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Abstract

In recent years, emotion recognition techniques have been heavily studied
in the field of affective science. There have been improvements in facial ex-
pression recognition, but lacking when it comes to using other modalities.
Using physiological signals for emotion recognition is an interesting topic
for affective researchers. Using physiological signals can help reducing po-
tential privacy concern and open up studies of how emotions can affect
people’s mental state.

Research on physiological emoting recognition using neural networks is
the topic of this thesis. In this thesis, emotions were classified using ECG
and tEMG signals and three levels of valence/arousal labelling were used,
high, neutral and low. Three different ideas were tested: splitting of the
physiological signals to increase dataset size, using Multi-Task Neural Net-
work for emotion recognition, and using wavelet decomposition approach
to extract additional features from physiological signals.

By splitting the signals the dataset, the dataset size increased substantially.
Results in this thesis show that splitting of the signal achieved a similar re-
sult as not splitting the signals. Besides, by increasing the dataset, we were
able to train deeper neural networks, which in respond achieve better re-
sults.

Multi-Task Neural Network has also been used in this thesis and achieved
the best result among the neural networks that were used. Multi-Task
Neural Network achieved an accuracy of 0.514 and 0.535 for valence and
arousal respectively. The standard deep neural network achieves an accu-
racy of 0.500 and 0.533 for valence and arousal respectively. This indicates
that Multi-Task Neural Network can be suitable for these kinds of tasks,
emotion recognition using physiological signals with valence and arousal
labelling.

Adding wavelet decomposition did not improve the result of classification.
The best accuracy for valence and arousal was 0.446 and 0.485 respectively.
More research will be needed to be done before using wavelet decompo-
sition can be reliable. It seems it is important to select the right wavelet
for the task, and also feature selection would be important to include when
using wavelet decomposition, as wavelet decomposition can add a lot of
additional features.
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Chapter 1

Introduction

With the rapid growing elderly population, there is a question surrounding
the quality of life for the elderly that requires additional care [3]. Elderly pa-
tient’s vitals are being frequently monitored to ensure their physical health,
but is lacking when it comes to monitoring of their psychological/mental
health. This thesis look into the possibilities of using physiological sensors
for emotion recognition.

1.1 Motivation

Emotion plays a big part in our life, as quoted:

Emotions determine the quality of our lives. They occur in every
relationship we care about—in the workplace, in our friendships, in
dealings with family members, and in our most intimate relation-
ships.[15]

— Paul Ekman

Older people are often more vulnerable to emotional abuse, and often vic-
tim of depression, dementia and other neurodegenerative diseases [50]. It
shows that Alzheimer-patients emotional state "lives on" even if the pa-
tient does not remember the cause of the emotional outbreak [28]. For
Alzheimer-patients, they may be mad or sad without themselves know-
ing why. There is also reason to think that positive emotion help prevents
declines in cognitive ability and other health issues [55]. To be able to mon-
itor one’s emotion, one can improve the quality of life for the elderly and
the general population.

Emotion monitoring systems in elderly care can offer other additional ben-
efits such as letting caregivers know the emotional state of the caretaker
before the initial meeting and can consequently be more mentally prepared
and be able to predict the situation. By being able to monitor emotions, one
can regulate and request family visits depending on the patient’s emotional
state. It can also be used as a training tool for new caregivers. One can ar-
gue that emotional states can be used as a metric for how good caretakers
have been taken care of, by seeing the change of emotion before and after
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care-taking have taken place.

The growing elderly population is not the only concern of our modern so-
ciety. There is also a problem concerning mental health on the global basis
[2]. It is also known that pregnant women are more sensitive to stress and
depression. If emotions can be monitored, one may be able to diagnose
mental health issues much earlier.

The natural approach to do automatic emotion recognition is by using facial
images, as people have always used facial expression to express emotions.
Many research studies have used such approaches and have shown relative
positive result [13, 44, 45, 47]. It has also come to a stage where commer-
cial enterprises have created public API for facial expression recognition
[21, 71]. But using a facial image can cause some concerns, one of them be-
ing surveillance by cameras 24/7. It can be an uncomfortable situation for
many and is a huge privacy problem. Another problem is that people may
suppress their facial expressions because of different reasons like pride and
politeness. Given the reasons above, using physiological sensors like heart
rate monitor(ECG) and muscle activation sensors(EMG) may help liberate
some privacy concern and add another layer of accuracy.

The use of physiological sensors to perform emotion recognition is still in
its infancy phase. Many researchers have studied different possible ways of
using physiological sensors to perform emotion recognition [68]. This the-
sis will explore a few possibilities of using data manipulation and Artificial
Neural Network in the field of physiological emotion recognition.

1.2 Research Goal

The primary goal of the thesis is to study the possibilities and limitation
of using emotion recognition on physiological sensors. This thesis is to
explore ways to improve emotion recognition using physiological signal.
To summarise the goal of this research, the following research questions
are presented:

RQ1: Can physiological signal split up into shorter signal, and still be
equally effective or better than that of using full-length signals?

RQ2: Can Multitask Learning Neural Network improve emotion classifica-
tion in Valence-Arousal Space?

RQ3: Do introducing more complex methods for feature extraction, like
Wavelets Decomposition, help with improving classification?

The first goal of the thesis is to see if splitting up physiological signals for
emotion recognition can improve the classification. Physiological signals
with emotional labelled data are expensive to collect as it requires a lot
of time for setting up sensors and subjects collaborations. As most major
datasets that contains physiological signals have signals that last 30 second
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or longer [1, 40, 69]. This research investigates if shorter signals from
3-10 second can be used in similar manners. By splitting the signal,
the dataset size will increase which consequently can help improving
Machine Learning models. Another part of the work is to see if Multi-
Task Learning Neural Networks can improve classification of emotion in
Valence-Arousal Space, as Multi-Task Learning Neural Network has shown
to improve speed and performance of multi-task problems [49]. Wavelet
Decomposition has also been shown in previous studies that it can be used
for emotion recognition [25, 26, 46]. This work will also compare the results
of using wavelet decomposition against not using it, and see if wavelet
decomposition is an reliable approach to perform emotion recognition.

1.3 Structure of the Thesis

First, this chapter, introduce the problem, goal and an overview of
the thesis. The Second chapter introduces related concepts, theories
surrounding Emotions, Physiological Sensors, Machine Learning and
Previous Studies related to Emotion Recognition. The Third chapter
presents the approach of creating custom feature datasets, including signal
pre-processing, feature extractions and give a baseline for the datasets.
Chapter Four present the experiments and results of using different Neural
Networks models on the feature datasets. Chapter Five discuss the result
found in chapter four and the limitations of our experiments. Chapter Six
finishing off with the conclusion of this work and suggestions to Future
Works.
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Chapter 2

Background

In this chapter, relevant information to the thesis will be presented. As
the main theme of the thesis is about working with emotion, a brief
description of emotion study will be given first. It will then be followed
by descriptions of the different physiological sensors, Machine Learning,
Machine Learning Techniques and metrics that are used for evaluating
Machine Learning models. This chapter concludes with past research of
emotion recognition.

2.1 Emotional Models

Emotional studies can be traced back as early as the time of Plato and
Aristotle [66]. Emotional studies are important as it affects our decision
making and view of life. Since emotion is an abstract entity and a field
related to philosophy, emotion/affective studies have a lot of disagreement
among researcher. One important agreement was made between the
majority of affective researcher: that there is "compelling evidence for
universals in any aspect of emotion" [16]. Meaning there is some commonality
among all people in the aspect of emotion, but the amount it affects and
how they are affected is uncertain. Things they cannot agree on are how
emotion should be classified. There is two distinct way to classify emotions.
Emotion can be classified as Discrete Categories or emotion can be placed
in a Multidimensional Continuous Space.

2.1.1 Discrete Categories Model

Discrete categories model follow the idea of categorising emotions into
classes with names that describe the emotion, like sad, happy or angry.
Russel Ekman, renown researcher in the field of affective studies, propose
6 universal basic emotion [14]. Ekman in his studies finds that different
culture shared the same facial expression and description for them [17].
This view of emotion is popular among facial expression classification as it
is how facial expression is described.
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Figure 2.1: Russel Ekman Basic Emotion

2.1.2 Multidimensional Continuous Space Model

The second emotion labelling model is by placing emotions into a mul-
tidimensional continuous space. Emotion can be projected into a three-
dimensional plane, Pleasure-Arousal-Dominance. This model was first
presented by Mehrabian and Russel in 1974 and have since been heavily
researched and studied in the field of affective research [5]. Russell later
investigated that emotions can be effectively expressed in only two of the
dimensional spaces, valence(pleasure) and arousal [62, 63]. This model of
only using valence and arousal is also known as the Circumplex Model of
Emotion.

Level of valence can be described as the level of pleasantness, it can
be conceived as a scale from unhappy or painful(low) to happy and
pleased(high). Arousal is referred to as the level of mental alertness, rang-
ing from the state of being sleepy(low) to begin frantically or excited(high).

2.2 Physiological Sensors

Physiological sensors are important tools to monitor a person’s physical
condition. It is used to analyse person health and to recognize potential
diseases. In our research, to classify emotion, two Physiological sensors
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Figure 2.2: Word placed in the 2D valence-arousal emotion space by James
A. Russell [63]

were selected, ECG(Electrocardiogram) and EMG(Electromyogram).

2.2.1 Electrocardiogram (ECG or EKG)

Electrocardiograms are a popular sensor, the reason being it is easily ac-
cessible by the general population. ECG also monitor one of the more im-
portant organs in the human body, the heart. Electrocardiogram work by
detecting electrical changes in the heart when in contract and releases, giv-
ing us a cycle of signals [19]. ECG comes in many forms, from simple 1
lead to 12 lead medical equipment. The higher number of leads, the better
accuracy one can get, but it sacrifices the practicality and limits its users
manoeuvrability [18]. There are different uses for ECG, simple chest strap
used by the everyday endurance athletes, to medical equipment, used by
health care professionals to quickly identify cardiac diseases.

An important feature of the ECG signal is the PQRST-complex. PQRST-
complex represents the combination of the P-, Q-, R-, S- and T-wave that
represent the deflections in an ECG signal. These waves represent the
changes in right and left ventricles, heart chamber, and contraction of ven-
tricular muscles [58]. Example of PQRST-complex can be seen in figure
2.3. QRS-complex is more commonly known than PQRST-complex, as the
name suggested it is the combination of the Q-wave, R-wave and S-wave
from ECG signals. Heart rate(HR) and heart rate variability(HRV) can be
measured using QRS-complex or just the R-peak. Heart rate is defined as
the average beat per minute and Heart Rate Variability measure the differ-
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ences(variability) between each heartbeat.

