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Detecting Emotion from EEG Signals
Using the Emotive Epoc Device
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Abstract. The study of emotions in human-computer interaction has
increased in recent years in an attempt to address new user needs. At the
same time, it is possible to record brain activity in real-time and discover
patterns to relate it to emotional states. This paper describes a machine
learning approach to detect emotion from brain activity, recorded as elec-
troencephalograph (EEG) with the Emotic Epoc device, during auditory
stimulation. First, we extract features from the EEG signals in order to
characterize states of mind in the arousal-valence 2D emotion model. Us-
ing these features we apply machine learning techniques to classify EEG
signals into high/low arousal and positive/negative valence emotional
states. The obtained classifiers may be used to categorize emotions such
as happiness, anger, sadness, and calm based on EEG data.

1 Introduction

The study of emotions in human-computer interaction has increased in recent
years. This is due to the growing need for computer applications capable of de-
tecting the emotional state of users [I7]. Motivated by every day interaction
among humans, a great part of the research in this area has explored detecting
emotions from facial and voice information. Under controlled situations, cur-
rent emotion-detection computer systems based on such information are able
to classify emotions with considerable accuracy [I8]. However, emotions are not
always manifested by means of facial expressions and voice information. Psy-
chologists distinguish between physiological arousal, behavioral expression, and
the conscious experience of emotions. Facial and voice information is related
only to behavioral expression which can be consciously controlled and modified,
and which interpretation is often subjective. Thus, other approaches to detect
emotion have been proposed which focus on different physiological information
such as heart rate, skin conductance, and pupil dilation [I8JI6]. A still relatively
new field of research in affective brain-computer interaction attempts to de-
tect emotion using electroencephalograms (EEGs) [2I3]. There have been several
approaches to EEG-based emotion detection, but there is still little consensus
about definite conclusions.
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In this paper we describe an approach to detecting emotion from electroen-
cephalogram signals measured with a (low-cost) Emotiv EPOC headset. We
present to subjects auditory stimuli from a library of emotion-annotated sounds
and record their response EEG activity. We then filter and process the signal
in order to extract emotion-related features and apply machine learning tech-
niques to classify emotional states into high/low arousal and positive/negative
valence (e.g. happiness is a state with high arousal and positive valence, whereas
sadness is a state with low arousal and negative valence). Our approach differs
from previous works in that we do not rely in subject self-reported emotional
states during stimuli presentation. Instead, we use a library of emotion-annotated
sounds publicly available for emotional research. Figure 1 illustrates the different
steps of our approach.

Fig. 1. Schematic view of the system

The rest of the paper is organized as follows: Section 2 presents background
to this research. Section 3 described the data collection process and methods.
In Section 4 we describe our approach to EEG-based emotion classification and
report the results, and finally Section 5 presents some conclusions and further
research.

2 Background

The firing of neurons in the brain trigger voltage changes. The electrical activity
measured by the electrodes in an EEG headset corresponds to the field poten-
tials resulting from the combined activity of many individual neuronal cells in the
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brain cortex. However, the measured cortical activity is distorted by the tissue
and skull between the electrodes and the neurons. This introduces noise and re-
duce the intensity of the recorded signals. In despite of this, EEG measurements
still provide important insight into the electrical activity of the cortex.

The frequency of EEG measurements ranges from 1 to 80Hz, with amplitudes
of 10 to 100 microvolts [9]. Signal frequencies have been divided into different
bands, since specific frequency waves are normally more prominent in particular
states of mind. The two most important frequency waves are the alpha waves
(8-12Hz) and the beta waves (12-30Hz). Alpha waves predominantly originate
during wakeful relaxation mental states, and are most visible over the parietal
and occipital lobes. Intense alpha wave activity have also been correlated to brain
inactivation. Beta wave activity, on the other hand, is related to an active state
of mind, most prominent in the frontal cortex during intense focused mental
activity [9].

