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Abstract- Electromyography (EMG) based facial gesture
recognition using different machine learning techniques is
seen as potential medium in assistive technology and
rehabilitation. The aim of this paper is to contribute this
field of study by enabling system to recognize different facial
expressions using EMG. It includes the comprehensive study
on analysis of mutual action potential signals generated for
four different expressions with most discriminative features.
Different statistical features are derived in time domain like
Root mean square (RMS), variance (VAR), etc. for feature
classification. Finally, statistical features are classified using
Support vector machine (SVM) and k- nearest neighbor
(KNN). The results of the system are presented and
methodology used is efficient for predicting different
expressions which gives 92.76% accuracy using support
vector machines.
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1. INTRODUCTION

Facial gestures are most visible and expressive
communication channels which contains complicated
muscles capable of generating delicate movements. These
facial gestures could convey non-verbal expressions, which
are important in interpersonal relations. Efficient analysis
of facial neuromuscular signals generated by different
facial expression can be used for characterization of
different facial gestures using surface electromyography
(sEMG). [1,2]

EMG signals are non-stationary and stochastics signals
which makes their analysis too complex. The recognition
of facial gestures depends on the effectiveness of the
feature selected and classification algorithm applied. Thus,
in order to discriminate the muscle movements i. e. facial
gestures ample amount of information is needed to be
gather from the selected features. The features of EMG
signals can be grouped in different categories based on the

and time- frequency domain features. In our studies we
have focused on various times domain features which
provides the most discerning characteristic of different
movements. [3,7]

There are various techniques used for facial gestures
identification. Image processing is widely used technique
but it is ineffective to identify the movement of delicate
muscles. Electromyography provides upper edge to this
technique as it detects the tiny variations in signals for
different muscles movement for facial gestures. Thus, it is
helpful in many human machine interface (HMI)
applications where we can control applications like robot
or wheelchair using different facial expressions.[7]

In these studies, we have designed a system which
provides one more dimension to available techniques in
this field.

2. METHODOLOGY
2.1 System Overview

The block diagram of the proposed system is
shown in the Fig-1. The EMG signal is acquired using the
available dataset. Dataset consists of raw EMG signals of
four different expressions like frowning, puckering,
smiling and chewing. The raw EMG signal is passed
through band pass filter 30-450 Hz. Then for processing,
windowing of the signal is done to select the number of
samples of the EMG signal in the time domain. Further the
root mean square (RMS) features are extracted from non-
overlapping window of 256 samples. Other features
extracted are mean absolute value (MAV), standard
deviation (SD) and variance (VAR). Finally, the extracted
results of the active dataset are classified using Support
vector machine (SVM).

type of analysis technique used: time, frequency, spatial
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Figure-1: System Block Diagram

2.2 Collecting Dataset

The data consists of facial surface EMG signals
from the muscle’s corrugator supercilia, zygomaticus
major, orbicularis oris, orbicularis oculi, and masseter.
Fifteen participants (8 females, 7 males) participated in
the experiments for data collection. [9]. The above muscles
are most active muscles which provides ample variations
in signals for unlike expressions. Fig-2. Represents the
anatomy of human face and location of different active
muscles in facial expressions.
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Figure-2: Electrode location for measuring facial EMG activity

3. FEATURE EXTRACTION AND CLASSIFICATION.

3.1 Feature Extraction

Feature extraction is one of the best methods for
reducing the dimensions of the large datasets. Here, we
convert an initial set of data in a specific derived values or
features which plays an important role in EMG signal
analysis.

There are three types of features in which a raw EMG
signal can be analyzed for feature extraction: time domain
features, frequency domain features and time-frequency

domain features. Here time domain features like root
mean square (RMS), mean absolute value (MAV), standard
deviations (SD) and Variance (VAR) are derived. Root
mean square (RMS) feature shows the energy content in
signal. Variance (VAR) and standard deviation (SD) gives
an idea about the variation or dispersion of data from
mean or spread out of the data. As EMG signals are non-
stationary and non-periodic signals a lot of variations are
observed for different gestures. Thus, the above defined
features provide more discerning variations in the range of
statistical value for different expressions.

Table I, represents the mathematical expressions for
mentioned statistical features.

