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ABSTRACT

Music mood recognition by machine continues to attract attention from both

academia and industry. This thesis explores the hypothesis that the music emo-

tion problem is circular, and is a primary step in determining the efficacy of cir-

cular regression as a machine learning method for automatic music mood recogni-

tion. This hypothesis is tested through experiments conducted using instances of the

two commonly accepted models of affect used in machine learning (categorical and

two-dimensional), as well as on an original circular model proposed by the author.

Polygonal approximations of circular regression are proposed as a practical way to

investigate whether the circularity of the annotations can be exploited. An original

dataset assembled and annotated for the models is also presented. Next, the archi-

tecture and implementation choices of all three models are given, with an emphasis

on the new polygonal approximations of circular regression. Experiments with differ-

ent polygons demonstrate consistent and in some cases significant improvements over

the categorical model on a dataset containing ambiguous extracts (ones for which

the human annotators did not fully agree upon). Through a comprehensive analysis

of the results, errors and inconsistencies observed, evidence is provided that mood

recognition can be improved if approached as a circular problem. Finally, a proposed

multi-tagging strategy based on the circular predictions is put forward as a pragmatic

method to automatically annotate music based on the circular model.
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Chapter 1

Introduction

Emotions are part of our daily life. Sometimes in the background, other times with

overwhelming power, emotions influence our decisions and reactions, for better or

worse. They can be physically observed occurring in the brain through both mag-

netic resonance imaging (MRI) and positron emission tomography (PET) scans. They

can be quantified, analyzed and induced through different levels of neurotransmit-

ters. They have been measured, modelled, analyzed, scrutinized and theorized by

philosophers, psychologists, neuroscientists, endocrinologists, sociologists, marketers,

historians, musicologists, biologists, criminologists, lawyers, and computer scientists.

But emotions still retain some of their mystery, and with all the classical philosophy

and modern research on emotion, few ideas have transitioned beyond theory to widely

accepted principles.

To make matters even more complicated, emotional perception is to some degree

subjective. Encountering a grizzly bear during a hike will probably induce fear in

most of us, but looking at kittens playing doesn’t necessarily provoke tender feelings

in everyone. The emotional response individuals have to art is again, a step further in

complexity. Why do colours and forms, or acoustic phenomena organized by humans

provoke an emotional response? In considering music, what is the specific arrange-

ment of sound waves that can make one happy, or nostalgic, or sad? Is there a way to

understand and master the art of manipulating someone’s emotions through sound?

Machine recognition of music emotion has received the attention of numerous

researchers over the past fifteen years. Many applications and fields could benefit from

efficient systems of mood detection with increases in the capacity of recommendation

systems, better curation of immense music libraries, and potential advancements in

psychology, neuroscience, and marketing to name a few. The task however is far
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from trivial; robust systems require their designers to consider factors from many

disciplines including signal processing, machine learning, music theory, psychology,

statistics, and linguistics [39].

Applications

The digital era has made it much easier to collect music, and individuals can now

gather massive music libraries without the need of an extra room to store it all. Media

players offer their users a convenient way to play and organize music through typical

database queries on metadata such as artist, album name, genre, tempo in beats per

minute (BPM) etc. The ability to create playlists is also a basic feature, allowing the

possibility to organize music in a more personal and meaningful way.

Most media players rely on the metadata encoded within the audio file to retrieve

information about the song. Basic information such as the name of the artist, song

title and album name are usually provided by the music distributor, or can be specified

by the user. Research shows that the foremost functions of music are both social and

psychological, that most music is created with the intention to convey emotion, and

that music always triggers an emotional response [16, 34, 67, 75]. Unfortunately,

personal media players do not yet offer the option to browse or organize music based

on emotions or mood.

There exists a similar demand from industry to efficiently query their even larger

libraries by mood and emotion, whether it is to provide meaningful recommendations

to online users, or assist the curators of music libraries for film, advertising and

retailers. To the best of my knowledge, the music libraries allowing such queries rely

on expert annotators, crowd sourcing, or a mix of both; no system solely relies on the

analysis of audio features.

The Problem

Music emotion recognition has been attracting attention from the psychological and

Music Information Retrieval (MIR) communities for years. Different models have

been put forward by psychologists, but the categorical and two-dimensional models

have been favoured by computer scientists developing systems to automatically iden-

tify music emotions based on audio features. Both of these models have achieved

good results, although they appear to have reached a glass ceiling, measured at 65%

by Aucouturier and Pachet [53] in their tests to improve the performance of systems
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relying on timbral features, over different algorithms, their variants and parameters.

This leads to the following questions: Have we really reached the limits in ca-

pabilities of these systems, or just not quite found the best emotional model yet?

Providing an emotional model capable of better encompassing the human emotional

response to music, could we push this ceiling further using a similar feature space?

In this work, I make the following contributions:

• a demonstration of the potential of modelling the music emotion recognition

problem as one that is circular

• an original dataset and its annotation process as a means to explore the human

perception of emotion conveyed by music

• an exploration of the limits of the two mainly accepted models: the categorical

and the two-dimensional

• an approximation to circular regression called Polygonal Circular Regression,

as a practical way to investigate whether the circularity of the annotations can

be exploited.

1.1 Terminology

Let me begin by defining terms that will be used throughout this thesis. In machine

learning, classification is the class of problems attempting to correctly identify the

category an unlabelled instance belongs to, following a training on a set of labelled

examples for each defined category. Categories may be representing precise concepts

(for example Humans and Dogs), or a group or cluster of concepts (for example

Animals and Vascular Plants). Because of its name, the categories of a classification

problem are often referred to as classes. Throughout this thesis the terms category,

cluster and class are used interchangeably.

Music Information Retrieval (MIR) is an interdisciplinary science combining mu-

sic, computer science, signal processing and cognitive science, with the aim of retriev-

ing information from music, extending the understanding and usefulness of music

data. MIR is a broad field of research that includes diverse tasks such as automatic

chord recognition, beat detection, audio transcription, instrumentation, genre, com-

poser and emotion recognition among others.
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Emotions are said to be shorter lived and more extreme than moods, while moods

are said to be less specific and less intense. However, throughout this thesis the terms

emotion and mood are used interchangeably to follow the conventions established in

existing literature on the music emotion recognition problem.

Last, it is also useful to clarify that Music Emotion Recognition (MER) systems

can refer to any system who’s intent is to automatically recognize the moods and

emotions of music while Automatic Mood Classification (AMC) specifically refers to

MER systems built following the categorical model architecture, treating the problem

as a classification problem.

1.2 Thesis Organization

Chapter 1 introduces the problem, its application, and the terminology used through-

out the thesis.

Chapter 2 begins with an overview of the different emotional models put forward

in psychology, and reviews the state of the art music mood recognition systems.

Chapter 3 reports on the common methodologies chosen by the community when

building a dataset, and details the construction and annotation of the dataset

used in this work.

Chapter 4 defines the three different models built to perform the investigation,

namely the categorical, polygonal circular and two-dimensional models.

Chapter 5 reports on the results of the different models used to conduct this inves-

tigation.

Chapter 6 analyzes the results, providing evidence of the circularity of the emotion

recognition problem.

Chapter 7 discusses future work required to explore a full circular-linear regres-

sion model, in which a mean angular response is predicted from a set of linear

variables.

Because part of the subject at hand is music, and to provide the reader with

the possibility of auditory examples, two songs from the dataset will be used as case

studies. They consist of two thirty second clips extracted from 0:45 to 1:15 of the

following songs:
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• Life Round Here from James Blake (feat. Chance The Rapper)

• Pursuit of Happiness from Kid Cudi (Steve Aoki Dance Remix)

They are introduced in Chapter 3, where they first illustrate how human annotators

can perceive the moods of the same music differently, based on their background,

lifestyle, and musical tastes. They are later used as examples of ground truth in the

categorical, circular and two-dimensional annotations. In Chapter 5, their response to

all three models is reported, and they are used in Chapter 6 as a basis for discussion.

There is no question about the necessity or demand for efficient music emotion

recognition systems. Research in computer science has provided us with powerful

computers and several machine learning algorithms. Research in electrical engineer-

ing and signal processing produced tools for measuring and analyzing multiple dimen-

sions of acoustic phenomena. Research in psychology and neurology has given us a

better understanding of human emotions. Music information retrieval scientists have

proposed many models and approaches to the music emotion recognition problem

utilizing these findings, but seem to have reached a barrier to expand the capabilities

of their systems further.

This thesis presents the idea that human emotional response to music could be

further improved by a using a continuous model, capable of better representing the

nuances of emotional experience. I propose a continuous circular model, a novel ap-

proach to circular regression approximation called polygonal circular regression, and

a pragmatic way to automatically annotate music utilizing this method. Comprehen-

sive experiments have yielded strong evidence suggesting the circularity of the music

emotion recognition problem, opening a new research path for music information

retrieval scientists.
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Chapter 2

Previous Work

Music emotion recognition (MER) is an interdisciplinary field with many challenges.

Typical MER systems have several common elements, but despite continuous work

by the research community over the last two decades, there is no strong consensus

on the best choice for each of these elements. There is still no agreement on the

best: emotional model to use, algorithm to train, audio features to employ or the

best way to combine them. Human emotions have been scrutinized by psychologists,

neuroscientists and philosophers, and despite all the theories and ideas put forward,

there are still aspects that remain unresolved. The problem doesn’t get any easier

when music is added to the equation.

There is still no definitive agreement on the best way to approach the music emo-

tion recognition problem. Although psychological literature provides several models

of human emotion: discrete, continuous, circular, two and three-dimensional, and

digital processing now makes it possible to extract complex audio features, we have

yet to find which model best correlates this massive amount of information to the

emotional response one has to acoustic phenomena. Despite numerous powerful ma-

chine learning algorithms now being readily available, the question remains, how do

we teach our machines something we don’t quite fully understand ourselves?

The MIR community is left with many possible combinations of models, algorithms

and audio features to explore making the evaluation of each approach complex to

analyze, and their comparison difficult. Nevertheless, this chapter presents some of

the most relevant research on the music emotion recognition problem, beginning with

an overview of the commonly accepted emotional models and terminology, followed

by the strategies deployed by MER researchers to implement them.



7

2.1 Emotion Models and Terminology

The dominating methods for modelling emotions in music are categorical and dimen-

sional, representing over 70% of the literature covering music and emotion between

1988 and 2008 according to the comprehensive review on music and emotion studies

conducted by Eerola and Vuoskoski [10]. This section explores different examples of

these models, their mood terminology and implementation.

2.1.1 Categorical Models

Categorical models follow the idea that human emotions can be grouped into discrete

categories, or summarized by a finite number of universal primary emotions (typically

including fear, anger, disgust, sadness, and happiness) from which all other emotions

can be derived [11, 35, 37, 52, 58]. Unfortunately, authors disagree on which are the

primary emotions and how many there actually are.

One of the most renowned categorical models of emotion in the context of music

is the adjective checklist proposed by Kate Hevner in 1936 to reduce the burden of

subjects asked to annotate music [29]. In this model, illustrated in Figure 2.1, the

checklist of sixty-six adjectives used in a previous study [28] is re-organized into eight

clusters and presented in a circular manner.

First, Hevner instructed several music annotators to organize a list of adjectives

into groups such that all the adjectives of a group were closely related and compatible.

Then they were asked to organize their groups of adjectives around an imaginary circle

so that for any two adjacent groups, there should be some common characteristic to

create a continuum, and opposite groups to be as different as possible.

Her model was later modified by others. First, Farnsworth [12, 13] attempted to

improve the consistency within the clusters as well as across them by changing some

of the adjectives and reorganizing some of the clusters. It resulted in the addition

of a ninth cluster in 1954, then a tenth in 1958, but these modifications were made

with disregard to the circularity. In 2003, Schubert [64] revisited the checklist, taking

into account some of the proposed changes by Farnsworth, while trying to restore

circularity. His proposition was forty-six adjectives, organized in nine clusters.