Alpha and beta wave activity may be used in different ways for detecting
emotional (arousal and valence) states of mind in humans (more details later).
Choppin [3] propose to use EEG signals for classifying six emotions using neural
networks. Choppin’s approach is based on emotional valence and arousal by
characterizing valence, arousal and dominance from EEG signals. He characterize
positive emotions by a high frontal coherence in alpha, and high right parietal
beta power. Higher arousal (excitation) is characterized by a higher beta power
and coherence in the parietal lobe, plus lower alpha activity, while dominance
(strength) of an emotion is characterized as an increase in the beta / alpha
activity ratio in the frontal lobe, plus an increase in beta activity at the parietal
lobe.

Oude [14] describes an approach to recognize emotion from EEG signals mea-
sured with the Bralnquiry EEG PET device. He uses a limited number of elec-
trodes and trains a linear classifier based on Fishers discriminant analysis. He
considers audio, visual and audiovisual stimuli and trains classifies for posi-
tive/negative, aroused/calm and audio/visual/audiovisual.

Takahashi [I8] use a headband of three dry electrodes to classify five emotions
(joy, anger, sadness, fear, and relaxation) based on multiple bio-potential signals
(EEG, pulse, and skin conductance). He trains classifiers using support vector
machines and reports the resulting classifying accuracy both using the whole set
of bio-potential signals, and solely based on EEG signals.

Lin at al. [10] apply machine-learning techniques to categorize EEG signals ac-
cording to subject self-reported emotional states during music listening. They pro-
pose a framework for systematically seeking emotion-specific EEG features and
exploring the accuracy of the classifiers. In particular, they apply support vector
machines to classify four emotional states: joy, anger, sadness, and pleasure.

3 Data Collection

EEG data in this study were collected from 6 healthy subjects (3 males and 3
females) with average age of 30.16 during listening to emotion-annotated sounds.
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For collecting the data we used the Emotiv EPOC headset, recently released by
the Emotiv Company [7]. This headset consists of 14 data-collecting electrodes
and 2 reference electrodes, located and labeled according to the international
10-20 system [I2]. Following the international standard, the available locations
are: AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8 and AF4. Figure
2 shows the 14 Emotiv EPOC headset electrode positions. The EEG signals are
transmitted wirelessly to a laptop computer.

Fig. 2. Emotiv EPOC headset electrode positioning

Subjects were instructed to look at a cross in the a computer screen and
to remain seated during the experiment. Subjects listened to selected sounds
from the TADS library of emotion-annotated sounds [I] which is available for
emotion research. Based on the annotations provided by the stimuli databases,
we selected 12 sound stimuli situated in the extremes on the arousal-valence
emotion plane: three positive/aroused, three positive/calm, three negative/calm,
and three negative/aroused. The stimuli were selected to be as much as possible
on the extremes of the two-dimensional emotion plane and as unanimous as
possible, since we do not consider self-reporting information to cater for person-
dependent deviations.

Initially, the subjects are informed about the experiment procedure and in-
structed to follow the usual guidelines during stimuli presentation (e.g. do not
blink or move). Once this was done, 12 sound stimuli are randomly presented
each one for five seconds and a 10 second silent rest is inserted between stimuli.


https://www.researchgate.net/publication/254766993_Electroencephalography_basic_principles_clinical_applications_and_related?el=1_x_8&enrichId=rgreq-66a2a65eafc21fb5cb9babcc143fb7ce-XXX&enrichSource=Y292ZXJQYWdlOzI2MjI4ODQ2NztBUzoxOTgxNDcwMDQ0NzMzNDRAMTQyNDI1MzMzNTI5Nw==

Detecting Emotion from EEG Signals Using the Emotive Epoc Device 179

The purpose of the 10 second silent rests is to set a neutral emotional state of
mind in between stimuli.

4 Data Classification

4.1 Feature Extraction

As mentioned in the previous section, in EEG signals the alpha (8-12Hz) and beta
(12-30Hz) bands are particular bands of interest in emotion research for both
valence and arousal [13]. The presence of EOG artifacts (eye movement/blinking)
is most dominant below 4Hz, ECG (heart) artifacts around 1.2Hz, and EMG
(muscle) artifacts above 30Hz. Non physiological artifacts caused by power lines
are normally present above 50Hz [Gl5].

