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ABSTRACT
EEG-based emotion classification is characterized by a sequence of steps, where prepossessing and feature engineering
have a preponderant role, given the richness and complexity of the data. This has led to a high number proposed
methodologies in recent years. Although positive, this makes
it difficult to visualize and compare the state of the art, as
each method usually uses its own dataset and evaluation
metric and does not provide enough detail (or source code)
for replication. In an attempt to formalize the analysis and
evaluation methodologies, this paper presents a initial step
towards a unified analysis framework. We performed a replication study on two of the most representative approaches
for classification and evaluate them using a unique metric
on the DEAP dataset.
Additionally, as feature extraction represents one of the
most heterogeneous and also laborious steps, we propose an
alternative based the use of a Convolutional Neural Network
(CNN), with the aim to study if a setting where the model
automatically learn to represent the data can be competitive
in comparison with manually crafted features. Results of our
empirical study show that the replication and comparison is
feasible and that CNN based approaches are competitive to
traditional signal-based classification.
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1.

INTRODUCTION

Emotion is critical aspect of the human behavior, playing a significant role in activities such as communication
and learning. Historically, researchers have focused on psycho physiological variables, such as posture, language (voice
intonation), facial expression and gestures to identify and
classify emotions and relate them to behavior patterns or
decision making processes [4]. The use of electroencephalography (EEG) to study the emotion recognition has allowed
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the support of disciplines such as Human Computer Interaction (HCI) and Brain Computer Interfaces (BCI). In this
context, the vision proposed is that in the future, machines
should have the ability to identify the emotional state of humans in order to provide a more effective assistance. This
could represent a relevant advance in fields such as health
care and education.
EEG-based emotion recognition usually follows a sequence
of steps, such as stimuli selection, pre processing, feature
selection and engineering, classification and evaluation. Literature reports a high level of heterogeneity on each of these
steps, given the inherent richness of the data (usually captured through a sophisticated configuration of electrodes),
the multimodality of the stimuli and the wide range of analysis tools available. Although this could be seen as a beneficial element, the recent increment in reported approaches
makes it difficult to perform a reliable comparison to assess the real impact, applicability and level of generalization
that the current studies provide. Our vision is that, based
on the collaborative work with other members of the community, in the future it could be possible to have a solid
benchmark that could increase the performance and pace of
the research in this area, similarly as benchmarks such as
[13] and [5] have boosted the progress in the areas of image
recognition and visual saliency, respectively.
In this paper, our goal is to firstly study the quality of
the available datasets for EEG-based recognition, in terms
of their level of generalization. After choosing one, select
the most representative approaches for emotion classification and try to replicate them. Additionally, a evaluation
framework is proposed, in order to formalize and normalize
the results.
After setting up a baseline based on the study of related
work, we explored the use of a new paradigm based on Representation Learning: the use of Convolutional Neural Networks (CNN) for EEG-based emotion recognition. Our main
motivation is try to generate an alternative to the feature
engineering process present in EEG-based emotion recognition, which usually turns out to be difficult and excessively
laborious. In that sense, we are interested in analyzing if
an automatic feature extraction could be competitive compared to hand crafted features. Our main hypothesis is that
the ability of CNN to generate hierarchical representations
of the features could lead to an effective understanding of
the relationship between signal patterns and the valence of
emotions.
We performed an initial empirical study to compare the
collected emotion classification methods based on an unified

way. Our results show that the replication is feasible, although it is conditioned to several modifications given the
lack of detail in the original papers. In terms of a comparison both Wavelet based and Convolutional Network approaches obtained similar results (accuracy approximately
70%), while Statistical Features based approach only reaches
up to 45 % accuracy.
The rest of the paper is structured as follows. Section
2 explores the publicly available EEG datasets for emotion
recognition. Section 3 describes what we consider the most
representative methods for emotion classification, along with
a deep learning alternative. Section 4 sets a formal way to
unify and compare the performance of the methods. Section
5 discusses the results and the limitations of the analysis.
Finally, Section 6 outlines the conclusions and the future
work.