Hevner’s model is categorical, but the organization of the categories shows her

awareness of the dimensionality of the problem. One of the advantages of using

this model according to Hevner herself, is that the more or less continuous scale

accounted for small disagreements amongst annotators, as well as the effect of pre-
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Figure 2.1: Hevner’s adjective checklist circle [29].

existing moods or physiological conditions that could have affected the annotators’

perceptions. Although Hevner’s clusters are highly regarded, it has not been used in

its original form by the MIR community.

To this day, there is no consensus on the number of categories to use, or their

models [75] when it comes to designing MER systems. This makes comparing mod-

els and results difficult, if not nearly impossible. Nevertheless, the community-based

framework for the formal evaluation of MIR systems and algorithms, the Music In-
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formation Retrieval Evaluation eXchange (MIREX) [8], has an Audio Music Mood

Classification (AMC) task regarded as the benchmark by the community since 2007

[33].

Five clusters of moods proposed by Hu and Downie [32] were created by means

of statistical analysis of the music mood annotations over three metadata collections

(AllMusicGuide.com, epinions.com and last.fm). The resulting clusters shown in

Table 2.1 currently serve as categories for the task.

C1 C2 C3 C4 C5

Rousing
Rowdy

Boisterous
Confident
Passionate

Rollicking
Amiable/

Good-natured
Fun

Cheerful
Sweet

Autumnal
Bittersweet

Literal
Wistful

Poignant
Brooding

Witty
Humorous
Whimsical

Wry
Campy
Quirky

Silly

Agressive
Volatile
Fiery

Visceral
Tense

Anxious
Intense

Table 2.1: MIREX Mood clusters used in AMC task

The AMC challenge attracts many MIR researchers each year, and several inno-

vative approaches have been put forward. A variety of machine learning techniques

have been selected to train classifiers, but most successful systems tend to rely on

Support Vector Machines (SVM) [42, 55, 2].

Among the first publications on categorical models is the work of Li and Ogihara

[46]. The problem was approached as a multi-label classification problem, where the

music extracts are classified into multiple classes, as opposed to mutually exclusive

classes. Their research came at a time where such problems were still in their infancy,

and hardly any literature and algorithms were available. To achieve the multi-label

classification, thirteen binary classifiers were trained on SVMs to determine if a song

should receive or not, each of the thirteen labels based on the ten clusters proposed

by Farnsworth in 1958 and an extra three clusters they added. The average accuracy

of the thirteen classifiers is 67.9%, but the recall and precision measures are overall

low.

The same year, Feng, Zhuang and Pan [14] experimented with a simple Back-

Propagation (BP) Neural Network classifier, with ten hidden layers and four output

nodes to perform a discrete classification. The three inputs of the system are audio

features looking at relative tempo (rTEP ), and both the mean and standard deviation

of the Average Silence Ratio (mASR and vASR) to model the articulation. The
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output of the BP-Neural Network are scores given by the four output nodes associated

with four basic moods: Happiness, Sadness, Anger, Fear. The investigation was

conducted on 353 full length modern popular music pieces. The authors reported a

precision of 67% and a recall of 66%. However, no accuracy results were provided,

there is no information on the distribution of the dataset, and only 23 of the 353

pieces were used for testing (6.5%), while the remaining 330 was used for training

(93.5%).

In 2007, Laurier et al. [42], reached an accuracy of 60.5% on 10-fold cross-

validation at the MIREX AMC competition using SVM with the Radial Basis Func-

tion (RBF) kernel. To optimize the cost C and the γ parameters, an implementation

of the grid search suggested by Hsu et al. [31] was used. This particular step has

been incorporated in most of the subsequent MER work employing an RBF kernel

on SVM classifiers. Another important contribution came from their error analysis;

by reporting the semantical overlap of the MIREX clusters C2 and C4, as well as the

acoustic similarities of C1 and C5, Laurier foresaw the limits of using the model as a

benchmark.

In 2009, Laurier et al. [43] used a similar algorithm on a dataset of 110 fifteen sec-

ond extracts of movie soundtracks to classify the music into five basic emotions (Fear,

Anger, Happiness, Sadness, Tenderness), reaching a mean accuracy of 66% on ten

runs of 10-fold cross-validation. One important contribution was their demonstration

of the strong correlation between audio descriptors such as dissonance, mode, onset

rate and loudness with the five clusters using regression models.

The same year, Wack et al. [74] achieved an accuracy of 62.8% at the MIREX

AMC task also using SVM with an RBF kernel optimized by performing a grid search,

while Cao and Ming reached 65.6% [6] combining an SVM with a Gaussian Super

Vector (GSV-SVM), following the sequence kernel approach to speaker and language

recognition proposed by Cambell et al. in 2006 [5].

In 2010, Laurier et al. [44] relied on SVM with the optimized RBF kernel, on four

categories (Angry, Happy, Relaxed, Sad). In this case however, one binary model

per category was trained (e.g. angry, not angry), resulting in four distinct models.

The average accuracy of the four models is impressive, reaching 90.44%, but it is

important to note that a binary class reaches 50% on random classification, and

that efforts were made to only include music extracts that clearly belonged to their

categories, eliminating any ambiguous extracts. Moreover, their dataset has 1000

thirty second extracts, but the songs were split into four datasets, one for each of the
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four models. It results in having only 250 carefully selected extracts used by each

model.

In 2012, Panda and Paiva also experimented with the idea of building five different

models, but they followed the MIREX clusters and utilized Support Vector Regression

(SVR). Using an original dataset of 903 thirty second extracts built to emulate the

MIREX dataset, the extracts were then divided in five cluster datasets, each including

all of the extracts belonging to the cluster labelled as 1, plus the same amount of

extracts coming from other clusters labeled as 0. For example, dataset three included

215 songs belonging to cluster C3 labeled as 1, and an additional 215 songs belonging

to clusters C1, C2, C4 and C5 labeled as 0. Regression was used to measure how

much a test song related to each cluster model. The five outputs were combined and

the highest regression score determined the final classification. No accuracy measures

were provided, but the authors reported an F-measure of 68.9%. It is also interesting

to note that the authors achieved the best score at the MIREX competition that year,

with an accuracy of 67.8%.

The MIREX results since the beginning of the AMC tasks have slowly progressed

from 61.5% obtained by Tzanetakis in 2007 [71] to the 69.5% obtained by Ren, Wu and

Jang in 2011 [62]. The latter relied on the usual SVM algorithm, but their submission

differed from previous works in utilizing long-term joint frequency features such as

acoustic-modulation spectral contrast/valley (AMSC/AMSV), acoustic-modulation

spectral flatness measure (AMSFM), and acoustic-modulation spectral crest measure

(AMSCM), in addition to the typical audio features. To this day, no one has achieved

better results at the MIREX AMC. Although less popular, other algorithms such as

Gaussian mixture models [59, 47] have provided good results.

Unfortunately, the subjective nature of emotional perception makes the categor-

ical models both difficult to define and evaluate [76]. Consensus among people is

somewhat rare when it comes to the perception of emotion conveyed by music, and

reaching agreement among the annotators building the datasets if often problematic

[33]. It results in a number of songs and music being rejected from those datasets

as it is impossible to assign them to a category, and they are thus ignored by the

AMC systems. The lack of consensus on a precise categorical model can be seen both

as a symptom and an explanation for its relative stagnation; if people can’t agree

on how to categorize emotions, how could computers? These weakness of categorical

models continue to motivate researchers to find more representative approaches, and

the most utilized alternatives are the dimensional models.
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2.1.2 Dimensional Models

Dimensional models are based on the proposition that moods can be modelled by

continuous descriptors, or multi-dimensional metrics. For the music emotion recogni-

tion problem, the dimensional models are typically used to evaluate the correlation of

audio features and emotional response, or are translated into a classification problem

to make predictions. The most commonly used dimensional model by the MIR com-

munity is the two-dimensional valence and arousal (VA) model proposed by Russell

in 1980 [63] as the circumplex model, illustrated in Figure 2.2.

Figure 2.2: The circumplex model as proposed by Russell in 1980 [63].

The valence axis (x axis on figure 2.2) is used to represent the notion of negative vs.

positive emotion, while the Arousal scale (y axis) measures the level of stimulation.
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Systems based on this model typically build two regression models (regressors), one

per dimension, and either label a song with the two values, attempt to position

the song on the plane and perform clustering, or utilize the four quadrants of the

two-dimensional model into categories, treating the MER problem as a categorical

problem.

Another two-dimensional model based on similar axes and often used by the MIR

community is Thayer’s model [68], shown in Figure 2.3, where the axes are defined

as Stress and Energy. This differs from Russell’s model as both axes are looking

at arousal, one as an energetic arousal, the other as a tense arousal. According to

Thayer, valence can be expressed as a combination of energy and tension.

Figure 2.3: Thayer’s mood model, as as illustrated by Trohidis et al. [69].

One of the first publications utilizing a two-dimensional model was the 2006 work

of Lu, Lui and Zhang [47] where Thayer’s model is used to define four categories,

and the problem is approached as a classification one. They were the first to bring

attention to the potential relevance of the dimensional models put forward in psy-

chological research. Using 800 expertly annotated extracts from 250 classical and

romantic pieces, a hierarchical framework of gaussian mixture models (GMM) was

used to classify music into one of the four quadrants defined as Contentment, Depres-

sion Exuberance, Anxious/Frantic. A first classification is made using the intensity

feature to separate clips into two groups. Next, timbre and rhythm are analyzed

through their respective GMM and the outputs are combined to separate Content-

ment from Depression for group 1, and Exuberance from Anxious/Frantic for group

2. The accuracy reached was 86.3%, but it should be noted that several extracts are
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used from the same songs to build the dataset, potentiality overfitting the system.

In 2007, MacDorman et al. [48] trained two regression models independently to

predict the pleasure and arousal response to music. Eighty-five participants were

asked to rate six second extracts taken from a hundred songs. Each extract was rated

on eight different seven point scales representing pleasure (happy-unhappy, pleased-

annoyed, satisfied-unsatisfied, positive-negative) and arousal (stimulated-relaxed, excited-

calm, fenzied-sluggish, active-passive). Their study found that the standard deviation

of the arousal dimension was much higher than for the pleasure dimension. They

also found that the arousal regression model was better at representing the variation

among the participants’ ratings, and more highly correlated with music features (e.g.

tempo and loudness) than the pleasure model.

A year later, Yang et al. [76] also trained an independent regression model for

each of the valence and arousal dimensions, with the intention of providing potential

library users with an interface to choose a point on the two-dimensional plane as a

way to form a query to work around the terminology problem. Two-hundred and fifty-

three volunteers were asked to rate subsets of their 195 twenty-five second extracts on

two (valence and arousal) eleven point scales. The average of the annotators is used

as the ground truth for support vector machines used as regressors. The R2 statistics

reached 58.3% for the arousal model, and 28.1% for the valence.

In 2009, Han et al. [25] also experimented with Support Vector Regression (SVR)

with eleven categories placed over the four quadrants of the two-dimensional valence

arousal (VA) plane, using the central point of each category on the plane as their

ground truth. Two representations of the central point were used to create two

versions of the ground truth: cartesian coordinates (valence, arousal), and polar

coordinates (distance, angle). The dataset is built out of 165 songs (fifteen for each

of the eleven categories) from the allmusic.com database. They obtained accuracies

of 63.03% using their cartesian coordinates, and an impressive 94.55% utilizing the

polar coordinates. The authors report testing on v-fold cross-validation with different

values of v, but do not provide specific values. There is also no indication whether

the results were combined for different values of v, or if they only presented the ones

for which the best results were obtained.

In 2011, Panda and Paiva [55] proposed a system to track emotion over time in

music using SVMs. For this work, the authors used the dataset built by Yang et al.

