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Abstract. In this day and age, Electroencephalography-based methods
for Automated Affect Recognition are becoming more and more popular.
Owing to the vast amount of information gathered in EEG signals, such
methods provide satisfying results in terms of Affective Computing. In
this paper, we replicated and improved the CNN-based method proposed
by Li et al. [11]. We tested our model using a Dataset for Emotion Anal-
ysis using EEG, Physiological and Video Signals (DEAP) [9]. Performed
changes in the data preprocessing and in the model architecture led to
an increase in accuracy – 74.37% for valence, 73.74% for arousal.
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1 Introduction

As technology becomes more advanced and publicly available, the everyday re-
cipients’ expectations are growing exponentially fast. The services are supposed
to conform to the needs of every customer. The market expands by incorporating
Machine Learning to correctly recognize the emotions present while interacting
with the services to meet the growing expectations.

If an efficient and highly accurate Emotion Recognition system were imple-
mented, everyday life would be significantly improved. Not only would we be
provided with genuinely entertaining products, but also approached more suit-
ably. Thus, there is a big emphasis on studying human psychics and producing
new, better methods for Emotion Recognition. The most efficient way is to dis-
cuss the findings and discoveries on the broad forum of scientists.

Nevertheless, we are currently witnessing a crisis in psychology. Studies that
have been considered credible for decades have been criticized as they contained
methodological flaws [3, 14]. Unfortunately, a similar phenomenon also applies
to Computer Science. Novel Artificial Intelligence articles are often lacking in
description of parameters and architecture. Even the latest articles often overlook
such important information [6]. It was an inspiration for the authors of this
paper. That is why we decided to replicate and, if possible, extend one of the
articles on Emotion Recognition which has been published recently.

We strongly believe science should be replicable, and therefore, we include
all the necessary information for anyone wanting to use the proposed meth-
ods. What is more, in addition to replicating the described methods, we also
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introduced some improvements that allowed us to increase accuracy in detect-
ing affective states. We followed the approach introduced in the paper by Li et
al. [11] and incorporated a few improvements. We selected the above study as
our starting point since we were interested in the presented methodology, espe-
cially in processing signals onto the 4-channel images and Convolutional Neural
Networks. What is more, the study was relatively recent at that moment and
brought promising results.

The rest of the paper is organized as follows. Section 2 gives an overview of
Affective Computing and presents the technologies used in this research. In sec-
tion 3, we described the model [11] and all introduced improvements. In section 4,
obtained results are provided and compared. Finally, in section 5, we present the
conclusions and plans for future developments related to this research.

2 Background

Affective Computing is a paradigm of Human-Computer Interaction that aims to
recognize, interpret, process and simulate human emotions to adapt to a partic-
ular user in a specific emotional state. One of Affective Computing core concepts
is Affective Loop [15]. In the Loop, emotions are seen as a process based on the
interaction. The initial state of the Loop starts as a user begins the communi-
cation with a system. Then, the system responds in a way that affects and pulls
the user into the following exchanges. The user is more engaged in the coopera-
tion if the system can correctly read reactions in which Emotion Recognition is
essential [15]. Nowadays, researchers focus on games as they represent the true
potential of Affective Computing [8, 13,19].

There are many different approaches to Emotion Recognition. It applies to
both the computation and the extraction of the data. Among the many ways
to gather needed data, the most popular are directly asking about them, using
voice or facial expression, analyzing texts or speech [7]. Interpreting physiological
signals like electrocardiography or electroencephalography is also growing wide
as the technology required to collect the data is slowly becoming more available.
This paper focuses on the latter.

EEG (Electroencephalography) is a primarily noninvasive method aiming to
record the electrical activity of the brain. The examination is conducted using
several electrodes placed directly on the scalp of the subject. These sensors
register changes in the electric potential on the surface of the skin caused by the
activity of the cerebral cortex. After triggering different emotions, for example,
by showing emotion-inflicting images [12] or videos [9], we can gather EEG record
corresponding to these emotions [17].

