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Abstract—Emotion plays a vital role in distinguishing, retriev-
ing and tagging multimedia content. A highly developing of com-
puter technology, the ability to sense and respond appropriately to
use affective feedback is of growing importance. The computer
should become more intelligent learning and understand those
basic emotions to appear smart when interacting with users. It
is possible to fill the gap to build the bridge between human
and the machine, mainly use a Deep Learning method in the
brain model to understand human emotions accurately. In this
paper, we investigated using DEAP dataset hypothetically as
an input of Brain Model to automatically recognized human
emotions and compare the inter-influence. The supervised and
unsupervised Learning are used for emotion classification and
Machine Learning processes.
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I. INTRODUCTION

Emotion is a complexity conscious experience which is
characterized by intense mental activity and a high degree
of pleasure or displeasure. Scientists have evidence that the
expression of human emotions is generated based on the
growth of intelligence from behavioral learning processes. Paul
Ekman found a high agreement of emotions communication
across different cultural populations, and his six different emo-
tions classification theory, which included wrath, grossness,
sacredness, joy, loneliness, and shock emotion, was univer-
sally recognized. After that, a variety of discrete emotional
classification has been put forward such as a tree structure of
emotions proposed was featured in Parrot, the Plutchik’s wheel
of emotions, the Hourglass of Emotions, and Valence-Arousal
scale proposed by Russell. Hundred kinds of emotions are
distinguished with based on the different theorize of emotional
recognition.

With a highly developing of computer technology, the
ability to sense and respond appropriately to use affective
feedback is of growing importance. Even the computer devices
may not need to recognize all of the emotional expression from
human, but it should be learning and understanding some basic
emotions to appear intelligent when interacting with users. An
nine basic emotion states (include neutral) are proposed in
Russel’s circumflex model of emotion, which are assign to
machine to automatically recognized in our study.

There is a long history of systematic research that to design
a system that can predict the human emotions accurately. Brain

model designed to automatically understand human mental
behavior such that the human emotions. This is possible to fill
the gap to build the bridge between human and the machine,
especially use a Deep Learning method in the brain model to
understand human emotions accurately. Deep Learning (DL)
is one of machine learning field that is advancing rapidly day
by day. It is a neural network composed of multiple layers
consists of a visible layer, hidden layer(s) and a output layer.
Visible layer (input layer) receives the input variables and
followed by a series of hidden layers which extract the features
increasingly from the first hidden layer to the last hidden
layer. There are many deep learning application for instance,
speech recognition, emotion detection, image search and web
search. Deep Neural Network(DNN) is a sophisticated learning
algorithm to classify the emotions for the neural network.

For this research, we use DEAP dataset hypothetically
as the brain model’s input. DEAP is a dataset for emotion
analytic with multimedia and physiological signals. It was de-
veloped by researchers in Queen Mary University of London,
University of Twente, Univeristy of Geneva and The Ecole
polytechnique Federale de Lausanne. In this paper, we use
its online self-assessment (SAM) and participant rating forms
to recognize and compare the inter-influence of 3 kinds of
emotion attributes, which are given in this dataset, based on
Russel’s valence-arousal emotional classification method. The
main contributions of this paper are: (1) a survey of emotion
recognition methods; (2) we separate the data to nine basic
emotional states and desire machine to learn and find average
response formed across a group; (3) we attempt to simulate
human emotions into a Brain Model.

The layout of the paper is as follows. In Section 2 a review
of the literature are given. The emotional classification and our
Brain Model method are covered in Section 3. Then Section
4 provides our experiment analysis and result. In Section 5,
we discuss problems and future works. The conclusion of this
work follows in Section 6.

II. RELATIVE WORK

Emotion plays a vital role for distinguishing, retrieving
and tagging multimedia content. Research have been con-
ducted differently to understand the Human emotions. Facial
expressions plays a vital role for expressing human emotion
and the facial expressions vary based on the cultural differ-
ences(Ekman,1987).
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The initial DEAP dataset was originated with the goal
of creating an adaptive music video recommendation system
through classification of emotion dimensions like arousal,
valence, like/dislike, dominance and familiarity. The work was
done to translate users bodily responses to emotions while
watching music video clips to understand users taste and then
to recommend a music clip(Koelstra, 2012). Numerous work
and research has been conducted with the DEAP dataset in
multiple areas such as neural network, Deep Learning etc.
since then.

One recent work of the DEAP dataset emotions are ana-
lyzed using Deep Neural Networks and Convolutional Neural
Networks for emotion classification. Their model provides
improvement on classification of Valence and Arousal 2 classes
(High and Low) and 3 classes (High, Normal and Low) from
earlier researchers. Also, their work is a witness that Neural
Networks could be robust classifiers for brain signals, even
changing traditional learning techniques (Tripathi,2017).