Figure 2.3: Illustration of a PQRTS-complex

2.2.2 Electromyograph (EMG)

The definition of Electromyograph can often be confusing. Electromyo-
graph is the tool that detected electrical or neurologically activation in the
muscle cells. The recorded signal is called electrocardiogram and the whole
process is called electromyography [20].

There is two types of Electromyhograph, Surface-Electromyhograph and
Intramuscular-Electromyhograph. Surface-Electromyhograph as the name
suggests, only record muscle activity from the surface, the skin. Two or
more electrode is placed above the skin and the potential difference (volt-
age difference) are measured. Intramuscular-Electromyhograph uses nee-
dles to penetrate the skin to measure the electric signal more accurately.
Intramuscular EMG can be used in combination with Surface-EMG as a
reference [20]. Similar to ECG, choice of using Surface- or Intramuscular-
Electromyhograph comes to the purpose for the use, for medical or recre-
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ational, accessibility and comfort vs accuracy.

2.3 Discrete wavelet transform (DWT)

Discrete Wavelet Transform(DWT), transforms the signal from the time
domain to time and frequency domain, and different coefficient values
extracted from the process [25]. The process in practice is performed using
filter-bank where the original signal is decomposed into high-frequency
component D1 and low-frequency components A1. The low-frequency
component A1 can again be decomposed into high-frequency component
A2 and low-frequency components D2, so on an so forth until the wanted
level of wavelet decomposition is performed [4]. The Mother wavelet is
used in the process of decomposing the component and affect the result of
the decomposed signals, therefore it is important to select the right mother
wavelet for the specific case of problems [4]. Figure 2.5 show the different
example of mother wavelets and figure 2.4 shows an example of 3 level
wavelet decomposition.

Figure 2.4: Example of 3 level Discrete wavelet transform

2.4 Machine Learning

Machine learning is an interesting study. It is a combination of mathe-
matics, statistic, computer science and engineering. The goal of machine
learning is always to try and make sense of data, i.e. the process of having
computers to learn from the data. Machine learning models are the artefact
made during the machine learning process. Machine learning models take
inputs and return an output similar to any other type of function. Differ-
ent from traditional algorithms is that machine learning models do not use
pre-written rules to give an explicit output, but rather uses a combination of
mathematics and statistics to decide on its output. The models are trained
by finding/fitting/updating the right mathematical parameters. There are
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Figure 2.5: Example of popular mother wavelets

generally four types of machine learning, supervised, unsupervised, reinforce-
ment learning and evolutionary learning [48].

• Supervised Learning train the machine learning model using a
labelled dataset. Based on this dataset the model tries to respond and
predict to unseen data. This can also see as learning from experience.
Supervised Learning is used for regression or classification tasks.

• Unsupervised Learning does not have labelled dataset as supervised
learning, instead, the goal of the unsupervised learning is to find
similarities in the data. Use cases for unsupervised learning can be
to cluster data with similarity to a set of classes or be used to reduce
the dimensionality of the more complex dataset before supervised
learning are to be performed.

• Reinforcement Learning do not have a labelled dataset or neither
is blind during training. Instead, reinforcement learning uses reward
functions. Reward functions tell how well the model is doing, good or
bad, but not the solution for the task. The model will have to explore
different approaches until it finds a good enough solution.

• Evolutionary Learning is inspired by biology and evolution, where
models are learned and improved through competition. Traits from
better models will be transferred to the next batch of models. This
approach is often used in combination with reinforcement learning,
where models are given a fitness score corresponding to the reward-
function/ solution.
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2.4.1 Supervised Learning

Supervise Learning is the most common type of machine learning, and
are used for mainly two types of problems, Regression and Classification
problems [48]. Regression in mathematical term can be defined as: "Fit
a mathematical function describing a curve so that the curve passes as close as
possible to all the data points" [48]. The learned model will then be able
to give us an output y given input x, where x and y are any number in
the continuous number space. Classification, on the other hand, solves
problems using discrete outputs. All output have to belong to one of the
N classes decided in the forefront, different from regression, where output
can be anything in the continuous number space.

2.4.2 Dataset Split

In Machine Learning it is important to divide the dataset into training- and
test-set. Training-set is used to train the machine learning model and test-
set evaluate the trained model. Using Neural Network, a split of train-,
test- and validation-set are often used. Validation-set is used during the
training process of the machine learning model, used to evaluate model
during training to prevent overfitting1. The test-set is only used after the
model is finished training. The proportion of the splits are dependent on
the amount of data available. Dataset is typically split into 50:25:25, but on
smaller datasets, one can see split like 60:20:20 or even less [48].

2.4.3 Artificial Neural Network

Artificial Neural Network, or just Neural Networks, is an algorithm
inspired by the neurons in the brain. Neurons in the brain follow simple
rules: Neurons receive pulses, electrical potential charges from it. When
the membrane potential reaches some threshold, the neuron will spike or
fire. A pulse will be sent down the axons and split into other neurons. The
connection between neurons is called synapse. The process in the brain is a
bit more complicated than that. There are more than 100 types of neurons,
but the general operation for all neurons are as described [48]. Figure
2.6 illustrate a typical neuron in the brain. The first mathematical neuron
model was introduced in 1943 by McCulloch and Pitts. The model tries
to mimic the biological process by following these simple rules. It has set
weighted input that mimics the synapse, an "adder" to sums up the inputs,
like the membrane in the cell and an activation function to determine if the
neuron should fire or not [48]. An illustration of a mathematical neuron
can be seen in figure 2.7.

Neural Network, Node and Layers

Neural Network is a collection of neuron described earlier, also called a
node. Multiple nodes put together is called a layer. A neural network has

1a described of overfitting will be given in 2.6.2
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Figure 2.6: Illustration of a Neuron

Figure 2.7: Illustration of an artificial neuron
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multiple layers and each layer have multiple nodes. The first layer in the
neural network is the input layer, this layer is followed by hidden layers
until the final output layer, illustrated in figure 2.8. The architecture of a
Neural Network is defined by the numbers of layers and numbers of node
each layer have.

Figure 2.8: Illustration of a Neuron Network

Weight and Bias

The weight is the trainable parameters in neural networks. Weight deter-
mines the effect each input have to the node. Weight can be 0, meaning
no matter what input is, the node would not consider it. Weights can be
positive, giving it a higher chance of firing if the input is 1. It could also be
negative so that if the input is 1, it reduces the chance of firing.

Sometime one may would want to make the neuron fires even if all the
inputs are zero, to do that a bias node was introduced. Bias is a non-zero
node, usually 1 or -1 [48], and are denoted as b. It has its own weight wb,
that is also trainable. The weighted sum can be denoted as h and equation
for it defines as the following:

h =
n

∑
i=1

(wi ∗ xi) + b ∗ wb (2.1)

Activation function

When the sum of the weight is calculated, an activation function will be
used to determine the output of the node. Sigmoid activation function
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is a mathematical S-shape function and exist between 0 and 1, illustrated
figure 2.9. A nice property of sigmoid is its derivative also have a nice form,
which is helpful when updating the weight [48]. Sigmoid can be defined as
the following(β is some positive parameter):

a = g(h) =
1

1 + exp(−βh)
(2.2)

ReLU(Rectified Linear Unit) is another popular activation function. ReLU
is often more favourable than sigmoid because it is more computationally
efficient and has shown better performance than sigmoid [42]. It also
have an linear output, for reference see figure 2.9, which help reducing the
problem of vanishing gradient2. The formula for ReLU is given as:

a = g(h) = max(0, h) (2.3)

Figure 2.9: Sigmoid vs ReLU

Loss/Error Function

Loss and Error function are used interchangeably in the field of machine
learning. In this thesis, loss function will be used as a reference. The
loss function is used to calculate the error we get from the predicted label
against the true label. Deciding on what loss function to use depends on the
task and what output we are working with. Mean Square Error(MSE) is a
simple loss function to use for both regression and classification problems.
MSE, as the name implies, calculate the mean squared error of the predicted
output y vs true label ŷ. The formula is given as:

MSE =
n

∑
i=1

(y− ŷ)2 (2.4)

Cross Entropy Loss is a more complicated loss function. It can be used
for both binary and multi-class problems. The process of performing cross-
entropy for a multi-class problem is to first acquire one-hot-encoded output

2An explanation of vanishing gradient will be given later in section 2.6.1
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and targets label. One-hot-encoding is a 0 and 1 encoded vector, where
1 indicates the correct class, label L. Then acquire the predicted class
label distribution S. The formula for Cross-Entropy are given out as the
following, where C is the number of classes:

CE = −
C

∑
i=1

Li ∗ log(Si) (2.5)

Optimisation Algorithms

After the loss is calculated, optimisation algorithms are used to update the
weight to minimise the loss. The Optimisation Algorithms can see as the
algorithm to train the Neural Network. Gradient descent is a popular opti-
misation algorithm. By differentiating the loss function we get the gradient
of the loss. The Gradient descent algorithm simply follows the gradient
downhill(negative gradient) to minimise the loss [48]. Figure 2.10 illustrate
the idea behind gradient descent.

Stochastic gradient descent is similar to gradient descent. The training set
is divided into batches. The process of calculating the loss, gradient and
updating weight is only done using one single batch. After the weigh have
been updated new batch are used to again calculating the loss, gradient
and updating weight. The process repeats until all batch is used, making
an epoch. Using batches converges to local minima faster and are also less
likely to be stuck in local minima [48].

There have been many alternations to the Stochastic Gradient Descent that
seems to outperform Vanilla Stochastic Gradient Descent. Two popular al-
ternation of Stochastic Gradient Descent are: Nesterov Stochastic Gradient
Descent [52] and ADAM(Adaptive Moment Estimation)[37].

Figure 2.10: Illustration of Gradient Descent
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Backward Propagation

Back Propagation is an algorithm where it allows the error/loss to flow
backwards using the simple concept of the chain rule. Given f (g(x)) = y
The chain rule can simply be broken down to:

∂y
∂x

=
∂ f
∂g

∂g
∂x

(2.6)

Backward Propagation first compute the error from the output layer, using
loss/error function, the gradient are then propagated backward to the
hidden layers. Each node gradient are then calculated from the propagated
gradient using the chain rule [11]. Figure 2.11 shows an example of chain
rule in a circuit diagram. After gradient of the node is calculated, the
weight is then updated following different optimisation algorithms.

