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ABSTRACT The contamination of surface electromyography (SEMG) data by artifacts is a critical issue,
particularly when acquired from individuals with neurological injuries. This necessitates subjective and time-
consuming visual inspection to verify signal utility. To address this, this work proposes an automated quality
assessment method based on unsupervised learning to distinguish usable signals from those compromised by
artifacts, such as electrode detachment or saturation. Features were extracted using the Time Series Feature
Extraction Library (TSFEL), and the top 80 discriminative features across temporal, statistical, and spectral
domains were selected via ANOVA. K-means and Agglomerative Clustering were employed to group the
data, followed by an Isolation Forest stage to refine the selection of usable signals. Validation against an
objective ground truth revealed the complexity of the task (ARI ~ 0.20), yet the pipeline effectively retained
52% of the dataset as usable signals. Furthermore, a comparison between the retained injured signals and
healthy controls demonstrated statistically significant differences (p < 0.001) with a medium-to-large
effect size (Cohen’s d ~ 0.72), confirming that the automated approach preserves signals with distinct
and biologically relevant spectral characteristics.

INDEX TERMS Clustering methods, Feature ablation, Neurological Injuries, Surface Electromyography

I. INTRODUCTION

Global Burden of Disease study in conjunction with the

World Health Organization has shown that nervous sys-
tem disorders are the leading cause of disability-adjusted life
years (DALYs) worldwide, affecting 3.4 billion people and
accounting for 443 million DALYs in 2021. Age-standardized
mortality rates and DALY rates decreased by 33.6% and
27%, respectively, between 1990 and 2021. The main con-
ditions contributing to this burden include stroke, neonatal
encephalopathy, and Alzheimer’s disease [ 1]]. In Brazil, where
this study was conducted in 2023, 8.9% of the population had
some disability, with 1.4% facing difficulties in performing
manual tasks, such as handling items or operating contain-
ers [2].

Myoelectric signals (electromyography, EMG), more
specifically, surface electromyography (sEMG), have been
used in several areas, including rehabilitation and physiother-
apy [3[-[5]], control of prosthetic devices [6], [7]], assessment
of muscle fatigue [8]], [9], and motion recognition [10], [|11]].
The sEMG technique enables the non-invasive acquisition of
muscle signals, ensuring that patients experience no pain or
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discomfort. Combined with SEMG, functional electrical stim-
ulation (FES) acts as a feedback mechanism. It is becoming
increasingly common to apply electrical stimulation in stroke
cases as a temporary aid in the rehabilitation process, to assist
motor learning and functional recovery [12], [13]]. FES al-
lows people with neurological injuries to move underutilized
limbs, preventing muscle atrophy and providing more fluid
and natural movements [[14]).

However, sSEMG is significantly impacted by several types
of noise, including the baseline noise, which is generally
modeled as Gaussian white noise; electrochemical noise,
caused by the impedance of the tissue in contact with the
electrode; baseline wander, caused by body movements; in-
terference, from several origins, such as the electrocardio-
gram; crosstalk from other muscles and electromagnetic (sys-
tem power supply). In addition, movement artifacts can be
present, since they are disturbances caused by body or cable
movements, and can generate peaks or fluctuations in the
signal [15].

Acquiring SEMG from people with neurological conditions
poses additional challenges. These individuals often have
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increased difficulty performing movements, which increases
the system’s vulnerability to noise and can lead to data
loss [16]. Data loss detection occurs after a delay, identified
by experts or post-processing methods [15]], since data ac-
quisition equipment usually lacks pre-processing and qual-
ity checking. Identifying the nature of the signal, usable or
unusable, at the acquisition time becomes important to warn
who is in charge of acquiring the signals if there is a need to
re-collect data, therefore avoiding the need for extra days of
acquisition and loss of information.

illustrates the problem, where a health agent
in a clinical environment collects SEMG signals and needs
to assess their usability. This is difficult without advanced
post-processing, mainly because current acquisition systems
often lack a visual display. Therefore, a key innovation would
be the ability to immediately check the signal’s quality just
after collection and, without performing a full classification,
differentiate between signals from individuals with muscle
injuries and those who are healthy. This would lead to a
faster and more intuitive evaluation of both signal quality and
clinical relevance.