2.

AVAILABLE DATASETS

Literature shows several attempts to provide datasets for
EEG-based emotion recognition. These approaches differ in
many factors, such as nature of the stimuli and number and
type of participants. In this section, a summary is provided,
with the goal of highlighting the strengths and limitations
to facilitate selection. The following list is based on information available online by May 2015.

2.1

DEAP

Koelstra et al. [7] released the Database for Emotion
Analysis using Physiological Signals (DEAP). This dataset
contains electroencephalogram and peripheral physiological
signals of 32 healthy participants (50% female), aged between 19 and 37 (mean age 26.9), while they were watching 40 one-minute long excepts of music videos. For each
video, the dataset has a label for valence, arousal, dominance
and liking levels according a process that combined the use
of data from Last.fm and subjective annotation from the
subjects. The data available includes 48 channels (32 EEG
channels, 12 peripheral channels, 3 unused channels and 1
status channel) at a sample rate of 512Hz. Due to different
revision of the hardware, there are some minor differences in
the format, mainly regarding to the order of the channels.

2.2

MAHNOB-HCI

In 2012, Soleymani et al. [15] published the MAHNOBHCI1 , a Multimodal Database for Affect Recognition and
Implicit Tagging. Face videos, audio signals, eye gaze data
and peripheral/central nervous system physiological signals
are available for researchers in those mentioned fields. The
characteristics of the database include a total of 27 subjects
(11 male and 16 female) with ages between 19 and 40 years
old (M=26.06; SD=4.39), and the following recordings: 32channel EEG (256 Hz); peripheral physiological signals(256
HZ); face and body videos using 6 cameras (60 f/s); eye
gaze (60 Hz) and audio (44.1 Hz). This work includes two
experiments, the first one was related to the emotional responses to visual stimuli (videos), for which 20 videos were
selected for subjects to self-assess using emotional keywords,
arousal, valence, dominance and predictability. The second
experiment was related to implicit tagging and subjects had
to report (dis)agreement to the displayed tag for 28 images
and 14 videos.
1
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2.3

eNTERFACE’06

In the context of Enterface 2006, the project Emotion Detection in the Loop from Brain Signals and Facial Images
by Savran et al. [14] considered the generation of an affective assessment database2 . EEG, fNIRS (functional Near
Infrared Spectroscopy) and peripheral signals, namely galvanic skin response (GSR), respiration and blood volume
pressure were recorded in order to prove the feasibility of
a multimodal approach for emotion recognition. Two experiments were conducted for collecting the data. The first
one included 5 subjects who were asked to self assess the
emotions elicited by diverse IAPS3 images of three classes
(calm, exciting positive and exciting negative), while the
mentioned responses were being recorded at 1024 Hz. The
second experiment considered the display of three kind of
emotions, neutral, happiness and disgust. In experiment 2,
16 subjects (10 male and 6 female; M=25 years old), where
shown videos from the DaFEx database4 while face video
and fNIRS where recorded.

2.4

Selection

Based on the data sets described, we consider DEAP as
the most complete source for analysis. Firstly, it provides
the highest number of participants and the highest number
of instances, in this case, one minute length music video clips
(also available online). Secondly, it provides the most reliable two way emotion tagging data, making it more flexible
to study the labels in the classification problem. Lastly, in
terms of accessibility and ease of use, DEAP provides the
most structured schema as data can be obtained for both
Python and MATLAB platforms.

3.

CLASSIFICATION METHODS

Based on the work of Jenke et al.[4], where a comprehensive survey on the features and models for emotion classification is presented, we performed a selection of the most
representative in terms of the treatment of the data. These
methods heavily rely on manually generated features, which
basically represents the state of the art in the field.
Additionally, as it is well known that the performance of
any classification method depends on the representation of
the data [1], we propose a way to adapt a Convolutional
Neural Network approach to classify emotions, in order to
compare manually crafted and automatic feature generation.