Figure 2.11: Illustration of the chain rule in a node

2.5 Types of Artificial Neural Networks

In this section small description of three type neural network will be given,
Multi Layer Perception (MLP), Multi-Task Learning Neural Network (MTN) and
Convolutional Neural Network (CNN)

2.5.1 Multi Layer Perception (MLP)

Multiple Layer Perception is one of the simplest neural networks architec-
ture, it can also be seen as the standard Feed Forward Neural Network.
MLP consists of at least three-layer, one input layer, one output layer and
one or more hidden layers. It uses a 1-dimensional feature vector as input
and returns one 1 dimension output vector that represents the classes. The
previous illustration of a Neural Network, figure 2.8, can see as an MLP
network.
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2.5.2 Convolutional Neural Network (CNN)

Convolutional Neural Network is a huge subgroup in the field of Neural
Network. It has become one of the most popular methods to solve
image related classification. The first breakthrough of Convolution Neural
Network is the introduction of AlexNet to the ImageNet Challenge [41].
ImageNet Challenge is an annular image classification competition started
in 2010, to solve an image classification problem. The best result was
achieved by GoogLeNet and have a close to human accuracy [61]. One
special trait with CNN compare to Standard Neural Networks, is that CNN
performs its "own" feature extractions. CNN takes a 2D input, like images,
and performed multiple procedures to give a 1D feature vector. The
features are then feed-forward to fully connected layers. Fully connected
layers are 1D Neural Network, similar to a layer found in a standard
Neural Network, like MLP. Convolution Neural Network introduces a
lot of different type of layers that are not often used in standard Neural
Networks, like convolution-, pooling- and sampling-layers. Figure 2.12
shows an illustration of a convolution Neural network.

Figure 2.12: Illustration of Convolution Neural Network, AlexNet Archi-
tecture[41]

2.5.3 Multi-Task Learning Neural Network (MTN)

A task is referred to as solving a problem. In classification, a task is to
classifier an unknown object into a set of classes. Multi-Task Learning is a
type of Machine Learning where one single model does multiple tasks, to
classify an object into multiple sets of classes. Comparing it to a standard
feed forward network, in this thesis it will be referred as single-task neural
network, multi-task neural network have multiple output while single-
task neural network have only one single output. When multiple tasks
are to be learned and the tasks have relations with each other, it could
be advantageous to learn these task simultaneously [22]. The general
approach for Multi-Task Learning for Neural Networks is to use hard
parameter sharing. The multiple outputs of the network have individual
layers and the beginning of the network have shared layers, see figure
2.13. Multi-Task Learning Neural Network has shown to help to generalise
the neural networks and give better performances [9]. Other advantages
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of using Multi-Task Learning Neural Network is that the network can
be smaller than all individual network combined, making Multi-Task
Learning Neural Network faster and lighter than running multiple Neural
Network parallel [49].

Figure 2.13: Illustration of hard sharing Multi-task Learning neural
network

2.6 Machine Learning Related Challenges

In this section, an explanation of some machine learning and Neural
Network-specific challenges. The challenges of machine learning can occur
during the training process of the machine learning models or before in the
prepossessing of the dataset. in this section explanation of Vanishing Gra-
dient (a Neural-Network-specific problem), overfitting (a general Machine
Learning challenge) and the term "Curse of Dimensionality"(a challenge re-
lated to the data) will be given.

2.6.1 Vanishing Gradient

Vanishing Gradient is a problem that can occur, during the process of
Back Propagation. This problem normally occurs when activation function
that squishes input into a limited space is used, for example, the sigmoid
function that has an upper and lower limit of 0 and 1. To update the weigh,
the partial derivative has to be performed. If the input have a large value,
the derivative becomes very small, and the gradient becomes saturated.
This problem often appears on recurrent neural networks and larger deep
neural networks [53]. To avoid this problem other activation function can
be used instead, ReLU have shown to help alleviate this problem [12].

18



2.6.2 Overfitting

Overfitting is a term used when a model has specialised itself to the training
set but performs worse in out-of-sample situations. Figure 2.14 illustrate an
example of overfitting. This often is a problem that needs to be taken into
consideration whenever machine learning is used to solve a task.

Figure 2.14: Illustration of overfitting

Early stopping

A solution to solve the problem of overfitting in Neural Network is to
introduce early stopping, stop the train when the validation result starts to
perform worse as the training continues. Figure 2.15 show an illustration
of early stopping. Patient in reference to early stopping, is how long
algorithm are allowing the training to stagnate before stopping the training.

Figure 2.15: Illustration of early stopping
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2.6.3 Curse of Dimensionality

"Curse of Dimensionality" in machine learning describes the fact that more
features can improve the model, but will require substantially more data
to enable the model to train to be able to generalise the problem and avoid
overfitting [48]. This could be a big problem when 100 or more features is
used. Figure 2.16 illustrate the curse of dimensionality.

There are different ways to fight the curse of dimensionality. For the first,
one can increase the dataset. This solution can be resource expensive and
time-consuming. A better alternative to avoid the Curse of Dimensional-
ity would be to reduce the number of input features. This can be done by
introducing a feature selection step, an algorithm that select features that
show promise to separating the data. Another approach could also be per-
forming dimension reduction. Unsupervised learning, like PCA(Principal
Component Analysis), can be used to reduce dimension before training ma-
chine learning model [30].

Figure 2.16: Illustration of the Curse of Dimensionality

2.7 Metric for Evaluation

In this section will explain some of the metrics that are used to evaluate
Supervised Machine Learning models, Confusion Matrix, Accuracy and F1
score.

2.7.1 Confusion Matrix

Confusion Matrix is a simple idea of a square matrix that contains all
possible classes in both the horizontal and vertical direction. The first
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column shows the distribution of the true labelling of the sample that the
model has predicted as class one. The second column shows the class two
distribution, so on and so forth until all classes are placed in the matrix.
The leading diagonal of the matrix indicate the correct classified samples. A
good indication for a good model classification result is to have the majority
of the values places in leading diagonal. Figure 2.17 shows an example of
a confusion matrix.

Figure 2.17: Example of a normalised confusion matrix. In this example, all
Setosa and Virginia are classified correctly, but some Versicolor samples are
classified as virginica

2.7.2 Accuracy

By summing up the leading diagonal of a confusion matrix and divide it
with the total sum of the matrix, one will get the accuracy of the model.
Accuracy simply tells how many of the samples are correctly classified
compare to the amount sample. The possible output for one class(Class
1) can be one of the following:

• True Positives: Correctly classified as class 1

• False Positives: Wrongly classified as class 1

• True Negative: Correctly classified as not Class 1

• False Negative: Wrongly classified as not Class 1

Accuracy can be defined as the sum of true positive and true negative
divided by the total number of samples[48]:

Accuracy =
#TP + #TN

#TP + #FP + #TN + #FN
(2.7)
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2.7.3 F1 Score

F1 score goes from a scale from 0 to 1 similar to accuracy. F1-score take
in other aspects other than the amount of collect of the result to calculate
its score. Before the definition of F1-score definition of two other metrics
should be given first, Precision and Recall. Precision is the ratio of true
positives to the total amount of the positive example. The recall is the ratio
of the true positive to that are classified as positive. F1 Score is then defined
as the harmonic mean of the precision and the recall [48].

Precision =
#TP

#TP + #FP
(2.8)

Recall =
#TP

#TP + #FN
(2.9)

F1 score can be written in terms of precision and recall and also in terms of
of numbers of false positive:

F1 = 2
Precision ∗ Recall
Precision + Recall

(2.10)

F1 =
#TP

#TP + (#FN + #FP)/2
(2.11)

2.8 Past Research on Emotion Recognition

In this section, some past research related to emotion recognition will
be given. Approaches to using different models of emotions to perform
classification, how physiological signal and machine learning have been
used to perform emotion recognition.

2.8.1 Emotional Models for Emotion Recognition

There two main groups of emotional models, mention in section 2.1, emo-
tion can be classified as Discrete categories or be placed Multidimensional
Continuous Space.

Discrete categories for emotion have been used for Emotion recognition
in relation with physiological sensors, it have shown promises when lim-
ited classes were used [25, 27, 32, 46, 67]. Sadly there are a few limitations
of this model, mainly that not all emotion can be classified this way. Some
emotion is a mixture of different emotion, for example, a person can be sad
and angry at the same time or that there may be a different level of angry.

As for Multidimensional Continuous Space Model, emotion recognition
research have also been done using the Circumplex Emotional Model to
classify emotions [26]. Circumplex Model of Emotion is often preferred in
the research were emotion classification is done using physiological signal,
this can be seen in most emotion/physiological-signal dataset as it uses the
Circumplex Model labelling, valence and arousal. [1, 40, 69].
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2.8.2 Physiological Signal for Emotion Recognition

Using EMG and ECG sensors, described in section 2.2, to classify emotion
have been done in previous studies[25, 26, 32, 33, 46, 65, 67, 73].

The hearth has shown to be affected by emotion impulses, both HRV(heart
rate variability) and HR(heart rate) have shown in previous studies that it
can be affected by stress [36]. Attempt to detect stress from HRV and HR
have also been performed [64]. As for general emotion recognition, using
HR are less favoured as these metrics can easily be affected by other factors.
The simple act of walking or drinking a cup coffee can raise a persons heart
rate significantly [7]. As for HRV, studies have shown that arousal could be
classified, but only when the emotional stimulation is relatively strong [10].

When performing emotion recognition combines using ECG-signals with
other physiological signals or other modalities, research has shown a mixed
result. The reason could be that different labelling used as well as different
sensors. But generally using of discrete categories labelling for emotion of-
ten gives a better accuracy than labelling using Circumplex Model [25, 26,
32, 46, 67].

Surface-EMG placement can have a lot to say when it comes to emotion
recognition, as different muscle part is being monitors. Face and trape-
zoid muscles are two popular placement for Surface-EMG for emotion
recognition. Emotion recognition with facial-EMG has shown a positive
result using Discrete Categories model for emotion [33]. Trapezoid-muscle-
EMG, on the other hand, has shown to be able to detect mental stress
and are less intrusive than that of face-EMG [73]. Using Intramuscular-
Electromyhograph for emotion recognition have also been done, attempt
on detecting negative emotion [27].