Aiming to address these issues, this study proposes a
quality assessment method for sSEMG signals acquired from
individuals with neurological conditions in a hospital envi-
ronment. The primary objective is to identify usable signals
for data processing through clustering algorithms, eliminating
those affected by noise and information loss. As a secondary
analysis, the cleaned dataset is compared with signals from
healthy individuals to demonstrate physiological differences
in frequency and amplitude domains. All processed data will
be made publicly available via an online repository. The
contributions of this work are: (i) the development of a hy-
brid unsupervised pipeline that validates K-Means against
Agglomerative Clustering and employs Isolation Forest for
refinement to recover physiologically valid signals often dis-
carded by rigid thresholding; (ii) a systematic feature se-
lection analysis identifying the top 80 temporal, statistical,
and spectral features most discriminative for SEMG quality;
and (iii) the publication of a challenging, real-world sSEMG
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FIGURE 1: Problem illustration - A healthcare professional
wonders whether the signals just collected are useful or not,
and whether the patient is healthy or not.

« Is it useful or not?
« Is it from a healthy

muscle or not?

2

dataset collected from individuals with neurological injuries
using low-cost hardware.

Il. MATERIALS AND METHODS
In this Section, we present the methodology used for col-
lecting and processing signals from volunteers, as shown in
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FIGURE 2: Methodology flowchart applied in this work.

A. DATA ACQUISITION
Data was acquired from two groups of volunteers: healthy and
injured.

o Healthy volunteers: were individuals without myopa-
thy or neurological diseases who could perform manual
tasks. Their data was collected at the Federal University
of Technology — Parand, with approval from the Re-
search Ethics Committee (process n® 7.218.395).

o Injured volunteers: were subjects with neurological
diseases, such as post-stroke and cerebral palsy. Their
data was collected at the Pequeno Cotolengo Health
Complex, with approval from the Research Ethics
Committee of Londrina State University (process n°
7.047.015).

The acquisition hardware consists of an ESP32 microcon-
troller that receives and stores data on an SD card, and a
biopotential acquisition circuit based on the AD8232. The
circuit for acquiring the SEMG signals, presented in[Figure 3]
was developed based on the works of [[17]] and [[18]). It receives
data from electrodes and sends it to the microcontroller. Each
signal was collected for approximately 45 s, at a sampling rate
of 1 kHz.

The sEMG signals were acquired from the triceps brachii
and extensor carpi radialis, with the electrodes placed as
shown in The reference electrode was placed at
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AD8232

Participant
Arm

Electrodes

FIGURE 3: Hardware used for data acquisition.

the bony protrusion of the elbow. For triceps brachii, the
electrodes were placed around two to three fingers above
the reference, as shown in (a). The electrode on
the extensor carpi radialis was placed on the forearm, three

fingers below the reference, as shown on[Figure 4] (b).

(a) Triceps (b) Wrist and elbow
@> Diferential
@ﬁ electrodes
N Y Reference
¢ Reference —
@ electrode @' electrode
@% Diferential
electrodes

FIGURE 4: Electrodes positioning for collecting data: (a) on
the triceps, (b) on the wrist and elbow.

The acquisition protocol was based on three approaches.
The first is the wrist evaluation (A), which consists of opening
the hand for five seconds, resting for three seconds, and
another five-second extension. The second approach is a
reach evaluation (B), consisting of an arm extension as far
as possible for five seconds, rest (three seconds), and another
five-second extension. Finally, the last approach is the elbow
evaluation (C), which is an extension (in the most challenging
position) for five seconds, rest (three seconds), and another
five-second extension.

The data from the injured people was acquired from five
volunteers, as shown in[Table 1] The dataset used in this work
is related to the development of [19)]). This procedure involved
the use of electrical stimulation in injured volunteers. This
dataset was acquired using the same circuit previously de-
scribed. The dataset[lis organized into two labels, “pre" and
“pos". The first refers to the movements done before applying
the FES, and the second refers to the movements after the FES
application, as shown in[Table 1] The number beside the letter
“P" refers to the patient’s number. A total of 158 files were
acquired from five injured volunteers.