[76] in 2008, selecting twenty-nine full songs for testing, based on the 189 twenty-

five second extracts. The regression predictions on 1.5 second windows of a song are
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used to classify it into one of the four quadrants of Thayer’s emotional model. They

obtained an accuracy 56.3%, measuring the matching ratio between predictions and

annotations for full songs.

In 2013, Panda et al. [54] added melodic features to the standard audio features

increasing the R2 statistics of the valence dimension from 35.2% to 40.6%, and from

63.2% to 67.4% for the arousal dimension. The authors again chose to work with

Yang’s dataset. Ninety-eight melodic features derived from pitch and duration, vi-

brato and contour features served as melodic descriptors. They reported that melodic

features alone gave lower results than the standard audio features, but the combina-

tion of the two gave the best results.

2.2 Audio Features

Empirical studies on emotions conveyed by music have been conducted for decades.

The compilation and analysis of the notes taken by twenty-one people on their im-

pressions of music played at a recital were published by Downey in 1897 [7] and

are considered a pioneering work on the subject. How musical features specifically

affected the emotional response became of interest a few years later. In 1932, Gund-

lach published one such work, looking at the traditional music of several indigenous

North American tribes [23], and how pitch, range, speed, type of interval (minor and

major 3rds, intervals < 3rds, and intervals > 3rds), and type of rhythm relate to the

emotions conveyed by the music. The study concluded that while rhythm and tempo

impart the dynamic characteristics of mood, the other measurements did not provide

simple correlations with emotion for this particular style of music, as they varied too

greatly between the tribes. Hevner studied the effects of major and minor modes

modes [27] as well as pitch and tempo [30] on emotion. In the subsequent years,

there were several researchers continuing this work and conducting similar studies,

exploring how different musical features correlate to perceived emotions and in 2008,

Frieberg compiled the musical features that were found to be useful for music emotion

recognition [18]:

• Timing - Tempo, tempo variation, duration contrast

• Dynamics: overall level, crescendo/decrescendo, accents

• Articulation: overall (staccato/legato), variability
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• Timbre: Spectral richness, harmonic richness, onset velocity

• Pitch (high/low)

• Interval (small/large)

• Melody: range (small/large), direction (up/down)

• Harmony (consonant/complex-dissonant)

• Tonality (chromatic-atonal/key-oriented)

• Rhythm (regular-smooth/firm/flowing-fluent/irregular-rough)

Three more musical features reported by Meyers [51] are often added to the list

[55, 56, 57]:

• Mode (major/minor)

• Loudness (high/low)

• Musical form (complexity, repletion, new ideas, disruption)

Unfortunately, not all of these musical features can be easily extracted using audio

signal analysis. Moreover, no one knows precisely how they interact with each other.

For example, one may hypothesize that an emotion such as Aggressive implies a fairly

fast tempo, but there are several examples of aggressive music that are rather slow

(think of the chorus of I’m Afraid of Americans by David Bowie, or In Your Face

from Die Antwoord). This may explain why exploratory works on audio features

in emotion recognition tends to confirm that a combination of different groups of

features consistently gives better results than using only one [43, 48, 54]. On the

other hand, using a large number of features makes for a high dimensional feature

space, requiring large datasets and complex optimization.

Because we are still unsure of the best emotional model to define the music emotion

recognition problem, the debate on the best audio features to use is still open. Nev-

ertheless, some features have consistently provided good results for both categorical

and dimensional models. These are referred to as standard audio features across the

MER literature. These include many audio features (MFCC, centroid, flux, roll-off,

tempo, loudness, chromes, tonality etc.), represented by different statistical moments.

Some of the most recurring features and measures are briefly described next, but it

is by no means an exhaustive list of the audio features used by MER systems.
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2.2.1 Spectral Features

The Discrete Fourier Transform (DFT) provides a powerful tool to analyze the fre-

quency components of a song. It provides a mathematical representation of a given

time period of a sound by measuring the amplitudes (power) of each of the frequency

bins (a range of frequency defined by the parameters of the DFT). Of course, for a

DFT to have meaning, it has to be calculated over a short period of time (typically

10 to 20 ms.); taking the DFT of a whole song would report on the sum of all fre-

quencies and amplitudes of the entire song. That is why multiple short-time Fourier

Transforms (STFT) are often preferred. STFTs are performed at every s amount

of samples, and their results are typically presented in a #of bins by s/sampleRate

matrix, and can be represented visually by a spectrogram. This gives us information

on how the spectrum changes over time. Of course, using a series of STFTs to exam-

ine the frequency content over time is much more meaningful when analyzing music,

but it requires a lot of memory without providing easily comparable representations

from one song to another, making them poor choices as features. Fortunately, there

are compact ways to represent and describe different aspects of the spectrum without

having to use the entire matrix.

Mel Frequency Cepstral Coefficients (MFCC): the cepstrum is the Discrete

Cosine Transform (DCT) of the logarithm of the spectrum, calculated on the

mel band (linear below 1000 Hz, logarithmic above.). It is probably the most

utilized audio feature as it is integral to speech recognition and many of the

MIR tasks. DFTs are over linearly-spaced frequency, but human perception

of frequencies is logarithmic above a certain frequency, therefore several scales

have been put forward to represent the phenomena, the Mel-scale being one

of them. The scale uses thirteen linearly-spaced filters and twenty-seven log-

spaced filters, for a total of forty. This filtering reduces the spectrum’s numerical

representation by reducing the number of frequency bins to forty, mapping the

powers of the spectrum onto the mel-scale and generating the mel-frequency

spectrum. To get the coefficient of this spectrum, the logs of the powers at each

mel-frequency are taken before a Discrete Cosine Transform (DCT) is performed

to further reduce the dimensionality of the representation. The amplitudes of

the resulting spectrum (called the cepstrum) are the MFCCs. Typically, thir-

teen or twenty coefficients are kept to represent the sound. The cepstrum allow

us to measure the periodicity of the frequency response of the sound. Loosely
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speaking, it is the spectrum of a spectrum, or a measure of the frequency of

frequencies.

Spectral Centroid: Is best envisioned as the centre of gravity of the spectrum and is

calculated by taking the mean of the weighted frequencies by their amplitude. It

is also seen as the spectrum distribution and correlates with pitch and brightness

of sound. The spectral centroid, along with the roll-off and flux, are the three

spectral features attributed to the outcome of Grey’s work on musical timbre

[20, 21, 22].

Spectral Roll-off: The frequency below which 80 to 90% (depending on the imple-

mentation) of the signal energy is contained. Shows the frequency distribution

between high and low frequencies.

Spectral Flux: Shows how the spectrum changes across time.

Spectral Spread: Defines how the spectrum spreads around its mean value. Can

be seen as the variance of the centroid.

Spectral Skewness: Measures the asymmetry of a distribution around the mean

(centroid).

Spectral Kurtosis: Measures the flatness/peakness of the spectrum distribution.

Spectral Decrease: Correlated to human perception, represents the amount of de-

crease of the spectral amplitude.

Pitch Histogram: It is possible to retrieve the pitch of the frequencies for which

strong energy is present in the DFT. Direct frequency to pitch conversions can

be made. Different frequency bins, mapping to the same pitch class (e.g. the C4

and C5 midi notes) can be combined in order to retain only the twelve pitches

corresponding the chromatic scale over one octave.

Chroma: A vector representing the sum of energy at each of the frequencies associ-

ated to the twelve semi-tones of the chromatic scale.

Barkbands: Scale to approximate human auditory system. Can be used to calculate

the spectral energy at each of the 27 Barkbands, and summed.
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Temporal Summarization: Because sound and music happen over time, several

numerical descriptors of the spectral feature are necessary for a meaningful

representation. Considering that most Digital Signal Processing (DSP) is per-

formed on short timeframes of sound (10-20 ms.), they are often summarized

over a larger portion of time. Several methods are used, including statistical

moments such as calculating the mean, standard deviation and kurtosis of these

features over larger time scales (around 1-3 seconds). These longer segments of

sounds have been termed texture windows [70].

2.2.2 Rhythmic Features

Beat Per Minute (BPM): Average tempo in terms of the number of beat per

minute.

Zero-crossing rate: Number of times the signal goes from a positive to negative

energy. Often used to measure the level of noise, since harmonic signals have

lower zero-crossing values than noise.

Onset rate: The number of time a peak in the envelope is detected per second.

Beat Histograms: A representation of the rhythm over time, measuring the fre-

quency of a tempo in a song. Good representation of the variability and strength

of the tempo over time.

2.2.3 Dynamic Features

Root Mean Square (RMS) Energy: Measure the mean power or energy of a

sound over a period of time.

2.2.4 Audio Frameworks

Most of the audio features used by the MER systems reviewed in this thesis were

extracted with one, or a combination of the three main audio frameworks developed

by and for the MIR community.

Marsyas: Marsyas stands for Music Analysis, Retrieval and Synthesis for Audio Sig-

nals. The open source audio framework was developed in C++ with the specific
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goal to provide flexible and fast tools for audio analysis and synthesis for mu-

sic information retrieval. Marsyas was originally designed and implemented by

Tzanetakis [72], and later extended by many contributors since its first release.

MIRtoolbox: A Matlab library, the MIRtoolbox is a modular framework for the

extraction of audio features that are musically-related, such as timbre, tonality,

rhythm and form [41]. It offers a flexible architecture, breaking algorithms into

blocks that can be organized to support the specific needs of its user. Contrary

to Marsyas, the MIRtoolbox can’t be used for real-time applications.

PsySound: PsySound, now in its third release (PsySound3) is another Matlab pack-

age, but it is also available as a compiled standalone version [4]. The software

offers acoustical analysis methods such as Fourier and Hilbert transforms, cep-

strum and auto-correlation. It also provides psychoacoustical models for dy-

namic loudness, sharpness, roughness, fluctuation, pitch height and strengths.

2.3 Summary

Much progress has been made since Downey’s pioneering work in 1897 [7]. Emotional

models have been proposed, musical features affecting the emotional response to music

identified, signal processing tools to extract some of these features developed along

with audio frameworks to easily extract them, and a multitude of powerful machine

learning algorithms have been implemented. This progress and their combination are

constantly being used to improve the capacity of MER systems. However, as is the

case for any machine learning problem, building intelligent MER systems requires a

solid ground truth for training and testing. The construction of datasets for MER

systems is far from trivial, many key decisions need to be made. The next chapter

briefly provides examples on how MIR researchers gather datasets, before detailing

how the original dataset used for this thesis was assembled and annotated.
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Chapter 3

Building and Annotating a Dataset

One of the challenges of the music mood recognition problem, is the difficulty in

finding readily available datasets. Audio recordings are protected by copyright law,

which prevents researchers in the field from sharing complete datasets; the mood an-

notations and features may be shared as data, but the audio files cannot. To assure

consistency when using someone else’s dataset, one would have to confirm that the

artist, version, recording and format are identical to the ones listed. Moreover, be-

cause there is no clear consensus on mood emotion recognition research methodology,

datasets utilizing the same music track may in fact look at different portions of the

track, use a different model type (categorical vs. dimensional) and even different

mood terminology.

