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Abstract 

The way humans listen to music and perceive its structure is 

automatic. In an attempt by Friberg et al. (2011) to model this 

human perception mechanism, a set of nine perceptual features was 

selected to describe the overall properties of music. By letting a 

test group rate the perceptual features in a data set of musical 

pieces, they discovered that the factor with most importance for 

describing the emotions happy and sad was the perceptual feature 

modality. Modality in music denotes whether the key of a musical 

piece is in major or minor. 

This thesis aims to predict the modality in a continuous scale (0-

10) from chord analysis with multiple linear regression and a Neural 

Network (NN) in a computational model using a custom set of 

features. The model was able to predict the modality with an 

explained variability of 64 % using a NN. The results clearly 

indicated that the approach of using chords as features to predict 

modality, is appropriate for music data sets that consisted of tonal 

music. 



 

Referat 

Ackord- och modalitetsanalys 

Vi människor lyssnar på musik och uppfattar dess struktur 

automatiskt. I ett försök av Friberg et al. (2011) för att modellera 

denna mänskliga uppfattningsförmåga, valdes en uppsättning av 

nio perceptuella särdrag ut för att beskriva de övergripande 

egenskaperna hos musik. Genom att låta en testgrupp betygsätta 

perceptuella särdrag i en samling av musikstycken, upptäckte de 

att faktorn med störst betydelse för att beskriva känslorna glad och 

ledsen var det perceptuella särdraget modalitet. Modalitet i musik 

anger om tonarten till ett musikstycke är i dur eller moll. I denna 

studie har en beräkningsmodell för modalitet utvecklats. 

Modaliteten estimerades i en kontinuerlig skala (0-10) från 

ackordanalys med linjär regression och ett neuralt nätverk (NN) i 

en beräkningsmodell med en anpassad uppsättning av särdrag. 

Modellen kunde estimera modalitet i ett NN med en förklarad 

variation av 64 %. Resultaten visade tydligt att metoden att 

använda ackord som särdrag för estimera modalitet, är tillämplig 

på musikstycken som består av tonal musik. 
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Introduction 

There are many ways to classify music but one of the most general 

descriptions is what type of emotions the music is trying to evoke. It is simple 

and natural for us to describe and perceive the character of the music, even 

for inexperienced listeners. Moods like sadness and happiness have been 

shown to have a significant link with tonality in music (Juslin & Sloboda, 

2001). However, to classify emotions automaticallyin music is a complex 

problem and has become a challenge in the field of Music information 

retrieval (MIR) to provide automatic music classification methods to 

recognize emotions.  

The main goal in MIR is to classify and index the large digital music 

libraries, e.g. Spotify1 and Google Play2, which have grown rapidly over the 

last decade. These vast libraries are still limited in their accessibility due to 

the constraints of content provided, such as text-based information about the 

music. Instead of searching for a specific artist, the search can be extended 

to include music related to an emotion.  

In order to derive emotion labels it is necessary to use human judgements, 

i.e. listeners annotate their perception of the song. However, the listener’s 

perception of the emotional content are bound to vary. The annotations 

among the listeners will therefore reflect some degree of disagreement 

(Schmidt & Kim, 2011). In order to model the listener’s perception of music, 

it is crucial to have a large data set and extract features from the music that 

provides information about the content. These features are often low-level 

signal-based properties from the audio signal, such as the spectral centroid 

or the magnitude of the energy. One of the common features to describe 

whether a song is happy or sad is the mode of the song. The two basic modes 

of the key in western music can either be minor, which is known as sounding 

                                        
1
 http://www.spotify.com 

2
 https://play.google.com 
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darker and sad, and major, which can be described as more happy, neutral 

and extroverted (Hunter, et al., 2011). However, the influence of the overall 

perception of music is more complex and has therefore motivated the use of 

a continuous scale of the modality (Friberg & Hedblad, 2011).  

 

 

Figure 1: The model for perceptual features using different layers audio 

analysis [1]. 

1.1 Problem Statement 

This thesis will focus on the prediction of modality from chord analysis. Based 

on previous ratings of modality from a test group (Friberg & Hedblad, 2011), 

the modality will be estimated from chord analysis using linear regression 

and machine learning methods in a continuous scale from minor to major (0-

10). 

This thesis is a part of the ongoing project PAMIR (Computational 

Modelling of Perceptual Music Features) at KTH that aims to predict 

emotions in music using perceptual features, see Figure 1. A set of nine 

perceptual features (Friberg, et al., 2014) will be extracted from two different 

music data sets consisting of 210 audio clips (Friberg, et al., 2011; Eerola & 

Vuoskoski, 2011) in order to describe the overall properties of music. One of 

these features is modality, which will be goal to estimate in this thesis. 

The problem definition for this thesis is: A set of chords is given for each 

of the songs in the data set. The chord progression will be analyzed in order 

to extract features. These features are then used in a computational model 
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to predict the modality. The coefficient of determination 𝑅2 will be used to 

evaluate the correlation between the ratings and the predicted modality. 

The chord estimates was provided by Deep Edge. The method for 

estimating the chords is not a part of this thesis and will be presented by 

Deep Edge in a separate study. However, the performance of the chord 

estimates will be evaluated. 

1.2 Report Overview 

Chapter 2 contains music theory and describes the related techniques for 

music information retrieval, perceptual music features, key models and 

machine learning. Chapter 3 presents the theory that our approach is built 

upon. In Chapter 4, the various methods for extracting features are described. 

A new method for enhancing features for a chord distribution is also 

introduced. The techniques for predicting modality and how the evaluation 

process are done is described in Chapter 5. The results are presented in 

Chapter 6, whichalso includes an analysis of the chord distribution. Finally, 

in Chapter 7 the project is summarized and some further work is suggested.
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Background 

This chapter presents necessary music theory and the related techniques are 

summarized in Section 2.2. 

2.1 Music theory 

This part gives the reader a brief introduction into the music theory that will 

be applied in this thesis. 

2.1.1 Frequency and pitch 

“The perceptual counterpart of frequency in music is pitch, which is a 

subjective quality often described as highness or lowness” (Gomez Gutierrez, 

2006, p. 13). The pitch of a musical tone is determined by the frequency of 

the waves producing it. The subjective component takes into account the 

relative placement of the frequency within the context of a tuning system 

and in relation to other frequencies.  

A pitch scale in western music is logarithmic, meaning that adding a 

certain interval corresponds to multiplying a fundamental frequency by a 

given factor. The distance between two pitches is known as an interval and 

quantified by the ratio between two fundamental frequencies 𝑓1 and 𝑓2. The 

most common tuning system is called 12-tone equal temperament which 

separates every pair of adjacent pitches by the same interval, also called a 

semitone, in an octave of 12 parts (Gomez Gutierrez, 2006). A semitone is 

defined by the frequency ratio of. 

 

 
𝑓2

𝑓1
= 2

1
12 (1) 
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2.1.2 Melody 

A melody is a combination of pitch series and rhythm. It is usually associated 

with a memorizable sequence of notes having a clearly defined shape. 

(Solomon, 1996) The melody has an important role in communicating the 

emotions of the song to the listener.  

2.1.3 Harmony 

Harmony can be defined as notes sounding simultaneously and acts as notes 

that support a melody. It adds a framework or context for the melody. The 

melody can be harmonized by adding accompanying notes, either a 

countermelody or chords. 

2.1.4 Scales 

A scale can be defined as a graduated series of musical tones ascending or 

descending in order of pitch according to a specific scheme of their intervals 

(Harnum, 2009). One of the most basic scales, is the equal-tempered 

chromatic scale. It involves twelve pitches, each a semitone apart, that 

represents all the notes in an octave.  

 

 

Figure 2: The chromatic scale. 

The basis of most melodies in western music is the major and minor scale. 