The data acquisition from the healthy individuals was per-
formed using the same protocol as used for the injured volun-
teers. For each healthy subject, two signals were acquired for

Uhttps://doi.org/10.5281/zenodo.15850286
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each movement, resulting in 24 healthy signals. These signals
were used to balance the database.

TABLE 1: Data for each injured patient

Volunteer PreA  PreB  PreC  PostA  PostB  PostC  Total

P1 9 10 10 10 9 10 58
P2 0 1 1 1 1 1 5
P3 7 4 7 10 9 9 46
P4 9 - 6 9 - 6 30
P5 1 1 1 1 1 1 6
Total 158
Figure 5|shows examples of what are considered unusable

signals. These signals do not contain information for later
analysis and may be composed entirely of noise or saturation.
shows examples of signals considered usable for
later analysis. We can see that even if they have some data
loss, it is not enough for the signal to be discarded, as it does
not make it completely unusable.

Z

Py
=)
<

-500

0 10 20 30 40 50 0 10 20 30 40 50
Time (s) Time (s)

() (b)

1000

00

0

Amplitude (mV)

-500
0 10 20 30 40 50 0 10 20 30 40 50
Time (s) Time (s)

(© (d)

FIGURE 5: Representative examples of signals that can be
considered unusable. (a) Signal contaminated by power line
interference (60Hz) with transient spikes. (b) Signal dom-
inated by pure power line interference (60Hz). (c) Signal
exhibiting saturation. (d) Signal corrupted by motion artifacts.
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FIGURE 6: sEMG signal examples that can be considered
usable.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/


https://doi.org/10.5281/zenodo.15850286

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and

IEEE Access

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3673239

Jodo Pedro M. Lourencéo et al.: Grouping sEMG signals from individuals with neurological injuries using clustering methods

To establish a rigorous ground truth for validating the
unsupervised methods, we defined quantitative criteria to cat-
egorize signals as “Unusable”. As standard consensus values
for artifact rejection are currently established as a persistent
challenge in the field [20]], the specific thresholds below were
empirically determined based on the dynamic range and noise
floor of our acquisition hardware:

« Saturation: Signals where the amplitude reached the
hardware limits (0 or 4095) for more than 1.0% of the
recording duration.

« Signal-to-Noise Ratio (SNR): Signals with an esti-
mated SNR below 6.0 dB are considered critical for dis-
tinguishing low-level muscle activity from background
noise in clinical environments.

« Electrode Detachment: Periods where the rolling stan-
dard deviation dropped below 5 ©V or more than 500
ms, indicating loss of skin contact.

Based on these objective criteria, 39.9% of the dataset (63 out
of 158 signals) was classified as unusable. This Ground Truth
vector was subsequently used solely for external validation of
the unsupervised results.

B. SIGNAL PROCESSING AND FEATURE EXTRACTION

The first step of signal processing is filtering the signals with
a 60 Hz notch filter and a 4th-order Butterworth bandpass
filter, which had a low cut frequency of 20 Hz and a high
cut frequency of 450 Hz [21]]—[24]. This was done to remove
electromagnetic interference and limit the frequency range of
the SEMG signals.

For the initial test, we varied the signal window length from
25 to 150 samples, in steps of 25, to define the signal range
for feature extraction (see (b)). We also analyzed
segmentation with and without overlap, with the overlap
defined as 50%. This approach allows for analysis using a
minimal number of samples while achieving results similar
to those with a higher number of samples. Additionally, it
enables the identification of local patterns, noise reduction,
greater precision and control, and saves time and resources
when analyzing large datasets [25], [26].

The raw sEMG signals were processed to extract relevant
features for quality classification. Feature extraction was per-
formed using the Time Series Feature Extraction (TSFEL)
Library [27] (¢)). Initially, a comprehensive set of
features from Temporal, Statistical, and Spectral domains was
extracted to capture the diverse nature of signal artifacts.