These problems also exist within the same type of model. For example, the number

of categories used in the categorical models can differ greatly; Laurier et al. [44], Lu,

Liu and Zhang [47] as well as Feng, Zhuang and Pan [15] all use four categories,

while Laurier et al. [43] uses five, Trohidis et al. [69] chose to use six, Skowronek et

al. [65, 66] twelve, and Li and Ogihara [46] opted for thirteen (see Table 3.1). To

complicate things further, there is no widely accepted annotation lexicon, and even

in cases where the number of categories is the same, the mood terminology usually

differs. For example, Laurier et al. [44], Lu, Liu and Zhang [47] , and Feng, Zhuang

and Pan [14] may share the same number of categories but Laurier et al. defined

theirs as Angry, Happy, Relaxed, Sad, Feng, Zhuang and Pan used Anger, Happiness,

Fear, Sadness, while Lu, Liu and Zhang chose four basic emotions based on the

two–dimensional model: Contentment, Depression, Exuberance, Anxious/Frantic and

manually mapped multiple additional terms gathered from AllMusic.com to create

clusters of mood terms.
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Authors # of
moods

# of
songs

Genre Annotators Length Portion
used

Feng et al. [15] 4 353 pop N/A full songs full songs
Laurier et al.
[44]

4 4x250 N/A 17 + Last.fm 30 sec N/A

Lu et al. [47] 4 800/250 classical 3 20 sec. multiple
Bischoff et al.[3] 4 & 5 1000 various Allmusic.com

Last.fm
30 sec N/A

Hu et. al [33]
MIREX dataset

5 600 various 3
(2 or 3/song)

30 sec middle

Laurier et al.[43] 5 110 soundtrack 116 15 sec N/A
Panda et al.[56,
57]

5 903 N/A Allmusic.com 30 sec. N/A

Trohidis et
al.[69]

6 593 various 3 30 sec. 0:30 - 1:00

Han et al.[25] 11 165 pop Allmusic.com N/A N/A
Skowronek et
al.[65, 66]

12 1059 various 12 (6/song) 20 sec. middle

Li et al.[46] 13 499 various 1 30 sec. 0:30 - 1:00

Korhonen et
al.[40]

2D 6 classical 35 full songs full songs

Yang et al.[76] 2D 195 pop 253
(10/song)

25 sec. mostly
chorus

Panda et al.[54]
(from Yang[76])

2D 189 pop 253
(10/song)

25 sec. mostly
chorus

MacDorman et
al.[48]

2D 100 various 85 6 sec. 1:30 - 2:00

Kim et al.[38] 2D 446 various 10 20 sec. hand picked

Eerola et al.[9] 5 cat.
& 3D

110 soundtrack 116 10 to 30 sec. hand picked

Table 3.1: Literature examples of datasets design.

Another question that remains to be answered, is which portion of a song should be

used in building a MER dataset. Although not as critical as in other MIR tasks such

as chord recognition or beat detection, researchers have to be careful to consistently

use the same portion of a music track, as the emotions conveyed by a piece of music

can greatly vary over time. Think of the emotional journey of Bohemian Rhapsody

from the British band Queen, unless the mood annotations are associated with a

precise segment of the song, there is no way to assure consistency across datasets.

Most work on audio mood recognition has adopted the thirty-second segment

format [69, 74, 42, 56, 33, 44, 3], but extracts of six seconds were used by MacDorman

and Ho [48], a length of fifteen seconds was chosen by Laurier et al. [43], several

researchers have opted for twenty seconds [65, 47, 38] while some have extracts of

lengths varying from ten to thirty seconds [9]. Finally, there is still no convention
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on which segments should be used, and authors do not always specify their choices.

From those who do, we learn that Hu et al. [33] and Skowronek et al. [65, 66] chose

to use the middle of their songs, Trohidis et al. [69] extracted their segments after

the initial thirty seconds, and Yang et al. [76] preferred to use the chorus.

The most notable effort to create standards for the categorization models came

with the construction of the dataset used in the benchmark AMC MIREX task.

In 2007, Hu and Downie [32] first proposed a set of terms organized in five clus-

ters based on the statistical analysis of music moods over three metadata collections

(AllMusicGuide.com, epinions.com and last.fm). Their final categories can be

seen in Table 3.2, and further details are given in Chapter 2. In 2008, Hu et al. [33]

suggested guidelines for building the AMC dedicated dataset, including using thirty

second extracts of diverse music genres, as well as asking annotators to ignore lyrics

and providing them with exemplar tracks for each category. Unfortunately, the actual

dataset remains secret, as it is used as a benchmark, so researchers are left with the

choice of either trying to reproduce a comparable dataset, or building their own from

scratch.

Considering that no dataset is readily available and widely adopted by my peers,

I decided to create my own dataset to conduct this investigation. In doing so, I ben-

efited from the insight of conducting the human annotation process. Additionally,

having the latitude of designing several models (categorical, dimensional and circu-

lar) on the same dataset provided a meaningful comparison of the results across the

models. Finally, creating my own dataset allowed ready access when analyzing the

results and errors.

3.1 Data Acquisition

For the purposes of comparison to the MIREX results, a categorical model using five

categories was first built. Considering that gathering roughly a hundred songs per

category would provide enough data for both training and testing the algorithms on

10-fold cross-validation, nearly six-hundred songs were originally selected from the

investigators’ personal libraries. Building a dataset that included various music gen-

res was also important to emulate the MIREX dataset, and music from all genres

(pop, disco, soul, rock, jazz, electronic, hip-hop, classical, dance, heavy metal, con-

temporary, reggae, country, latino, traditional etc.) was included. Because genre

classification is a problem in itself and the songs did not necessarily come with any
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genre metadata, no specific statistics on genre distribution are presented in this work.

The dataset includes music both with and without lyrics. The majority of the

songs with lyrics are in English, but a significant portion are in different languages

including French, Spanish, Portuguese, Italian, Afrikaans, German, Bulgarian and

Japanese.

Considering a song’s mood can vary over time and following the recommendations

in made by Hu et al. [33] for the AMC MIREX dataset, a thirty second segment was

taken from each of the songs. In an attempt to capture a representative part of the full

track and considering the tracks were originally of varying length, it was decided that

the segment would be extracted from time 0:45 to 1:15. Each extract was verified

to ensure they did not contained big musical, mood changes, or long silences and

in the few cases where the originally selected thirty seconds was problematic, the

extracts were replaced by more appropriate segments of the same song. The same

thirty second extract was used in both the annotation of the ground truth and the

signal analysis of each song.

3.2 Ground Truth Annotations

Originally, the dataset was annotated by individuals with the sole intention to build

one categorical model. Later, when the hypothesis of circularity of the mood recogni-

tion problem was put forward, it became apparent that the annotation system would

have to be redesigned. In addition to the necessity of a new set of annotations to

accommodate the circular model, building a two-dimensional (valence/arousal) model

to provide depth to the analysis of the results seemed reasonable, although this also

required its own annotation system. I faced the challenge of re-annotating the entire

dataset in a way that preserved the annotators original intentions, without having the

time-consuming task or finding all of my initial annotators and convincing them to

voluntarily annotate the dataset once again, this time with two completely different

systems.

For clarity, all annotation systems and the methodology followed to create the

alternate annotations are presented in this section. Precisely, the terminology and

original annotations made by the volunteers for the categorical model is detailed in

Section 3.2.1. The methodology followed to transform the categorical model into

the circular model, along with the mathematical transformation of the original clas-

sification annotations into circular regression scores are explained in Section 3.2.2.
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Finally, the transformation of the circular annotations into coordinates utilized by

the two-dimensional model is explained in Section 3.2.3.

3.2.1 Categorical Annotation

A number of problems with the five mood clusters designed for the MIREX competi-

tion have been noted by researchers, including the semantic overlap between clusters

two (C2) and four (C4) creating ambiguity, as well as the acoustic similarities be-

tween clusters one (C1) and five (C5) first reported by Laurier et al. [42]. Another

observation was made: important mood terms and emotional dimensions are missing

from these five clusters. It is interesting to note that these clusters were derived from

the popular set (Top Songs, Top Albums); music expressing strong emotions, whether

positive or negative, might be leaving a greater impression on the listener, and be

more likely to be memorable, a key factor to popularity. This could explain why

terms associated with low arousal and neutral valence, such as Pensive and Tender,

are missing from those clusters. Based on these observations, the decision to modify

the five MIREX mood clusters was made. For comparison, the MIREX mood clusters

are presented in table 3.2.

C1 C2 C3 C4 C5

Rousing
Rowdy

Boisterous
Confident
Passionate

Rollicking
Amiable/

Good-natured
Fun

Cheerful
Sweet

Autumnal
Bittersweet

Literal
Wistful

Poignant
Brooding

Witty
Humorous
Whimsical

Wry
Campy
Quirky

Silly

Agressive
Volatile
Fiery

Visceral
Tense

Anxious
Intense

Table 3.2: MIREX Mood clusters used in AMC task

First, some of the moods from C4 were incorporated in C2 to address the seman-

tic overlap. Some of the mood terms were completely eliminated if an acceptable

synonym was already in C2 in order to keep the number of terms at around eight

per cluster. With C4 empty, it became possible to refine C5 as well as make space

in C3 for important missing terms such as Tender and Pensive. The clusters were

redesigned loosely following Hevner’s continuity idea [29]. The final modified mood

clusters used for the categorical model can be seen in Table 3.3.
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Happy Sad Mad
C1 C2 C3 C4 C5

Rousing
Rowdy

Boisterous
Thrilling

Epic
Exhilarated

Exalted
Ecstatic
Spirited

Rollicking
Fun

Cheerful
Sweet

Sprightly
Summery
Playful
Flirty

Autumnal
Bittersweet

Wistful
Nostalgic

Sentimental
Tender
Pensive

Regretful

Poignant
Brooding

Melancholic
Mournful

Tragic
Gloomy

Dark
Creepy

Paranoid

Agressive
Volatile
Fiery

Threatening
Hostile

Belligerent
Arrogant

Angry

Table 3.3: Mood Classes/Clusters used for the annotation of the ground truth for the
categorical model

Human Annotation

Five volunteer annotators were asked to classify the entire dataset, and an additional

seven annotators classified different subsets in order to get exactly eight votes for each

thirty second clip. The twelve annotators were between the ages of twenty and forty,

came from different cultures, backgrounds, and three were non-native english speakers

(French, Slovenian and Spanish). Annotators were asked to ignore the meaning of the

lyrics, and choose which of the five clusters best represented the intended emotion or

mood of the music. In other words, we did not want to know what emotion they felt

listening to the extract, but rather, what they perceived to be the intention of the

musician. To clarify our intention, we asked them to see this annotation task as the

curation of a soundtrack library for movies, and exemplary extracts were given. When

all the extracts had exactly eight votes, the annotations were combined by assigning

the class for which the majority of the annotators agreed upon. A few examples of

the annotation results and final classification decisions are shown in Table 3.4.

Although the annotators mostly agreed on the majority of the clips, careful ex-

amination was given to each clip by the human compiler to assure an accurate final

classification. Twenty-seven of the songs were classified with such disagreement that

it was impossible to reconcile the votes to one class, as illustrated by the case of

Beat It - Michael Jackson shown in Table 3.4. These clips were eliminated from the

dataset, leaving a total of 564 clips.

Unanimity among the annotations was reached for only 127 clips (22.5%), and

an agreement among six or more annotators was reached for 417 clips (73.9%), leav-
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Audio Clip C1 C2 C3 C4 C5 GT
Don’t Come Home A Drinkin - Loretta
Lynn

0 7 1 0 0 2

Bambino - Plastic Bertrand 6 2 0 0 0 1
Get Lucky - Daft Punk feat. Pharrell
Williams

0 8 0 0 0 2

Life Round Here (feat. Chance The
Rapper) - James Blake

0 0 5 3 0 3

Motion Picture Soundtrack - Radio-
head

0 0 0 8 0 4

Rite of Spring - Glorification of the
Chosen One - Igor Stravinsky

0 0 0 2 6 5

Beat It - Michael Jackson 3 2 0 1 2 X

Table 3.4: Example annotations and resulting ground truth classes (GT) based on
eight annotators.

.

ing 147 clips (26.1%) as ambiguous (see Table 3.5). Because eliminating ambiguous

extracts for categorical models is an established practice throughout the literature,

the decision to create two datasets was made, so the results of this categorical model

could be compared to the results of others. These two datasets are referred to as:

• the full dataset including all of the 564 clips

• the unambiguous dataset, only including the 417 clips for which six or more

annotators agreed upon.

