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Abstract

This thesis addressed the importance of the vocals, the instrumentals and the lyrics in Music
Emotion Classification. More precisely, it investigated which of the three elements is better at
predicting the emotion of a song. The combination of them has been analysed as well. Further-
more, we compared two machine learning, i.e. Random Forest and Logistic Regression, in order
to determine which one is better in the context of this work. To our best knowledge, this work is
unprecedented.

The classification is based on state-of-the-art features for both audio and lyrics. The instru-
mentals have been represented by a mix of high and low-level features, whereas the database of
vocals only contains spectrum-based features. Regarding lyrics, various preprocessing approaches
have been tested as well as tf-idf scores. The conceptualization of the emotions has been based on
Hevner’s adjectives checklist, taking into account four different emotions. They are the calmness,
the sadness, the happiness and the angriness.

Regarding the database, a ground truth dataset containing around 300 songs has been created.
This number can motivated by the fact that databases in this research area rarely exceed 1000
songs. For each song are associated the vocals, the instrumental and the lyrics. The separation
between the voice and the instrumental has been achieved thanks to an audio software called RX7.
The use of the latter is unprecedented in Music Emotion Recognition. Since the databases are a
major problem in MER and a lot of time has been dedicated to building a ground truth dataset,
we freely released the databases on which the experiments have been based. The reader will find
them at the following url : https://github.com/thomasberton/musicemotionrecognition.

Experiments showed that the best accuracy rate for emotion classification is provided by instru-
mentals (75%) followed by a combination of the three elements (67%). Then, the vocals provided
an accuracy of 63%, whereas the lyrics performed 49%. Regarding the models, the random for-
est approach has outperformed the logistic regression for the audio analysis, i.e. the vocals and
instrumentals, and the multimodal analysis. However the logistic regression model has provided a
better accuracy for the lyrical analysis. Additionally, this model has showed better performances
regarding the prediction of happy songs when it only considered vocals. The models were foremost
good at predicting songs that had an opposite arousal, i.e. calm songs versus angry songs. This
can be explained by the fact we mostly used global features, which are known to induce this kind
of effects.

Keywords— AMMD, MER, Multimodal Emotion Extraction, Random Forest, Logistic Regression
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CHAPTER 1

INTRODUCTION AND STATE OF THE ART OF MIR

This chapter introduces the objective of this degree project together with the related work that
has already been achieved in the Music Information Retrieval field (abr. MIR). It ends with the
underlying motivations of this thesis followed by the thesis outline.

1.1 Introduction and State-Of-The-Art Review

Since ancient times, the phenomenon of music gives a rhythm to humans’ life. This art is part
of their daily life, no matter they desire it or not : it is nowadays played on the radio, on TV
and common areas such as stores and restaurants. The one that tried to spend one day without
listening to any music has probably spent the day isolated in his/her bedroom.

Since the last two decades, the paradigm of music distribution has nevertheless known an im-
portant shift. Generally speaking, the XXIth century has been a decisive turning point for the
music and its industry. Indeed, from vinyls, people switched to the tapes, cd’s and usb keys. It
goes without saying that nowadays, platforms of streaming such as Youtube or Spotify are the most
common ways to listen to music [209, 247]. Posting music being consequently easier and faster,
the growth of digital music and related metadata has exploded exponentially [241]. This required
updating music information techniques and it received high interest both from academic and enter-
tainment domains. This is the reason why and how the field of Music Information Retrieval saw
the light [56]. This area of research is defined as the discipline between music and informatics that
aims at retrieving information from music. It has many real-world applications and can be used
to categorize, manipulate or create music. As examples of concrete applications, recommended
systems (e.g. Spotify, Youtube) and audio identification (e.g. Shazam) can be mentioned.

In the context of this thesis, the focus is rather set on the classification of tracks based on
the emotions they capture, and what influences, emotionally speaking, the most the listener. The
branch of MIR devoted to identifying the emotions of a music is the Music Emotion Recognition
field (abr. MER), whereas automatically determining the emotion of a track is referred as Auto-
matic Music Mood Detection (abr. AMMD). Both are really intertwined. Even though they have
been active fields of research in MIR for the past years [99, 122, 139, 142], these both fields are still
at an early stage [248] due the multiple challenging problems it faces. First, music mood recog-
nition systems are based on models of emotions, which remain an active topic of psychology and
scientific research [247]. There exist multiple emotion taxonomies but unfortunately no consensus
between researchers on which one should be used. Moreover, the collection of ground truth emotion
labels, regardless the emotion representation that is used, tends to be a particularly effortful task
due the subjective perception of emotion [208]. Finally, the intrinsic element of music that creates
an emotional response for the listener is still far from being well-understood [247].

In order to develop and improve the field of Music Information Retrieval, researchers have
developed a community-based framework since 2005 under the name of Music Information Re-
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search Evaluation eXchange (abr. MIREX), aiming at evaluating MIR systems and algorithms
[56]. MIREX has considered Automatic Music Mood Detection as a task in 2007. These evaluation
campaigns are coupled with the ISMIR conferences, which are organized each year for researchers
across the world and present advancements in the MIR field. The acronym stands for International
Society for Music Information Retrieval, which is the world’s leading forum for music-related data.

Psychologically speaking, the earliest work regarding music mood analysis is addressed to psy-
chologist Kate Hevner. In her work [85], she defined groups of emotions and studies classical music
to unveil correlations between emotions and characteristics of the music. Scientifically speaking,
earliest MIR works were focused on audio features. If there exists a wide variety of them, they
have been partially put together by Kim et al in [114]. In 2003, Li et al introduced features based
related to the pitch and rhythm, which was unprecedented [127]. Testing classical audio features
such as the Mel-Frequency Cepstral Coefficients has been proposed by [229, 162]. Few studies,
however, exploited information form the vocals of the song, which has been proved to play an
important role in emotion perception though [247]. Around 2010, studies [122, 100, 101] have
shown that emotions were not fully encapsulated within the audio, promoting approaches with
music metadata such as lyrics to improve accuracy. Until this day, none of these works analysed
the emotion weight respectively carried by the instrumental, the vocals and the lyrics of a song.
This shows the opportunity to investigate this unexplored task.

Due to its interdisciplinarity, the entirety of the Music Emotion Retrieval past is not covered
here. For concision, we preferred to present previous works each time we introduced a new topic
along the thesis.

1.2 Motivation and Contribution of this Thesis

Before expressing the research questions this thesis aims to answer, I’d like to express my per-
sonal motivation behind it. Music has always been an essential part of my life, whether as a pure
music lover or as a multi-instrumentalist (i.e. guitarist, pianist and singer). For multiple personal
reasons, pursuing a career in the musical industry has become a serious motivation (obsession)
since few years. This is why this thesis was the perfect opportunity to gather my study and my
passion : something in the middle of music emotion and Artificial Intelligence. However, as a
true music lover, I didn’t want to work on something that keeps the musicians at bay such as
music generated by Artificial Intelligence. I wanted to provide something that musical industry
and others music lover programmers could rely on. I feel that the art of music creation must stay
in humans’ hands, while informatics can provide really powerful and various tools to help musicians.

The goal of this thesis is to provide a unprecedented multimodal analysis of songs in order
to determine whether lyrics, vocals or instrumentals achieve the highest accuracy rate for mood
classification. The combination of them is also investigated. The four emotional labels that have
been considered into this thesis are respectively the calmness, sadness, happiness and angriness.
To our very best knowledge, analyzing separately the three components of songs and determining
which support provides a better mood classification has not been done yet (or at least released
publicly). The accuracy provided by the combination of the three different approaches is intended
to be tested as well. Additionally, this research aims at comparing two well-known machine learning
classifiers : Random Forest [30] and Logistic Regression [103], in order to determine which one
is the best for Music Mood Classification. In other words, this project will aim to answer these
questions :

• Relying on multiclass machine learning classifiers, which of the three components of the songs
(lyrics/vocals/instrumentals) gives the best accuracy for emotion classification ? Does the
combination of the three sources improves significantly the accuracy of the models ?

• Which model, namely Random Forest or Logistic Regression, fits the best this concrete
application (in terms of result, e.g. accuracy) ?

2



1.3 Thesis Outline

This thesis will be structured as follows. The Chapter 2 covers relevant information about the
emotion theory and presents the two most popular models of emotion representation that exist
until this day. The Chapter 3 describes the underlying theory of the different approaches for
emotion extraction and which features have been selected for each mode. Chapter 4 presents the
different databases used in this thesis and the multiple steps that have been executed to gather
pertinent information. In Chapter 5, the machine learning classifiers, namely Random Forest and
Logistic Regression, are described in details with their hyperparameters. Accuracy metrics are
covered in this chapter too. The results and analysis of the classification are presented in Chapter
6. The thesis ends with a conclusion and propositions for future work in Chapter 7.
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CHAPTER 2

EMOTION THEORY

The emotion conception is an important cornerstone for Automatic Music Mood Classification. As
the reader can expect, the way emotions are chosen to be represented will impact the results of
the classification. Multiple representations exist, and there does not exist a better approach than
another, each one having advantages and disadvantages.

This chapter settles the theoretical basis of emotion conceptualization. The Section 2.1 intro-
duces the concept of emotion and how it can be represented. Then, Section 2.2 and Section 2.3
describe and illustrate respectively two different well-known approaches that exist in details.

2.1 Emotion Conceptualization and Perceptions

What is an emotion and how can it be conceptualized ? How people perceive emotions from music
? Here are two questions that should let some people bewildered. A huge amount of work in
psychology and MER has been done for defining perceived emotions in music and a variety of
mood representation exist [85, 188, 65].

Before any conceptualization, one may wonder how to capture emotions that listeners feel when
they listen to music. In order to seize these emotions, psychologists often utilize people’s verbal
reports as emotion responses [111] : subjects are asked to write down, within a precise list or ad-
jectives or not, the emotions they feel. Other approaches may be used, such as measuring stimulus
responses from the subject’s brain [196].

Regarding the conceptualization, two representations stood out. On one hand stands the cat-
egorical approach, which represents emotions by clusters of tags (e.g. happy, dreamy, etc). The
fundamental basis of this representation is based on the Hevner’s checklist [85]. As said before,
it is one of the first works related to emotions in music. During her survey, listeners were asked
to write adjectives that came to their minds as the most descriptive of the music played. Hevner
discovered the existence of clusters of descriptive adjectives and laid them out in a circle in 8
clusters. She also noticed that labelling is consistent within a group that shares a similar cultural
background. Later, the Hevner’s adjectives were refined and regrouped into ten adjective groups
by Farnsworth [65]. On the other hand, a continuous representation may be chosen. Russell [188]
defined a 2-dimensional continuous space for embedding emotions. A point in this space is defined
by its two coordinates, which are the valence (from negative to positive mood) and arousal (from
calm to energetic mood) of an emotion. The space is thus divided in 4 parts, representing posi-
tive/high and negative/low values respectively. These both approaches are described in depth in
the following sections.

As the reader may imagine, there exist other approaches to conceptualize the phenomenon of
emotion. Another third approach can be notably cited. It consists of focusing on the dynamic
process of music emotion and extract emotions for every short-time segment of a song, resulting in
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a series of emotion predictions. This approach is referred as Music Emotion Variation Detection
(abr. MEVD) [197]. As this approach is not used by a large community, it is not covered in details
in this thesis.

The conceptualization of emotions and the associated emotion taxonomy are a central issue in
the Music Emotion Retrieval field. Until this day, there is still no consensus on which emotion
model should be used : whether emotions should be conceptualized as categories or considered as
continuous. Moreover, questions arise for both described models. For the categorical approach,
one may ask how many emotion categories should be used : based on Hevner’s work or brand-new
one. Regarding the dimensional approach, some researchers promote the idea of using a third
dimension, arguing two dimensions don’t capture the full concept of emotion. More details are
covered in Section 2.2.

Methodology Emotion conceptualization Description

Categorical MER Categorical (Hevner) [85] Emotions are grouped by clus-
ters

Dimensional MER Dimensional (Russell) [188] Emotions are expressed in terms
of valence and arousal.

MEVD Dimensional [197] Emotion of the song is described
by the different emotions ex-
pressed within the track.

Table 2.1: Different approaches that exist in Music Emotion Recognition [246]

Besides the choice of various approaches, one should not forget that the perception of emotion
is subjective and thus subject to various interpretations. This means that songs can be labelled by
two completely different emotions, depending on the listener’s feelings and perceptions. This is even
complicated by the fact the affective response to music is also sensitive to the environment, contexts
of listening, or still mood [141]. For instance, subject may not feel the same emotion for the same
song for two consecutive days. Additionally, some perceptual considerations must be explained and
taken into account. Many studies showed that, regardless the chosen emotion conceptualization,
people tend to confound the emotion(s) expressed by the music and the emotion(s) induced by the
music [110]. For the remainder of this thesis, the focus is set to discern the emotions expressed,
rather than induced by music. Last but not least, songs themselves can capture multiple emotions,
e.g. an emotion at the introduction differing from the emotion at the end of the song. These
challenging issues make AMMD systems hard to obtain extremely high results for classification.
Moreover, the assumptions and choices regarding emotions consequently induce lack of cohesion
between MER works [247].

2.2 Dimensional Conceptualization of Emotion

The dimensional approach focuses on identifying emotions based on their placement on a few num-
ber of emotion dimensions, which are intended to correspond to the internal human representation
of emotion. Subjects are asked to use a large number of rating scales of affective terms to de-
scribe the emotion of music stimulus. Factors are then extracted from the correlations between
the scales. Most of them correspond to the dimensions of emotions. They can be defined by
different attributes, such as the valence (i.e. pleasantness : positive or negative affective states),
the arousal (i.e. activation : energy and stimulation levels) or still the potency (i.e. dominance : a
sense of control or freedom of act) [159, 167, 182, 226]. These features are often referred to as the
three dimensions of an emotion. This representation can be motivated by the fact this continuous
approach is closer to the human representation of emotion than the categorical method [85]. Hu-
mans usually don’t cluster the emotions : it is generally an abstract combination of different factors.

One of the most used model for this scalar approach is the one proposed by Russell [188]. This
is the circumplex model. The model consists of a two-dimensional and circular structure involving
the dimensions of valence and arousal, as shown in Figure 2.1. For instance, high arousal values
correspond to energetic moods such as “angry” and “excited”, while negative values are synonyms
of moods like “tired” or “sleepy”. High valence values are linked to moods such as “happy” or
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“content” whereas negative values gathers moods as “bored” and “anxious”. Within this struc-
ture, emotions that are inversely correlated are placed across the circle from one another. The
circumplex model is also referred as the Two-Dimensional Emotion Space (abr. 2DES). One of
the strengths of the circumplex model is that it suggests a simple yet powerful way of organizing
different emotions in terms of their affect appraisals (i.e. valence) and physiological reactions (i.e.
arousal). Moreover, comparison of different emotions on two standard dimensions is directly al-
lowable. The validity of this model space has been confirmed in multiple studies [111, 121].

However, the two-dimensional model is sometimes criticized. Indeed, some researchers argue
that due to this continuous representation, psychological distinctions between emotions are blurred
and tend to become ambiguous [123]. As example, one may notice in Figure 2.1 that the emotions
“angry” and “afraid” are placed next to each other although they imply very distinct reactions
for the listeners. To fix that, researchers have recommended using a third dimension, which is the
potency [247]. It expresses the idea of dominance and submission [42]. If this extension helps to
seize a more complete picture of emotion, it is however subject to speculation and disagreement
[15]: during the annotation process, subjects are hence asked to annotate emotion in 3D, which is
more difficult to achieve. One may imagine the difficulty of visualizing music in 3D rather than in
2D. In his work, Juslin et al [110] proved the two-dimensional model offers a balanced representa-
tion between a parsimonious definition of emotion and the complexity of the task.

