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Abstract

Music being an industry with a vast digital presence, today, we have access to a large
number of audio music recordings online as well as stored locally on computers, cell phones,
ipads, to name a few devices. Many non-western music cultures have also made a large digital
presence over the last two decades. is opens up many windows for applications with state
of the art archving, automatic tagging, lyrics to audio alignment and automatic indexing of
music using a vast number of cues from the user inputs. It also opens up many avenues for
meaningful musical analysis of various music traditions computationally. Melody being one of
the most basic entities, predominant pitch is one of the fundamental representations used in all
these tasks. In this work we deal with the pitch estimation of the predominant vocal melody
from heterophonic music audio recordings. We provide a novel approach for pitch estimation
using a combination of the present state of the art and timbral characteristics of the various
melodic sources in the audio music recording.

We perform a detailed review of the state of the art pertaining to computational analysis
of music and the usage of predominant melody pitch as a basic representation in a number of
tasks. We also review the state of the art with respect to predominant melody estimation and
singing voice detection them being highly relevant for this task since we aim at characterizing
the singing voice.

e proposed approach is a classification based approach for pitch estimation of vocal
melodies. Indian art music is subjected to the approach and for this reason, the musical and
cultural aspects of the music have been considered in the approach. We first extract candidate
pitch contours using a state of the art predominant melody extraction algorithm. Post this
timbral features are extracted corresponding to the source of the pitch contour from the audio
signal. ese features, instead of being derived from the spectrum of the audio are derived
from a representation of the extracted harmonics of the candidate pitch contours. A classifi-
cation of the candidate pitch contours into vocal and non-vocal classes is then performed. e
music specific information is incorporated in a contour selection methodology which uses the
tonic pitch which is a fundamental aspect of Indian art music, the test case for this approach.
A detailed explanation of the entire approach with implementation details are provided in this
thesis.

e approach is evaluated on a database of Karṇāṭik music for which ground truth is man-
ually curated. A novel evaluation methodology based on adaptive thresholding to incorporate



the properties of the music at hand is proposed. e evaluation results surpass the state of the
art for predominant melody. is reinforces the hypothesis that the combination of salience
based methods and timbral properties of the singing voice aids estimation of pitch of singing
voice. A detailed analysis of the results obtained with plausible reasons is performed. e
thesis is concluded with the summary of the work, the main conclusions and the contributions
made in the course of this work.
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Chapter 1

Inroduction

Music Information Retrieval (MIR) has grown tremendously over the past few decades.
MIR deals with the study of music repertoires using computational methodologies.
Owing to the fact that a vast amount of music is in digital form and on the internet,
MIR has gained vast importance in the past decade. ere has been a major paradigm
shi in the way music is retrieved, archived, discovered and created in the past few
years. Computational methods for analysing, archiving and retrieving music and in-
formation related to it have taken a step forward into main stream commercial music.
Methods based on a combination of musicological studies along with signal processing
and machine learning techniques are some of the sought aer solutions to the chal-
lenges faced in MIR.

Most of the methodologies developed in MIR are vastly applied on western popular
music and western classical music. e vast consumer base and avalibility of large
database of high quality music is a possible justification to this bias. emethodologies
developed are highly dependant on the music repertoires analysed. us non-western
music cannot be directly subjected to these methodologies without considering the
cultural specificities of the music. A sufficient understanding of the characteristics of
the music which is being analysed is necessary for this purpose (Serra, 2011).

is work addressess the fundamental problem of vocal melody extraction from
heterophonic audio music recordings with a single vocal melody source. Accurate es-
timation of predominant melody is crucial for many melody analysis tasks such as
motific analysis, intonation analysis and audio score alignment. A large body of the
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1.1. MOTIVATION AND GOALS

literature on melodic analysis of music use predominant melody as the basic represen-
tation. us estimation of predominant melody is a viable and rampantly developing
problem in the field of MIR. Unlike predominant melody estimation, the scope of this
work is the estimation of the pitch of the vocal melody. is is motivated from the fact
that the predominant source of melody in a large number of musical traditions is the
singing voice.

1.1 Motivation and Goals

Poliner et al. (2007), define melody as “e single(monophonic) pitch sequence that a
listener might reproduce if asked to whistle or hum a piece of polyphonic music, and that
a listener would recognize as being the ’essence’ of that music when heard in compari-
son”. e source of the predominant melody however, may vary across different music
cultures. In many music traditions like Indian art music, singing voice is the source
of the main melody. e presence of secondary melodic instruments (violin, harmo-
nium, flute, veena etc.) does not mar the status of singing voice being the predominant
melody since they are accompanying instruments with the singing voice.

e evidence of certain genres of music being vocal centric can be seen in the
fact that even during instrumental solo performances, the artist tries to emulate the
characteristics of the voice. is style of playing is known as gāyakī (Viswanathan &
Allen, 2004) in Indian art music. In the case of performances by vocal duos, triplets
or group renditions of music, the concept of a single voice being the main source of
melody no longer holds true. e concept of melody, however, agrees with the defini-
tion given by Poliner et al. (2007) stated above. Examples of this phenomenon are the
Turkish makkam and Arab Anadalusian music genres where in there are multiple vo-
calists singing the same melody in different registers (Şentürk, Gulati, & Serra, 2013).
Melody in such music aptly fits the definition given by Paiva, Mendes, and Cardoso
(2006) which is, “e dominant individual pitch line in a musical ensemble”.

A large body of work on melodic analysis of music use predominant pitch as the
basic representation of melody. Various problems such as melodic motif discovery
(Ishwar, Dua, Bellur, and Murthy (2013), P. Rao et al. (2014)), intonation analysis
(Koduri, Serrà, & Serra, 2012), tonic identification (Gulati, 2012) use predominantmelody
as the basic representation. In addition to the errors that occur in the respective tasks

2



1.2. SOME DEFINITIONS AND TERMINOLOGY

mentioned above, errors in pitch estimation also propogate into each task with dif-
ferent grades of consequences thus decreasing the overall accuracy of the analysis at
hand. is necessitates the accurate estimation of predominant melody’s pitch. Even-
though singing voice is the predominant melody in many music traditions, the direct
application of the state of the art predominant melody estimation algorithms leads to
various errors in estimating the vocal melody’s pitch. ese errors are discussed as a
case study in section 3.1.

is work focuses on the estimation of pitch of the vocal lead in heterophonic
audio music recordings. We present our work on Indian art music, a brief introduction
to which is given in section 1.3. e goals of this work can be summarized as follows:

• To perform an extensive review of the present state of the art in predominant
melody estimations

• To study the various types of errors in estimation of the pitch of the vocal melody
using the present state of the art

• To incorporate the musical characteristics of the musical tradition at hand in the
estimation of the pitch of the vocal melody

• To propose ameaningful evaluationmethodology that entails the limitations and
the descrepencies pertaining to the characteristics of the musical tradition being
analysed

1.2 Some Definitions and Terminology

is section deals with the certain terms such as melody, pitch, heterophonic music,
pitch extraction/estimation to name a few. It is important that we have a clear under-
standing of these terms and the way they are used throughout this entire thesis.

• Melody: e primary topic of interest with respect to this work is that of melody
- extracting melody, characterizing it, and using it for other applications. Going
back to the beginning of the chapter, melody is defined as “e single(monophonic)
pitch sequence that a listener might reproduce if asked to whistle or hum a piece
of polyphonic music, and that a listener would recognize as being the ’essence’ of

3



1.2. SOME DEFINITIONS AND TERMINOLOGY

that music when heard in comparison” by Poliner et al. (2007). is is one of the
various definitions of melody. Some definitions like the one by Paiva et al. (2006)
define melody to be, “the dominant individual pitch line in a musical ensemble”
which assumes a certain melodic source to always be dominant in a musical en-
semble. In this work we work with music cultures which have a dominant vocal
melody source throuhg out the performance.

• Pit and fundamental frequency: Poliner et al. (2007) defines melody as a sin-
gle monophonic pitch sequence and Paiva et al. (2006) defines it as the dominant
individual pitch line in a musical ensemble, which makes it necessary for us to
understand the meaning of pitch in the first place. A definition for pitch is pro-
vided by Klapuri and Davy (2006) which is: “pitch is a perceptual aribute which
allows the ordering of sounds on a frequency-related scale extending from high to
low”. It is thus evident that pitch although related with frequency is a perceptual
phenomenon. e closest scientific quantity that we can relate this perceptual
quantity called pitch thus making it meausrable is to fundamental frequency (f0)
(Salamon, 2013). For periodic or nearly periodic sounds, f0 is defined as the in-
verse of the period of the waveform (Klapuri & Davy, 2006). Unlike pitch which
is a perceptual property, f0 is a physical quantity that can be measured and
quantified.

• Heterophony: ere are threemainmusical textures inWesternmusic: 1)monophony,
2) homophony, 3) polyphony. One of the less frequent textures that occur in non-
western music traditions is heterophony. Heterophony in music is the musi-
cal texture when two or more sources simultaneously perform variations of the
same melody line (Salamon, 2013). For example, in many non-western musical
traditions like Indian art music, there are two melodic sources, one being the
accompaniment which follows closely the lead melodic source at the same time
playing variations of the same melody line embellishing the melody performed
by the lead melodic source. is is important to understand for this work since
we will be dealing with Indian art music in detail as a test case.

• Melody Pit extraction/estimation: Fundamental frequency estimation of a sim-
gle predominant pitched source from polyphonic music signals with a lead voice or

4



1.3. INDIAN ART MUSIC

instrument. Note that pitch estimation and pitch extraction have been used in-
terchangeably throughout this work depending on context.

1.3 Indian Art Music

Indian art music in this work, refers to the two major art music traditions of the In-
dian sub-continent, Hindustani music and Karṇāṭik music. Hindustani music is vastly
popular in the northern regions of the sub-continent including, Pakistan, Afghanistan,
Bangladesh and Nepal (Gulati, 2012). Karṇāṭik music is also known as South Indian
music is popular in the southern regions of the Indian peninsular (Viswanathan &
Allen, 2004). is section entails a few of the fundamental concepts and details per-
taining to Indian art music.

Tonic is one of the most fundamental concepts in both the traditions of Indian art
music. e tonic is the pitch chosen by the performer which serves as a reference
throughout the performance. Melodies in both Karṇāṭik and Hindustani music are de-
fined relative to the tonic. e tonic is one of the major factors affecting the identity of
a melody in Indian art music (Krishna & Ishwar, 2012). e seven basic notes in Indian
art music called svaras are Ṣaḍja, Ṛṣabha, Gāndhāra, Madhyama, Pañcama, Dhaivata
and Niṣāda. ese are represented in short form as Sa, Ri/Re, Ga, Ma, Pa, Dha, and
Ni respectively. e Ṣaḍja or the svara Sa is the note which is the tonic pitch chosen
by the performer. e frequency of the svara Sa determines the position of the other
svaras or notes on the frequency scale. us a change in the tonic pitch will lead to a
change in the frequencies of the other notes/svaras thus changing the identity of the
melody.