Further investigation revealed that half or more of the annotators disagreed for 94

clips (16.7%) (excluding the initial discarded ones); in 58 of those cases (10.3%), the

annotations were equally split between two neighbouring classes. In these instances,

the compiler made an executive decision in favour of one of the two classes.

Annotators’ Agreement #clips/564 % of clips
Unanimity 8/8 127 22.5%
Strong: > 6/8 417 73.9%
Weak: 6 4/8 94 16.7%

Equally split between two neighbouring classes 58 10.3%

Table 3.5: Agreement statistics of eight annotators on the full dataset.
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3.2.2 Circular Annotation

To transpose the classification annotations to a circular system, two steps were re-

quired. First, the mood clusters were wrapped around the circle following the circum-

plex model [63], and the mood terms were ordered in a way they could be regarded

as a gradual continuum. This reorganization of the mood terms was performed by

the five annotators who had previously labelled the entire dataset for the categorical

model. The choice of mood terms and their distribution around the circle was based

on synonym proximity using both Thesaurus.com [1] and the AllMusic.com mood

similarity overview.

To wrap the clusters around the circle, each cluster was first flattened onto a line

of range [((c− 1) + 0.626), (c+ 0.5)], where c is the label number of the cluster from

the categorical model. Eight terms of each cluster were ordered on the line to create a

continuum from the previous neighbouring cluster, to the next neighbouring cluster,

with the central cluster mood term at value c. Each of the terms was given a value

following equation 3.1

termV aluei = termV alue1 + 0.125(i− 1); for i = {1, 2, ..., 8} (3.1)

where termV alue1 = (c−1)+0.625. For example, the eight terms of C3 were flattened

on a line of range [2.625, 3.5]. The five lines were then appended and wrapped around

a circle. The final circular model is shown in Figure 3.1.

The human annotations gathered for the categorical model (see Section 3.2.1)

were translated to match the circular model. Each music clip was given a value in

the range of [0.626, 5.5] representing the mean classification of our annotators, and

served as the ground truth dependant variables for the regression model. This allowed

for an annotation that represented all of the annotators inputs, as opposed to only

considering the opinion of the majority as was done in the categorical model. It also

had the advantage of disambiguating extracts where annotators were equally split, by

allowing an annotation that sits exactly at the boundary of two clusters. Examples

of circular annotation on our two case studies are shown in Table 3.6, and illustrated

in Figure 3.1.
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Audio Clip C1 C2 C3 C4 C5 GT Reg
Life Round Here (feat. Chance The
Rapper) - James Blake

0 0 5 3 0 3 3.375

Pursuit of Happiness (Steve Aoki
Dance Remix) - Kid Cudi

4 0 0 0 4 1 5.5

Table 3.6: Circular regression annotation on the two case studies

Figure 3.1: Wrapped circular mood model illustrating categorical and circular anno-
tations of the case studies.

3.2.3 Dimensional Annotation

Finally, to allow comparison with a third type of model, the circular annotations were

transformed to accommodate the creation of the commonly accepted two-dimensional

valence/arousal model. To achieve this, the circular regression annotations were con-

verted to cartesian coordinates by defining the arousal axis as the diameter going from

the regression value 5.5:Vehement to value 3:Pensive, and the valence axis the one

from 4.25:Creepy, to 1.75:Sprightly/Fun, both on ranges [−1.25, 1.25]. See Table 3.7
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for examples of two-dimensional VA annotations, and Figure 3.2 for an illustration of

the three annotation models.

Audio Clip GT Reg Valence Arousal
Don’t Come Home A Drinkin - Loretta
Lynn

2 2.125 0.875 -0.375

Bambino - Plastic Bertrand 1 0.75 0.25 1
Get Lucky - Daft Punk feat. Pharrell
Williams

2 2 1 -0.25

Life Round Here (feat. Chance The Rap-
per) - James Blake

3 3.375 -0.375 -0.875

Motion Picture Soundtrack - Radiohead 4 4 -1 -0.25
Rite of Spring - Glorification of the Cho-
sen One - Igor Stravinsky

5 4.75 -0.75 0.75

Pursuit of Happiness (Steve Aoki Dance
Remix) - Kid Cudi

5 5.5 0 1.25

Table 3.7: Examples of Valence and Arousal annotations.
.

3.3 Feature Extractions

A total of 126 features were extracted using the Marsyas (Music Analysis, Retrieval,

and Synthesis for Audio Signals) framework [70], spanning the typical types (intensity,

timbre, register, rhythm and articulation) for mood and genre classification [42, 43,

47, 38, 69, 39]. Of these, 97 have been retained, including statistical moments (mean,

standard deviation) of spectral centroid, flux and rolloff, zero-crossings, 13 coefficient

MFCCs, chromas and tempo (BPM). Further pruning of the features proved to be

over-fitting the system to the given data (increasing performance on given stratified

subsets of the data, while decreasing it on others).

This set of audio features was selected because their performance on similar

datasets and categorical models is known. Since this work’s focus was to investigate

the validity of a continuous circular emotional model as opposed to the commonly ac-

cepted categorical and two-dimensional models, no thorough investigations of the best

features, their combination and the frameworks used to extract them were conducted.
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Figure 3.2: Wrapped circular mood model for annotations. The circular annotation
model is shown around the circle, categorical clusters are represented by the pie chart,
and the Valence and Arousal axes as dashed lines.
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3.4 Summary

Building datasets to adequately test and train MER systems is another task involving

numerous decisions. Which model should the annotation follow, how many categories

or dimensions should be used, and which terminology applied? Once these questions

are answered, the designers of MER systems have to decide how many songs to

gather, if they should choose a specific genre or not, use whole songs or extracts,

and which length and section of a song would give the best results. And it doesn’t

stop here, how many annotators is reasonable? Who should they be? And most

importantly, how will the annotations be compiled considering the variation within?

The literature presents many examples of choices made by MIR researchers, but no

clear and consistent guidelines or methodology stands out.

Going through the process of annotating the dataset and observing first hand the

different perceptions people have of the same song is highly instructive. The inability

to establish a ground truth on several musical extracts, in both this work and the

literature, systematically excludes important subsets of music. To work around this

problem, the MIR community has been experimenting with dimensional models in the

hopes to better account for the variability in the emotional perception of music. The

most popular, the two-dimensional VA model has exhibited a moderate correlation

with audio features on one of its dimensions. This leaves the question: could there

be a better emotional model to fully encompass the MER problem? Considering that

this variability seems to be confined to neighbouring emotions, and that all music

emotions have at least two neighbours, could this model be circular?

Building one dataset with a set of three different annotations permits a full in-

vestigation on all three models. The architecture and implementation of the models

used to conduct this investigation, as well as the introduction of an approximation to

circular regression are the subjects of the next chapter.
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Chapter 4

Building Models

This chapter details the implementation, training and testing methods utilized to

research the three models chosen for this work: the categorical, circular and two-

dimensional Valence-Arousal (VA) models. Additionally, the procedures followed to

transform the circular and two-dimensional VA model as classifiers are given. The

investigation of the categorical model was conducted on both the full dataset and the

unambiguous dataset to create a baseline for comparison. The unambiguous dataset

was used specifically to follow procedures reported in the literature on categorical

models, providing another baseline comparison for this study. Only the full dataset

was used with the circular and two-dimensional models, as they were designed to

account for the annotators’ disagreements.

4.1 Categorical Model

A number of Weka’s [24] implementations of machine learning algorithms were tested,

including Radial Basis Function Network (RBFNetwork), Random Forest, Naive

Bayes and Simple KMeans. The best results were obtained for both datasets (full

and unambiguous) by training a classifier using Support Vector Machines.

Support Vector Machines (SVMs) were invented by Vladimir Vapnik in 1979 [73].

Loosely speaking, SVMs are used to find the hyperplane that separates two categories

of data points with the maximum margin. The hyperplane is found using the training

data, and is then used to classify new data points. Because many hyperplanes may

be valid separators, it comes down to finding the one that maintains the greatest

distance from all the points. This maximization problem is a very large quadratic
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programming (QP) optimization problem.

When using SVMs with multiple categories or classes, as in our audio mood clas-

sification problem, a number of binary classifiers are built. In one-versus-all archi-

tecture, a binary classifier is built for each category against all the others, while the

one-versus-one trains a binary classifier for each coupling of the categories, none of

these simplify the QP problem. In 1998, Platt [60] proposed the Sequential Minimal

Optimization (SMO) algorithm, that breaks large QP problems into the smallest ones

possible, then proceeds to solve them analytically. The Weka implementation of the

SMO algorithm provided the best results for the audio music mood problem at hand,

and was therefore chosen for the categorical model. The multiclass training was made

building the logistic models using pairwise coupling [26], where the probabilistic out-

put obtained building the multiple one-versus-one models are combined to a set of

posterior probabilities.

4.2 Polygonal Circular Regression Models

One common application of linear regression is to provide a way to fit a predictive

model based on a set of dependant and explanatory variables. Let Y be a linear

dependant variable, X be a linear variable, x an explanatory variable, and the general

linear regression model:

E(Y |X = x) = a+ bx (4.1)

where E(Y |X = x) should read as the mean value of Y given X = x. These models

are fitted utilizing linear algebra and are written in vector form as:

Y = XβXβXβ + ξξξ (4.2)

where ξ is the vector of errors terms. Loosely speaking, linear regression attempts to

find the equation for the line best describing all of the given observed variables, that

is, the regression line minimizing the distance (or error ξ) between all observations

and itself. In the case of observations distributed in a circular manner (hours around a

clock for example), the distance is at its smallest if the regression line is any diameter

(e.g. the straight line going through 9:00 and 3:00). Unfortunately, it implies that

points situated above or below the mid-point of the diameter (in our example points

near 12:00 and 6:00), will both be mapped to the same point on the regression line.

To verify the circularity of the music emotion recognition problem, I propose a
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circular regression approximation which I term polygonal circular regression, fitting

several linear models and combining them in ways that account for the circular dis-

tortion. Three such models performing linear regression on different sets of arcs of

the wrapped circular mood annotations (Figure 3.2) were constructed utilizing the

regression annotation.

4.2.1 Full Pentagon Model

The first model, referred to as the full pentagon (F − poly) model consists of a

combination of five linear regression submodels such that, for each submodel mi, the

circle is cut at point i and lain on a flat line, for a full rotation around the 5 classes,

following:

Yi = XβXβXβ + ξξξ; yi j =

yj, if yj ≥ i

yj + 5, otherwise
; ∀i ∈ {1, 2, 3, 4, 5} (4.3)

where yj ∈ Y is the regression annotation of the song j, and yi j ∈ Yi is the regression

value used by model mi for the song j. Models are fitted and tested on 10-fold cross-

validation with consistent folds across all five models. Circularity was confirmed by

the poor results obtained for the classes at each extremity of the line (for example C1

and C5 for model m1) on any rotation of the model with a mean error of 1.529, while

the classes in the middle (for example C2, C3 and C4 for model m1) had a mean

error of 0.56. To account for this circular distortion, the five models are combined for

a final prediction by taking the average of the predictions on the three central classes

of each model.

4.2.2 Reduced Pentagon Model

A reduced pentagon (RP-poly) model was next built. Again a total of five models

were constructed, but this time the circular distortion was minimized by using subsets

of the dataset for fitting models over smaller arcs of the circle. A song j contributes

to a model mi iff i ≤ yi j < i+ 3 following:

Yi = XβXβXβ + ξξξ; yi j =

yj, if yj ≥ i

yj + 5, otherwise
; ∀i ∈ {1, 2, 3, 4, 5} (4.4)
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Dashed lines are used to illustrate the partition of the values for the regression sub-

models in Figure 4.1. The reduced pentagonal model implies that each clip contributes

to three submodels m, but the submodels are independent. Again, the results of the

prediction of each model using 10-fold cross-validation is combined by taking the

mean of the predictions, but this time the entire set of predictions of each model is

used.

