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ABSTRACT
Interfaces that use sEMG signals face the challenge of correctly iden-
tifying the signal while distinguishing it from noise or interference.
Although classical techniques like visual inspection and machine
learning methods exist, most studies focus on signals from healthy
individuals. There is a lack of data and methods suitable for signals
from individuals with neurological conditions, such as cerebral
palsy and post-stroke. This study analyzes sEMG data from individ-
uals with neurological injuries, using machine learning methods to
identify muscle contractions and rest without pre-processing. The
data were acquired from people with neurological diseases, such as
cerebral palsy and post-stroke. They were extracted using sEMG
from triceps brachii and extensor carpi radialis muscles. The signals
were not preprocessed and were input as segmented time windows
to three proposed classifiers: Support Vector Machine, Random For-
est and an Ensemble Voting classifier. All three classifiers reached
around 99% accuracy and F1-Score on typical sEMG data, but the
results on abnormal data were inconclusive.

KEYWORDS
Onset Detection, Machine Learning, sEMG, Support Vector Ma-
chine, Random Forest

1 INTRODUCTION
Technological advancements and globalization have facilitated the
development of Assistive Technology, which includes tools and
strategies to enhance the autonomy and quality of life for individu-
als with disabilities [1]. Globally, 15% of the population has some
form of disability [2], and in Brazil, 8.9% of individuals are affected,
with 1.4% experiencing difficulties in manual tasks such as handling
objects [3]. A 2021 study by The Lancet Neurology, in collabora-
tion with the World Health Organization, reported that over three
billion people worldwide live with neurological conditions, includ-
ing stroke, neonatal encephalopathy, migraine, dementia, diabetic
neuropathy, meningitis, epilepsy, autism spectrum disorder, and
nervous system cancers [4].

The myoelectric signal (electromyography, EMG) is a synthetic
behavior of compound action potentials (APs) generated by a se-
ries of motor units (MUs) being electrically or neurologically ac-
tivated [5]. While myoelectric signals can be detected invasively
using needle electrodes, this method could present some discomfort
to the user during the acquisition [6]. Instead, an alternative way
called surface electromyography (sEMG) allows the capture of the
signals in surface skin, acquiring the signals generated by motor
unit action potentials propagating through skeleton muscles [7].
It provides insights into the specific movements those muscles
execute [8].

Taking as a reference people with neurological diseases, several
assistive technologies are developed to aid in their needs [9, 10].
In some of them, sEMG signals are used to control activities, such
as an interface that allows commands to be sent to everyday elec-
tronics such as a television, a radio, lamps [11], and even electrical
stimulation to help them to perform activities of daily living. In
this last case, there are some developments in interfaces that joint
sEMG signals with the trigger of Functional Electric Stimulation
pulses, targeted to a specific area of a muscle. These interfaces
help people move limbs that are not often used by people with this
condition to prevent muscle atrophy and provide more fluid and
natural movements [12].

In the case of interfaces that work with the activation of the
sEMG signals, there is a challenge in correctly identifying the sEMG
signal as opposed to non-activation or noise or interference present
in the signal itself [5]. The problem of correctly identifying the
sEMG signal is not new, and there are several classic techniques and
methods such as visual inspection (gold method), threshold-based,
statistical, machine learning-based, among others. However, most
cases focus on signals from databases of healthy people, without
the presence of injuries or conditions such as cerebral palsy and
post-stroke. Therefore, there is a gap both in the availability of data
that can be used in studies and in methods that can be applied to
signals from these individuals, which involve greater difficulty.

For instance, Gallon proposes a methodology for automatically
detecting muscular activity by denoising, extracting features, and
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classifying healthy surface electromyography (sEMG) signals. Ad-
ditionally, digital signal processing methods were applied before
the machine learning algorithms were utilized [13]. Ghislieri et al.
presents a novel approach for automatic muscle activity detection
using long short-term memory (LSTM) recurrent neural network.
They used simulated and real data both healthy individuals and
patients affected by neurological or orthopedic pathologies, during
walking tasks. The main difference is that it used and deep-learning
algorithm, which is not the purpose of this study [14].

