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Abstract

Sensorimotor rhythms (SMR) are widely employed in brain–machine interface applications,
although their reliable detection during overt upper-limb movements remains challenging
because of motion artifacts and concurrent peripheral activity. This study investigated
whether SMR modulation can be decoded during elbow flexion and extension performed
under active and resistive conditions resembling robot-assisted rehabilitation, with and
without voluntary modulation. Nine healthy participants executed four experimental
conditions while electroencephalography (EEG), electromyography (EMG), and inertial
measurement unit (IMU) signals were synchronously acquired. EEG data were analyzed
using a filter bank common spatial pattern (FBCSP)-based classification pipeline, whereas
EMG signals were used to estimate exerted force. Subjective workload was evaluated
through the NASA-TLX questionnaire. Classification accuracies generally exceeded the
theoretical chance level, reaching average values above 73% ± 14% and above 80% ± 12%
when discriminating voluntary SMR modulation independently of movement type. Only
a few individual cases were at or below the theoretical chance level. EMG analyses con-
firmed higher force production during resistive tasks, while event-related desynchroniza-
tion/synchronization analyses revealed distinct cortical modulations in the µ and β bands,
indicating the presence of task-related cortical modulation underlying the decoded fea-
tures. These findings demonstrate the feasibility of detecting SMR modulation during
overt upper-limb movements and support the potential of the proposed framework for
future adaptive robot-assisted rehabilitation systems, where movement resistance could be
modulated according to real-time neural activity.

Keywords: sensorimotor rhythm modulation; movement execution; robot-based rehabilitation;
EEG; EMG; IMU; brain–computer interfaces

1. Introduction
Effective neurorehabilitation relies on two key requirements: intensive exercise and

engagement of the patient [1,2]. To address the former, the development of minimally
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supervised robot-based rehabilitation systems is underway to deliver safe, repetitive,
and high-intensity exercises, especially for the upper limb [3–5]. To address the latter
requirement, patient involvement has become a growing focus in the development of
rehabilitation strategies [6]. Notably, patients’ engagement is an essential requirement to
stimulate neuroplasticity and either promote motor recovery after a stroke or slow down
the progression of degenerative diseases [2,7].

Robotic rehabilitation can be delivered through modalities [8]: in passive mode, the
movement is entirely driven by the robot, in active mode it is initiated by the user, active-
assistive mode provides support when user effort is insufficient, while the resistive mode
challenges the user by applying opposing force. A promising solution in the direction
of volitional participation is the use of brain–computer interfaces (BCIs) based on motor
imagery, which allow patients to interact with robotic devices through their neural signals,
thereby fostering volitional control over the rehabilitation exercises [9–12].

While these systems represent a significant step toward effective neurorehabilitation, in
most implementations motor imagery serves primarily to initiate the movement. After that,
the exoskeleton predominantly operates in passive mode [6,13], or it relies on paradigms
beyond motor imagery to improve on-line control [14–16].

Numerous studies explored the detection of movement intention or assessed user’s
mental engagement during rest-to-movement transitions [17–20], but relatively few in-
vestigated protocols in which users are required to actively maintain kinesthetic imagery
throughout the execution phase [21,22] or examined approaches that rely on input signals
other than electroencephalographic (EEG) activity [23]. This represents a critical gap in
the rehabilitation field, as voluntarily modulating sensorimotor rhythms (SMR) during
movement execution would enhance volitional control and promote more effective motor
learning [23].

The possibility to dynamically adjust both resistance and assistance levels according
to the individual’s performance is a well-documented and widely acknowledged require-
ment expressed by therapists [24–26]. Although BCI-based rehabilitation has been widely
investigated in passive and assistive modalities [18], the application of BCIs within resistive
training remains largely unexplored. No study has systematically assessed the feasibil-
ity of detecting voluntary sensorimotor rhythm modulation during active and resistive
movement modes using EEG. This constitutes a research gap, given that resistive training
promotes superior motor recovery compared to purely assistive protocols [8].

For these reasons, investigating the feasibility of measuring SMR during overt move-
ments is of particular interest, as this information could potentially be used in the future
to adjust the level of robotic assistance or resistance [27]. A well-recognized challenge in
BCIs based on spontaneous brain activity is the variability in classification performance
across users, which can lead to unstable or delayed control responses [28,29]. Such vari-
ability poses a limitation for their reliable use in real-world rehabilitation scenarios, where
consistent decoding of user intent is essential to ensure effective interaction with assistive
or robotic devices [30,31]. In this perspective, adapting the resistance level based on real-
time detection of SMR could represent a promising strategy to design more flexible and
inclusive rehabilitation systems [32]. Individuals showing lower SMR detectability would
still benefit from reduced resistance, enabling them to complete the exercises effectively,
whereas higher-performing users could be presented with increased resistance to promote
engagement and enhance motor learning [8]. This approach could, therefore, contribute to
the development of adaptive robotic protocols capable of personalizing both the cognitive
and physical workload according to individual capabilities [11].

In this context, the primary objective of this study was to assess whether SMR can be
effectively detected during upper-limb movement execution particularly when participants
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are actively engaged in the task. To this end, a system for the synchronized acquisition of
multiple biosignals, including EEG and electromyography (EMG) as well as inertial mea-
surement unit data (IMU), was developed, and an experimental campaign was conducted
to investigate differences in these signals in the presence or absence of SMR voluntary
modulation, as well as across active and resistive movement conditions for two movement
types: elbow flexion and extension.