Figure 4.1: The five partitions of the submodels for the reduced pentagon model,
indicated by dashed lines.
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4.2.3 Decagon Model

Finally, a decagon (D-poly) model was built, using smaller arcs. This time, ten

submodels were built as followed: a song j contributes to a model mi iff i ≤ yi j < i+2

following:

Yi = XβXβXβ + ξξξ; yi j =

yj, if yj ≥ i

yj + 5, otherwise
;

∀i ∈ {1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 5.5} (4.5)

Each clip contributes to four submodels, and in this case also, the submodels are

independent. The predictions of the models on 10-fold cross-validation are combined

in the same manner as for the reduced pentagon model.

4.3 Dimensional Models

To add depth to the analysis, three siblings of the polygonal circular models (full, re-

duced pentagon, and decagon) were constructed utilizing the two-dimensional (V,A)

coordinates as given in Section 3.2.3. To be able to compare the results of the polyg-

onal circular models, the predictions of the two-dimensional models are projected on

the unit circle, measuring the angular response θ following:

θ = arctan

(
V alencepredition
Arousalprediction

)
(4.6)

For the full dimensional (F-dim) model, one linear regression model is fitted on

each of the two dimensions (valence and arousal) utilizing the entire dataset, and

the angular response is obtained following equation 5.1. The other two-dimensional

sibling models, dimensional reduced pentagon (RP-dim) and dimensional decagon (D-

dim), are fitted using the same subsets of the dataset, and evaluated on the same folds

as the 10-fold cross-validation used for their polygonal circular siblings.

Polygonal circular and Dimensional Models as Classifiers

A mentioned in Chapter 2, dimensional models are often utilized for classification.

Therefore, to compare the results of the polygonal circular and two-dimensional mod-

els with the results of the categorical model, the output of each model has been used
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to classify the test data into the original clusters of the categorical model. To achieve

this, a simple mapping from the angular response to classes is performed, where each

class represents a specific arc of the circle.

4.4 Summary

This chapter explains the choices made in building the models used in this thesis.

One categorical model built on SVMs was constructed to be trained and tested with

both datasets (full and unambiguous). This model was used to evaluate the dataset in

comparison to the MIREX dataset, and establish a baseline comparison for the other

two models. The polygonal circular regression model was built with three variations:

the full pentagon, reduced pentagon and decagon variants. These variants were built

to be compared to each other, as well as with their three two-dimensional siblings. The

valence/arousal models are trained and tested with the same subsets of the dataset

used for their respective polygonal siblings and are built to provide a comparison for

the pentagonal circular models. Finally, both polygonal and two-dimensional models

are transformed into classifiers, to measure their ability to perform the classification.

The results obtained by each model are presented in the next chapter, with their

analysis, evaluation and comparison in Chapter 6.
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Chapter 5

Experimental Results

In this chapter, the results of the three models are presented, however their analysis

will be detailed in the next chapter. The results are organized by model, with the

results obtained on both datasets from the categorical model in Section 5.1, followed

by the results of the polygonal circular models in Section 5.2, and the results of the

two-dimensional models in Section 5.3.

5.1 Categorical Results

The categorical model was evaluated with both the full and unambiguous datasets.

Results on the Full Dataset

The full dataset (564 music extracts) yielded an accuracy of 59% on 10-fold cross-

validation. The confusion matrix is shown in Table 5.1.

Truth/Predicted C1 C2 C3 C4 C5
C1 56.0 19.0 0.0 7.0 18.0
C2 11.3 58.9 13.7 4.0 12.1
C3 0 .0 13.2 68.6 18.2 0.0
C4 4.9 11.7 22.5 54.2 6.7
C5 18.5 12.2 1.0 12.2 56.1

Table 5.1: Confusion Matrix of the full dataset

Examining the confusion matrix reveals that 74.01% of the classification errors

happened within neighbouring classes. For example, 84.09% of the misclassifications

of the music extracts labelled C1 were erroneously classified as either C2 or C5 by



40

the SVM. The proportion of the misclassification errors occurring within neighbouring

classes are detailed in Table 5.2.

% per classes C1 C2 C3 C4 C5 Total
Neighbouring classes error 84.09 60.78 100.00 63.64 69.77 74.01

Table 5.2: Percentage of misclassifications by the SMO algorithm observed within the
neighbouring classes on the full dataset

.

Results on the Unambiguous Dataset

The accuracy obtained on the unambiguous dataset (417 music extracts) was 61.7%

on 10-fold cross-validation. The unambiguous dataset was used to create a baseline

comparison for the polygonal circular and two-dimensional models, but also to eval-

uate the categorical model against the works reported in the literature review. The

complete confusion matrix for the unambiguous dataset can be seen in Table 5.3.

Truth/Predicted C1 C2 C3 C4 C5
C1 52.6 17.1 0.0 9.2 21.1
C2 12.0 65.2 7.6 4.3 10.9
C3 1.1 9.9 73.6 14.3 1.1
C4 3.6 10.8 16.9 61.5 7.2
C5 21.9 19.2 0.0 6.8 52.1

Table 5.3: Confusion Matrix of the unambiguous dataset

Eliminating some of the ambiguous extracts decreased the proportion of the mis-

classification errors occurring within neighbouring classes to 68.55%, a decrease of

7.38%. The proportion of neighbouring classes errors are reported in Table 5.4.

% per classes C1 C2 C3 C4 C5 Total
Neighbouring classes error 77.78 56.25 91.67 62.50 60.00 68.55

Table 5.4: Percentage of errors observed within the neighbouring classes on the un-
ambiguous dataset

.
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5.2 Polygonal Circular Regression Results

In order to have a system capable of automatically tagging music extracts with actual

moods as opposed to numbers, the system is designed to annotate a music extract

with the set T of tags t, made from the n closest tags to the output of the circular

prediction. Following the categorical approach where a music extract gets a cluster

of eight mood tags, the decision to retrieve seven tags (n = 7) seemed well-founded.

More precisely, the tag corresponding to the numerical output, referred as the target

tag, is the first term in the set, and the three tags on both sides of it on the circle are

then added.

Using our case studies as examples, the song Life Round Here from James Blake

(feat. Chance The Rapper), with a value of 3.375 would have Autumnal as its target

tag, and would be annotated with the set of moods:

• 3.375 = [Autumnal, Melancholic, Sad/Regretful, Brooding, Wistful, Pensive,

Poignant]

while the song Pursuit of Happiness from Kid Cudi (Steve Aoki Dance Remix)

with a value of 5.5 would have Vehement as its target tag, and be annotated with

the set of moods:

• 5.5 = [Vehement, Fiery, Thrilling, Epic, Aggressive, Rousing, Belligerent]

Because this approach is unique, it is difficult to compare the results with existing

models. In order to evaluate it, statistics were drawn between the intended output and

actual prediction by calculating the accuracy in terms of tag distance. For simplicity,

the intended output corresponding to the regression annotation of the ground truth

is the target tag, and the tag distance is formalized as:

TagDistance =
|Prediction− TargetTagvalue|

0.125
(5.1)

such that a prediction at a tag distance of zero matches the regression annotation,

and a tag distance of one would substitute one tag in the set for another, as illustrated

in Figure 5.1.

The accuracy represents the percentage of predictions falling within a given tag

distance. Measures of up to a distance of four tags are calculated, as it seemed a

reasonable threshold distance considering half of the intended tags would still be
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retrieved. Moreover, a misclassification in a neighbouring class from the categorical

model would have a general tag distance of up to eight.

Figure 5.1: Examples of tag distance. The top example shows a tag distance of 1,
and the bottom illustrates a misclassification in a neighbouring class, a tag distance
of 8.

The accuracies obtained on 10-fold cross-validation on the full dataset are shown

in Table 6.5 for the three models utilizing the circular annotations.

Tag Distance Full Pentagon Reduced Pentagon Decagon
0 10.66% 12.97% 17.94%
1 32.14% 36.23% 48.67%
2 51.87% 57.19% 71.76%
3 68.56% 74.60% 84.01%
4 79.75% 86.15% 91.83%

Table 5.5: Accuracy in terms of distance to target tag for the three polygonal models.
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Polygonal Circular Classification Results

The three polygonal circular models were used as classifiers to compare their results

to the ones obtained by the categorical models. The confusion matrices of the three

models on the full dataset are shown in Table 5.6.

Full Pentagon Model Total accuracy : 60.57%
Truth/Predicted C1 C2 C3 C4 C5

C1 65.0 11.0 12.0 0.0 12.0
C2 14.5 62.1 22.6 0.8 0.0
C3 0 .0 13.2 68.6 18.2 0.0
C4 0.8 0.0 20.8 54.2 24.2
C5 38.8 1.0 0.0 8.2 52.0

Reduced Pentagon Model Total accuracy : 63.41%
Truth/Predicted C1 C2 C3 C4 C5

C1 67.0 16.0 4.0 0.0 13.0
C2 21.8 55.6 22.6 0.0 0.0
C3 0 .0 9.1 77.7 13.2 0.0
C4 0.0 0.0 23.3 55.0 21.6
C5 27.5 0.0 0.0 10.2 62.3

Decagon Model Total accuracy : 77.98%
Truth/Predicted C1 C2 C3 C4 C5

C1 69.0 19.0 4.0 0.0 8.0
C2 10.5 80.6 8.9 0.0 0.0
C3 0 .0 5.0 78.5 16.5 0.0
C4 0.0 0.0 8.3 75.9 15.8
C5 8.2 2.0 0.0 4.1 85.7

Table 5.6: Confusion matrices of the full dataset for the polygonal circular models.

A total accuracy of 63.41% was achieved for the full dataset with the reduced pen-

tagon and 77.98% with the decagon model, compared to 58.9% in the strict categorical

model, an increase of 4.51% and 19.01% respectively. The percentage of misclassifi-

cation errors occurring within neighbouring classes have significantly increased in all

three models, as shown in Table 5.7.
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% of neigh. classes error/Class C1 C2 C3 C4 C5 Total
Full Pentagon 65.71 97.87 100 98.18 97.87 93.24

Reduced Pentagon 87.88 100 100 100 100 98.06
Decagon 87.10 100 100 100 85.71 91.47

Table 5.7: Percentage of errors observed within the neighbouring classes on the full
dataset.

5.3 Two-Dimensional Models

The performance of the two-dimensional models was first measured by tag distance

to allow for comparison with the performance of the polygonal circular models. As

was the case with their polygonal siblings, all two-dimensional models were evaluated

on 10-fold cross-validation. The results are presented in Table 5.8

Tag Distance Full Dimensional RP - Dimensional D - Dimensional
0 7.28% 12.79% 17.23%
1 22.74% 35.17% 47.96%
2 39.08% 54.35% 72.82%
3 51.33% 66.61% 87.39%
4 59.86% 77.44% 94.49%

Table 5.8: Accuracy in terms of distance to target tag for the three two-dimensional
models (RP: Reduced Pentagon, D: Decagon).

Two-Dimensional Classification Results

As with the polygonal circular siblings, the performance of the two-dimensional mod-

els as classifiers was measured. The confusion matrices of the three variations are

given in Table 5.9.