In this context, we present an analysis of surface electromyogra-
phy data collected from individuals with neurological injuries in a
hospital environment. This work aims to use signals from people
with neurological conditions to observe the behavior of a machine
learning-based method to label these signals and demarcate where
muscle contractions and rest occur.

2 METHODS
In this section, the data acquisition protocol and the signal process-
ing are presented.

2.1 Data Acquisition
The sEMG signals used in this work were acquired using the neural
interface developed by [15], which consists of a neuro-orthosis
that applies pulses of Functional Electrical Stimulation (FES) after
the detection of muscle contraction. It is sensed by a sEMG sensor
based on AD8232 integrated [16]. An ESP32 microcontroller was
used as collection system, receiving and storing data on an SD card,
with a sampling rate of 1 kHz. The data were acquired from the
Health Complex Pequeno Cotolengo in people with neurological
diseases. This project was approved from the Ethical Committee of
Research of Human Being, number 55850722.2.0000.5231.

The data was collected from people with cerebral palsy or post-
stroke. Some of them had all their limbs affected and others only
some limbs. The signals obtained, shown on Table 1, were named
Pre fist, Pre reach, Pre elbow, Post fist, Post reach and Post elbow,
where the ’pre’ term refers to the signals acquired before the use of
the electrical stimulation and ’post’ refers to the signals acquired
after the electrical stimulus application.

Table 1: Data for each patient

Patient Pre
fist

Pre
reach

Pre
elbow

Post
fist

Post
reach

Post
elbow

Total

P1 7 7 5 8 7 9 43
P3 1 1 1 1 1 1 5
P4 6 7 7 11 11 13 46
P5 2 0 4 5 0 2 13
P6 1 1 1 1 0 0 4
Total 111

The sEMG signals were acquired using bipolar electrodes in two
different muscles: triceps brachii and extensor carpi radialis. The
electrodes were placed in the volunteers as demonstrated in the
Figure 1 and Figure 2. In both acquisitions, the reference electrode
was placed on the bony protrusion of the elbow. For the triceps
brachii, the electrodes were placed on two to three fingers above
the reference electrode. To acquire the extensor carpi radialis, the
electrodes were placed on the forearm, three fingers below the
reference electrode.

Figure 1: Positioning of electrodes to obtain the triceps
brachii signals

Figure 2: Positioning of electrodes to obtain the extensor carpi
radialis signals

The data were acquired from three conditions: elbow evalua-
tion, wrist evaluation, and reach evaluation. Moreover, they were
collected in a functional activity, which consisted of volunteers
reaching and grasping a bottle of water, placed 10 cm from the
trunk region. For each condition, volunteers were asked to per-
form an activity for five seconds, rest, and then perform the same
movement again for five seconds. In elbow evaluation, it was re-
quested that the volunteer perform an elbow extension, where it
was acquired the data from the triceps brachii. It was requested
that the volunteer open the hand for wrist evaluation and for reach
evaluation, it was requested to extend the arm as far as possible. In
this lasts, both were acquired from the extensor carpi radialis.

Figure 3 shows a collected signal that has well-defined contrac-
tion and rest regions. This signal was collected from participant P3,
from triceps brachii. It contains 45 seconds sampled at 1 kHz, which
means 45000 samples.

Figure 3: Signal with resting and contraction phases
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2.2 Signal Processing
In this work, we propose a machine learning methodology for the
segmentation and classification of sEMG signals of people with
neurological conditions, employing a set of classifiers (ensemble)
and separately evaluating the performances of Random Forest (RF)
and Support Vector Machine (SVM). The main flow of the steps
used in this work is presented in Figure 4.