They are also known as diatonic scales. A diatonic scale consist of seven 

notes, five whole tones and two semitones for each octave. Each note is 

separated by an interval and has a scale degree to specify its position relative 

to the tonic. The major and minor scale is made up by seven intervals 

separating eight notes, see Table 1. The last note is a duplicate of the first 

note an octave higher (Harnum, 2009). 
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Table 1: The degrees of a diatonic scale. 

Degree Name 

1st Tonic 

2nd  Supertonic 

3rd  Mediant 

4th  Subdominant 

5th  Dominant 

6th  Submediant 

7th  Leading tone (major) / Subtonic (minor) 

1st / 8th  Tonic 

 

The tonic and dominant are often prominent in a scale and establish the 

sense for the tonic. The mediant note is important for determining the key 

mode, although it is not statistically prominent among the presence of 

particular tones in a song (Krumhansl & Cuddy, 2010).  

 

Table 2: The diatonic scales C major and A minor. Intervals are shown 

between notes as Tone T and Semitone s. 

Degrees 1st   2nd   3rd   4th   5th   6th   7th   8th  

Intervals  T  T  s  T  T  T  s  

C major C  D  E  F  G  A  B  C 

Intervals  T  s  T  T  s  T  T  

A minor A  B  C  D  E  F  G  A 

 

Table 2 shows the C major scale with its corresponding natural minor scale 

in A. They consist of the same notes but the major scale starts at the 1st 

degree (tonic) and the natural minor scale starts at the 6th degree 

(submediant) of the major scale. The degrees of the two scales have the same 

names, except for the 7th degree. It is called the leading tone in the major 

scale, because it is a half-step away from the tonic and the subdominant in 

the natural minor scale which is a whole step away from the tonic. 

There are three types of minor scales. Apart from the natural minor there 

is also the harmonic minor and the melodic minor. The harmonic scale is 

slightly altered in that the 7th degree is raised a semitone, making it a leading 

tone. The melodic scale works differently for ascending and descending order. 

When it is ascending, the 6th and 7th degrees are raised but when it is 

descending they are lowered again. 
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2.1.5 Chords 

A chord is three or more notes sounding simultaneously. It can be played on 

one instrument, like a guitar, or by many instruments at once, like a brass 

quartet or a choir. The major and minor chords consists of triads using the 

1
st
, 3

rd
 and 5

th
 notes of each scale, e.g. the C major chords is composed of the 

notes C – E – G. The difference between a major chord and a minor chord is 

whether the position of the 3rd scale degree is in major or minor. As shown 

in the table for the C minor scale intervals below, the 3rd scale degree is three 

semitones above the tonic. That means that a C minor chord consists of C – 

Eb – G, where Eb stands for E flat. 

 

Table 3: The major and minor scale of C with intervals and degrees. 

Degrees 1st  2nd  3rd  4th  5th  6tht  7th  8th 

Intervals  T  T  s  T  T  T  s  

C major C  D  E  F  G  A  B  C 

Intervals  T  s  T  T  s  T  T  

C minor C  D  Eb  F  G  Ab  Bb  C 

 

A minor chord can often be distinguished by sounding darker and the mood 

is considered to sound more serious and melancholic. Although the theory 

behind it can be hard to grasp for a person without formal music training, 

studies have shown that lay people still have a highly sophisticated (implicit) 

knowledge about music syntax (Tillmann, et al., 2000).  

The harmonization of any major scale results in three major chords, which 

are often used in popular music and known as three-chord song style. The 

three chords are based on the 1st (tonic), 4th (subdominant) and 5th 

(dominant) scale degrees, e.g. the C major scale results in the major chords 

C – F – G. Each one of these three chords has a relative minor chord, which 

are based upon the 6th, 2nd and 3rd scale degrees of the major scale (Harnum, 

2009). Besides these six common chords, there is one degree left in the scale, 

the 7th, that results in a diminished chord. 

A diminished chord is built similarly to a minor chord except for its 5th 

degree note in the scale, which is lowered one semitone. It consists of three 

notes, a root, 3rd and 5th (Vogl, 2007). It is perceived as an eerie sound that 

tends to leave the listener hanging. The reason behind the diminished chord’s 

sound is its tonal dissonance and lack of harmony within the sound that 

causes our ears to seek tonal resolution. The diminished chord naturally sits 

one semitone down from the tonic in the major scale and is called the leading 

chord because it naturally resolves to the tonic. The diminished chord in a 
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minor scale occurs on the second degree (supertonic) and usually resolves into 

a dominant functioning chord (Harnum, 2009). 

The dominant seventh chord is important because it brings our ears back 

to the tonic. It is composed by a major triad and an additional minor seventh. 

The name dominant means that it is built upon the fifth degree of a given 

major scale. E.g. using the C major and minor scale from Table 2, we can see 

that the dominant seventh chord is built upon the dominant, the G major 

triad (G – B – D), with adding a seventh (F) from the G minor scale (Vogl, 

2007). 

A suspended chord is often used to add more dynamic and color to the 

composed music. The 3rd degree in the scale is omitted and replaced with 

either a raised note (the 4
th
 degree) or a lowered note (the 2

nd
 degree) above 

the tonic of the chord (Vogl, 2007). 

2.1.6 Tonality 

Most popular music today is tonal, meaning that the chords or pitches are 

organized in a certain way around the central pitch, the tonic. It is the chord 

or pitch with the greatest stability and the target to which other tones lead. 

The key of a musical piece is named after its tonic and mode. The key of a 

musical piece may sometimes change, this is called modulation. 

Music that lacks a tonal center is called atonal, which uses alternative 

structural strategies. Since we are more exposed to traditional tonality, we 

may find atonal music very challenging to listen to. 

2.1.7 Modality 

Modality in music is the subject concerning diatonic scales known as musical 

modes. There are two basic modes, major and minor, which can be separated 

regarding the position of tones and semitones within their respective scales. 

 

2.2 Related Work 

The related work is presented in four categories: Music information retrieval, 

perceptual music features, key models and machine learning. These are the 

main areas that are connected to this project and they all rely on each other 

to make this project successful. 

2.2.1 Music Information Retrieval 

Music Information Retrieval (MIR) is a multidisciplinary research field that 

include researchers from different backgrounds, such as Computer science, 
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Electrical engineering, Information science, Music and Psychology. Since the 

beginning of the 21th century, it has become more important to design tools 

and build algorithms that facilitate the organization of the enormous 

collections of music that are available today in the digital world. The goal of 

MIR is to extract significant features from music that can tell us about the 

content. The music can be represented either as symbolic data, such as MIDI 

(Music Instrument Digital Interface), or real audio signals.  

There are many challenges within MIR. In order to facilitate the progress 

in the field, an annual contest is held by MIREX (Musical Information 

Retrieval Evaluation eXchange) (Downie, 2008). It gives researchers the 

opportunity to evaluate their methods and test them against each other. It 

also gives an opportunity to exchange valuable information about what is the 

current state-of-the-art system. The most prominent topics of the application 

areas are beat tracking, melody extraction, chord recognition, genre 

classification, tempo estimation and mood prediction.  

There are three different approaches to extract content about the music; 

metadata, high-level music content description and low-level audio features 

(Casey, et al., 2008). The first consists of annotated information for text 

based searching. The second is based on an intuitive knowledge about the 

music and how it is composed. The last approach is very common and uses 

signal based properties. This is done by extracting from the audio signal low-

level signal attributes, referred to as features, that contain information about 

the musical piece. High level music features are often extracted from low-

level content. These features can be the pitch, sound level and tempo of a 

musical piece, to name a few, and are often hand-crafted to match certain 

criteria. 