3.1

Statistical Features-based Method

In [17], Takahashi et al. proposed a method for classification of 5 emotions (joy, anger, sadness, fear, and relax)
using multi-modal biopotential signals such as brain activity, pulse and skin conductance. The classification is based
on SVM and NN, reaching accuracies of 41.7% and 66.7%
for 5 and 3 emotions, respectively.
As this study represents one of the first attempts to implement machine learning methods on biological signal features for emotion recognition, we selected as a baseline for
our empirical study.

3.1.1
2

Data Collection
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The data collection was performed through a controlled
experiment using 3 different devices for each type of signal.
Firstly, a brain-computer interface was used for to measure
the brain activity. This device included three dry electrodes
that have to be located on the subject’s forehead. Secondly,
a pulseoxymeter was used to capture pulse signal. It consists
of a sensor clip and an amplifier, which is located on the subject’s earlobe. Lastly, a skin conductance meter composed
by two electrodes and an amplifier.
The experiment was applied to 12 male subjects and consisted of stimulation based on commercial films presented on
a screen. These films were previously evaluated and manually labeled. This methodology resembles partially the experimental setting performed for DEAP, such as the use of
video, however, the magnitude and complexity of the data
captured is drastically lower.

3.1.2

Feature Extraction

To characterize the data this work used the next statistical
features:
PN
1. Mean: µX = N1
n=1 X(n)
2. Standard Deviation: σX =

q

1
N

PN

n=1 (X(n)

3. Mean of absolute differences: δX =
1) − X(n)|

1
N −1

− µX

PN −1
n=1

|X(n+

4. Mean of normalized absolute differences: δX =
5. Mean of absolute second differences: γX =
PN −2
n=1 |X(n + 2) − X(n)|

)2

δX
σX

1
N −2

6. Mean of normalized absolute second differences: γX =
γX
σX

Once these features were obtained, a feature vector was
created according the following expression:
xT = µe σe δe δe γe µp σp δp δp γp µs σs δs δs γs

(1)

Where e indicates EEG signals, p pulse, and s skin conductance.

3.1.3

3.2

Wavelet Decomposition Method

Murugappan et al. have quite an interesting story related
to the emotion assessment through EEG analysis. Starting
from 2008, several studies could be found in literature corresponding to this author, using different combinations of
features, EEG channels and algorithms in order to classify
discrete emotions such as disgust, happy, surprise, sad and
anger [12, 10].
For the present benchmark, we are centered in [11], where
an experiment was conducted for collecting EEG data of
20 subjects, for the classification of five emotions, namely
disgust, happy, surprise, fear and neutral. A wavelet-based
approach was performed, three different features were proposed for the analysis and two classifiers were used, obtaining a maximum average classification rate of 83.26% with
KNN and 75,21% with LDA.
Since Murugappan is an active actor in the emotion recognition field, turns to be important to include this study in
benchmark and see how those proposed features behave with
the DEAP dataset.

3.2.1

Data Collection

The data acquisition process considered a randomly ordered presentation of emotionally selected video clips with
different time durations. The protocol followed consisted of
presenting natural scene pictures and a “soothing music” for
several seconds before the experimental session, which made
subjects feel calm and mind relaxed. Later, 5 trials for disgust, happy and surprised emotions were followed by 4 trials
of fear and neutral emotions. EEG data of 64 channels at
a 256 HZ sampling rate were collected with the Nevus EEG
device, whose electrodes were placed according to the International 10-10 system. A total number of 20 subjects took
the experiment (3 females and 17 males with ages between
21 and 39 years old).

3.2.2

Feature Extraction

Murugappan’s approach takes into account the use of two
sorts of features: Statistical and Wavelet-based. Based in
previous section (Takahashi method), we are not performing
statistical feature analysis, thus we focus on the proposed
wavelet features.
The ”db4” wavelet function is used to separate the EEG
signals into 5 levels of decomposition, and three frequency
bands (alpha, beta and gamma) are considered for deriving
the following features:

Emotion Recognition Method

This study used two algorithms to classify emotions given
bio-potentials signals. Firstly, Support Vector Machine (SVM)
using a multiclass classification is designed under a one-vsall method, in other words, for each emotion, a SVM was
generated, and the best classification results indicated the
corresponding class. A Gaussian function was used as kernel. Secondly, an Artificial Neural Network using three layers and trained using the Levenberg-Marquart method. A
sigmoid function was used as an activation function of the
nodes. As same for the first algorithm, for each emotion a
ANN was created using a similar process to classify.
To evaluate the results a leave-one-out cross-validation
method was carried out. For the SVM method with 5 emotions the results was 41.7% and for 3 emotions was 66.7%.
In the case of ANN method, for 5 emotions the results was
31.7% and for 3 emotions was 63.9%.