Dataset

Signal 
Segmentation Feature Extraction

Machine Learning Visualization

Window size: 100 samples

- Mean
- Standard deviation
- Maximun
- Minimun

- Random Forest
- SVM
- Ensemble (RF + SVM)

Figure 4: Operating flowchart

The data segmentation was made manually, setting the window
size to 100 samples. In Figure 5 we can see the size of the window
chosen close to the captured signal range, which means 0,1 s of the
signal. For each signal window, statistical features were extracted to
describe the signal properties. The features considered were mean,
standard deviation, maximum value and minimum value, as they
provide a simple but effective description of the signal fluctuations,
which is crucial to distinguish between different classes of muscle
activity (rest and contraction) [17].

Figure 5: Window size close to the signal

The extracted features were normalized using MinMaxScaler to
ensure consistency in the data scale. Subsequently, we used the K-
means clustering algorithm to categorize the data into two distinct
groups, corresponding to the resting and contraction states of the

muscles. This initial clustering helps in identifying the phases of
muscle activity in the sEMG signal.

The k-fold cross-validation was used to evaluate the performance
of the machine learning models used in this study, allowing a robust
validation and a reliable estimate of the generalization capacity. In
the validation process, the data were divided into k subsets (in this
case, 5), where, at each iteration, one subset was used as a test set
and the other k-1 subsets were used for training. This approach
was applied within Grid Search, which performs an exhaustive
search for the best parameters of the Random Forest and SVM
models, ensuring that the hyperparameter selection was performed
efficiently and robustly. The use of k-fold cross-validation in Grid
Search ensures that the model does not overfit the training data,
providing an accurate assessment of the classifier performance,
minimizing the risk of overfitting and allowing a fair comparison
between the different parameter configurations.

We used two distinct classifiers for the analysis: Random Forest
(RF) and Support Vector Machine (SVM) [18]. For both, we per-
formed a grid search (”GridSearchCV”) in order to optimize their
hyperparameters, ensuring the best possible performance. Each
classifier was evaluated individually to determine its effectiveness
in the task of classifying sEMG signals.

To improve the performance of the classification model, we com-
bined the Random Forest and SVM classifiers in an ensemble using a
VotingClassifier. The ensemble was configured to perform a major-
ity vote between the twomodels, where the final class of each signal
window was determined by the most voted class. In tie situations,
majority voting ensures that the tiebreaker is resolved consistently.
In the specific case of a tie between variations of two models, Vot-
ingClassifier chooses the label that appears most frequently among
the differences. This ensemble combined the strengths of both mod-
els, taking advantage of the robustness of Random Forest and the
generalization capabilities of SVM.

The model performance was evaluated using three main metrics:
accuracy, Jaccard index, and classification report. Accuracy was
calculated as the proportion of correct classifications in relation to
the total samples. The Jaccard indexwas used to assess the similarity
between the predicted and true classes in the classification tasks,
especially considering that the problem involves multiple classes
and anomaly detection. The Jaccard index measures the intersection
between the predicted and true classes, normalized by the union of
these classes, and is given by the equation:

𝐽 (𝐴, 𝐵) = |𝐴 ∩ 𝐵 |
|𝐴 ∪ 𝐵 | (1)

where A represents the samples of a true class and B the samples
of the predicted class. A higher Jaccard value indicates a greater
similarity between the classes, and this metric was especially useful
for evaluating the model’s performance in the contraction and rest
classes, which are the most common in sEMG signals. Furthermore,
the Jaccard index provided a performance measure for the analysis
of unbalanced classes.

The performance of the models was visualized through graphs,
in which the original signal was plotted over time, with areas cor-
responding to rest and contraction highlighted in different colors.
This visualization allowed a qualitative analysis of the effective-
ness of the muscle activity states, facilitating the interpretation of
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the results and the identification of possible failures or areas of
improvement.

3 RESULTS AND DISCUSSION
The sections of the signal labeled by the developed algorithms are
colored following the colors below:

• Green: contraction;
• Blue: rest.

The output of the algorithm is a graph that has the sEMG signal
with the areas painted according to their classification, as shown
in Figure 6. In it, we can observe that there is a clear distinction
betweenwhat is rest andwhat is contraction when the signal is well-
defined. There is no large difference between the three approaches
when the signal is in a typical state.