Table-1
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Deviation (SD)
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Square (RMS)

3.2 Classifications

Features extracted need to be classified in distinct
classes for recognition of the different facial expressions.
Classifiers used must be fast and proficient with better
sensitivity and accuracy. The selected classifiers for the
above experiments are Support vector machine (SVM) and
k- nearest neighbor(k-NN).

3.2.1 Support Vector Machine (SVM)

Support Vector Machines (SVMs) are supervised
learning model with associated learning algorithm that
analyze data for classification and regression analysis. In
SVM, a data point is viewed as a p- dimensional vector and
we want to know whether we can separate such points
with a (p-1) dimensional hyperplanes. It is called as linear
plane or linear SVM. In our design we are dealing with
multiple facial expressions which need to be classified with
multiclass classifier. Thus, kernel SVM is used i.e. nonlinear
SVM with Kkernel tricks [8]. Different types of kernels like
polynomial, Gaussian, Gaussian Radial Basis (RBF),
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sigmoid kernel is available. Here, polynomial kernel of
degree 3 i.e. cubic SVM is been deployed for classification
of expressions. The mathematical expression for
polynomial regression is,

k(xi‘xj) = (xi * xj + 1)d
Where d is the degree of the polynomial.
3.2.2 Kk-Nearest Neighbor (k-NN)

k- nearest neighbor (k-NN) finds the cluster of k-
data points in the training set close to the class object
based on the dominant class. Accuracy of k-NN depends k-
value as the classification depends on k-values and also on
the distance matrix name like Chebyshev, Euclidean,
Hamming etc.

4. RESULTS AND DISCUSSIONS

4.1 Raw EMG signals and Preprocessing

Fig-3, shows the plot of raw EMG signals for facial
expressions like frowning and its filtered signal. For pre-
processing the band pass filter of 5-450 Hz is used.
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Figure-3: Signal plot and filtering

4.2 Classifier Results: SVM and k-NN

For the classification of data, confusion matrix a table
briefing the classification algorithm is used.

Fig-4, shows the confusion matrix for SVM. The accuracy
achieved is 92.76% for SVM for the polynomial regression
of degree 3. The 5- fold validation is used for data
prediction with 80-20% training -testing method.
Similarly, overall accuracy achieved for cubic k-NN is
91.20%.

Confusion Matrix for: Support Vector Machine

True class

Predicted class

Figure-4: Confusion Matrix for SVM

Confusion Matrix for: k-Nearest Neighbor
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Figure-5: Confusion Matrix for k-NN

Receiver operating curve (ROC) is the true positive rate
(Sensitivity) is plot against the function of the false
positive rate (100-Specificity) for different cut-off points of
a parameter. Area under ROC curve indicates the
usefulness of the classification tests.

Fig-6 and Fig-7 are ROC curve for SVM and k-NN
respectively.
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Figure-6: ROC curve for SVM
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Figure-7: ROC curve for K-NN

The class wise accuracy table for SVM and k- NN is
given below. Table-2 is accuracy table for SVM and Table-3
is accuracy table for k-NN.

Table-2
Accuracy | Precision | Recall F-
(%) ratio
Class 1 93.76 0.95 0.93 0.94
Class 2 95.37 0.85 0.86 0.86
Class 3 96.78 0.88 0.92 0.90
Class 4 99.20 0.98 0.98 0.98
Table-3
Accuracy | Precision | Recall F-
(%) ratio
Class 1 94.77 0.96 0.93 0.95
Class 2 90.58 0.85 0.93 0.89
Class 3 96.78 0.90 0.90 0.90
Class 4 94.7 0.98 091 0.98

4.3 Comparison of SVM and k-NN Classifier

Table-4
Parameter SVM k-NN
Accuracy 93.76 91.20
Sensitivity 92.25 91.40
Specificity 91.50 92
F-ratio 92 90.75

5. CONCLUSION

The main aim of this paper is to recognize facial
expressions from facial EMG signals. Features like root
mean square (RMS), standard deviation (SD) and Mean
average value (MAV) are used for classification using
support vector machine (SVM) and k-nearest neighbor (k-
NN). The best classification accuracy is 92.76% for cubic
SVM to detect facial gesture using 80-20 training testing
method.
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