1. Recoursing Energy Efficiency: REE(γ−3b) =

Eγ
E( total−3b)

2. Logarithmic REE: LREE = log(REE)
3. Absolute Logarithmic REE: ALREE = |LREE|
Where the total energy of the three bands is: E(total−3b) =
Eα + Eβ + Eγ

3.2.3

Emotion Recognition Method

The process of emotion recognition used by Murugappan
consisted of the utilization of two machine learning algorithms, namely K-Nearest Neighbors (KNN) and Linear Discriminant Analysis (LDA), along with a 5-fold cross validation. The same process was applied in this research for
classifying three states of emotion in the valence dimension,
such as positive, neutral and negative.

Since the best results obtained by Murugappan were those
related with the wavelet energy-based features and the maximum amount of EEG channels (64), we include the same
features and our maximum quantity of electrodes (32).

3.3

Convolutional Neural Network Method

The recent renaissance in Artificial Neural Network research through the so-called deep learning, has led us explore
the use of these sets of techniques for EEG-based emotion
recognition. In that sense, we interested in testing if the
ability to automatically learn hierarchical feature representations can improve the classification accuracy in this domain.
As stated in [16], EEG can be can be modeled just a
waveform, using a one dimensional representation, or as a
frequency spectrum, using two dimensional representation.
For simplicity, we chose a one dimensional representation.
In general terms, we modeled the problem as a multivariate time series classification, performing automatic feature
extraction locally on each individual channel and then combining them into an aggregated input vector for a multilayer
perceptron (MLP). In that sense, our approach resembles
the work performed by Zheng et al. in [20].

3.3.1

Network Configuration

Filter Layer: The raw signal is presented to the this layer
where a convolution filter f is applied. The size of this filters
is known to influence the performance of the classification
[8], therefore it is necessary to test several configurations.
Activation Layer: This layer is the main responsible
for providing non linearity to the overall mapping process
with the aim to learn more complex relationships [19]. Although sigmoid function has been historically preferred, we
additionally studied the performance of RELU function.
Pooling Layer: This layer performs a sub sampling of
the signal by aggregating neighboring components. To this
end, the used average and max functions.
The learning process was based on back propagation with
stochastic gradient descent.

3.3.2

Implementation Details

We implemented our network as a two step classifier. In
the first one, an automatic feature extractor, two sequences
of filter-activation-pooling are concatenated. This is performed for each of the 32 EEG channels provided by DEAP.
The output of the feature extractor for each channel is
merged into one single vector, which is passed to a fully
connected MLP, on which we applied decay and momentum
strategies.
In order to make use of GPU capabilities, we implemented
this approach using the Torch 7 Machine Learning Library
[2], making use of the Parallel 5 container for handling the
feature extraction layers for each channel. Additionally, as
Torch does not support GPU vesion of temporal sampling,
we were forced to adapt a GPU enabled two dimensional
sampling method. This resulted in a small overhead in terms
of time, but not considerable.

4.

cess. Our main goal is to provide the basis of a initial benchmark that eventually could be used in future studies.