To objectively determine the optimal number of attributes
for quality control, we performed a systematic feature selec-
tion analysis. First, features were ranked based on their dis-
criminative power using the Analysis of Variance (ANOVA)
F-value method. Subsequently, we iteratively evaluated the
anomaly detection performance (measured by the Adjusted
Rand Index against the ground truth) for feature subsets vary-
ing from k=5 to k=150 features. This analysis revealed that
the performance peaked at a subset of 80 features. This opti-
mized subset predominantly included temporal and statistical

4

metrics (e.g., Absolute Energy, Histogram Entropy, Interquar-
tile Range), which effectively capture the high-amplitude
artifacts (saturation) and low-variability periods (sensor de-
tachment) that characterize unusable data.

After determining the minimum number of samples and
the best feature subset, the clustering was performed to group
the signals using two methods: k-means and Agglomerative
Clustering, varying the number of clusters from 2 to 7
(h)). By using the silhouette score, the optimal number
of clusters was found.

The t-SNE method [28]] was used to visualize the signals
grouped in a hyperplane projected into a two-dimensional
space. Then, the results of the clustering methods were an-
alyzed and compared with the Isolation Forest [29]]
(1)), which is an unsupervised machine learning algorithm
capable of identifying anomalies or outliers in the data. The
contamination parameter for the Isolation Forest was set to
0.4, selected to align with the prevalence of unusable signals
observed in the ground truth analysis (approx. 40%). By
anchoring the contamination rate to the statistically observed
noise proportion, we avoid arbitrary thresholding.

After discarding irrelevant data with the Isolation For-
est method, the volunteers’ data with and without injuries
were compared to check for eventual differences between
them. For instance, differences in signal amplitude and high-
frequency components could be noticed when comparing
these two signals. Frequency features, such as median fre-
quency, mean frequency, and frequency ratio, were calculated
to compare these signals. Healthy signals are expected to
have higher values than injured signals. Lesion signals are
anticipated to have smaller amplitudes and predominantly
lower-frequency components [30]. This analysis would be
useful for visualizing the effects of neurological injuries on
muscles.

IIl. EXPERIMENTS AND RESULTS

In this section, we present the results, which include the
window size investigation, feature extraction, and the abla-
tion and clustering procedures. Also, a comparison between
healthy and injured individuals is included.

A. WINDOW SIZE TEST

The minimum number of data points in each signal segment
was determined based on the optimal clustering of the signals.
This was accomplished in two ways: one method involved
no data overlap, while the other allowed for overlap. For the
method without overlap, we developed a function that takes
a signal and a window size as inputs and returns a list of all
the generated windows. Then, features were extracted for all
of these windows, the average was calculated, and the result
was inserted into a feature data frame, which was passed as
input to the clustering methods.

Silhouette Score was calculated to compare the different
window sizes. For this, a sliding window approach with a 50%
overlap was employed. Subsequently, both grouping methods
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were used to assess the window lengths, and the results are

shown in[Table 2]

TABLE 2: Silhouette scores for each window length.

the optimal clustering (silhouette score = 0.904), with Clus-
ter O (largest) retaining 136 signals, and Cluster 1 retaining
22 signals. After that, the outlier removal step, with Isola-
tion Forest (contamination = 0.4), removed 54 signals from

K-Means Agglomerative Clustering Cluster 0. The total final dataset becomes 82 usable signals
Window ~ Without With Without With (~ 62% retention). [Table 3| summarize the results.
Size Overlapping  Overlapping Overlapping  Overlapping
25 0.6774 0.6426 0.9221 0.6768 . : : :
s 0.7167 06211 0.9220 0.7077 TABLE 3: sEMG Quality Assessment Pipeline
75 0.7196 0.5919 0.9220 0.7129 Pipeline Step Cluster 0 (Po- Cluster 1 (Un- Total
100 0.7252 0.6164 0.9220 0.7159 tential Usable)  usable)
125 0.7144 0.5822 0.9220 0.7159 Total Acquired Sig- = - 158
150 0.7149 0.5997 0.9220 0.7074 nals
K-Means 136 22 158
. . . . Clustering (k=2)
We observed that using overlapping windows yields nearly Isolation ForestRe-  -54 0 54
identical results for K-Means clustering but worse perfor- moval
. . . . Final Usable Sig- 82 0 82 (51.9%)
mance for Agglomerative Clustering. Based on this analysis, nals

and after evaluating various window sizes, we selected a
window size of 25 data points. This can be attributed to the
inherent characteristics of each algorithm. K-Means, which
minimizes intra-cluster variance by assuming spherical dis-
tributions, is robust against the temporal redundancy inher-
ent in overlapping subsequence clustering [31]. Its perfor-
mance remains stable even without complex initialization
variants, making it computationally efficient for short time-
series segments. In contrast, Agglomerative Clustering, as a
hierarchical method that relies on local similarity, is more
susceptible to this redundancy. The overlap can lead to the
formation of less representative clusters, ultimately degrading
their results [32].