Melody in Indian art music is based on the concept of rāga. Krishna and Ishwar
(2012) define raga in the following manner, “A rāga is a collective melodic expression
that consists of phraseology which is part of the identifiable macro-melodic move-
ment. ese phrases are collections of expressive svaras.” . us a rāga is a concept
which is an expression of the svaras (notes) with inflections which in turn form the
phrases defining its phraseology and movements. e inflections on the svaras (notes)
are called gamakās (gamak in Hindustani music). Due to the gamakās in Indian art
music, the notes or svaras are a range of frequencies rather than a single point on the
frequency scale. e characteristics of the pitch regions of the svaras are decided by
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1.3. INDIAN ART MUSIC

the characteristics of the rāga and its phraseology (Viswanathan & Allen, 2004). Serra
(2011) study the characteristics of the svaras and tuning of Indian art music in compar-
ison with Western classical music by means of pitch histograms. It is suggested that in
Indian art music, there are more divisions in an octave than the 12 semitones found in
Western classical music with spread out pitch distrubutions for each interval. It is also
suggested that Indian art music follows a tuning system close to the just intonation
system of tuning. Rhythm in Indian art music is based on the concept of tāḷa (Clayton
(2000), Sen (2008)).

ough the fundamental concepts ofmelody and rhythm are similar in both Karṇāṭik
music and Hindustani music, the music in both the traditions are significantly different
from each other. Each tradition imbibes a specific cultural background and approach
to music respectively.

Indian art music, over the centuries, has been an oral tradition that has been passed
on from teacher to student hierarchically following the principle of school of music or
gharānā1 as referred to in Hindustani music (Saraf (2011), Mehta (2008)). Each gharānā
has a unique ideology and thought process towards music defining its style of music
performance.

Indian art music is heterophonic in nature with the main melody being sung or
played by a lead artist (Bagchee, 1998). In a music performance there is generally
a secondary melodic accompaniment closely following the melody of the lead artist
(Viswanathan & Allen, 2004). A typical concert of Indian art music entails a lead artist
(vocal or instrumental, occasionally a duo), a melodic accompaniment generally pro-
vided by a Violin in Karṇāṭik music and Harmonium or Sarangi in Hindustani music.
e rhythmic accompaniment is generally provided by the mr̥daṅgaṁ and Tabla in
Karṇāṭik and Hindustani music respectively. In both the traditions of Indian art mu-
sic, a drone is constantly sounded in the background provided by an instrument called
the Tambura which is a stringed instrument(Gulati, 2012). e Tambura provides a
compound sound consisting of the tonic pitch and its lower octave (Sa) along with the
lower octave fih (Pa). is forms the reference of tuning for all the instruments on
the concert platform. e only common instrument between Hindustani and Karṇāṭik
music is the Tambura providing the reference drone. is is perhaps the only harmonic
element inthe performance of Indian art music (Bagchee, 1998).

1hp://en.wikipedia.org/wiki/Gharana
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Chapter 2

Scientific Baground and Related
Work

is chapter reviews the large body of work done with respect to the main audio fea-
tures, techniques and works relevant to the task of vocal melody pitch estimation.
ere is a large amount of literature on the extraction of pitch from digital audio.
We review the scientific work on the different aspects such as signal representation,
predominant melody pitch estimation and singing voice characterization which are
fundamental to this work. We evaluate our approach on Indian art music. In order to
emphasize the importance of the pitch of the vocal melody as a representation for the
analysis of Indian art music, we also summarize the literature on the various compu-
tational tasks performed on Indian art music.

2.1 Computational analysis of Indian Art Music

Indian art music, as mentioned in Section 1.3 has two traditions, Hindustani Music and
Karṇāṭik music. Recently, there has been significant work on the computational analy-
sis of Indian art music. e melodic framework or rāga and the rythmic framework or
tāḷa have a very specific unique identity. e similarities between the different rāgas
and tāḷas can be exploited to obtain meaningful automatic content based information
from Indian art music. With this motivation, there have been many works handling
different tasks such as tonic identification, intonation analysis, melodic motivic anal-
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2.1. COMPUTATIONAL ANALYSIS OF INDIAN ART MUSIC

ysis, rāga identification and rhythmic analysis of Indian art music.
e work by Gulati (2012) deals with tonic identification for Indian art music in de-

tail. is work uses a multipitch approach for tonic identification. Various approaches
for automatic tonic identification in Indian artmusic are reviewed in Gulati et al. (2014).
All the approaches in this work use predominant F0 as the basic representation based
on which various features emphasizing the presence of the tonic note are developed.

Indian music being highly melody centric, predominant F0 trajectory is used ex-
tensively as a representation to capture the melodic characteristics of the music. In-
dian art music, being replete with ornamentations (gamakās) (Viswanathan & Allen,
2004), makes intonation an important distinguishing factor between notes (svaras) and
melodies (rāgas). Koduri, Serrà, and Serra (2012) perform a detailed intonation analysis
of rāgas in Karṇāṭik music. ey first perform a qualitative analysis of intonation by
analysing varṇaṁs, a specific type of composition in Carnatic music. A quantitative
analysis is later performed on a larger dataset by using predominant F0 characteristics
and obtaining pitch distributions for the different svaras (notes) of the rāgas. Intona-
tion analysis aids in the computation of melodic similarity which in turn leads to other
similarities such as between artists, schools (gharānās) to name a few.

Ishwar et al. (2013), and P. Rao et al. (2014) propose methods for motivic analysis
of Indian art music. Ishwar et. al. use a two pass dynamic programming algorithm
through the Rough Common Longest Subsequence (RLCS) algorithm to search for the
queried motif. e database consisted of a large number of audio music recordings
of ālāpanas1 annotated by a professional musician. A sparse representation of the F0
trajectory by quantising it at the saddle points2 were used in this approach. P. Rao et al.
(2014) propose a method for motif classification by learning the global constraints for
Dynamic TimeWarping(DTW). Ross and Rao (2012) propose a method for spoing the
title phrases of songs using DTW. ey use the rhythmic cues given by the rhythmic
accompaniment for segmentation of the phrases and then determine similarity using
DTW. Koduri, Gulati, Rao, and Serra (2012) propose a method for rāga recognition in
Indian art music using pitch histograms and pitch dyads.

It is evident from all the works described above that accurate predominant F0 es-
timation is fundamental for melodic analysis of Indian music. Errors in predominant

1ālāpana is an improvisational aspect of Indian art music sans rhythmic accompaniment.
2hp://en.wikipedia.org/wiki/Saddle_point
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2.2. PREDOMINANT MELODY PITCH EXTRACTION

F0 estimation cumulatively increase the errors in the other predominant F0 dependant
tasks.

2.2 Predominant Melody Pit Extraction

In this section, the literature on predominantmelody extraction is briefly reviewed. For
a detailed review of the state of the art in predominant F0 estimation and multipitch
analysis, the reader is referred to the work by Gulati (2012). Predominant melody pitch
extraction is the estimation of the pitch of the predominant melody line from an audio
recording of polyphonic music. Here, the predominant melody is considered to be the
time varying F0 trajectory of the lead artist or the dominant melody source. Salamon,
Gómez, Ellis, and Richard (2014) review in detail the various predominantmelody pitch
extraction algorithms in the last decade. e work performs a comparitive analysis of
the various algorithms based on the results of MIREX (an international campaign for
evaluation of various tasks in MIR)3, also discussing the various challenges involved
in the design of these algorithms. One of the largest group of methods for predomi-
nant melody pitch extraction have been described as “salience based” in Salamon and
Gomez (Aug. 2012.). is approach involves four steps viz. 1) Preprocessing, 2) Spectral
Processing, 3) Salience Function and 4)Melody Selection. A detailed illustration of all the
steps is given in (Salamon et al., 2014) which also covers a detailed review of the vast
state of the art in melody extraction using the salience based approach.

Salamon and Gomez (Aug. 2012.) propose a method of predominant melody pitch
extraction using the salience approach. Aer computing a salience function based on
harmonic summation, a peak picking is performed on the salience function, a time
salience representation. ese peaks are streamed and grouped into pitch contours
which are the candidates for melody selection. Melody selection in this work involves
the characterization the pitch contours using various features and seing thresholds
learnt from the distribution of the features for the two classes, predominant melody
and non-predominant melody. Figure 2.1 gives an overview of the approach taken by
them.

e concept of a secondary melodic instrument is prevalent in many music tra-
3hp://www.music-ir.org/mirex/wiki/MIREX_HOME
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Figure 2.1: Overview of the Algorithm proposed by Salamon et.al.

ditions. e voice of the lead vocalist is considered the source for the predominant
melody in such genres (Viswanathan &Allen, 2004). ework of V. Rao and Rao (2010)
describes a method of extracting predominant melody pitch in the presence of pitched
accompaniments from Indian art music. e assumption in this work is that the source
of the predominant melody is the singing voice. is work is another salience based
method where the salience function is computed using the two way mismatch error.
Instead of tracking all the fundamental frequencies, from all the sources simultane-
ously using multi-F0 estimation methods, this work tracks the F0 of two sources at
a time simultaneously. e justification suggested for this decision is that there can-
not be more than one source more salient than the voice at a given time instant in
a vocal music audio recordings. A feature called Sinusoidal Track Harmonic Energy
(STHE) described in V. Rao, Ramakrishnan, and Rao (2009) is used to narrow down the
F0 corresponding to the predominant melody.

Another set of approaches to extract predominant melody is by separating the
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source of the desiredmelody from the rest of the audio using source separationmethod-
ologies. For instance, Durrieu, Richard, David, and Fevoe (2010) use the source filter
model of the voice for unsupervised main melody pitch extraction from polyphonic
audio signals. e model parameters are estimated using the expectation maximiza-
tion framework. A Viterbi search is carried out for a smooth trajectory through the
model parameters (which contains the f0 of the source) to get the final F0 trajectory
of the voice. Tachibana, Ono, Ono, and Sagayama (2010) exploit the temporal varia-
tion of melody in contrast with the chord notes that are more sustained. e authors
use harmonic percussive source separation (HPSS) to obtain an enhanced signal with
accompaniment reduction. e final predominant melody pitch trajectory is obtained
from the spectogram of the enhanced signal using dynamic programming, finding the
pathwhichmaximizes theMAP(maximum a posteriori) estimation of the frequency se-
quence. For an exhaustive review of state of the art in predominant melody extraction,
the reader is referred to Salamon (2013).

2.3 Singing Voice Detection

e human voice has many distinguishing qualities which allows its unique character-
ization. In this section we look at the literature on singing voice detection and charac-
terization in order to study the various features used to distinguish singing voice from
other accompanying instruments in polyphonic audio music reordings.

Singing Voice Detection (SVD) involves the classification of a signal into vocal and
non-vocal segments. e classification may be of two kinds:

1. Singing Voice Detection in audiomusic recordings where isolated vocal and non-
vocal segments follow one another seamlessly and are non-overlapping.

2. Singing Voice Detection in audio which is polyphonic with both vocal and ac-
companying instruments play simultaneously.