Finally, similar statistics to the ones given regarding the misclassifications errors

within neighbouring classes for the polygonal circular models are reported in 5.10.
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Full Pentagon Model Total accuracy : 51.50%
Truth/Predicted C1 C2 C3 C4 C5

C1 61.0 9.0 3.0 7.0 20.0
C2 23.4 46.0 18.5 4.0 8.1
C3 2.5 14.0 74.4 9.1 0.0
C4 7.5 7.5 35.8 39.2 10.0
C5 34.7 16.3 1.0 12.2 35.7

Reduced Pentagon Model Total accuracy : 60.92%
Truth/Predicted C1 C2 C3 C4 C5

C1 67.0 10.0 3.0 0.0 20.0
C2 25.8 62.1 12.1 0.0 0.0
C3 0 .0 11.6 81.0 7.4 0.0
C4 3.3 2.5 29.2 51.7 13.3
C5 40.8 3.1 2.0 14.3 39.8

Decagon Model Total accuracy : 78.50%
Truth/Predicted C1 C2 C3 C4 C5

C1 77.0 13.0 4.0 0.0 10.0
C2 10.5 81.5 8.1 0.0 0.0
C3 0.0 7.5 85.1 7.4 0.0
C4 0.0 0.0 14.2 71.6 14.2
C5 14.3 0.0 0.0 9.2 76.5

Table 5.9: Confusion matrices of the full dataset for the dimensional models.

% of neigh. classes error/Class C1 C2 C3 C4 C5 Total
Full Dimensional 74.36 77.61 90.32 75.34 73.02 76.92
RP - Dimensional 90.90 100 100 87.93 91.53 93.18
D - Dimensional 100 100 100 100 100 100

Table 5.10: Percentage of errors observed within the neighbouring classes on the full
dataset. Reduced Pentagon (RP), Decagon (D).
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Chapter 6

Evaluation, Analysis and

Comparisons

The initial goal of this investigation was to explore the music emotion recognition

problem, with hopes to modestly contribute to the existing models. In building

an original dataset and going through the annotation process, I observed first hand

that the categorical model had the limitation of not well representing the varied

emotional response to music of the different annotators. This proved fundamental to

the direction this research took. In this Chapter, I will examine the results presented

in Chapter 5 for each model, but the discussion will start by reviewing the observations

made while conducting the human annotation process, and how it led to the circular

hypothesis.

6.1 Ground Truth Discussion

Let’s begin by recalling some of the statistics presented in Chapter 3. A total of

twelve human annotators were asked to classify either different subsets or the entire

original dataset of 591 thirty second extracts into five clusters (see Table 6.1) of

moods inspired by the MIREX AMC task. The annotation process was conducted

such that each audio clip was evaluated by eight of the twelve annotators, and their

annotations were combined by means of majority (examples of which are shown in

Table 6.2). Of the original 591, twenty-seven were classified with such disagreement

that it was impossible to reconcile the votes to one class, and they were thus removed,

leaving a full dataset of 564 thirty second extracts from diverse music genre.
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Happy Sad Mad
C1 C2 C3 C4 C5

Rousing
Rowdy

Boisterous
Thrilling

Epic
Exhilarated

Exalted
Ecstatic
Spirited

Rollicking
Fun

Cheerful
Sweet

Sprightly
Summery
Playful
Flirty

Autumnal
Bittersweet

Wistful
Nostalgic

Sentimental
Tender
Pensive

Regretful

Poignant
Brooding

Melancholic
Mournful

Tragic
Gloomy

Dark
Creepy

Paranoid

Agressive
Volatile
Fiery

Threatening
Hostile

Belligerent
Arrogant

Angry

Table 6.1: Mood Classes/Clusters used for the annotation of the ground truth for the
categorical model

Unanimity among the annotations was reached for only 127 clips (22.5%), and an

agreement among six or more annotators was reached for 417 clips (73.9%). These

observations are important, as similar disparities among the emotional perception

of the annotators have been observed in every related work, regardless of the model

chosen, and this in both psychological and MER studies. Unanimity is somewhat rare

(22.5% in this case), however strong agreement is more commonly observed (six out

of eight annotators reached agreement in 73.9% of the cases) supporting the theory

that human emotion can be efficiently modelled.

A closer look at the eliminated 147 clips (26.1% of the full dataset) removed from

the full dataset to build the unambiguous one, revealed that more than half of the

annotators disagreed for 94 clips (16.7% of the dataset, 63.9% of the 147 disagreeing

cases); in 58 of those cases (10.3% of the dataset, 39.5% of the disagreeing cases),

the annotations were equally split between two neighbouring classes. Other notable

observations came from the tendency for native english speakers to perceive music

of different languages as somewhat aggressive or threatening. Of course this is a

generalization, but the hypothesis that given the predominance of english lyrics in

the music industry, non-english speakers were more likely to have listened and enjoyed

music at an earlier stage in their life without understanding the lyrics.

Examining the conflicting cases, it was noticed that not only were the disagree-

ments mostly observed between neighbouring classes but that a similar split was

occurring between class one (C1) and class five (C5). It became apparent that the

acoustic similarity reported by Laurier et al. [42], paired with the culture, back-

ground and lifestyle of the annotators was playing a major role in explaining these
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Audio Clip C1 C2 C3 C4 C5 GT
Don’t Come Home A Drinkin - Loretta
Lynn

0 7 1 0 0 2

Bambino - Plastic Bertrand 6 2 0 0 0 1
Get Lucky - Daft Punk feat. Pharrell
Williams

0 8 0 0 0 2

Life Round Here (feat. Chance The Rap-
per) - James Blake

0 0 5 3 0 3

Motion Picture Soundtrack - Radiohead 0 0 0 8 0 4
Rite of Spring - Glorification of the Cho-
sen One - Stravinsky

0 0 0 2 6 5

Beat It - Michael Jackson 3 2 0 1 2 X

Table 6.2: Example annotations and resulting ground truth classes (GT) based on
eight annotators

Annotators’ Agreement #clips/564 % of clips
Unanimity 8/8 127 22.5%
Strong: > 6/8 417 73.9%
Weak: 6 4/8 94 16.7%

Equally split between two neighbouring classes 58 10.3%

Table 6.3: Agreements statistics of eight annotators on the full dataset.

disagreements. As an example, electronic dance music was often perceived as thrilling

and rousing by ravers, while perceived as aggressive and fiery by opera and musical

enthusiasts. The observation that they were both legitimate, and non-exclusive gave

rise to the idea that the emotional response to music should be approached using a

continuous model of emotion.

Kate Hevner had made similar observations in 1936 [29] while conducting her

studies on human’s perception of the moods conveyed by music. As mentioned in

Chapter 2, Hevner’s model was categorical, but the organization of the categories

shows her awareness of the dimensionality and continuous nature of the problem.

One of the advantages of using this model according to Hevner herself, is that the

more or less continuous scale accounted for small disagreements amongst annotators,

as well as the effect of pre-existing moods or physiological conditions that could

have influenced the annotators’ perceptions. Although Hevner’s clusters are highly

regarded, they have not been used in their original form by the MIR community. One

of the reasons for this might come from the dated choice of adjectives. Important

moods, mostly on the aggressive and dark side of the human emotional spectrum
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are missing. Hevner conducted her study exclusively on Western classical music at a

time where recordings were rare and of poor audio quality, and in a society generally

disapproving of the expression of less than noble emotions.

One solution to better represent the diverse emotional response to music could

come in allowing multiple categories, but the evidence points towards having only a

subset of the tags for each of the neighbouring categories being compatible without

starting to lose their consistency. For example, allowing a song to get the moods of

both C1 and C5 would annotate it with sixteen mood terms, a third of all possible

terms (following the categories put forward in this work). The idea of increasing

the number of classes in order to define them better was explored, but the exercise

became recursive, and was subsequently abandoned.

6.2 Categorical Results Analysis

The results obtained with the categorical model were satisfying with a 58.9% accuracy

on the full dataset, and 61.7% for the unambiguous one, using 10-fold cross-validation.

These results demonstrate the validity of the categorical annotation ground truth and

datasets, as they compare to the average accuracies obtained at the AMC MIREX

over the last eight years, on a comparable dataset (thirty second extracts of varied

music genres) and five classes (or clusters). More precisely, the 2014 AMC benchmark

competition1 saw accuracy results ranging from 46.3% to 66.3%. Moreover, the full

dataset still includes extracts for which the annotators were evenly split, making the

dataset noisier than the one used for the MIREX AMC.

The most interesting aspect of the results came from the analysis of the clas-

sification errors. The confusion matrix of the full dataset showed that 74% of the

misclassification errors were made within neighbouring classes when extending the

neighbouring concept to C1 and C5. This reflected the observations made when

compiling the human annotations on how personal music preference, lifestyle, cul-

tural background etc. influenced the annotators’ perception (Section 6.1). This also

reflected the recurring misclassification errors in the AMC MIREX competition for

C1 and C5, first reported by Laurier et al.[42]. In our case 84.09% of the C1 extracts

that were misclassified were put in either C2 or C5.

This comparison between the divided opinions of the annotators constructing the

1http://www.music-ir.org/mirex/wiki/MIREX_HOME
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ground truth and the errors of the systems showed some consistency within the in-

consistencies; the system did indeed seem to represent some degree of truth, just not

necessarily the average over eight annotators’ truths.

Numerous examples were found going back to the original annotations. Lets ex-

amine our case study Life Round here from James Blake (feat. Chance The Rapper)

shown in Table 6.4. Five annotators considered the extract to fall within C3 (Au-

tumnal, Bittersweet, Wistful, Nostalgic, Sentimental, Tender, Pensive and Regretful)

while the remaining three put it in the C4 (Poignant, Brooding, Melancholic, Mourn-

ful, Tragic, Gloomy, Dark, Creepy, Paranoid); the final class for the ground truth

annotation was therefore C3. The trained algorithm misclassified the extract by

putting it in C4, agreeing with 37.5% of our annotators.

Lets now give a closer look at our other case study, Pursuit of Happiness from

Kid Cudi (Steve Aoki Dance Remix). This time, the annotators were evenly divided

between C1 (Rousing, Rowdy, Boisterous, Thrilling, Epic, Exhilarated, Exalted, Ec-

static and Spirited) and C5 (Agressive, Volatile, Fiery, Threatening, Hostile, Bel-

ligerent, Arrogant and Angry). The human compiler made the executive decision to

classify this extract as C1. The system on the other hand agreed with the other four

annotators, and classified it in C5.

Audio Clip C1 C2 C3 C4 C5 GT SMO
Life Round Here (feat. Chance
The Rapper) - James Blake

0 0 5 3 0 3 4

Pursuit of Happiness (Steve
Aoki Dance Remix) - Kid Cudi

4 0 0 0 4 1 5

Table 6.4: Example of annotations, resulting class (GT), and final classification by
the SMO

These are two examples among many, and are presented here to illustrate how

the disagreements among the annotators between neighbouring clusters were later

observed as misclassifications by the system. In fact, the confusion matrices of the

algorithms submitted at the 2014 AMC MIREX competition2 all show similar mis-

classification patterns: most of the errors are occurring in semantically neighbouring

clusters (MIREX cluster 2: Rollicking, Amiable/Good-natured, Fun, Cheerful and

Sweet, and cluster 4: Witty, Humorous, Whimsical, Wry, Campy, Quirky and Silly

are semantic neighbours, but not numerical neighbours). Observing the MIREX mood

2http://www.music-ir.org/nema_out/mirex2014/results/act/mood_report/

overallconfusion.html
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clusters, one can find that the semantic boundaries between clusters are questionable.

For example, Rollicking (C2) is a synonym to both Playful (C2) and Boisterous (C1),

in turn respectively synonyms of Whimsical (C4) and Intense (C5).

One can easily argue that having more annotators would have made the ground

truth converge differently, but the argument that it might create more cases where

opinions are spread across the five classes is just as valid.

The question of the validity of the categorical model as one that fully encompasses

the MER problem has to be asked. It captures some of its dimensions, but seems

to lack finesse by attempting to put human emotions and their artistic creations

into boxes. Nonetheless, it provides a vocabulary users understand and can easily

relate to. The dimensional model has the advantage of better representing both the

continuity and circularity of the problem, but predictions are in most cases reduced

to a single label, quadrant, or values on an axis that are not intuitive from a listeners’

point of view.