Figure 2.1: Circumplex Model of emotion by Russell [188]

2.3 Categorical Conceptualization of Emotion

The categorical conceptualization is based on the separation of emotions. They can be categorized
as distinct from each other. One concrete model of this approach is based on the idea that there
is a limited number of universal / primary emotion class such as happiness, sadness, anger or still
fear from which all other secondary emotion classes can be derived [58]. If the basic emotions
have the advantage to be found in all cultures, this conception is however not accepted by all the
researchers : some have come up with different sets of basic emotions [111].

The categorical approach is often represented and based on one of the earliest studies provided
by Kate Hevner, in 1936. In her work she published a categorization of emotions with 66 adjectives,
arranged into 8 groups [85]. The adjectives within each cluster are similar, and the meaning of
neighboring clusters slightly varies until reaching a contrast in the opposite position. Illustration
of the Hevner’s adjectives checklist can be found in Figure 2.2. In 1954, Farnsworth proposed an
update of this checklist and regrouped emotions into ten adjective groups [65]. Later, in 2003, a
representation with nine adjective groups was proposed by Schubert [198]. In 2010, MIREX eval-
uations for Automatic Music Mood Classification have categorized songs into five mood clusters,
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shown in Table 2.2 [88]. Many categorical studies highlight an advantage of this approach : such
form of emotional groups can be intuitive and consistent, regardless the listener’s musical training
[198]. Hence, this reduces the risk of mistakes during the annotation process.

Such as the dimensional conception, the categorical approach is not deprived of drawbacks.
One of the major criticisms addressed to the categorical approach is that the number of emotion
classes is too small compared to the richness of music emotion perceived by humans [246]. How-
ever, using more detailed and precise clusters does not solve the problem neither, because it leads
to more ambiguity during the annotation process. Indeed, distinction between similar emotions,
yet important for this task, depend on the subjects’ language and thus varies between annotators
[110]. Furthermore, using a larger number of emotion classes would overwhelm the subjects and
is impractical for psychological studies [111]. Once again, the reader can notice the challenging
problems in MER research field due to the lack of cohesion.

This is the categorical approach that has been chosen for emotion conceptualization in this
work. From a machine-learning perspective, choosing this kind of approach results in a multi-
label classification problem [127]. Indeed, music sounds can be classified into multiple classes
simultaneously. For instance, a chord progression can sound calm as well as sad . For the seek
of simplicity, many works assume a multiclass classification [247]. In this thesis, we also assumed
a multiclass classification between four distinctive emotions, namely calm, sad, happy or angry.
Motivations and more details about this assumption are covered in Chapter 4.

Figure 2.2: Hevner’s adjectives checklist [86]
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Table 2.2: Mood adjectives clusters defined by MIREX in 2008 [177]
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CHAPTER 3

THEORY OF MULTIMODAL EMOTION EXTRACTION

This chapter provides the theoretical principles of the three different approaches used for retrieving
emotions. Section 3.1 explains in details the fundamentals of speech emotion recognition, the
existing methods to extract emotions from voices and the features that have been used in this
work. Section 3.2, focused on the instrumental analysis, defines how and which features have been
extracted from this support. This chapter ends with Section 3.3, covering the foundations of the
lyrical analysis.

3.1 Voice Analysis

This section is focused on the emotion related to the voice of the singer(s) and features that have
been used to represent this emotion. For any music listener, the voice carries an important part of
the expressed emotion. Extracting the latter requires to focus on a domain called Speech Emotion
Recognition (abr. SER), a subfield of Natural Language Processing [17, 138, 164, 130]. This is
nowadays a hot topic that has gained a lot of interest for numerous researchers.

This chapter is organized as follows. First a brief introduction of the SER research field is
presented, as well as a state-of-the-art review . Section 3.1.2 highlights the relevant features that
are commonly used in this research area and Section 3.1.3 explains the features that have been
exploited in this thesis.

3.1.1 SER and Related Problems

The purpose of the relatively recent1 Speech Emotion Recognition research field (abr. SER) is to
extract the emotional state of a speaker from his or her speech. Increasing attention has been
lately directed to the study of this specific topic and many works have been dedicated to this task
[1, 116, 40].

If Blanton has written that “effect of emotions upon the voice is recognized by all people (...)
the language of the tones is the oldest and most universal of all our means of communication”[21],
it is nevertheless not an easy task for a computer to discover the underlying emotions. Indeed, the
task of speech emotion recognition is very challenging for many reasons. The first and principal
problem is related to the features selection : there does not exist one holy-grail approach that
advocates better features than others for representing the emotion expressed by a song. The lack
of cohesion and the freedom of selecting different features makes the process complex and subject
to different results [20]. Secondly, there may be more than one perceived emotion from the same
utterance2, which makes the analysis even more complicated. Thirdly, the acoustic variability of
the speech is a problem too : different speakers and speaking styles make speech signals highly

1SER is said to be born after the seminal work of Daellert et al. in 1996.
2The smallest unit of speech.
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variable and directly impact the extracted features [72, 7]. Other limitations are added to the de-
velopment of this task. For instance, a challenging issue is that how a certain emotion is expressed
generally depends on the speaker’s culture and environment [102]. For these reasons, most of the
research works have been focused on a monolingual emotion classification, assuming there is no
cultural difference among speakers [60].

Besides these multiple challenges, there exist other important aspects that must be taken into
account during the creation of Speech Emotion Recognition system. One can notably cite the
design criteria of the databases used for training the classifier [60, 37]. For instance, an important
criterion is the degree of naturalness of the speeches. Core questions regarding relevant features
are focused on how well should the databases simulate a real-world environment. Should it use
real-world emotions or acted ones ? [242] Who utters the emotions ? [61] How to simulate the ut-
terances ? [27] These are the questions that come with the creation of a SER database. Hopefully,
in this work, these questions are directly solved by the fact our database is composed by real-world
records of human’s voices. More details about the considered databases are expressed in Chapter 4.

Once again, the set of considered emotions is a decisive aspect of the SER systems. Specific
common sets have been determined , such as the one from O’Connor and Arnold [156]. However,
due their large number of emotions — 300 emotional states — the classification remains difficult.
For this reason many researchers agree with the palette theory, which refers to a concept mentioned
earlier : any emotion is composed of primary emotions, the same way any colour is composed of
some basic colours [45]. These primary emotions can be the anger, joy, sadness or disgust.

3.1.2 Relevant Features for SER

The most important choice in the design of a speech emotion recognition system, besides the origin
of speeches, is the selection of relevant features that efficiently represent the underlying emotion.
As declared in May 2018 by Schuller, the design of ideal features is still an ongoing active subfield
of research in the SER domain [20].

Ideally, these features should be robust against environmental noises, varying languages or cul-
tural influences. This is, in practice, not an easy task. Multiple assumptions must be considered
during a features extraction [60]. The first decision concerns the region of analysis used for fea-
tures extraction. So far, the community of researchers is divided into 2 approaches : either dividing
speech signals into small intervals called frames, from which local features vectors are extracted,
or extracting global statics from the whole speech utterance [89, 176, 199]. The second issue re-
gards the features types to be analysed, e.g. pitch, energy, etc. Which are the best ones remains an
opened question [35]. Following paragraphs provide more details about these challenging questions.

Before any feature extraction per se, one may decide if audio files are analysed from a local
or global point-of-view. Since speech signals are not stationary at global view, it is common to
split the speech signal into small segments called frames. Within each frame, the signal can be as-
sumed to be approximately stationary [176]. Global features are statistically computed on features
extracted from an utterance. If researchers are divided between the local and global approaches,
some works [89, 199, 233] have proved that classifications with global features achieve a higher
accuracy rate than with local ones. Furthermore, the relatively small number of global features
increases the fastness of the algorithms.

The global approach is nevertheless not deprived of drawbacks. Researchers proved it is only
efficient at distinguishing energetic emotions (e.g. anger, fear, joy) from low-energy ones (e.g. sad-
ness). Consecutively, they fail in classifying emotions which share similar arousal, e.g. anger versus
joy (see Figure 2.1 for reminder). Additionally, the small number of features may prevent the sys-
tem to use classifiers such as Hidden Markov Model [84] or Support Vector Machine [19], which
require numerous training vector to reliably estimate the model parameters. With these classifiers,
a large number of local feature vectors provides hence a higher accuracy rate [60]. With a global
approach, the temporal information of the speech is lost too.

No matter the choice of a global or local approach, one should now focus on the extraction of
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speech features that efficiently characterize the emotion of the speech. As said previously, they
should be independent of the speaker and the lexical content, which is in practice more compli-
cated. Many features have been explored during the past years but scientists have not identified
the best speech features for this task yet. So far, there exist four groups of speech features : the
continuous features, qualitative features, spectral features and TEO-based features. The Figure 3.1
illustrates the different existing categories and shows examples for each type of features. Following
paragraphs describe the advantages and drawbacks of each category, even though it is a common
practice in SER to combine features that belong to different categories.

Figure 3.1: The four existing categories of speech features [60]

First of all, the category that has gained a lot of attention is the group of continuous features,
i.e. varying in time. Gathered under the name of prosody3, characteristics of the voice such as
the pitch have been proved to convey emotional content [23, 34, 112]. To fully understand what
pitch means, the reader should first know what the fundamental frequency of the voice means. It
is defined as the frequency of vocal folds vibration and measured in Hertz [90, 95]. Since it is not
stationary in time, it is computed multiple times along a speech duration and then averaged. More
details about the calculation are given in the following section. This frequency is often denoted
as F0. The term pitch is often used to talk about the same concept although F0 and pitch are
not fundamentally identical. Pitch originally refers to the human perception of this fundamental
frequency, i.e. the way the auditory system perceives it. Since it does not perceive pitch in linear
manner4, it is measured with the Mel scale [236]. The misuse of the latter leads unfortunately to
some ambiguities and misunderstanding. For the rest of the thesis, the term pitch will refer to the
fundamental frequency, as it is commonly used in the SER literature [60].

The energy of the voice is a common-used continuous feature too. It refers to the variations in
amplitude of the signal [51, 230]. Other well-known features can be cited, such as the formants [80].
They represent the resonances of the voice in the vocal tract (area from the nose down the throat).
More scientifically speaking, a formant is defined as ”a concentration of acoustic energy around a
particular frequency in the speech wave” [243], which is particularly observable in a spectogram
[93]. Research studies have investigated the relationship between the mentioned speech features
and the basic emotions, and they proved prosodic features provide a reliable indication of the
emotion [7, 161, 22]. However, as the reader may imagine, contradictory reports exist though. For
instance, Murray and Arnott [149] indicate that a high speaking rate is associated with emotion
of anger, while Oster and Risberg [161] advocate an opposite conclusion. Furthermore studies
have shown some emotions such as anger or fear share similar characteristics for the fundamental
frequency [176].

The second category of speech features is related to the quality of the utterance. Indeed, it
has been proved that the voice quality of an utterance is strongly related to the emotional content
of the speech [45, 78]. More precisely, the quality of a voice can be defined by adjectives such as
breathy, harsh or still tense. It seems to be linked with full-blown emotions, i.e. emotions that

3The term prosody refers to the rhythmic and intonational aspect of language
4More details are given in the following section, especially where the MFCC are introduced
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directly impact people [45]. This is opposed to underlying emotions [45]. However, this kind of
features has not been widely explored yet. This can be mainly explained by two reasons. First the
voice quality is defined by adjectives such as breathy or harsh, which have various interpretations
among researchers [78]. The second problem is related to the difficulty of automatically deciding
these voice quality features directly from the speech signal [176]. Due to these two reasons and
by the fact this kind of features is still at a early stage, they have not been considered for the
classification of this thesis.

The third features category gathers the spectral-based speech features. This means the time-
based signal has been converted into its spectrum in the frequency domain [25]. In their work, Nwe
et al [155] demonstrated that the emotion content of an utterance has an impact on the distribution
of the spectral energy across the speech range of frequency. For instance, a speech that contains a
happy feeling shows high energy at high frequency range while a sad speech reveals small energy
at the same range [7]. If there exist various features that represent the spectral information of
a speech, a common approach is to use the Mel-Frequency Cepstrum Coefficients (abr. MFCC)
[98, 1, 60, 233]. For concision and due to the theoretical aspects they cover, details about them
are given in the following section and in Appendix B. Bou-Ghazale et al showed in their work that
MFCC outperform the performance of other existing coefficients [24].

Finally, a fourth and last category of features exists. Referred to as Teager-Energy-Operator
based features, they are particularly useful to detect stress in voice [36]. This approach is based
on the fact that the air flow in the vocal system is influenced by the stress, due to the muscles
tension. However, in the context of this work, the assumption that the singing voices are deprived
of stressed conditions has been made. For this reason and due to their relative complexity, the
TEO-based features have not been used.

3.1.3 Considered Features

One should remember that until this day, there does not exist holy-grail features that would extract
the emotion of the vocals better than others. However, some features are more commonly used and
give some clues to tackle the problem. Following paragraphs aim at describing the multiple fea-
tures that have been considered during the classification of the emotions extracted from the vocals.

In his work Features Importance Analysis for Emotional Speech Classification [221], Tao classi-
fied different acoustic features according to their importance. In this ranking, the top three most
relevant features were related to F0. This gives us the intuition that the classifier should take this
feature into account. This can be further motivated by the fact F0 and related features are ones
of the most used features regarding SER [7]. As a quick reminder, the fundamental frequency is
the vibration frequency of the vocal folds when pronouncing voiced sounds. In other words, it
measures how high or low the frequency of someone’s voice sounds. As example, a adult male’s
voice has a lower fundamental frequency than a baby’s voice. This is this frequency that people use
to add intonation in their speeches. During a song, the singer controls the fundamental frequency
of his/her voice according to the melody of the song [63].

The algorithm used for the estimation of F0 values is based on the MELODIA algorithm [192],
provided by Essentia [59]. The idea of the algorithm is to estimate the fundamental frequency that
corresponds to the perceived pitch of the main melody [79, 151]. It was first designed to extract
the predominant melody from a polyphonic music, i.e. when different instruments play or a single
instrument plays multiple notes at the same time [192]. However, since the vocal part has been
isolated from the instrumental, a monophonic-based algorithm has been used [165]. Working with
such isolated signals is easier for the algorithm since it can be assumed there is no superposition
of different musical sources. This avoids the difficulty of attributing frequency bands and energy
levels to corresponding instruments notes [193].

However, the melody extraction process faces multiple challenges. The first one regards the
treatment a song and its instruments receive during the creation step. For music producers and
sound engineers, it is a common practice during the mixing and mastering processes to add rever-
beration or compression [8]. If this kind of processes is essential for a song, it nevertheless blurs the
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original signal and reduces the chances to extract clean features [192]. Furthermore, controversial
debates exist over what the main melody of a song is, and definitions vary according the context
[228, 189]. In this context, the melody will be referred as “the single (monophonic) pitch sequence
that a listener might reproduce if asked to whistle or hum a piece of polyphonic music, and that
a listener would recognize as being the ’essence’ of that music when heard in comparison” [168].

The original algorithm can be described in four main steps. The first one consists of enhanc-
ing the middle frequencies, where the melody is expected to be found, and providing a spectral
representation of the signal. Details about this filter is given at Section 3.2.3. Based on this
representation, the spectral peaks are located. They are used to constructing a representation of
the pitch salience5 over the time, defined as a salience function [192]. These peaks are considered
as potential F0 candidates. They are then grouped into pitch contours, i.e. sequences of salience
peaks. Within each frame, the weakest peaks are filtered out so that only predominant candidates
are preserved. Then, the algorithm needs to determine which contours belong to the melody. For
this, some characteristics are computed for each contour such as the pitch mean or the pitch de-
viation. This kind of information helps the algorithm to determine the contours related to the
melody. Moreover, the algorithm must be particularly careful to not select a F0 of the harmonic of
the melody, instead of the melody itself. One way proposed is to iteratively calculate the melody
pitch mean, i.e. the pitch trajectory over the time [192]. This approach is particularly useful
to distinguish octaves duplicates. Finally, the melody selection is based on the remaining peaks
that have not been filtered out during the previous steps. The different steps of this MELODIA
algorithm are illustrated in Figure 3.2.