Feng, Nielsen, and Hansen (2008), in their work use MFCCs with a Multivariate Auto-
Regression mechanism for feature selection to classify one second audio segments as
vocal or non-vocal. e database consisted of 147 songs cut into segments of one
second each. In Tzanetakis (2004), a semi-automatic method for classification of vocal
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and non-vocal audio segments is proposed. e hypothesis is that the characteristics
of singing voice and instruments change from song to song due to differing styles
of music. Hence, song specific training data is collected by presenting the user with
random excerpts from the song for annotation. A classifier is then built from this data
and the rest of the song is classified into vocal and non-vocal segments. A detailed
review of the state of the art in singing voice detection is given in (Mesaros, 2012).

e main difficulty in detecting singing voice from polyphonic music audio is the
presence of accompanying instruments along with the vocals. Sometimes, the accom-
panying instruments have larger amplitude than the singing voice in certain regions
of the audio recording. We now discuss state of the art with respect to singing voice
detection in the presence of accompaniments with a special stress on works which
deal with music traditions that entail pitched accompaniments. V. Rao et al. (2009), in
their work, extract harmonic components from the spectrum of the polyphonic audio
using predominant F0, for singing voice detection. ey use energy based features
derived from the harmonic components based on the knowledge from F0 trajectory of
the source. ey account for loud instrument accompaniment by exploiting the rela-
tive instability in singing voice pitch with respect to that of other instruments. eir
method to isolate the dominant source spectrum enhances the features towards being
more representative of the dominant source.

Shenoy, Wu, and Wang (2005), in their work, pass the spectrum through a series of
inverse comb filters. is aenuates the harmonic spectral content of pitched instru-
ments. e basic hypothesis here is that voice, having an unstable pitch, its harmonic
content will be partially aenuated in relation to other pitched instruments with stable
pitch. ey aribute the instability in the “singers F0” to vibrato and intonation. is
instability in the “singers F0” is exaggerated in Indian art music due to the presence of
gamakās (see Section 1.3). In addition to regions with ornamentations and intonation,
the singing voice at stable pitch regions will still have jiers and fluers (V. Rao et al.,
2009) 4. An adaptive threshold applied to the energy of the residual signal aer the
inverse comb filtering is used in Shenoy et al. (2005) for making frame level vocal/non-
vocal decisions. e delay used in the design of the inverse comb filters is driven by
key estimation.

In Fujihara, Goto, Kitahara, and Okuno (2010), a spectral processing technique
4Jier is a terminology used in speech processing

12



2.4. FEATURES FOR SINGING VOICE DESCRIPTION

called accompaniment sound reduction using predominant F0 for robust singing voice
modeling in polyphony is presented. Two techniques, namely, accompaniment reduc-
tion and reliable frame selection are suggested in this work. e harmonic components
of the spectrum are first extracted using the knowledge of predominant F0 at that in-
stant and then synthesized using sinusoidal modelling. e reliability (influence of
accompaniments on the harmonic spectral content for each frame) is estimated using
separate GMMs for vocal and non-vocal frames. Finally each song is represented by
its GMM consisting of the reliable frames.

V. Rao, Gupta, and Rao (2011) propose a method similar to the work of Fujihara
et al. (2010) by performing dominant source spectrum isolation. A combination of
static and dynamic features is used for timbre description of voice and instruments.
is method is applied across five genres of music. e authors claim significant in-
crease in the performance of the static timbral features for polyphonic music over the
baseline features like MFCC’s. e use of features representing the timbral dynamics
and F0 and harmonic frequency dynamics provide information accounting for differ-
ent signal conditions related to singing styles and accompanying instruments across
genres. Bapat, Rao, and Rao (2007), use the apriori information about the instruments
accompanying the singing voice to build GMMs for vocal and non-vocal segments us-
ing frame level feature vectors from a representative dataset. Due to the similarity in
harmonic content of the voice and the accompanying instruments, spectral subtraction
is used to supress the harmonic spectral content of the laer.

2.4 Features for Singing Voice Description

Bapat et al. (2007) use features distinguishing between the drone, percussion and voice
in North Indian classical (Hindustani) music. e range of the frequency content of
percussion(tabla) in Hindustani music is about 0-1500Hz as compared to singing voice
which has a range from 0-5kHz. us features are chosen such that the difference in en-
ergies of the voice and tabla is accentuated above 1500Hz. Based on apriori knowledge
about the acoustic properties of voice and accompanying instruments in Hindustani
music spectral roll off was chosen as one of the features in Bapat et al. (2007). Spectral
roll off is the frequency below which X% of the signal energy is concentrated (Peeters,
n.d.). In the work by Bapat et al. (2007), 70% was found to provide good separation be-
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tween tonal tabla strokes, drone and the voice. e harmonic energy is defined as the
sum of the strength of individial harmonics. With apriori knowledge of the extracted
predominant F0, this feature was computed using the algorithm described in V. Rao, S,
and Rao (2008). is feature has a high value during voiced regions and lower values
in instrumental regions. Sub-band energy ratios between; 1) frequency bands 5kHz
to 8kHz and 0 to 1.5kHz and 2) frequency bands 2.5kHz to 5kHz and 0 to 1.5kHz are
also computed. is feature is expected to have low values in voiced regions. Another
feature in Bapat et al. (2007) is the sub-band spectral flux which is expected to have
higher values in sung regions of the audio.

In the work ibault and Depalle (2004) a number of voice timbre descriptors are
computed for adaptive processing of the voice timbre. Harmonic and stochastic mod-
elling of the signal is used in order to separate the harmonic and stochastic content of
the signal. Instantaneous and global descriptors computed in this work are, harmonic
deviation, noise spectral centroid and harmonic to noise ratio each of which is defined
in Equations 2.1, 2.2 and 2.3 respectively where ai, I, fs and N represent respectively
the amplitude of the ith harmonic, the total number of harmonics present in the current
frame, the sampling frequency and the length of the spectrum, for the mth frame.

HDm =
I∑

i=1

|fi− (iF0)| ai
I∑

i=1

ai

(2.1)

NoiSCm =
N∑
k=1

k

N
fs.

|E[k]|
N∑
k=1

|E[k]|
(2.2)

HNRm =

I∑
i=1

ai

N∑
k=1

|E[k]|
(2.3)

Fojitter =

M−1∑
m=2

F0[m]− F0[m− 1] + F0[m] + F0[m+ 1]

3

M − 2
(2.4)

F0 jier (Eq 2.4) which is the variation of F0 for a voiced segment is also computed
as a global feature across a number of frames. is feature helps in distinguishing
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between voice and accompanying instruments in steady F0 regions.
Ricard Maxer in his thesis Marxer (2012) estimates the timbre for a set of F0 candi-

dates using a variant of the MFCCs. A harmonic spectral envelope is estimated from
the harmonics of the F0 contour. e first 13 coefficients of the DCT of the harmonic
spectral envelope are used as a timbral feature. is feature is computed per candi-
date F0 contour and the target instrument from which it is generated is estimated. In
addition to the timbral feature the work also computes the static features described in
the work by Salamon and Gomez (Aug. 2012.). A support vector machine classifier
with radial basis function kernel is used for classification. e output of the timbral
classification is then combined with the F0 likelyhoods to perform instrument pitch
tracking (Marxer, 2012).

Rocamora and Harrera in Martin and Perfecto (2007) explore various descriptors
to perform SVD and compare the performance of a statistical classifier using each de-
scriptor. e work suggests Mel Frequency Cepstral Coefficients (MFCC) to be the
most appropriate for the task of SVD. MFCC’s, Perceptually derived LPC (PLPC), Log
Frequency Power Coefficients (LFPC) and Harmonic Coefficient (HC) were the spectral
features implemented. In addition, a general purpose musical instruments classifica-
tion feature set was built entailing Spectral Centroid, Roll-off, Flux, Skewness, Kurtosis
and Flatness. Pitch was also included, being the only non-spectral feature reported.
Harrera et. al. in their book chapter Herrera, Klapuri, and Davy (2006) implement a
set of various features describing various instruments in their task of building an au-
tomatic instrument classifier. e set of features are given in the Table 2.1 taken from
Herrera et al. (2006).

A combination of static and dynamic features were experimented with for SVD
by V. Rao et al. (2011). Dominant source isolation on the same lines as Fujihara et al.
(2010) was performed post which a harmonic spectral envelope is estimated given the
predominant F0. e harmonic spectral envelope is said to be representative of the
resonances or formants of the instrument or voice respectively. e sub-band spectral
centroid and the sub-band energy is computed as given by equations 2.5 and 2.6, where
f(k) and |X(k)| are the frequency and magnitude spectrum values of the kth frequency
bin, and klow and khigh are the nearest frequency bins to the lower and upper frequency
limits on the sub-band respectively. e band for Spectral Centroid ranges from 1.2-4.5
kHz and that for Spectral Energy ranges from 300 to 900 Hz.
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Table 2.1: MPEG-7 Descriptors, organized according to category. Each of these can be used
to describe an audio segment with a summary value or with a series of sampled values. Tim-
bral spectral descriptors are computed aer extracting the relevant harmonic peaks from the
spectrum of the signal. Spectral basis descriptors are a spectral representation of reduced di-
mensionality.

Category Descriptors
signal parameters fundamental frequency, harmonicity
basic instantaneous waveform, power values
basic spectral log-frequency power spectrum envelopes, spectral centroid, spectral

spread, spectral flatness
timbral spectral harmonic spectral centroid, harmonic spectral deviation, harmonic spec-

tral spread, harmonic spectral variation
timbral temporal log aack time, temporal centroid
spectral basis spectrum basis, spectrum projection

SC =

khigh∑
k=klow

f(k)|X(k)|

khigh∑
k=klow

|X(k)|
(2.5)

SE =

khigh∑
k=klow

|X(k)|2 (2.6)

e explicitmodelling of temporal dynamics of spectral features are used by Lagrange,
Raspaud, Badeau, and Richard (2010) for characterizing timbre. On similar lines, V. Rao
et al. (2011) use features linked to the temporal evolution of spectral envelope designed
to capture specific aributes of the instrument sound. ey compute the standard de-
viation in the spectral centroid over 0.5s, 1s, and 2s intervals of audio in order to extract
meaningful temporal variations. e modulation energy ratio (MER) is extracted by
computing the Discrete Fourier Transform of the feature trajectory over a 0.5s, 1s or
2s window called a texture window and then computing the ratio of the energy in the
1- 6 Hz region in this modulation spectrum to that in the 1- 20 Hz region as shown in
equation 3.10.
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MER =

k6Hz∑
k=k1Hz

|Z(k)|2

k20Hz∑
k=k1Hz

|Z(k)|2
(2.7)

Singing differs from several musical instruments in its expressivity, which is shown
in its pitch instability. In the work of V. Rao et al. (2011), some statistical descriptors
such as standard deviation and mean of general pitch instability features over a texture
window of note duration (approx 200ms) are computed. ese features are the first or-
der difference in the predominant F0 and the subsequent harmonic frequency tracks.
e harmonic frequency tracks are first normalized by harmonic index and then con-
verted to logarithmic cents scale so as to maintain the same range of variation across
harmonics and singers’ pitch ranges.

e review of the works above gives us an insight into the tremendous scope for
improvement using features and methods that incorporate the intricacies and cultural
backgrounds of the various genres of music. It is clear from the work of Salamon et al.
(2014) that a generalized algorithm for predominant melody pitch extraction cannot
be subjected to all genres of music.
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Chapter 3

Vocal Melody Pit Extraction

is chapter covers a detailed description and illustration of the approach taken for vo-
cal melody pitch extraction from audio music recordings of heterophonic music. We
propose a method for vocal melody pitch extraction incorporating the timbral charac-
teristics of the singing voice and the musical concepts specific to the genre of music
at hand. is work has been tested on Karṇāṭik music and hence certain aspects of
the music have been considered as important cues for selecting the correct pitch con-
tours corresponding to the vocal melody. We propose that the combination of timbral
features and features characterizing the pitch contour aid in the selection of appropri-
ate vocal melody pitch contours. Before we delve into the details of the approach, we
perform a case study of one of the recent state of the art algorithms in predominant
melody pitch extraction, in section 3.1. A brief overview of the entire system is de-
scribed in the section 3.2. We describe the features used in the work and the approach
taken for feature extraction in section 3.4. Sections 3.5 and 3.6 detail the classification
metodology used and the post classification processing applied respectively.