2.8.3 Machine Learning in Emotion Studies

As mention in section 2.4, supervised learning can be solved as regres-
sion problems or as classification problems. Using Regression for emo-
tion detection are possible for the Circumplex Model of Emotion, as va-
lence and arousal are placed in a continuous space. AffectNet is one of
the largest facial emotion databases that have valence and arousal labelling
and uses a regression model as its baseline [51]. There are also other stud-
ied that have used regressions model to predict emotion.[75] Solving emo-
tion recognition problem as a classification problem are more natural when
emotion is labelled as discrete categories. In the Circumplex Model, Va-
lence and Arousal can also be divided into High or Low valence/arousal
or High, Neutral and Low Valence/Arousal, and then solved as a clas-
sification problem[1, 23, 26]. For the most part, emotion recognition has
been seen as a classifications problem, for both categorical and circumplex
model.
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Convolution Neural Network is also prominent in emotion recognition,
it can be seen in commercial enterprises having public API for facial ex-
pression recognition developed using Convolutional Neural Networks [21,
71].
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Chapter 3

Custom Physiological Feature
Dataset

In our research, different approaches to improving emotion recognition
using physiological sensors were performed. Two of the research question
mention in 1.2, were to see if splitting up physiological signals can help the
performance of emotion recognition and if using wavelet decomposition
can help to improve the result? To answer those two questions, custom
feature dataset were created. The process of creating the custom feature
dataset was by first splitting the original physiological into smaller signals,
followed be signal processing and feature extraction. Some of the datasets
were created with the use of discrete wavelet transform before feature
extraction and some without. In this chapter description of the process
of creating the custom feature datasets from an original public dataset will
be given and setting a baseline for the experiments in chapter 4.

3.1 Selecting Dataset

An attempt of creating a personalise dataset for the sensor available in the
lab were attempted. Mybeat(ECG-sensor) [74] and Mwatch(EMG-sensor)
[72] sensor were used, sensor data were collected and synchronised us-
ing ROS(Robot Operating System) [59]. But because of the complexity sur-
rounding the sensors and emotion studies, and also the challenge of involv-
ing participant, this approach was dropped in favoured for using existing
datasets.

There exist a few public emotion datasets containing different physiolog-
ical sensors, to list the largest available dataset for research there are DE-
CAF [1], DEAP [40], MAHONOBI-HCI-Tagging [69]. DECAF Dataset was
selected to be used in this master thesis to study emotion recognition.

DECAF is one of the largest emotion dataset containing the following
physiological sensors data, Magnetoencephalogram (MEG), horizontal
Electrooculogram, Electrocardiogram (ECG), Trapezius Electromyogram
(tEMG) and Near Infra-red facial video. The dataset includes physiolog-
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ical recording of 30 participants react to 36 movie clips and 40 music video
segments, in total there are 2280 samples. The length of the movie clips
ranges from 51.1-128.2 seconds, and the music videos are all 1 minute long.
The dataset contains both subject self-evaluation labelling for valence and
arousal from a scale 1 to 5 as well as expert labelling for the videos and
music videos [1].

3.2 Creating Custom Feature Datasets from DECAF

For the experiments, only ECG and tEMG signals from the DECAF dataset
were selected to be used. The original signal was split into shorter signals.
Signal processing was then performed on the shorter signals. statistical
properties were then extracted from the processed signal, tEMG- and
ECG-signals. The custom dataset was then created from the statistical
properties. Different feature datasets were created, with and without the
use of discrete wavelet transform. Two different mother wavelets were
used, Daubechies 4 and Coiflets 5. Including dataset without the use of
wavelet decomposition, it gives us in total, three types of different datasets.
Figure 3.1 show a flow chart of the process of extracting features from the
raw signal. To summarise, the following steps were done to create the
custom feature dataset and will be further described in this chapter:

• Labelling of the dataset: The labelling of 5 levels of valence and
arousal in the original DECAF dataset were changed to 3 levels of
valence and arousal. (Section 3.2.1)

• Signal Splitting: The original physiological signal were splitted into
smaller signals. Different intervals were used and feature dataset
were created for each interval lengths. (Section 3.2.2)

• Physiological Signal Pre-Processing: Filtering of the splitted signals
and specific physiological signal processing for ECG and tEMG were
performed before feature extraction. (Section 3.2.3)

• Feature Extraction: Statistical features were extracted from the
processed physiological signal. (Section 3.2.4)

• Wavelet Decomposition: Discrete wavelet transform were per-
formed on the processed signals and then feature extracted from the
coefficient of the wavelet decomposed signals. (Section 3.2.5)

3.2.1 Labelling of the Dataset

The self-evaluations from the subject were used as the label for the custom
feature dataset, instead of expert labelling. The 1-5 scale was converted into
three classes(High, Neutral, Low).

26



Figure 3.1: Splitting signal

Original Label New Label
0 - 1 0 (Low)

2 1(Neutral)
3 - 4 2(High)

Table 3.1: Changing of original DECAF labelling to Low, Neutral, High
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3.2.2 Splitting Signal

Research questions 1, stated in 1.2, was: "Can physiological signal split up into
shorter signal, and still be equally effective or better than that of using full-length
signals?". The question directly correlate to this experiment. Splitting up
the original physiological signals into shorter signals is proposed. By split-
ting the signal, the number of sample of the dataset increases, which can
help to train the machine learning models.

The original length of the physiological signals varies from 51.1-128.2 sec-
ond. The raw ECG and tEMG signals were split into 3-, 5- and 10-seconds
intervals. The initial 10 seconds of the recording where removed as the in-
tentional emotional stimuli at the beginning of the music/video clip may
not be present. Splitting of the signal can be shown in figure 3.2. This step
increased the number of samples from 2280 samples to 43950, 26770 and
13133 samples for 3-,5- and 10-seconds interval respectively. Splitting of
signal were done using python, code shown in figure A.2 in appendix A.

Figure 3.2: Splitting signal

Dataset Balance

The original dataset was not 100% balance. After the splitting of the signal,
the new dataset changes the balance of the dataset slightly. Figure 3.3
shows the dataset balance of the original DECAF dataset feature dataset.
Figure 3.4 shows the split dataset with the 5-seconds split. From the figures,
it shows that arousal labelling is more balance than those of valence.

3.2.3 Physiological Signal Preprocessing

The physiological signal includes additional noises, it can be either from
the equipment, other parts of the body(like the hearth) or other outside
factors. To perform signal processing for the physiological signal is to re-
move noises. Physiological specific signal processing can also give better
clarity of the signal.

To reduce the signal size, the original signal was down-sample from
1000Hz to 128Hz and 1000Hz to 256Hz for the ECG signal and tEMG signal
respectively. The physiological signal was filtered and then specific signal
processing where performed. As mention in ??, PQRST is a posses a lot of
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(a) Valence dataset balance of origi-
nal DECAF dataset

(b) Arousal dataset balance of origi-
nal DECAF dataset

Figure 3.3: Pie graph of the dataset balance of original DECAF dataset

(a) Valence dataset balance of 5 sec-
ond split

(b) Arousal dataset balance of 5
second split

Figure 3.4: Pie graph of the dataset balance of using 5 second interval split
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information about emotion and the QRS-complex have been used in pre-
vious studies to extract features [32]. For those reasons, PQRST-complex
were extracted from the filtered ECG-signal and mean calculated.
As EMG signal contains a lot of noise and a very volatile, additional
signal processing steps are often perform on EMG signal before features
extractions are performed [57]. The process of rectified1 and envelope2

were performed on the tEMG signal. From the original tEMG and ECG
signal: filtered ECG, mean PQRST-complex, rectified tEMG, enveloped
tEMG were extracted. Figure 3.5 show the signal processing pipeline
including feature extraction and wavelet decomposition.

Figure 3.5: Overview of Signal Processing pipeline

ECG Preprocessing

The ECG signal was first filtered using FIR-bandpass filter from frequency
range 3 to 45 to remove any noise. PQRST-complex were then extracted
from the filtered ECG signal, using Python package Biosppy[8]. Multiple
PQRST-complex were returned from this process. The mean-PQRST was
then calculated from the given PQRST-complexes. Example of this process

1Rectification is the translation of the raw tEMG signal to a signal with a single polarity
2Envelope of a signal is the smooth curve outlining the signal extremes

30



can be seen in figure 3.6 and code for this process can be seen in Appendix
A, figure A.3

Figure 3.6: Example of ECG Preprocessing

tEMG Preprocessing

The tEMG signal is filtered using Butterworth bandpass filter with a
frequency range from 40 to 100 and order of 4, python package Scipy[35]
was used for this process. The tEMG signal was then rectified from the
filtered tEMG. Linear tEMG envelope was then performed. The code of to
process rectified-tEMG and envelope-tEMG can be seen in the appendix A,
figure A.4. Example of the tEMG prepossessing can be seen in figure 3.7.

Figure 3.7: Example of tEMG Preprocessing
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3.2.4 Feature Extraction

Feature Extraction was performed after signal processing. Statistical
properties were extracted from the processed signal as features, referred to
as statistical features. In total 13 statistical properties were extracted from
each process signal mention in section 3.2.3. In total 52 statistical properties
were extracted from PQRST complex, filtered ECG, rectified tEMG and
enveloped tEMG. These 52 feature define the Pure-dataset. The statistical
properties were extracted using Python package Numpy[54] and Scipy[35].

Full list of the statistical properties(features) used:

• Max:
αmax = max{ f (x) : x = 1..n} (3.1)

• Min:
αmin = min{ f (x) : x = 1..n} (3.2)

• Root Mean Square:

RMS =

√
1
n

n

∑
i=1

x2
i (3.3)

• Mean:

x =
1
n

n

∑
i=1

xi (3.4)

• Median:
Med = x n

2
(3.5)

• Standard Deviation:

σ =

√
1
n

n

∑
i=1

(x− xi)2 (3.6)

• Variance:

σ2 =
1
n

n

∑
i=1
|xi − x|2 (3.7)

• Central Moment: k = [1,2,3]

µk =
1
n

n

∑
i=1

(x2
i − x̄)k (3.8)

• Signal Magnitude:

mag =

√
n

∑
i=1

i2 (3.9)

• Kurtosis:

kurtosis =
1
n

n

∑
i=1

(
xi − x̄

σ
)4 − 3 (3.10)

• Skew:

Skew =

√
1
n

n

∑
i=1

x2
i (3.11)
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Feature Standardisation

Different features may have different impacts since the feature have differ-
ent value ranges. To make sure the features are evaluated equally, some
kind of standardization or normalisation are necessary. A simple approach
to feature standardization is performed. The mean was to subtract and then
divide by the standard deviation. It will give us a distribution of features
where the mean is zero and the standard deviation is one.