The article is organized as follows: Section 2 presents the acquisition system, the
experimental protocol, the experimental setup and the analyses performed, Section 3
reports the corresponding numerical results, and Section 4 discusses the results focusing
on open issues and next steps. The study was conducted on healthy participants and was
intended to provide an initial proof of concept before future validation in robot-assisted
rehabilitation scenarios involving clinical populations.

2. Methods
The proposed system is shown in Figure 1.

python

IMU

EMG

EEG

Unity

LSL

TCP

SERIAL

UDP

Figure 1. Diagram of the system with implementation choices per block and communication between
them. Adopted abbreviations: Lab Streaming Layer (LSL), Transmission Control Protocol (TCP), User
Datagram Protocol (UDP).

The following signals were synchronously acquired via a Python script:

1. EEG signals, transmitted via Bluetooth and received through the Lab Streaming Layer
protocol;

2. EMG signals, recorded from the right bicep, transmitted via Wi-Fi and received
through the Transmission Control Protocol;

3. IMU signals, collected via a sensor positioned on the participant’s wrist and connected
via serial communication.

A custom script was developed in a custom manner for synchronous multimodal
acquisition, with separate threads used to collect EEG, EMG, and IMU data in parallel.
The biosignals were also synchronized with trials timing. The graphical interface was
developed in Unity. It delivered visual instructions to the participant regarding both the
type of movement to perform and the execution timing. Timing was controlled by Unity,
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which communicated with the Python 3.12 (Python Software Foundation, Wilmington,
DE, USA) script via the User Datagram Protocol. Both environments ran on the same
hardware. This event-based messaging system allowed the Unity application to trigger
events such as trial start, stimulus cues, and run end, enabling temporal alignment across
all recorded modalities.

2.1. Experimental Protocol

Figure 2 illustrates the timing of the experimental protocol for each phase, including
system montage, task execution, and administration of the NASA-TLX questionnaire. The
total duration of a single experiment was approximately 70 min. Participants performed
a series of elbow flexion and extension movements, while wearing the EEG, EMG and
IMU devices, in two conditions: active and resistive. A 1.4 kg dumbbell was used to apply
resistance to the movement. The load was selected based on preliminary experiments to
provide a consistent increase in physical effort while remaining comfortable and sustainable
by all participants throughout the experimental session.

0 10 20 30 40 50 60 70 t(min)

Montage
EEG, EMG, IMU

Execution
16 runs, 14 trials NASA-TLX

N° Run 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Condition A AM R RM A RM AM R AM R RM A RM A R AM

(a)

Fixation Cross
Visual Cue 

Task execution Intertrial rest

0 1 2 3 4 5 6 7 t(s)

(b)

Figure 2. Experimental protocol overview. The top panel illustrates the timing from montage to
execution and final questionnaire. The middle panel details the specific tasks performed under
different run types (A: active, AM: active with SMR voluntary modulation, R: resistive, RM: resistive
with SMR voluntary modulation). The bottom panel shows the timing of a single trial. (a) Experi-
mental protocol overview from montage to execution and final questionnaire. (b) Detailed timing of
tasks and single-trial structure under different run types (A: active, AM: active with SMR voluntary
modulation, R: resistive, RM: resistive with SMR voluntary modulation).

For each movement condition, participants were instructed to perform the task under
two mental states:

• without voluntarily modulating SMR, where the user just executed the movement;
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• with SMR voluntary modulation, where participants were asked to mentally focus
on the kinesthetic sensation of muscle contraction, joints rotation and to visualize the
limb movement in their mind during the actual execution of the task.

All participants received standardized instructions on how to voluntarily modulate
SMR through kinesthetic imagery. Specifically, they were first instructed to focus on the
sensation associated with muscle contraction during elbow flexion and extension, then
to mentally rehearse this sensation through kinesthetic imagery, and finally to perform
such voluntary SMR modulation concurrently with the movement when required by the
protocol. No formal assessment of the participants’ initial ability to perform the task was
conducted. Four runs were executed per combination of movement condition and mental
state, resulting in a total of 16 runs recorded per participant. Each run was composed of
14 trials (7 flexions alternated with 7 extensions), thus, totaling 28 × 4 trials per type of
movements for each movement condition and mental state. The sequence of runs was
randomized with the constraint of no consecutive runs with same movement modality, but
the same run sequence was used for all participants. The random sequence is reported in
the middle of Figure 2.

The timing of each trial is represented at the bottom of Figure 2. At the beginning, a
fixation cross appeared for 2 s to guide in keeping the eyes in a steady position, then a cue
indicating the task to perform appeared for 3 s during which participants were required to
perform the overt movement. Finally, a short pause of random duration between 1 s to 2 s
was presented to mitigate automatic movement initiation across consecutive trials.

At the end of the experiment, each participant completed a NASA Task Load Index
(NASA-TLX) questionnaire [33] to assess the perceived physical and cognitive workload
across the different run types: active (A), resistive (R), active with SMR voluntary modula-
tion (AM) and resistive with SMR voluntary modulation (RM).

2.2. Experimental Setup

For the EEG recording, an actiCAP with 28 electrodes (Brain Products GmbH, Gilching,
Germany) was used [34]. The electrodes were arranged according to the 10–10 international
system in the following positions: F3, Fz, F4, FC3, FC1, FCz, FC2, FC4, C3, C1, Cz, C2, C4,
CP3, CP1, CPz, CP2, CP4, P3, Pz, P4, PO3, PO4, O1, Oz, O2. Four additional electrodes
were placed to record electrooculographic activity as reported in Figure 3. The reference
electrode was positioned on the left earlobe, and the ground electrode on the right earlobe.
The reference and ground electrodes were placed on the earlobes with clip electrodes.
EEG signals were recorded at 250 Hz and amplified using the LiveAmp system by Brain
Products (Brain Products GmbH, Gilching, Germany) [34].