Figure 3.2: Creation steps of Melody F0 sequence [192]

Secondly, the focus has been set on Mel-Frequency Cepstrum Coefficients [48, 38, 81, 108].
These are often referred as the best in the speech recognition domain since they take human per-
ception sensitivity with respect to frequencies into consideration [92]. The MFCC are commonly
computed in 6 steps, as shown in Figure 3.3. Due to the multiple concepts it refers to, all the
details about these sixth steps are given in Appendix B.

5The term salience refers to the capacity of standing out, of being particularly noticeable
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Figure 3.3: MFCC coefficients extraction process [48]

The Mel-Frequency Cepstrum Coefficients highlight an important point : human perception of
frequency is non-linear [217]. For this reason, another scale is used, which is the mel scale [50].
During their experiments, Steven et al [217] designed the scale as linearly below 1000 Hz and loga-
rithmic above. Indeed, the human ears act as filters and are non-uniformly spaced on the frequency
axis : more filters are present at the low frequencies, whereas fewer filters are found at high fre-
quencies. To mimic this human perception, researchers have come up with the concept of mel filter
bank [129], shown in Figure 3.4. It groups overlapping triangular bandpass filters (denoted by dif-
ferent colours) which are linearly equally-spaced below 1 kHz and logarithmic equally-spaced above.

Besides this theoretical aspect, the reader should know that among the extracted coefficients (±
40), only the first 13 coefficients are kept since they are the ones that contain the most important
information [114].

Figure 3.4: Mel filter bank from Young et al, 1997 [129]

Additionally, other features such as the spectral centroid [160], the spectral roll-off [160] or the
zero-cross rate [178] have been tested during the classification based on the vocals. An explanation
about these features is given in the following section, since they have been used for the instrumental
analysis too. The importance of the features are discussed in the Experiments and Results Chapter.
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3.2 Instrumental Analysis

As any music listener would express, the experience of music listening is multidimensional. Differ-
ent emotion perceptions of music are usually associated with different patterns of acoustic cues.
Emotion perception is rarely dependent on a single music factor but a combination of them [85].
As example, faster tempos are associated with high-energy songs, and slower tempos with lower
energy, sadder songs. Loudness, or intensity of a song can be connected with anger, while softer
songs would suggest tenderness, sadness, or fear [9]. All these features are described below.

To extract the relevant characteristics related to the emotion of an instrumental, multiple
features have been tested (the reader will find the different categories of audio features in Appendix
A, in Figure A.1) and analysed empirically. Their relevance during the classification are discussed in
the Experiments and Results Chapter. The following section focus on explaining low-level features,
which are directly obtained from the audio signal by applying techniques like Fourier Transform
[25] or cepstral analysis (MFCC). The second section presents the middle-level features, which are
basically extracted on the top of low-level ones [47].

3.2.1 Low-level Features

Low-level descriptors are computed from the audio signal in a direct or derived way, e.g. from the
frequency representation. They have little meaning to users, but they contain relatively important
information of the analysed song. They have been widely used in music classification, due to the
simple procedures to obtain them6 and their good performance [47].

The first low-level feature that has been taken into the consideration is a temporal feature7

: the zero-crossing rate [178]. It computes the number of sign changes within a frame of time
domain waveform. In others words, the zero-crossing rate is calculated by counting the number of
times that the signal crosses zero (in terms of amplitude) within a given window. An illustration
is given in Figure 3.5. It is an indicator for noisiness of the signal. Let xi[n] be the nth sample
of the ith frame of a signal of size N , then the zero-cross rate Zi can be computed as in Equation
(3.1) [117].

Zi =

N∑
n=1

|sign(xi[n])− sign(xi[n− 1])| (3.1)

where

sign(xi[n]) =

{
1 if xi[n] ≥ 0

−1 if xi[n] < 0
(3.2)

Figure 3.5: The zero-crossing rate is incremented each time the signal crosses zero [47]

Two others low-level features have been used, yet based on a spectral approach [152]. This
means these features are calculated from the short time Fourier transform and are calculated for
every short-time frame of the audio signal [31, 179].

The first one is the spectral centroid [160]. It indicates where the centre of mass of the spectrum
is located. It is calculated as the weighted mean of the frequencies present in the signal, with their

6Many programming languages and softwares propose built-in functions for that purpose [207, 171, 59]
7which means based on a temporal distribution analysis
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magnitude as the weights. In other words, the centroid is a measure to characterize the spectral
shape. For instance, higher centroid values indicate higher frequencies. This feature is interesting,
because it is defined as a measure of brightness of a sound [47, 160]. Let xi[n], n = 0, 1, ..., N−1 be
the nth sample of the ith frame of a signal, with Xi[k], k = 0, 1, ..., N−1 the corresponding Discrete
Fourier Transform coefficients. The spectral centroid C for each frame i can be thus defined as
equation (3.3) [117] :

Ci =

∑N−1
k=0 k ·Xi[k]∑N−1
k=0 Xi[k]

(3.3)

The second spectral feature that has been considered is the spectral roll-off [160]. It is defined
as the frequency below which some percentage of the magnitude distribution of the spectrum is
located. Common values for the percentage are 85 % or 95 % [47, 147]. Let Xi[k], k = 0, 1, ..., N−1
be the corresponding Discrete Fourier Transform coefficients of the original discrete signal frame
xi[n], k = 0, 1, ..., N − 1 and M the number of frames, the spectral roll-off can be defined as :

r0.85 =

M−1∑
m=0

rm = 0.85

N−1∑
k=0

Xm[k] (3.4)

3.2.2 Middle-level Features

Middle-level features are usually extracted on top of low-level ones. This kind of features captures
properties of music as humans can perceive, e.g. the rhythm [47].

First, one may give some interest to the intensity of the song [64]. The latter, which measures
the loudness of a song, is considered to be the average volume across its entirety. The unit of
intensity is the decibel (dB) [219]. This feature can be a strong indicator to indicate the happiness,
sadness or calmness of a song [154]. During the experiments, two methods have been tested to
extract the loudness.

The first one refers to Root Mean Square pressure [115]. It is one of the most used feature
because it is directly related to the intensity. The RMS pressure is defined a squared root of the
average of the square of the pressure of the sound signal [205]. A higher RMS would indicate
a higher intensity, and a lower RMS would suggest a lower intensity, calmer song. Let p(n),
n = 0, ...N − 1 be pressure points measured along the sound signal. Then the RMS pressure can
be expressed as :

pRMS =

√
1

N

(
p[1]2 + p[2]2 + ...+ p[n]2

)
(3.5)

However, during the classification, it showed quite disappointing results compared to the second
method, based on Loudness algorithm from the Essentia library [133]. This algorithm computes
the loudness of an audio signal based on the Steven’s power law, which defines the perceived
strength of a stimulus as proportional to its physical intensity raised to a power [218]:

P = cIb (3.6)

In this equation, P is equal to the perceived magnitude, i.e. how we perceive the related sound.
I is equal to the intensity of the actual stimuli : our perception depends thus on the intensity of
physical stimulus, which is logical. The letter c equals to a scaling constant. The most important
term of this equation is the exponent b, which is the power to which the intensity is raised. During
his experiments, Stevens defined various exponents to use according the application field. For
instance, one may use a coefficient of 1.3 to measure the perception of tasting salt, or a coefficient
of 5 for brightness perception [218]. The required exponent for loudness has been set at 0.67 by
Stevens. This induces that a large increase in intensity produces a small increase in sensation. This
is motivated by the fact humans are less sensitive to small differences between high amplitudes
than with low amplitudes [66, 218].
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The second middle-level feature that draw some attention is the timbre. Timbre is the tonal
quality of a sound8, caused by its frequency components. This is precisely this combination of
frequencies that gives to an instrument its own unique sound. For one single musical note, the
difference in timbre between two instruments can be easily determined by analyzing their frequency
responses over the note’s duration. This difference is however not suitable for an entire song or
at least a sample of it. A common used feature to characterize the timbre is the Mel-Frequency
Cepstral Coefficients, which have been explained in the previous section. As a reminder, they
model the spectral energy distribution as it is humanly perceived.

Additionally, the pitch is an important characteristic of a song [90, 95]. If it was defined in
terms of the vocal folds in the previous section, the reader should know that this frequency is also
computed for instruments. In this context, the pitch is redefined by the speed of vibrations of the
instrument and the size of these vibrations. High frequency sounds are produced by fast vibra-
tions. This kind of sounds are generally a good cue of a positive emotion, e.g. happiness. On the
contrary, sounds produced by slower vibrations, and thus low-pitched, indicate songs that express
negative feelings such as the sadness [154]. The pitch of the instrumental has been computed by a
function PredominantPitchMelodia, coming from the Essentia library [173]. This function is based
on the MELODIA algorithm [192], which has already been explained in the previous section. The
difference with the function that extract the F0 sequence from the vocals comes from the fact
that a polyphonic signal is assumed here. Indeed, the instrumentals are a combination of multiple
instruments playing at the same time. Technically speaking, the idea behind the algorithm is the
same as before, but it is now focused to extract the predominant melody sequence, as it may exist
multiple melodies produced by the instruments. During the experiments, the vector of estimated
melody pitch has been averaged as a single value in order to be compared with other single-value
features.

Easily noticeable to the ears, the rhythm is another important feature for creating emotions
among the music listeners too [154]. The tempo, or the speed of the music, plays an important role
in the rhythm of a song. It can be identified through extracting a beat spectrum from the audio
[71], then determining the frequency (in terms of occurrences) of the beats. A beat is defined
as an accented (i.e. stronger or louder) pattern in the spectrum and that is generally repeated
periodically over the song. Most of the time, a beat is produced by a drum kick9. One way to
illustrate this is to imagine the drum pattern of a rock song [9]. Most of the time, assuming a 4/4
time signature10, the drum kick hits at the first, second and the fourth beat. On the third beat, the
drum snare11 hits. This kind of pattern is easy to detect since the amplitude of the music is louder
on beats where kick and snare hit than the ones where drum does not play. One can then determine
the length of this 4/4 pattern and determine the number of Beats Per Minute (abr. BPM) of the
song. As it can be expected, sad songs are usually linked with lower tempos, while music related
to anger have a faster bpm [154]. This information has been extracted by the Essentia library [183].

Last but not least, another middle-level feature has been analysed : the danceability of the
songs, which measures how well can people dance on a song [213]. Computed via a Essentia
function [46], the algorithm is derived from the Detrended Fluctuation Analysis [163]. Due to its
relative complexity, details about its method are not covered in this thesis. The output of this
algorithm is the danceability of the audio signal, and is expressed as a real number between 0 and
3. The higher the values are, the more danceable is the song.

8Musicians sometimes talk about it as the colour of the sound
9Part of the drum kit that produces the lowest sounds, and located at the feet of the drummer

10The two numbers in the time signature define how many beats are in each measure of the song : 4 beats in this
case.

11Part of the drum kit that produces a rattling sound
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Mood Intensity Timbre Pitch Rhythm
Happy medium medium very high very high

Sad medium very low low low
Calm very low very low medium very low

Energetic very high medium medium high

Table 3.1: Examples of different moods and the expected values for their attributes [154]

3.2.3 Vocals and Instrumentals Preprocessing

Regarding the vocal and instrumental analysis, a simple pre-processing has been applied. Indeed
each song has been loaded by a Essentia function called EqloudLoader [62]. This method is work-
ing in three steps. After loading the raw audio as mono signal, it is normalized with a replayGain
filter [186]. It measures the perceived loudness and normalizes it so that each song share the same
loudness. This kind of filter is often used by media players so that the listener does not have to
adjust manually the volume level between each track. Finally, an equal-loudness filter is applied
on the audio file [187].

This filter lowers the frequencies to which human ears are less sensitive, and increases the ones
for which humans are more sensitive. As a reminder, the human auditory system is sensitive to
frequencies from 20 Hz to around 20 kHz. In 1933, Fletcher and Munsion [94] made an experiment
: subjects were listening to pure tones at different frequencies and over 10 dB increments. For all
the frequencies and intensities, the subjects listened to a reference tone at 1 kHz too. The reason
of it was to adjust this reference tone until the listener perceived the same loudness as the test
tone. From this experiment were born the Equal Loudness Contours illustrated in Figure 3.6 [187].
To fully understand this concept, here is a concrete example coming from these contours. Let’s
consider the line marked as 60 at 1 kHz. The y value of this line, at 0.5 kHz, is close to 55 db. This
means that a 500 Hz tone at 55 dB sounds as loud as a 1000 Hz at 60 dB for a human listener.

Figure 3.6: Equal Loudness Contours [187]

The higher the curves are, the less sensitive are the ears. As the reader may notice, the humans
are hence more sensitive between 2 and 5 kHz. Taken this into consideration, an ideal filter would
take the inverse of these lines in order to reduce as much as possible the undesired frequencies.
Averaging the curves, an inverse equal loudness curve can be illustrated as the blue line in Figure
3.7. Approximating filters exist, such as the pink line drawn on the same figure. If this filter gives
an excellent approximation at high frequencies, it does not at low frequencies. This is why this
filter is mixed with another filter (2nd order Butterworth high pass filter [187], green line in the
figure) to attenuate the first filter at low frequencies. Once filtered, the middle frequencies are
hence boosted and this is where melody can be notably expected to be, making easier the pitch
melody extraction.
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Figure 3.7: The average inverse equal-loudness curve [186]
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3.3 Lyrical Analysis

This section examines how to extract features from the lyrics and which are the most relevant in
the context of emotion classification. In 2004, the seminal work of Aucouturier and Pachet [2]
revealed a “glass ceiling” in spectral-based MER, due to the fact that many high-level (e.g. seman-
tic) music features are not discernible using spectral-only techniques. This showed the opportunity
to consider the lyrics of song as relevant source of emotions. This was further motivated by the
fact that, during the same year, a survey from Juslin and Laukka [110] mentioned that 30% of
people consider the lyrics as a relevant factor of how music expresses emotions. There was born
the Lyrical Music Information Retrieval field [91, 121].

In 2018, expressing the emotion of a song based on the lyrics was still considered as a challeng-
ing task [177]. This can be explained by the fact lyrics have generally a limited vocabulary and
some words (e.g. love) are often used, but in different contexts e.g. both in a sad and a happy song.
Another challenge comes from the music style of the song : lyrics have more or less importance
according to the genre of music the song it is related [184]. For instance, lyrics in dance music
have less impact than the audio, whereas in poetic music it is the opposite.

The following section provides more details and information about how the lyrical analysis has
been led. It explains the preprocessing step that has been applied on the lyrics as the process of
extracting relevant features from the lyrics.

3.3.1 Lyrics Preprocessing and Features Selection

The data quality is a first and foremost requirement before running an analysis. This is why the
preprocessing of the data, step during which irrelevant or incorrect values are notably removed, is
crucial [74]. In the context of Lyrical Music Information Retrieval, this step is even more important
since various questions exist about this step. As example, one may wonder if the database should
only contain English lyrics or accept other languages [32]. Until this day, there does not exist a
common decision on which MER researchers have all agreed. The following paragraphs explain
the different processes that have been applied on the lyrics before classification.