Given N features and M samples, for feature fi,e, where i ∈ {1, 2..., N} and
e ∈ {1, 2..., M} standard score zi,e is calculated as:

zi,e =
fi,e − µi

σi
(3.12)

where

µi =
1
M

M

∑
e=1

fi,e (3.13)

σi =

√√√√ 1
M

M

∑
e=1

( fi,e − µi)2 (3.14)

3.2.5 Wavelet Decomposition

From previous studies, its has been shown that Wavelet Decomposition
can be used to detect emotion from physiological sensors [26, 46]. Discrete
Wavelet Transform were performed on the rectified tEMG signal and
filtered ECG signal. Since performance of emotion detection can varies
base on the selection of the mother wavelet [25], two different wavelet were
used and tested, as it have been used in previous studies(Daubechies 4 [25]
and Coiflets 5 [26]). Figure 3.8a and 3.8b shows the respectively wavelet
function Daubechies 4 and Coiflets 5.
Four levels of discrete wavelet transform were performed on both of
the wavelets. The process of wavelet decomposition is performed using
python package PyWavelet [43]. An example of the result from wavelet
decomposition using Daubechies4 wavelet of filtered ECG can be seen in
figure 3.9.

Feature Extraction of Wavelet Decomposition

Two wavelets were used and coif4-dataset and db4-dataset were created
using respective mother wavelets, Daubechies4 and Coiflets5. Same
statistical features and feature standardisation mention in section 3.2.4
were extracted and performed. From the 4 levels of wavelet decomposition,
statistical properties were only extracted from the wavelet coefficient. In
total 4 * 13 * 2 = 104 features were extracted from the wavelet coefficients.
coif4-dataset and db4-dataset also contain the statistical properties from the
mean PQRST-complex, filter ECG, rectified tEMG and Enveloped tEMG,
making it contain total 156 statistical features.
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(a) Daubechies 4 Wavelet func-
tion

(b) Coiflets 5 Wavelet function

Figure 3.8: Wavelet function of Daubechies 4 and Coiflets 5

Figure 3.9: Example of 4 level of Daubechies4 Wavelet decomposition using
PyWavlet
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3.2.6 Summary of the Feature Datasets

After processing the DECAF dataset, 3 types of feature dataset were
made. The first feature dataset Pure is the dataset containing only
statistical features without the use of discrete wavelet transform. The
other two datasets, Coif5 and Daubechies4, contains feature extracted from
the wavelet decomposition using respective mother wavelets and pure
statistical feature from the physiological signals. On each of the dataset
types, 4 copy of each were created based on the different splitting interval
mention in section 3.2.2, 3 seconds, 5 seconds, 10 second and full signal
length. In total 12 custom feature dataset were created. Table 3.2 list all the
features dataset.

Feature Dataset Signal length Wavelet dataset size
Pure_3 3 second Not used 43950
Pure_5 5 second Not used 26770
Pure_10 10second Not used 13133

Pure_full 3 second Not used 2280
Coif5_3 full length Coif5 wavelet 43950
Coif5_5 5 second Coif5 wavelet 26770
Coif5_10 10second Coif5 wavelet 13133

Coif5_full full length Coif5 wavelet 2280
Db4_3 3 second Daubechies4 wavelet 43950
Db4_5 5 second Daubechies4 wavelet 26770
Db4_10 10second Daubechies4 wavelet 13133

Db4_full full length Daubechies4 wavelet 2280

Table 3.2: Table show the different feature dataset that were created and the
information related the individual datasets
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3.3 Setting a Baseline

In the original paper, the baseline was for two labels, High-Low, Va-
lence/Arousal. An accuracy of 56% was achieved using all physiological
sensors [1]. As our model uses only ECG and tEMG signals and uses three
labels(High, Neutral and Low), a new baseline needed to be established
for our experiments. The baseline where made using two dummy models
from scikit-learn[6], Random Selection and Majority selection.

Random Selection as the name implies, the model selects the label at ran-
dom. For a three-class problem, the estimate accuracy would be 33%,
but our dataset is not balanced, the estimate accuracy would be therefor
slightly off. This model will give us a better realistic baseline when com-
paring f1-score.

Majority Selection always selects the class with the highest occurrence in
the dataset. The estimated accuracy for Majority selection would be the
occurrence of the most occurred class in the dataset divide by the size of
the dataset. The Majority Selection model will almost always have higher
accuracy than Random selection on a not balanced dataset. The Majority
Selection model will for that reason give a better comparison when accu-
racy is compared. F1 score for Majority Selection, on the other hand, will
have much worse than Random Selection since it gets heavily punished by
the Precision and Recall.

3.3.1 Baseline Result

Table 3.3 show the result of the dummy models and will be used as baseline
when performing the experiments.
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Model interval Modality Accuracy Precision recall f1-score
Majority 3 sec Valence 0.388 0.151 0.388 0.217
classifier interval Arousal 0.360 0.191 0.360 0.191
Majority 5 sec Valence 0.410 0.168 0.410 0.238
classifier interval Arousal 0.356 0.127 0.356 0.187
Majority 10sec Valence 0.387 0.149 0.387 0.215
classifier interval Arousal 0.378 0.143 0.378 0.208
Majority full Valence 0.432 0.187 0.432 0.261
classifier length Arousal 0.376 0.141 0.375 0.205
Random 3 sec Valence 0.329 0.336 0.329 0.331
classifier interval Arousal 0.333 0.335 0.333 0.334
Random 5 sec Valence 0.333 0.345 0.333 0.340
classifier interval Arousal 0.309 0.310 0.310 0.310
Random 10sec Valence 0.334 0.338 0.334 0.334
classifier interval Arousal 0.347 0.350 0.347 0.348
Random full Valence 0.351 0.380 0.351 0.358
classifier length Arousal 0.322 0.330 0.322 0.322

Table 3.3: Baseline Accuracy and F1 score for the different interval length
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Chapter 4

Experiment and Result

Three experiments were performed to test the feature datasets created in
chapter 3 to explore the research questions stated in the Introduction. In
this chapter, the description and the result of the experiments will be given.

1. The first experiment, explore if by splitting the physiological signal,
can achieve a better result than that of just using full physiological
signal length.

2. Second Experiment test if Multitask Learning Neural Network can
achieve a similar or better result than that of standard Feed Forward
Neural Networks.

3. The final experiment test if using Discrete wavelet transform, before
the feature extraction step can improve classification result.
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4.1 Experiment 1 : Emotion Recognition for Different
Interval Length

4.1.1 Idea/Methods

In this first experiment, Artificial Neural Networks(Single-Task neural
network) were trained using the pure feature datasets created in chapter
3. The goal of this experiment is to compare the different dataset with
different physiological signal length, process mention in section 3.2.2,
dataset created with full physiological signal length. By splitting the signal
into smaller chunks, the number of samples in the dataset increases, which
can help the learning process of a neural network. In this experiment, two
Single-Task Neural Network was trained on a dataset where only statistical
features extraction were performed, pure_3, pure_5, pure_10 and pure_full
dataset. A smaller network is used to compare the result of full-length
signals against short length signals. The deep neural network is used to see
the potential improvements by increased sample size.

4.1.2 Neural Network Architectures

Two Single-Task Neural Networks architecture that were used in this ex-
periment, one smaller and one deeper. Both Neural Networks architec-
ture is standard Feed Forward Neural Network using ReLU activation
function and Xavier Initialisation.1. The smaller Neural Network archi-
tecture has three hidden layers with the following layer sizes:[64,32,16]
and will be referred to as "Simple Neural Network". The deeper/larger
neural network have eight hidden layer with the following layer sizes :
[512,256,128,128,64,64,32,16] and will be referred as "Deep Neural Net-
work". The numbers of node and numbers of layers are selected by random
as there is no general layer schema for neural networks.
The architecture of both models can be seen in figure 4.1

4.1.3 Training of the Models

Model for valence and arousal were trained separately. The training of
the models are done using Pytorch[56] with Nesterov Stochastic Gradient
Descent and Cross-Entropy as the loss function. Early stopping was also
used with a training patient of 200. Training parameters were selected
by random and different training parameters were used for the dataset
with the full physiological signal length depending on the earlier results.
The table 4.1 shows the training parameters that were used to train the
different models. The dataset is split into train-, validation- and test-set in
the following proportions: 80-10-10.

1Xavier-initialisation is an approach to initialise the weight to improve the rate of
convergence [24]
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Figure 4.1: Model Architecture of the two Feed Forward Neural Network
models

Signal length 3, 5 and 10 full signal length
Nesterow Momentum 0.95 0.95

Learning Rate 0.00005 0.00001
Batch Size2 32 32

Training patient 200 epoch 200 epoch

Table 4.1: Training Parameters
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4.1.4 Valence Classification Result

Table 4.2 show the result of Valence classification. The best result was
achieved using Deep Neural Network with 0.5 accuracy and F1 score of
0.498. All the models achieved better results than the baseline, indicating
that the models give better accuracy than random guessing. The graphs
4.2a and 4.2b compares the valence result of the different models, accuracy
and F1 scores. From the graphs, the Deep Neural Network outperforms
both the Simple Neural Network and the baseline models. The problem
occurred when training the Deep Neural Network using full signal length.
The model was not able to achieve any reasonable result. One reason
for that could simply be that larger network requires large datasets. The
Deep Neural Network outperformed Simple Neural Network when there
is enough data. The Simple Neural Network score noticeable less in both
in accuracy and F1 Score, than that of the Deep Neural Network. When
comparing the result of the Simple Neural Network to classify valence
in the different physiological signal interval length, the best result was
achieved using the full signal length. The Simple Neural Network scored
≈0.02 worse accuracy, but the F1 score has ≈>0.01 difference. The better
result of using full signal length could come from the fact that the full
signal dataset is more unbalance than that of the other dataset, as that
can be seen in result majority classifiers accuracy. The original DECAF
dataset achieved an accuracy of .585 with 2 classes and using all peripheral
physiological signals for valence[1].

Valence
feature dataset Accuracy Precision recall f1-score

SN
N

pure_3 0.441 0.441 0.443 0.443
pure_5 0.447 0.442 0.447 0.441

pure_10 0.425 0.430 0.433 0.432
pure_full 0.455 0.455 0.457 0.449

D
N

N

pure_3 0.500 0.498 0.500 0.498
pure_5 0.488 0.486 0.488 0.488

pure_10 0.449 0.448 0.450 0.442
pure_full 0.418 0.378 0.418 0.356

Table 4.2: Arousal Result of the Pure dataset

4.1.5 Arousal Classification Result

Classification result of arousal was similar to valence, the best test set
result was achieved using Deep Neural Network architecture with 3-
second physiological signal length. It achieved an accuracy of 0.53 and
f1-score of 0.53. The result of the test set can been seen in table 4.3 and the
figure 4.3a and 4.3b compares the different model result. Similarly, with
the valence classification, no reasonable result was achieved using Deep
Neural Network model with full physiological signal length, pure_full. The
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(a) Model Valence Accuracy

(b) Model Valence F1 Score

Figure 4.2: Comparing valence result of the different models
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Simple Neural Network achieves a similar result using pure_3 compared
to using pure_full feature dataset, ≈>0.01 difference in both accuracy and
f1-score.