3.1 Case Study

In this section, a case study is presented where in we use the state of the art algorithm
proposed by Salamon and Gomez (Aug. 2012.) to extract predominant melody from
different excerpts of Karṇāṭik music (see 1.3). We restrict ourselves to the algorithm
proposed by Salamon and Gomez (Aug. 2012.) for conciseness. Figure 3.1 shows the

18



3.1. CASE STUDY

output of the pitch extraction algorithm by Salamon and Gomez (Aug. 2012.) for two
excerpts of Karṇāṭik music.

Figure 3.1: Various errors encountered in Predominant Melody Pitch Extraction,
White - Ground Truth, Red - Pitch from Salamon et.al. 2012

In Karṇāṭik music, octave errors are caused due to two types of confusion one
of them being the confusion between instruments and the other being that between
harmonics. e first one is caused by one of the accompanying melodic instruments
being more salient (loud) than the singing voice. is case is shown in Figure 3.1b &
3.1c. e white pitch contour is the ground truth where as the red pitch contour is that
which is extracted using the algorithm proposed by Salamon and Gomez (Aug. 2012.).
In Figure 3.1b, the errors are due to the higher salience of the melodic accompaniment
(violin) playing in the higher register. is looks like an octave error due to higher
salience of the second harmonic of the singing voice but on listening we observed
that it is the violin which is more salient in this region and is very closely following
the vocalist giving rise to the error. In Figure 3.1c the violin is more salient than the
singing voice in the same register as that of the singing voice thus giving rise to the
error indicated. ese observations are a result of careful scrutiny of the pitch contours
and intent listening sessions with a professional musician.
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Figure 3.1a, illustrates octave errors caused because of the higher salience of the
higher harmonics. In heterophonic music with vocal lead, the vocalist produces a
highly resonant sound so that he is heard clearly over the accompaniments. As pointed
out in (Salamon et al., 2014), at lower frequencies, this phenomenon causes the second
harmonic(2f0) to be more salient and have higher amplitude. In male singers, this style
of singing brings about an extra formant called the “singers formant ” (see Sundberg
(1977)), which makes the algorithm tend towards estimating the pitch of the second
harmonic rather than that of the predominant vocal melody.

Plot 3.1 d illustrates the errors occurring due to the percussion instrument being
more salient than the singing voice. As seen around the circled regions, the pitch
corresponding to the onset of the percussion is estimated which is due to the greater
salience of the percussion at that time in the audio. ese onsets are those of the base
side of themr̥daṅgaṁ(themain percussion instrument in Karṇāṭikmusic). is excerpt
is from a different audio recording of a different artist.

e case study described above clarifies that there are a number of errors that occur
due to timbral confusions when there are two pitched melody sources. We can also
conclude that some errors occur due to recording conditions which accentuate the
salience of certain instruments and diminish that of the others. ese factors cannot
be accounted for by using salience based methods alone and thus algorithms incorpo-
rating timbral characteristics of the melody sources are required to be developed. For
example, Figure 3.1d is from the recording of a different concert by a different artist
where the percussion is a lile louder than the vocal which causes the algorithm to
identify the pitch corresponding to percussive onsets as against that of the melody.
us, in order to try and alleviate these errors we propose a method including the
timbral characteristics of the voice along with a salience based approach which uses
pitch contour characteristics. e section that follows gives an overview of the entire
approach, post which, each step in the approach is described and illustrated in detail.

3.2 Overview of the System

is work proposes an approach for vocal melody pitch extraction from heterophonic
music audio recordings with a single vocal melody source using timbral features, pitch
contour characteristics and a combination of both. e human voice has unique char-
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Figure 3.2: Overview of the system

acteristics which can be captured using various timbral features computed from the
spectogram of the audio signal. Also from the case study performed in section 3.1 it
is clear that many false positives which arise due to timbral confusions are not clearly
distinguishable using just salience derived features. Hence in this work, we try to
characterize the voice using various timbral features in addition to the pitch contour
characteristics to achieve our final goal of extracting the pitch corresponding to the
main vocal melody. e Figure 3.2 illustrates the approach in brief.

is approach is tailored to work at the contour level which means that the basic
unit is not a frame but is a pitch contour which we obtain as a candidate using the
algorithm proposed by Salamon and Gomez (Aug. 2012.). is candidate contour is
basically classified as being vocal or non-vocal under the assumption that there is only
one vocal melody source in the audio music recording and also under the assumption
that it is the predominant melody source.

e candidate contours obtained are characterized by extracting features based on
the static and dynamic characteristics of the pitch and pitch salience function corre-
sponding to that contour. Timbral features from the audio corresponding to the pitch
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contours are also extracted. e pitch contour features are the mean, median and
standard deviation of the pitch and of the salience function peaks corresponding to
the pitch contour. e total salience of a pitch contour from the salience function is
also computed. e features are as described in Salamon and Gomez (Aug. 2012.) and
V. Rao et al. (2011).

In addition to these features, we also compute certain timbral features for every
contour and obtain a timbral feature vectorCt for each candidate pith contour. For this
we capatalize on the information we have from the candidate contours and compute
the harmonic amplitudes and bin frequencies for the first 30 harmonics for every frame
from the audio corresponding to that candidate contour. We compute the harmonics
using harmonic modelling of the signal. With this representation of harmonics in time
(see Figure 3.5) we compute several timbral features for the source of the candidate
pitch contour. A detailed description of the features and its implementation are given
in section 3.4.

With these features at hand, we perform a feature selection for the timbral features
alone. e features characterizing the pitch contour dynamics are not included in the
feature selection process since they are already hand picked features from (Salamon &
Gomez, Aug. 2012.). us, we form three feature sets which are timbral features, pitch
contour features and a combination of pitch contour features and timbral features.
Support vector machine classifier with an RBF kernel is used to build models for this
classification task. Contours predicted as vocal contours are considered for further
processing.

e vocal contours obtained aer classification are further processed incorporating
the properties of the music and some heuristics in order to obtain a single predominant
vocal melody pitch contour for the audio music recording. e classified contours may
contain multiple contours at the same time instant for which we perform two steps of
contour selection described below.

• e longest contour at a time is chosen under the assumption that melody con-
tours are longer than non-melody contours (Salamon & Gomez, Aug. 2012.).

• We exploit the knowledge of the range of the vocalists voice in Karṇāṭik music.
is range is defined by the tonic pitch chosen by the lead vocal artist (see Section
1.3). In this work, we have excluded contours that are outside the frequency
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range of 0.5τ to 3τ , τ being the tonic pitch. Tonic for each recording is computed
automatically using the work by Gulati (2012).

It is possible that at a given time more than one candidate contour be classified as
vocal. In this case a choice is made based on length of the contour. At a given time, the
longest contour is chosen as the correct contour. is is based on the assumption in the
work of Salamon et. al. (Salamon & Gomez, Aug. 2012.) wherein it is suggested that
the contours belonging to the harmonics and other suprious contours are of lesser
length than that of the predominant melody pitch contours. e contour we obtain
aer these contour selection steps is the final pitch contour of the vocal melody for that
audio music recording. is contour is evaluated against the ground truth obtained for
that file the details of which are given in chapter 4.3. e following sections illustrate
in detail each step of the approach.

3.3 Data Pre-processing

e dataset consists of a carefully chosen set of songs which are a subset of a diverse
representative dataset of Karṇāṭik music compiled by the CompMusic Project1. e
contents of the dataset are explained in detail in section 4.1. is section entails the
pre-processing on the audio and pitch data which helps facilitate the usage of the data
for further analysis.

e audio data in the CompMusic collection is in the form of stereo mp3 record-
ings at 160 KBPS. e representative set of songs chosen from the collection is first
converted into mono wave files which are sampled at 44.1 kHz. e audio is converted
to mono by by summing up the two stereo channels using the audio editing tool au-
dacity2. Predominant melody pitch contours are then extracted for each of the files
using the algorithm proposed by Salamon et.al. in Salamon and Gomez (Aug. 2012.).
e implementation in the essentia library is used for this purpose 3. e audio is then
annotatedmanually for time instants in the audio where the pitch contour for the vocal
melody has been tracked accurately. e annotations are carried out using the audio

1hp://compmusic.upf.edu/corpora
2hp://audacity.sourceforge.net/
3hp://essentia.upf.edu/
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analysis and visualization tool Sonic Visualiser4. e annotations were performed by
a professional musician. e analysis and feature extraction is done only in the anno-
tated segments in order to create a curated training dataset. is data is further used
for the classification experiments and model building.

3.4 Feature Extraction

In this section we detail the extraction process of various features used in the approach
proposed in this work. We start with detailing the process of obtaining the candidate
pitch contours in Section 3.4.1 which is the basis of every step that follows in this
approach. In Section 3.4.2 we detail the process of extracting harmonics and the repre-
sentation we use for extraction of timbral features which is explained in Section 3.4.3.

3.4.1 Candidate Pit Contour Extraction

In this work, features are extracted for every candidate contour obtained using the
algorithm proposed by Salamon and Gomez (Aug. 2012.). We obtain these candidate
pitch contours by intervening the algorithm at the contour creation step as shown in
the Figure 3.3 (See Figure 2.1 for the complete block diagram). A brief explanation of
the approach by Salamon and Gomez (Aug. 2012.) is given in this section.

Given a music audio recording it is first passed through an equal loudness filter.
is is perceptually motivated in that the frequencies to which the human ear is sensi-
tive are accentuated. e implementation details are similar to that which is given in
Salamon and Gomez (Aug. 2012.). e frequency representation of the filtered signal
is then obtained by taking its Short Time Fourier Transform (STFT). is work uses a
window size of 46ms and a window hop of 2.9ms for the STFT computation. is is fol-
lowed by performing frequency and amplitude correction so that the error in spectral
peak estimation at low frequencies is minimized (Salamon & Gomez, Aug. 2012.). An
instantaneous frequency approach proposed by Keiler and Marchand (2002) is used for
this purpose by Salamon and Gomez (Aug. 2012.). In this approach, the phase spec-
trum, ϕ(k) is used to calculate the peaks instantaneous frequency (IF) and amplitude
which provide a more accurate estimate of the peak’s frequency and amplitude.