Before the classification process, each sentence is split into words and each word is considered
as a token [137]. If humans would consider tokens such as The and the as identical, program-
ming languages would not. Converting to lowercase is thus a first mandatory preprocessing step.
In the context of this experiment, lyrics have been lowercased before being entered into the dataset.

Secondly, the focus has been set on the stop words [225]. They are the words that occur the
most in texts and hence don’t provide supplementary value to the lyrics. For instance, common stop
words are about, I or still such. Removing them helps to only analyse content-bearing words but re-
duces the number of features to consider too. Additionally, punctuation marks have been removed.

Word clouds of different emotion categories can be found in Figure 3.8. They help to under-
stand which are the words that are the most used for a related mood. As the reader can notice,
“la la” or “yeah” are common words in lyrics of happy songs. However — and that’s a reason why
LMIR is challenging — some words appear frequently in lyrics labelled to different emotions. This
notably the case of the tokens like know, one or love. Furthermore, the fact words are sometimes
chosen for their sound or for rhyming makes the classification even more complicated.

Stemming is very important and well-known part of the preprocessing [137, 6]. It consists of
converting all the words to their respective stem, i.e. the root word [191]. For instance, loving and
loved are different tokens, but they represent the same meaning : the action of love. In this thesis,
two different stemmers have been tested : the Porter-stemmer [169] and the Snow-stemmer, which
is an improved version of Porter [170]. The algorithm behind these stemmers consists of five steps
of word reductions, within each one linguistic rules are selected [220].

If stemming identifies and removes the affix (e.g. look-ing) of a word, it must not be confused
with the concept of lemmatization [220]. Unlike stemming, the lemmatization approach assures
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(a) Word cloud of calm lyrics (b) Word cloud of sad lyrics

(c) Word cloud of happy lyrics (d) Word cloud of angry lyrics

Figure 3.8: Different word clouds before the stemming process

that the reduced word is a word that exists. Whereas the stemming is sometimes defined as a
crude heuristic that removes the end of a work, lemmatization is said to be a cleaner approach.
Table 3.2 illustrates the difference between stemming and lemmatization.

Removing stop words or still the use of stemming have shown mixed effects in MER classification
[101]. In this thesis, we removed the stop words from the lyrics, assuming they are noisy. Regarding
the stemming, the classification has been tested with and without it. The lemmatization has not
been considered, mostly for time constraints.

Word Lemmatization Stemming
was be wa

studies study studi
studying study study

Table 3.2: Differences between the lemmatization and stemming

To reduce the number of considered words and improve the classification, one may want to dis-
card tokens that are not related to emotions. For instance, the set of features (e.g. words) should
better contain tokens such as bruise or fear than words like chair or door. This can be achieved by
analysing the semantics of the words [26]. Without going into the details of this topic, there exists
a simple method to distinguish the words that bear emotional meaning from these that do not. It
consists of checking if the words are in a list of affective words, i.e. a sentiment lexicon [131]. The
lexicon that we used was provided by [181].

During the experiments, a tf-idf approach has been considered too, but it didn’t show any
improvement. If the reader wants to know more about this approach, a full description of this
method is given in Appendix C.

Applying or not these multiple processes leads to consider a different number of words for the
classification. These different number of words are shown in Table 3.3. As it can be observed,
applying a stemming (both Porter and Snowball) reduces the number of words, which is logical.
Only considering words included in a sentiment lexicon helps to reduce the number of words too :
it discards around 2500 words. The influences of these multiple processes are given and explained
in the Experiments and Results Chapter.
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Applied processes Number of words
no stemming 4029

Porter stemming 3281
Snowball stemming 3275

no stemming + sentiment lexicon 711
Porter stemming + sentiment lexicon 609

Snowball stemming + sentiment lexicon 605

Table 3.3: Number of considered words for the lyrics-based classification
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CHAPTER 4

THE DATABASE

In Music Information Retrieval research, the databases on which experiments are made are one of
the central interrogations. The major time of this thesis has been dedicated to the creation of a
reliable database. At this date, it does not exist a common database that gained general acceptance
in MER field. Most existing works compile their own database, for multiple reasons. For instance,
works may focus on only one type of songs, e.g. jazz, or on songs sharing one same language,
i.e. monolinguistic [32]. Another reason that prevents from using a common shared database is a
problem that has already been mentioned earlier : how emotions should be represented and how
many emotions should be taken into account ? The fact this work is unprecedented justifies the
creation of a brand-new database too.

Depending on the emotion representation, researchers proposed different databases. Assuming
a categorical approach, they based their work on a emotion taxonomy of three, four, six or more
emotion classes [227, 70, 238, 245]. The reader should remember that due to inherent subjectivity
of music perception, there is not an universally accepted number of mood categories. Once this
choice has been set, one must attribute an emotion for each song : should it be made by experts
or music listeners ? [110] In 2007, an analysis of Audio Mood Classification has revealed 30% of
discrepancy regarding the expressed emotion among listeners [88]. This can give a simple glimpse
about the difficulty of creating a relevant MIR database.

This chapter details, in its first section, which databases have been considered for this research
and how the databases of this thesis have been created. The Section 4.2 is dedicated to explaining
the multiple challenges and difficulties that have been encountered during the creation of these
databases.

4.1 Data Collection

Since exploring separately the “emotionality” of the voice, the instrumental and lyrics is unprece-
dented, there does not exist a database that gathers such data. However, there exist accessible
databases and platforms that provide interesting data such as the metadata or the lyrics of the
song [144, 209, 14].

To fully understand the process of collecting the necessary data, the rest of this section is
organized as follows. The first Section 4.1.1 explains where the data have been found and extracted.
Information about the plateforms that have been mentioned above is given in this section too. How
the audio files and the lyrics have been collected is described in 4.1.2. This section ends up by
explaining how the vocals have been isolated from the instrumentals, and how the songs have been
labelled with their related emotions.
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4.1.1 Metadata, Audio Files and Lyrics Collection

As said previously, it does not exist a dataset that gained general acceptance. However, some ones
stood out from the others and are more often used. For instance, it is notably the case of the
Million Song Database, largely used for MIR tasks [14]. For its well-known reputation and ease of
use, this is one of the datasets we used for this thesis.

The Million Song Dataset (abr. MSD) is provided by The Echo Nest1. It is defined as a
“freely-available collection of audio features and metadata for a million contemporary popular
music tracks.” [14]. In other words, the dataset gathers metadata and some features analysis for
one million songs. One may precise that it does not include any audio nor emotions. Due to the
large set of this set (originally 280 GB) only a subset of it, i.e. 10,000 songs (1% of the global
dataset), has been considered. This subset is also provided by The Echo Nest, and songs are
said to be collected randomly from the original MSD. The Table 4.1 shows some of the 45 fields
associated with each track in the database.

Features Value
artist mbid db92a151-1ac2-438b-bc43-b82e149ddd50
artist name Rick Astley

title Never Gonna Give You Up
danceability 0.0 (which means not analysed)

loudness -7.75
year 1987

Table 4.1: Example of some features for a track in the MSD

By looking at the features which have been already computed in the MSD, one may ask the
interest of having audio files if some of their characteristics have already been computed. The
reader should remember that these features have been computed on the whole song and not on the
instrumental nor isolated vocals. Downloading the audio files to recompute the different features
respectively for the vocals and the instrumental is thus necessary.

After collecting information about 10,000 songs, one must obtain the corresponding audio files.
To achieve this, a process of two steps has been followed. First the Spotify API [209] provides,
given the title and the author of a song, a 30 seconds preview for a song given the name of the
artist and the song. Only analyzing 30 seconds of a song for the vocals and instrumental parts is
a very common practice in MER, and has been proved to be a good practice [127]. Experimental
results show that gives better performance for detecting the sentiment of the song rather than
the whole song [214]. However, the preview is given in the form of an url, which is not directly
downloadable and thus not analysable. Therefore a second step is required : converting each url
into a wav file. This step has been achieved by an online converter [157].

As said previously, the Million Song Dataset does not include emotion tags in the set itself.
To tackle this problem, a common practice consists of linking the songs with another data source,
Last.fm, which collects the corresponding tags [144, 88]. It is the official website that groups song
tags and song similarities of the Million Song Dataset. These tags can be extracted from the online
website via the Last.fm API or by the corresponding offline database. In this thesis, the second
option has been opted. The database contains two columns : one for the unique song identifier,
and one for the corresponding tag(s). The fact the MSD also provides this unique id allows to
connect the two databases. Since the tags are subject to some discussion, Section 4.1.3 is dedicated
to giving more details about them and their related emotions.

Regarding the lyrics, multiple data sources exist such as musiXmatch dataset, which is the
official lyrics collection of the Million Song dataset [150]. The lyrics are gathered in a bag-of-words
format [137] : the lyrics are defined as a binary vector, where each element of this vector is set a 1
if it is present in a most used 5,000 words dictionary, 0 otherwise. Beyond the fact it is probably
easier to use for multiple purposes, distributing lyrics under this format avoids copyright issues

1Music platform for developers, which was originally a research spin-off from the MIT Media Lab to understand
the audio and textual content of recorded music

24



too [150]. This database has been used in the beginning of the thesis, but since it removed some
freedom (e.g. it only considered 5000 imposed words) it was finally dropped. Another database has
been thus used : Lyricwiki.org [135]. It is an online database, which is well-known for its broad
coverage and classical format [140]. Song title, artist must be given to correctly identify the lyrics.

4.1.2 Isolating Instrumental and Vocals

Once the audio files and lyrics have been collected, one must separate the vocals from the instru-
mental. This is a problem known as source separation problem [39]. Unfortunately easy-to-use
algorithms don’t exist for a such task and the quality of the results varies [12].

Hopefully there exists a well-known software, used both by NLP scientists and music producers,
called RX72 [105, 12]. It provides a powerful interface for audio experiments and it is often referred
as an excellent software for noise removal [195]. However, using this software in the context of
Music Information Retrieval is unprecedented. This software has been chosen because it provides a
Music Rebalance option, which is particularly useful for this source separation problem. Once the
original audio file is loaded in the software, this option proposes multiple modifications of the audio,
as shown in Figure 4.1 : tweaking the loudness of the voice, bass and so on. In our case, two setups
were important : either isolating the voice, either remove it. This infers the following adjustments
shown in (a) and (b). The Gain option is used to adjust the level (dB) of the voice/bass/percussion
or the others. The sensitivity rate defines the percentage of the input signal considered as e.g. Voice
by the separation algorithm. Set at low values, this induces the separation algorithm to narrowly
define the vocal content of the signal. If the resulting signal contains less audio bleed from the
other instruments, this reduces the vocal clarity due to its sharpened approach. Higher values help
to reduce this lack of clarity but consider more bleeding from the other elements. For this work,
sensitivity has been set to its default value : 5,0.

(a) Parameters to isolate the acapella (b) Parameters to remove the vocals

Figure 4.1: The two different operations during the source separation process

4.1.3 Identifying Mood Categories

As said previously, the perception of emotion is subjective. This means that one song may be
considered as calm for a person, while another person would judge this song as happy. This, once
again, proves the challenging difficulties the MIR field must deal with. This arises the question of
“how to correctly label a song ?”. This is even more complicated by the fact that perceived emo-
tions are influenced by the mood of the listener and the place he listens to music [102]. Platforms
such as All Music Guide have invested a lot of time, money and human resources to annotate their
music databases with high-quality emotional tags [4, 114]. For this reason they are unfortunately
unlikely to share their data with the MIR research community.

Hopefully, there exist free approaches to collect emotion annotations from human listeners. One
may cite Last.fm, which has already been mentioned above. This website allows users to associate
social tags to songs through their audio player interface. In 2007, no more than 960,000 different
tags were identified and used for annotate songs [145]. This is the dataset that has been used to

2manufactured by iZotope
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collect the tags and determine the emotion of the songs.

Still, as the reader can expect, this dataset of tags is not deprived of weaknesses. For instance,
it does not always include direct useful or desired emotion-related tags, such as sadness or happi-
ness. It provides a range of different tags, which may be not relevant in the context of sentiment
classification. Examples of irrelevant tags are related to a non-affective aspect (“beat”, “trance”)
or are a matter of personal taste (e.g. “bad”, “good”). Others tags may relate the style of the
songs or the period of release (e.g. “80s”), which are not useful in this context neither. Besides
the fact that social tags contain irrelevant information, there exist ambiguous tags that can cause
confusion. This is notably the case of the “love” tag. Is the song about love or did the annotator
mean he loved the song needs to be answered.

Table 4.2 shows the most 10 frequent tags that can be found in the Last.fm dataset. It confirms
the idea that social tags can be noisy and not directly emotion-related. The fact the “love” term
is ranked 5th in the top 10 most frequent tags can give some clues about its ambiguous meaning too.

This shows the need of some clean-up. For this reason junk tags and tags with no affective
meanings have been filtered out. A linguistic resource, WordNet-Affect, has been particularly help-
ful for this task [212]. It is an extension of WordNet, which is defined as “a large lexical database of
English nouns, verbs, adjectives and adverbs grouped into sets of synonyms i.e. synsets” [143, 244].
The term synset is used to represent a distinct concept. WordNet-Affect, its extension, provides a
powerful support by linking each non-noun or noun tag to the emotional synset it refers to. Hence,
it helps to filter tags which bear an emotional meaning from the non-interesting tags. For instance
WordNet-Affect would output, given the tag “sadly”, the synset “sad” whereas it would output
nothing for a “80s” tag.

Tag Total count
rock 101,071
pop 69,159

alternative 55,777
indie 48;175

electronic 48,175
female vocalist 42,565

favorites 39,921
Love 34,901
dance 33,618
00s 31,432

Table 4.2: Top 10 most frequent tags in the Last.fm dataset

The junk tags being filtered out, the useful tags have been converted into emotional tags.
However, by looking closer at some of them, it existed some emotional tags that didn’t represent
distinguishable meanings. In fact, many of them were synonyms and needed to be grouped to-
gether. Hence the 150 remaining emotional tags belonging to and being derived from the same
upper synset in WordNet-Affect were grouped together. Due to its tree-based structure, Wordnet-
Affect can easily find the “upper” emotional concept of an emotion. The reader can find an
illustration of this tree in Appendix A, in Figure A.3. As result the tags were merged into 19
groups, as shown in Table 4.3.

For the classification experiments, each category should have enough samples to build a reliable
model. This is why categories with fewer than 20 songs were dropped, resulting in a database
labelled with 15 emotional tags categories. The categories that have been dropped are highlighted
in blue in the Table 4.3.
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n◦ Emotional categories
1 calm, comfort, quiet, serene, mellow, chill out, chill
2 sad, sadness, unhappy, melancholic, melancholy, misery,...
3 happy, happiness, happy songs, happy music,...
4 romantic, romantic music, affection, tender, love,...
5 upbeat, gleeful, high spirits, zest, enthusiastic,...
6 depressed, blue,dark, depressive, dreary,...
7 anger, angry, choleric, fury, outraged, rage, hostility, jealousy,..
8 grief, heartbreak, mournful, sorrow, sorry,...
9 dreamy, captivation, admiration, awe, worship,...
10 cheerful, cheer up, festive, jolly, jovial, merry,...
11 brooding, contemplative, meditative,...
12 aggression, aggressive, belligerence, bang,...
13 confident, encouraging, encouragement, optimism, confidence,...
14 angst, anxiety, anxious, jumpy, nervous,...
15 earnest, heartfelt, earnestness,...
16 desire, hope, hopeful
17 pessimism, cynical, pessimistic, weltschmerz,...
18 excitement, exciting, exhilarating, thrill, ardor,...
19 shamefacedness, confusion, shame,...