Verma et al. proposed a multimodal fusion framework us-
ing multiresolution approach with Daubechies Wavelet Trans-
form features on emotion recognition from physiological sig-
nals using the DEAP dataset. The authors also introduced a
continuous 3D emotion model with valence(V), arousal(A) and
dominance(D) three emotion primitives. These three emotion
primitives VAD data can be classified into simple clustering
to show thirteen emotions to be grouped into five clusters and
the possible clusters are validated through a proposed emotion
graph using the Euclidean distances(Verma, 2014).

Song and et al. explain and explore the relationship be-
tween musical features and emotion. The musical features used
dynamics, spectrum, rhythm, and harmony. Support Vector
Machines(SVM) associated with polynomial and radial basis
functions kernels were evaluated and each feature was com-
pared with the mean and standard deviation feature value. The
outcome are trained and tested using semantic data retrieved
from last.fm3 and audio data from 7digital4 (Song, 2012).

Wager et all tested on 2159 participants with 148 studies
for human brain activity patterns on emotion categories fear,
anger, disgust, sadness, or happiness using a novel hierar-
chical Bayesian brain based model. Analyses of the model
revealed that each emotion category is associated with unique,
prototypical patterns of activity across multiple brain systems
including the cortex, thalamus, amygdala, and other structures.
The results show that emotion categories are not contained
within any one region or system, but are represented as config-
urations across multiple brain networks. The model provides a
precise summary of the prototypical patterns for each emotion
category, and demonstrates that a sufficient characterization
of emotion categories relies on (a) differential patterns of
involvement in neocortical systems that differ between humans
and other species, and (b) distinctive patterns of cortical-
subcortical interactions (Wager, 2015).

Recent research work has been conducted to recognize
emotions from speech using deep recurrent neural network
through Connectionist Temporal Classification (CTC) algo-
rithm. The way CTC works is to select the most probable
label sequence various ways and aligning the same label to
initial sequence. The probability of the selected labelling is
added up from the probabilities of every its alignment. This

CTC approach was conducted on hidden markov models brain
model and Google DeepMind (Chernykh, 2017).

Studies done on EEG-based emotion recognition with a
deep learning network (DLN) which is enhanced with covariate
shift adaptation(CSA) of the principal components analy-
sis(PCA). The deep learning network is created for valence and
arousal state classifications using a stack of three auto encoders
and two softmax classifiers. CSA checks the non stationary
effect of EEG signals where PCA reduces dimension of input
features. DLN classification accuracy with PCA+CSA is 53.42
percent and three levels of valence states and three levels of
arousal states classification result is 52.05 percent. The authors
state the DLN provides better accuracy performance compared
to SVM and naive Bayes classifier(Jirayucharoensak, 2014).

Sreeshakthy & Preethi states that emotion in brain is
detected through the EEG using electrode. EEG are placed
on the scalp with the help of the Ag/Al the recording carries
out for each and every brain activity. Each and every EEG
signal has bands like Alpha, Beta, Gamma, Theta, and Delta.
Each band is different and stores specific information about
the emotions. The signal is reprocessed to reduce the noise
beforehand. The authors describes the brain architecture while
experimenting with the DEAP dataset. Emotions are classified
into two different groups using discrete wavelet transformation.
It has statistical, power and entropy features and different
hybrid neural networks. The neural network weights are opti-
mized with cuckoo search optimization. It helps the neural
networks provide the accurate and fast classification rate.
(Sreeshakthy,2016)

III. METHODOLOGY

The Circumflex Model of Affect developed by James Rus-
sell suggests that the core of emotional states are distributed in
a two-dimensional space, Arousal and Valance dimension. For
the DEAP dataset, four quadrants of this Arousal and Valance
dimension were used to induce emotions as LALV, HALV,
LAHV, and HAHV. The numeric values ranging for Arousal
and Valance is start from 1 to 9 based on the SAM. Tripartition
Labeling Scheme is used in this research and given as follows:
The scale was divided into 3 ranges, and each range’s step is
3, thus the Low from 1.0 to 3.0, Medium from 4.0 to 6.0, High
from 7.0 to 9.0.

The order of expression of the eight states: surprise, happy,
calmness, sleepiness, sad, disgust, anger, fear, as enplaned in
TABLE I, to help subjects reliably feel each emotion.