4hp://www.sonicvisualiser.org/
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Figure 3.3: Candidate Contour Extraction, Salamon et.al.

e IF fî of a peak pi found at bin ki is computed from the phase difference ∆(k)

of successive phase spectra using the phase vocoder method as follows:

fî = (ki + κ(ki))
fs
N

(3.1)

where the bin offset κ(ki) is calculated as:

κ(ki) =
N

2πH
Ψ

(
ϕ(ki)− ϕl−1(ki)−

2πH

N

)
(3.2)

whereΨ is the principal argument functionwhichmaps the phase to the±π range. e
instantaneous magnitude aî is calculated using the peak’s spectral magnitude |Xl(ki)|
and the bin offset κ(ki) as follows:

aî =
1

2

|Xl(ki)|
WHann

(
M
N
κ(ki)

) (3.3)
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whereWHann is the Hann window kernel.
e extracted spectral peaks are used to formulate a salience function which is the

representation of the pitch salience over time. e salience function computation is
based on harmonic summation similar to Klapuri (2006), where the salience of a given
pitch frequency is computed as the sum of the weighted energies of the harmonics of
that frequency. Only the spectral peaks are used in the approach proposed by Salamon
and Gomez (Aug. 2012.). e salience function designed by Salamon and Gomez (Aug.
2012.) covers a pitch range of nearly 5 octaves from 55Hz to 1.76kHz, quantized into
b = 1…600 bins on a cent scale (10 cents per bin). Given a frequency f̂ in Hz, its
corresponding bin B(f̂) is calculated as:

B(f̂) =

1200 · log2
(

f̂
55

)
10

+ 1

 (3.4)

At each frame the salience function S(b) is constructed using the spectral peaks pi
(with frequencies f̂i and linear magnitudes âi) returned by the sinusoid extraction step
(i = 1…I, where I is the number of peaks found). e salience function is defined as:

S(b) =

Nh∑
h=1

I∑
i=1

e(âi) · g(b, h, f̂i) · (âi)β(3.5)

where is a magnitude compression parameter, e(âi) is a magnitude threshold function
and g(b, h, f̂i) is the function that defines the weighting scheme for the peaks. e
magnitude threshold function is defined as:

e(âi) =

1, if 20log10(âM/âi) < γ

0, otherwise
(3.6)

where âM is the magnitude of the highest spectral peak in the frame and γ is the
maximum allowed difference (in dB) between the ith amplitude and âM . e weighting
function g(b, h, f̂i) defines the weight given to peak pi when it is considered the hth
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harmonic of the bin b:

g(b, h, f̂i) =

cos2(δ · π
2
) · αh−1, if |δ| ≤ 1

0, if |δ| > 1
(3.7)

where δ = |B(f̂i/h)|/10 is the distance in semitones between the harmonic fre-
qency and the centre frequency of the bin b and α is the harmonic weighting param-
eter. In this work we extract 30 harmonics making Nh = 30 and the parameter is
set to 1. e non zero values for |δ| < 1 suggests that each sinusoid contributes not
only to one single bin but also to the neighboring bins with a cos2 weighting. is
avoids the potential problems that may arise due to quantization of the salience func-
tion into bins and inharmonicities present in the audio. Figure 3.4 shows the salience
function for an excerpt of Karṇāṭik music. Once the salience function representation is

Figure 3.4: Salience Function Representation

obtained, the peaks of the salience function at every frame are considered as potential
F0 candidates. is gives a multi-pitch representation of pitch over time. Unlike other
sate of the art that aempt to track the melody directly from these peaks, Salamon
and Gomez (Aug. 2012.) group these F0 candidates into groups of smaller pitch con-
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tours. e length of these contours can range from that of a note to that of a small
phrase. Salamon and Gomez (Aug. 2012.) further perform melody selection using
pitch contour characteristics alone to select the pitch contours corresponding to that
of the predominant melody. is work stops at the contour creation step and uses
the candidate pitch contours for further analysis and classification. Since the salience
function gives a multi-pitch representation, the contours obtained from it by grouping
the peaks of the salience function represent the contours from the different sources in
the audio. In this work, the implementation of this algorithm from the essentia library
was used. We further classify these contours into vocal and non-vocal contours and
finally obtain the vocal melody’s pitch contour.

3.4.2 Estimation of Harmonics

In this work, an aempt is made to compute features that represent the timbre of the
source of the candidate pitch contour obtained as described in the previous sub sec-
tion. Taking advantage of the pitch information at hand, for each candidate contour,
a representation of the harmonics over time is extracted using harmonic sinusoidal
modelling. Given a candidate pitch contour, the harmonics of the pitch contour are
extracted from the spectrum of the audio corresponding to the pitch contour. We es-
timate 30 harmonics for every frequency f̂i constituting the pitch contour (i = 1...I ,
where I is the number of samples in a candidate pitch contour). We estimate 30 har-
monics in order to exploit the instability of the vocal pitch at higher harmonics as
compared to other instruments. e estimation of 30 harmonics also enables to dis-
tinguish voice from other instruments due to the spectral brightness of the voice at
higher frequencies lacking in other instruments.

e process of estimating harmonics is illustrated in Figure 3.5. e frequency rep-
resentation of the audio signal is obtained by performing Short time Fourier analysis.
Parabolic interpolation is used for locating the peaks corresponding to the fundaman-
tal f̂i and its harmonics hnf̂i, where hn is the harmonic index and n = 1...30. is
gives a more accurate estimate of the peak locations and amplitudes. Once the har-
monics amplitudes and the corresponding bin frequencies are extracted for every f̂i

in the candidate pitch contour, a representation of harmonic amplitudes over time is
obtained by placing the harmonic amplitudes corresponding to every frame adjecent
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Figure 3.5: Representation of Harmonic Amplitude in Time

to each other without taking into consideration the locations. is is the timbral rep-
resentation we obtain pertaining to the candidate pitch contour. e implementation
of harmonic sinusoidal modelling from SMS tools5 was used in this work. It is from
this representation of the harmonics that all the features characterizing the timbre of
the source of the candidate pitch contour are extracted.

3.4.3 Timbral Feature Extraction

One of the major bole necks in the effective use of timbral dynamics for the classifica-
tion of instruments in polyphonic or heterophonic music was found to be the isolation
of individual instrument spectra and the inability to pay selective aention to them.
V. Rao et al. (2011) propose a method using isolated dominant source spectral represen-
tation to extract features corresponding to the isolated spectra of the lead instrument.
In this work we obtain a representation of the estimated harmonic amplitudes of the
candidate pitch contour over time as a timbral representation of the source of that

5hps://github.com/MTG/sms-tools
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candidate pitch contour from the corresponding audio signal.
Singing differs from several musical instruments in its expressivity, which is shown

in its pitch instability. is work, tries to capitalize on the differing timbral dynamics
in time between voice and the other accompanying instruments. Features representing
the various static and dynamic characteristics of the timbre of the source of a candidate
pitch contour are extracted in this work. We extract static features such as Spectral
Centroid(SC) given by Equation 3.9 and Spectral Energy(SE) given by Equation 3.8.
ese features are extracted not from the spectrum corresponding to the audio but
from the harmonic representation obtained as explained in Section ⁇.

SC =

∑
k

f(k)|X(k)|

Σ|X(k)|
(3.8)

SE =
∑

|X(k)|2 (3.9)

where f(k) and |X(k)| are the frequency and magnitude spectral value of the kth bin.
e work by V. Rao et al. (2011) suggests that the characteristics of the timbre of

the instrument is also captured by studying the temporal variations of the harmonic
amplitudes and that of the static timbral features. us, in this work, we compute
the mean and standard deviation (StD) over time, of the harmonic amplitudes (hmag),
their first order difference(∆hmag), the SC and its first order difference (∆SC). We
also compute the mean and StD of the harmonic bin frequencies (hnf̂i) over time. e
harmonic frequencies are first normalized by harmonic indices (hn) so as to maintain
the same range of variation across harmonics and singers’ pitch ranges. We take the
mean and StD of the harmonic frequencies in the 0-2kHz and 2-5kHz sub bands and
also of the first five harmonics and the first ten harmonics. ese features capture the
pitch instability of the voice which is expected to vary to a greater extent than other
instruments at higher frequencies.

We also compute the Modulation energy ratio (MER) of the spectral centroid. For
computing theMER of the SC, first the DFT of the SC over the duration of the candidate
pitch contour is computed. e MER is the ratio of the energy in the 1-6 Hz region
in this modulation spectrum to the energy in the 1-20Hz region. e MER is given by
Equation 3.10 where |Z(k)| is the fourier transform of the feature vector z(k) (Here,
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z(k) is the spectral centroid). is feature is expected to have a higher value for voice
than for other instruments.

MER =

k6Hz∑
k=k1Hz

|Z(k)|2

k20Hz∑
k=k1Hz

|Z(k)|2
(3.10)

In addition to timbral features, we also extract the features characterizing the pitch
contour which are the features computed in the work by Salamon and Gomez (Aug.
2012.). In thiswork the feature characterizing the vibrato in singing voice from Salamon
and Gomez (Aug. 2012.) is excluded from the featureset since in Karṇāṭik music vi-
brato is not the same as that in western music cultures. e extent of the vibrato in
Karṇāṭik music is variable and in addition to this there are many other ornamenta-
tions called gamakās (see section 1.3). ese ornamentations are an intrinsic part of
the music and not only a characteristic of the singing voice. us the feature does not
provide relevant distinguishing information between vocal and non-vocal candidate
pitch contours. e features that are used in this work, as described in Salamon and
Gomez (Aug. 2012.) are as follows:

• Pit mean : Mean of Pitch of the contour denoted by Cmp

• Pit standard deviation : Standard deviation of the contour trajectory denoted
by Cstdp

• Pit Length : Length of the pitch contour denoted by Clen

• Contour mean salience : Mean salience of all peaks comprising the contour
denoted by Cmssal

• Contour total salience : Sum of salience of all peaks comprising the contour
denoted by Cts

• Contour salience standard deviation : Standard Deviation of the salience of all
peaks comprising the contour over time denoted as Cstdsal

To account for contours which are octave errors that occur due to higher salience
at the harmonic frequencies, we introduce a feature which computes the ratio of the
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harmonic energy of candidate pitch contour to that of its subharmonic pitch contour
(i.e. f̂i/2 (the harmonic peaks of which are determined from the same spectrum). is
energy ratio (HeR) is high for contours which are actual fundamental frequency con-
tours and is low for contours which are octave errors. HeR is formulated in equation
3.11. e features extracted are summarized in Table 3.1.

HeR =
ξ(f̂ ∗)

ξ(f̂ ∗/2)
(3.11)

where ξ is the function computing the Spectral Energy (SE, see equation 3.8) from
the harmonic representation obtained in section 3.4.2 and f̂ ∗ and f̂ ∗/2 are the pitch
contour and its subharmonic pitch contour.