Although these low-level features have been widely used in MIR research 

for many years, the progress has begun to decelerate according to the review 

by Humphrey et al. (2013) of the current MIREX results. The evaluation 

shows that the results for chord recognition, genre recognition and mood 

estimation are all converging to performance plateaus. They motivate the use 

for deep learning neural networks to overcome the shortcomings of 

unsustainable hand-crafted features and shallow architecture that cannot 

represent high level music content in order to make a robust system with 

good accuracy. 
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2.2.2 Perceptual music features 

The approach to model the perceptual features in the PAMIR project is to 

use four-layers: audio input, low-level audio features, mid-level perceptual 

features and semantic descriptions. The analysis model is shown in Figure 1. 

Emotion and genre are semantic descriptors, which will be the output of the 

computational model. The aim is that the perceptual features will be the 

bridge between the fundamental low-level audio features and the high-level 

semantics. These perceptual features were presented in the paper by Friberg 

et al. (2011) and were limited to nine basic features scales and two emotion 

scales. The nine features were rated by a test group using two music datasets. 

The results indicated that emotions can be predicted using a combination of 

perceptual features with an explained variance from 75% to 93% (Friberg, et 

al., 2014). There was also an attempt to model the nine features using Partial 

Least Squares (PLS) regression and Support Vector Regression (SVR). The 

model predicted modality with an explained variability of 43 % and 53 % for 

two different data sets.  

Elowsson et al. (2013) made a model of the perceptual feature “speed” by 

using the perceptual ratings (Friberg, et al., 2011) in a machine learning 

method to build ground truth and train the system in order to predict the 

speed. They showed in their study that separating the audio source into a 

harmonic part and a percussive part can improve the results of the perceptual 

features tempo up to an explained variance of 90%.  

Valence and energy make up the two-dimensional emotion space, where 

valence indicates the degree of negative or positive emotion and energy is the 

overall perceived energy (Russell, 1980). Eerola et al. (2013) performed an 

experiment to determine the aspects of music that contribute to emotional 

expression. By letting listeners rate 200 musical examples according to four 

perceived emotional characters (happy, sad, peaceful and scary) from six 

perceptual features, it was shown that modality had the highest importance 

for the emotions happy and sad. Friberg and Hedblad (2011) later used these 

results to estimate the valence in music in a successful attempt, using the 

perceptual features as ground truth. The valence was estimated using 

multiple regression with adj. R2 = 0,87 (meaning that 87% of the variation 

could be estimated). 

2.2.3 Key models 

Since most western music is considered tonal, there exist relationships 

between the pitches that can be used in tonal analysis. By establishing a 

significant tonal relationship through chord functions, it is possible to derive 
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the tonality for a musical piece (Winograd, 1968). Krumhansl (1990) 

introduced tonal profiles in order to estimate the key in a melodic line, see 

Figure 3. She obtained key models for the diatonic scales major and minor, 

where each contains 12 values. These values are the ratings of the degree to 

which each of the chromatic scale tones fit a particularly key. A model of key 

was introduced, one for each major and minor key, that resulted in a total of 

24 key models. The key models were then correlated with the note duration 

in order to estimate the key.  

 

Figure 3: Krumhansl profiles for major and minor (Krumhansl, 1990). 

This key model was then later used by Temperley (1999) who added few 

modifications to the values. He also improved the method by ignoring note 

durations by using a flat input/weighted key profile instead of the weighted 

input/weighted key profile in Krumhansl’s method. 

A similar profile was generated by Chai (2005). The profile was used to 

estimate the key of 7673 musical pieces and then count the number of times 

each note appears. The vectors were averaged over all pieces and then 

normalized. Chai first estimated the key without considering the mode. This 

was done in the second step by using a major key profile and its relative 

minor key profile, which only consisted of one value in each profile. In order 

to detect the mode, the strength of the 6th degree with respect to the 

dominant was measured.  
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Gomez (2006) compared the performance of the tonal profiles 

(Krumhansl, 1990; Temperley, 1999; Chai, 2005) described and also proposed 

a tonal profile method for melodies and adapted it to low-level features, such 

as Harmonic Pitch Class Profile (HPCP). The key was estimated by 

correlating the HPCP vector for each piece with profiles for all the possible 

keys. The tonal profile approach was based on Krumhansl (1990) and 

Temperley (1999). Gomez approach adapts the original technique of tonal 

profiles with some alterations. Instead of working with note durations, the 

HPCP was used and she considers polyphony instead of melodic lines. 

2.2.4 Machine learning 

Recent progress in MIR has been facilitated due to the use of machine 

learning techniques such as Support vector machine (SVM) (Laurier, et al., 

2007), Hidden-Markov model (HMM) (Lee & Slaney, 2008) and Neural 

network (NN) (Schmidt & Kim, 2011). 

One of the costs when using a machine learning method is the collecting 

of ground truth. It consumes both time and money and needs to be prepared 

carefully.  

Since listening to music is a cognitive process reflecting what the listener’s 

perception is, there can sometimes be ambiguity involved when using 

machine learning to automatically classify music. One of the most widely 

studied areas in MIR is Music Genre Recognition (MGR), where automatic 

methods have reported results above 90% in accuracy when automatically 

classifying genres (Panagakis & Kotropoulos, 2010). An evaluation of the 

state-of-the-art music recognition systems was made by Sturm (2013). He 

showed that the classification accuracy results, often based on limited data 

sets, can not be relied upon to produce genre labels that are indistinguishable 

from those human produced. Sturm pointed out that to be able to make a 

robust system, one must implement several features from the music and use 

a wider perspective than just classify. 

  



13 

 

  

Theory 

3.1 Pitch class profile 

A Pitch class profile (PCP), also known as chromagram, was introduced by 

Fujishima (1999) and has been used as a feature set in automatic chord 

recognition and key extraction. Musical pitch has two dimensions, height 

and chroma. The height is measured vertically and connect each note to its 

corresponding octave. The chroma, on the other hand, tells where it stands 

in relation to other pitches within an octave. A PCP is a 12-dimensional 

vector representation of a chroma, which represents the relative intensity in 

each of the twelve semitones in a chromatic scale. A 12-bin chromagram is 

obtained by taking the discrete Fourier transform (DFT) of input signal 

𝑋(𝑘). The constant Q-transform 𝑋𝐶𝐾 is then calculated from 𝑋(𝑘), which 

transforms the amplitude and phase against log frequency to reflect the 

frequency resolution of the human ear (Brown, 1991). The kth spectral Q-

transform is defined as 

 
𝑓𝑘 = (2

1
𝐵)

𝑘

𝑓𝑚𝑖𝑛, 
(4) 

 

where 𝑓𝑘 varies from 𝑓𝑚𝑖𝑛 to an upper desired frequency and B is the 

number of bins in an octave in the constant Q-transform. The chromagram 

vector 𝐶𝐻 is the obtained by 

 

𝐶𝐻(𝑏) = ∑ |𝑋𝐶𝐾(𝑏 + 𝑖𝐵)|,

𝑀−1

𝑖=0

 

(5) 
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where 𝑏 = 1,2 … 𝐵 is the chromagram bin index and M is the number of 

octaves spanned in the Q spectrum. It is common to use 𝐵 = 12 for chord 

recognition. 

3.1.1 Harmonic Pitch Class Profile 

The Harmonic Pitch Class Profile (HPCP) is a pitch class distribution feature 

based on the PCP. The modifications with the HPCP are that it introduces 

a weight into the feature computation. It also considers the presence of 

harmonics and the use of higher resolution in the HPCP bins. For further 

details see (Gomez Gutierrez, 2006, pp. 76-79). 

 

 

Figure 4: HPCP evolution with the color red indicating a high strength of the pitch. 

The y-axis resolution has a bin size of 36, i.e 
1

3
 semitone. The x-axis displays the 

frames, with a frame size of 4096 samples and a hop size of 256 samples. 

3.2 Neural network 

A Neural Network (NN) is an information processing paradigm that is 

inspired by the way the brain process information (Kriesel, 2007). Based on 

its composition of a large number of highly interconnected processing 

elements (neurons), it can be configured to solve a specific task by modeling 

complex non-linear relationships and approximate any measurable function. 