A. Inter-influence of emotion attribute

The logical regression model is used in this step to investi-
gate the relationship between the dependent emotion attributes.

y = β0 + β1xi1 + β2xi2 + ...+ βpxip + ε (1)

For compare the inter-influence of Arousal and Valence, we
first separate the data from four quadrants of this 2 dimension
to eight emotional status plus a neutral status which is based
on Russel’s valence-arousal emotional classification method,
and desire machine to learn and find average response formed
across a group. Then, we consider the third attribute, liking,
influence with both Arousal and Valence.
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TABLE I: Emotional Character
Used for the Eight Emotions *

No Emotionn Arousal Valence

1 surprise High High

2 happy Medium High

3 calmness Low High

4 sleepiness Low Medium

5 sad Low Low

6 disgust Medium Low

7 anger High Low

8 fear High Medium
* Exclude the neutral

B. Emotion Cluster

In this research, the k-means clustering method applied for
Emotion recognition. This clustering created by associating
every observation with the nearest mean which is given a set
of observations (x1, x2, , xn), where each observation is a d-
dimensional real vector, it aims to partition the n observations
into k ( n) sets S = S1, S2, , Sk so as to minimize the within-
cluster sum of squares:

argminΣk
i=1Σ||x− µ1||2 (2)

C. Brain Model

We can choose a Brain model and input raw speech
data to classify speech and identify the emotional state of
a speaker and apply different emotional tags based on the
emotional state of the speech. Recently Google DeepMind
Brain model introduced WaveNets a deep generative model
of raw audio waveforms. WaveNets can generate speech by
mimicking human voice and it sounds more natural than any
other best existing Text-to-Speech systems(Oord, 2016).

Hypothetically we can modify the Wavenets program and
apply it on a Brain model to classify the different emotional
states like Arousal or Valence or our eight different emotions
based on the speech generated by the Wavenets.

IV. EXPERIMENTS

A. Experiment Steps

We take several steps on the dataset to generate decent
results for our emotion classification. First, we pre-processed
the dataset, made them smooth to be trained and tested. Then
we apply different classification methods on the normalized
dataset. Finally we discussed the results and made conclusion.
All these steps will be elaborated in the following sections.
Fig. 1 provide the flowchart of the experience steps.

Fig. 1: Experiment steps flowchart

B. DEAP Dataset

There are many different emotion recognition database in
the world. Some of them are focus on face detection, Elec-
trocardiogram (ECG), Galvanic Skin Response(GSR), Skin
Temperature (Temp) and Respiration Volume(RESP). Since we
want to analyze the rating made by participants and find the
inner relation between different rating attributes, we finally
chose DEAP dataset as our target. Although DEAP dataset
also includes EEG signals data and recorded face videos, we
were focus on the final rating made by participants after they
finished the provided videos. Table II provide the summary of
the DEAP DataSet.

TABLE II: DEAP dataset summary

Category Description

Participants 32 Healthy participants, half of them are
female, mean age 26.9

Number of videos 40

Self-assessment rating arousal, valence, liking and dominance

Self-assessment level level 1-9 for arousal, valence, liking and
dominance, level 1-5 for familiar

C. Preprocessing Data

Before we apply big data algorithm on the dataset, we
decide to normalize the dataset first. As we can see above,
arousal, valence, liking and dominance are rated from 1 to 9,
while familiar is rated from 1 to 5. So if we apply the algorithm
on the dataset directly, we may encounter some unexpected
errors. So we normalize the dataset by using the equaltion
below:

normalized(Xi) =
Xi −Xmin

Xmax −Xmin
(3)
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where

Xmin is the minimum value for variable X

Xmax is the maximum value for variable X

After we normalize the DEAP dataset, we make all the
rating from 0 to 1, which makes our research easier.

D. Linear Regression

Looking at data relation is a sensible step to understand
how does the different variables interact together. In this
section, we will investigate how the variables in our dataset
are related. We do this graphically using linear regression to
check the relation between our variables. Linear regression
equation has the form:

y = β0 + β1xi1 (4)

Where:

y: is the independent variable

x: is the dependent variable and

β0: is the intercept

β1: is the slope

In our research, we invested the relationship between
attributes of Valence and Liking, Arousal and Liking, and
Valance with Arousal.

1) Arousal and Valence: the Arousal and Valence are two
majority attributes for emotional analysis, and from Fig 2
we can see that this the Arousal and Valence have positive
releation within liner regression method, and it show as
Arousal = 3.6158 + 0.309 ∗ V alence.

Fig. 2: Valence-Arousal

2) Liking and Valence: the intern-influence between Va-
lence and Liking is steep because Liking = 0.538 + 0.863 ∗
V alence. See Fig 3.

Fig. 3: Valence-Liking

3) Liking and Arousal: the liking and Arousal relation also
in a positive trend, but difference with Liking and Valence,
Liking = 2.7138 + 0.643 ∗Arousal which show in Fig 4.