Table 4.3: The 19 emotional categories resulting from the Last.fm analysis
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4.2 Workflow and Related Difficulties

As the reader may have understood until this point, a lot of challenges and ambiguity exist around
the construction of a ground truth data. This section explains the multiple difficulties that have
been encountered during this process and the multiple decisions that have been consecutively taken.
As shown in Figure 4.3, the workflow of adding one reliable song in the database is particularly
subject to various considerations.

Starting from the metadata provided for the 10,000 songs of the subset of the Million Song
Dataset, the first question one should answer is if the song is linked to some tags from the Last.fm
dataset. If not, the song is not taken into account. If yes, however, one should check if the tags
can reveal emotions. As said in Section 4.1.3, they can contain no useful information or being not
convertible into an emotion. In this case, the song is neither considered. Thirdly, the song has to
pass the Spotify test. Indeed, the streaming platform does not provide a thirty seconds preview
for every song, which can void the previous steps. If the url preview has been provided, then it is
converted into a wav file thanks to the online converter. This step is time and memory-consuming.

After reception of the downloaded audio file, one may want to know if the 30 seconds of song
contain a vocal part or if it is a pure instrumental song. This can be achieved by listening to the
track, or, more scalable, noticing the 13 computed MFCC of the voice are all set to 0. One way
to avoid this step should have been to check if the song had lyrics after Last.fm tags step. But it
is only possible for the songs that have no lyrics. Even though a song contains lyrics, Spotify can
provide an 30 preview with no vocals and it is not possible to detect it before analyzing the audio
file itself.

Once this has been checked, the audio file is then processed by the RX7 software in order to
separate the voice and the instrumental. Unfortunately, multiple conditions reduce the capacity
of perfectly extracting the vocals from the song. For instance, the frequencies of the instruments,
e.g. guitar or drums, may be intertwined with the frequencies of the voice, which complicates the
extraction and makes it less satisfying. Furthermore, as it has already been mentioned previously,
some production processes such as the mastering make this separation even more complicated.
As result, it implies an audio file containing bleeding from other instruments, and vocals sound
muffled, i.e. are not correctly distinguishable. This implies miscalculations of the related features.
During the construction process of database, around 2000 songs have reached this step.

However, a major weak point had not been discovered yet. Indeed, during the first classification
experiments, the accuracy rate and other metrics were very low. For this reason, the database has
been rigorously inspected, revealing a major drawback of the Last.fm database : the songs are
not correctly labelled with emotion they capture. Some songs, capturing a happy emotion, were
labelled as angry for instance. The fact all the listeners on Last.fm can associate songs with the
tags they want may give some cues about the fact that the annotation can be wrong. This conclu-
sion confirmed the idea that either one must pay for a correctly emotion-labelled set of songs or
one must recruit emotions experts to annotate songs carefully. These two options being unrealistic
in the context of this thesis, re-evaluating these two thousand songs to ensure all of them were
correctly labelled required unfortunately too much human labor, subjectivity and time.

For these reasons, we decided to reduce the dataset about 300 songs, being thus humanly
analysable. If the number seems to be low at first glance, this can be nevertheless supported by
many works [101]. Indeed, MER experiments are rarely evaluated against databases of more than
1,000 music pieces. The labelling step being chaotic, we decided to reduce the set of considered
emotions to four distinguishable emotions. They are the angriness, the happiness, the calmness
and the sadness. The choice of these four emotions has been based on two assumptions. First,
songs can be almost objectively annotated with these emotions. Indeed, a metal song can be,
regardless some subjectivity, classified as angry. The second motivation is that one can expect
that these four emotions have relatively distinguishable features values. Values for a happy song
can be expected to be opposed to values of a sad song. The same expectation can be assumed for
calm songs and angry songs. Additionally, the percentage of songs related to each emotion has
been maintained even (see Figure A.4 in Appendix A).
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Figure 4.2: Workflow for adding a song in the database
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CHAPTER 5

MACHINE LEARNING CLASSIFIERS

Now that all the concepts related to the Music Emotion Recognition field have been introduced,
let’s focus on the classification per se and the machine learning principles that are behind it. This
fifth chapter is devoted to explaining the two different models that have been considered for the
classification, namely the Random Forest [30, 84] and the Logistic Regression [19, 103].

After introducing some notions of machine learning in Section 5.1, both models are respectively
described in the following Section 5.2 and Section 5.3. For each one of them, the mathematical
concepts and fundamentals are detailed. Which hyperparameters have been considered and how
their optimal values have been found are covered too.

5.1 Multiclass Supervised Classification

The type of classification that has been considered during this thesis is a multiclass supervised
classification, topic widely covered in the machine learning literature [3, 216, 19, 84]. Before ex-
plaining what multiclass and supervised mean, a definition of classification must be given.

The classification aims at predicting one categorical output related to an object, i.e. example,
defined by multiple features. Mathematically speaking, it is equivalent to define a function that
assigns a class label y among a set of possible labels Y , to a vector of features x ∈ X, the space of
all possibles features. This function f can be modelled as :

f : X → Y : x→ y (5.1)

In the context of MER, a single music sound may be characterized by more than one label,
e.g. both “dreamy” and “cheerful”. In this thesis we assumed a multiclass classification, which
means there exist multiple possible outputs for each example, but only one is assigned. For various
reasons that have been mentioned in Section 4.2, four possible labels have been considered. They
are happy, sad, angry and calm. The function f that has been mentioned above can be redefined
as follows :

f : X → {angry, calm, happy, sad} : x→ y (5.2)

The learning algorithm behind the classification needs data in order to define the function f .
Broadly speaking the data can be defined a set of n examples, represented by a vector of attributes
x and their related label y. This representation is shown in Equation (5.3). In our case, each xi
can be composed by audio features whereas the yi is the corresponding expressed emotion. The
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fact the output is already defined for each example before the classification refers to the principle
of supervised learning.

{(x1, y1), ..., (xn, yn)} (5.3)

A common way to train and evaluate the classification algorithm is to split the whole dataset
into two subsets, i.e. a train set and a test set [84]. The train set is the one on which the algo-
rithm designs the prediction function whereas the test set is used to evaluate this function. There
exist multiple ratios to split on. For instance, common ratios are 75%-25%, 80%-20% or 90%-10%
respectively for the training and test set [82]. In the experiments, we opted for a ratio of 75%- 25%.

Another approach to train and evaluate the learning algorithm consists of using the k -fold
cross validation technique [84, 202]. In a k -fold cross validation, the data is split into k equal-sized
subsets. One is used as a test set, whereas the k-1 other folds define the training set. This step is
repeated k times in order to use each fold as a test set. The final accuracy is the average of the k
results. This approach is often used when the amount of data is limited, since it can consider all
the data for the training step [83]. An illustration of a 10-fold cross validation is given in Appendix
A in Figure A.5.

For each classifier, are defined parameters and hyperparameters. The parameters are defined
as configuration variables that are internal to the model. Their values define the performance of
the model and are learned from the dataset. Hence they are often not set manually by the practi-
tioner. Examples of model parameters include weights for a neural network or still coefficients in a
logistic regression [103]. They should not be confused with the model hyperparameters, which are
external variables of the model. This means their values are not estimated from data. These model
properties are fixed before the model is trained or tested. Their values are generally specified by
the practitioner or found by heuristics.

There exist two strategies to find the best values for hyperparameters [67]. The first one is
called the grid search [11]. Given a set of values for each hyperparameters, it evaluates the model
with each combination of the values of the hyperparameters. As the number of hyperparameters
and values can be huge, the grid search can be computationally expensive, i.e. exponential. To
tackle this problem, one may use the second approach, namely the random search. It is a technique
based random combinations of values of the hyperparameters, which are tested to find the best
solution for building the model. This approach has been proved, empirically and theoretically,
to be more efficient for hyperparameters optimization than grid search [11]. In this thesis, both
approaches have tested to find optimal values of hyperparameters.

5.2 Random Forest Model

The first model we introduce is the Random Forest model [30]. It is an easy-to-use machine learn-
ing algorithm that has been proven to be extremely successful in multiple fields [232, 73, 210]. It
is one of the most used learning algorithms, thanks to its simplicity and its related properties.

The first Section 5.2.1 describes these properties and what are the fundamentals of the model.
The second Section 5.2.2 presents the parameters of random forests, as well as their hyperparam-
eters.

5.2.1 Fundamentals of RF

The Random Forest model relies on two principles : the decision trees [211, 202, 175] and the
ensemble methods [54, 84].

First, the decision tree is a class of machine learning models known for its easy interpretation
and clarity of information representation. It is defined as a rule-based classifier based on a tree-like
structure, where each internal node tests an attribute and each branch corresponds to a value of
this attribute [57]. The leaf nodes represent the corresponding labels of the classification. Figure
5.1 illustrates an example of such model. It illustrates a tree that decides whether one should play
tennis based on weather’s features [146]. For instance, if the outlook is rain and the wind is strong,
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one should not play since the leaf node of this conjunction of attribute values is no. From a global
point of view, the whole tree can be seen as a disjunction of conjunctions.

Figure 5.1: Example of a decision tree [146]

ID3 is the initial algorithm invented by Ross Quinlan and widely used to generate decision trees
from a dataset [174]. Algorithm 1 gives the pseudo-code of ID3. By reading the first line of code,
one may ask how to select the best attribute ?

Data: A training set S = {(x1, y1, ..., (xn, yn)}
Result: A decision tree based on the set S
Init: Single node tree with all training examples assigned to it
xj ← the “best” decision attribute for current node ;

assign xj as decision attribute for node ;
for each value of xj do

create new descendant of node ;
end
Assign training examples to the leaf nodes ;
if training examples are perfectly classified then

return tree ;
else

run Main loop over new leaf nodes;
end

Algorithm 1: ID3 pseudo-algorithm [57]

The answer is found by using The Theory of Shannon [204]. To fully understand the concept,
the idea of entropy must be introduced first [204]. The entropy measures the uncertainty of a set
of examples S. Inversely, it highlights the purity of this set. The scale of this measure is defined
between 0 and 1. A high entropy means a high level of disorder, i.e. a low level of purity. Let S
be the sample of training examples at one node, c the number of different classes and pi is the
probability of an example of class i. The entropy E(S) is mathematically defined as :

E(S) =

c∑
i=1

−pi log2

(
pi
)

(5.4)

For each iteration of the algorithm, the algorithm tests every unused attribute xj and calculates
the information gain Gain(S, xj) for the set of examples S. This measures the expected reduction
in entropy due to sorting on this attribute. Since one wants to reduce the entropy, ID3 selects the
attribute which has the higher gain. Mathematically speaking, Gain(S, xj) of the attribute xj is
defined as :

Gain(S, xj) = E(S) −
∑

v∈V alues(xj)

|S|
|Sjv|

E(Sjv) (5.5)
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where

Sjv = {x ∈ S|xj = v} (5.6)

However, ID3 algorithm suffers from some limitations [202, 206]. For instance, the model may be
overfitted, which happens when it corresponds too closely or exactly to a particular set of data
[84, 202]. Furthermore, it can’t handle continuous values efficiently [57]. It can’t neither handle
training with missing attribute values nor attributes with differing costs.

Therefore the C4.5 algorithm was introduced, as an improvement of its precursor and fixing
the previous problems [30]. The overfitting problem is solved by the fact C4.5 prunes trees after
creation, which was not done with ID3 [84]. Pruning is the action of reducing the size of decision
trees by removing sections of the tree that does not provide a lot of information for classifying the
examples.

A third algorithm for decision tree may be used, namely the CART algorithm [28, 84]. It relies
on the Gini impurity principle, which measures the homogeneity of the nodes [84]. A node is said
to be pure if all examples assigned to this node have the same class label. The decision tree finds
the features to separate the data at its best by minimizing the Gini impurity. Let the sample
S containing C different classes, and pS(y) denotes the proportion of examples labelled y in S.
Splitting S with an attribute xj results in a drop of impurity expressed as :

Drop(S, xj) = Gini(S) −
∑

v∈V alues(xj)

|S|
|Sjv|

E
(
Sjv
)

(5.7)

where

Gini(S) = 1−
C∑
y=1

pS
(
y
)2

(5.8)

The second concept that defines the random forests is related to ensemble methods [54, 84]. An
ensemble method is defined as a combination of multiple classifiers whose predictions are combined
in order to improve the overall performance and provide a better accuracy than a single classifier
would achieve. Within ensemble methods there exist two main categories [29]. The first one,
called bagging or bootstrap aggregating, splits the training set in subsets and uses each set for each
classifier. The second approach, namely boosting, attributes the subset for each classifier according
the previous classifier : instances that were not correctly classified in the previous classifier are
prioritized in the following classifier to improve their predictions [190]. Bagging helps in reducing
the risk of overfitting, while Boosting can generate a combined model with lower errors. Random
Forests are based on the first approach, whose pseudo-code is given by Algorithm 2.

Data: A label set S = {(x1, y1, ..., (xn, yn)}
A total number B of bagging rounds
A learning algorithm Alg returning a class. X → {1,..,N}
Result: A combined classifier
for b ← 1 to B do

Sb = Resample(S) ;
fb(x) = Alg(Sb) ;

end

return 1
B

∑B
b=1 fb(x))

Algorithm 2: Bagging algorithm [29]

The random forests combine the two above concepts. It uses an arbitrary set of decision trees
and defines the predicted class of an example based on a majority vote from all the results of the
different trees. By averaging them, it significantly reduces the risk of overfitting and outperforms
the learning algorithm as it was applied once on the set. However, one disadvantage is that using
a large amount of trees can be very computationally heavy and ineffective. Using a large number
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of RF reduces the capacity of visualizing and understanding how the model works too.

Regarding the process of each tree, the attribute which is chosen to be split on is the one
that maximizes the impurity (Gini index or Information Gain) among a random selection of v
attributes out of the d possible attributes. Values of v may be between 1 (then one attribute is
chosen and no computation of impurity is needed) and d. Typical values are v = log2(d) or v =√
d [76]. The randomness selection is important to avoid the correlation between the decision trees

: if one or a few features are very strong predictors for the response variable (target output), these
features would be selected in many trees, causing them to become correlated.

5.2.2 RF Hyperparameters

Here are discussed the hyperparameters that can used to custom the random forests [30]. Since
their values are in most of the cases defined empirically, the reader should know there are no
reference values : it mostly depends on the data on which the classification is based. We based
our approach on multiple machine learning blogs, such as [166]. Technically speaking, we used the
implementation of random forests provided by Scikit-learn [200].

The first hyperparameter that should be introduced is the number of trees that defines the
forest. It is referred as n estimators and set at few hundred to several thousand trees, depending
on the size and nature of the training set. In general, a higher number of trees increases the
performance and makes the predictions more stable, but it also slows down the computation. In
this thesis, the following values have been tested : 100, 200, 300, 1000.

Regarding the splitting criterion, the two approaches that have been previously presented
have been tested. As a reminder, there are the Information Gain and Gini Impurity.

Another hyperparameter that has already been mentioned is the number of considered features
when decision trees need to split. It is defined as max features. As we mentioned above, it can
be defined by taking the square root of the total number of features or the binary logarithm of it.
Both approaches have been tested.

The hyperparameter max depth is used to define the maximum depth of the trees. It can be set
to None, specifying the nodes are expanded until all leaves are pure, i.e. only containing instances
from the same class. We tested the following values : 80, 90, 100, 110 and 1000.

The min samples split defines the minimum number of samples needed to split an internal
node. If the default value is set at 2, other values such as 3, 4, 5 have been tested too. Similarly,
the min samples leaf hyperparameter refers to the minimum number of samples required to be
at a leaf node. We tested a range of values between 1 and 5.