EMG signals were recorded using HD-sEMG equipment (OT Bioelettronica, Turin
Italy) with a sampling rate of 2000 Hz. The signals were amplified [35] with the sessan-
taquattro+ system [36]. The device was positioned on the participant’s back and secured
with an adjustable strap, while a reference electrode was placed on the left scapula. To
ensure optimal signal conductivity, the electrode area was prepared with a dermabrasive
gel and cleaned with ethyl alcohol. An electrode matrix of 32 electrodes (1 mm diameter),
was arranged in an 8 × 4 grid with an inter-electrode distance of 1 cm. The matrix was
positioned on the right biceps brachii, while the triceps was not monitored to keep the ac-
quisition setup as streamlined as possible with a view to future applications. It was placed
on the line between the medial acromion and the fossa cubit at 1/3 from the fossa cubit.

Finally, an IMU from WIT Motion [37] was used to monitor the movement of the arm.
The device sample rate was 100 Hz. The device was positioned on the right wrist of the
participant. The overall montage is shown in Figure 4, where the picture of a participant
was taken during an experiment with the resistive movement.

https://doi.org/10.3390/machines14080855

https://doi.org/10.3390/machines14080855


Machines 2026, 14, 855 6 of 20

EEG electrodes 

EOG electrodes 

Reference 

 Ground

VU

HLHR

VD

Ref. Gnd.

Figure 3. Custom electrode configuration with 28 EEG electrodes in blue within the 10–10 standard
locations, and four electrooculographic (EOG) electrodes placed above and below the right eye
(VU and VD) and at the outer canthi of the left and right eyes (HL and HR). Part of the image was
generated using AI and does not represent a real participant.

Inertial Movement Unit  (Wit-motion), 
arm movement monitoring sessantaquattro+ (OT Bioelettronica),

EMG recording

Dumbbell, 
1.4 kg

LiveAmp 32 (Brain Products),
EEG recording

Figure 4. The system worn by a participant taking part in the experiments, with all of the adopted
devices highlighted.

2.3. Data Analysis

For each signal, a different pre-processing strategy was applied:

• EEG signals were band-pass filtered run-by-run in the 0.1 Hz to 100.0 Hz range, along
with a notch filter at 50 Hz to eliminate power line interference. Filtering was per-
formed using a state-variable filter applied sample-by-sample to preserve the temporal
structure of the signals. Subsequently, ocular artifacts registered with electrooculo-
graphic channels were removed using an H-infinity adaptive filtering approach [38].
After that, channels that exceeded the threshold of 200 µV were discarded, with an
average of approximately two channels removed per participant.

• EMG signals were pre-processed using an adaptive template subtraction filter [39]. The
procedure included band-pass filtering in the 10 Hz to 500 Hz range, as well as notch
filtering at 50 Hz and its harmonics up to 500 Hz to remove power line interference.
Cardiac artifacts were subsequently suppressed through an adaptive removal method
consisting of: (1) QRS detection, (2) construction of an electrocardiogram template by
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averaging detected complexes, (3) low-pass filtering to minimize residual noise, and
(4) subtraction of the template from the EMG signal.

• IMU data were resampled to match the sample rate of either the EEG or EMG signals,
depending on the performed analysis. Among the six-channel available information
(acceleration and angle referred to the three axes), acceleration along the y-axis was
identified as the most representative indicator of arm movement.

The pipeline used to classify different EEG signals offline was based on the filter bank
common spatial pattern approach [40] for feature extraction, followed by feature selection
using the minimal redundancy-maximal relevance criterion [41] and a linear discriminant
analysis classifier. EEG data were filtered into four non-overlapping frequency bands
(8–12 Hz, 12–18 Hz, 18–28 Hz, 28–40 Hz) with Chebyshev type II band-pass filters [42].
These data were then segmented using a 2.00 s-wide sliding window with a 0.20 s shift. The
analysis window was evaluated over the SMR interval, from 2.00 s to 5.00 s. All the EEG
epochs related to the same time interval (with respect to the trial timing) were processed by
the proposed classification pipeline. During the test phase, each EEG epoch was projected
using the spatial filters learned during the training phase, and the log-variances of the
projected signals were computed as features [40,42,43].

For each window and number of selected features (ranging from 5 to 48), the mean
classification accuracy and standard deviation were computed using repeated 5-fold cross-
validation performed at the trial level [44]. In each repetition, trials were exclusively
assigned to either the training or the test set, thereby preventing data leakage between the
two sets. The resulting cross-validation accuracy was then used to compare the different
time windows and the configuration yielding the highest mean classification accuracy
was retained for the subsequent analyses. Only windows entirely contained within the
movement interval, identified from IMU recordings, were considered.

This pipeline takes inspiration from a previous work, where it was particularly efficient
in distinguishing SMR associated with motor imagery versus rest [43]. Moreover, the
rationale behind the non-standard frequency band partitioning was to favor real-time
control by adopting lighter filtering without compromising performance. Indeed, this
same approach was already adopted by the winners of the BCI race associated with the
Cybathlon Challenges 2023 [42], other than recently exploited in a self-paced BCI [43].

