variance and can-
not be captured by a single population curve. Moreover,
residuals are heteroscedastic across trial counts, fur-
ther reducing R? despite a consistent monotonic trend.
Because the analysis aimed to describe overall learning
behaviour rather than predict individual performance,
the stronger indicator is the rank-based Spearman test,
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Fig. 5 Comparison of RPC-Net performance under different conditions: The figure shows the performance of the RPC-Net/HDE-Array system with and
without electrode repositioning and across intra- and extra-session scenarios for all subjects. Interquartile ranges, means, and medians are shown. t-test
results for MD: IN vs. EN: Ho : urny > peN; Hi : piny < pen:t(15) =—662,p=41-106; INvs. IR: Hg : purn > prr; Hi : prny < prg: t(18) =
—090,p=19-10"1Y;IRvs.ER' Ho : prr > prr;H1 : prr < perit3)=—461,p=96-10"3;ERvs.EN: Ho : ppr > pueN;H1 : per < pen:t(18)
=-1.89,p=3810"2. t-test results for MPCC: IN vs. EN: Ho : urny < pen; Hi : prn > pen:t15)=721,p=1510"%INvs. IR Ho : purny < prR;
Hy:prny > prr:it(18)=083,p=21-10"1: Rvs.ER: Ho : prr < per; Hi : prr > per: t3)=186,p=80-10"2,ERvs.EN: Hy : ppr < LEN;
Hy:pgpr > peN:t(18)=2.15p=23.10"2

Table 2 Effect of Electrode Repositioning and Session Variability

on RPC-Net Performance evaluates whether the variability (i.e., spread) of residuals

Condition MD (mm) MPCC differs significantly across conditions, which would indi-
Repositioning, Intra-Session 345 mm 065 cate model misfit. Levene’s test revealed no significant
No Repositioning, Intra-Session 315 mm 069 differences in residual variance for either performance
Repositioning, Extra-Session 429 mm 057 metric (MD: statistic = 3.31, p = 6.9-10~2; MPCC: statis-
No Repositioning, Extra-Session 65.1 mm 0.34 tic = 0.30, p = 5»8'10_1)’ suggesting that the underlying
MD Mean Distance. MPCC Mean Pearson Correlation Coefficient. LowerMDand ~ model structure is applicable to both conditions. The fit-
higher MPCC indicate better performance ted regression parameters for each curve are reported in

Table 3. According to these models, approximately 90%
which shows highly significant monotonic improvement  of asymptotic performance is reached between 3 and
with additional trials (p < 0.001). Thus, low pooled R?is 5 training trials in both cases. Finally, to directly assess
compatible with, and does not contradict, the presence of  end-point performance, a one-sided unpaired t-test was
a clear learning effect. conducted comparing the five-trial results under both

To assess whether the performance model from the training conditions. No statistically significant differences
no-repositioning condition could generalise to the repo-  were observed (MD: p = 1.9-10~1; MPCC: p = 2.1-107}),
sitioning data, the fitted no-repositioning model was indicating that repositioning during training does not sig-
applied to the repositioning data and compared the nificantly affect final performance when sufficient data is
resulting residuals using Levene’s test. This analysis available. These findings support Hypothesis 2: RPC-Net
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Fig. 6 '"Intra-session performance with and without electrode repositioning: System performance (MD and MPCC) across all subjects as a function of
the number of training trials. Interquartile ranges are shown. Dashed lines represent the best-fit exponential curves (y = a + b - e(c®)); estimated coef-
ficients are reported in Table 3. R2 For MD-IN: R? = 0.27; MD-IR: R? = 0.44. For MPCC-IN: R2 = 0.21; MPCC-IR: R2 = 0.29. Spearman’s rank test results:
MD-IN: p=-0.50,p=7.5-10733; MD-IR: p = —0.65, p = 4.5-10~16; MPCC-IN: p = =041, p = 6.9-10~22; MPCC-IR: p =049, p = 6.5-10~ . Mean differences
between mean values and exponential estimate: MD-IN: 0.1 mm; MD-IR: 0.2 mm; MPCC-IN: 0.001; MPCC-IR: 0.002. Levene's test results: For MD, Levene's

statistic = 3.31, p = 6.9-10~2; for MPCC, statistic = 0.30, p = 5.8-10~1."