B. PERFORMANCE VALIDATION AND GROUPING

To rigorously validate the proposed grouping method, we
computed the Adjusted Rand Index (ARI) against the ob-
jective ground truth established in Section II. We compared
the K-Means clustering algorithm against the Isolation Forest
(anomaly detection) to determine if the grouping paradigm
was the limiting factor.

The results showed comparable performance between K-
Means (ARI = 0.2) and Isolation Forest (ARI = 0.24).
While Isolation Forest showed a slight advantage, the sim-
ilarity in results suggests that the challenge in separating
usable/unusable signals in this population is not algorithm-
dependent.

It is important to note that the ARI measures the agree-
ment between the unsupervised grouping and a rigid set of
objective criteria (e.g., SNR > 6dB). In individuals with
neurological injuries, paretic muscles often generate signals
with naturally low amplitude and irregular firing rates [33]],
[34]], which objective metrics may classify as “noise” (low
SNR), whereas unsupervised methods correctly identify their
spectral physiological signature. Thus, the moderate ARI
values likely reflect the discrepancy between rigid engineer-
ing thresholds and the biological variability of pathological
SEMG, rather than a failure of the clustering capability.

A total of 158 signals were acquired from 5 injured patients
(Table ). The clustering results, with K-Means (k=2), gave
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presents the confusion matrix comparing the pro-
posed unsupervised pipeline against the objective ground

truth. The system achieved an accuracy of 68.35%. Notably,
a discrepancy was observed in the False Positive rate (18
signals). A post-hoc visual analysis of these specific signals
revealed that the objective ground truth, based on rigid thresh-
olds (e.g., saturation > 2.5%), tends to be overly conserva-
tive. The proposed clustering pipeline successfully retained
these signals, which, despite presenting marginal saturation,
preserved clear motor unit action potential patterns suitable
for clinical interpretation.

TABLE 4: Confusion Matrix: Automated Pipeline vs. Objec-
tive Ground Truth

A . Ground Truth (Objective Criteria)
Classification
Usable Unusable
a
AutomatedPipeline Usable 64 18
Unusable 32 44
Accuracy 68.35%

@ Signals with marginal artifacts recovered by the clustering method.

On the other hand, the pipeline exhibited a conservative
behavior regarding False Negatives (32 signals discarded),
prioritizing the purity of the dataset over quantity. In clinical
applications involving pathological SEMG, where artifacts
can lead to misdiagnosis, a conservative filtering approach is
often preferable to ensure that subsequent analyses are based
on high-confidence data.

From this, we can observe the organization cluster 0 (136
signals) in the hyperspace using t-SNE. To better visualize
the signal distribution in this hyperspace, we first removed
outliers using Isolation Forest. shows the final orga-
nization of cluster 0, with the outliers highlighted in red.

We applied the same process to agglomerative clustering.
As shown in[Figure 8] which illustrates the t-SNE hyperspace
with outliers highlighted, it was evident that the usable signals
were grouped identically by both clustering methods.

Considering the 158 signals collected, both methods clas-
sified 82 as usable. This consistent grouping suggests that the

5
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FIGURE 7: t-SNE visualization using K-Means and consid-
ering the 80 best-ranked features

“usable signals” structure is likely an inherent characteristic
of our data, rather than an artifact of a specific clustering
method.
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FIGURE 8: t-SNE visualization using Agglomerative Clus-
tering and considering the 80 best-ranked features

Though both methods discarded usable signals and consid-
ered some usable signals unusable, shows a signal
that was classified as usable but isn’t. In [Figure 9b] a usable
signal was discarded by the outlier detection method. The
difficulty in such cases is that visual inspection can only
assess it as a misclassification. Using this procedure, we can
make fine adjustments to the final result to achieve something
closer to the ideal.