Fig. 4: Arousal - Liking

TABLE III: Comparing the correlation results

Variable Value

Independent Dependent Intercept Slope Adjusted R-Squared

Liking Valence 0.538 0.863 0.5628

Liking Arousal 2.7138 0.643 0.2974

Arousal Valence 3.6158 0.309 0.06528

In the Table III above, it is clear that the model of the
dependent variable Valence and independent variable Liking
is the best predictor model among other models and also
shows that there is a strong relationship between these two
variables. It is because that model has the highest adjusted
R-squared which equals 0.56. The second regression plot that
shows the relation between Arousal and Liking has adjusted
R-squared equals to 0.29 which means the relation between
Arousal and Liking is not strong like the relationship between
the previous variables. Finally, in the last model that has the
relation between Valence and arousal is the least strength
among the three models.
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Fig. 5: K-means for Valence and Arousal with centers (32
participants)

E. K-means Classification

Since we have the emotion rating data from the DEAP
dataset, we first applied the K-means clustering algorithm
on the dataset. Clustering algorithm is used in unsupervised
data for grouping similar objects. It also looks for hidden
relationship in the data, according to attributes.

By using K-means clustering, we divided the data into 9
different clusters. According to what we have mentioned in
the methodology part, we have 9 kinds of emotions, which are
related with the value of arousal and valence. Thus we first
separate the data from four quadrants of this 2 dimension to 9
emotional status, and desire machine to learn and find average
response formed across a group. We also put the centers of
each clusters in the graph, so we can assign them to our 9
different emotions. Fig 5 is the result, and the cluster centers
are displayed in TABLE IV.

TABLE IV: Clustering Centers of Valence and Arousal

Cluster Valence Arousal

1 4.853162 2.080882

2 7.089767 5.596977

3 1.626471 7.540588

4 2.295579 2.331053

5 7.828516 7.414725

6 3.075603 5.970567

7 7.073285 3.379927

8 4.518953 4.444012

9 4.958205 7.120427

Then, we consider the third attribute, liking, influence with
both Arousal and Valence and try the K-means clustering for
valence, arousal and liking in two demotions. As the Fig 6
showed, the data is not very clearly divided into 9 parts, some
of the points from different clusters mixed up with each other.
This currently result did not achieve our expected.

Fig. 7: 3D K-means for Arousal-Valence-Liking

Fig. 6: Inter-influence for Arousal-Valence-Liking

A higher demotion model are used in our third experiment.
With those three attributes, we made the outcome of the
clustering more accurate and clear. The result is much better
in Fig 7.

The center points of every clustering in 3D K-means
clustering show in TABLE V.

TABLE V: 3D kmeans clustering centers

Cluster Valence Arousal Liking

1 3.914508 6.311639 2.763934

2 3.157752 6.496124 6.615736

3 3.539739 1.910435 1.934957

4 1.518182 7.281970 1.648485

5 3.661354 2.629062 6.465000

6 4.838199 3.868447 4.344161

7 7.821476 7.217000 7.888476

8 6.234541 5.970676 6.242705

9 7.297874 3.825000 7.312586
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F. Results and Discussions

Through our first experiment, we find that 29.7% of the
Arousal is explained by the Liking attribute, and 56.3%
Valence attribute could be explained by Liking attribute for
a linear regression model. The Arousal and Valence are two
independent attributes with weakness influence.

We attempt to recognize emotions thought participates
rating and give a tag for each trail in this DEAP dataset. From
our experiment result, it is clear to see that those trails could be
recognized as nine emotion status use Valence and Arousal in a
two-dimensional space. However, the center of each cluster is
nearly each other. Thus it is hard to determine the exact groups
for each trail of this result. Instead that, a higher demotion
model are using Arousal-Valence-Liking as attributes shows a
better result in our current research.

In this research, we analyzed three attributes for inter-
influence and emotion classification. Two more characteristics
could be used in our future study. In addition, we consider
using deep learning to deploy a brain model for an automatic
emotional recognizing process in our next steps.

V. CONCLUSION

In this paper, we investigated using DEAP dataset hypo-
thetically as an input of Brain Model to automatically recog-
nized human emotions and compare the inter-influence. The
supervised and unsupervised Learning are used for emotion
classification and Machine Learning processes.

We first research survey of emotion recognition methods
and then compare the inter-influence of 3 kinds of emotion
attributes, which are given in the DEAP dataset. Based on
Russels valence-arousal emotional classification method, we
separate the data into nine basic emotional states and desire
machine to learn and find average response formed across a
group. Finally, we attempt to simulate human emotions into a
Brain Model as our future study.
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