It can be used as an effective tool for fitting data, where it uses a training 

process to associate outputs (target values) with the input. A simple 

explanation of the neuron model can be defined as follows: 
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The neuron model receives a vectorial input �̅�  with 𝑥𝑖 components. The 

components are multiplied by the appropriate weights 𝑤𝑖 and then 

accumulated. 

 
𝑦 = ∑ 𝑤𝑖𝑥𝑖

𝑖

 
(19) 

 

The sum is then normalized and passed through an activation function, 

often a sigmoid function, to map the sum into a range of values. A threshold 

is set for these values to determine whether the neuron is activated. The 

reactions of the neurons to the input values depend on this activation state. 

It is common to use neurons that are biased, which means that the neuron 

input has additional input of a constant value wo. The neuron mathematical 

equation could then be written as 

 

𝑦 = 𝑓 (∑ 𝑤𝑖𝑥𝑖 + 𝑤𝑜

𝑖

) 

(20) 

 

where f is the activation function. A visual interpretation of the bias function 

is shown in Figure 5. 

 

 

Figure 5: A neuron with a huperbolic tangent function used for activation. The blue 

curve displays a neuron without bias and the red curve displays a neuron with a 

bias of -1. 

The most common type of NN consists of three inter-connected layers of 

units: input, hidden and output. The illustration of a NN is shown in Figure 

6. The first layer of neurons, the input, sends data via synapses to the second 

layer of neurons and via more synapses to the third layer of output neurons. 

The synapses store weights and biases to manipulate the data in the 

calculations. In order to modify the weight and biases of a network, a learning 

rule is defined with the objective of minimizing the mismatch between the 

desired output and the obtained output from the network for any given input. 
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It adjust the weights and biases of the network in order to move the network 

outputs closer to the targets.  

 

Figure 6: Illustration of a neural network with multiple hidden layers. 

 

A multi-layer network consists of multiple layers for the hidden neurons, 

where each layer can be trained to learn different features. Each layer can 

then find a pattern in the layer below to create an internal representation 

that are independent of outside input.  

The learning method chosen for this project is supervised learning, since 

we have a known training set consisting of both input data (chords) and 

target data (perceptual ratings). Supervised learning aims to find a function 

𝑓: 𝑋 → 𝑌 from a given set of example pairs. This is performed by mapping 

the data using a cost function 𝐶 to relate the mismatch between our mapping 

and the data. As mentioned earlier, the cost function is used to find the 

optimal solution. This can either be done minimizing average square error 

between the network’s output and the target values y or by finding the local 

minimum through backpropagation using gradient descent. The latter one 

was used in this project. 

The gradient operator notation is defined as 

 𝑔(𝑥1, 𝑥2 … 𝑥𝑛) = 𝛻𝑓(𝑥1, 𝑥2 … 𝑥𝑛) (21) 

 

g directs from any point of f towards the steepest ascent from this point, 

with |g| corresponding to the degree of this ascent. Gradient descent means 

going downhill from any starting point in the function f and therefore 

moves in the negative direction −∇f (Kriesel, 2007).  
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Feature Extraction 

Feature extraction describes the music data sets used in this thesis and how 

the perceptual ratings and chords were extracted. It also explains how key 

estimations can be implemented in a method for enhancing the chord 

estimates that were not consistent. Finally, the features are computed from 

the chords. 

4.1 Data set 

The two different data sets of instrumental musical examples are derived 

from previous experiments. The first is a ringtone audio set that has been 

synthesized from MIDI and consists of 100 musical pieces taken from popular 

songs (Friberg, et al., 2011). The second data set consists of 110 audio clips 

from film music that was selected for investigating the communication of 

emotional expression (Eerola, et al., 2013). The two datasets were used in a 

previous study to rate nine perceptual features by 20 listeners, with modality 

being one of them. Every listener rated modality in a semi-continuous scale 

from 0-10 (minor-major). One listener was excluded due to a 

misinterpretation of the direction on the scale and therefore answered in the 

opposite way to the average. The average rating of modality across the 

remaining 19 listeners for each musical example were used.  

The Cronbach’s Alpha (CA) (McGraw & Wong, 1996) was applied to 

estimate the reliability of the average value, from 0-1, where a value close to 

1 indicates good agreement and a value close to 0 indicates no agreement 

among the listeners. Subjects that decreased the CA value were removed in 

an iterative procedure in order to increase the average estimate. This resulted 

in the removal of eight listeners from the ringtone set increasing the CA from 

0,94 to 0,95 and zero listeners from the data set of film music which had a 

CA of 0,97. 

4.2 Chords 

The chord estimation model was developed by Deep Edge and will not be 

presented in detail in this study. The estimation of the chords for the songs 

in the two data sets was made using a machine learning method. The model 

was trained on recordings of music with various instrumentation, annotated 

with chords. 
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Figure 7: Model of the chord estimation. 

4.2.1 Chord types 

The chord types used in this project were: Major, Minor, Major 7
th
, Minor 

7
th
, Suspended 2

nd
, Suspended 4

th
 and Diminished. There was also a no chord 

type for chords that did not fit the chord estimation model, which could be 

ambiguous parts in the song, such as drum solos. Every song is given in a 

matrix 𝐶𝑖,𝑗 that is 𝑛 by 𝑚, where 𝑛 is the number of chord types and 𝑚 is 

the number of estimated chords for each song. The chords are represented 

with the probability 𝑝𝑖,𝑗 in each frame. 

 𝐶𝑖,𝑗,𝑘 = (

𝑝𝑖,𝑗 ⋯ 𝑝𝑖,𝑚

⋮ ⋱ ⋮
𝑝𝑛,𝑗 ⋯ 𝑝𝑛,𝑚

) (2) 

   

 𝐶𝑃𝑘,𝑗 = 𝑚𝑎𝑥(𝐶𝑗) (3) 

 

The chords with the highest probability are extracted from the matrix for 

each song into a matrix CPk,j, where 𝑘 represents a song from the dataset. 

That results in a matrix with values between 1-76, where the chords are 

represented in each row of 𝑚 frames with non-zero values. 

4.2.2 Chord data sets 

The chords were estimated in two rounds, the first consisted of both the 

ringtone and the film clip set and the second only included the ringtone set, 

see Table 4. The difference between the two rounds is that the first consists 

of estimates for all the seven chords (major, minor, major 7th, minor 7th, 

suspended 2nd, suspended 4th and diminished). The second round had only 

estimates for major and minor. They all had an estimate called no chord for 

the estimates that the model could not fit in the chord estimation model. 

 

 

 

 

 

Chord 

estimation 

Audio Chords 
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Table 4: The chord types used in each of the three chord data sets.  

Ringtones set 1 Film clips Ringtones set 2 

Major Major Major 

Minor Minor Minor 

Major 7
th
  Major 7

th
  No Chord 

Minor 7
th
  Minor 7

th
  - 

Suspended 2nd Suspended 2nd - 

Suspended 4
th
 Suspended 4

th
 - 

Diminished Diminished - 

No Chord No Chord - 

 

   

4.3 Tonal profile  

The tonal profile in this project is based on the previous work by Gomez 

(2006), which is an improvement of the original technique from Krumhansl 

(1990) and Temperley (1999). The key estimation will be based on the HPCP 

vector and the tonal profiles for each 12 major and minor keys. 