Figure 6: Output containing a labeled signal.

In addition to the machine learning-based method, an algorithm
based on Detection of Transition On State (DTOS), which is the
gold standard method, was developed to validate the visual inspec-
tion, using the signal energy. The thresholds were based on the
mean energy and the standard deviation of the energy. An adap-
tive threshold is then defined by adding the mean energy to n
(threshold_factor, in this case, 1,5) times the standard deviation.
The algorithm runs through the list of energies and checks the first
windowwhere the energy exceeds the threshold. Figure 7 shows the
result of the developed DTOS method. Analyzing the two images,
we can observe that the moment of detection of the first muscle
activation is very close, which corroborates the effectiveness of the
developed model.

The times when the onsets were detected by both methods are
also calculated. The developed machine learning method deter-
mined the onset for participant P3, shown on Figure 7, at 3,2 sec-
onds and the DTOS method detected the onset at 3,3 seconds. With
a difference of 0,1 seconds, we can see that the developed classifier
is very close to what is considered the gold standard for onset de-
tection. However, when we compare the developed method with
visual inspection, Figure 8a, we observe that there is a considerable
difference between them. While the developed method determined
the onset in 3,2 seconds, visual inspection determined it in 1,58
seconds.

The same occurs for signals from participants P1 and P4. For the
signal from P1, we obtained 1,8 seconds by the developed method,
1,91 s by the DTOS and 1,47 s for visual inspection, as explained in

Figure 7: Onset detection using DTOS.

Figure 8b. From the signal from P4, we obtained 2 s by the developed
method, 0,64 s by DTOS and 2,92 s by visual inspection, as identified
in Figure 8c. In all these cases, the developed method was delayed
in comparison with the visual inspection but had a better result
than DTOS.

Comparing with a simple amplitude threshold algorithm, as we
can see in Figure 9, the detection is close to the machine learning
method developed and DTOS. However, in the case of the amplitude
threshold we have to define the value of the threshold factor manu-
ally. Thus, the developed method determines the start without the
need to define this factor manually, which prevents errors caused
by an incorrect determination from occurring.

The developed methods were also evaluated regarding metrics
such as confusion matrix, Average Accuracy, Average Precision,
Average Recall, Average F1-score, Average Jaccard index. The con-
fusion matrices, shown in Figure 10, are concerning the number of
signal windows. We can notice that the SVM method confuses the
two classes. When the ensemble is made, the confusion is greater
when it predicts rest. However, there is a great agreement between
Random Forest and SVM.

Regarding the other metrics, in Figure 11, we see that they are
very close, being slightly lower in the SVM classifier. In fact, it
is also in the SVM that we see the lowest Jaccard index, which
indicates that there is less similarity between the set of predicted
labels and the set of true labels. This ends up affecting the ensemble
made with Random Forest, causing it to become more confused in
determining the contraction.

Nevertheless, when the contraction is not so clear or there is
some anomaly in the signal, the developed methods failed in the
classification, as can be seen in Figure 12. In no case where there was
any anomaly in the signals was the labeling done correctly, making
it clear that this is a limitation of the work. It is then necessary
to use anomaly detection methods in future work, to interpret an
anomaly and not allow it to interfere with the classification of
the rest of the signal, in addition to also labeling it. However, for
the model, this type of signal - which contains anomalies - wasn’t
classified incorrectly, since the model understands that the anomaly
is rest and everything above it is classified as a contraction. This
can only be considered an error when using visual inspection to
analyze the signal.

Comparing with similar works, Gallón et al. [13] proposed a
methodology that utilizes the Discrete Wavelet Transform (DWT)
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(a)

(b)

(c)

Figure 8: Visual inspection comparison with the developed
method. In (a), the comparison for a signal from participant
P3 is presented. The comparison for participant P1 is pre-
sented in (b). In (c), is presented the comparison for partici-
pant P4.