6.3 Polygonal Circular and Two-Dimensional Re-

sults Analysis

Overall, the polygonal approach had better accuracy than its dimensional siblings,

except for the dimensional decagon model (see table 6.5). These higher results are

by no means unexpected and can be explained by the fact that the size of the arcs

used to fit the models considerably reduces one of the two dimensions; for instance,

only a third of the valence axis is considered for the model m1.

Dist. F-dim FP-poly RP-dim RP-poly D-dim D-poly
0 7.28% 10.66% 12.79% 12.97% 17.23% 17.94%
1 22.74% 32.14% 35.17% 36.23% 47.96% 48.67%
2 38.08% 51.87% 54.35% 57.19% 72.82% 71.76%
3 51.33% 68.56% 66.61% 74.60% 87.39% 84.01%
4 59.86% 79.75% 74.44% 86.15% 94.49% 91.83%

Table 6.5: Accuracy in terms of distance to target tag for the dimensional (-dim) and
polygonal (-poly) versions of the models: F: Full , RP: Reduced Pentagon and D:
Decagon

Correlation coefficient values vary from [−1, 1], where 1 denotes a perfect positive

correlation, 0 no correlation, and −1 a perfect negative correlation. Typically, if the
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absolute value of a correlation coefficient is greater or equal to 0.7, there is a strong

linear relationship. If the absolute value is smaller then 0.3, the linear relationship

is said to be weak. Similar to the results reported in the literature (Chapter 2),

the arousal regressor of the full dimensional model has a stronger linear correlation

with a correlation coefficient value at 0.74, compared to the valence regressor with a

correlation coefficient value at 0.48.

The annotations were not collected for the two-dimensional model, therefore it

would be presumptuous to use the observed results on those models to draw strong

conclusions. However, its consistency with the results found in the literature hints

that the calculated annotations have some validity. As an example, let’s examine the

correlation coefficient of a smaller model, for the valence regressor m1 of the reduced

pentagon model, we can see that the linear correlation is weak at 0.36, and has a

relative absolute error of 103.98%. The polygonal sibling on the other hand has a

correlation coefficient of 0.72 and a relative absolute error of 62.13%, showing a better

fit to the problem on the same data.

This reinforces the hypothesis that the music emotion problem is dimensional,

and the choice of valence as one of the measured dimensions does not seem to be a

strongly correlated descriptor, neither in these results, nor the ones reported in the

literature. The strong results from the dimensional decagon model might just come

from overfitting the submodels and the distortion created by projecting onto the unit

circle when calculating the angular response.

As for the polygonal models, the same overfitting concern can legitimately be

raised, but in this case, even the full pentagon model using the entire full dataset in

each of the five submodels, offers superior accuracy in its annotation (68.56%), and

this with a tag distance as little as 3. Most importantly, the accuracy of five models

out of six, at a tag distance of only 3 outperformed the classification model by at

least 10%, and up to 20%. Using our James Blake example to illustrate how a tag

distance of 3 would affect the automatic annotation, such an error could replace the

desired set of tags:

• from [Autumnal, Melancholic, Sad/Regretful, Brooding, Wistful, Pensive, Poignant]

• with [Autumnal, Melancholic, Brooding, Poignant, Gloomy, Tragic, Dark]

preserving four of the original tags of the set, a much less cost-full error than say, a

classification error.
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In taking a final look at our two case studies misclassified by the SVM system, we

can observe that the reduced pentagon (RP) regression model perfectly represented

Life Round Here, with a prediction error of 0.003 on the mean prediction as reported

in Table 6.6.

Audio Clip Anno. RPr TPr ePr GT RC
Life Round Here (feat. Chance
The Rapper) - James Blake

3.375 3.375 3.372 0.003 3 3

Pursuit of Happiness (Steve
Aoki Dance Remix) - Kid Cudi

5.5 5.375 5.407 0.093 1 5

Table 6.6: Summary of the reduced pentagon regression predictions for two clips
showing the annotation (Anno), rounded prediction (RPr), true prediction (TPr),
prediction error (ePr), original classification ground truth (GT) and classification by
regression (RC).

Dimensional models have the advantage of better encompassing the variability

within the human emotional response to music. However the most commonly used

dimensional model to this day, the valence/arousal two-dimensional model, has shown

some weakness in at least one of its dimensions (valence), and this in both the ex-

periments reported in this work, and throughout the literature on the subject. The

polygonal approximations to circular regression on the other hand, provided good

results, significantly outperforming the categorical model in all of its polygonal vari-

ants. Moreover, this circular approach provides a flexible method to automatically

annotate music without having to sacrifice a diverse lexicon users can better relate

too, as opposed to the scale values, or an emotional space reduced to four quadrants.

6.3.1 Regression Models as Classifiers

When the regression models were used to classify the music extracts into the five orig-

inal clusters of the categorical model, a noticeable improvement was observed with

the reduced pentagon circular model, while both the polygonal and two-dimensional

decagon siblings offered significant improvements (see Table 6.7). It is interesting to

note that the full dimensional model gave the worst results of all models for classifi-

cation.

The polygonal circular models correctly classified Life Round Here (feat. Chance

the Rapper) from James Blake. As for Pursuit of Happiness (Steve Aoki Dance
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SMO F-dim FP-poly RP-dim RP-poly D-dim D-poly
58.9% 51.50% 60.57% 60.92% 63.41% 78.50% 77.98%

Table 6.7: Classification accuracy compared to original SMO model.

Remix), although the prediction error is small 0.093 and the target tag distance is

one, the classification error remains, and the clip still sits at the boundary of class

five.

Using the dimensional models for classification was done to see if the dimension-

ality, whether two-dimensional or circular, would help reduce the classification errors

of the SVMs. However, it should be noted that the automatic mood classification

task will always have the disadvantage of trying to put human emotion into boxes,

forcing boundaries were there might be none. Also, forcing the dimensional models

back into categorical ones will always results in a loss of finesse, as illustrated by the

classification error on our second case study in Table 6.6.

The circularity of human emotional response has been proposed in scientific lit-

erature as early as 1935 [28], and later refined by several researchers [63, 64, 61, 68].

Most of these studies agree on the dimensionality of human emotion, and the di-

mensionality of the emotional response to music in particular. The two-dimensional

arousal/valence regression approach was proposed in an attempt to represent the

circularity of the problem, however the resulting mapping of the emotions by the

regressors are lain over a plane, the annotations therefore typically rely on clustering

tags in subareas of the plane, or translating the results into a classification problem,

with the four quadrants being used as four classes. This has the effect of distorting

the original assumptions of the circumplex model of emotion as proposed by Russell

in [63] by not taking into account the full relationship between the two dimensions

(for example the highest arousal point implies a neutral valence), and the circularity

is therefore somewhat lost.

A continuous circular model of emotion offers both a flexible representative model,

as well as a simple way to retrieve meaningful mood tag annotations that users can

relate too.
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Chapter 7

Conclusions

Despite the attention given to the music emotion recognition problem, there is still

no system capable of annotating moods to music with great accuracy, solely based

on audio features. Researchers in the field have explored different types of emotional

models from psychological research, concentrating their efforts on categorical and two-

dimensional models. Both have provided results satisfactory enough to show that the

emotional response to music can be modelled, but none have reached the accuracies

obtained in similar disciplines such as speech recognition. Several algorithms and

combinations of audio features have been explored, but the results seem to have

reached a ceiling just below 70%.

Categorical models have the advantage of presenting their annotators and sys-

tem users with a terminology that they can relate to, but the task of drawing clear

boundaries for each category either implies reducing the emotional space to a few ba-

sic terms, or eliminating ambiguous songs from datasets as they can’t be confidently

labelled for the ground truth. The exercise could be compared to creating categories

to classify continuous shades of grey, where any demarcation will be arbitrary.

Dimensional models take into account the variability of the emotional response

to music by the annotators and allow for a more flexible model encompassing the

continuity of the emotional spectrum, but fail to provide a clear terminology and often

reduce the predictions to four basic emotions. Moreover, the most commonly used

dimensional model has one of its dimensions recurrently causing problems. Effectively,

if the arousal dimension proves to be a good descriptor, one on which the annotators

and users mostly agreed upon, the valence dimension turns out to be more subjective,

and the regressor models fitted on such measures show weaker correlation.

This thesis explores the hypothesis that the use of a continuous circular model to
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solve the emotion recognition problem might help push the accuracy ceiling higher.

Such models have the advantages of providing: (1) a measure that takes into account

the variability of the human experience, (2) their annotators with terms they relate

to, and (3) a practical way to annotate multiple emotions and mood terms at once,

without the burden of defining clusters and boundaries.

In summary, all evidence in this exploratory study points towards the circularity

of the music emotion recognition problem and the limits of the current approaches to

fully take advantage of this circularity. By building a dataset, analyzing the annota-

tion process and experimenting with different types of models on the same dataset, I

obtained results supporting the hypothesis that:

• the human response to emotion in music is better represented when modelled

in a continuous matter

• this continuum is circular, as each emotion has more than one similar neighbour

• music emotion recognition systems provide better results when modelled in a

continuous circular manner

Because there is no readily available implementation of algorithms to fit circular

problems of such high dimensionality among the usual machine learning tools, I pro-

pose an approximative approach to circular regression. Polygonal circular regression

provides a first step in the investigation of such problems, while the need of a full

flexible implementation is yet to be fulfilled.

7.1 Future Work

This thesis presented evidence that the emotion recognition problem is better repre-

sented as a continuous circular model. However, many questions still require thorough

investigation before the circular model can be defined. The first aspect in need of

further research is how the emotions are distributed around the circle. During this in-

vestigation, the naive assumption that the clusters were normally distributed around

the circle was made, and terms were placed following the circumplex model, but the

circular model used for this work is by no means definitive, as many may argue that

important mood tags are missing, while redundant ones have been used. Several

methods should be considered to revise this distribution including:
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• redistributing the classes asymmetrically around the circle (e.g. distributing

the terms of cluster one over half the circle and the other four classes on the

other half) to see how different distributions influences the results

• using graph algorithms to explore semantic similarity

• conducting circular statistical analysis on both the emotional and feature space.

The possibility that the data might lie on a torus is also worth investigating,

as its added dimensionality over the circle might further refine the model. Such a

distribution could be envisioned in other MIR tasks where similar concepts need to

be delimited, as in genre classification for example, where a genre like blues is closely

related to country, rock, pop and jazz. Of course, a thorough re-evaluation of the

audio features in a circular context could also provide a better fit.

After drawing more informed conclusions on the distribution, another crucial step

would be re-annotating the dataset. For example, the extract from Motion Picture

Soundtrack Radiohead (Chapter 3.3) taken from 0:45 to 1:15 was labelled as class four

by all eight annotators. It is reasonable to think that the mood tags motivating their

decision were Melancholic and Brooding more than Creepy or Paranoid. So it is thus

reasonable to think that the actual value of this clip would be closer to 3.625 if the

same annotators were presented with the circular model used for this investigation,

rather than the 4.0 calculated by taking the mean of the annotations. Also of interest

is to find out how strongly annotators feel about their annotations. For example, it is

reasonable to think that all eight annotators hesitated between class three and four

before unanimously opting for four in the Radiohead song example.

The next step will be to implement a linear-circular regression model to fully

measure the circularity of the problem and offer a full model instead of the multiple

component models used during this investigation. A number of circular regression

models have been proposed since the seventies: the barbers pole model in which the

circular response, a curve spiralling up the surface of an infinite cylinder as the ex-

planatory variable increases [49, 19, 45, 50], and a simpler model in which the response

completes a single rotation as the explanatory variable increases [36, 17]. Finding the

way to meaningfully fit such models while considering the high dimensionality of the

feature space is an exciting challenge. As for the polygonal approximation of circular

regression, a work on a formal definition and mathematical proof should be conducted

to clearly establish its bounds and evaluate other possible applications.
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