The random forests have more hyperparameters than the six ones mentioned above. For in-
stance, one may cite min weight fraction leaf or max leaf nodes. They have remained un-
changed during the classification experiments. There exist other hyperparameters, but they are
not purely related to the random forests. One may cite n jobs, which can make the model faster.
It tells the computer how many processors it is allowed to use. A value of 1 means the use of one
processor, a value of -1 meaning there is no limit. Another — and very important — hyperparam-
eter is random state, which is the seed used by the random number generator. Passing a specific
seed makes the model’s output replicable. In other words, the model will always produce the same
results when it has a definite value of random state.
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5.3 Logistic Regression Model

Let’s now focus on the second model : the Logistic Regression model [84, 103]. It has become a
standard method of analysis in many fields [103]. The goal of this model is to explain the relation-
ship between one dependent binary variable and multiple independent variables.

The first Section 5.3.1 describes the fundamentals of the model as well as its underlying con-
cepts. The second Section 5.3.2 presents the hyperparameters of a logistic regression and which
values have been considered to optimize them.

5.3.1 Fundamentals of LR

As stated before, a logistic regression is a mathematical modeling approach that can be used to
describe the relationship between several variables X’s and a dependent variable Y . Before explain-
ing the logistic regression with multiple classes, let’s first introduce the binary logistic regression,
i.e. when it only considers two classes : 1 or 0. Let x be an observation, the probability of x to
belong to the particular class y = 1 can be formulated as :

p(x) = P (Y = 1|X = x) (5.9)

Expressing this a posteriori probability p(x) as linear combination of explanatory variables (i.e.
features) is however not possible :

p(x) = β0 + β1x1 + ...+ βnxn (5.10)

Indeed, if the right-hand side of Equation (5.10) is theoretically defined between [-∞, +∞], the
probability p(x) ∈ [0, 1]. The Figure 5.2 illustrates this problem and the distinction between both
models.

Figure 5.2: Difference between linear regression and logistic regression [5]

As we can see, we need a S-shaped curve to correctly predict the output. One way to solve
this is to model p(x) by using a logistic function [103]. Most of the time, the logistic function is
defined as a sigmoid function, which is a special case of it [103, 84, 239]. Let x be a number, then
the logistic function f(x) can be described as :

f(x) =
ex

1 + ex
(5.11)

To express p(x) as function of β0+β1x1+...+βnxn, one must apply a logit transformation, expressed
in Equation (5.12) [103, 84]. This corresponds to the logarithm of the odds of the observation x.
The odds are defined as the probability of this event occurs, divided by the probability that this
event does not occur. Taking the logarithm of the odds gave the term logit.

logit(x) = ln
[ x

1− x

]
(5.12)
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We can thus rewrite Equation (5.10) as :

logit(p(x)) = β0 + β1x1 + ...+ βnxn (5.13)

Once isolated, p(x) can be expressed as in Equation (5.14) , which corresponds to a logistic function
f : IR → [0,1] :

p(x) =
eβ0+β1x1+...+βnxn

1 + eβ0+β1x1+...+βnxn
(5.14)

That being said, one needs to estimate the unknown parameters β0, ..., βn. In linear regres-
sion, the most used method is the least squares approaches, which minimizes the sum of squared
deviations of observed values from the predicted values [84]. In the context of logistic regressions

the approximation of these coefficients, namely β̂0, β̂1, ..., β̂n, is calculated by the method of
Maximum Likehood [103, 84]. This method is based on the likehood concept. Assuming a binary
classification, the Maximum Likelihood method estimates the parameters β={β0,...,βn} such that
the probability p(y = 1|x) for the observations x belonging to y=1 is as close to 1 as possible and
vice-versa for the observations x belonging to y=0.

Assuming N observations denoted x, the likelihood L(β) is mathematically defined as follows :

L(β) =

N∏
i=1,y=1

p(xi)

N∏
i=1,y=0

1− p(xi) (5.15)

Instead of calculate this product, a common practice consists of calculating the logarithm of
this equation [103, 202]. The resulting equation is defined in Equation (5.16) and is referred as the
log-likelihood. The intermediary equation between (5.15) and (5.16) can be found in Appendix A,
in Equation (A.1).

`(β) =

N∑
i=1

yi log
(
p(xi)

)
+ (1− yi) log

(
1− p(xi)

)
(5.16)

To solve it, its derivatives are set to zero. Numerical methods are commonly used to solve it,
such as the Newton-Raphson algorithm [84].

∂`(β)

∂β
= 0 (5.17)

Once the coefficients have been replaced by their estimators β̂i, the output y of an observation
x = (x1, ..., xn) is given by the following rule :

y =

{
1 if β̂0 + β̂1x1 + ...+ β̂nxn > 0

0 if β̂0 + β̂1x1 + ...+ β̂nxn ≤ 0
(5.18)

In terms of probability, it is equivalent to :

y =

{
1 if p(x) > 0, 5

0 if p(x) ≤ 0, 5
(5.19)

Similarly to random forests, the logistic regressions can be subject to overfitting [84]. To tackle
it, a common practice is to use a regularization [103]. Before introducing this concept, let us
first define the cost function J(β) of this model. Maximizing the log-likelihood is equivalent of
minimizing its averaged inverse [53]. The Equation (5.16) can be thus redefined as :

J(β) = − 1

N

N∑
i=1

(
yi log

(
p(xi)

)
+ (1− yi) log

(
1− p(xi)

))
(5.20)

The first regularized model is the ridge regression [84, 185]. It adds the squared magnitude of
the coefficients as a penalty in the cost function, as highlighted in blue in (5.21). The λ term is
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defined as the regularization factor. Set at zero, there is no regularization. If it is large, then it
adds much weight and it leads to underfitting [185]. The value of this hyperparameter is discussed
in the following section.

J(β) = − 1

N

N∑
i=1

(
yi log

(
p(xi)

)
+ (1− yi) log

(
1− p(xi)

))
+λ

N∑
i=1

β2
i (5.21)

The second approach is named the lasso regression [84, 19, 185]. It adds the absolute value
of magnitude of the coefficients as a penalty. Its equation is given in Equation (5.22), where the
penalty term is highlighted in blue. This regularization can lead to zero coefficients. In other
words, it helps to reduce the overfitting problem, but it does a feature selection by setting some
coefficients at zero [185]. The value of this hyperparameter is also discussed in the following section.

J(β) = − 1

N

N∑
i=1

(
yi log

(
p(xi)

)
+ (1− yi) log

(
1− p(xi)

))
+λ

N∑
i=1

|βi| (5.22)

So far, we only considered a binary logistic regression. But, in the context of this thesis, there
exist multiple classes since we consider four emotions. There are different methods for generalizing
a two-class classifier. The one that have been used in for Logistic Regression is the one versus all
approach [84].

Let’s assume C different classes. According to this method, C binary classifiers are trained,
each one separating one class and all the other ones. Given a training set S = (x1,y1),..., (xn, yn),
C different training sets S1,...,SC are built, where Si=

(
x1, (-1)y1 6=i

)
,...,
(
xn, (-1)yn 6=i

)
. This means

the set Si contains instances labelled as “1” if their label in S was i, and “-1” otherwise. Then,
we train C predictors hi, each one based on their respective set Si. These predictors hi define
the confidence of their prediction. One should thus consider the prediction of the most confident
classifier. Equation (5.23) defines this decision. Concretely, the confidence could be the distance
between the observation x an the hyperplane w defined by the classifier [84].

h(x) ∈ arg max
i ∈C

hi(x) (5.23)

5.3.2 LR Hyperparameters

Multiple hyperparameters exist for the logistic regression classifiers. The hyperparameters that will
be discussed here are the ones of the Python implementation provided by Scikit-learn [200, 132]

The first hyperparameter that has been tweaked is the type of penalty. The regularization is
applied by default, but one can choose between “l1” or “l2”. The first term refers to the Lasso
regularization, and the second one to the Ridge regularization. Both have been tested.

The tol hyperparameter may be adjusted as well. It represents the tolerance for stopping
criterion and is set at 1e−4 by default. Said differently, it tells to the optimization algorithm when
to stop, i.e. when it is closed enough from the minimum or maximum [41, 240]. Other arbitrary
values have been tested.

A third hyperparameter that we adjusted is C, which represents the inverse of regularization
strength. Let λ be the regularization term used in Equation (5.21) and Equation (5.22), we can
define this hyperparameter as (5.24). Its default value is 1.0. Lowering this value strengthen the
λ regulator.

C =
1

λ
(5.24)

Additionally, one can decide if a constant, i.e. an intercept, should be added to the decision
function. This is the term β0 in Equation (5.10), which represent the expected value of y when all
the xi equal zero. Note that it is a binary hyperparameters, so we decide if the decision function
should add or not this term.
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As the reader can expect, there exist other hyperparameters that can be adjusted but they have
remained unchanged during the experiments. For instance, we can mention the fact that different
weights can be specified for each class via the class weight parameter. If not, all classes share a
weight of one. As mentioned in Section 5.2.2, hyperparameters such as n jobs or random state

can be adjusted too.

5.4 Metric Functions in Machine Learning

The evaluation of the performances of classifiers is an important topic in the machine learning
field [153]. The following paragraphs describe metrics that are commonly used to evaluate the
performances of the classifier [137, 231].

The first and most known metric function is the accuracy, which represents the correctness of
the model predictions [107]. It is achieved by computing the ratio of examples that are correctly
classified with the correct label. The underlying concept consists of checking if the predicted label
of the considered example is the same as the actual label of this example. Let’s define this concept
mathematically. Let N be the number of observations, yp the true label of the observation p and
ŷp the predicted label. Mathematically speaking, this can be defined as :

accuracy =
1

N

N∑
p=1

||ŷp = yp|| (5.25)

However, this metric does not grasp one important consideration [107, 33]. Indeed, it does not
distinguish the error of wrongly predicting the positive class or wrongly predicting the negative
class. Taking the example of a unbalanced dataset containing 5 % of positive labels, any classifier
that would always assign the negative label would achieve an accuracy of 95%.

For this reason, one should better look at the confusion matrix, i.e. the error matrix, which
shows differently the performance of the classifier [107]. An illustration of the confusion matrix
is given in Table 5.1. Each row of the matrix represents the instances of the actual class while
each column represents the instances of the predicted label. In other words it provides the types
of errors that are made.

Table 5.1: Confusion matrix and its components for binary classification [180]

As the reader may notice, assuming a binary classification, the classifiers may output four dif-
ferent types of results : True Positives (TP), True Negatives (TN), False Positives (FP) and False
Negatives (FN). The first two outputs represent respectively correct positive and negative predic-
tions. FP, however, mean incorrect positive predictions : the instances are predicted as positive,
when in reality they are not. The FN term represents the same idea but for the negative predictions.

Based on this matrix, multiple measures can be derived from. One may start with the error
rate, representing the number of all incorrect prediction divided by the total number of instances
[107]. The range of this measure is contained between 0 and 1, 0 being the ideal rate the classifier
should achieve.

errorrate =
FP + FN

TP + TN + FN + FP
(5.26)
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The accuracy rate, mentioned earlier, can be redefined with the terms of the confusion matrix.
Defined between 0 and 1, the best rate one may desire is 1.

accuracy =
TP + TN

TP + TN + FN + FP
= 1− errorrate (5.27)

Other measures exist and are more focused on the error costs. Depending on the context of
the classification, one may want to avoid false negatives more than false positives or vice versa. A
typical example can be illustrated as follows : it is preferably better to wrongly predict cancer (to
a non-threatened patient) than non predicting cancer to a threatened patient [107].

First, let’s consider the precision score, which allows to identify the percentage of positive
labelled instances which are actually positive [107]. It is, in terms of confusion matrix, the number
of positive examples that are correctly classified, divided by the number of all positive results
predicted by the classifier.

precision =
TP

TP + FP
(5.28)

The recall score highlights the proportion of positive labelled instances that have been correctly
identified as positive [107]. This is referred to as the number of correct positive results divided by
the number of samples that should have been classified as positive.

recall =
TP

TP + FN
(5.29)

The evaluation of a model must take into account these two measures. For this reason, they can
be gathered into a single score called the Fβ-score [107]. It is defined as the weighted harmonic1

mean of precision and recall [137], where β is a parameter controlling the impact weight of precision
and recall. If in certain applications more importance is given to one of them, β = 1 is commonly
used to equivalently balance the weight of the two measures.

Fβ =
(β2 + 1) · precision · recall
β2 · precision+ recall

(5.30)

F1 =
2 · precision · recall
1 · precision+ recall

(5.31)

So far, only evaluations of binary classification have been considered. In this work, one needs
to consider a confusion matrix for multiple classes as shown in Table 5.2. Assuming n different
classes, FN, FP, TN and TPall rates are computed for each class i according to Equations (5.32),
(5.33), (5.34) and (5.35) [136]. Note that the TP for each class i is the intersection of the ith

column and the ith row.

Table 5.2: Confusion matrix for multiple classes [136]

The number of FN’s for each class i is the sum of values in the corresponding row, excepting
the TP.

1A harmonic mean is defined as the reciprocal of an arithmetic mean
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FNi =

n∑
j=1
j 6=i

xij (5.32)

The number of FP’s for class i is computed as the sum of values in the related column, excepting
the TP.

FPi =

n∑
j=1
j 6=i

xji (5.33)

For clas i, the number of TN’s is the sum of all rows and columns, except the ones belonging
to the considered class.

TNi =

n∑
j=1
j 6=i

n∑
k=1
k 6=i

xjk (5.34)

The total true positive rate can be calculated as the sum of the diagonal of the confusion matrix.

TPall =

n∑
j=1

xjj (5.35)

To compute the precision and the recall for each class, one may use Equations (5.36) and (5.37).
Overall accuracy can be obtained via Equation (5.38) [136].

precisioni =
TPi

TPi + FPi
(5.36)

recalli =
TPi

TPi + FNi
(5.37)

accuracyall =
TPall

#instances
(5.38)
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CHAPTER 6

EXPERIMENTS AND RESULTS

Now that the theoretical part has been covered, let’s focus on the practical aspect of this thesis.
The goal of this section is to explain the different results obtained for the three approaches as
well as the combined one. Which model, from Random Forest or Logistic Regression, predicts the
best the related emotion is analysed too. The results are expressed in terms of indicators that
have been mentioned earlier. Since the F -measure is a combined metric, results are discussed in
terms of accuracy, precision and recall since they are more intuitive. For concision, the emotions
calmness, sadness, happiness and angriness are sometimes referred as category 1, 2, 3, 4.

Before going any further, the reader must understand something. In the Music Emotion Recog-
nition field, comparison with other works should be carefully analysed for some reasons that have
already been mentioned before. First and foremost most of existing works compile their own
databases, which can lead to different conclusions due to the inherent subjectivity of the songs.
Furthermore, existing works don’t always consider the same machine learning algorithm for the
classification : support vector machine, neural networks,... [18, 70]. The number of considered
emotions, and the choice of different features to represent the emotions lead to contradictory re-
ports [246]. Finally, due to the unprecedented works of this task, the comparison is even more
complicated.

During the experiments, both random forest and logistic regression models have been based on
a train and a test sets with a respective proportion of 75%-25%. To obtain reliable and representa-
tive results, the experiment has been repeated ten times and so the evaluation metrics have been
averaged on this basis.

The first section explains the results of the instrumentals analysis. Section 6.2 describes the
results of the vocals analysis, while the third Section 6.3 presents the outcomes of the lyrical
analysis. The Section 6.4 describes the results of the combination of three features. Even though
a global conclusion is given in the next chapter, partial deductions are drawn at the end of each
analysis.