Arousal
feature dataset Accuracy Precision recall f1-score

SN
N

pure_3 0.500 0.498 0.500 0.498
pure_5 0.476 0.473 0.476 0.472

pure_10 0.472 0.469 0.472 0.470
pure_full 0.497 0.485 0.486 0.498

D
N

N

pure_3 0.533 0.532 0.533 0.533
pure_5 0.524 0.525 0.528 0.524

pure_10 0.512 0.511 0.512 0.511
pure_full 0.422 0.413 0.423 0.375

Table 4.3: Arousal Result of the Pure dataset

4.1.6 Summary for Experiment 1

Figure 4.4 shows the confusion matrix of Deep Neural Network trained on
pure_3 feature dataset and figure 4.5 shows the confusion matrix Simple
Neural Network trained on pure_full feature dataset. The confusion matrix
of the Deep Neural Network is distributed along the main diagonals(collect
classified), while Simple Neural Network have a small indicates that
it favoured the majority class. From both the valence and arousal
classification result, this experiment can be summarise with the following
statements:

• Both Simple Neural Network and Deep Neural Network achieved
a better result than the baseline, set in section 3.3, for both valence
and arousal. This means that our models have better accuracy than
random guessing.

• Deep Neural Network cannot be trained on the small dataset,
datasets using full physiological signal length.

• The best result of valence/arousal classification is achieved using the
Deep Neural Network architecture, using datasets with physiological
signal lengths of 3 seconds.

• Result from Simple Neural Network model indicates that split
physiological signal can achieve a similar or better result of va-
lence/arousal classification, than that of using the full signal length.
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(a) Model Arousal Accuracy

(b) Model Arousal F1 Score

Figure 4.3: Comparing arousal result of the different models

45



(a) Confusion Matrix of Valence Classification using Deep Neural
Networks on the Pure_3 feature dataset

(b) Confusion Matrix of Arousal Classification using Deep Neural
Networks on the Pure_3 feature dataset

Figure 4.4: Confusion Matrix of Deep Neural Network on Pure_3 feature
dataset
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(a) Confusion Matrix of Valence Classification using Simple
Neural Networks on the Pure_full feature dataset

(b) Confusion Matrix of Arousal Classification using Simple
Neural Networks on the Pure_full feature dataset

Figure 4.5: Confusion Matrix of Deep Neural Network on pure_full feature
dataset
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4.2 Experiment 2: Multi-Task Neural Network for
Emotion Recognition

4.2.1 Idea/methods

Multi-Task Learning has shown in previous studies to have help improving
the result of problems involving multiple classifications tasks[9]. In
addition to possible improvement of the result, it is faster to train and
classify samples on one single multitask model than that using multiple
smaller models[49]. It is reasonable to believe using Multi-Task Network
can possible improving the result of the valence and arousal classification
than that of standard Feed-Forward Network, or at least improve training
and classification time. In this experiment, a Multi-Task Neural Network
will be trained using the different physiological interval length dataset with
only statistical features. The result found in this experiment will then be
compared with the result found in the previous experiment, section 4.1.

4.2.2 Multi-Task Neural Network Architecture

Multi-Task Neural Network, similar to Simple- and Deep Neural Networks
architectures, use ReLU activation function between each layer and Xavier
Initialisation.

The Multi-Task Neural Networks model has two separate output were one
classify valence and the other classifies arousal. The Network has 4 shared
layer with the following sizes: [512,256,128,64], each of the separate net-
works has 2 layers before output with the following sizes : [32,16]. The
architecture of the model are illustrated in figure 4.6. This model will be
referred to as Multi-Task Neural Network(MTN).

4.2.3 Training of the Models

One single network will be trained for valence and arousal classification.
The training parameters are the same as the one used for the standard Feed
Forward Neural Networks, Nesterov Stochastic Gradient Descent, Cross-
Entropy and Early stopping were used. The loss calculated from valence
and arousal output is then added together before back-propagation. Table
4.4 shows the training parameters used. Similar to experiment 1 the dataset
is split into train, validation and test-set in 80-10-10 proportion.

Signal length 3, 5 and 10 full signal length
Nesterow Momentum 0.95 0.95

Learning Rate 0.00005 0.00001
Batch Size3 32 32

Training patient 200 epoch 200 epoch

Table 4.4: Training Parameters for MTN model
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Figure 4.6: Model Architecture Multi Task Neural Network
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4.2.4 Result

Table 4.5 show the test set result of valence and arousal classification using
the Multi-Task Neural Network. The best result for valence and arousal
classification was achieved using the 3-seconds signal length feature
dataset, pure_3. Valence had an accuracy of 0.514 and F1 Score of 0.511 and
arousal classification had an accuracy of 0.535 and F1 Score of 0.535. This
result is better than any result achieved in previous experiments. The best
accuracy and F1 score of the previous experiment were 0.5 and 0.498 for
valence and 0.533 and 0.533 for arousal using the Deep Neural Network.

Multitask Learning Neural Networks Result
feature dataset Accuracy Precision recall f1-score

Val
en

ce pure_3 0.514 0.513 0.514 0.511
pure_5 0.496 0.494 0.496 0.494

pure_10 0.470 0.469 0.470 0.470
pure_full 0.408 0.370 0.408 0.375

Aro
usa

l pure_3 0.535 0.536 0.535 0.535
pure_5 0.521 0.522 0.521 0.522

pure_10 0.524 0.525 0.524 0.525
pure_full 0.455 0.445 0.455 0.430

Table 4.5: Valence and Arousal Classification result using Multi-Task
Network on the Pure dataset

Comparing Result

The figure 4.7a and 4.7b compares the valence and arousal result of the
different models, accuracy and F1 scores, with the different physiological
signal interval length. The Multi-Task Neural Network achieved a better
result than both the Single-Task Neural networks(Simple Neural Network
and Deep Neural Network). Multi-Task Neural Network has a similar
problem as Deep Neural Network were training using the feature dataset
with full physiological signal length, pure_full, achieved relative bad result.

Comparing Models Architecture

Table 4.6 shows the numbers of parameters each network has when the
networks have 52 inputs and have 3 outputs. Multi-Task Neural Network
has by itself more trainable parameters than that of Deep Neural Network.
But Deep Neural Network will require 2 separate networks for valence
and arousal classification, using Deep Neural Networks would require
almost twice as many training parameters as using one Multi-Task Neural
Network. Having more training parameters will increase both training
time and classification time. Simple Neural Network requires much less
training parameters, but the result is also worse than those of Deep Neural
Network and Multi-Task Network.
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(a) Comparing models Accuracy

(b) Comparing models F1 Score

Figure 4.7: Comparing test result of the different Neural Network models

Model Numbers of Training Parameters
Simple Neural Networks 6051

Deep Neural Network 202275
Multitask Neural Network 204934

Table 4.6: Number of trainable parameters in the respective Neural
Networks models
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4.2.5 Summary of Experiment 2

Figure 4.8 shows the confusion matrix of the Multi-Task Network trained
on pure_3 feature dataset. From the result this experiment conclude with
the following statements:

• Multitask Neural Network did not train properly. Similar to Deep
Neural Network, requires large dataset.

• Multitask Neural Network achieved better and similar result than
that of Deep Neural Network with half the training parameters
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(a) Confusion Matrix of Valence Classification on the Pure_3
feature dataset

(b) Confusion Matrix of Arousal Classification on the Pure_3
feature dataset

Figure 4.8: Confusion Matrix of Multi-Task Neural Networks on the Pure_3
feature dataset
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4.3 Experiment 3: Using Wavelet Decomposition for
Emotion Recognition

4.3.1 Idea/methods

In previous studies, emotion recognition using physiological signal,
wavelet decomposition were often performed before feature extraction[26,
46]. In this experiment, the mother-wavelet Coif5 and Daubechies4 for the
wavelet decomposition were used, mention in section 3.2.5(feature dataset
coif5 and db4). In this experiment same three Neural Network architect
from previous experiments are used, Simple Neural Network, Deep Neural
Network and Multi-Task Neural Network. The result of the model experi-
ment is then compared with those of the previous experiments, the model
trained without the wavelet decomposition step.

4.3.2 Model Architecture and Training of the Models

The same model architecture where used as in experiment 1 and 2, for
reference to the architectures see section 4.1.2 and 4.2.2. Similar training
parameters of the previous experiment were also used, Cross entropy
loss function, Nesterov Gradient Descent and Early Stopping. Table 4.7
show the different training parameters that were used. Similar to previous
experiments the dataset are split into train, validation and test-set in 80-10-
10 proportion.

MTL DNN SNN
Nesterow Momentum 0.95 0.95 0.95

Learning Rate 0.00001 0.00001 0.00001
Batch Size 32 32 32

Training patient 200 epoch 200 epoch 200 epoch

Table 4.7: Training Parameters

4.3.3 Result

Table 4.8 and 4.9 show the best result achieved in previous experiment
and the best three result achieved for valence and arousal classification
using the wavelet decomposition approach, ranging from accuracy. The
best result of using wavelet decomposition was achieved using the Simple
Neural Network for valence and Multi-Task Neural Network for arousal
classification. Using the datasets with signal length of 10 second achieve
the best accuracy for both valence and arousal classification with an
accuracy of 0.446 and 0.485 respectively. The wavelet that achieve these
result were db4 and coif5 for valence and arousal respectively, feature
dataset db_10 and coif_10. The full table of result of model train using
wavelet decomposition approach can be seen in Appendix B, table B.1.
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Valence
NN model dataset signal length wavelet Accuracy f1-score

MTL pure_3 3 second Not Used 0.514 0.514
SNN db4_10 10 second Daubechies4 0.446 0.440
MTL db4_10 10 second Daubechies4 0.439 0.433
SNN db4_5 5 second Daubechies4 0.435 0.429

Table 4.8: Ranging the best achieved Valence accuracy from wavelet
approach and the best achieved result from previous experiments

Arousal
NN model dataset signal length wavelet Accuracy f1-score

MTL pure_3 3 second Not Used 0.535 0.535
MTL coif_10 10 second Coiflets5 0.485 0.486
SNN coif_10 10 second Coiflets5 0.474 0.469
SNN coif_3 3 second Coiflets5 0.470 0.470

Table 4.9: Ranging the best achieved Arousal accuracy from wavelet
approach and the best achieved result from previous experiments

4.3.4 Comparing Results

Figure 4.9a and 4.9b compared the best result achieve using each feature
dataset, from the result in this experiment and the previous experiment,
experiment1 (section 4.1), and experiment2 (section 4.2). There are
indications of using db4 wavelet can achieve a better result than of using
coif5 for valence classification. At the same time, coif5 seems to outperform
db4 for arousal classification. Even with these indications, it is clear
the wavelet approach performs worse than that of the simpler approach.
The previous experiment achieved the best accuracy of 0.514 and 0.535
for valence and arousal classification, the best wavelet decomposition
approach was 0.446 and 0.485.