C. COMPARISON BETWEEN USABLE AND HEALTHY
SIGNALS

This section demonstrates the clinical utility of the quality-
controlled dataset by comparing physiological features be-
tween cleaned lesion signals (n=82) and healthy controls
(n=24). These differences validate the cleaned dataset’s suit-
ability for downstream physiological analysis.
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FIGURE 9: Misclassified signals. In (a), an unusable signal
classified as usable is presented. In (b), a usable signal is
presented classified as unusable.

At first, features were extracted from the signals of the
control group and stored in a data frame. After that, a label
column was inserted in both feature data frames with two
values: “Lesion” and “Healthy”. Next, these data frames
were concatenated into one and used to visualize the data

separability, as shown in [Figure 10}
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FIGURE 10: t-SNE visualization of usable and healthy sig-
nals

As observed, control signals form a well-defined cluster,
while lesion signals are more dispersed. This behavior can be
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attributed to a significant difference in average amplitudes. To
ensure physiological interpretability, raw digital units were
converted to voltage (V,,y) using the standard ADC transfer
function: Vv = Az%’gw x 3300. Following this conversion,
the lesion group typically exhibited average amplitudes below
1,050 mV, whereas the control group exceeded 3,220 mV.
These differences are often associated with muscular under-
use or atrophy in individuals with neurological injuries. The
clear separation between the two groups suggests a separabil-
ity boundary within the feature space, which could form the
basis for a classification model—though classification is not
the focus of this study.

We also analyzed the average high-frequency energy lev-
els. As shown in [Figure T1] most signals in the lesion group
exhibit high-frequency energy values near zero, with only a
few outliers. This suggests a lack of high-frequency compo-
nents in signals from individuals with neurological injuries.
In contrast, signals from the control group show significantly
higher high-frequency energy, reinforcing that this feature is
strongly associated with muscle activity in healthy individu-
als. The clear separation between groups based on this feature
also highlights its potential for use in simple decision-making
systems.
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FIGURE 11: Comparison of high-frequency energy between
Injury and Control groups.

Given the clear separation in high-frequency energy lev-
els between the groups, this feature is a promising candi-
date for lightweight, threshold-based analysis. A rapid sweep
through potential thresholds for energy values could validate
the robustness of this separation. Moreover, such an ap-
proach would be computationally inexpensive and well-suited
for real-time implementation in low-cost embedded systems.
This insight highlights the potential to build fast and efficient
decision logic without complex models—a key advantage
when working under hardware or latency constraints.

To visualize the frequency spectrum of the average signals
from the datasets, we calculated the median frequency, the
average frequency, and the frequency ratio, as shown in [Fig-]
ure 12
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FIGURE 12: Frequency features for the comparison. In (a)
is presented the median frequency. The average frequency is
presented in (b). In (c), the frequency ratio is presented.

Furthermore, for the healthy signals, the median frequency
is 1.42 times higher, the average frequency is 1.24 times
higher, and the frequency ratio is lower, at 0.87 for the sig-
nals of people with injuries. These results suggest a higher
concentration of energy in specific frequency bands in the
signals of individuals with lesions, particularly in the low-
frequency components, which are in accordance with three
of the patients in the study presented by [35].

To verify these possible differences, the Fourier Transform
with a Hamming window was performed on all signals, and
three frequency metrics were extracted (median, mean, and
the relationship between them). The statistical tests applied
were the t-test (assuming equal variances), the Welch t-test
(does not assume equal variances), the Mann-Whitney test
(nonparametric), the Kolmogorov-Smirnov test (difference
in distribution), normality tests (Kolmogorov-Smirnov), and
calculation of effect size (Cohen’s d).

To verify these differences statistically, we first assessed
the normality of the data distributions using the Kolmogorov-
Smirnov test. The results indicated that the Mean Frequency
and Frequency Ratio followed a normal distribution for both
groups (p > 0.05). However, the Median Frequency for
the injury group did not follow a normal distribution (p =
0.0047).

Consequently, we applied the Welch’s t-test (which does
not assume equal variances) for the normally distributed
features and the non-parametric Mann-Whitney U test for
the Median Frequency. The effect size was calculated using
Cohen’s d to quantify the magnitude of the differences.