The reading of the electroencephalograph is mainly broken down into fre-
quency, voltage, reactivity, synchrony and distribution [5]. The examination of
EEG signals usually involves the analysis of rhythmic activity. Then, such rhyth-
mic activity can be divided into five bands based on the frequency. They consist
of consequently: Delta, Theta, Alpha, Beta and Gamma bands, with the Delta
band’s frequency being the lowest [1].
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In the paper [11], the most relevant channels are used: Gamma, Beta, Alpha,
Theta. According to [1], the Delta waves are the slowest EEG waves and are only
detected during deep sleep. Analyzing each bandwidth individually and four of
them as a whole helps to map them to the emotions they represent.

As the human psyche is complex, and it is still unclear how emotions should
be represented, one of the most popular approaches has been incorporated. It is
called Arousal and Valence Space (AVS) [16]. The AVS allows categorizing the
vast abstract, which is emotion, as one of the four classes (see Figure 1(a)). The
following parameters determine these classes:

– Arousal – indicates engagement and ranges from inactive to active.
– Valence – ranges from unpleasant to pleasant.

The arousal and valence are then used to define the four classes. For example,
according to [10], such states can be represented as:

1. high arousal and high valence [HAxHV], e.g. excitement/delight/happiness
2. high arousal and low valence [HAxLV], e.g. anger/fear/startle
3. low arousal and low valence [LAxLV], e.g. sadness/boredom/misery
4. low arousal and high valence [LAxHV], e.g. pleasure/calmness/sleepiness

The AVS can be extended by adding another parameter – dominance, which
could range between feeling powerless and being in control (see Figure 1(b)).

(a) 2D emotion model, based on [10]. (b) 3D emotion model, based on [18].

Fig. 1. Different emotion models visual representations.

3 Presented approach

3.1 Dataset

As we aimed to replicate the paper by Li et al. [11] fully, we decided to de-
velop and evaluate described models using the same reference dataset, DEAP. It
consists of the EEG signals gathered from 32 participants while watching 40 one-
minute music videos. The trials were chosen manually or with the use of affective
tags. Additionally, it involves the ratings provided by volunteers indicating the
level of valence, arousal and other dimensions [9].
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3.2 Prepossessing

The model presented in this paper was inspired by another article [11]. Li et
al. proposed not only the preprocessing approach but also the Neural Network
architecture, which gave quite satisfying results. Their method is described next.

To retrieve more samples, all EEG signals were segmented using 8 seconds
window with 50% overlapping. Furthermore, for each channel, 4 frequency bands
were extracted (theta rhythm (4-8 Hz), alpha rhythm (8-13 Hz), beta rhythm
(13-30 Hz) and gamma rhythm (30-40 Hz) and the averaged Power Spectral
Density was calculated over the bands. In order to project 3D coordinates of EEG
electrodes onto 2D space, the Azimuthal Equidistant Projection was performed.
Authors [11] chose the Cz sensor as the centre point and computed the azimuth
and the distance value – denoted as Θ and ρ respectively – for all the electrodes
using the below equations:

ρ = arccos(sinϕ1sinϕ+ cosϕ1cosϕcos(λ− λ0)) (1)

Θ = arctan(
cosϕsin(λ− λ0)

cosϕ1sinϕ− sinϕ1cosϕcos(λ− λ0)
) (2)

(a) Low valence. (b) High valence. (c) High arousal.

Fig. 2. Exemplary projections generated using the described method.

Herein, ϕ denotes latitude, and λ stands for longitude represented in the
geographic coordinate system. (ϕ1, λ0) are geographic coordinates of the Cz
point and can be found on the website of measuring equipment [4]. Finally,
Cartesian coordinates (x,y) were computed using the below set of equations:

x = ρsinΘ (3)

y = −ρcosΘ (4)

To interpolate the calculated values over 32 × 32 mesh, the Clough-Tocher
scheme was applied as the final step of the image generation operation [2]. Ex-
emplary projections are presented in Figure 2.
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3.3 Replicated Model

Li et al. [11] proposed the Convolutional Neural Network (CNN) model. Its
graphical representation can be found in the mentioned paper. It was built with
three convolutional layers with 3×3 sized filters, each followed by a max-pooling
layer with 2× 2 sized blocks. Furthermore, the model was equipped with a fully
connected layer with 256 units and a 0.5 dropout rate. Finally, 10-fold cross-
validation was performed.