Thus, fortunately a byproduct of extracting the alpha and beta frequencies is
that much of the noise present in EEG signals is considerably reduced. We apply
bandpass filtering for extracting alpha and beta frequency bands. Using Fourier
frequency analysis, the original signal is split up in frequencies in order to remove
specific frequencies, before transforming back the signal with only the frequen-
cies of interest. For this research, we apply the bandpass filter implementation
provided by the OpenVibe software [15].

From the EEG signal of a person, we determine the level of arousal, i.e. how
relaxed or excited the person is, by computing the ratio of the beta and alpha
brainwaves as recorded by the EEG. We measure the EEG signal in four locations
(i.e. electrodes) in the prefrontal cortex: AF3, AF4, F3 and F4 (see Figure 2).
As mentioned before, beta waves are associated with an alert or excited state of
mind, whereas alpha waves are more dominant in a relaxed state. Alpha activity
has also been associated to brain inactivation. Thus, the beta/alpha ratio is a
reasonable indicator of the arousal state of a person.

In order to determine the valence level, i.e. negative or positive state of mind,
we compare the activation levels of the two cortical hemispheres. This is moti-
vated by psychophysiological research which has shown the importance of the
difference in activation between the cortical hemispheres. Left frontal inactiva-
tion is an indicator of a withdrawal response, which is often linked to a negative
emotion. On the other hand, right frontal inactivation may be associated to an
approach response, or positive emotion.

As mentioned before, high alpha activity is an indication of low brain activity,
and vice versa. Thus, an increase in alpha activity together with a decrease in
beta waves may be associated with cortical inactivation [13]. F3 and F4 are the
most used positions for looking at this alpha activity, as they are located in the
prefrontal lobe which plays a crucial role in emotion regulation and conscious
experience.

Although previous research suggests that hemispherical differences are not
an indication of affective valence (feeling a positive or negative emotion), it has
been suggested that it is an indication of motivational direction (approach or
withdrawal behavior to the stimulus) [8]. In general, however, affective valence is
related to motivational direction. Therefore, comparing hemispherical activation
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seems to be a reasonable method to detect valence. Thus, we estimate the valence
value in a person by computing and comparing the alpha power a and beta power
b in channels F3 and F4. Specifically,

valence = apys/bps — ap3/brs.

4.2 Learning Task

In this section we describe our approach to training and evaluating classifiers for
the task of detecting the emotional state of mind of a person given the person’s
observed EEG data. We approach this problem as a two 2-class classification
problem. In particular, we apply machine learning techniques to classify high /low
arousal and positive/negative valence emotional states. The obtained classifiers
can be used to classify emotions such as happiness, anger, sadness, and calm.
Figure 3 shows these emotions in the arousal/valence plane.

T Arousal
(high)
Annoying Excited

Angry Happy
Mervous Pleased
[ Valence
(negative) I (positiva)
Sad Relaxed
Baored Peaceful
Sleepy | Calm

| (low)

Fig. 3. Emotional states and their positions in the valence/arousal plane

We are interested in inducing two classifiers of the following forms:
ArousalClassi fier(EEGdata([t,t + c])) — {high,low}

and
ValenceClassifier(EEGdata([t,t + c])) — {positive, negative}

where EEGdata([t,t + c]) is the EEG data observed at time interval [¢,¢ + ]
and {high,low} and {positive, negative} are the sets of emotional states to be
discriminated. The results reported in this paper are obtained with c=1s and
with increments of ¢ of 0.0625s. For each subject in the EEG data sets we train
a separate classifier.



Detecting Emotion from EEG Signals Using the Emotive Epoc Device 181

4.3 Algorithms

In this paper we evaluate two classifiers, Linear Discriminant Analysis (LDA)
[11] and Support Vector Machines (SVM) [4], for classifying an emotion state for
each EEG segment. Linear discriminant analysis and the related Fisher’s linear
discriminant are methods used in statistics, pattern recognition and machine
learning to find a linear combination of features which characterizes or separates
two or more classes of objects or events. The resulting combination may be
used as a linear classifier. LDA is closely related to regression analysis, which
also attempt to express one dependent variable as a linear combination of other
features. In regression analysis however, the dependent variable is a numerical
quantity, while for LDA it is a categorical variable (i.e. the class label).