Table 3.1: Timbral Features Computed

Timbral Features Dynamic Frequency
Features

Pitch Contour Fea-
tures

Spectral Centroid
(Mean and StD)

Mean and StD of
Delta Harmonic Bin
Frequencies from 0-2
kHz

Length of Contour

Delta Spectral Cen-
troid(Mean and StD)

Mean and StD of
Delta Harmonic Bin
Frequencies from 2-5
kHz

Mean Pitch of Con-
tour

MER in (1to6Hz /1to
20 Hz) Bands

Mean and StD of Delta
of Harmonics 1 to 5

Mean Salience of Con-
tour

Mean and StD of First
30 Harmonic Ampli-
tudes

Mean and StD of Delta
of Harmonics 6 to 10

Total Salience of Con-
tour

Mean and StD of Delta
of First 30 Harmonic
Amplitudes

Mean and StD of Delta
of Harmonics 1 to 10

StD of Pitch Contour

Harmonic Energy Ra-
tio of contour to its
subharmonic

StD of Salience of
Contour
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3.5. CLASSIFICATION VOCAL/NON-VOCAL

3.5 Classification - Vocal Contours v/s Non-Vocal Con-

tours

is section describes the methodology and the classifiers adpoted for classification
of the candidate pitch contours contours into vocal and non-vocal classes. is work
chooses a classification based approach in order to learn the timbral characteristics of
the singing voice vis-a-vis those of the other instruments. We reiterate the fact that
this work tries to isolate the source to which a candidate pitch contour belongs by
estimating the harmonics from the spectrum of the audio (see Section 3.4.3). We first
perform a feature selection to choose relevant distinguishing features for the task post
which a classification is performed. e details of this classification are described in
this section.

Feature Selection: In order to narrow down on relevant timbral features that distin-
guish vocal and non-vocal characteristics, we perform feature selection on the timbral
features extracted. e feature selection procedure is run only on the timbral features
and features characterizing the static and dynamic properties of the pitch contour and
its harmonic frequencies. e features extracted as given by Salamon and Gomez (Aug.
2012.) are not subject to the feature selection procedure. e machine learning tool
Weka6 was used for this purpose. We used the CfsSubsetEval aribute selection al-
gorithm implemented in Weka for this purpose. e algorithm as described in Weka
states the following, “Evaluates the worth of a subset of aributes by considering the
individual predictive ability of each feature along with the degree of redundancy between
them. Subsets of features that are highly correlated with the class while having low in-
tercorrelation are preferred.” For further details on correlation based feature subset
selection see Hall (1998). A 20 fold cross validation was performed using the CfsSub-
setEval feature selection algorithm and the features selected in all the 20 folds were
chosen for further analysis.

Classification: is work uses five classifiers for classification the details of which
are given in Section 4.2. e features are split into three sets and the three classifiers
were built, one for each feature set using each of the five classifiers. e three feature

6hp://www.cs.waikato.ac.nz/ml/weka/
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sets are 1) Timbral Feature set 2) Pitch Contour Feature set 3) Salamon feature set. e
details of each feature set are given in Section 4.2. Leave one out validation method-
ology was followed in this work. e machine learning tool called sci-kit learn7 was
used for building the classifiers. e details of the cross validation results with the
training dataset are given in section 4.2. Models for classifying vocal and non-vocal
candidate pitch contours are built using the classifiers.

3.6 Post Classification - Contour Selection

In this section, the various steps taken for contour selection aer the classification
of candidate pitch contours into vocal and non-vocal classes are discussed. Given an
audio music recording, the candidate contours are extracted post which feature ex-
traction is done as described in 3.4 and the candidate contours are classified based on
the model built in the classification step of the approach. It has to be noted that even
aer the classification process, it is highly possible that at the same time instant, two
different pitch contours are classified as vocal (see Figure 3.6). us it is not necessary
that we obtain a unique pitch contour aer the classification process.

Figure 3.6: Output of the model with vocal predicted contours

7hp://scikit-learn.org/
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We follow a two step contour selection approach for resolving this issue. First the
tonic pitch of the audio music recording at hand is estimated using the work by Gulati
(2012). e candidate contours are then subjected to a range based on the tonic pitch
in such a way that the contours falling outside this range are discarded. is frequency
range is defined by the vocal range of the musician in music. We have seen that the
tonic is chosen by the lead vocalist according to his/her vocal comfort (see Section
1.3. e tonic pitch is generally chosen such that the vocalist has a vocal reach of one
octave below the tonic pitch to two octave above the tonic pitch (Viswanathan &Allen,
2004). us it is evident from this fact that the candidate pitch contours that surpass
this range of frequencies cannot be vocal pitch contours and hence are rejected. In
order to account for vocal yoodling and other high frequencies we impose a range of
one octave below the tonic pitch to three octaves above the tonic pitch, 0.5 · τ − 3 · τ ,
where τ is the tonic pitch. is setp discards the contours outside the range and reduces
the number of contours simultaneously occurring at the same time instant.

Aer the limiting of the contours by tonic pitch range there may still be cases
where more than contours occur simultaneously at the same time period. As a solu-
tion to this, if two contours occur at the same time instant, the contour which is larger
in length is chosen as that of the vocal melody. is assumption is motivated from the
work of Salamon and Gomez (Aug. 2012.), where it is suggested that the pitch contours
corresponding to melody will be longer than that of the other non melody contours.
In this case the distinction is not made between melody and non-melody contours but
between vocal melody and non-vocal melody pitch contours. e assumption holds
true for our case since the contours of non-vocal melody sources like the violin are
smaller in length than that of the vocal pitch contours when vocal melody is the pre-
dominant melody. us aer these two steps of contour selection, we obtain a single
vocal melody pitch contour for the audio music recording at hand. e pitch contour
obtained aer contour selection is shown in Figure 3.7.
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Figure 3.7: Final Pitch contour aer the Contour Selection process
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Chapter 4

Experiments, Evaluation and Results

In this chapter, we describe the experiments that have been conducted in the course
of this work and the results obtained. We perform an evaluation of the system and
also propose a musically meaningful way for evaluation of this task, especially when
working with musics which are replete with ornamentations. e following section
describes the datasets used for training and testing in detail.

4.1 Database - Train and Test

Train Data: e audio data used in is work consist of 4 hours of audio music recordings
comprising ten male artists, ten female artists and three recordings of violin solos. is
data is a subset of a carefully compiled diverse representative collection of Karṇāṭik
music for the CompMusic project1. e recordings are chosen from different concert
albums to create a representative dataset. e vocal timbre in the recordings range
from a rich barritone voice to a high pitched voice to cover different singing voice tim-
bres. e audio recordings are 160 kbps stereo MP3 recordings converted to mono wav
audio files at 32 bit with a 44.1 kHz sampling rate. e violin recordings are included
in the data to represent the violin accompaniment in the vocal concert recordings. For
each audio music recording, the number of candidate pitch contours are high in num-
ber. e vocal concert audio recordings contain violin accompaniment due to which
there are some candidate contours in each vocal concert audio recording belonging to

1hp://compmusic.upf.edu/corpora
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violin. We also observed that choosing a large number of violin recordings leads to
overfiing the system towards violin contours. Hence in order to ensure a balanced
number of instances for the vocal and non-vocal classes, we choose only three violin
solo recordings as against 20 vocal concert recordings. is data will be referred to
as TrainDataMix in the following sections. All the recordings in the dataset Train-
DataMix have been annotated for regions where the F0 contour for the vocal melody
has been tracked accurately as mentioned in section 3.3. Not all regions where the
vocal melody pitch contour was tracked accurately were annotated but a representa-
tive number of segments were annotated. Figure 4.1 gives details about the annotation
process and the details about the dataset. e annotations were performed by a pro-
fessional musician aer keen observation and listening to each and every recording
using the audio visualising and analysis tool Sonic Visualiser2. Figure 4.2 shows the
interface along with some annotations for beer understanding. e candidate pitch
contours in these annotated regions are used for training and building models.

Figure 4.1: Training Data

Test Data: e test data for this work comprises a representative set of seven audio
music recordings belonging to the same collection from which the TrainDataMix data

2www.sonicvisualiser.org
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Figure 4.2: Sonic Visualiser interface with Annotations

was chosen. ese seven recordings were restricted to 10 minutes each for unifor-
mity of time and pitch contour length and also to facilitate the ground truth creation
process. e dataset were in the form of 160 kbps stereo MP3 and were converted to
monowav audio files at 32 bit with a 44.1 kHz sampling rate. For each of the recordings
features were extracted as described in section 3.4. is dataset which will be called
TestDataMix in the following sections comprises four male artists and three female
artists.
Ground Truth: For the extracting the ground truth pitch contours of the vocal melody
for the TestDataMix we acquired the monophonic tracks of the vocals from multi-
track recordings of the final commercial mix from the record label Charsur3 under the
premise that the content cannot be shared openly. Since these recordings are a part of
different live concert recordings the vocal mono tracks have a mild leakage from the
other channels belonging to the accompaniments. Ignoring this leakage, pitch was ex-
tracted for these mono track recordings using the semi-supervised algorithm proposed
by V. Rao and Rao (2010) called PolyPDA. is algorithm is a salience based pitch de-
tection algorithm which uses the TwoWay Mis-Match error for designing the salience
function. e algorithm demands the wav files to be sampled at a rate of 16kHz and

3www.charsur.com
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hence the audio music recordings of TestDataMix were downsampled to 16 kHz us-
ing the audacity audio analysis tool4. A 30ms window was used for analysis of audio
recordings of female artists and a 40ms window was used for analysis of audio record-
ings of male artists with a common hop size of 10ms. ere were unvoiced regions in
the recording for which the algorithm had erroneously estimated a finite pitch. Also
due to the leakage from other channels, there was pitch estimated in some of the in-
strumental regions where the leakage was loud enough to have high salience. us
the pitch contours obtained from the output of this algorithm were then manually cor-
rected for these errors by a professional musician. Details of the PolyPDA algorithm
are dealt with in (V. Rao & Rao, 2010).

4.2 Classification Experiments and Results

is section details the Classification experiments and the results obtained. As men-
tioned in Section 3.5 feature selection was performed on the computed timbral fea-
tures in order to choose relevant distinguishing features highlighting the differences
between the timbral characteristics of vocal and non-vocal candidate pitch contours.
e CfsSubSetEval algorithm in the machine learning tool Weka5 was used with a 20
fold cross validation (See Section 3.5). Features selected in all the 20 folds of the ex-
periment were chosen for further analysis. e selected features are given in Table
4.1.

e selected features were then used for classification of the candidate pitch con-
tours. We used five classifiers for this experiment. ey are listed below:

• Support vector machine (SVM) classifier with a radial basis function kernel.

• K- Nearest Neighbor (KNN) Classifier with 5 nearest neighbors.

• L2 Norm Regularized Logistic Regression (LogReg) Classifier.

• Decision Tree Classifier.

• Random base-line classifier.
4hp://audacity.sourceforge.net/
5hp://www.cs.waikato.ac.nz/ml/weka/
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Table 4.1: Features Selected, HP - Harmonic Power, StD - Standard Deviation, SC - Spectral
Centroid, MER - Modulation Energy Ratio

Timbral Features Pitch Contour Features
(Salamon et al.)

Mean Delta HP1, StD HP2,
StD HP3, Std of Delta of
HP14, HP16, HP22, HP24,
Mean SC, MER-SC, Mean,
Median, StD of Harmon-
ics from 2kHz - 5kHz and
the 6th to 10th harmonics,
Harmonic Energy Ratio.

Length of Pitch, Mean
Pitch, Total Salience,
Mean Salience, StD of
Salience, StD of Pitch.