Table 3 Fitted parameters of the exponential performance

model

No Repositioning Repositioning

MD (mm) MPCC MD (mm) MPCC
a 303+29 0.70£0.03 33.1+63 0.66 + 0.07
b 262+56 —0.31+£0.09 29.7£7.1 -033+0.14
C —0.66 +0.32 —0.74 £ 040 —0.56 £ 042 —0.68 +0.63

Fitted parameters for the exponential model y = a + b - e(¢®) where x is
the number of training trials and y is the performance metric (MD or MPCC).
Values are shown for intra-session training under both repositioning and no-
repositioning conditions

achieves comparable intra-session performance regard-
less of whether electrode repositioning is included in
training, particularly when trained on a sufficient num-
ber of trials.

Effect of repositioning on cross-session performance

To assess whether incorporating electrode reposition-
ing during training mitigates performance degradation
across sessions, as stated in Hypothesis 3, IR and ER
results were compared. As shown in Fig. 5, the impact of
session changes under this condition is notably reduced
compared to the no-repositioning case. Although the MD
increased from 34.5 mm to 42.9 mm between intra- and
extra-session conditions (Hi: piir < pier; p = 9.6:1073),

the decline in MPCC from 0.65 to 0.57 was not statisti-
cally significant (Hy: prgp > pggr; p = 8.0-1072). These
results suggest that incorporating repositioning during
training attenuates the negative impact of session-related
variability on system performance. This conclusion is
further supported by a direct comparison of ER and EN
performance. When repositioning was included, per-
formance improved significantly for both MD (42.9 mm
to 65.1 mm; Hy: pupr < pgn; p = 3.8:1072) and MPCC
(0.57 to 0.34; Hy: pupr > peN; p = 2.3-1072). Overall,
these results confirm Hypothesis 3: training with elec-
trode repositioning improves the system’s robustness to
cross-session variability, reducing performance deterio-
ration in more realistic usage scenarios.

Effect of inter-subject training on system generalisation

To assess whether including inter-subject data in the
training set improves the overall performance of the sys-
tem, as stated in Hypothesis 4, performance was evalu-
ated across different training combinations that included
varying numbers of subjects. The analysis considered four
experimental combinations (Cases 0, 1, 3, and 5), defined
by the number of trials from the test subject incorporated
into the training set: Case 0: No data from the test sub-
ject included; Case 1: One trial included; Case 3: Three
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Fig. 7 Performance as a function of number of training subjects: Performance trends for Cases 0, 1, 3, and 5 as a function of the number of training
subjects. Each marker shows the mean performance across all subjects for the given case; interquartile ranges are indicated. Dashed lines depict the best-
fit linear relationships (y = ax + b); computed parameters with confidence intervals are in Table 4. The x-axis is plotted on a base-2 logarithmic scale.
Regression results: For MD: Case 0: R2 = 0.09, p = 1.9:-10~2; Case 1: R% = 0.50, p = 2.6-10~13; Case 3: R2 =027, p=85-10"7; Case 5: R2 =038,p =
14109 For MPCC: Case 0: R2 =0.10,p = 1.3-10~2; Case 1: R2 = 0.56,p = 1.9-10~1%; Case 3: R =0.31,p=9.7-10~8; Case 5: R2 = 0.36,p = 3.4-10~9.
Spearman’s rank test results: for MD: Case 0: p = —0.30, p = 1.8-1072; Case 1: p=0.83,p = 1.1-10721; Case 3: p= 041, p = 1410~ %; Case 5: p= 051, p
=1.6-1075. for MPCC: Case 0: p = 0.35, p =4.5-1073; Case 1: p = —0.81, p = 4.9-10729; Case 3: p = —047,p = 13-107%; Case 5: p=-0.52, p = 7.3-10~ 7

Table 4 Fitted parameters for the linear performance model

Case 0 1 3 5
MD
a -1.00 1.77 0.71 0.79
Cl(a) +0.83 +040 +0.26 +0.23
b 804 310 330 288
Cl(b) +76 +33 +2.1 +19
MPCC
a 0.005 -0.022 —0.013 -0.013
Cl(a) +0.004 +0.005 +0.005 +0.004
b 0.20 0.71 0.71 0.75
Cl(b) +0.03 +0.04 +0.04 +0.03