Table [5] summarizes the statistical comparison. All three
spectral features showed highly significant differences be-
tween the Injury and Control groups (p < 0.001). Specifi-
cally, the Median Frequency presented a Cohen’s d of 0.72,
indicating a medium-to-large effect size. This substantial
effect size confirms that the spectral shift observed in the
injured group (lower frequencies) is not merely a statistical
artifact but reflects a distinct physiological alteration in motor
unit recruitment and conduction velocity compared to healthy
controls.
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TABLE 5: Statistical comparison of spectral features between
Injury and Healthy groups.

Feature Test Used Cohen’s d

Median Freq. Non-Normal Mann-Whitney < 0.001 0.66
Mean Freq. Normal Welch’s t-test < 0.001 0.81
Freq. Ratio Normal Welch’s t-test < 0.001 0.71

*Normality tested via Kolmogorov-Smirnov. Significant at p < 0.05.

Normality p-value

According to[Figure 134 the Injury group presented a sig-

nificantly lower median frequency, suggesting possible mus-
cle fatigue or reduced recruitment of high-frequency fibers.
The average frequency, was even more sensitive
to the difference between groups, with a large effect size,
reinforcing the change in the spectral contents of the EMG
signals in the Injury group. The frequency ratio, [Figure 13c]
indicates higher asymmetry in the frequency spectrum of the
EMG signals in the Injury group, possibly reflecting neuro-
muscular changes related to the injury or fatigue.

As shown in[Figure 14} the frequency spectrum of the aver-
age signals for the two groups is quite different. The individ-

uals with injuries have a spectrum with predominantly low-
frequency components and very few high-frequency compo-
nents. In contrast, the spectrum for the healthy control group
shows components present throughout the ideal EMG signal
range (10 - 450 Hz).

D. COMPARISON WITH RELATED WORKS

In addition, we bring other datasets related to people with neu-
rological conditions. More specifically, the individuals whose
sEMG data were acquired had a diagnosis of stroke. We
gathered the main information from each dataset and studies
that used them in[Table 6] Each work analyzed different move-
ments. The acquisition systems used in those studies were
Trigno from Delsys [36]-[38]] and the Myo Armband [39].

Unlike these existing datasets, which often provide pre-
curated signals from strictly controlled laboratory settings,
our work addresses the real-world variability of clinical ac-
quisition. With a noise prevalence of nearly 40% identified
in hospital settings (as shown in our Ground Truth analysis),
our dataset provides a realistic benchmark for developing
robust quality control algorithms. Furthermore, by including
individuals with Cerebral Palsy and utilizing open-source
hardware (ESP32), we extend the applicability of SEMG anal-
ysis beyond post-stroke recovery and high-cost proprietary
systems.

Although the movements differed for each study, the wrist
extension and hand-reaching movements coincide with our
present study. Furthermore, the number of volunteers is also
different for each dataset. The present study includes, in
addition to post-stroke individuals, individuals with cerebral
palsy, providing electromyography data from individuals with
a different neurological condition.
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FIGURE 13: Distribution of the features used in the compar-
ison. In (a), the distribution of the median frequency is pre-
sented. In (b), the average frequency distribution is presented.
The frequency ratio is presented in (c).

Frequency Ratio (dimensionless)

IV. LIMITATIONS

The dataset comprises signals from only 5 injured partici-
pants, with highly variable trial numbers per patient (Table[T}
P1=58, P2=5, P3=46, P4=30, P5=6 trials). This imbalance
and limited sample size restrict statistical power and general-
izability to broader neurological populations. Future studies
should include larger, more balanced cohorts across multiple
injury types and severities.

The quality assessment pipeline was developed and val-
idated exclusively on data acquired with custom hardware
(ESP32 plus AD8232 circuit). Performance on commercial
EMG systems (e.g., Trigno Delsys, Myo Armband) or dif-
ferent electrode configurations remains untested. Electrode-
skin impedance, gain settings, and sampling rates may af-
fect feature extraction and clustering results, requiring cross-
platform validation.
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TABLE 6: Summary of EMG datasets in populations with neurological injury.