4.1

Evaluation Method

The first step is to define a clear way to compare the
studied approaches. We are dealing with a multi class classification problem, where each subject performed a defined
set of trials. As each trial encapsulates the visualization of
a video clip in the DEAP repository, we consider this level
as the most appropriate to evaluate. It allows to perform
further analysis across different dimensions, for example, it
is possible to obtain an aggregated performance score for
each trial (video) across all users. Similarly, it is possible to
obtain the average accuracy for one user across all trials.
Given the above, for the specific case of DEAP, it provides
32 subjects, each with 40 instances. Therefore, it is expected
as output for any classification method in this study, a 40 x
32 matrix O in which each element oij represents the predicted emotion class associated to the instance i for the user
j.
Another relevant aspect is to choose the representation of
the class itself. DEAP provides several values that can be
used to represent the polarity of an emotion . For simplicity, we chose to used the pre-computed valence score and
discretize to three classes, encoding the classes from three
equal segments (reported scores range from 1 to 9).
For the evaluation we adopted the leave-one-out cross
validation technique (LOOCV), which is known to provide
reasonable stability[3, 6]. Furthermore, the comparison between models is performed using the accuracy metric.

4.2

Results and Analysis

We performed the emotion classification task for the three
approaches presented using the DEAP dataset.

4.2.1

Statistical Features Method

In order to replicate the method used by Takahashi et al.
over the DEAP dataset the following steps were applied:
1. Calculate statistical features per subject per trial over
each channel. Following the same method of feature
extraction of this method for DEAP dataset, we could
obtain a similar feature vector, however as we mentioned before, features related with pulse could not be
added. As a result we generate a feature vector with
192 columns related to EEG (32 channel x 6 statistical
features) plus 6 columns related to skin conductance.
2. Once features are obtained, a SVM algorithm was carried out using a configuration as similar as the original
method. We used A SVM algorithm using a one-vs-all
method and a Gaussian function is used as a kernel
function.
3. Evaluate using a one-leave-out method. To implement
this procedure, we train the SVM algorithm with data
from 31 subjects and test with the rest of data. An
overall average of the testing accuracies is the result
for the algorithm.

EMPIRICAL STUDY

After applied the previous process the accuracy result is
45%. This result is explain through different factors. First,
as we categorized the labels on three classes some of them
5
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In this section, we present an exploratory analysis of the
selected approaches based on a standardized evaluation pro-

a specific case in the class with more elements to maximize
the results. We could have changed the setting in order to
get better results, but this change would be a specific tuning
for the DEAP dataset and our goal is to make algorithms
as much general as possible. Secondly, statistical features
have little explanatory by themselves and with help from
other features can reach better classification results. For the
same reason, posterior studies have tried to include features
related to frequency domain (Wang et. al. in [18]) or fractal
dimension (Liu et. al. in [9]). Finally, there are differences
between the original study and DEAP dataset that clearly
lead to different results.

4.2.2

Wavelet Decomposition Method

We analyzed the performance of each feature separately
with two evaluation methods, 10-Fold (10FCV) and Leaveone-out cross validation (LOOCV), for the two classification
algorithms. Contrary to the original results, in our case
KNN performed worse than LDA for the three features.
However, it performed better for the 10-Fold cross validation, whereas LDA did it for LOOCV. The best accuracies
were obtained for LREE and ALREE, using the LDA with
LOOCV method (63.36%). The higher accuracy for KNN
was 41.02% when using 10FCV for ALREE feature.
Additionally, we included a Quadratic Discriminant Analysis (QDA) classifier, which is used by Jenke in [4] for emotion recognition with different features. This new model
obtained the higher overall performance, with 70.23% accuracy for LREE and ALREE and LOOCV method.

4.2.3

Convolutional Neural Network Method

The only pre procesing performed on the data was the
normalization of each channel as a z-score component. After
this process, each of the available 32 channels were passed
to the feature extractor module.
In this step, we initially set up the kernel size as 10 and
started increasing two 2 out to 20. For the sub sampling
(also called pooling) , we varied the width to 2 and 5. In
terms of the learning parameters, we followed this configuration:
• Initial learning rate: between 0.001 and 0.005
• Initial momentum: between 0 and 0.5
• Final momentum in the last epoch: between 0.5 and
0.8
In terms of the parameters we left fixed, the training process for all configurations was set in 50 epochs.
The results obtained depend highly on the combination
of parameters used. In our preliminary experiments, we
started testing with only one feature extraction sequence
(filtering-activation-pooling), and the results reached up to
49 % in accuracy. The addition of a second feature extraction sequence immediately led to improvements, reaching
64%. Initial learning rate showed high sensitivity, as any
value higher that 0.03 did not improve the classification.
Surprisingly, both momentum and momentum in the last
epoch did not impact the performance. In terms of the internal parameters for the feature extractors, we found that
kernel size of 10 and pooling size of 5 provided the best results. With this configuration, the best result we can report
in this study is 68 % accuracy.

