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Abstract: This study examines various facial expressions using single-channel electromyography with minimal
computational complexity for real-time applications. The electromyography data of facial muscles is derived from the
electrical potential generated by different facial expressions, which can have varying values for each expression. In this
study, electromyography data were recorded from the facial muscles of six female participants with a mean age of 25+5
years. After applying a fourth-order Butterworth filter, the data were divided into 10-second windows, and 12 features
were extracted in both time and frequency domains. To reduce computational load, Principal Component Analysis (PCA)
was utilized for feature reduction, while classification of the data was performed using artificial neural networks and
decision trees. After applying the filters and extracting features, the data were classified using multilayer perceptron
classifiers with an accuracy of 73.57%, decision trees with an accuracy of 95.16%, MPL-PCA with an accuracy of
65.20%, and DT-PCA with an accuracy of 96.33%. Challenges in this study include the small number of participants and
the single-channel nature of the data. Future studies could combine facial muscle data.
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Extended Abstract

1- Introduction

Electromyography (EMG) is a medical technique that
records and analyzes the electrical activity of muscles.
This method uses electrodes to capture the electrical
signals generated by the muscles. According to recent
articles, the main applications of electromyography
include analyzing emotions from facial muscles in
identifying and differentiating various emotions such as
happiness, sadness, anger, etc. [1], as well as clinical
diagnosis in identifying movement disorders and other
medical conditions, such as swallowing difficulties in
stroke patients [2], and controlling prosthetic devices in
human-machine interfaces (HMI) [3], as well as biometric
research on physiological states like muscle fatigue [1].
Facial muscles play a vital role in conveying emotional
states. Facial expressions are a source of information that
help in understanding an individual's emotional condition;
thus, recognizing facial expressions is essential for
effective communication and social interactions.
Moreover, facial emotional disorders can be an early
indicator of various medical conditions. For instance,
stroke patients may experience swallowing difficulties as
an early sign that can be detected through changes in facial
expressions. This highlights the importance of facial
expression recognition in clinical diagnosis and
monitoring health conditions.

In this study, we will examine the relationship between
electromyography and facial expressions and the
differentiation of states through machine learning
methods. It seems that machine learning methods,
combined with signal processing algorithms, can
effectively differentiate data related to single-channel
electromyography.

2- Methodology

In this study, four female participants with an average age
of 25+2 years and a body mass index of 23.2+2 kg/m? were
present. All participants were healthy adults with no
history of neuromuscular disease. These individuals
participated voluntarily and with full awareness of the
study's implementation process. To obtain facial data, it is
necessary to place two electrodes connected to the input
terminals (orange and red) at a maximum distance of 4
centimeters on the cheeks and a reference electrode
(green) on the forehead bone or behind the ear. In this case,
the electromyographic signal related to the face will be
casily identifiable through the signal amplitude.
Additionally, the seniam electrode placement method was
used differentially. Data for each class of facial
movements was recorded over a period of 10 seconds.
Each individual repeated each movement 15 times in each
class. Six classes of different facial movements (natural
expression, yawning, laughing, studying, and chewing
gum) were performed by each individual as shown in

Figure (2), and the corresponding data was recorded as per
the sample in Figure (3). After this step, 12 features in the
time and frequency domains that had the most variance
among the selected features were extracted for data
analysis from the windows. Initially, 24 features were
chosen as effective features based on preliminary studies,
which were ultimately narrowed down to 12 selected
features after the feature extraction and variance analysis
of the data. After the feature extraction phase and
considering the numerous features extracted from the data,
there is a need to reduce the computational burden. In the
data classification stage, the use of machine learning
methods is essential. For this purpose, the artificial neural
network (ANN) is a computational model inspired by the
structure of the human brain that is capable of learning and
solving complex problems.

3- Results and discussion

The display of the data by two selected features in the time
and frequency domain, namely RMS and MDF features,
shows a good condition as indicated in Figure X. Based on
this figure, which is for the third sample data, it has been
determined that MDF is scattered between 90 to 155 units
and RMS between 0.75 to 9, indicating that the densities
reflect the validity of performance during the data
acquisition period. According to the results obtained after
extracting 12 features from the time and frequency
domains, various classifiers with different accuracies,
precision, features, and sensitivities were applied,
including a multilayer perceptron with an accuracy of
73.57%, a decision tree with an accuracy of 95.16%, an
MLP-PCA combination with an accuracy of 65.20%, and
a DT-PCA combination with an accuracy of 96.33% for
the purpose of detecting different states based on facial
muscles; therefore, the highest classification accuracy was
achieved when the decision tree was combined with
principal component analysis. The results indicate that the
classifications have various levels of accuracy, precision,
and sensitivity. Ultimately, we concluded that the decision
tree has higher accuracy and precision compared to the
other classifiers.

4- Conclusion

Considering the results obtained, EMG has been a
powerful tool, applicable in various fields, and has
provided extensive capabilities to researchers and
specialists. According to this study, EMG is used for
emotion analysis and recognition tasks, and the decision
tree performs very effectively in this process, providing
results with a high percentage of accuracy. Combining it
with principal component analysis improves performance.
One of the limitations of this study is the use of single-
channel signals. In other words, in this research, the human
body is assumed to be symmetrical, disregarding the
differences in individuals' physical characteristics.
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