Parameters and Cls of the equation axz + b for different experimental
conditions. MD Mean Distance; MPCC Mean Pearson Correlation Coefficient

trials included; Case 5: Five trials included. Performance
trends for each case are shown in Fig. 7. Linear regression
models of the form y = a + bz were fitted to describe
the relationship between the number of training subjects
and system performance, measured by MD and MPCC.
The fitted parameters are reported in Table 4. The lin-
ear regression revealed a significant positive or negative
relationship (p < 0.05) for all cases. The results reveal
that in cases 1, 3, and 5, performance tends to decline
as more subjects are added. These trends are confirmed

by the results of Spearman’s rank correlation test. For
MD, the p-values associated with the test Hy:p =0
were: 1.1.1072' (Case 1), 1.4-10~* (Case 3), and
1.6-1076 (Case 5). For MPCC, the corresponding values
were 4.9-1072%, 1.3-107°, and 7.3-1077, respectively. The
values of p were positive for MD (cases 1,3 and 5), and
negative for MPCC. A paired two-sided t-test comparing
performance with one subject versus 16 subjects (with
five test-subject trials included in both cases) revealed a
statistically significant drop in accuracy when adding 15
more subjects (MD: #(15) = -8.57, p = 3.7-10~7; MPCC:
t(15) = 8.15, p = 6.9-1077), as illustrated in Fig. 8. These
results do not support hypothesis 4, as performance does
not improve when including data from a larger pool of
subjects. For the sake of completeness, the results derived
from Case 0, where no data from the testing subject were
included in training, are also reported. The results reveal
a divergence in behaviour between Case 0 and the other
three cases, as in the former performance improves with
the number of additional subjects, reflecting a positive
generalization effect. These trends are confirmed by the
results of Spearman’s rank correlation test. For MD, the
p-value associated with the test Hy : p = 0 was: 1.8-1072,
and 4.5-1073 for MPCC. The value of p was negative for
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Fig.8 RPC-Net performance with one and sixteen training subjects: The figure shows the performance of the RPC-Net/HDE-Array system in Case 5 when
trained with either 15 additional subjects or no additional subjects, across all test subjects considered in this study. The interquartile range is shown, along
with the mean and median of each distribution. t-test results for MD: 1 vs. 16: Ho : pu1 = pie; H1 @ p1 # pie: t(15)=-857,p= 37-10~ 7. t-test results
for MPCC: 1vs.16: Hg = 1 = pie; Hi : p1 # pie: t(15)=8.15,p=6.9-10"7

MD and positive for MPCC reinforcing the opposing
direction of the performance trend when subject-specific
data is present. Only Case 0 aligns with Hypothesis 4 by
demonstrating improved performance with increasing
subject diversity in the absence of any overlap with test-
subject data.

Discussion

The results presented in the previous section indicate
that the RPC-Net/HDE-Array system is not inherently
robust to electrode shifts and skin condition variabil-
ity when such factors are absent from the training data.
However, introducing this variability during training sig-
nificantly mitigates performance degradation, enhancing
the system’s robustness in more realistic scenarios. In
addition, the findings suggest that inter-subject training
does not provide an adequate substitute for additional
data from the tested subject. This section provides a
detailed interpretation of these findings in relation to the
study’s original hypotheses and positions them within the
context of current research in the field.

The primary objective of this study, articulated through
Hypotheses 1 to 3, was to evaluate the robustness of the
RPC-Net/HDE-Array system to electrode repositioning
and skin condition variability. The findings presented in
Sect. "Robustness of RPC-Net Against Electrode Reposi-
tioning" clearly show that, under the previously adopted
training protocol, where data are acquired within a
single session and without repositioning, the system
fails to generalise when electrodes are reapplied. In this
condition, endpoint errors exceed 65 mm, a substantial
increase compared to the typical performance of under
35 mm. Such a level of inaccuracy renders the system
unsuitable for reliable control applications. This degra-
dation is also well below the performance reported in
previous work and in other relevant studies, with some
subjects exhibiting near-zero correlation between esti-
mated and actual joint angles [17, 18, 40]. These results
support the first experimental hypothesis.