4.3

Remarks

From the reported results for each method, we can conclude that a highly used methodology such as Wavelet based
provided a comparable result to a automatic feature learning
approach (CNN). This opens interesting questions and opportunities for improvements, as both methodologies could
be combined. In relation to the comparison between this
implementation and the original results reported, it is not
possible to conclude or claim significant differences, as both
data and evaluation metrics are different.
The code used in this empirical study will be available at:
https://github.com/EEGmotion/DEAP-Benchmark
DEAP repository cannot be shared freely, given license
reason, but registration and download can be done in the
following site:
http://www.eecs.qmul.ac.uk/mmv/datasets/deap/index.html

5.

DISCUSSION

The reported results show interesting aspects worth to
discuss, specially in relation to the replication and the level
of generalization.

5.1

Threats to Validity

The proposed study has a main goal the formalization of
the analysis into a unified analysis framework that could allow researchers to compare and visualize and improvements
in more clear way. As this is quite a challenging goals, there
are several threats to the validity of the results.
Firstly, for this initial attempt, we only chose two of the
most representative methods for emotion classification. In
order to replicate, we implemented our own interpretation
if the instructions that the original authors provide. The
high heterogeneity in terms of assumptions ans clarity in
the explanations make us hypothesize that the future implementation of other methods could not reflect completely
the original idea exposed in the papers. Nevertheless, as
our plan is to provide the complete source code of our implementation, we hope that this level of visibility allows us
to receive appropriate feedback to improve or correct any
problem.
Related to the above, we found that in order to replicate,
in some cases it was necessary to change one or more modules in order to generate a working implementation. This
represents a threat in the sense that, given the lack of detail
in the original description, an artificial component had to b
added. To solve this issue, we are planning to generate a
comprehensive documentation of the provided implementation.
Another issue that we are aware of is the selection of the
evaluation methodology. Machine Learning provides several
ways to evaluate a classifier, in terms of data, methods and
metrics. From the literature review, authors use a diverse
range of metrics for the evaluation. The criteria for the
selection is not always clear and, based of the initial results
of our study, the evaluation methodology may impact the
overall performance of the replicated study.

5.2

Feasibility

The feasibility of generating a reliable repository for replication deals basically with technical aspects. In the first
place, in this study with used MATLAB for replication. The
main reason was simplicity and ease of use, although we are
aware that it is a licensed software, to which not all the

community can access. For the CNN based approach, we
used Torch , library for Lua. We consider this heterogeneity
not beneficial, as it burdens the replication and comparison
study. We are currently working towards a more structured
code base for analysis automation purposes.

6.

CONCLUSIONS AND FUTURE WORK

In this paper, we proposed the first step towards the generation of a unified repository for the replication of emotion classification studies. We were able to replicate two
of the most representative approaches in the field and obtained feasible and comparable results based on the use of
the DEAP dataset. We additionally explored the use of a
novel technique based on representation learning, obtaining
competitive performance.
Our future work is aimed in two directions. Firstly, as a
broad goal, our idea is to continue replicating and storing
EEG-based classification methods reported in the literature.
With this, we hope to generate a public repository where
the community of researchers could carry out studies and
visualize improvements in a easier way. With this we hope
to contribute to field by providing a benchmark framework
for EEG-based emotion classification.
Secondly, given the promising results obtained by CNN,
we are interested on studying how the hyperparameter setup
affects the performance of the classification. To this end, we
are currently testing the use of Bayesian optimization as well
as testing unsupervised methods for pre-training.

7.
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