On the other hand, SVM is one of the most popular supervised learning algo-
rithms for solving classification problems. The basic idea in SVM is to project
input data onto a higher dimensional feature space via a kernel transfer func-
tion, which is easier to be separated than that in the original feature space.
Depending on input data, the iterative learning process of SVM would even-
tually converge into optimal hyperplanes with maximal margins between each
class. These hyperplanes would be the decision boundaries for distinguishing dif-
ferent data clusters. Here, we use linear and radial basis function (RBF) kernel
to map data onto a higher dimension space. The results reported are obtained
using the LDA and SVM implementations in the OpenVibe software [15].

We evaluated each induced classifier by performing the standard 10-fold cross
validation in which 10% of the training set is held out in turn as test data while
the remaining 90% is used as training data. When performing the 10-fold cross
validation, we leave out the same number of examples per class. In the data sets,
the number of examples is the same for each class considered, thus by leaving
out the same number of examples per class we maintain a balanced training set.

4.4 Results

Given that we are dealing with 2-class classification tasks and that the number
of instances in each class is the same, the expected classification accuracy of the
default classifier (one which chooses the most common class) is 50% (measured in
correctly classified instances percentage). For the high-versus-low arousal, and
the positive-versus-negative valence classifiers the average accuracies obtained
for SVM with radial basis function kernel classifier were 77.82%, and 80.11%,
respectively. For these classifiers the best subject’s accuracies were 83,35%, and
86.33%, respectively. The correctly classified instances percentage for each sub-
ject and each learning method is presented in Figures 4 and 5.

4.5 Discussion

The difference between the results obtained and the accuracy of a baseline classi-
fier, i.e. a classifier guessing at random confirms that the EEG data contains suffi-
cient information to distinguish between high/low arousal and positive/negative
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Fig. 4. Classifiers (LDA, SVM with linear kernel, and SVM with radial basis function
kernel) accuracies for high-versus-low arousal for all subjects
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Fig. 5. Classifiers (LDA, SVM with linear kernel, and SVM with radial basis function
kernel) accuracies for positive-versus-negative valence for all subjects

valence states, and that machine learning methods are capable of learning the
EGG patterns that distinguish these states. It is worth noting that both learning
algorithm investigated (LDA and SVM) produced better than random classifi-
cation accuracies. This supports our statement about the feasibility of training
classifiers using the Emotiv Epoc for the tasks reported.

The accuracy of the classifiers for the same task for different subjects varies
significantly, even using the same learning method. Subjects producing high
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accuracies with one learning method tend to produce high accuracies with the
other learning methods. These uneven accuracies among subjects may be due to
different degrees of emotional response between different individuals, or to the
amount of noise for different subjects. In any case, it has been reported that
there exists considerable variation in EEG responses among different subjects.
It is worth mentioning that in all the experiments performed we provided
no self-assessment information about the emotional states by the subjects. This
contrasts with other approaches (e.g. [10]) where EEG data is categorized ac-
cording to subject self-reported emotional states. Incorporating self-assessment
information would very likely improve the accuracies of the classifiers.

5 Conclusion

We have explored and compared two machine learning techniques for the problem
of classifying the emotional state of a person based on EEG data using the
Emotiv Epoc headset. We considered two machine learning techniques: linear
discriminant analysis and support vector machines. We presented the results
of the induced classifiers which are able to discriminate between high-versus-
low arousal and positive-versus-negative valence. Our results indicate that EEG
data obtained with the Emotiv Epoc device contains sufficient information to
distinguish these emotional states, and that machine learning techniques are
capable of learning the patterns that distinguish these states. Furthermore, we
proved that it is possible to train successful classifiers with no to self-assessment
of information about the emotional states by the subjects. As future work, we
are particularly interested in systematically exploring different feature extraction
methods and learning methods in order to improve the accuracy of the induced
classifiers.
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