4.3.5 Comparing Training to the Previous Model

To compare the training of model train with wavelet decomposition ap-
proach, the training graph of Multi-Task Neural Network model using
coif5_3 and pure_3 dataset, figure 4.10a and 4.10b, were used. The figures
shows that the coif5-MTN model have some generalisation problems in
comparison to the pure-MTN model. The training-set of the pure dataset
is starting to saturate while coif5 model still has a linear progression. (The
accuracy in the graph are the mean accuracy between arousal and valence
accuracy).

Figure 4.11 compare the training of Simple Neural Network trained using
pure dataset and db4 dataset with 10 second signal length, pure_10 and
db_10. Figure 4.10 compare the training of Multi-Task Neural Network
trained using pure dataset and db4 dataset with 10 second signal length,
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(a) Comparing best achieved result - Valence

(b) Comparing best achieved result - Arousal

Figure 4.9: Comparing best models result achieved using different feature
datasets
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pure_10 and coif_10. In this comparison, there is a clear indication that
training-set using db4 dataset have a higher saturation point than that of
using pure dataset, but at the same time, the validation set saturates much
earlier as well, meaning it is not able to generalise.

4.3.6 Summary of Experiment 3

In this experiment, using wavelet approach was not able to achieve the
wanted result of improving the classification. 1

5 of the learning rate was
used for the dataset contain wavelet decomposed data. Even with the
decrease learning rate, the wavelet dataset was still unable to generalise.
The model was able to achieve a better result than the baseline sat in
section 3.3, but not improving the simpler approach, without using discrete
wavelet transform. It can also be seen in the confusion matrix of models
using wavelet approach, shown in figure 4.12 and 4.13, that valence
classification is biased toward the majority class. The following statements
summarise this experiment:

• Wavelet approach achieved a better result than the baseline, set in
section 3.3, for both valence and arousal.

• Wavelet approach performed worse than not using it.

• There are indications that db4 better for valence classification and
coif5 is better for arousal classification.

• The wavelet approach makes the training-set able to achieve higher
accuracy faster, but this does not reflect on the validation-set.
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(a) Training graph of using pure_3 feature dataset on MTN

(b) Training graph of using coif5_3 feature dataset on MTN

Figure 4.10: Comparing the training progression of MTN model with and
without wavelet decomposition
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(a) Training graph of arousal classifier using SNN feature dataset on pure_10

(b) Training graph of arousal classifier using SNN feature dataset on db4_10

Figure 4.11: Comparing the training progression of SNN model with and
without wavelet decomposition
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(a) Confusion Matrix of Valence Classification using Multi-Task
Neural Networks on the coif5_10 feature dataset

(b) Confusion Matrix of Arousal Classification using Multi-Task
Neural Networks on the coif5_10 feature dataset

Figure 4.12: Confusion Matrix of Multi-Task Network trained using
wavelet dataset
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(a) Confusion Matrix of Valence Classification using Simple
Neural Networks on the db4_10 feature dataset

(b) Confusion Matrix of Arousal Classification using Simple
Neural Networks on the db4_10 feature dataset

Figure 4.13: Confusion Matrix of Simple Network trained using wavelet
dataset
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Chapter 5

Discussion and Limitations

This research examines three things. For the first, is it possibilities
of splitting emotional labelled physiological signals to increase dataset
size and improve classification? How will Multi-Task Neural Networks
perform for valence and arousal classification? And at last, will wavelet
decomposition help improving classification of valence and arousal? These
topics are reflected in our research questions. In this chapter, a discussion
of the research question stated in the introduction with the result found
chapter 4. Limitations and other consideration of this thesis will also be
given in this chapter.

5.1 Physiological Signal for Emotion Recognition

From the result found in experiment 1, it shows that the use of the 3-
seconds signal length dataset for arousal classification achieved accuracy
and f1 score of .500 and .489. In comparison to the full signal length that
got accuracy and f1 score of .497 and .498. For valence classification, the
3-seconds interval length dataset achieved .500 and .489 for accuracy and
f1 score respectively. In comparison, the use of full signal lengths achieved
an accuracy of .455 and f1 score of .449. The difference of the result is too
small to clearly say one is better than another.

From the three experiments, there is a clear indication that physiological
signal has better classification accuracy and f1 score for arousal than of va-
lence. This confirms earlier studies of emotion recognition using physiolog-
ical signal [10, 23, 65], but disagrees with the original baseline in the DE-
CAF dataset were valence achieved better accuracy and f1-score than that
of arousal [1]. Reason for that could be how the dataset is balanced, DECAF
seems to have a more balanced valence labelling than that of arousal, using
2 labels (high/low) [1]. In our dataset of using 3 labels have arousal la-
belling was more balanced than that of the valence, shown in section 3.2.2.

50% accuracy is relatively low and cannot be considered accurate. Com-
paring to facial expression classification, which uses deep learning, has a
large amount of research achieved 72.65% [39]. This contradicts with many
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previous studies, that shows that physiological signals are accurate [26].
The difference in result could be how the original dataset is collected and
labelled, and also the process of feature extraction and use of different sen-
sors is different. It is however clear that all models achieved better result
than the baseline sat in section 3.3, meaning the models performs better
than random guessing. This indicates that emotion recognition using phys-
iological(ECG and EMG) are possible to be performed using Artificial Neu-
ral Networks.

5.2 Multi-Task Networks Vs Single-Task Networks

Multi-Task Neural Network was able to get a better result in experiment 2
than that of the Single-Task Neural Networks in experiment 1. The Multi-
Task Neural Network got an accuracy of 0.514 and 0.535 for valence and
arousal respectively, in comparison to Deep Neural Network 0.5 and 0.533.
The improvement is not great but noticeable. With that in mind, we can as-
sume that Multi-Task Neural Network can achieve a better result than that
of Deep Neural Network or at least achieve a similar result.

One thing that is important to take into consideration is the number of
trainable parameters that are needed to train the different models. For
valence and arousal classification two Deep Neural Network was needed,
making a total 404550 training parameters. The Multitask Network only
need to train one network for both valence and arousal classification, mak-
ing a total of 204934 trainable parameters. The number of trainable pa-
rameters is calculated using the Pure dataset. This fact makes it so that
Multi-Task Neural Network only require half the training parameters than
that of what Deep Neural Network would need. This clearly would reduce
both training time and classification time.

One thing need to be taken into consideration when using Multi-Task Neu-
ral Network, only one Neural Network is trained to classify valence and
arousal. For Deep Neural Network and Simple Neural Network, best
valence and arousal models can combine to give the best result for both
modalities. This cannot be done with Multi-Task Neural Network. This
indicates that Multi-Task Neural Network may need to be trained more
times than that of Single-Task Neural Network to ensure the best result of
both valence and arousal is met, but we can still believe it will take less
time than training two networks. In experiment 3, the best result of Multi-
Task Neural Network for wavelet decomposition approach to classifying
valence was done by using the db4 wavelet. Arousal classification was best
achieved using coif5 wavelet. This show a limitation of Multi-Task Neural
Network where it possible needs more input features. The features dataset
can be combines to a larger input to the network, but it may require a larger
network and larger dataset.
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5.3 Using Wavelet Decomposition for Emotion Recog-
nition

We tested out the three different feature set with 3 different feature dataset
and found out that wavelet decomposition does not help to improve the re-
sult, but rather reducing the accuracy and F1 score. This result contradicts
with earlier research were wavelet decomposition has been used [25, 26,
46]. There could be multiple causes for this, one of them could well be be-
cause of the "curse of dimensionality." Since the dataset is not large enough
to evaluate all the features that we have included, the model was not able
to generalise and learn what feature is more important. This can be seen
in how fast the training-set overfits. To solve the problem with "Curse of
Dimensionality," an additional feature selection step or feature reduction
step need be added.

Some other wavelet may also give a better solution, different level of
wavelet decomposition are better than others. In experiment 3, the best
result of valence classification was achieved mainly by using db4 and coif5
for arousal classification. This could indicate that db4 is better used for va-
lence classification and coif5 better for arousal classification. In additional
instead of extracting feature from all level the wavelet coefficient, we could
be more selective with the wavelet level and choice of the coefficient to be
used.

5.4 Limitations

Emotion recognition is a hard task to solve and there is a lot of things
that need to be taken into consideration. In this thesis, the focus was
on comparing Neural Networks models and dataset manipulation. For
that reason, some limitations and additional consideration were not taken
into account. In this section, we will talk about some of the limitations of
emotion recognition and machine learning in general.

5.4.1 Limitations of the Feature Datasets

The creation of the feature dataset was a focus of this thesis. Multiple
datasets were created to test the requirement of different tasks. But there
are a few limitations to the dataset.

Since the self-evaluation labelling were used. There could be a problem
surrounding the possibility of wrong labels. This is a general problem in
the emotional dataset, the individual self-evaluation may not always be ac-
curate or have the same impact. Different people may rate their emotion
equally, as stated in section 2.1: "there is some commonality among all people
in the aspect of emotion, but the amount is uncertain." With the difficulty of
labelling in mind we have to take the result from the experiment with a
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grain of salt. Additionally the feature dataset are not balance as mention in
section 3.2.2.

5.4.2 Limitation of our Machine Learning Models

Artificial Neural Network was selected to be used to classify valence
and arousal, especially Multi-Task Neural Network was heavily focused.
From our experiment, both Multi-Task Neural Network and the Deep
Neural Network achieved the best results. From this experiment, the
best accuracy of .514 and .533 was achieved for 3 levels of valence and
arousal respectively. Only a limited neural network architecture was
used, also other machine learning method like K Nearest Neighbours [38]
and Support Vector Machine [70] were not tested. Adding those models
will help add additional confirmations to the experiments. But with the
experiment of comparing Neural network, we can with confidence say that
Multi-Task Neural Network is preferred to be used over standard Deep
Neural Networks. Also, learning parameters were selected by random trial
and error, with an additional step of training parameter optimisation may
be able to give a better result for the experiments.

5.4.3 Limitations Physiological Signals

Another concern with our experiments is the fact that physiological signal
includes individual-specific features. This can cause uncertainty with the
result. By splitting the signal we have to change the subject sample ratio.
We cannot confirm if the network has learned to predict the different
subject-specific features or if it is an emotional feature the networks have
learned to classify. This is another reason making physiological emotion
recognition on a larger scale difficult. Facial emotion classification tackles
this problem by adding a substantial amount of data [51].
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Chapter 6

Conclusion and Future work

In this final chapter, the conclusion of the thesis will be given by
answering the research question stated in the introduction, and the thesis
will conclude with potentials future work and improvements to our
approaches.