Figure 9: Onset detection using a simple amplitude threshold.

and Willison’s Amplitude Algorithm (WAMP) for feature extrac-
tion. Five classification methods, including Neural Networks (NN),
Classification Vector, XGBoost, Light Gradient Boosting Machine
(LGBM), and ExtraTree, were evaluated using F-Measure, Precision,

(a)

(b)

(c)

Figure 10: Confusion matrices. In (a), the confusion matrix
for Random Forest is presented. The confusion matrix for
SVM is presented in (b). In (c), is presented the confusion
matrix for the ensemble.

and Recall as performance metrics. In this case, they were not con-
cerned with identifying anomalies, only with finding the activation
time. The result was positive, managing to correctly determine
when the contraction began and ended. The classifiers used and the
preprocessing methods could be used in future works to improve
the anomaly and contraction detection.

5
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Figure 11: Performance Comparison of Classifiers

Figure 12: Labeled signal affected by an anomaly

In the work of Ghislieri et al., the authors tested several LSTM
models directly on surface electromyography (sEMG) signals, with-
out the need for feature extraction steps. The methodology involved
dividing the datasets into training, validation, and test sets, and the
evaluation of themodel’s performance was performed usingmetrics
such as precision and recall. The main focus was on the accurate
detection of muscle activation intervals, revealing an absolute bias
of less than 6 ms in the identification of the activation start and end
moments. The results demonstrated that the LSTM-MAD detector
outperformed traditional methods, such as the Teager–Kaiser En-
ergy Operator (TKEO) and the double-threshold statistical detector,
suggesting that the approach can be a valuable tool for applica-
tions that require accurate recognition of muscle activity in noisy
environments [14].

The main difference in this study is that, instead of performing
onset detection on electromyography signals from healthy individ-
uals, the detection was performed on signals from individuals with
neurological injuries. While other studies focus on performing this
analysis on healthy or even simulated signals, this study performed
the analysis on sEMG signals affected by neurological injuries, col-
lected from a rehabilitation project and with a real application, and
achieved a good result in identifying contraction and rest signals.
Even without performing filtering, rectification and linear enve-
lope extraction, the methods were able to distinguish between the
sections.

This provides valuable understanding for studies that require
the evaluation of signals from people with neurological conditions.
Furthermore, with improvements and enhancements, it can, for
example, be integratedwithMES-FES interfaces, in order to improve

the onset of the application of functional electrical stimulation in
rehabilitation applications.

Future applications include anomaly detection to avoid model
confusion and testing the effectiveness of the model in an online
embedded environment, collecting real data, and validating the
application of this methodworking together with the neuro orthosis
used in the initial collection of data used in this study.

4 CONCLUSION
This work used a dataset of surface EMG data collected in a health
complex of people with neurological conditions. The objective was
to find where there was a contraction and rest areas on those signals
using machine learning algorithms. The developed method was
compared to the gold standard Double Threshold Onset Detection
(DTOS) and visual inspection to determine its precision. The muscle
activity detection was successful when there is no anomaly on the
signal analyzed. But, when there is an anomaly, the whole signal is
mistaken either for contraction or rest.

In future work, hyperparameter adjustment and testing of differ-
ent algorithms and classifiers will be highlighted topics to improve
separation and reduce errors. In addition, including anomaly detec-
tion methods is essential, since when dealing with sEMG signals
from people with neurological injuries, the signals are very sus-
ceptible to noise, electrode displacement and movement artifacts.
This analysis will allow identifying and preventing these anomalies
from interfering with the classification of the rest of the signal. Pre-
processing the signals can help the methods to better differentiate
what each thing is, including improving the detection of anomalies
and preventing the entire signal from being confused with just one
class.

Furthermore, this work proposes to make the data and algo-
rithms developed available, to provide another type of analysis,
in addition to being able to receive improvements. It is available
at https://github.com/Joao-Pedro-ML/Machine-Learning-based-method-
to-label-signals-from-people-with-neurological-injuries.git.
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