However, when variability is intentionally introduced
during the training phase, specifically through repeated
electrode repositioning and skin preparation, the system
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becomes substantially more robust, as demonstrated
in Sect. "Effect of Repositioning on Cross-Session Per-
formance" . In this configuration, the performance drop
between intra- and extra-session testing is reduced to
less than 8 mm, with extra-session MD values falling
below 45 mm. This performance level is comparable to
prior results and aligns with the broader state of the art.
Moreover, the 22 mm improvement in MD between the
extra-session conditions with and without reposition-
ing-aware training underscores the effectiveness of this
approach. Importantly, the electrode repositioning dur-
ing data collection was performed by the subjects them-
selves, not by the researchers. This procedure eliminates
potential bias and demonstrates the system’s potential
robustness in real-world use cases, where users must
independently don the system across multiple sessions.
Given these results, it is possible to state that the third
hypothesis was successfully demonstrated. Additional
support for this conclusion comes from Sect. "Effect of
Repositioning on Intra-Session Learning" , which shows
that including repositioning in the training protocol does
not significantly impair intra-session performance. The
observed difference, approximately 5 mm in MD, and
the non-significant p-value, suggest that training pro-
tocols incorporating variability can still be suitable for
both offline validation and real-time control scenarios.
These results support the second hypothesis of the pres-
ent study. Lastly, while the results presented here may
appear slightly worse than those previously reported on
the same dataset in a previous study, this discrepancy
is attributable to a methodological change: in this part
of the current study, only a single row of electrodes was
used, whereas previous work employed both proximal
and distal rows [18]. The findings presented in this part of
the study are particularly important for the development
of user-friendly, deployable assistive technologies, where
users cannot rely on precise electrode reapplication by
trained personnel. In real-life scenarios, individuals must
be able to maintain performance over time and operate
the device as independently as possible. Ensuring robust
performance under self-operated conditions significantly
lowers the barrier to adoption in both clinical and home
settings, making long-term rehabilitation and daily assis-
tive use more feasible. The results demonstrate that the
RPC-Net/HDE-Array system can support this level of
robustness.

The present findings are consistent with prior reports
on strategies to mitigate inter-session variability. For
example, Du et al. observed an increase in classification
accuracy of 30% with deep domain adaptation across
sessions, and Ketyko et al. reported a 77% improvement
using a two-stage RNN with a learned linear adaptation
layer [19, 20]. Direct comparison with our results, how-
ever, is not straightforward for two reasons. First, both
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studies address classification, so their performance met-
ric (accuracy) is not directly comparable to the distance-
and correlation-based metrics used here for continuous
kinematic regression. Second, those approaches imple-
ment post hoc, algorithmic domain adaptation, whereas
our strategy is data-centric: we expand the training dis-
tribution by acquiring data across multiple electrode
placements and skin conditions so that the model learns
the variability directly. Closer to our approach, Kim et
al. evaluated how performance changes when training
on different numbers of donning-doffing sessions [23];
in this study, moving from multi-session training (4-9
sessions) back to single-session training typically costs
8-15 percentage points of accuracy, depending on the
posture set. Furthermore, Pereira et al. showed that train-
ing on augmented electrode positions markedly reduces
shift-induced degradation, standard training loses 25%
accuracy under electrode shift, whereas training on all
channel subsets limits the drop to 2—4% and improves
session-to-session performance by 4-7% [22]. Taken
together, this evidence supports the central conclusion
of our work: explicitly representing expected variabil-
ity, whether via post hoc adaptation or by training on a
broadened, multi-domain dataset, substantially improves
robustness in HD-sEMG-based control systems.