To evaluate the significance of SMR-related activation, binary classification was first
performed for comparing A versus AM, R versus RM, A versus R and AM versus RM.
Additionally, to evaluate the overall capacity to detect SMR regardless of the specific
movement, a further classification was carried out by merging movement types (i.e.,
aggregating elbow flexion and extension) and focusing on detecting the presence or absence
of SMR. To assess whether the observed classification performances exceeded chance level,
the analytical approach proposed in [45] was adopted. Specifically, for the single-condition
binary classifications (n = 56 independent trials), the statistical chance threshold results 63%
with a significance α = 0.05. For the aggregated task classification (n = 112 independent
trials), the corresponding threshold is 59% at the same significance level.

The elbow flexion and extension conditions were aggregated to assess whether the
proposed EEG-based pipeline could distinguish SMR associated with movement conditions
characterized by different levels of physical effort, independently of the specific motor
task. This analysis represents a first step toward potential future applications in adaptive
rehabilitation, where identifying whether SMR is associated with an active or a resistive
condition may provide useful information to support adaptive robotic assistance strategies.
To investigate the effect of fatigue during the experimental session, two additional analyses
were conducted. For mental fatigue, a temporal trend of the Theta/Beta Ratio (TBR) on
channel Fz was evaluated [46]. For each participant, TBR values were first log-normalized
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with respect to the first run (A) to reduce inter-subject variability. Group-level comparisons
were then made by comparing the average TBR of the first four runs with that of the last
four runs (runs 13–16), ensuring that the compared groups contained the same experimental
conditions. Muscular fatigue was investigated through a temporal trend of the median
frequency (MDF) [47] of the EMG power spectrum, a commonly adopted spectral indicator
of muscle fatigue. For each participant, the mean MDF of each run was obtained by
averaging the channel-wise MDF values. MDF values were then log-normalized with
respect to the first active (A) and the first resistive (R) run to reduce inter-subject variability.
Group-level comparisons were performed separately for the active (A + AM) and resistive
(R + RM) conditions by comparing the average normalized MDF values of the first two
and the last two repetitions of each movement modality. In both analyses, a Wilcoxon
signed-rank test was carried out to understand whether any fatigue affected performance
over time.

As for the EMG processing, signals were first segmented into trials by detecting the
onset of each movement using IMU data. For each trial, a 3 s segment starting from the
movement onset was extracted. The EMG signals were then full-wave rectified and low-
pass filtered at 5 Hz to compute the envelope for each channel [48]. Finally, the envelopes
were averaged across channels to obtain a single representative EMG amplitude (µV) for
each trial. Inter-participants comparison was enabled by normalizing EMG amplitudes to a
participant-specific baseline, thus, reducing variability due to physiological and acquisition-
related factors like skin impedance, electrode placement and muscle morphology. For each
participant and movement type, the baseline µA was the mean EMG amplitude across
all trials of the active condition (A). The trials of each experimental condition were then
expressed as the percentage variation relative to the baseline [49], namely

∆% =
Mi − µA

µA
× 100, (1)

where Mi is the mean EMG amplitude of the considered trial. The normalized trial-
level values were pooled across participants to provide the EMG distributions across the
experimental conditions.

Group-level statistical differences across conditions were assessed using pairwise
comparisons among the eight condition pairs, namely A versus AM, R versus RM, A
versus R, and AM versus RM for elbow flexion and extension, respectively. To ensure the
robustness and interpretability of the findings, the following complementary metrics were
computed for each test:

• the effect size r = |Z|/
√

N derived from the test Z-statistic and the number of pairs
(subjects) N, interpreted according to Cohen’s thresholds (0.1: small, 0.3: medium,
≥0.5: large);

• the 95% confidence intervals (CI) for the median differences, estimated via 2000 boot-
strap iterations;

• the statistical power 1 − β, computed to assess sample sensitivity.

Significance was set at α = 0.05. In addition to the normalized group-level analysis, a com-
plementary subject-level analysis was performed on the raw mean EMG envelope to assess
within-participant differences in muscle activation across the experimental conditions. Since
all conditions were performed by the same participants, paired comparisons were adopted.
Differences between conditions were evaluated using the Wilcoxon signed-rank test, a non-
parametric test suitable for repeated-measures data. To account for multiple comparisons,
the resulting p-values were adjusted using the Holm–Bonferroni correction procedure.
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Finally, the mean and standard deviation scores for each NASA-TLX item were cal-
culated to provide a representation of the perceived mental and physical workload of the
participants in each run types (A, AM, R, and RM).

The questionnaire evaluates six workload dimensions, namely Mental, Physical, Tem-
poral, Performance, Effort, and Frustration. Statistical differences among the four run
types were assessed separately for each NASA-TLX dimension using the non-parametric
Friedman test. Effect sizes were quantified using Kendall’s coefficient of concordance (W).
Whenever a significant global effect was observed, post-hoc pairwise comparisons were
performed using the Wilcoxon signed-rank test with false discovery rate (FDR) correction
for multiple comparisons. Statistical significance was set at p < 0.05.