The profiles for major and minor are defined respectively as 𝑇𝑀(𝑖) and 

𝑇𝑚(𝑖), where 𝑖 = 1 … 12, see Figure 8. Each vector contains 12 elements where 

𝑖 correspond to the index for the pitch class chosen. The tonic in a given 

major or minor key will correspond to 𝑖 = 1, the dominant to 𝑖 = 8, etc. The 

placement of the values in the elements are chosen based on the diatonic 

scales for major and minor. Since the tonal hierarchy is considered invariant, 

with respect to the chosen tonic, the vector can be shifted to represent all 

the different keys in chromatic scale. E.g. the D vector is the same as the C 

vector but shifted two bins. The values of the profile represent prominent 

notes of the pitch class 𝑖 in a given major or minor key. 

Modality 
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Figure 8: Key profiles for major and minor proposed by Gomez (2006) and used in 

this study. 

4.4 Key estimation 

The methods for key estimation in this thesis are inspired by the previous 

works of Gomez (2006) and Noland and Sandler (2007). Gomez uses the 

correlation between the chroma vector and the tonal profile presented in 

section above. It calculates the correlation value for all 12 possible rotations 

to find the highest value which points to the most likely key. The key can be 

estimated into 24 different keys, representing both major and minor.  

The second method uses tonal transitions modeled by a HMM to analyze 

sequences of chords through time to define the tonal center of a musical piece. 

By estimating the right key for each piece, it can help improve the chord 

estimates that are not consistent throughout the song and therefore provide 

a more informative result for the estimation of modality.  

We have chosen to not consider key modulation in the pieces and 

therefore the key is chosen to be global throughout the piece. 
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4.4.1 Key estimation method proposed by Gomez (2006) 

The key for each musical piece is estimated from the tonal profiles 𝑇𝑀, 𝑇𝑚 

and the chroma vector CH . The chroma vector CH is extracted for each song 

using the MIRToolbox (v. 1.5) (Lartillot & Toiviainen, 2007). The matrix K 

consists of the two tonal profiles and is defined as a 2 x 12 matrix, where 

each row corresponds to a different mode. The profiles for major and minor 

in each key are correlated with CH to find the key with highest correlation 

value R𝑖,𝑗.  

 𝑅𝑖,𝑗 = 𝑟(𝐶𝐻, 𝐾(𝑖, 𝑗)) (6) 

 

𝑖 = 1,2, where 1 represents the major profile and 2 the minor profile. 𝑗 =

1 … 12 for the possible tonics. The expected values 𝜇𝐶𝐹 and 𝜇𝐾(𝑖,𝑗) and 

standard deviations 𝜎𝐶𝐹 and 𝜎𝐾(𝑖,𝑗) are given by: 

 
𝑅𝑖,𝑗 = 𝑟(𝐶𝐻, 𝐾(𝑖, 𝑗)) =

𝐸[(𝐶𝐻 − 𝜇𝐶𝐹) ∙ (𝐾(𝑖, 𝑗) − 𝜇𝐾(𝑖,𝑗))]

𝜎𝐶𝐹 ∙ 𝜎𝐾(𝑖,𝑗)
 

(7) 

The maximum correlation value corresponds to the estimated tonic and 

mode, represented by the indexes (𝑖𝑚𝑎𝑥 and 𝑗𝑚𝑎𝑥). The maximum 

correlation value 𝑅(𝑖𝑚𝑎𝑥, 𝑗𝑚𝑎𝑥) is used as a measure of the degree, tonality 

or key strength (Gomez Gutierrez, 2006). 

 𝑅(𝑖𝑚𝑎𝑥, 𝑗𝑚𝑎𝑥)  = 𝑚𝑎𝑥
𝑖,𝑗

(𝑅(𝑖, 𝑗)) (8) 

 

4.4.2 Key estimation method proposed by Noland and Sandler (2007) 

This method has been developed by Noland and Sandler (2007) and has been 

implemented through a VAMP plugin called Key detector which is available 

in the Sonic Annotator3 (Cannam, et al., 2010). In their work they have 

generated tonal profiles for major and minor that are used for key recognition. 

There have been earlier attempts at key recognition where techniques, such 

as note duration (Krumhansl, 1990) and chord distribution (Gomez 

Gutierrez, 2006) have been used frequently. Noland and Sandler instead 

focused on chord progression through time and used a HMM to build a 

complete model. The observations were made from a chromagram that is 

extracted from audio representing each musical excerpt in frames. The details 

are explained in (Noland & Sandler, 2007). The method is applied to the data 

                                        
3
 http://www.vamp-plugins.org/sonic-annotator/ 
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sets in this thesis using the Sonic Annotator which outputs the most likely 

key for each song. 

4.4.3 Key estimation settings 

The settings for both methods are presented in the table below. 

Table 5: Settings for key estimation methods. 

 Key estimation method 

Method Gomez Noland and Sandler 

Plugin MIRToolbox (v 1.5) VAMP Key detector, 

Sonic annotator 

Hop size 200 ms 16 frames 

Chroma resolution 12 bins 36 bins 

Observation type Single chords Chord transition 

 

4.4.4 Tonal enhancement 

Tonal enhancement was implemented in this thesis due to inconsistency in 

the chord estimates. It is a novel technique based on music theory in order 

to reduce incorrect chord estimation and provide a more reliable end result. 

The chords that are shifting mode in various frames can be set to the most 

likely mode by analyzing the scale of the key for the song.  

This first step is to apply key estimation for determining the key of the 

song. The scale of the key will then determine the modes for the chords in 

the chord vector. The chords that represents the 1
st
, 4

th
 and 5

th
 degrees will 

be set in the mode of the key. The rest: 2nd, 3rd and 6th will be set to the 

opposite mode, i.e. D minor if the key is in C major. 
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Figure 9: Example of a song with chords shifting modes. The chords are explained 

in the legend. Notice that the chords E, D and B have a large variation in the 

estimated chord.  
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Figure 10: The same song example as in Figure 9. The key of the song is 

estimated in B minor and tonal enhancement has been applied. Notice that the 

chords E, D and B now are consistent, there is no variation in the chord type. 

The result of applying tonal enhancement can be seen in Figure 9 and Figure 

10. The key of the song determines the mode of the chord estimates. E.g. the 

song example above is estimated in B minor. Table 6 displays the chords in 

the key of B minor, where min, maj and dim are abbreviations for minor, 

major and diminished (Vogl, 2007).  

Table 6: The chords in the key of B minor. 

Degrees 1st   2nd   3rd   4th   5th   6th   7th   8th  

B minor Bmi

n 

 C#dim  Dmaj  Emin  F#mi

n 

 Gma

j 

 Ama

j 

 Bmi

n 

 

As you can notice, the 1st degree (the tonic) in the scale has the same mode 

(minor) as the 4th and 5th, while the 3rd, 6th, and 7th has the opposite mode 

(major). Since the song example was estimated in B minor, the chords B, E 

and F# will be set to the mode minor. The chords D, G and A will be set to 

the opposite mode major, see Figure 10. The 2nd degree (C#dim) will be set 

to a diminished chord. 

 



25 

4.5 Segment features 

It is crucial to have a large data set to build a robust model for estimating 

modality, as mentioned earlier (see 2.2.4). One of the problems with this 

project, is the low number of perceptual ratings for the data set. In order to 

generate a larger data set, we have implemented an overlapping analysis 

technique to achieve a more robust model. We generate the new data by 

sliding a window through the chord progression vector CP for each song, 

which allows us to use the same perceptual rating. Each frame in the song 

will have the same rating. The size of the window has to represent enough 

time in the song from which the modality could be estimated. This parameter 

is not based on scientific facts but we have chosen that nine seconds is 

sufficient for determining the modality based on our own musical knowledge. 

The hop size is the parameter for how much the frames overlap, see Figure 

11. The implementation of this method makes it possible to analyze segments 

of the musical piece and extract features which will be used in further on in 

the prediction of modality. 

 

Figure 11: Illustration of the overlapping windows. 