6.1 Instrumental Analysis Results

Initially, eight features have been tested. There were the loudness range, the loudness average, the
RMS, the MFCC, the pitch, the bpm, the danceability and the zero-cross rate. As we could expect,
none of these features contributed equally to the classification. This was notably the case of the
MFCC. Reduced as single value (hence a mean of the 13 first MFCC), one should not be surprised
that it did not contain relevant information anymore. Indeed it didn’t contribute a lot to the
classifier : even worse, it decreased the accuracy rate of the classification. For this reason this fea-
ture was not used for the final instrumental analysis. The reader should know that a classification
only based on the 13 first MFCC has been tested as well, showing low results i.e. an accuracy of 33%.
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Based on their classification importance, five features have been finally kept for the final clas-
sification. There were three low-level features : the loudness, the pitch, the zero-cross rate as well
as two high-level features : the danceability and the bpm. The importance of these five features is
shown in Table 6.1.

Feature Importance (%)
Zero-cross 37

Bpm 21
Pitch 15

Danceability 13
Loudness 11

Table 6.1: Importance of the different features for RF classifier

The random forest model predicted emotion labels with an accuracy of 70 %. Based on a 3-fold
cross validation, a greedy search helped out to find the best values for the hyperparameters. These
values are presented in Table A.1 in Appendix A. This improved the correctness of the classifier by
5%, providing a final accuracy rate of 75%. The confusion matrix, precision, recall and F1 values
obtained with the best parameters can be found in Table 6.2 and Table 6.3.

Regarding the confusion matrix, one may notice some errors happen more often than others.
For instance, errors such as songs belonging to the calm label but predicted as the sad label are
common. This can be explained by the fact a calm song can share a lot of common characteristics
with a sad song. The fact the bpm is generally in the same range of values makes the classification
harder, since this feature is considered as the second most important in Table 6.1. Most of the
time, a calm song is generally a sad song, which complicates the distinction. Surprisingly, some
sad songs are predicted as happy songs. The fact all the sad and happy songs are not respectively
labelled as sad/happy songs directly impacts their recall rate. Unsurprisingly, this score is lower
for these two classes (see Table 6.3).

On the contrary, by looking at the columns of the confusion matrix, we can see that songs
predicted as calm or angry are effectively related to the calmness and the angriness. This is
reflected by the precision rate. By looking in Table 6.3, one can read that this score is higher for
the two aforementioned emotions but lower for the other ones.

Table 6.2: Confusion Matrix of RF

c Precision Recall f1-score
1 0.93 0.78 0.85
2 0.65 0.71 0.68
3 0.68 0.76 0.72
4 0.85 0.81 0.83

Table 6.3: Precision, Recall and F1 of
RF

The logistic regression model achieved a lower accuracy rate : 52 % with hyperparameters set
at their default values. The latter have been optimized by a 3-fold cross validation grid search,
improving the accuracy to 65 %. These optimal values can be found in Figure A.2, in Appendix
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A. The confusion matrix and related metrics are provided in Table 6.4 and Table 6.5.

Table 6.4: Confusion Matrix of LR

c Precision Recall f1-score
1 0.68 0.72 0.70
2 0.67 0.48 0.54
3 0.38 0.47 0.42
4 0.71 0.71 0.71

Table 6.5: Precision, Recall and F1 of
LR

Such as the random forest model, the angry and calm categories have higher precision and
recall than the two other emotions. However, angry songs tend to be more predicted as happy
songs and inversely, which was not the case with random forests. Calm songs are now predicted
as happy songs too. For this reason, the recall of these categories is lowered.

As we can see, sad songs are more often predicted as calm songs than with random forests.
This largely impacts the recall of this category, which is reduced to 48 %. Similarly, the prediction
error has increased for the happy songs. They are more often predicted as angry or sad songs.
This is also reflected in the recall score, which is now lower.

By looking at both models, the random forest approach gives better performances. It provides
a better accuracy, but foremost it provides better precision and recall rates for the four classes.
This is reflected in the f1-score.

As a partial conclusion, one may say that, assuming a random forest model, the instrumental
analysis gives good results at distinguishing songs that have an opposite arousal. As a reminder,
the arousal term refers to the energy of a song, e.g. if it expresses more an angry or a sleepy feeling.
As shown in Table 6.2, the model is foremost good at correctly predicting calm and angry songs.

6.2 Voice Analysis Results

The vocals analysis was initially based on seven features, as shown in Table 6.6. For the same
reason as the instrumental analysis, some of them were dropped. The features highlighted in blue
are the ones that have been kept for the final analysis. The vocal analysis showed lower accurate
results than the instrumental analysis. Indeed the accuracy rate did not exceed 63%, which is 12%
less than the instrumental-based approach.

In this vocals-based analysis the random forests achieved an initial accuracy rate of 55 %, im-
proved to 63% thanks to optimized hyperparameters (Figure A.3 in Appendix A). The importance
of the features with random forests is shown in Table 6.7. As the reader can see, the pitch and
the spectrum centroid are the two first most important features. This means that the degree of
highness or lowness of a voice, and its brightness play important roles in the expressed emotion.
Then comes the zero-cross rate, indicator of noisiness, and finally the roll-off.

The confusion matrix of the random forest classification is presented in Table 6.8. The derived
metrics are shown in Table 6.9. Compared to the random forest approach for instrumental analysis,
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Feature
MFCC

F0 range
F0 max

Pitch
Spectral centroid

Roll-off
Zero-cross

Table 6.6: Features for the vocals anal-
ysis

Feature Importance (%)
Pitch 33

Spectrum centroid 27
Zero-cross 20

Roll-off 18

Table 6.7: Importance of features for RF classifier

one may notice that all the metrics are lower. This is specially the case of the calm songs, which
have now a precision rate of 63 % instead of 93 %, and a recall score lowered by 15 %.

Even though this approach gives lower metrics, a similar pattern occurs : the calm and angry
songs have higher precision rates than the sad and happy songs. This is particularly true for the
angry songs. This can probably be explained by the genre of music this emotion is related to.
Most of the time, this latter is represented by metal songs, which have relatively distinguishable
vocals parts from any other genres.

Another interesting pattern we can observe is that the classifier tends to predict calm songs as
sad songs and inversely. A reason that can explain this comes from the fact that vocals in sad and
calm songs can sound similar and thus share similar characteristics.

One can notice that the recall for happy songs is noticeably high compared to the instrumental-
based analysis. This means it better identified the happy songs than with the instrumentals.

Table 6.8: Confusion Matrix of RF

c Precision Recall f1-score
1 0.63 0.60 0.62
2 0.50 0.44 0.47
3 0.59 0.77 0.65
4 0.80 0.8 0.8

Table 6.9: Precision, Recall and F1 of
RF

The accuracy rate with a logistic regression has remained steady around 54 %. Optimizing the
hyperparameters raised this rate to 55 % (see Figure A.5 in Appendix A for values). The confusion
matrix with the logistic regression model and the accuracy metrics can be observed in Table 6.10
and Table 6.11.

With this kind of classifier, one may notice that the errors related to sad and calm songs tend
to increase. Indeed, more calm songs are predicted with the sad label, such as more sad songs are
classified as calm songs. These misclassifications are reflected in the recall rate of the two categories.

On the other side, happy songs are identified with a precision of 91%, which is better than
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during the instrumental analysis. In other words, it predicts better the happy songs as happy.

Table 6.10: Confusion Matrix for LR

c Precision Recall f1-score
1 0.44 0.33 0.38
2 0.53 0.48 0.50
3 0.53 0.91 0.67
4 0.75 0.71 0.73

Table 6.11: Precision, Recall and F1
with LR

To conclude this analysis, we can say that this approach provides a lower accuracy rate than
the instrumental approach. At its best, it only predicts observations with an accuracy of 63 %
compared to 75 % with the previous approach. Neither random forests nor logistic regressions gave
better f1-scores than the random forests in the instrumental analysis.

This approach revealed nevertheless an interesting pattern. With a logistic regression, it out-
performs the instrumental analysis when it comes to predict the songs related to happiness. It
showed a recall of 91 %, compared to 76% with the instrumentals.

The low accuracy rate can be partially explained by the loss of quality information during the
separation process. Indeed, since it does not exist a software that perfectly extracts the vocals
part from the original track, the algorithm may not have taken the full spectrum of the voice
into consideration. This results into a voice as it was passed through a high-pass filter. Chances
to tackle this kind of separation problems would be to only work with perfectly separated voice-
instrumental. Until this day, the only way to get this approach right is by getting what we referred
as the stems of the songs. They represent the official instrumental and voice files which have been
directly recorded in the studio while production. Unfortunately, the music labels almost never
share this kind of files in order to keep their rights and royalties under control.

Furthermore, to grasp the difficulty of this approach, one should test to classify manually the
different songs according to their respective vocals. If some vocals would be easily classifiable such
as vocals from metal songs (and thus related to angriness), some others are not : vocals from sad
and calm tend to sound the same and reduce thus the chance to obtain great results.
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6.3 Lyrical Analysis Results

Regarding the classification based on the lyrics, both random forest and logistic regression models
have been tested with multiple preprocesses. As it can be observed in Table 6.12, the two ap-
proaches have been considered without stemming, but also with Porter and Snowball stemmers.
Additionally, they were tested with the concept of white list introduced earlier. It is denoted as
wl in the table.

As we can observe, the concept of sementic lexicon was particularly useful. With the random
forests, it increased the accuracy of 4 % whereas for the accuracy of logistic regressions was raised
by 10%. Regarding the stemming, two conclusions can be drawn. Porter approach gave a better
results than Snowball when no semantic lexicon was considered, but Snowball outperformed Porter
when it was the case. One can notice that the less words the classifier consider, the higher the
accuracy is.

Classifier Approach ACC (%)

Random Forest

without stem. (4029 w.) 31.2
Porter (3281 w.) 34.0

Snowball (3275 w.) 32.0
without stem. + wl (711 w.) 36.1

Porter + wl (609 w.) 36.3
Snowball + wl (605 w.) 38.2

Logistic Regression
without stem. (4029 w.) 24.0

Porter (3281 w.) 31.5
Snowball (3275 w.) 31.0

without stem. + wl (711 w.) 41.0
Porter + wl (609 w.) 47.0

Snowball + wl (605 w.) 49.0

Table 6.12: The different accuracy rates obtained from the lyrics-based classification

Let’s first analyse in depth the random forest model that provided the best accuracy rate. Its
confusion matrix is given in Table 6.13. The related metrics are shown in Table 6.14, highlighting
the poor performance of this model.

Table 6.13: Confusion Matrix for RF

c Precision Recall f1-score
1 0.29 0.53 0.38
2 0.18 0.15 0.17
3 0.55 0.30 0.39
4 0.60 0.50 0.55

Table 6.14: Precision, Recall and F1
with RF

The lowest precision rate belongs to the sad songs. This means the classifier predicts a song
to be sad but it is not. Indeed, calm songs are often wrongly predicted as sad. This observation
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explains this low precision rate, i.e. 18%. Inversely, the sad songs tend to be predicted as calm
songs, but also as angry ones too. This pattern is measured by a low recall, i.e. 15 %.

One unprecedented characteristic is that a lot of songs related to the sadness, the happiness
and angriness are predicted as calm songs. This is specially the case for the happy songs, for which
eleven of them are wrongly labelled as calm.

Let’s now consider the logistic regression model that gave the highest accuracy, i.e. 49 %. The
confusion matrix, the precision, the recall and F1 scores are given in Table 6.15 and 6.16. Com-
pared to the random forests, the f1-scores have all increased except for the angry class.

Table 6.15: Confusion Matrix for LR

c Precision Recall f1-score
1 0.67 0.59 0.62
2 0.38 0.38 0.38
3 0.40 0.40 0.40
4 0.50 0.56 0.53

Table 6.16: Precision, Recall and F1
with LR

The logistic regression model does not predict sad songs as calm, and barely not calm songs as
sad ones. This differs from the random forest approach. However, these both classes tend to be
both predicted as happy or angry, which was not the case with the other approach.

With the random forests, the happy songs were foremost predicted as calm songs. With a logis-
tic regression, these songs are also predicted as calm, but less frequently. They are more labelled
with the sadness or the angriness. One may notice that angry songs are, with this approach, more
predicted as happy, where it used to be more predicted as calm songs with random forests.

A partial answer to these low rates comes from the fact a lot of words are common in any
songs. As it was shown in Figure 3.8, words such as love or know are used in various contexts.
This induces confusion for the classification. Another reason that explains the low accuracy can
be found in the way song writers choose their lyrics. Most of the times, words are chosen for their
sounds or their rhymes, rather than for their meaning.
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6.4 Multimodal Analysis Results

After analyzing separately the three elements of a song, let’s focus on combining all these features
to determine if it provides a better accuracy and related metrics than the other supports.

The features that have been considered are the five features from the instrumental-based anal-
ysis, the four of the vocals analysis and the 605 words from the lyrical analysis. Regarding the
models, the random forests performed an accuracy of 67 %, whereas the logistic regression provided
47%. For this reason, the following paragraphs are only focused on the random forest model and
not on the logistic regression. However, if the reader wants to observe the confusion matrix and
the other metrics, they are given in Table A.6 and Table A.7 in Appendix A.

The confusion matrix of the random forest approach is illustrated in Table 6.17. The precision,
recall and F1-scores are given in Table 6.18. As it can be observed, the F1-scores are not higher
than the ones observed earlier, i.e. higher than the instrumental analysis based on random forests.

Calm songs are correctly identified. As shown in the confusion matrix, it is predicted as sad
only once. This is reflected by a high recall rate. The angry class is also well predicted, yet with
a bias for the happy category. It is also reflected by a high recall compared the other classes.

Regarding the precision, the calm, the sad and the happy classes share a lower rate compared
the angry one. This can be explained by the fact that, for example, sad songs are predicted as calm
and then it increases the number of false positives. This reduces the precision rate. Respectively,
happy songs tend be predicted as calm or as sad too.

If, at first sight, we could expect a better performance based on the combination of these
features, we can imagine how it adds complexity for the classifier. Indeed, due to the variety of
emotions expressed separately by the instrumental, the vocals and the lyrics, the distinction be-
tween classes tend to become fuzzy with that much sparsity.

Table 6.17: Confusion Matrix for RF

c Precision Recall f1-score
1 0.61 0.92 0.73
2 0.60 0.46 0.52
3 0.64 0.50 0.56
4 0.81 0.81 0.81

Table 6.18: Precision, Recall and F1
with RF

48



CHAPTER 7

CONCLUSION AND FURTHER WORK

In this thesis, we presented an unprecedented application of the emergent field of Music Emotion
Retrieval which gathers music, emotions and machine learning techniques. After reviewing the
state of the art of this relatively recent field and presenting the theory of MER, we investigated
separately the instrumental, the vocals and the lyrics of songs to determine which support carries
the most emotional content. The combination of three elements has been analysed as well. In order
to achieve this task two machine learning models, namely Random Forest and Logistic Regression,
have been considered. To the best of our knowledge, this work is unprecedented.

Table 7.1 summarizes the best accuracy rates that have been obtained for each of the four
analysis, both by random forest and logistic regression. The first conclusion that can be drawn is
that the accuracy rate of the instrumental analysis outperforms the rates of the other approaches,
from 10% to almost 20%. This means the instrumental is better at predicting the emotion of the
song than the vocal part, the lyrics or a combination of the three. In second position comes the
combination of three elements with an accuracy of 67 %, then the vocal part (63%), and finally
the lyrics (49 %).

Instrumental Vocals Lyrics Combined
RF LR RF LR RF LR RF LR

accuracy (%) 75 65 63 55 38.2 49 67 47

Table 7.1: Summary of accuracy rate for the instrumental, vocal and lyrics analysis

We can thus give an answer to the first question of this thesis : “which support, from lyrics,
vocals or the instrumental, gives the best accuracy for emotion classification ? Does a combination
of them give better results ?”. Experiments showed, in the context of this thesis, that the instru-
mentals provide the most accurate predictions, followed by a combination of the three supports
and then the vocals and the lyrics.