Unfortunately, in [11], the number of epochs and the batch size was not pro-
vided. Although it was impossible to replicate the model entirely, these param-
eters might be adjusted empirically without substantially impacting the results.
Thus, we decided to set the batch size to 256 and the number of epochs to 200.

3.4 Improvements

In the DEAP dataset [9], participants’ ratings are associated with the trials.
While segmenting data, each new sample must be labelled with the emotion
assigned to the example considered in a particular step. It means that too short
segments may not involve specific brain responses associated with the examined
emotion [18]. Having that in mind, we decided to increase the window size to 16
seconds. After this operation, the number of samples equals 7680 (6 × 32 × 40).

Fig. 3. The proposed Neural Network architecture.

To improve the model, various architectural approaches were tested, and
finally, the Neural Network shown in Figure 3 was chosen. It contains two con-
volutional layers with a 3 × 3 sized kernel and 1 pixel of padding, each followed
by the max-pooling layer having 2×2 filters. The model has one fully connected
layer equipped with 256 units and a 0.5 dropout rate. To improve the general-
ization of the model, an additional dropout with a 0.2 rate was applied directly
before the output layer. For the activation, the ReLU function was chosen for
all layers, except for the output one, for which the softmax was applied.

To measure the performance of the model during the training, the cross-
entropy function was used. It is optimized by Adam optimizer with a learning
rate set to 0.001. For the training, the number of epochs was adjusted to 200
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and the batch size to 256. As the number of samples decreased comparing to the
article [11], the number of folds used in cross-validation was set to 5 instead of
10. This operation increased the size of the validation set, and more authentic
results might have been observed.

4 Preliminary results

The model proposed in this article, and the model [11], which was the starting
point of our research, were evaluated using the DEAP dataset [9]. Both meth-
ods consider CNN based binary classification for valence and arousal indicators
with classes: low and high. Firstly, the method proposed by Li et al. [11] was
successfully replicated. However, the researchers did not provide all necessary
information. All required hyperparameters, which the authors did not provide,
were adjusted empirically to give the best results.

In the article [11], the performance of the model was measured as the average
of K-fold cross-validation. We followed this approach and achieved 70.76% for
valence and 70.54% for arousal. The performance of the method proposed in
this paper was also measured as the average of K-fold cross-validation. Accuracy
gained for the valence classification equals 74.37% and for the arousal – 73.74%.
The proposed method outperforms the study [11].

The improvement in the performance of the proposed method was, among
others, caused by the increase of the segmenting window. Thus, all considered
data samples carry more information, and they might be more accurately clas-
sified by the model. The application of dropout layers and the K-fold cross-
validation technique enabled the generalization of the network. Hence, the model
does not overfit and gives quite a high accuracy. Although the CNN architecture
was simplified, it gives better results.

5 Conclusions and Future Work

In this paper, we replicated the method proposed in the article [11]. As not all
parameters were provided, it was required to find them empirically. We strongly
believe that authors should more carefully describe their work to keep the sci-
entific development on a high level. Lack of some required parameters may be
confusing for all researchers wanting to contribute or replicate the method. Nev-
ertheless, we find the Li et al. approach promising. Even though some parameters
were missing, we could adjust them empirically and fully replicate the model,
achieving good results.

In the article, we additionally introduced improvements to the considered
model. We observed an increase in the accuracy of the model – 74.37% for
valence, 73.74% for arousal. In the future, we want to extend the architecture by
applying more fully connected layers and potentially implementing multimodal
fusion with other physiological (e.g. ECG, EDA) and behavioural (e.g. photo,
video, game logs) data.
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