The second objective of this study, addressed through
Hypothesis 4, was to evaluate whether including data
from additional subjects during training could improve
the performance of the RPC-Net/HDE-Array system. As
shown in Sect. "Effect of Inter-Subject Training on Sys-
tem Generalisation”, such improvement was observed
only when no data from the test subject were included
in the training set (Case 0). This finding suggests that
the model is highly sensitive to subject-specific patterns
in the sSEMG data. When personalised data are available,
they appear to dominate the learning process; introduc-
ing data from other individuals may dilute their influence,
thereby reducing overall performance. An exception can
be observed in the fact that, when using three trials from
the test subject, performance appears to improve when
an additional subject is included in the training set. This
result, while representing an exception, indicates that,
in some cases, the addition of another subject can bring
improvements. Conversely, when subject-specific data
are unavailable, the addition of inter-subject data likely
enables the model to learn more generalizable patterns
of activation. In this case, performance improves with
the number of training subjects, likely due to increased
exposure to variability across individuals. Still, across all
conditions tested, the inclusion of even a small amount
of data from the target subject consistently yielded better
results than purely inter-subject training. Interestingly,
the performance trend observed in Fig. 7 appears linear
in model space, though the logarithmic scaling of the plot
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may visually exaggerate early improvements. This sug-
gests the possibility that, with a sufficiently large train-
ing pool, inter-subject training alone could eventually
outperform combinations that rely on limited subject-
specific data. Future work will focus on expanding the
number and diversity of subjects to explore this direction.

Our inter-subject findings are consistent with prior
work showing that naive pooling across users rarely
substitutes for even limited personalisation. In classifi-
cation, cross-subject evaluation typically incurs a sub-
stantial penalty relative to subject-specific models [30,
31], with recent reports quantifying drops from 93.1% to
69.8% when moving to unseen users [33]. For continu-
ous decoding, cross-subject regression likewise shows
reduced correlation and higher error unless some form
of user adaptation or transfer is applied [32]. In our data,
adding other subjects helped only when no target-sub-
ject data were available (Case 0), but degraded perfor-
mance once even small amounts of target-subject data
were present (Cases 1/3/5), mirroring the conclusion
that broad pretraining is useful, yet lightweight person-
alisation remains critical. Together with recent transfer-
learning studies [34, 35], these results suggest a hybrid
path forward: learn a general prior from diverse users,
then retain a brief, low-burden calibration step to cap-
ture subject-specific patterns. In summary, the findings
suggest that the RPC-Net/HDE-Array system currently
relies heavily on subject-specific data and does not reli-
ably benefit from inter-subject learning when such data
are available, thus only partially demonstrating the fourth
hypothesis of this study. The development of a success-
ful inter-subject training protocol would be of paramount
importance for real-time applications because it would,
potentially, remove the need for subject-specific train-
ing, giving end-users a device ready for use without the
need for refinement. Further studies will aim to achieve
this result.

Conclusion

This study validated the performance of the RPC-Net/
HDE-Array system under realistic conditions, where
assumptions of consistent electrode placement and
stable skin conditions no longer hold. The results dem-
onstrate that, while the system is sensitive to such vari-
ability when unaccounted for, deliberately introducing it
during training significantly enhances robustness. This
supports the feasibility of using an initial training phase,
based on motor tracking, to enable consistent control in
subsequent sessions without retraining. The potential of
inter-subject training to improve performance was also
evaluated. While promising only in the absence of test-
subject data, these results show that RPC-Net can gen-
eralise from multi-subject datasets to achieve satisfactory
performance. Developing a robust protocol for effective
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inter-subject training remains an important goal. If
achieved, it would reduce time-consuming subject-
specific calibration, providing users with a ready-to-use
interface for intuitive and natural control.

Several limitations temper the generalisability of our
findings. First, we used two datasets with distinct acqui-
sition setups and session structures (Sect. "DS2.a: Joint
EMG and Kinematic Data with ElectrodeRepositioning"
and Sect. "DS1: Joint EMG and Kinematic Data without
ElectrodeRepositioning"). DS2.a (used for repositioning
analyses) employed a single circumferential row of 32
dry electrodes with repeated subject-led donning/doffing
between trials and a short break between sessions (less
than 30 min). It also introduced a controlled change in
skin condition (abrasive paste) midway through Session
1. By contrast, DS1 (used for the no-repositioning base-
line and for inter-subject analyses) originally recorded 64
channels (two rows), performed skin preparation before
both sessions, and featured longer inter-session intervals
(hours to two days), with no repositioning during ses-
sions. Although, for fairness, only the 32 proximal chan-
nels of DS1 were considered when directly compared
to DS2.a in the repositioning analysis, residual differ-
ences remain and may have influenced effect sizes. In
particular:

o Inter-session interval The shorter pause in DS2.a
could have reduced physiological drift (e.g.,
hydration, perspiration, impedance changes) relative
to DS1. As a result, the extra-session performance
drop observed with repositioning-aware training in
DS2.a (typically < 8 mm MD) may underestimate
the degradation expected over multi-day intervals.
Conversely, the larger extra-session drop in DS1
(without repositioning) may reflect a combination
of time-dependent skin/interface changes and
session-to-session variability, not solely a lack of
repositioning-aware training.

o Skin-condition protocol DS2.a deliberately altered
skin impedance once within Session 1, whereas DS1
standardised skin preparation at the start of both
sessions. These differences help test robustness
under realistic conditions but confound a strict
attribution of performance changes to repositioning
alone. Disentangling the isolated effects of electrode
shift versus skin-interface changes will require a
factorial design that manipulates them independently
across matched session intervals.

o Sample size and statistical power Repositioning-
aware cross-session comparisons involved four
participants (DS2.a; see IR vs. ER, #(3)), limiting the
precision of effect-size estimates and increasing the
risk of type II error for some outcomes (e.g., MPCC
in cross-session tests). By contrast, no-repositioning
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comparisons (DS1; IN vs. EN) involved 16
participants, yielding higher power but also
reflecting a different session structure. Future work
will increase the number and diversity of participants
under each condition to harmonise power across
analyses.

Further constraints include: (i) Population all partici-
pants were able-bodied and right-handed; generalisation
to clinical populations (e.g., individuals with limb loss,
neuromuscular conditions, or altered muscle physiol-
ogy) remains to be established. (ii) Open-loop evaluation
performance was assessed offline; closed-loop, real-time
control with functional tasks is needed to quantify usabil-
ity, stability, and user adaptation. (iii) Ground-truth kine-
matics joint angles were derived from optical motion
capture via an inverse-kinematics model; modelling
errors and marker artefacts may add noise to MPCC/MD
estimates. (iv) Scope of variability repositioning in DS2.a
did not explicitly control the magnitude and direction
of shifts (e.g., circumferential rotation versus proximal-
distal displacement), and only a single-row configuration
was tested in the robustness experiments; broader shift
taxonomies and multi-row configurations may reveal dif-
ferent sensitivities.

To address these limitations, future studies will: (1)
unify acquisition protocols across sites (array configura-
tion, session timing, and skin-prep procedures) to isolate
the contributions of electrode shift versus time-depen-
dent skin changes; (2) increase cohort size and diversity,
including clinical populations; (3) perform closed-loop
evaluations with assistive devices and functional tasks;
(4) quantify and control specific shift types (rotational vs.
longitudinal, magnitude calibration) and test multi-row
arrays within the same protocol; and (5) explore hybrid
strategies that combine data-centric variability exposure
with light-weight subject adaptation to reduce calibration
while preserving performance.

Within these constraints, our results demonstrate
that representing expected variability during training
substantially improves robustness across sessions, and
that limited, targeted subject-specific data remain more
valuable than broad inter-subject pools for the current
RPC-Net/HDE-Array pipeline. By improving robustness,
reducing calibration demands, and identifying concrete
next steps toward full generalization, this work advances
muscle-computer interfaces toward intuitive, ready-to-
use solutions that can meaningfully improve the quality
of life for individuals with upper-limb impairments.

Abbreviations

FES Functional electrical stimulation
HD-sEMG High-density surface electromyography
SEMG Surface electromyography

EMG Electromyography
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RPC-Net Recursive prosthetic control network
HDE-Array  High-density electrode array

IKA Inverse kinematic algorithm

FKA Forward kinematic algorithm

DoF(s) Degree(s) of freedom

MD Mean distance

pCC Pearson correlation coefficient
MPCC Mean pearson correlation coefficient
IT Inference time

MSE Mean squared error

CPU Central processing unit

SU(s) Sensor Unit(s)

a Confidence interval
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