6.1 Conclusion

This thesis contributes to the field of both affective research and ma-
chine learning, especially Artificial Neural Network. This work intends to
study a potential way to improve emotional recognition using physiolog-
ical sensors. Classification of two-dimensional emotion space of valence
and arousal, also known as Circumplex Emotional Model, were performed
on ECG and tEMG signals using Artificial Neural Networks. Three ap-
proaches were attempted, splitting the original physiological signal into
smaller signal sizes to increase data samples, using Multi-Task Neural Net-
work and performing the discrete wavelet transform on the physiological
signals.

Research Question 1:

Can physiological signal split up into shorter signal, and still be
equally effective or better than that of using full-length signals?

The splitting of the signal did not directly improve the result of classifi-
cation, but it opens the opportunities of training deeper neural networks,
which in respond improve the result. The best achieve result of accuracy
using full signal length with a Simple Neural Network were 0.455 and 0.497
for valence and arousal respectively. The Deep Neural Network was able
to achieve 0.5 and 0.533 for valence and arousal, which indicate a clear
improvement. From these result, we can conclude that splitting signal to
increase sample size can increase possibilities of training deeper Artificial
Neural Networks, which in respond increase accuracy for emotion recog-
nition.

Research Question 2:
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Can Multitask Learning Neural Network improve emotion classifica-
tion in Valence-Arousal Space?

Multi-Task Neural Network result achieve an accuracy of 0.514 and 0.534
for valence and arousal respectively. Multi-Task Neural Network achieved
a better result than that of Deep Neural Network and Simple Neural Net-
work. Multi-Task Neural Network can also reduce classification time but
may require more feature and additional preparation on feature extrac-
tion steps. Valence and arousal may favour a different set of input fea-
tures, adding feature selection/reduction steps will be necessary for future
improvement on Multi-Task Networks. We can conclude that Multi-Task
Neural Network can improve the result of classification and can be benefi-
cial for emotion recognition in Circumplex Emotional Model, valance and
arousal.

Research Question 3:

Do introducing more complex methods for feature extraction, like
Wavelets Decomposition, help with improving the result of classifi-
cation?

The best result using the wavelet approach was achieved using db4 wavelet
for valence and coif5 wavelet for arousal, the accuracy of 0.446 and 0.485
achieved respectively. Wavelet decomposition approach was not able
to achieve a better result than that of not using it, but it indicates that
different wavelet will affect valence and arousal classification differently.
To improve the result of using wavelet decomposition, further research of
different wavelet and wavelet level need to be done. We cannot give a
clear conclusion about if wavelet decomposition is better or worse, but that
further investigations need to be done.

6.1.1 Summary

In this thesis, three different approaches to improve emotion recognition
using physiological signal were used. Better results were able to be
achieved by splitting the signal to increase dataset and use of Multi-Task
Learning Network. The best result was 0.514 and 0.534 for valence and
arousal respectively. Even with the improved results, the results are still
much more to be desired. The approach of using wavelet decomposition
show no improvement to the classification result. The thesis concludes with
the following statement and potential future work for this field:

"There are clear benefits of using physiological signals for emotion
recognition and have potentials in this field, but more understanding
and research need to be done in this field."

6.2 Potential Future Work

The benefit of using physiological sensors to recognise emotion has been
mention in the Introduction chapter. Further improvement to the research

68



of using physiological sensors to recognise emotion need to be done before
there can be any practical use.

Using different emotional dataset

DECAF was used in this thesis, but other datasets or even original
personalised dataset can be used to perform similar experiments. The
result of the experiments is heavily dependent on the accuracy of the
original dataset. Increasing the size of the dataset will also help.

Use other physiological sensors

In this study, only ECG and tEMG were used. Adding additional sensors-
data may improve the result and also help distinguish the potentials of dif-
ferent physiological sensors for emotion recognition. The DECAF dataset
contains in addition to ECG and tEMG contains Magnetoencephalogram
(MEG), horizontal Electrooculogram and Near Infra-red facial video [1].
Other datasets like DEAP [40] and MAHONOBI-HCI-Tagging [69] contain
their own set of sensors. Other unconventional sensors can also be interest-
ing to study like accelerator-meter in smart-phones [23]

Add feature selection and reduction step

This point has already been discussed in the discussion chapter, section
5.4.2. Adding additional sensors increases the possible features that can
be extracted from physiological signals. For Artificial Neural Networks to
achieve better training result we need to reduce the input feature. Using
algorithm like Heuristic search [29] and Decision tree algorithms [60] for
feature selection or PCA(Principal component analysis) [34] and Auto En-
coder[31] for feature reduction can be an interesting study on it own to
improve emotion classification result.

Wavelet approach did not achieve any clear result. More study of using
wavelet need to be done. Using feature reduction/selection steps will be
crucial for this, as selecting the right wavelet and wavelet level are impor-
tant for classification result [26].

1D Convolutional Neural Networks models

Feature extraction was one of the more difficult tasks in machine learning.
Different tasks will favour different kinds of features. Convolutional
Neural Network works around this problem by allowing the model to
train and extract its feature. There is a similar approach to using 1D
convolutions. Using 1D Convolution Neural Network can alleviate a lot
of concern with feature extraction [65]. Combining 1D Convolutional
Neural Network and Multi-Task Neural Network can be interesting to
investigate. 1D convolution has shown a positive result in previous
studies of emotional recognition using physiological sensors [65] and
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Multi-Task Neural Network have shown positive results in this thesis.
Since deeper network require greater amount of data, our approach of
splitting physiological signals can have great potential in this direction.
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Appendix A

Code

A.1 Creating Dataset Code

The figures in this section show the code that is used to in different steps in
the creation of the feature dataset.

Imported Packages

Figure A.1 shows the imported python packages that are used in this
section of creating custom feature dataset.

Figure A.1: Imported packages for making custom feature datasets

Signal Split

Figure A.2 shows the code to split up physiological signal, process mention
in 3.2.2.

ECG Preprocessing

Figure A.3 shows the code used to preprocess ECG signal using biosppy[8].

tEMG Preprocessing

Figure A.3 shows the code used to preprocess tEMG and calculate envelope
and rectified tEMG.
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Figure A.2: Code used to split up the signal

Figure A.3: Code used to preprocess ECG

Figure A.4: Code used to preprocess tEMG and calculate envelope and
rectified tEMG
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Feature Extraction

Figure A.5 shows the code used to extract statistic properties of preprocess
signals using Numpy[54] and Scipy[35].

Figure A.5: Code used to extract statistic properties of preprocess signals

Discrete Wavelet Decomposition

Figure A.6 shows the code used to perform Discrete Wavelet Transform
using PyWavelet[43].

Figure A.6: Code used to perform Discrete Wavelet Transform

A.2 Model Architecture Code

The figures in this section show the code that is used to create the three
neural network architecture that was used in the thesis.

Imported Packages

Figure A.7 shows the imported python packages that are used to create the
neural networks.

Figure A.7: Imported packages needed for the Neural Networks

SNN model

Figure A.8 shows the code of Simple Neural Networks architecture.
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Figure A.8: Code of Simple Neural Networks architecture.

DNN model

Figure A.9 shows the code of Deep Neural Networks architecture.

Figure A.9: Code of Deep Neural Networks architecture.

MTN model

Figure A.10 shows the code of Multi-Task Neural Networks architecture.
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Figure A.10: Code of Multi-Task Neural Networks architecture.
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A.3 Evaluation Code

The figures in this section show the code that is used to evaluate the
different neural networks models.

Imported Packages

Figure A.11 shows the imported python packages that are used in this
section of creating custom feature dataset.

Figure A.11: Imported packages for the Training of the Neural Networks

Training Code

Figure A.12 shows the code for training of the different neural networks.

86



Figure A.12: Code for training of the different neural networks.
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Appendix B

Additional Result and Figures

Table B.1 shows the full list of result using wavelet decomposition for
valence and arousal classification.
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Wavelet Results
Wavelet Model interval Modality Accuracy Precision recall f1-score

D
au

be
ch

ie
s

4
SNN 3 sec Valence 0.431 0.429 0.431 0.429

model interval Arousal 0.466 0.466 0.466 0.466
SNN 5 sec Valence 0.435 0.429 0.435 0.429

model interval Arousal 0.449 0.443 0.444 0.440
SNN 10sec Valence 0.446 0.443 0.446 0.440

model interval Arousal 0.439 0.436 0.434 0.434
DNN 3 sec Valence 0.430 0.425 0.430 0.421
model interval Arousal 0.455 0.454 0.455 0.454
DNN 5 sec Valence 0.412 0.403 0.412 0.319
model interval Arousal 0.427 0.426 0.427 0.426
DNN 10sec Valence 0.411 0.408 0.411 0.394
model interval Arousal 0.451 0.450 0.451 0.450
MTN 3 sec Valence 0.437 0.439 0.437 0.434
model interval Arousal 0.460 0.459 0.460 0.459
MTN 5 sec Valence 0.392 0.394 0.392 0.392
model interval Arousal 0.453 0.451 0.453 0.451
MTN 10sec Valence 0.439 0.436 0.439 0.433
model interval Arousal 0.462 0.455 0.406 0.456

C
oi

f
5

SNN 3 sec Valence 0.433 0.433 0.433 0.432
model interval Arousal 0.470 0.470 0.470 0.470
SNN 5 sec Valence 0.424 0.424 0.424 0.422

model interval Arousal 0.448 0.446 0.448 0.446
SNN 10sec Valence 0.433 0.426 0.433 0.415

model interval Arousal 0.474 0.476 0.474 0.469
DNN 3 sec Valence 0.404 0.398 0.404 0.393
model interval Arousal 0.445 0.444 0.445 0.444
DNN 5 sec Valence 0.402 0.384 0.402 0.354
model interval Arousal 0.428 0.427 0.428 0.425
DNN 10sec Valence 0.400 0.402 0.400 0.373
model interval Arousal 0.429 0.436 0.429 0.429
MTN 3 sec Valence 0.428 0.426 0.428 0.426
model interval Arousal 0.459 0.457 0.458 0.457
MTN 5 sec Valence 0.408 0.405 0.408 0.406
model interval Arousal 0.438 0.436 0.438 0.436
MTN 10sec Valence 0.428 0.424 0.428 0.424
model interval Arousal 0.485 0.486 0.485 0.486

Table B.1: Accuracy and F1 score result of the best achieved models using
db4 and coif 5 wavelets
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