2.4. Participants

Twelve able-bodied participants took part in the experiments. However, the reported
results are based on data from nine participants (S01–S09). One participant was excluded
due to excessive noise in the sensorimotor EEG channels, while EMG recordings for
two additional participants were incomplete due to interruptions during the experiment.
While excluding excessively noisy EEG data appears rather common to preserve the
overall quality of a dataset, the missing samples in EMG data were led back to a local
malfunctioning that had to be isolated. Also given this exclusion rate, a sensitivity analysis
was performed using G*Power 3.1 considering the Wilcoxon signed-rank test. Assuming a
two-tailed significance level of 0.05, a statistical power of 0.80, and the available sample size
of nine participants, the minimum detectable effect size was 1.10. Therefore, the present
study was primarily powered to detect large within-subject effects, whereas smaller effects
may not have reached statistical significance. The final group includes four females and five
males with normal or corrected-to-normal vision and no reported motor impairment. They
were aged 27 ± 3 years (mean and standard deviation). Informed consent was obtained
from all the participants prior to their inclusion in the study. All the experiments were
carried out in accordance with the Declaration of Helsinki and approved by the Office of
Responsible Research at Miguel Hernández University of Elche (Spain), under reference
number DIS.JAP.09.21, on 20/10/2022.

3. Results
Table 1 summarizes the cross-validation mean accuracies and corresponding standard

deviations for each participant, evaluated separately for the two movement classes (elbow
flexion and elbow extension) across the four run types. The last row reports the mean
performance across participants, ranging from a minimum of 73% ± 14% for R versus
RM in elbow flexion to a maximum of 80% ± 12% for AM versus RM in elbow extension.
The best-performing participant was S05, with an accuracy of 91% ± 9%, while the lowest
performance was observed in S01, with 62% ± 14% in the R versus RM condition during
elbow flexion.

In terms of fatigue, the comparison between the average TBR measured during the first
four runs and the last four runs revealed no statistically significant differences (Wilcoxon
signed-rank test, p ≥ 0.05). Similarly, the normalized MDF showed no significant differ-
ences between the early and late stages of the experiment for either the active (A + AM)
or the resistive (R + RM) conditions (Wilcoxon signed-rank test, p ≥ 0.05). These findings
indicate that neither mental nor muscular fatigue exhibited a relevant temporal trend
throughout the experimental session. Consequently, no temporal effect related to task
progression was observed, and all runs were pooled for the subsequent analyses regardless
of their acquisition order.
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Table 1. Classification accuracies evaluated using cross-validation. For each participant, the mean and
standard deviation of accuracies were calculated across the four run types for each movement classes.

A vs. AM R vs. RM A vs. R AM vs. RM

Flexion Extension Flexion Extension Flexion Extension Flexion Extension

S01 63 ± 17 63 ± 16 62 ± 14 64 ± 13 64 ± 13 66 ± 14 67 ± 13 67 ± 13
S02 82 ± 7 84 ± 12 71 ± 12 70 ± 13 75 ± 14 74 ± 12 71 ± 12 71 ± 17
S03 78 ± 13 82 ± 11 84 ± 11 90 ± 10 76 ± 11 78 ± 15 71 ± 13 70 ± 14
S04 79 ± 11 71 ± 12 63 ± 15 72 ± 13 75 ± 11 66 ± 13 74 ± 11 78 ± 12
S05 83 ± 11 91 ± 9 85 ± 13 86 ± 12 79 ± 12 79 ± 12 78 ± 14 80 ± 15
S06 77 ± 11 79 ± 11 65 ± 13 73 ± 16 72 ± 12 70 ± 18 77 ± 13 82 ± 13
S07 80 ± 12 73 ± 14 77 ± 15 79 ± 10 79 ± 10 69 ± 16 80 ± 12 84 ± 12
S08 85 ± 10 83 ± 10 83 ± 14 83 ± 12 81 ± 10 81 ± 12 80 ± 14 78 ± 10
S09 84 ± 11 78 ± 12 74 ± 13 81 ± 11 78 ± 12 78 ± 13 88 ± 9 84 ± 12

MEAN 79 ± 12 78 ± 12 73 ± 14 78 ± 12 77 ± 11 75 ± 14 78 ± 12 80 ± 12

The ability of the pipeline to discriminate SMR regardless of the type of performed
movement (flexion or extension) is reported in Figure 5. The plot shows the mean accuracy
with bars representing the corresponding standard deviation for each participant, with
the classification results of A versus AM shown in blue and R versus RM in orange. It is
worth noting that all participants performed well above chance level, with averages over
participants above 80%. Participant S01 exhibited the lowest classification performance.
However, the mean accuracy remained above the theoretical chance level.

Figure 5. Classification accuracies obtained for each participant in cross-validation in order to
distinguish SMR independently from the type of movement (elbow flexion and extension). The grey
bounded line identifies the chance level distribution with its upper limb at 59%.

Figure 6 introduces the EMG analysis by reporting the baseline-normalized EMG
amplitudes (∆%) across the four experimental conditions, separately for elbow flexion and
extension. Figure 6a compares the active and resistive conditions in absence and presence
of voluntary SMR modulation. In both movement types, the resistive conditions (R and

https://doi.org/10.3390/machines14080855

https://doi.org/10.3390/machines14080855


Machines 2026, 14, 855 11 of 20

RM) exhibit a clear upward shift of the EMG distributions with respect to the corresponding
active conditions (A and AM). Figure 6b compares the conditions performed without and
with voluntary SMR modulation. The upper row reports the comparison between A and
AM, whereas the lower row reports R and RM. A slight increase in EMG activity can be
observed during voluntary SMR modulation in the active condition (A versus AM), while
the distributions corresponding to the resistive conditions (R versus RM) largely overlap.
The statistical analysis confirmed these observations:

• A versus R: Significant differences were observed for both flexion (p = 0.0313,
r = 0.89, CI: [−186.97,−63.73], 1 − β ≈ 100%) and extension (p = 0.0313, r = 0.89,
CI: [−244.26,−119.81], 1 − β ≈ 100%).