 

The segment is defined as 

 
𝐶𝑃sg(𝑛) = ∑ 𝐶𝑃𝑓(𝑛)

𝑓=𝑒

𝑓=𝑏

, 
(9) 

Where e and b represents frame index, beginning and end, for the temporal 

boundaries of a given segment. 𝑛 = 1 … 𝑠𝑖𝑧𝑒 
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4.6 Features 

A total of five features were computed from each segment chord vector.  

4.6.1 Ratio 

The chord progression vector is used for extracting features, such as the ratio 

for each chord in the songs, 𝐶𝐹, by summing them up and dividing by the 

total number of chords. Each song is then represented by a matrix 𝐶𝐹𝑖,𝑗, 

where 𝑖 = 1 … 8 is the chord type (i.e. 𝑖 = 3 is the major 7
th
 chord 

distribution). 𝑗 = 1 … 12, represents each key in the chromatic scale (C, C# 

etc.). The chords that represents major modality is major, major 7
th
, 

suspended 2
nd

 and suspended 4
th
 and the chord types for minor modality is 

minor, minor 7
th
 and diminished. The ratio is computed by summing up the 

rows that represents major and minor. 

 
𝐶𝑅𝑘,𝑚 =

 𝐶𝐹𝑖

𝑠𝑢𝑚(𝐶𝐹)
 

(10) 

𝑘 = 1 … 𝑁, where N is the number of songs in the data set. 𝑚 = 1,2, where 1 

represents the major modality and 2 the minor modality. 

The maximum and minimum value for ratio are extracted for each segment 

in the analysis. 

 𝐶𝑚𝑎𝑥𝑘,𝑗 = 𝑚𝑎𝑥(𝐶𝑅𝑘,𝑚) (11

) 

 𝐶𝑚𝑖𝑛𝑘,𝑗 = 𝑚𝑖𝑛(𝐶𝑅𝑘,𝑚) (12) 

 

The variation in modality is calculated from the maximum and minimum 

value in each segment. 

 𝐶𝑣𝑎𝑟𝑘,𝑗 = 𝑚𝑎𝑥(𝐶𝑅𝑘,𝑚) − 𝑚𝑖𝑛(𝐶𝑅𝑘,𝑚) (13) 

 

The last feature is the median Cmedk,j which is extracted from the chord 

distribution ratio CR. 

Feature Name 

Ratio CR  

Maximu

m  

Cmax  

Minimum 𝐶𝑚𝑖𝑛  

Variation Cvar  

Median Cmed 
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Prediction of modality 

5.1 Linear Regression 

Linear regression (LR) is used in this project to model the relationship 

between the features and the ratings. The ratings are the dependent variable 

𝑦𝑖 and the features are the explanatory variables 𝑋𝑖,𝑗 for 0 < 𝑖, 𝑗 ≤ 𝑛, 𝑝, where 

𝑛 is the number of dependent variables and 𝑝 is the number of regressors. 

LR assumes that there is a linear relationship for given variables 𝑦𝑖 and 𝑋𝑖,𝑗 

by fitting a linear equation to observed data (Gross, 2003). The model can 

be written as 

 𝑦𝑖 = 𝛽1𝑥𝑖1 + ⋯ + 𝛽𝑝𝑥𝑖𝑝 + 𝜀𝑖 = �̅�𝑖
𝑇�̅� + 𝜀𝑖 . (14) 

 

The elements of the p-dimensional parameter vector 𝛽 is called regression 

coefficients. A disturbance term 𝜀𝑖 is added to model random noise to the 

linear relationship between the dependent variable and the regressors. It can 

be written in vector form as 

 �̅� = �̅��̅� + 𝜀,̅ (15) 

 

where 

 

�̅� = (

𝑦1

⋮
𝑦𝑛

), �̅� = (
�̅�1

𝑇

⋮
�̅�𝑛

𝑇
) = (

𝑥11 ⋯ 𝑥1𝑝

⋮ ⋱ ⋮
𝑥𝑛1 ⋯ 𝑥𝑛𝑝

), 

(16) 

 

 

 �̅� = (
𝛽1

⋮
𝛽𝑛

), 𝜀̅ = (

𝜀1

⋮
𝜀𝑛

) 

(17) 
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If there are several explanatory features, the process is called Multiple Linear 

Regression (MLR). It is an extension of linear regression that involves 

multiple predictors and is written as 

 𝜇𝑦 = 𝛽0 + 𝛽1𝑥𝑖1 + ⋯ + 𝛽𝑝𝑥𝑖𝑝 + 𝜀𝑖 , (18) 

 

where 𝜇𝑦 is mean of the observed value 𝑦𝑖. 

 

5.2 Neural network 

The method for predicting modality with a Neural network was implemented 

in MATLAB using the Neural Network Toolbox. The features will act as the 

input for the network as an n x m matrix, where n is the number of songs in 

the data set and m is the number of features. The input data for the 

supervised learning method was split up into 70% for training, 15% for 

validation and 15% for testing. The number of hidden layers was set to two. 

We have used an automated regularization (trainbr) that combines 

Bayesian Regularization and Levenberg-Marquardt optimization 

(Marquardt, 1963) in order to avoid overfitting due to errors in the training 

set. The method is implemented in MATLAB, using the Neural Network 

Toolbox with Bayesian regularization backpropagation. For further details 

about the method see (Foresee & Hagan, 1997). 

It is then connected through a number of hidden layers to the 

perceptual ratings which are the output.  

5.3 Evaluation 

A 𝑘-fold cross validation was used to evaluate the system in order to ensure 

consistency and avoid overfitting. K-fold cross validation means that the 

original sample is randomly partitioned into 𝑘 equal sized subsamples. A 

single subsample from the 𝑘 subsamples is used as validation for testing the 

model and the remaining samples (𝑘 − 1) are then used as training data. The 

process is repeated 𝑘 times and the result from 𝑘-fold cross validation can 

then be averaged to produce a single estimation. The number of folds has 

been chosen to 𝑘 = 10 in this project. 
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The measure used for the computational model predicted values is the 

squared correlation coefficient 𝑅2. It is a measure between 0 − 1 on how well 

the model replicates the output, where a value close to 1 indicates that the 

model is based on the variation of the given data set. It is defined as follows: 

A data set of n variables is defined as 𝑦𝑗, where each variable is associated 

with a predicted value 𝑓𝑖. The variability of the data set is calculated as 

follows: 

The total sum of squares. 

 
𝑆𝑆𝑡𝑜𝑡 = ∑(𝑦𝑖 − �̅�)2

𝑖

 
(22) 

 

The regression sum of squares. 

 
𝑆𝑆𝑟𝑒𝑠 = ∑(𝑦𝑖 − 𝑓𝑖)2

𝑖

 
(23) 

 

The squared correlation coefficient can then be defined as: 

 
𝑅2 = 1 −

𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
 

(24) 
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Experiments and Results 

The experiments for this thesis were run in MATLAB. The first part 

describes the distribution of chords in the data sets, which is then followed 

by the results for the prediction of modality using the initial features. The 

results for the observed data (chords) are then analyzed in an attempt to 

enhance the features for more realistic results. Finally, a last prediction is 

made from the enhanced features. 

6.1 Chord distribution 

The chord distribution for all the three sets were computed by summing up 

each chord for all songs in one set and then normalized by the total number 

of chords in the set. The distribution is displayed in Table 7. The distribution 

for ringtone set 1 and film clips has some similarities. The reason behind the 

similarity in the distribution could be the model for the chord estimation or 

that it is a common distribution in music. It is also noticeable from Table 7 

that the amount of chords that did not fit the model (no chord) is fairly high 

and therefore causes a loss of information for further predictions. 

Table 7. Chord distribution for the three sets. 