For this experiment, we combine the features selected into three feature sets, e
Timbral Feature Set, Salamon et al. Feature Set and the Combined Feature Set. e
Combined Feature Set is a combination of the features in the first two feature sets.
e classification problem is a two class problem of the candidate pitch contour either
being vocal or non vocal. e vocal contours were labelled with numeric class 1 and
the non-vocal contours were labelled with numeric class 0. A leave one out method of
cross validation was adopted in order to ensure generalization of the approach. In this
method of crossvalidationwemake sure that in every fold, the candidate pitch contours
pertaining to a particular audio music recording are exculded from the training feature
set and are used for testing. e results of the classification for each of the classifiers
used are detailed in Table 4.2. From the Table 4.2 we can see that the SVM classifier
performs best for all the three FeatureSets. Hence we choose SVM for building the
classifier models. Since the number of instances of both the classes were not equal, we
build 10 models in this work by randomly sampling the training set 10 times to balance
the number of instances of each class in every iteration. Given an audio recording,
all its instances were tested against each of the 10 models. A majority voting was
performed on the outcomes of the 10 models for each instance and its outcome was
decided to be the predicted class of that instance.
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Table 4.2: Results of the classification experiment with five classifiers across three
datasets.

FeatureSet KNN Tree LogReg SVM Random
Timbral Features (T) 88.70 87.10 83.60 90.40 49.90

Salamon et al. Features (P) 86.60 84.20 82.40 87.00 50.30
Combination (T + P) 88.70 88.70 84.50 89.70 50.00

4.3 Evaluation

Post the classification using the models built, the candidate contours predicted as vocal
contours are subjected to the vocal contour selection process as described in Section
3.6. e final vocal melody pitch contour obtained is subject to evaluation against
the ground truth pitch contours obtained as mentioned in Section 4.1. e evaluation
measures used are described in the subsection that follows.

4.3.1 Evaluation Measures

In this subsection, we discuss the evaluation measures used for evaluation of the sys-
tem proposed in this work. e evaluation measures used are the same as those dit-
cated by MIREX, an evaluation campaign in the field of Music Information Retrieval.
ese measures were first used in MIREX 2005 (Poliner et al., 2007) and have since
then become the de facto set of measures for evaluating melody extraction algorithms.
ese evaluationmeasures are based on frame based comparison of the estimated pitch
contour with the ground truth.

Let the algorithm’s estimated melody pitch contour be represented by a unidimen-
sional vector f, and the ground truth pitch contour sequence by f ∗. Let the voicing
indicator vector be defined as v where the τ th element takes the value vτ = 1 when
the algorithm estimates the τ th frame to be voiced (i.e. it estimates the melody to be
present in this frame), with corresponding ground truth v∗. We also define an “unvoic-
ing indicator” vτ = 1 - vτ . In this work, the frame is considered to be unvoiced if the
fτ = 0 for the τ th frame. e measures are defined as follows:

• Voicing Recall Rate: e proportion of frames labelled as voiced in the ground
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truth that are estimated as voiced by the algorithm:

Recvx =
Στvτv

∗
τ

Στv∗τ
(4.1)

• Voicing False Alarm Rate: e proportion of frames labelled as unvoiced in the
ground truth that are mistakenly estimated as voiced by the algorithm:

FAvx =
Στvτv∗τ
Στv∗τ

(4.2)

• Raw Pit Accuracy: e proportion of voiced frames in the ground truth for
which fτ is considered correct (i.e. within the threshold of f ∗

τ ):

Accpitch =
Στv

∗
τT [C(fτ − C(f ∗

τ )]

Στ ∗τ
(4.3)

where τ is a threshold function defined by:

T [a] =

1, if |a| < λ

0, if |a| ≥ λ
(4.4)

where λ is the deviation of the estimated frequency value from the ground truth
in cents. C is a function that maps a frequency value in Hz to a perceptually
motivated axis where every semitone is divided into 100 cents, thus expressing
the frequency value as a real valued number of cents above a reference frequency
fref .

C(f) = 1200 · log2
(

f

fref

)
(4.5)

• Overall Accuracy: is measure combines the performance of the pitch esti-
mation and voicing detection tasks to give an overall performance score for the
system. It is defined as the proportion of all frames correctly estimated by the
algorithm, where for unvoiced frames this means the algorithm labelled them as
unvoiced and for voiced frames the algorithm both labelled them as voiced and
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provided a correct f0 estimate for the vocal melody.

Accoverall =
1

L

∑
τ

v∗τT [C(fτ − C(f ∗
τ )] + v∗τvτ (4.6)

where L is the total number of frames.

Note that all the measures have a worst case of 0 and the best case of 1 except for
voicing false alarm rage FAvx where 0 represents the best case and 1 the worst case.
e performance of the algorithm on the entire music collection for a given measure
is obtained by averaging the per-excerpt scores for that measure over all excerpts in
the collection.

4.3.2 Glass Ceiling Analysis

e best performance that we can obtain using this system is as good as the best per-
formance of the State of the Art algorithm which is used to obtain the candidate pitch
contours. In this glass ceiling analysis we obtain the best possible pitch contour from
the candidate pitch contours by directly comparing them with the ground truth for
each song in TestDataMix dataset (see Section 4.1). e results of the Glass Ceiling
are given in Table 4.4 in the first row. One can observe that eventhough the system’s
performance is behind the Glass Ceiling performance by a large extent, the Glass Ceil-
ing performance however is not 100%. is is due to the fact that the performance of
the algorithm proposed by Salamon and Gomez (Aug. 2012.) is not a 100%. e glass
ceiling results of the overall accuracy reported by Salamon and Gomez (Aug. 2012.)
are 84%, 85% and 83% on the ADC2004, MIREX05 and MIREX09 datasets respectively.
e glass ceiling results reported in this work using the same methodology is 91.51%
overall accuracy on the TestDataMix dataset described in Section 4.1. is is possi-
ble given the argument that the music dealt with in the work by Salamon and Gomez
(Aug. 2012.) is polyphonic and has a larger number of instruments as compared to
Karṇāṭik music, which is heterophonic and has lesser number of instruments. An im-
provement in the algorithm for estimation of the candidate pitch contour will push the
Glass Ceiling performance along with that of the system proposed in this work.
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4.3.3 Evaluation Results and Adaptive reshold

Evaluation of the final pitch contour corresponding to the vocalmelody extracted using
the system proposed in this work is performed against the ground truth pitch contours
corresponding to the vocal melody curated as described in Section 4.1. e results of
the Evaluation are given in Table 4.3.

Table 4.3: Evaluation Results in Percentage

Type of Con-
tour

Raw Pit
Accuracy

Voicing Ac-
curacy

Voicing
False Alarm

Overall Ac-
curacy

Glass Ceiling 88.64 90.89 0.17 91.00
Contour-
Timbralfeat

79.48 84.57 12.83 81.18

Contours-
Salamonfeat

77.40 83.48 13.30 79.38

Contour-
Combinedfeat

79.67 84.83 13.59 81.13

State of the art
(Salamon et al.)

74.82 81.11 25.22 73.94

e results given in Table 4.3 are misleading to an extent. e condition suggested
by the MIREX standards for evaluation of pitch contours is that the estimated pitch
at a given time is correct if it is within one quartertone of the ground truth pitch at
the same time instant, one quartertone being 50cents. us if the estimated frequency
ˆfest(ti) is within ±50cents of the ground truth frequency f̂gt(ti) it is considered to
be accurate. e MIREX campaign deals majorly with western music genres and this
threshold is set considering the paradigm of western music genres. However for non-
westernmusic, this thresholdmay not hold true. Especially for Indian art music, which
is replete with ornamentations involving a large number of inflexions, this threshold
for evaluation fails.

An experiment was conducted to justify this claim. As detailed earlier (see Section
4.1), the ground truth pitch for evaluation is prepared first by extracting pitch for the
monophonic vocal audio music track using the PolyPDA algorithm (V. Rao & Rao,
2010) which was then manually corrected by a professional musician. us the ground
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truth pitch is subject to discrepencies that occur due to change in parameters while
extracting pitch using the PolyPDA algorithm. us these discrepencies affect the
accuracies in evaluation to a very small extent thus providing misleading results.

Monophonic recordings of two small snippets by a professinal Karṇāṭik musician
are used for this experiment. e pitch for these recordings are extracted using the
PolyPDA algorithm with window sizes of 30 ms and 46 ms for analysis. Figure 4.3
shows the extracted pitch using PolyPDA, the green pitch contour extracted using a
30 ms analysis window and the red pitch contour extracted using a 46 ms analysis
window in both the snippets. e figure also shows the absolute difference between
the two pitch contours extracted using different analysis window lengths. One can
observe that in the regions with large ornamentations or inflexions ranging more than
50 Hz, the difference between the pitch contours extracted using two different analysis
windows is more than 80 cents. e value of the difference crosses 100 cents in some
regions. us if these pitch contours were subject to the same evaluation conditions
and thresholds as suggested by MIREX the algorithm would fail in regions with highly
varying ornamentations. One can infer from this that when the difference in values
of pitches occurring between the pitch contours obtained from the same algorithm
with different analyses window sizes is not fiing the conditions proposed by MIREX
for evaluation, those belonging to some other algorithms when compared with the
ground truth extracted from a third algorithm and curated manually, will not fit the
condition, thus providing misleading results. us in order to accommodate for this
anomalie, this work proposes an adaptive threshold based on the difference between
the frequency values of consequitive pitch values. is adaptive threshold takes into
account the extent of variation in pitch between consequitive frames thus considering
the extent of variation in the ornamentation. e formula for the adaptive threshold
is given in Equation 4.7 where df0 and dmax are the first order difference in pitch and
the maximum difference respectively.

λ = 50 + 50 ∗
(

df0
dmax

)
(4.7)

e parameter dmax is set according to the musical characteristics of Indian art
music and also by taking an engineering decision aer analysing the maximum differ-
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Figure 4.3: Pitch contour for two monophonic recordings of ornamented phrases for
30ms and 46ms window.

ences in frequencies that occur between consequitive frames of the seven ground truth
pitch contours obtained before (see Section 4.1). For this work, the paramter dmax is
set at 400 cents which implies that if the difference between the present frame and the
previous frame crosses 400 cents, then the threshold for evaluation will be set to 100
cents which is one semitone. e threshold, until then will be weighted by the ratio
of the df0 to that of the parameter dmax. is parameter will be different for differnet
music traditions. e evaluation results aer adaptive thresholding have been given
in Table 4.4. We see an improvement in the accuracies eventhough the difference in
the previous results and the ones aer adaptive thresholding is small (see Tables 4.3 &
4.4).

4.4 Discussions

In this section we analyze the results obtained on the test data TestDataMix using the
proposed approach. e evaluations are carried out with the standard MIREX evalua-
tionmeasures as discussed in Section 4.3. e resultswith andwithout adaptive thresh-
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Table 4.4: Evaluation Results in Percentage with Adaptive resholding

Type of Con-
tour

Raw Pit
Accuracy

Voicing Ac-
curacy

Voicing
False Alarm

Overall Ac-
curacy

Glass Ceiling 89.20 90.89 0.17 91.51
Contour-
Timbralfeat

80.00 84.57 12.83 81.57

Contour-
Salamonfeat

77.89 83.48 13.30 79.76

Contour-
Combinedfeat

80.18 84.83 13.59 81.53

State of the art
(Salamon et al.)