• AM versus RM: Significant differences were observed for both flexion (p = 0.0313,
r = 0.89, CI: [−138.66,−59.70], 1 − β ≈ 100%) and extension (p = 0.0313, r = 0.89,
CI: [−232.61,−74.64], 1 − β ≈ 100%).

• A versus AM: Significant differences were observed for both flexion (p = 0.0313,
r = 0.89, CI: [−142.15,−1.28], 1 − β = 61%) and extension (p = 0.0313, r = 0.89,
CI: [−154.19,−12.02], 1 − β = 64%).

• R versus RM: No significant differences were observed for either flexion (p = 0.1484,
r = 0.61, CI: [−118.51, 2.27], 1 − β = 59%) or extension (p = 0.1484, r = 0.57,
CI: [−88.09, 9.66], 1 − β = 41%).

Table 2 lists, for every possible comparison at subject level in terms of raw EMG enve-
lope, the p-values, color-coded as follows: red for p ≥ 0.05, yellow for 0.01 ≤ p < 0.05, light
green for 0.001 ≤ p < 0.01, and dark green for p < 0.001. The corresponding subject-level
EMG envelope distribution plots are provided in the Supplementary Materials (Figure S1).
While the comparisons between A versus R and AM versus RM consistently revealed
statistically significant differences, the comparison between A versus AM and R versus RM
conditions showed a more heterogeneous pattern. Only for participants S01 and S02 no
statistically significant differences could be detected in any of the cases.

In Figure 7, a spider plot reports the average perception of mental and physical
workload of the participants during the four run types: A in blue, AM in orange, R in
yellow, and RM in violet. For all items, AM shows the highest mean values, except for
the Physical dimension, where the maximum value (3.3) is reached in both RM and R. It
is worth noting that for the other items the difference between AM and RM is smaller,
whereas A and R remain more confined toward the center of the plot. For further details,
Table 3 reports the mean values together with the corresponding standard deviations for
each item and run type.

The statistical analysis revealed a significant global effect across conditions for the
Mental, Physical, and Effort scales. Specifically, Mental showed a significant global variation
with a large effect size (W = 0.69), while Physical also exhibited a significant global effect
with a large effect size (W = 0.56). Similarly, Effort showed a significant global variation,
corresponding to a moderate effect size (W = 0.46). Conversely, no statistically significant
global differences were observed for Temporal, Performance, or Frustration. Following
the global analysis, post-hoc pairwise comparisons revealed significant differences in the
Mental scale for the comparisons A versus AM, R versus RM, and AM versus R. For the
Effort scale, the pairwise analysis identified a single significant difference between the
two active conditions (A versus AM), suggesting a higher perceived energetic cost when
performing SMR modulation. In contrast, although the Friedman test revealed a significant
global effect for Physical, none of the pairwise comparisons remained statistically significant
after FDR correction.
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Figure 6. Comparison (∆%) across the experimental conditions. Boxplots show the distribution of
trial-level percentage variations relative to the participant-specific baseline. (a) Baseline-normalized
EMG amplitudes (∆%) for active (blue) and resistive (orange) conditions without (top) and with
(bottom) voluntary SMR modulation, for elbow flexion (left) and extension (right). Boxplots represent
the distribution of trial-level ∆% values. The red dashed line indicates zero variation relative to
the participant-specific baseline. (b) Baseline-normalized EMG amplitudes (∆%) for movements
without (blue) and with (orange) voluntary SMR modulation during the active (top) and resistive
(bottom) conditions, for elbow flexion (left) and extension (right). Boxplots represent the distribution
of trial-level ∆% values.
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Table 2. Statistical significance of differences among the experimental conditions obtained through
paired comparisons using the Wilcoxon signed-rank test with Holm–Bonferroni correction for mul-
tiple comparisons. Corrected p-values are color-coded as follows: red for p ≥ 0.05, yellow for
0.01 ≤ p < 0.05, light green for 0.001 ≤ p < 0.01, and dark green for p < 0.001.

A vs. AM R vs. RM A vs. R AM vs. RM

Flexion Extension Flexion Extension Flexion Extension Flexion Extension
S01 0.891 1.000 1.000 1.000 0.000 0.000 0.000 0.000
S02 0.054 0.209 0.283 1.000 0.000 0.000 0.000 0.000
S03 0.000 0.001 0.000 0.388 0.000 0.000 0.000 0.000
S04 0.000 0.000 1.000 1.000 0.000 0.000 0.016 0.016
S05 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
S06 0.000 0.000 0.000 0.000 0.000 0.000 0.047 0.000
S07 0.003 0.058 0.002 0.000 0.000 0.000 0.000 0.000
S08 0.750 1.000 0.000 1.000 0.000 0.000 0.000 0.021
S09 0.001 0.024 1.000 1.000 0.000 0.000 0.000 0.000

Figure 7. Spider plot representing the perception of mental and physical workload during the four
movement condition: A in blue, AM in orange, R in yellow, RM in violet.

Table 3. Mean and standard deviation to the answer of the NASA-TLX questionnaire.