 Ringtones set 1 Ringtones set 2 Film clips 

Chords Distribution Distribution Distribution 

Major 0.398 0.491 0.352 

Minor 0.239 0.310 0.234 

Major 7th  0.052 - 0.071 

Minor 7th  0.052 - 0.052 

Suspended 2nd 0.026 - 0.033 

Suspended 4th 0.036 - 0.034 

Diminished 0.056 - 0.061 

No Chord 0.137 0.198 0.162 
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Since modality in this project is only measured between major and minor, 

the different chords have to be summed up to represent each one of these 

modes. The chords that represent major modality are major, major 7
th
, 

suspended 2
nd

 and suspended 4
th
. The minor representation consists of minor, 

minor 7
th
 and diminished. The no chord option is excluded for this part. We 

could then use this ratio between major or minor for each song in order to 

see if it mapped to the listeners ratings. However, since the ratio for major 

and minor are mirrored values (major = 1-minor) it is only necessary to use 

one of these. Therefore, major was chosen for the computation of modality 

because it represents a growing increase from zero to ten.  

6.2 Correlation with ground truth 

We start by evaluating the correlation between the chord distribution and 

the ratings for each set. 

Table 8. Cross-correlation between the chord distribution and the perceptual 

rating of modality. 

 Ringtones set 1 Ringtones set 2 Film clips 

Features Correlation Correlation Correlation 

Major 0.634 0.634 0.579 

Minor -0.473 -0.429 -0.294 

Major 7th  -0.083 - -0.045 

Minor 7
th
  0.076 - 0.257 

Suspended 2nd 0.078 - -0.046 

Suspended 4th -0.013 - 0.052 

Diminished -0.137 - -0.257 

No Chord -0.261 -0.229 -0.253 

 

The chords were then analyzed in segments with an analysis window of 9 

seconds and a hop size of 50 frames, where one frame was approximately 

0.058 seconds. That produced a number of segments for each song that varied 

from 9-158 depending on the length of the song. The modality ratio 

(major/minor) were computed from the segments. The five features were 

extracted from the chord ratio by taking the average, maximum, minimum, 

variation (max-min), and median. The cross-correlation between the 

perceptual ratings and each one of the features are shown in Table 9. The 

cross-correlation values indicates that the features average, minimum and 

median produced the highest correlation in the ringtones dataset. It was 

expected that the variation would have a lower correlation, but it was kept 
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for later computations. The correlation values in the film clips data set is 

lower for almost all the features. That raised a question whether this data 

set would be able to contribute to the prediction of modality using chord 

analysis. 

Table 9. Cross-correlation between the features and the perceptual ratings. 

 Ringtones set 1 Ringtones set 2 Film clips 

Features Correlation Correlation Correlation 

Average  0.535 0.431 0.393 

Maximum 0.457 0.357 0.333 

Minimum 0.532 0.403 0.424 

Variation -0.197 -0.240 -0.179 

Median 0.539 0.435 0.380 

 

The results from the cross-correlation (Table 9) indicates a low explained 

variance in all the three data sets from the chosen features. This is visualized 

in Figure 12-Figure 14, where the chord distribution features with highest 

correlation value from Table 9 are plotted against the listener ratings.  

 

 

Figure 12: Fitted line plot of Ringtone ratings and median features from Ringtone 

set 1.  S represents the average distance that the observed values fall from the 

regression line. 
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Figure 13: Fitted line plot of Film clip ratings and minimum features. 

 

Figure 14: Fitted line plot of Ringtone ratings and median features from Ringtone 

set 2. 

It is clear that the scatter plot has too much spreading in order to fit a line 

to it. The main reason behind this is that the chord distribution and the 
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listener ratings are not completely concatenated at this point. This will be 

further discussed in the analysis of the chord distribution, Section 6.4. 

6.3 Prediction of modality from chord distribution 

The features from Table 9 were used to predict the modality with MLR. The 

results are displayed in Table 10 and indicates an improvement in the 

prediction in all of three sets. The feature no chord was discarded due to 

multicollinearity. 

The MLR prediction of listener ratings from chord features was able to 

explain 43-48 % of the variance for the different data sets. 

Table 10. Modality from chord distribution features using multiple regression. 

The feature No chord was removed in all sets due to multicollinearity. 

 Ringtone set 1 Ringtone set 2 Film clips 

R
2
 0.476 0.428 0.445 

Features beta p-value beta p-value beta p-value 

Major 4.229 <0.001 5.892 <0.001 8.190 <0.001 

Minor -3.043 0.001 -2.089 0.036 -2.400 0.124 

Major 7
th
  -0.650 0.698 - - -1.320 0.699 

Minor 7th  5.780 0.014 - - 6.860 0.079 

Suspended 2
nd

 -0.360 0.853 - - 1.570 0.739 

Suspended 4th 0.100 0.970 - - 4.490 0.373 

Diminished -4.630 0.049 - - 5.930 0.034 

No Chord - - - - - - 

 

The last technique for predicting modality from the training data was to use 

a neural network, where the ratings for each set serve as target data and the 

features are the input data. The same settings were used for all the three sets 

and were applied to the five features from Table 5 and the eight features 

(three features for ringtone set 2) from Table 8. The method was evaluated 

with a 10-fold cross validation and the explained variability is presented in 

Table 11.  
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Table 11. The prediction of the perceptual feature modality from a neural network 

using three sets of chord features. 

 Ringtone set 1 Ringtone set 2 Film clips 

No. of Features R
2
 R

2
 R

2
 

5 0.348 0.440 0.187 

3 - 0.413 - 

8 0.448 - 0.433 

 

We can see that the explained variability R2 for the neural network is lower 

than the MLR prediction, except for the Ringtone set 2 (R2 = 0.440, 5 

features). If we compare the result with earlier studies, R
2
 = 0.43 (Friberg, 

et al., 2014), it has only slightly improved the prediction of modality for the 

ringtone set. 

6.4 Chord distribution analysis 

The chord distribution holds information about the modality of the song, but 

it depends on the chord estimation model to produce estimates that are 

correct. The result from above tells us that the raw input from chord 

distribution is not sufficient to build a computational model. It is therefore 

motivated to make a deeper analyze of the distribution and see what causes 

the spread. By analyzing the extreme cases, the predictions that did not fit 

the linear model, it is possible to find hints of where the estimations are 

incorrectly produced. This is done by looking at a song along the time-axis 

to see what the chord progression looks like. Table 12 shows a number of 

songs that got a chord distribution that was far from the linear prediction 

based on the listener ratings.  

Table 12: Examples of incorrect estimates from the ringtone set 1, listener 

rating vs. chord ratio of the song. The continuous scale for listener ratings and 

chord ratio corresponds to low-high modality and low-high ratio of major chords 

respectively.  

Song index Listener rating (0-10) Chord ratio (Major) (0-1) 

40 2.300 0.704 

69 1.900 0.679 

94 8.800 0.384 

91 4.100 0.104 

99 2.100 0.687 

 

The table indicates that the chord ratio from the songs do not match the 
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ratings from listeners. A high rating (>8) should correspond to a high ratio 

(>0.8). This assumption is clearly not proven to be accurate for these songs. 

The visual representation of the songs explain the reasons behind the chord 

distribution. I.e. one reason is that the chord estimation model has not been 

trained on songs that has a majority of bass instruments in them. This is 

indicated by Figure 15 and corresponds to song index 91 in Table 12. Another 

reason is shown by the chord progression in song index 40 that has a lot of 

inconsistency in the chord estimates for the same chord, see Figure 16. This 

pattern is consistent throughout the ringtone set 1 and film clip set which 

has estimates for all the eight chord types. 

 

 

Figure 15: Chord progression of song index 91, indicating a lot of “no chord” 

(yellow dots) and diminished (black dots) estimates which are estimates from a bass 

line. The colors represent each a different estimated chord, which is explained in 

the legend. 
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Figure 16: Chord progression of song index 40. The majority of chords has 

inconsistencies in the estimations. The colors represent each a different estimated 

chord, which is explained in the legend. 