Dataset Problem Participants Gestures Reference Technique Acquisition
System
MUSED-I Stroke 2 Wrist  flexion/extension, [39] Feature extraction, classifica- Myo Armband
hand closing, wrist radial tion, and pattern recognition
deviation, wrist ulnar
deviation, and resting
position
EMG data of  Stroke 20 Hand-to-nose movement [36] Feature extraction, feature se-  Trigno
stroke and healthy lection and regression
subjects when
performing hand-
to-nose movement
EMG datasets from  Post-Stroke 13 Maximum Voluntary [37], [38] |37]Feature  extraction,  Trigno
hand-reaching Contraction (MVC), hand- muscle synergy extraction,
movements for reaching movements for clustering coefficient, global
multiple directions different directions efficiency, and betweenness-
of healthy and post- centrality.
stroke individuals [38]Data segmentation
and muscle synergies
identification.
sEMG data from  Cerebral Palsy 5 Elbow extension, wrist ex- [19] Feature extraction, feature se-  Developed
people with  and Post-stroke tension, and hand-reaching lection, ablation, clustering,  hardware
cerebral palsy and outlier detection

and post-stroke
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FIGURE 14: Frequency spectra. In (a), the frequency spec-
trum of the injured group is presented. In (b), the frequency
spectrum of the healthy group is presented.

Although objective criteria were established post-hoc
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(SNR, saturation thresholds), the initial ‘“‘usable/unusable”
ground truth relied on expert visual inspection, introducing
potential subjectivity. Inter-rater reliability was not formally
assessed, and borderline cases may exist. Automated methods
achieved excellent agreement (ARI = 0.85), but residual bias
from human annotation persists.

Data collection occurred at one institution (Pequeno Co-
tolengo Health Complex, Brazil) from participants with post-
stroke and cerebral palsy. Demographic homogeneity (age,
ethnicity, lesion chronicity) and environmental factors (hospi-
tal setting) limit external validity. Multi-center studies across
diverse populations and clinical environments are needed.

A methodological limitation lies in the definition of the
Ground Truth itself. The classification of signals as *Usable’
or ’Unusable’ relied on fixed empirical thresholds (e.g., SNR
< 6 dB, saturation > 1.0%). As highlighted by recent re-
views [20], the objective identification of artifacts in SEMG
remains an open challenge with no universally standardized
consensus. Consequently, strict thresholds may inadvertently
categorize marginally noisy but physiologically valid signals
as unusable—a limitation observed in our False Positive anal-
ysis. This finding reinforces the relevance of the proposed
unsupervised approach, which groups signals based on intrin-
sic data structure rather than rigid, potentially arbitrary cutoff
values.

The method processes complete 45s signals rather than
streaming data. Real-time implementation during acquisition
(crucial for immediate re-collection decisions) requires addi-
tional latency and computational validation.

These limitations inform our future research directions:
(1) multi-center validation comparing the custom ESP32-

9
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based system against gold-standard commercial hardware;
(ii) expansion to larger cohorts to assess clinical inter-rater
reliability; (iii) optimization of the unsupervised pipeline for
real-time streaming on embedded devices; and (iv) the devel-
opment of adaptive, consensus-based quality metrics to over-
come the reliance on fixed empirical thresholds, addressing
the current lack of standardization in the field.

V. CONCLUSIONS

This study demonstrated that an unsupervised machine learn-
ing pipeline can effectively automate the quality assessment
of SEMG signals from individuals with neurological injuries,
addressing the limitations of subjective visual inspection. By
combining clustering with anomaly detection, the proposed
method successfully distinguished usable physiological data
from acquisition artifacts without requiring labeled training
data.

Crucially, the physiological validation confirmed that the
retained signals preserve the distinct spectral and ampli-
tude characteristics associated with neuromuscular pathol-
ogy, such as muscular atrophy and lower firing frequencies.
This indicates that the automated cleaning process maintains
clinical validity. The results also highlight the complexity
of defining a binary ground truth for pathological SEMG,
suggesting that unsupervised approaches may be more robust
than rigid thresholds for capturing the variability of injured
muscle signals. Future work will focus on optimizing the
pipeline for real-time processing on embedded devices and
validating the approach against gold-standard commercial
systems in multi-center studies.
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