Mental Physical Temporal Performance Effort Frustration

A 2.9 ± 1.2 2.0 ± 1.3 2.4 ± 1.6 3.6 ± 2.2 2.3 ± 1.1 2.1 ± 1.4

AM 4.2 ± 1.3 2.6 ± 1.5 2.7 ± 1.7 3.9 ± 1.8 4.0 ± 1.1 2.3 ± 1.3

R 2.2 ± 1.3 3.1 ± 1.5 2.2 ± 1.7 3.3 ± 2.3 2.9 ± 1.6 2.0 ± 1.3

RM 3.7 ± 1.4 3.3 ± 1.7 2.2 ± 1.4 3.8 ± 1.9 3.4 ± 1.6 2.3 ± 1.3
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4. Discussion
The results suggest the feasibility of detecting SMR during movement execution of the

upper limb under both active and resistive conditions through EEG. The results reported in
Table 1 indicate that the proposed pipeline is capable of reliably discriminating SMR across
participants and movement types, with mean accuracies exceeding 73%. Furthermore,
Figure 5 illustrates the robustness of the pipeline in discriminating SMR regardless of the
type of movement performed. In this case, mean accuracies exceed 80% for both the A
versus AM and R versus RM comparisons. The remarkable differences among participants
suggest that the proposed approach is affected by the well-known inter-subject variability of
EEG-based BCI systems. Such variability may arise from differences in neurophysiological
patterns, signal quality, attention, motivation, spatial abilities, cognitive profile, and user
engagement [50].

These results confirm the feasibility to classify both SMR and movement conditions,
associated with distinct levels of physical effort from the EEG, which is highly relevant for
applications in robotic rehabilitation. It is worth also remarking that the pipeline effectively
detects brain activity because of the capability of distinguishing voluntary SMR modulation
and no SMR modulation from EEG, independently from the movement type. The reported
performances were obtained using the identified 2.00 s optimal window. Although such a
window introduces an inherent latency that may limit its direct application to closed-loop
control, previous work demonstrated its suitability for online applications [51], providing
a favorable trade-off between decoding accuracy and responsiveness also in a self-paced
scenario [43]. Nevertheless, future work should focus on reducing the analysis window
duration and further optimizing the computational pipeline to minimize system latency
while preserving decoding performance, thereby facilitating online closed-loop control.

The analysis of EMG signals in terms of exerted force confirmed that participants
generally exerted higher force during resistive conditions (R versus A, RM versus AM),
as expected due to the presence of the dumbbell. When comparing conditions with and
without SMR modulation (A versus AM, R versus RM), the difference was less pronounced.
However, statistical analysis revealed a significant increase in muscle activation only for
the A versus AM comparison, whereas the corresponding effect under resistive conditions
(R versus RM) did not reach statistical significance, suggesting that the contribution of
voluntary SMR modulation is mitigated by the external load. Statistical analyses (Table 2)
confirmed that force differences were consistently significant for comparisons involving
load (A versus R, AM versus RM) at subject level, whereas the remaining comparisons
between SMR-related conditions showed a more heterogeneous pattern. Nonetheless, only
participants S01 and S02 exhibited no statistically significant differences, pointing out an
inter-subject variability in muscle activation.

At first glance, these findings could raise concerns that classification performance
might be just driven, at least partially, by peripheral artifacts rather than by cortical corre-
lates of SMR activity. To address this issue, we further examined participant S02, for whom
no statistically significant differences in force were detected between A versus AM and R
versus RM run types, while classification accuracies consistently exceeded 70%.

To investigate whether the classification performance observed for participant S02
could be associated with cortical SMR modulation despite the absence of significant EMG
differences, an evaluation of event-related desynchronization/synchronization (ERD/ERS)
patterns was executed [52]. This analysis was included as an illustrative case rather than
a group-wide neurophysiological assessment. The analysis aimed at quantifying the
differences between movement conditions, hypothesizing that SMR modulation can have a
brain pattern behavior similar to motor preparation and motor imagery [53]. Specifically,
EEG signals were run-wise band-pass filtered in the µ range (8 Hz to 13 Hz) and time-
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locked to the movement onset, as identified through IMU data, in order to highlight
possible desynchronization due to the SMR overlapped mental activity. The reference
period for computing the relative power changes was set from 0.5 s to 2.0 s of each trial.
Similarly, EEG signals were run-wise filtered in the β range (16 Hz to 30 Hz) and trials were
time-locked to the movement offset, also identified using IMU data, to assess potential
synchronization effects at the end of the movement.

ERD/ERS (%) =
Ptask − Pbaseline

Pbaseline
× 100 (2)

where:

• Ptask is the average power over trials during task;
• Pbaseline is the average power over trials during the baseline reference period from

0.5 s to 2.0 s.

Figure 8 shows a clear ERD in the µ band at the onset of the movement, as well as a
rebound ERS in the β band at its termination. Comparable temporal dynamics are observed
across all conditions. However, the AM and RM run types exhibit more pronounced
negative peaks, particularly in the µ band and over channel C3. This pattern suggests a
stronger desynchronization of SMR during voluntary SMR modulation, consistent with
increased cortical engagement in these conditions [52]. These observations indicate that
differences associated with voluntary SMR modulation can remain visible despite the
ERD/ERS dynamics inherently induced by overt movement.

Consequently, even in the absence of statistically significant EMG differences, the
ERD/ERS analysis revealed clear modulations in the µ and β bands, suggesting that
SMR modulation can contribute to the observed classification performance, in addition to
possible differences in muscular activation. However, this evidence should be regarded as
qualitative and not as a group-level demonstration. ERD/ERS was indeed calculated for
other subjects too, but related results are not relevant for the present discussion, rather for
preliminary checking measured data. The interested reader could however derive those
thanks to the shared experimental data.