75.18 81.11 25.22 74.22

olding as suggested in Section 4.3 are provided in Tables 4.4 and 4.3 respectively. One
can observe that the difference in values of the various evaluation measures before and
aer adaptive thresholding is in the range of 0.5% to 1%. e reason for the difference
in accuracies being very small is that the pitch contour being evaluated is subjected to
an adaptive threshold only in regions where the condition that the difference between
frequencies of consequetive frames is more than 400 cents in this work. is condition
is satisfied in regions that have heavy ornamentations. Such regions are interspersed
with the non-ornamented regions in an almost equal proportion (Krishna & Ishwar,
2012). us the number of such ornamented regions is not as significantly large that
it would make a very large and significant difference to the accurcies. Nevertheless, it
provides a more musically meaningful evaluation methodology.

e evaluation is carried out using three feature sets, the first being only timbral
features (Contour - Timbralfeat), the second being the same features as extracted in
the work by Salamon and Gomez (Aug. 2012.) and the third being a combination of
the first two. e final row in the Tables 4.3 and 4.4 correspond to the results ob-
tained by subjecting the audio music recordings in TestDataMix dataset to the state
of the art predominant melody extraction algorithm proposed by Salamon and Gomez
(Aug. 2012.). We can see that for all feature sets, the proposed algorithm in this work
performs beer than the state of the art for this task. We can see that the usage of clas-
sification based technique for the task of vocal melody pitch extraction with the same
features as extracted by Salamon and Gomez (Aug. 2012.) itself gives an improvement
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(80 %, 77.89 %, 80.18 % raw pitch accuracy with the three featuresets, Table 4.4)over
the state of the art (75.18 % raw pitch accuracy, Table 4.4). We can see that the raw
pith accuracy of the proposed approach using the features extracted by Salamon and
Gomez (Aug. 2012.) is practically the same as that obtained using the state of the art
whereas that using the other two featuresets has improved by almost 5 %.

One can also observe that the overall accuracies using the proposed approach with
all the three featuresets is giving almost a 6 % improvement than the state of the art.
is is majorly due to the large improvement in the voicing false alarm that is obtained
using the proposed approach. One can observe that the false alarm rate using the
approach proposed in this work (12.83 %, 13.30 %, 13.59 %) is almost 50 % lesser than
that of the state of the art (25.22 %). is is due to the fact that for the proposed
approach the instrument regions are taken to be unvoiced in the ground truth since the
ground truth is extracted only for the vocal melody. e state of the art is an algorithm
which estimates the predominantmelody at a given instant of timewhich does not take
into account the presense or absence of an instrument. Due to the presense of more
than one melodic sources in heterophonic music the algorithm estimates pitch also in
the instrumental regions where the conditions for it being a predominant melody are
satisfied irrespective of the timbre of the instrument. is increases the voicing false
alarm rate given by the state of the art (Salamon & Gomez, Aug. 2012.) with respect
to the task of vocal melody pitch extraction.

One can also observe from Table 4.4 that the combining of the timbral featureset
and the Salamon et al. featureset has not brought about a significant improvement
in results. is shows that the timbral characteristics dominate the classification of
candidate pitch contours into vocal and non-vocal classes. e assumption was that a
combination of timbral features along with features characterizing the pitch contour
will aid the extraction of pitch for the singing voice along with it being characterized
as predominant melody since the features extracted by Salamon et al. were designed
for characterizing pitch contours as melody and non-melody contours. But the timbral
features are highly sensitive since they are extracted from the harmonic amplitudes and
bin frequencies and hence dominate the combination of features giving almost similar
results for the proposed approach using both just timbral features and the combination
of timbral features and Salamon et al. features.
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Chapter 5

Concusion and Future Work

In this final chapter, we summarize the work of this thesis. We draw conclusions and
inferences from the results obtained. We also discuss issues which are to be resolved
and present some suggestions for future work.

5.1 Summary of the work

We started with a brief introduction to how the culture specific aspects and a thorough
understanding of the music being studied through computational methods is impor-
tant and relevant for Music Information Retrieval. We then introduce the task of this
thesis which is extraction of pitch of the vocal melodies from heterophonicmusic audio
recordings. Later we illustrate the motivation for doing this task and define a definite
set of goals pertaining to the research work. We also provide definitions and explana-
tions for certain terminology, a basic understanding of which is required for this work.
Since this work uses Indian Art music as a test case, we give an overview of the music
tradition and go on to illustrate the key aspects required for a basic comprehension of
the music.

We have reviewed the main audio features, techniques and works relevant to the
computational analysis of the melodic aspect of music and timbral analysis of music
signals. e state of the art pertaining to computational analysis of Indian art music is
first reviewed in order to obtain an idea about the complexity involved and reiterate the
importance of predominant vocal melody in the various tasks taken up for research.
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We then studied the state of the art with pertaining to prefominant melody extraction.
For knowledge about characterization of the singing voice and to have a background
knowledge about the features used for the characterization of singing voice, we review
the state of the art pertaining to singing voice detection. We review in detail the various
features used for the characterization of singing voice which are relevant to the task
we have taken up for research.

We proposed and implemented a classification based approach for extraction of
the pitch of vocal melody in this work. We have given a detailed explanation of the
approach, the motivation behind the approach and all the implementation details. We
have evaluated the approach on a decently sizeable database and have obtained good
accuracies following this approach. We have also proposed a novel evaluationmethod-
ology which is musically meaningful in that it takes into account the properties of the
music at hand. We finally present a discussion of the various results obtained and have
tried to give plausible justifications for the results obtained following the proposed ap-
proach.

5.2 Conclusions

e state of the art predominant melody extraction algorithm have been designed ma-
jorly for western music genres. From the state of the art review done in this work,
we learn that subjecting non-western music to the state of the art algorithm as if it
were a general melody extraction algorithm yields results that are erroneous. It is also
seen that predominant melody is a representation that is widely used for many appli-
cations. us it is important that the musical and cultural characteristics be included
in the design of melody extraction algorithms for beer results.

In this work, we have first carried out a case study in which we have extracted pre-
dominant melody for two excerpts of Karṇāṭik music and analysed the various errors
that were made by the algorithm. A detailed analysis of the errors is performed. e
analysis enlightens the various errors possible in the extraction of the pitch of vocal
melodies using the current state of the art. Post this study, we propose an approach
for extraction of pitch of the vocal melody. Aer a brief overview of the method we
delve into the details of the approach at hand. We first extract candidate pitch contours
using the salience based state of the art proposed by Salamon and Gomez (Aug. 2012.).
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On obtaining the candidate pitch contours, a representation of the isolated har-
monic spectrum pertaining to the source of the pitch contour is obtained. From this
representation, timbral features characterizing the source of the candidate pitch con-
tour are extracted. We also describe the feature extraction process for the pitch contour
characterization proposed by Salamon and Gomez (Aug. 2012.). We then describe the
classification of these candidate pitch contours into vocal and non-vocal classes based
on models built aer learning the distinguishing characteristics of the singing voice
from the heterophonic mix using the timbral and pitch contour features extracted. e
classification results reveal that Support Vector Machines or similar classifiers yield
good results in classification of timbral features. A large amount of representative data
is required so that the approach does not bias itself towards the recording conditions.
Most importantly we then illustrate the contour selection steps in which the music
specific aspects are used for filtering out false positives and obtaining the final pitch
contour corresponding to the vocal melody. We use the tonic pitch (the fundamental
aspect of Indian art music) as a quantity to design a filtering method which discards
the false positive candidate pitch contours. e approach was evaluated on seven un-
seen audio music recordings and a novel evaluation methodology was proposed which
takes into account the property of the music being analysed. An adaptive threshold
is designed in order to incorporate the high variation in pitch at transcient regions of
heavy ornamentations. Eventhough the results show only a minor improvement in
accuracies, this gives a more musically meaningful evaluation. is shows us that for
music traditions with heavy ornamentations and inflexions it is important to take into
account the discrepencies that occur in the process of formation of the ground truth
for evaluation.

e work persented in this thesis is primarily from a computational point of view.
We plan to include more knowledge about the timbre of singing voice from the point
of view of spectral shapes and also from the point of view of timbre perception and
cognition of a human listner since melody is a perceptive property.

5.3 Open Issues for Future Development

While we have achieved the goals set for this work, there are a number of issues which
are unresolved and require further investigation. is sections lists out some of the
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interesting issues which could yield more robust results if resolved.

• Source Separation: Eventhough we surpass the state of the art with respect to
evaluation measures, there still are false positive candidate pitch contours the
timbral properties of which are confused with that of the voice (example: certain
violin phrases in the lower register). One of the possible solution for this issue
is subjecting the heterophonic mix to source separation in order to separate out
the singing voice from the mix.

• Spectral Shape: e spectral shape of the human voice is very unique and differs
from that of other instruments. It has also been proven that the singing voice
has characteristics specific to it that distinguish it from other instruments. One
of the possible ways to exploit this property of the voice is to extract the spectral
shape of the singing voice from the heterophonic mix. Due to the change in the
shape of the vocal tract in the process of singing, the spectral shape is expected
to change in time where as that of other instruments are expected to remain
constant through out. is dynamic property of the spectral shapes of the voice
vis-a-vis that of the instruments is a viable feature for this task.

• Perceptual Studies: Studies pertaining to human perception and how in the cog-
nitive domain the human brain distinguishes between different timbres must be
performed for this task. is would aid in the separation of the singing voice
and also provides a baseline for the amount of audio data required to match the
human performance.

• Musical Influences: It is very important to consider the type of vocalization
involved in different types of music for this task. is would help in design-
ing features specific to the usage of singing voice in a particular type of music
which would help in beer distinguishing the singing voice from other instru-
ments. is also aids in resolving issues with respect to instrument-vocal timbre
confusions by paying aention to the properties of the voice under certain music
specific circumstances.
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5.4 Contributions

is section summarizes the relevant contributions associated with the work done dur-
ing the course of this thesis.

• Review of the relevant works and techniques pertaining to the extraction of pitch
of the vocal melody in heterophonic audio music recordings.

• A novel classification based approach for vocal melody pitch extraction by com-
bining the salience based pitch extraction methods with timbral properties of the
singing voice.

• Compiling of a comprehensive and representative training data set of about 4
hours with annotations for the task of vocal melody pitch extraction 1.

• A manually curated ground truth of the pitch of the vocal melody for 70 minutes
of audio music recordings of Karṇāṭik music2.

• A novel evaluation approach using adaptive thresholding for musically mean-
ingful evaluation of the task at hand.

1link to dataset page
2link to ground truth pitch data
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Karṇāṭik Music

ālāpana: An unmetered melodic improvisation
Karṇāṭik: is an art music tradition of India
gamakā: Ornamantation in Indian art music
gāyakī: A style of playing emulating the vocal qualities
mr̥daṅgaṁ: e primary percussion accompaniment
rāga: e melodic framework of Carnatic music
Ṣaḍja: Musical note Carnatic music
tāḷa: e rhythmic framework of Carnatic music
varṇaṁ: A musical form in Carnatic music
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