The chord analysis was conducted on the ringtone set 2, to see whether it 

had improved. We can see in Table 13 that there are still incorrect estimates 

and by viewing the chord progression for song index 50 in Figure 17, it is 

noticeable that a significant number of chords are not recognized as chords 

and are therefore marked as no chord (the yellow dots at the bottom). This 

is an indicator that the bass line of the song does not fit the chord estimation 

model for this set either. The visible parts of the song, the red and blue dots, 

represents the melody, while the bass line is marked as no chord in Figure 

17. 
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Table 13: Examples of incorrect estimates from the ringtone set 2, listener rating 

vs. chord ratio of the song. The continuous scale for listener ratings and chord 

ratio corresponds to low-high modality and low-high ratio of major chords 

respectively. 

Song index Listener rating (0-10) Chord ratio (Major) (0-1) 

50 2.700 0.903 

65 2.700 0.874 

69 1.900 0.949 

70 2.200 0.947 

75 1.600 0.978 

 

Figure 17: Chord progression of song index 50 from ringtone set 2. Major, minor 

and no chord are marked respectively as blue, red and yellow 

6.5 Tonal enhancement 

We have implemented a tonal enhancement method (see Section 4.4.4) in 

order to reduce the number of incorrect estimates from the chord distribution. 

This method estimates the key for each song and corrects the chords along 

the chord progression to fit the scale for the estimated key, which is based 

on music theory. The method was motivated by extracting ground truth for 



39 

all keys of all the songs in the sets by hand and apply the tonal enhancement 

method to the set. We extracted the keys manually by listening to the songs 

from the ringtone set and take out the chords with a guitar. The key could 

then be decided for each song and used for tonal enhancement. Due to time 

constraints, this method was only implemented on ringtone set 1. Another 

reason for not applying this method to the film clip set is because some of 

the clips consist of atonal music, meaning that the orientation towards the 

tonic is weak. Therefore, the method is not as likely to improve the results. 

After the program had corrected the chords, we extracted the same features 

as from the previous window analysis and could see an improved result, see 

Table 14. 

 

Table 14: The explained variability after applying tonal enhancement for 

ringtone set 1.  

Prediction method R
2 

Linear regression 0.60 

Neural network 0.76 

 

The explained variability R2 has increased significantly since the previous 

results, which is an indicator that our model can benefit from tonal 

enhancement. However, the result relies on how accurate the key estimations 

are, in order to implement tonal enhancement correct for the chord 

distribution. An incorrect key estimation result will produce a chain effect 

that can lower the end result for the prediction of modality. 

6.5.1 Key estimation 

The two methods described in Section 4.4 for key estimation were applied 

to ringtone set 1 with the settings from Section 4.4.3. As mentioned earlier 

in the previous section, the ground truth for the key of each song was only 

extracted from the ringtone set. The percentage of songs for which the main 

key or relative key (Rel. key) is correctly identified is shown in Table 15. 

The reason that both keys are considered correct in this thesis, is that it 

produces the same result for the tonal enhancement. 

Table 15: Percentage of global key estimates that are correct. 

Estimation method Total correct (%) Main key (%) Rel. key (%) 

Gomez 70 33 37 

Noland and Sandler 87 46 39 
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As we can see above, the more sophisticated method proposed by Noland and 

Sandler has a higher percentage of correct estimations. It is worth mentioning 

that Noland and Sandler assumed that this method was more likely to 

produce correct estimations for simpler songs like the ringtone set. Since we 

only have instrumental songs in this project, the result might vary if this 

method is applied to a broader range of music. They found in their 

experiments, that a set consisting of Beatles songs produced a lower result of 

correct estimations than a set consisting of Bach (Noland & Sandler, 2007). 

6.5.2 Enhanced features 

The tonal enhancement method from Section 4.4.4 is applied to the ringtone 

set 1 together with the estimated keys from the previous section. The feature 

set described in Table 7 and Table 9 is extracted. An additional feature 

modality was added from the key estimation. The prediction of modality is 

made using MLR and a NN. 

 

Table 16: Modality predicted after applying tonal enhancement from estimated 

keys to the chord distribution.  

 MLR  Neural Network  

Key No. of features R2 No. of features R2 

Gomez 9 0.624 11 0.624 

Noland and 

Sandler 

9 0.623 11 0.643 

 

We can clearly see that tonal enhancement has improved the results for both 

MLR and NN. Notice that the explained variance in MLR for the two key 

estimation methods are almost the same. The improvement is slightly better 

for the method proposed by (Noland & Sandler, 2007) in the NN. The result 

indicates that the prediction of modality can be further improved either by 

a more accurate chord estimation model or tonal enhancement from 

estimated keys. The first option would provide a safer solution since the tonal 

enhancement is not robust for all types of scales, such as harmonic minor. 
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Conclusions and Future work 

7.1 Conclusions 

A computational model for predicting modality in a continuous scale from 

minor to major, was proposed and tested in this thesis. The input to the 

model consisted of features that were extracted from chord analysis using 

seven chord types from three different data sets. The methods used for 

predicting modality was multiple linear regression and a neural network, 

which were evaluated with a 10-fold cross validation to reflect the overall 

performance. 

The results indicated a low result from a starting point in this project 

with an explained variability below 50 %. The result could partly be 

explained by incorrect chord estimates that were consistent in all the data 

sets. The reason for the incorrect chords derives from the input to the chord 

estimation model. If the model is not trained on data that corresponds to 

data used for prediction, it will produce incorrect estimates. The results for 

the film clip set can be explained by the training data used in the chord 

estimation model, which only consisted of pop songs with a classic 

arrangement of guitar, bass, piano. The audio from the film clip set consisted 

of variety of instrumentation. Some of the clips had brass and percussion 

arrangements, hence incorrect chord estimates from the model. Another 

possible reason for the low result, could be that features from the chord 

distribution is not sufficient for predicting modality.  

However, this result was shown to be improved by enhancing the tonal 

features based on the key for each song, as shown in Table 16. The ground 

truth for the keys in each song was first extracted by hand and applied to 

correct wrongly estimated features. It improved the explained variability 

from 45 % to 76 %. In order to implement the tonal enhancement in the 

model, we had to automatically extract the keys.  Two key estimation models 

was implemented using both chord distribution (Gomez Gutierrez, 2006) and 
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chord progression (Noland & Sandler, 2007). The performance of the latter 

method was slightly higher and the modality was predicted with an explained 

variability of 64 %, using a NN (see Table 16). This method was only 

implemented on the ringtone set, with the explanation that a lot of the music 

in the film clip set consisted of atonal music. This result is also an 

improvement from the earlier attempt by Friberg et al. (2014), who predicted 

the modality with an explained variance of 43 % (ringtone set) and 53 % 

(film clip set). 

7.2 Future work 

There are several improvements that can be done in future work. The most 

obvious priority would be to construct a more accurate chord estimation 

model. Although that was not a part of this thesis, the outcome of the 

predictions relied heavily on input that consisted of chords. It is worth 

mentioning that the tonal enhancement only considers natural minor scales, 

which means that songs with a harmonic scale (see Section 2.1.4) get incorrect 

adjustments in the scale. The optimal solution is therefore an accurate chord 

estimation model without the need of tonal enhancement. 

Another crucial task is to extract essential features that can build a robust 

model. The features in this thesis, were solely based on the chord distribution. 

However, there is a lot of information in the audio, such as timbre and 

dynamics that was not investigated due to time constraints. 

The results from the tonal enhancement features were based on the 

performance of the key estimation, and therefore relies on that model to 

produce estimations that are correct. There has been a lot of promising results 

in key and chord estimation reported by McVicar et al. (2014). It was shown 

in this thesis, from the results of the key estimation, that chord progression 

was superior to chord distribution. That implies that modality could share 

the same characteristics and an improved model using HMM (Noland & 

Sandler, 2007) might improve the results.  
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