The low accuracy rate for the lyrics is consistent with the conclusion of some previous works :
lyrics alone are not as effective as audio for mood classification [128, 139]. Furthermore, regarding
the combination of three features, the variety of emotions separately expressed by the instrumen-
tal, the vocals and the lyrics makes the classification fuzzier rather than clearer. For this reason,
we understand why previous works based their prediction on the complete audio i.e. vocals and
instrumentals grouped, rather than isolated [49, 247]. Regarding the lyrics, experiments showed
that a better prediction can be obtained with a semantic lexicon combined with Snowball stemmer.

The second question can be answered too. As a reminder, it asked to determine which model,
from Random Forest or Logistic Regression, fits the best the concrete application of this thesis. By
looking at the Table 7.1 and the previous chapter, the random forest approach has outperformed
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the logistic regression for the audio analysis (vocals, instrumentals) and the multimodal analysis.
However the logistic regression model has provided a better accuracy for the lyrical analysis. Ad-
ditionally, this model has showed better performance regarding the prediction of the happy songs
when it only considered vocals. By analyzing the confusions matrices and the related metrics, we
noticed that the models were foremost good at predicting songs that have an opposite arousal, i.e.
calm songs versus angry songs. This can be explained by the fact we mostly used global features,
which are known to induce this kind of effects.

The reader may have understood it, multiple challenges exist in the research field. This is why
we would like to suggest some paths that could be explored into the future. One major drawback
of MER is the lack of cooperation across research institutes. Each one uses a different database
and conclusions from previous works are unfortunately not consistent. As result, these conclusions
cannot be extended to other datasets [60].

To address this problem, MER researchers should establish emotional benchmark databases
so that results would come from the same database and be comparable. A common accessible
database, analysed by experts, would be time-saving and would reduce errors such as songs labelled
with a non-corresponding emotion. As far as we can contribute to the Music Emotion Recognition
field, we freely released all the databases that have been used in this thesis. The reader, and any en-
thusiastic person, will find them at the following url : https://github.com/thomasberton/musicemo
tionrecognition

Before suggesting multiple paths that could be explored in the future, one should remember all
the assumptions and choices that have made before the classification process. First and foremost,
we opted for a categorical approach of the emotions. This means emotions are not represented by
coordinates but are separated in groups. Four categories have been taken into account, namely
the calmness, the sadness, the happiness and the angriness. These four emotions represent two
groups of two opposed categories in the Hevner’s adjectives checklist. Furthermore, one should
look back at the features that have been considered for each approach. For the instrumentals,
a mix of high and low-level features has been finally kept. There were the zero-cross rate, the
bpm, the pitch, the danceability and the loudness. The vocals have been analysed under the light
of four features, which were the pitch, the spectral centroid, the roll-off and the zero-cross rate.
Finally, the lyrics have been preprocessed before classification : punctuation has been removed as
well as stop words, assuming they don’t contribute the emotion classification. All the words have
been lower-cased too. Classification has been tested with and without stemming, with and without
semantic consideration.

These multiple assumptions pave the way for exploring new paths for further research. First,
future works should investigate a larger set of emotions or a dimensional approach, where emotions
are defined in terms of arousal and valence.

Besides, it is suggested to explore features that have not been considered in the thesis, e.g.
TEO-features for vocals, in order to determine if they can increase or reduce the performances.
One can explore to separate the vocals from the instrumental in a different way than the RX7
software too. Moreover, other preprocessing steps (e.g. lemmatization) could be tested for the
lyrics.

Regarding the machine learning classifier, the thesis only considered random forest and logistic
regression models. Even though they achieved some acceptable results, especially for the instru-
mentals, one should explore other machine learning techniques in hope to improve automatic music
emotion classification in the future.
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APPENDIX A

ADDITIONAL FIGURES

Category Examples
Top Level labels Genre - pop, blues, classical,etc

Mood - happy, sad, angrily, etc
Instrumental - piano, guitar, violin, drum, etc
More - artist, style, similar song, etc

Middle Level Labels Rhythm
Pitch
Harmony

Low Level Labels Timbre - zero crossing rate, spectral centrol, spectral rolloff, etc
Temporal - SM, AM,ARM, etc

Figure A.1: Different categories of audio features [47]

Figure A.2: Graph of log2(x) as a function of a positive real number x
[16]
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Figure A.3: Part of the tree-based structure of WordNet-Affect [212]

happy

24.1%

sad

25.8%

calm

25.8%

angry

24.4%

Figure A.4: Presence in % of each emotion in the database

Figure A.5: Illustration of a 10-fold cross validation process
[113]
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)

Hyperparameters Values
criterion entropy

bootstrap True
max depth 90
max feature ’auto’

min samples leaf 3
min samples split 8

n estimators 300

Table A.1: Best values for the RF hyperparameters in instrumental analysis

Hyperparameters Values
penalty ’l1’

C 100.0
fit intercept true

max iter 100
tol 0.0001

Table A.2: Best values for the LR hyperparameters in instrumental analysis

Hyperparameters values
criterion entropy

bootstrap False
max depth 80
max feature ’sqrt’

min samples leaf 1
min samples split 10

n estimators 1000

Table A.3: Best values for RF hyperparameters in vocal analysis

(hyper) parameters values
C 1

class weight None
dual false

fit intercept true
intercept scaling 1

max iter 100
multi class ’warn’

n jobs none
penalty ’l1’

random state none
solver ’warn’

tol 0.0001
verbose 0

warm start false

Table A.4: Best values for LR hyperparameters in instrumental analysis
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Class. Approach ACC (%) PRE (%) REC (%) F1 (%)

LR

without stem. 24.0 18.0 21.0 38.0 33.0 18.0 54.0 15.0 17.0 18.0 30.0 21.0 22.0
Porter 31.5 26.0 26.0 38.0 33.0 29.0 54.0 15.0 17.0 28.0 35.0 21.0 39.0

Snowball 31.0 26.0 26.0 40.0 42.0 29.0 54.0 20.0 28.0 28.0 35.0 27.0 33.0
/ + wl 44.0 45.0 24.0 50.0 58.0 59.0 31.0 25.0 61.0 51.0 27.0 33.0 59.0

Porter + wl 44.0 45.0 29 40 57 53.0 38.0 20.0 67.0 49.0 33.0 27.0 62.0
Snowball + wl 43.0 42.0 29 36 57 47.0 38.0 20.0 67.0 44.0 33.0 26.0 62.0

Table A.5: Accuracy metrics for the lyrical analysis with LR

Table A.6: Confusion Matrix for LR

c Precision Recall f1-score
1 0.40 0.33 0.36
2 0.35 0.46 0.40
3 0.40 0.29 0.33
4 0.67 0.75 0.71

Table A.7: Precision, Recall and F1
with LR
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APPENDIX B

MFCC

Figure B.1: MFCC coefficients extraction process

Pre-emphasis emphasis

In the very first step, the pre-emphasis one, the signal is passed through a filter which emphasizes
high frequencies, i.e. increases the energy of signal at higher frequency [176]. This is required since
high frequency components have small amplitude compared to low frequency components. Let X
be the discrete-time signal input, the output Y of the pre-emphasis filter can be formulated as
(B.1). The parameter n is integer number between 1 and N -1, N being the length of the signal.
The α term is a positive parameter between 0 and 1 and controls the degree of pre-emphasis
filtering. Classical value for this parameter is 0,97 [119].

Y [n] = X[n]− α×X[n− 1] (B.1)

Framing and Windowing

The second step regards the framing and windowing processes. Framing is the process of segment-
ing the speech signal into small duration blocks (e.g. between 20∼30 ms) referred as frames in
the time domain [75, 148, 203]. The frames contain N samples and are overlapped within each
others by M samples (M < N). This overlaps generally correspond to 50∼70% of the length of
the frames. This framing step is required since speech is a time varying signal : we assume the
overall signal is non-stationary, but stationary and periodic for a short period of time [176].

After the framing step, each individual frame is multiplied by a window. The framing process
breaking the continuity between the different blocks, one must reduce these differences by smooth-
ing the transition between frames [55]. This is the role of windowing. A window function can
be defined as a mathematical function which outputs zero outside a defined region, one otherwise
[172]. There exist multiple window function but the one used in the context of MFCC is the Ham-
ming function [96]. It is a bell-shaped window which sets the beginning and the end of each frame
at almost zero. The formula of Hamming window is described in (B.2), where N is the length of
the window and n a sample in this window. Applying this window on each frame is expressed in
Equation (B.3), where X is the discrete input signal, Y the discrete output signal and w(n) the
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Hamming window.

w[n] =

{
0.54− 0.46 cos( 2πn

N−1 ) 0 ≤ n ≤ N − 1

0 otherwise
(B.2)

Y [n] = X[n]× w[n] (B.3)

Fast Fourier Transform

The third step computes the Discrete Fourier Transform of a signal [31, 179]. DFT is the result
of converting each frame of the signal from time domain into frequency domain. One existing
algorithm to generate this DFT is the Fast Fourier Transformation [44]. Let N be the number of
bins in the input signal x, the discrete Fourier transform X[k] is expressed as follows :

X[k] =

N−1∑
n=0

x[n]e−jknπN 0 < k ≤ N − 1 (B.4)

Mel Filter Bank

The fourth step highlights an important point : human perception of frequency is non-linear [217].
For this reason, another scale is used, which is the mel scale [50]. During their experiments, Steven
et al [217] designed the scale as linearly below 1000 Hz and logarithmic above. The conversion of a
frequency on the mel scale is expressed in Equation (B.5), f being the frequency to be converted.
The frequency f0 is chosen such that below it, the mel scale changes linearly and above it, it
changes logarithmically [158]. Common value for this corner frequency is between 700 and 1000.
The constant C is chosen such that 1000 Hz correspond to 1000 mels [158]. Assuming 700 as f0
this gives the constant C = 2595.

Mel(f) = C × log10(1 +
f

f0
) (B.5)

The human ears act as filters and are non-uniformly spaced on the frequency axis : more filters
are present at the low frequencies, whereas fewer filters are found at high frequencies. To mimic
this human perception, researchers have come up with the concept of filterbank [129], shown in
Figure B.2. It groups overlapping triangular bandpass filters (denoted by different colours) which
are linearly equally-spaced below 1 kHz and logarithmic equally-spaced above.

Figure B.2: Mel scale filter bank from Young et al, 1997 [129]

They are applied to the spectrum, giving thus the mel spectrum, and each filter output is the
sum of its filtered spectral components. Assuming M filters, this output Ym of the mth filter can
be expressed as (B.6). The term Hm[k] is the frequency magnitude response of the mth filter and
X[k] is the FFT spectrum of the windowed speech [69]. The output of the mth filter can be seen
as the magnitude of the speech in its frequency region, weighted by the filter response [69].

Y [m] =

K∑
k=0

X[k]×Hm[k] 0 < m ≤M − 1 (B.6)
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The Log Of Powers

The fifth step, often grouped with the previous one, is a reformulation of the previous equation.
It computes the logarithm of the squared magnitude X[k]. This is motivated by the fact human
response to signal level is logarithmic [66, 218]. This means humans are less sensitive to small
differences between high amplitudes than with low amplitudes. Given that, one can rewrite the
previous equation as (B.7), where E[m] denotes now the mth log-energy mel spectrum coefficient.

E[m] = ln

[ K∑
k=0

|X[k]|2 ×Hm[k]

]
0 < m ≤M − 1 (B.7)

The Discrete Cosine Transform

The sixth and last step in the extraction process of MFCC is converting the log mel spectrum into
a time domain. This can be achieved by a Discrete Cosine Transform [179]. Understanding the
motivation of this step requires to introduce the source-filter model [217]. According this model,
a signal is composed by the source, the vocals folds, and shaped by a filter, the vocal tract. The
source is not important for ASR because most of the important information is carried in the filter
[222]. One way to solve this problem is to compute the spectrum of the log of the spectrum, which
is defined as the cepstrum1.

In the context of the MFCC, we compute the cepstrum of the mel spectrum, which produces
the mel-frequency cepstrum. Hence, applying a DCT on the mel-frequency coefficients produces
the Mel-Frequency Cepstrum Coefficients. Most widely DCT used for speech processing is DCT-II
[106, 179]. Due to its energy compacting, it implies more concentrated coefficients at lower indices.
Higher coefficients tend to be noisy and carry less information. This property allows approximating
the speech signal with fewer coefficients [92] and this is why a lot of researchers only consider the
first 13 MFCC coefficients [109]. Each MFCC ci is computed according to the Equation (B.8).

ci =

M∑
m=1

E[m] cos

[
iπ

M

(
m− 1

2

)]
0 < m ≤M − 1 (B.8)

1The term cepstrum is derived by reversing the first four letters of ”spectrum”
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APPENDIX C

TF-IDF SCORE

As for the audio analysis, feature extraction is one of the key stages of Lyrics-based Music In-
formation Retrieval. There exist multiple approaches to extract relevant features. For instance,
some previous works based the emotion of the lyrics on the most important words of the song
[120, 246, 88]. Differently, other researchers focused on interjection words (e.g. ”ooh”, ”ah””) and
special punctuation marks (e.g. ”!”, ”?”) [177, 100].

In the thesis, the focus has been set on the words themselves and their related importance.
Assuming this, one may ask how to estimate the importance of each word ? There exists a metric
to compute it, which is called the term frequency - inverse document frequency [13, 194]. It is a
well-known method in information retrieval and text mining [220, 97].

With a tf-idf approach, each word is given a weight that represents a statistical measure to
evaluate how important is this word in a document, in a collection of document1. The intuition
behind this score can be described as follows : the words that appear frequently are less important
than the terms that are rare. Formally speaking, the tf-idf weight is composed of two terms.

The first one represents the term-frequency (abr. tf). It measures the importance of a term
within a particular document [191]. Mathematically speaking, it is the number of times a word
appears in a document, divided by the total number of words in that document. This normalization
is necessary to tackle the bias that appears with long documents : a term would naturally appear
much more times in long documents than shorter ones. Let i be a term in the document j, fi,j the
frequency of this word in the document and nw the number of words in the document. The term
frequency tfij is hence defined as follows :

tfij =
fij∑nw

i=1 fij
(C.1)

The second term, i.e. the inverse document frequency (abr. idf), measures how important a
term is regarding a particular document, compared to all other documents. Broadly speaking, it
measures the general importance of the word. This quantity is particularly useful since common
words such as is or a may appear very frequently in many documents, but don’t provide useful
information. For this reason, excessively frequent words are weighted down, while rare ones are
scaled up. The logarithm scale is used for that purpose. Let P (wi) be the a priori probability of a
word wi to appears in a document, the idf score of this word is measured as (3.16). Note that the
result of the binary logarithm is reversed since it outputs negative values between ]-∞,1] (see the
graph of the function in Figure A.2 in Appendix A).

idfi = − log2

[
P (wi)

]
(C.2)

Finally, the term frequency - inverse document frequency is calculated as in Equation (C.3). A
high tf-idf score for a word wi is thus achieved by a high term frequency and low inverse document

1The documents are, in this case, the lyrics of the songs.
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frequency. Hence, the weights tend to filter out common terms. Indeed the more a word wi is
expected to be in the document the more high is its probability P (wi). Let P (wi)=1, this results
as log2(1) = 0 and thus idf and tf -idf equal to zero.

tf -idfij = idfi · tfij (C.3)

The tf -idf score has been computed for each word from the lyrics via a Python function called
Tfidfvectorizer [200, 224]. Once this step has been reached, one must define the min df and
max df parameters. They respectively represent the document frequency below / above the terms
are ignored. Unfortunately, there does not exist common values to set these parameters. They
have to be defined empirically [237].
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