The NASA-TLX results further support the neurophysiological findings by highlight-
ing the distinct contributions of SMR modulation and external resistance to the perceived
workload. Voluntary SMR modulation significantly increased perceived mental workload,
confirming that simultaneously performing the motor task and regulating cortical activ-
ity requires additional cognitive resources. A similar trend was observed for the Effort
scale, where the significant difference between the A and AM conditions indicates that
participants perceived voluntary SMR modulation as requiring greater overall effort, even
in the absence of external resistance. This finding suggests that the additional mental
engagement associated with SMR regulation contributes to the overall perception of task
effort. Conversely, the resistive conditions yielded the highest Physical ratings, consistent
with the greater muscular activation observed in the EMG analysis. The lack of significant
post-hoc differences after FDR correction suggests that the increase in perceived physical
demand was distributed across conditions and may have been partially masked by the
limited sample size. Finally, the absence of significant differences in Temporal, Perfor-
mance, and Frustration indicates that neither SMR modulation nor the introduction of
external resistance adversely affected participants’ perception of task duration, success,
or frustration.

Although participants’ responses indicated a higher cognitive rather than physical
workload during SMR modulation, force analyses revealed that increased cognitive en-
gagement was associated with greater muscular activation. Future work should extend
these analyses to a larger cohort and consider the use of a robotic manipulator to better
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standardize the execution conditions and minimize variability across participants. Nonethe-
less, statistically significant differences among experimental conditions could already be
observed in the present study with the number of participants involved, implying that no
further experiments were necessary for the purposes of the present proof-of-concept study.
Meanwhile, the relatively limited number of trials per condition was chosen to mitigate
the fatigue, which could have adversely affected the observations. In future evolutions of
the system, the adopted machine learning model could also be replaced by trainingless
deep learning approaches, but a loss of interpretability in the model’s decisions will have
to be considered.
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Figure 8. Comparison of ERD/ERS dynamics between A vs. AM and R vs. RM for participant S02.
Results are shown for channels C3, in the µ band on the left, in the β band on the right. In the µ band,
time zero marks movement onset (vertical dashed line) and the second vertical line marks the average
movement offset time. In the β band, zero corresponds to movement stop (vertical dashed line), and
the second vertical line marks the average onset of the following trial. (a) µ band. (b) β band.

5. Conclusions
This study demonstrated the feasibility of detecting voluntary SMR modulation during

the execution of upper-limb movements, both under active and resistive conditions, using
EEG signals. The classification pipeline consistently achieved accuracies above chance
level, confirming that SMR-related neural activity can be reliably distinguished even
when overlapping with overt motor execution. Importantly, the results indicate that such
detection is not merely driven by peripheral artifacts, but reflects genuine cortical correlates
in the sensorimotor area, as further supported by ERD/ERS analyses.

These findings address a critical gap in the neurorehabilitation field, where most
motor imagery-based BCI applications have been limited to initiating passive robot-driven
movements. In contrast, the ability to dynamically discriminate SMR during ongoing
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execution opens the way for adaptive strategies in robotic rehabilitation. Specifically,
the present findings provide an initial proof of feasibility for future investigations on
EEG-driven adaptive robotic rehabilitation. Further studies involving online validation,
integration with robotic devices, and evaluation in clinical populations are required before
translating the proposed approach into real-world rehabilitation scenarios.

EMG analysis revealed that resistive conditions naturally elicited higher exerted force
due to the presence of the dumbbell. Since EMG recordings were restricted to the biceps
brachii, the activity of the triceps brachii was not investigated. While this may provide
additional insights into the neuromuscular response during the elbow extension, the choice
is motivated by future developments requiring a straightforward setup. Interestingly,
voluntary SMR modulation was associated with increased muscular activation during the
active condition, suggesting that this condition promoted force production. Under resistive
conditions, however, this effect was no longer statistically detectable, likely because the
muscular activation induced by the external load dominated the EMG response.

To investigate the contribution of peripheral activity to the observed classification
performance, participant S02 was analyzed because no statistically significant differences
in muscular activation were detected between the compared conditions. Nevertheless, the
proposed pipeline still achieved classification performance above chance level, and the
ERD/ERS analysis revealed clear cortical modulations in the µ and β bands. This suggests
that the pipeline can successfully detect voluntary SMR modulation even in the absence of
measurable differences in muscular activation, although this evidence should be regarded
as qualitative and not as a group-level demonstration.

Finally, subjective workload assessments revealed that voluntarily modulating SMR
was perceived as cognitively more demanding, while resistive conditions increased physical
effort. These findings emphasize the importance of jointly considering neural and muscular
responses when designing SMR-based protocols.

In summary, this work confirms the potential of EEG-based classification to detect
SMR-related activity and discriminate movement conditions associated with distinct levels
of physical effort. Such capability is highly relevant for robotic rehabilitation, where the
integration of neural and biomechanical information may support the development of
more adaptive and personalized interventions.

Future work should extend this analysis to a larger cohort and employ robotic manip-
ulators to better standardize experimental conditions. Robotic rehabilitation devices would
indeed improve the subject-specific adaptation, as the same absolute load may correspond
to different relative effort levels across participants. Other studies could, therefore, investi-
gate individualized resistance levels, for instance based on each participant’s maximum
voluntary contraction. Moreover, online testing of the proposed pipeline is needed to
assess its effectiveness in real-world applications and to compare its performance against
alternative approaches that may provide improved robustness in closed-loop rehabilita-
tion scenarios.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/machines14080855/s1, Figure S1: Subject-level comparison of
EMG envelope distributions across the experimental conditions. Panel (a) compares active and
resistive movements without and with voluntary SMR modulation. Panel (b) compares movements
performed without and with voluntary SMR modulation under active and resistive conditions.
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